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Abstract

Background: Chronic obstructive pulmonary disease (COPD) is an inflammatory lung disease with associ-

ated systemic effects.

Objective: To use gene expression microarrays in peripheral blood leukocytes of current and former cigarette

smokers to identify differences associated with COPD.

Materials and methods: Random forest modelling and a split-sample case—control approach were used to

identify candidate predictors.

Results: We identified 1013 genes and one smoking exposure variable that differentiated current and former
smokers with or without COPD. This predictor set was reduced to a nine-gene classifier (IL6R, CCR2, PPP2CB,

RASSF2, WTAP, DNTTIP2, GDAP1, LIPE and RPL14).

Conclusion: These gene expression profiles represent potential biomarkers for COPD and may help increase

mechanistic understanding of the disease.
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Introduction

Chronic obstructive pulmonary disease (COPD) is
predicted to become the third leading cause of death
worldwide by 2020 (Mannino & Braman 2007), and ciga-
rette smoking is widely recognized as its primary envi-
ronmental causative factor. The pulmonary component
of COPD is primarily characterized by airway inflamma-
tion and incompletely reversible and usually progres-
sive airflow obstruction (Barnes et al. 2003, Barnes 2003,
Rabe et al. 2007). The pathophysiological mechanisms of
COPD are thought to include an imbalance between pro-
tease and antiprotease activity in the lung, dysregulation

of antioxidant activity and chronic abnormal inflamma-
tory response to long-term exposure to noxious gases or
particles leading to the destruction of the lung alveoli
and connective tissue (Barnes et al. 2003, Barnes 2003,
Rabe et al. 2007). However, COPD may be best character-
ized as a syndrome associated with significant systemic
effects that are attributed to low-grade, chronic systemic
inflammation (Agusti & Soriano 2008, Agusti et al. 2003,
Fabbri&Rabe 2007, Rahman et al. 1996).

The opportunity to sample target tissue in order to
study disease, such as lung in COPD, is often limited
by the invasiveness of the procedures involved. Despite
this difficulty, multiple groups have been successful
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in differentiating subjects with emphysema or COPD
from control subjects using gene expression microarray
analysis in lung tissue (Bhattacharya et al. 2009, Golpon
etal. 2004, Ning et al. 2004, Pierrou et al. 2007, Spira et al.
2004, Wang et al. 2008). However, more readily accessible
circulating leukocytes share more than 80% of the gene
expression profile, or transcriptome, with many target
tissues, including lung (Liew et al. 2006). In recent years,
increasing evidence has shown that peripheral blood leu-
kocytes (PBLs) can be used as target tissue ‘surrogates’
that accurately reflect disease or risk of disease (Mohr
&Liew 2007). PBLs have been successfully used to iden-
tify gene expression differences associated with several
inflammatory or autoimmune diseases, including asthma
(Hansel et al. 2005), multiple sclerosis (Achiron&Gurevich
2006), systemic lupus erythematosus(Qing &Putterman
2004), pulmonary arterial hypertension (Bull et al. 2004),
rheumatoid arthritis (Bovin et al. 2004) and osteoarthri-
tis (Marshall et al. 2005). As shown by these studies, the
generation of high-throughput data from PBLs may aid
in the pathophysiological or mechanistic understanding
of disease, as well as result in potential novel biomarkers
for disease or disease risk.

The goal of the present study was to use cDNA microar-
ray data to identify genes differentially expressed in PBLs
between adult current and former cigarette smokers with
or without COPD. In a case-control training set clearly
defined by spirometric criteria, random forest statistical
modelling was used to generate a list of variables that pre-
dicted COPD classification. This list was then subjected to
a L penalized logistic regression model to create a more
parsimonious set of variables. Both lists were assessed
in a case-control test set of subjects whose spirometric
values more closely bordered the diagnostic cut-off value
for COPD. The identified genes were analysed for their
ontology assignment and pathway involvement. The gene
expression profiles identified in this study have potential
as novel biomarkers for COPD and may provide insight
into disease mechanisms.

Materials and methods

Study design and subjects

The COPD Biomarker Discovery Study (CBD) was a
cross-sectional study at the University of Utah to identify
novel diagnostic, prognostic or therapeutic biomarkers of
COPD in adult current or former cigarette smokers. The
University of Utah Institutional Review Board approved
the study protocol, and all subjects provided written
informed consent. Male and female self-reported cigarette
smokers, aged 45 years or older, with at least 10 pack-years
smoking history were recruited from the University Health
Sciences Network of local clinics and hospitals and from

community physician offices. COPD was diagnosed in
300 subjects according to the Global Initiative for Chronic
Obstructive Lung Disease (GOLD) spirometric guidelines
as having a ratio of forced expiratory volume in 1 s (FEV,)
to forced vital capacity (FVC) <0.70 (Rabe et al. 2007).
The control group included 425 sex- and age-matched
(using 10-year bands), current or former cigarette smok-
ers, without apparent lung disease who had FEV /FVC
>0.70 and were recruited from the same clinical set-
tings. Individuals who had recent exacerbation of COPD,
uncontrolled angina, hypertension or allergy to albuterol,
and female subjects who were pregnant or lactating were
excluded. Demographic variables, respiratory symptoms
and medical history, tobacco use history and concomitant
medications were assessed. Pack-years were calculated as
(maximum average number of cigarettes smoked daily over
total smoking history/20) x (total years smoking). Body
weight and height were measured. Spirometry was per-
formed with a rolling seal spirometer by certified pulmo-
nary function technicians according to American Thoracic
Society guidelines (Miller et al. 2005). Measurements of
FEV, and FVC were made before and at least 20 min after
inhaled bronchodilator administration (albuterol 180 pg).
The FEV,/FVC ratio was calculated for each subject from
the highest post-bronchodilator values of FEV, and FVC. A
blood sample was collected for assessment of carboxyhae-
moglobin (COHb) and complete blood cell counts.

A whole blood sample was also obtained for assess-
ment of gene expression in PBLs in a subgroup consist-
ing of the first 142 subjects enrolled in the study (81 with
COPD and 61 unaffected controls). A power calculation
supported this sample size. An extreme discordant phe-
notype design (Zhang et al. 2006), based on the FEV,/FVC
ratio, was used to select a training set for gene expres-
sion profiling in order to stratify maximally the case and
control subgroups. Of the 142 subjects, 36 were clearly
classified as having COPD (FEV /FVC <0.60), and 36 were
clearly classified as unaffected controls (FEV, /FVC >0.75)
(Figure 1). Three COPD patients and two controls were
excluded from the analyses due to missing key data, for
a final training set of 67. The remaining 70 subjects with
FEV,/FVC values of 0.60-0.75 were used as the test set.
One COPD patient was excluded due to missing key data,
leaving 69 in the final test set.

Blood sample collection and processing

Whole blood samples were obtained from each subject
by venipuncture using 10ml EDTA Vacutainer® tubes
(BD, Franklin Lakes, NJ, USA). COHb, haemoglobin,
haematocrit and total and differential leukocyte counts
were measured at ARUP Laboratories™, a national
CLIA (Clinical Laboratory Improvement Amendments
of 1988)-certified reference laboratory (Centers for
Medicare & Medicaid Services 1992). Isolation of PBLs
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Figure 1. Study flow diagram. Due to the inability of the random forest algorithm to handle missing values among the predictor variables, four
additional subjects with missing data were excluded from the test set for the random forest model (n=65) compared with the test set for the

L,-penalized logistic regression model (n=69).

was carried out using the LeukoLOCK™ Total RNA
Isolation System (Ambion, Inc., Austin, TX, USA) follow-
ing the manufacturer’s protocol. Briefly, after isolation
of PBLs, the filter was flushed with 3ml of phosphate-
buffered saline, to remove residual red blood cells, and
then with RNAlater®, to stabilize the leukocyte RNA and
frozen at -20°C until processing for RNA. RNA isolation
was then carried out using the mirVana™miRNA Isolation
Kit (Ambion, Inc., Austin, TX, USA). The LeukoLOCK™
filter was flushed with 2.5ml of mirVanamiRNA Lysis
Solution, and the lysate was collected in a 15-ml conical
tube. Then mirVanamiRNA homogenate additive (one-
tenth volume) was added to the cell lysate. A volume of
acid-phenol:chloroform, equal to the lysate volume, was
used to flush the LeukoLOCK™ filter and collected into
the same 15-ml conical tube as the lysate. The tube was
shaken vigorously for 30 s and stored for 5min at room
temperature. The samples were centrifuged for 10 min
at 10 000 g (maximum) in a table-top centrifuge. The

aqueous phase was transferred into a new tube, mixed
with 1.25 volumes of room-temperature 100% ethanol,
and the mixture was filtered through the filter cartridge
into the collection tubes supplied with the kit. The iso-
lated RNA was then washed and eluted following the
standard steps described in the kit's manual. Quality
of the isolated RNA was checked using the Agilent 2100
Bioanalyzer (Agilent Technologies, Inc., Santa Clara, CA,
USA) before use and storage at -80°C.

Microarray data acquisition

Statistical procedures and analysis involved in preproc-
essing and identifying differential expression of micro-
array data were performed using Bead Studio® v3.0.14
(llumina Inc., San Diego, CA, USA) and R-2.6.1 software (R
Development Core Team 2007). cRNA from each sample
following RNA isolation was hybridized to Sentrix® Human
WG-6 BeadChips (Illumina Inc.). Hybridized BeadArrays™
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were examined with respect to number of genes detected,
average intensity, 95th percentile of signal intensity, signal-
to-noise ratio and background signal intensity as a means
of assessing quality. For each quality control (QC) meas-
ure, the BeadArray statistics were plotted and the mean +3
standard deviations were overlaid on the plot as a method
for identifying potentially outlying arrays. All BeadArrays
were considered to be within acceptable limits for these
QC measures. In addition, we examined the BeadArrays
with respect to beadtypes labelled as hybridization, low
and high stringency, biotin, housekeeping, and labelling
controls (data not shown). All control beadtypes yielded
intensities at the expected levels, therefore, each of the 142
hybridizations were considered to be of good quality.

Microarray data preprocessing

Prior to analysis, the gene expression data was log, trans-
formed. As negative control bead background correc-
tion was demonstrated to impact negatively, identifying
differentially expressed genes (Dunning et al. 2008), the
estimated background from the negative control beads
was not subtracted from the mean beadtype signal
intensities. The log -transformed intensities were subse-
quently normalized using a global median scaling method.
Specifically, the expression for each sample was scaled
by an array-specific constant factor so that the median
expression values were the same across all arrays. An
arbitrarily selected array was set as the baseline against
which all other arrays were normalized. For array array
i and beadtype j, using the log -transformed expression
values log, (xij), global normalization was performed as
follows: (1) the median expression for the baseline array
T =median(log2 (th,,-))' was calculated; (2) for the
i array, the median expression, X, =median(10g2 (xij ))
, was also calculated; and (3) for the i® arréy, B =Xy / X;
was taken to be the global scaling factor and was applied
to normalize the j expression values for array i so that the
log,-transformed and scaled values for beadtype j and
array i were x,"™= 3, log, (xl.j).

Random forest analysis

The normalized gene expression data were combined with
selected demographic, smoking history and clinical vari-
ables (see supplementary Tablel in the online version of
this article). A random forest consisting of 10 000 trees was
derived for predicting COPD-affected cases or unaffected
controls, using a split-sample approach (training and test
sets) and the randomForest package in the R program-
ming environment (Breiman 2001, Liaw & Wiener 2002,
R Development Core Team 2007).

The classification tree methodology is a heuristic algo-
rithm whereby observations are recursively partitioned

into disjoint subsets. Rather than using one classification
tree (as classification trees are known to be unstable),
multiple classification trees can be fitted where each tree
is grown using a bootstrapped resample from the original
dataset. When using the random forest methodology, in
addition to using bootstrapped resamples for deriving
each tree, at each node of the tree, m of the p independ-
ent variables are randomly selected from which to choose
to split (Breiman 2001). The randomly selected covariate
that results in the largest decrease in node impurity, as
measured by the Gini impurity criterion, was selected for
splitting the node. Moreover, for each classification tree
in the random forest, the observations left out of the boot-
strap resample (e.g. ‘out-of-bag’) were used as a natural
test set for estimating prediction error. The out-of-bag
observations were also used to estimate the importance
of each variable for the classification task (Archer &Kimes
2008). The bootstrap method was used to estimate the
null distribution for the mean decrease in Gini impurity
by drawing a random sample with replacement from
those variables with a non-zero mean decrease in Gini
impurity, estimating the mean decrease of the resampled
observations and repeating this procedure 2000 times.
Candidate predictors with a Gini impurity >99.99795%
were considered significant for the classification task.

L, penalized logistic regression

To identify a more parsimonious set of predictor vari-
ables that have a similar error rate as the random forest,
an L, penalized logistic regression model was fitted to
predict the dichotomous outcome variable (case/con-
trol status) using the significant candidate predictors
identified by the random forest algorithm. This model
was fitted using the same training set used to derive
the random forest model, where the normalized gene
expression and demographic, smoking history and clini-
cal variables were standardized. L -penalized models,
also referred to as least absolute shrinkage and selection
operator (LASSO) models (Tibshirani 1996), are effective
in performing automatic variable selection by shrinking
some coefficients while setting other coefficients to zero
by imposing a constraint on the estimated coefficients.
Specifically, for p predictor variables, when fitting an
L,-penalized logistic regression mode}] the likelihood is

maximized subject to the constrainty |,|<t. The gim-
path library (Park & Hastie 2007) in the R programming

environment (R Development Core Team 2007) was used
for fitting the L -penalized models. The final model was
selected as that model with minimum Akaike’s informa-
tion criterion (AIC) and was subsequently used to obtain
fitted probabilities for all testable subjects. Those sub-
jects with probabilities >0.5 were classified as cases, and
all others were classified as controls.
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Table 1. Characteristics of the spirometrically defined chronic obstructive pulmonary disease (COPD)-affected and unaffected (controls)

subjects.
All subjects Training subset®

Characteristic COPD(n=81) Controls(n=61) p-Value® COPD (n=36) Controls (n=36) p-Value®
Male (%) 67 62 0.60 64 61 1.00
Age (years) 61.2(8.2) 54.8 (9.0) <0.0001 63.3 (7.4) 52.6(7.7) <0.0001
Current smoker (%) 62 64 0.86 58 69 0.46
Cigarettes per day® 14.6 (17.0) 12.0 (12.3) 0.30 12.7 (14.1) 13.0 (13.4) 0.92
Pack-years 59.5 (38.0) 38.1(19.8) <0.0001 64.3 (38.8) 32.8(19.3) <0.0001
FEV, (1) 2.33(1.01) 3.12(0.79) <0.0001 1.74 (0.94) 3.30 (0.75) <0.0001
FEV, (% predicted) 70.6 (24.9) 94.6 (14.3) <0.0001 54.2 (23.5) 99.0 (14.1) <0.0001
FVC (1) 4.05(1.32) 4.04(1.01) 0.94 3.8(1.47) 4.1(0.97) 0.32
FEV,/FVC (%) 56.3 (12.9) 77.4(4.9) <0.0001 44.7 (11.1) 80.8 (3.1) <0.0001
WBC, total (10% pl™!) 7.4(1.7) 7.6(2.1) 0.57 7.6 (1.9) 7.3(1.8) 0.51
Granulocytes (%) 64 (7) 59 (10) 0.004 66 (6) 57 (10) <0.0001
Lymphocytes (%) 25 (7) 30(9) 0.002 23 (6) 32(10) <0.0001
Monocytes (%) 6.2(1.7) 5.9(1.6) 0.19 6.4 (1.7) 5.7 (1.4) 0.06

FEV, forced expiratory volume in 1 s; FVC, forced vital capacity; PBL, peripheral blood leukocytes. Values are mean (+SD) unless otherwise
indicated.*COPD subjects with %FEV,/FVC <60 and control subjects with %FEV,/FVC >75;p-value for difference in mean values between the
COPD/control groups was obtained by Welch’s ¢-test for continuous variables and by Fisher’s exact test for categorical variables; “average daily
cigarette consumption of current smokers during the 3 months prior to study participation.

Gene ontology and pathway analysis

Genes identified statistically as having significant pre-
dictive value for the discrete case/control outcome
were used as the input for subsequent gene ontology
and pathway analysis. Gene ontology and functional
categories were identified by analysing isolated gene
lists using the Database for Annotation, Visualization
and Integrated Discovery (DAVID; http://david.abcc.
ncifcrf.gov/) (Dennis et al. 2003) and Pathway Studio
V5.0 (Ariadne Inc., Rockville, MD, USA). EASE scores
for gene-enrichment analysis were calculated using a
0.1 threshold from the program. The DAVID annotation
tool was also used to probe the Kyoto Encyclopedia of
Genes and Genomes (KEGG;http://www.genome.jp/
kegg/kegg2.html), BioCarta (http://www.biocarta.com/
genes/index.asp) and the Biological and Biochemical
Image Database (BBID; http://bbid.grc.nia.nih.gov/)
pathway databases to identify regulated pathways and
to complement the gene ontology. ‘Biological processes’
and ‘Pathways’ with a p-value <0.05 were considered
significant. The output analyses were manually filtered
to remove overlapping and redundant categories to
generate non-redundant lists. In addition to the gene
ontology and pathway analysis performed with DAVID,
protein-protein interactions of the genes were analysed
with Pathway Studio™.

Quantitative real-time PCR

Quantitative real-time polymerase chain reaction (qRT-
PCR) was performed on isolated RNA from 24 randomly
selected subjects in the training set to confirm the
microarray results in terms of differential expression

and statistical significance. First-strand cDNA was syn-
thesized from 1 pg of RNA in a 100 pl reaction volume
with the TagMan® Reverse Transcriptase Reaction Kit
(Applied Biosystems, Carlsbad, CA, USA) using random
hexamers as primers following the manufacturer’s rec-
ommended protocol. After the synthesis was complete,
the cDNA was diluted 1:3. Six microliters of diluted cDNA
was then used for each qRT-PCR reaction in a final vol-
ume of 20 pl, using predesigned Gene Expression Assays
(Applied Biosystems) for the genes of interest. All PCR
reactions were carried out in triplicate. Relative expres-
sion levels were calculated using the AACt method
algorithm provided by Applied Biosystems. The aver-
age intensity value obtained for the control subjects
was used as the calibrator. All reactions were run in
an Applied Biosystems 7500 Fast Sequence Detection
System (Applied Biosystems). The gene expression assays
used were: 18S (Hs99999901_s1), GAPDH (4310884E),
DNTTIP2 (Hs00966646_m1), GDAP1 (Hs00184079_m1),
IL6R (Hs01075667_m1), LIPE (Hs00943410_m1), WTAP
(Hs00374488_m1), CCR2 (Hs00174150_m1), PPP2CB
(Hs00602137_m1), RASSF2 (Hs00542460_m1) and RPL14
(Hs00427856_g1).

Results

Subject demographics

Characteristics of the spirometrically defined COPD-
affected and unaffected control groups (overall and for the
training set) are summarized in Table 1. The distribution
of the COPD patients by severity of airflow obstruction,
based on FEV, as a percentage of predicted by GOLD
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spirometric guidelines (Rabe et al. 2007), was GOLD 1
(FEV <80% predicted, mild, n=30), GOLD 2 (FEV, 50-80%
predicted, moderate, n=38), GOLD 3 (FEV, 30-50% pre-
dicted, severe, n=6) and GOLD 4 (FEV,<30% predicted,
very severe, n=7). Of note, ten subjects categorized as
controls according to the GOLD guideline (FEV /FVC >
0.70) had subnormal FEV, (<80%predicted) and could be
considered to have spirometrically indeterminate case/
control status; three subjects were in the training set, and
seven were in the test set. The clinical approach to such
individuals is currently uncertain; therefore, these ten were
retained in the control group. In the cohort overall and in
the training and test sets, the COPD group was older and
had at least 56% greater pack-years of cigarette smoking,
on average, than the control group. However, the propor-
tion of current smokers was similar across all groups, at
58-69%. Although the mean total PBL count did not differ
significantly between the groups, the COPD groups had
significantly higher mean neutrophils and lower mean
lymphocytes, as percentages of the total PBL count, than
did the control groups.

Identification of COPD predictors: random forest
analysis

Due to the inability of the random forest algorithm to
handle missing values among the predictor variables,
the medication history of the subjects was not included
in the analysis as a number of subjects had missing val-
ues. For example, 15/81 (19%) cases and 19/61 (31%)
controls failed to indicate whether they were using glu-
cocorticoids. The out-of-bag estimate of error associated
with the random forest analysis in the training set was
6% overall, with a discordant classification rate of 3% for
the spirometric controls and 9% for the spirometric cases
(Table 2). The random forest algorithm identified 1014
candidate predictor variables, which included only one
smoking exposure variable, ‘years of daily smoking’ The
top 30 candidate predictors using the mean decrease in
Gini impurity, as well as the mean decrease in accuracy,
are displayed in Figure 2. (The complete list of predictors
can be found in supplementary Table 2 in the online ver-
sion of this article.)

Table 2. Spirometric class versus random forest model-predicted class
with associated class-specific discordance rates for the training set
(FEV,/FVC <0.60 or >0.75) and the test set (FEV,/FVC 0.60-0.75).
Spirometric class
Training set (n=67) Test set (n=65)
COPD Controls COPD  Controls

Predicted class

COPD 30 1 27 2
Controls 3 33 14 22
Discordance rate (%) 9 3 34 8

FEV, forced expiratory volume in 1s; FVC, forced vital capacity.

The random forest model derived in the training set
was then applied to the test set. Two COPD patients and
two controls were excluded due to missing values for a
predictor variable, leaving 65 subjects as a test set for
evaluation of the random forest classifier. The overall
discordant classification rate for the test set was 25%
(16/65). Spirometric versus gene expression-predicted
classifications for the training and test sets are shown in
Table 2, along with discordant classification rates. Of the
discordantly classified subjects in the test group, 14/16
(88%) were classified as cases by spirometry but not by
their gene expression profile. For some observations, the
posterior probabilities were near 0.5, indicating that the
subject was difficult to classify as either case or control
(see supplementary Table 3 in the online version of this
article). For example, one of the spirometric controls in
the test set that both gene expression-based models clas-
sified as a case could be considered to have spirometri-
cally indeterminate case/control status as described in
the Subject demographics section earlier in this paper.

Gene ontology and pathway analyses

In an effort to identify biological processes and pathways
that were differentially affected in cases versus controls,
we performed gene ontology assessment using the
DAVID annotation tool (Dennis et al. 2003). A total of 784
genes (84% of the 1013 genes identified by random forest
modelling) were represented in the DAVID gene ontology
categories. The analysis output list was manually edited
to remove redundant and overlapping gene ontologies.
Biological processes that were enriched in the set of pre-
dictor genes between COPD cases and controls included
regulation of apoptosis and cell growth, macromolecule
(protein and RNA) transport, post-translational protein
modification, cellular defence response, inflammatory
response and RNA processing (Figure 3). Major pathways
identified by DAVID included apoptosis (mitochondrial
apoptotic signalling and caspase cascade), p38 MAPK,
WNT and PPAR signalling, focal adhesion and leukocyte
transendothelial migration (Figure 4).

The gene ontology analysis of the predictor genes
revealed a number of upregulated genes involved in pos-
itive regulation of apoptosis (e.g. BAD, CASP4, CASPS,
CASPI10, DIABLO, FAFI1, FASTK and TRADD) as well as
a number of genes involved in inhibition of apoptosis
(e.g. BCL2L1, BIRC2, CDKN2D, MCL1, NAIP, SERPINB?2,
SGMSI and YWHAZ). A similar situation is seen with
cell cycle progression related genes. Several of the genes
identified are involved in cell development and cell
growth (e.g.CCT7, CDC2L1, CDK2, CDC42, CDKNZ2D,
MDM4, NEDD9, PCNA, PML, PMS1, RASSF2, RASSF4,
RASSF5, RB1, TSC1, VEGFB and VHL) with a number
of them clearly involved in its negative regulation (e.g.
CDKN2D, PML, RASSF2, RASSF4, RB1 and TSCI).
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Figure 2. Chronic obstructive pulmonary disease (COPD) candidate predictors. Top 30 candidate predictors sorted in decreasing order by mean
decrease in accuracy (left panel) and mean decrease in Gini impurity (right panel).

Table 3. Spirometric class versus L -penalized logistic regression
model-predicted class with associated class-specific discordance rates
for the training set (FEV,/FVC <0.60 or >0.75) and the test set (FEV,/
FVC 0.60-0.75).

Spirometric class
Training set (n=67) Test set (n=69)
COPD Controls COPD  Controls

Predicted class

COPD 32 1 31 2
Controls 1 33 13 23
Discordance rate (%) 3 3 30 8

FEV , forced expiratory volume in 1 s; FVC, forced vital capacity.

We also identified a number of genes involved in
the intracellular signalling cascade (e.g. ATF2, ATF4,
DUSP6, DUSP10, IL1IR2, MAP2K3, MAP4K3, MAPK14,
MAX, MEF2A, PIK3R5, SOS1, SOS2 and TGFBR2) and in
inflammatory response (e.g.ALOX5, CCL7, CCR2, CCR4,
CD97, CD163, NFRKB, NLRP3, PLAA, SPN, TLR4, TLR6,

TLR8) that differed between COPD cases and controls.
This is consistent with prior reports in the literature and
the systemic proinflammatory characteristics associated
with COPD (Agusti& Soriano 2008, Agusti et al. 2003,
Chung 2001, 2005, Fabbri&Rabe 2007, Mossman et al.
2006, Rahman et al. 1996, Rahman 2005). In addition, a
summary of the protein-protein interactions of the genes
and possible biological outcomes identified by Pathway
Studio™ is shown in Figure 5.

L -penalized logistic regression model

In order to identify a more parsimonious set of variables
having a similar predictive capability as the random forest,
an L -penalized logistic regression model was fit to predict
the dichotomous outcome variable (case/control status)
using the 1014 variables identified by the random forest
algorithm. L -penalized models are effective in performing
automatic variable selection (Tibshirani 1996). The model
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Figure 3. Top 15 DAVID annotated biological processes, including the gene ontology category name, percentage of genes within the category,
EASE score and fold enrichment. All categories presented in the figure have an EASE score (p-value) <0.01 and a fold enrichment >1.5. ‘COPD
LIST’ refers to genes identified as being enriched in chronic obstructive pulmonary disease cases by random forest analysis; ‘Microarray’ refers

to all the genes represented in the array.

was first fitted using random forest algorithm data from
the same training set of 33 cases and 34 controls used to
derive the random forest model. The final model, selected
as the L, logistic regression model with minimum AIC
(data not shown), comprised nine predictor genes: IL6R,
CCR2, PPP2CB, RASSF2 and WTAP were upregulated and
DNTTIP2, GDAPI, LIPE and RPL14 were downregulated
in cases compared with controls (Figure 6A). As shown
in Table 3, the nine-gene model had an overall error rate
of 3%, discordantly classifying one spirometric case and
one spirometric control. The derived L -penalized logis-
tic regression model was subsequently applied to classify
the test set of 69 subjects with FEV, /FVC of 0.60-0.75 (the
two COPD and two controls excluded from the random
forest analysis due to missing data were included in this
analysis). The overall discordant classification rate was
22% (Table 3). The calculated sensitivity, specificity and
positive and negative predictive values in the test set of
samples for both models are shown in Table 4.

Biological validation

Results of real-time PCR performed to confirm the micro-
array results for the nine predictor genes are shown in

Figure 6B. Similar to the study of Bhattacharya et al. (2009)
using microarray analysis of lung tissue from subjects
with COPD, not all of the predictors from the microarray
data were confirmed by qRT-PCR. However, we observed
a concordant directional trend in differential expression
(Pearson correlation coefficient 0.795) between the two
platforms for seven of the nine genes, although in some
instances the magnitude of the difference between cases
and controls by qRT-PCR varied from that detected by
microarray. No statistically significant differences were
observed for PPP2CB and GDAPI by qRT-PCR.

Discussion

Using microarray analysis of PBLs and random forest
modelling, we identified 1013 genes and one smoking
exposure variable (years of daily smoking) as candidate
predictors capable of differentiating current or former
smokers with or without COPD. Gene ontology analyses
indicate that these genes are involved in various cellular
processes including regulation of apoptosis, regulation of
cell growth, macromolecule (protein and RNA) transport,
post-translational protein modification, cellular defence
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Figure 4. DAVID annotated biological pathways, including the percentage of genes identified, EASE score and fold enrichment. All pathways
shown in the figure have an EASE score (p-value) < 0.01 and a fold enrichment >1.5. ‘COPD LIST’ refers to genes identified as being enriched in
chronic obstructive pulmonary disease cases by random forest analysis; ‘Microarray’ refers to all the genes represented in the array.

response, inflammatory response and RNA processing.
We further identified a nine-gene subset derived from
the larger set of candidate predictors that reliably dis-
criminated between COPD and non-COPD subjects.
Differential expression of seven of the nine genes iden-
tified was confirmed by qRT-PCR, corroborating the
microarray results.

The full random forest predictive model discordantly
classified 6% of the spirometrically defined training set
and 25% of the test set, and the nine-gene model differed
from the spirometrically defined classification for 3% of
the training set and 22% of the test set. Thus, these mod-
els performed well in the more phenotypically extreme
training set and less well in the test set whose FEV,/FVC
values more closely bordered the accepted diagnostic
case/control cut-off value of 0.70. Interestingly, the great
majority of the discordantly classified subjects in the test
set were classified as cases by spirometry but controls by
their gene expression profile. Spirometry results depend
partly on subject effort and even with good procedural
QC, it is possible for an individual to have a spuriously
low airflow measurement that could result in a misdiag-
nosis of COPD using the fixed, arbitrary GOLD cut-off
value for FEV, /FVC. Gene expression, on the other hand,
is not affected by subject effort, and may therefore repre-
sent an alternative diagnostic methodology, particularly
in individuals with spirometrically indeterminate case/

control status. In fact, one such spirometrically indeter-
minate control in our test set was classified as a COPD
case by both gene expression-based models.

Furthermore, although spirometric parameters are
the traditional diagnostic and prognostic markers for
COPD, it has become clear that they do not adequately
represent all of its respiratory and systemic aspects (Celli
2006, Marin et al. 2009). FEV| correlates poorly with the
degree of dyspnea, and the change in FEV, does not
reflect the rate of decline in health status (Burge et al.
2000, Celli et al. 2004, Celli 2006). Other factors, such as
emphysema and hyperinflation (Casanova et al. 2005),
malnutrition (Schols et al. 1998), peripheral muscle dys-
function (Maltais et al. 2000) and dyspnea (Nishimura
et al. 2002), are independent predictors of outcome. In
fact, the multifactorial BODE index that includes body
mass index (B), degree of airflow obstruction (O), dysp-
nea score (D), and exercise endurance (E), was a better
predictor of mortality than FEV | alone (Celli et al. 2004).
The PBL gene expression profile alone, or more likely in
combination with currently accepted clinical markers
such as the BODE components and/or lung parenchy-
mal or airway changes on chest computed tomography
(CT) scans (Omori et al. 2006), may be more predictive
of the (early) presence, activity, and progression of the
multicomponent syndrome that is COPD than the clini-
cal parameters alone.
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Figure 5. Summary of potential regulatory interactions and possible biological outcomes identified using the Pathway Studio software. (A) Protein-
protein interactions primarily associated with the MAPK signalling cascade. (B) Protein-protein interactions associated with the apoptotic cascade.
Note that MAP2K4 can phosphorylate and activate MAPK1 and that binding of MAP3K1 to TRAF2 results in their subsequent activation providing
two potential links between the two pathways depicted in A and B (Chadee et al. 2002, Witowsky& Johnson 2003). Grey proteins represent random
forest model-identified genes; white proteins represent Pathway Studio-identified genes.
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Figure 6. Gene expression forL -penalized logistic regression model. (A) Microarray results for the randomly selected samples from the train-
ing set (12 controls and 12 cases). Relative mRNA fold difference in expression was calculated using the control group as the comparator, and
p-value for difference between the case/control group mean values was obtained by Student’s t-test;*p<0.05, *¥*p <0.01,**¥p <0.001. (B) Real-time
polymerase chain reaction was conducted on the same samples as in (A). Relative mRNA expression levels were calculated using the AACt method
algorithm; *p<0.05,%¥p<0.01.

Table 4. Performance characteristics of the model-based classifiers in the test set (n=65, FEV,/FVC 0.60-0.75).
Classifier performance in test set

Discordant Positive predictive Negative predictive
Model classifier Number of variables classification (%)  Sensitivity (%) Specificity (%) value (%) value (%)
Full random forest 1014 25 66 92 93 61
L,-penalized logistic 9 22 71 92 94 64

regression
FEV, forced expiratory volume in 1 s; FVC, forced vital capacity.

One of the major constraints of COPD biomarker dis- methodologies for such specimens are limited by their
covery has been the accessibility of suitable samples. In invasiveness and poor reproducibility. As COPD is
the past, sputum, bronchoalveolar lavage fluid, exhaled accompanied by systemic changes, as well as increased
breath condensate and bronchial biopsy tissue have serum levels of certain proteins (e.g. C-reactive protein

been used (Sin & Man 2008). However, the sampling (CRP), interleukin 6 (IL-6), IL-8, leukotriene B, (LTB4)
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and tumour necrosis factor (TNF)-a), the use of PBLs
as a surrogate biosample is an attractive alternative
because they can be easily collected in large quantities
at multiple time points using a relatively non-invasive
procedure (Agusti et al. 2003, Celli 2006, Noguera et al.
1998, Rahman et al. 1996, Rahman&Biswas 2004, Schols
et al. 1996, Vernooy et al. 2002). As noted earlier, PBL
gene expression profiles have been successfully used to
identify the presence or risk of other diseases having a
prominent systemic component.

Due to the role of PBLs in inflammation, the gene
expression differences between subjects with and with-
out COPD in this population of cells may reflect the
degree of systemic or pulmonary inflammation. Although
the differences in gene expression may be due to other
systemic inflammatory conditions, other aspects of
COPD, and/or treatment, lung inflammation is known
to correlate with the severity of the disease, as measured
by the degree of airflow limitation (Hogg et al. 2004).
Our gene expression-based classifier was derived from
a training set of COPD patients with the most extreme
airflow limitation, who probably also had the greatest
degree of inflammation, while the test group with lesser
airflow limitation, therefore, might be predicted to have
less inflammation. This may also partially account for the
poorer predictive ability between spirometric cases and
controls in the test set compared with the training set.

Gene expression differences between COPD cases and
controls in PBLs may provide mechanistic insight into
COPD. Differences in activation state, surface marker
expression, chemotaxis and extracellular proteolysis
from specific populations of PBLs in subjects with COPD
have been reported (Agusti 2005). In the present study,
biological processes identified as over-represented in
the set of COPD predictor genes included regulation
of apoptosis, regulation of cell growth, macromolecule
(protein and RNA) transport, post-translational protein
modification, cellular defence response, inflammatory
response and RNA processing. Major pathways identified
included apoptosis, p38/MAPK signalling, focal adhe-
sion and leukocyte transendothelial migration. Changes
in these biological processes and pathways may reflect
the changes in activation, differentiation and cellular
composition of the samples analysed. The identification
of leukocyte transendothelial migration seems to be an
important change in this cell population due to the fact
that COPD is characterized by leukocyte infiltration in the
lung parenchyma (Panina et al. 2006). It is possible that
differences in expression of these genes may result in a
predisposition of leukocyte subpopulations to infiltrate
the lung tissue, and perhaps other tissues. This obser-
vation is supported by previously reported changes in
chemotaxis and extracellular proteolysis in neutrophils
isolated from the blood of subjects with COPD (Burnett
etal. 1987).

The subset of nine genes that we identified using
L,-penalized logistic regression modelling had similar
predictive performance as the full set of candidate pre-
dictors identified by the random forest model. It included
five upregulated genes (CCR2, IL6R, PPP2CB, RASSF2
and WTAP) and four downregulated genes (DNTTIP2,
GDAPI, LIPE, RPLI14) in COPD patients compared with
controls. IL6R and CCR2 have been previously reported
to play possible roles in COPD development and progres-
sion (Owen 2001, Wilk et al. 2007). However, there have
been no prior reports of an association with COPD for
DNTTIP2, GDAPI, LIPE, PPP2CB, RASSF2, RPL14 and
WTAP.

The IL6R gene codes for the IL-6 receptor, which is
only reported to be expressed in subpopulations of leuko-
cytes (monocytes, neutrophils and T and B lymphocytes)
and hepatocytes (Chalaris et al. 2007, Hamid et al. 2004,
Jones et al. 2001). Many cell types do not express IL6R
and are not directly responsive to IL6 (Chalaris et al.
2007, Jones et al. 2001). However, these cell types can be
stimulated by IL-6 bound to a soluble form of the IL-6
receptor in a process called trans-signalling (Chalaris
et al. 2007, Jones et al. 2001). IL-6R shedding and subse-
quent release of the soluble form of the receptor results
from cleavage of the membrane-bound receptor during
apoptosis, a biological process and pathway identified in
our gene expression signatures. This process is depend-
ent on the metalloproteinases, ADAM17 and to a lesser
extent ADAMI10 (Chalaris et al. 2007, Matthews et al.
2003). ADAM17 was also found to be upregulated in our
microarray and was identified as one of the candidate
predictor genes. Reported inducers of IL-6R shedding
include phorbol myristate acetate, cholesterol depletion,
CRP, bacterial toxins, Fas stimulation and ultraviolet light
(Chalaris et al. 2007, Jones et al. 1999, Matthews et al.
2003, Mullberg et al. 1992). Signalling through IL-6R has
also been shown to play a role in both inflammation and
apoptosis (Finotto et al. 2007). Furthermore, genome-
wide association analyses have identified IL6R as a likely
candidate gene for association with lung function (Wilk
et al. 2007).

CCR2, which encodes the receptor for monocyte
chemoattractant protein 1 and 3 (MCP1 and MCP3), is
involved in inflammatory processes related to rheumatoid
arthritis, alveolitis and tumour infiltration (Owen 2001).
Higher levels of MCP1 mRNA and protein were detected
in the bronchiolar epithelium in subjects with COPD, and
increased levels of CCR2 have been detected in macro-
phages, mast cells and epithelial cells of COPD subjects,
suggesting that MCP1 and CCR2 may be involved in the
recruitment of macrophages into the airway epithelium
(de Boer et al. 2000, Owen 2001). This increased expres-
sion of CCR2 also correlated with increased levels of mast
cells and macrophages in the lungs of COPD subjects (de
Boer et al. 2000). In addition, it has been demonstrated
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that activated neutrophils migrate in response to MCP1
(Johnston et al. 1999). These findings support mechanis-
tic roles of IL6R and CCR2 in systemic and lung inflam-
mation in COPD.

The seven other genes in our nine-gene profile have
varied biological functions. PPP2CB encodes the beta-
isoform of the catalytic subunit of protein phosphatase
2A (PP2A) (Cohen 1989, Hemmings et al. 1988). PP2A
has been shown to regulate apoptosis in neutrophils by
dephosphorylating both p38/MAPK and its substrate
caspase 3, suggesting that PP2A plays a role in the
induction of apoptosis and the resolution of inflam-
mation  (Alvarado-Kristensson&Andersson  2005).
RASSF2 promotes apoptosis and cell cycle arrest (Vos
etal. 2003). WTAP is involved in the expression of genes
related to cell division cycle and the G2/M checkpoint
(Horiuchi et al. 2006). The DNTT-interacting protein 2
(DNTTIP2), also known as estrogen receptor-binding
protein, can bind the estrogen receptor-a and enhance
its transcriptional activity in an estrogen-dependent
manner (Bu et al. 2004). GDAP1, or ganglioside-induced
differentiation-associated protein 1, is found localized
in the mitochondrial outer membrane and regulates
the mitochondrial network. Overexpression of GDAPI
induces fragmentation of mitochondria without induc-
ing apoptosis, affecting overall mitochondrial activity,
or interfering with mitochondrial fusion (Cuesta et al.
2002, Niemann et al. 2005). LIPE, also known as HSL
(hormone-sensitive lipase), plays a role in the mobiliza-
tion of free fatty acids from adipose tissue by controlling
the rate of lipolysis of the stored triglycerides (Holm et al.
1988). Finally, RPL14 is a gene coding for a protein of the
large ribosomal subunit (Robledo et al. 2008). The role
of these genes in COPD is unclear, but some appear to
be linked to the cellular processes and pathways, such
as cell cycle regulation and apoptosis, associated with
our full list of genes.

Previous gene expression microarray analysis studies
investigating COPD have used lung tissue. Bhattacharya
etal. (2009) analysed gene expression in lung tissue from
COPD patients and showed an over-representation of
transcription and nucleic acid binding protein catego-
ries. Ning et al. (2004) demonstrated that the majority
of gene expression changes in lung tissue from COPD
patients occurred in lipoprotein biosynthesis, NADH
dehydrogenase activity, 26S proteasome, sodium ion
transporter activity, mitochondrion, secretion, hormone
activity, receptor binding, signal transduction, devel-
opment and growth factor activity. Pierou et al. (2007)
identified oxidative phosphorylation, oxidant response,
ATP synthesis, proteasome, thioredoxins and glycolysis
pathways in their analysis of COPD lungs with healthy
smoker lungs. Although many of these categories were
not identified in the current PBL study, it appears that cell
growth/growth factory activity, proteasome/proteolysis
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and signal transduction were affected in COPD in both
PBL and lung tissue samples.

Certain limitations of our study merit comment.
Although many factors could influence the gene expres-
sion profiles detected by microarray in this study, the
most obvious of these is the cellular composition of the
samples. Although the average total PBL counts were
similar between the groups with and without COPD, the
mean lymphocyte and granulocyte counts as percentages
of the total were significantly different (Table 1). These
parameters were included in the random forest analysis
but not retained in the final model, suggesting that the
gene expression differences are more predictive of COPD
status than lymphocyte and granulocyte percentages.
However, this does not rule out the influence of these
quantitative differences in cellular composition in the
observed gene expression profile. Another factor that
can influence gene expression is medication use, such
as corticosteroids in COPD (Barnes 2006, MacRedmond
etal. 2007). Due to the random forest algorithm’s inability
to handle missing values among the predictor variables,
the medication history of the subjects was not included
in the analysis as a substantial proportion of subjects
had missing values. Although it is unclear how corti-
costeroids might affect gene expression in PBLs, it is
known that the small airway inflammation responsible
for airflow obstruction in COPD is poorly sensitive to
the anti-inflammatory effects of corticosteroids (Barnes
2006, Hogg et al. 2004). Recent evidence has attributed
this to oxidative and nitrative stress-induced reduction
in histone deacetylase expression in inflammatory cells,
thus preventing activated corticosteroid receptors from
reversing the acetylation of activated inflammatory
genes and turning off their transcription (Barnes 2006).
Although this would suggest that corticosteroids do not
have a large impact on the inflammatory response in
COPD, the contribution of medications to the differential
gene expression detected in the present study cannot be
ruled out. In addition, we included in the analysis ten
subjects with arguably indeterminate spirometric COPD
case/control status based on their combination of FEV/
FVC and FEV, %predicted, categorizing them spirometri-
cally as controls by the GOLD-defined FEV /FVC cut-off
value. As noted earlier in the Discussion, one of these
spirometric controls in the test set was discordantly clas-
sified as having COPD by his gene expression profile in
both the full and reduced models.

Cigarette smoke exposure can also influence gene
expression. Of the 1013 predictor genes identified in our
analysis, differential expression of ATF4, MCL1, MAPK14,
SERPINAI and SOD2 was also identified in a study by
van Leeuwen et al. (2007) as strongly correlating with
serum cotinine levels, a biomarker of recent exposure to
tobacco smoke. Two additional genes in our list, CCR2
and EPB41, were observed by Lampe et al. (2004) as part
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of a cigarette smoke exposure molecular signature. Both
the van Leeuwen and Lampe studies used PBLs isolated
from current smokers and non-smokers, suggesting that
the differential expression of some of the genes identified
in our study may be related to tobacco smoke exposure.
In a study of bronchial epithelial cells from never, current
and former smokers, Beane et al. (2007) found 175 genes
differentially expressed between never and current smok-
ers, with irreversible changes in expression for 28 genes,
slowly reversible for six genes and rapidly reversible
for 139 genes. This indicates that duration and possibly
intensity of cigarette smoking, and length of time since
quitting, may be important confounding variables to gene
expression analysis. The only smoking exposure variable
identified as a candidate predictor in our study (‘years
of daily smoking’) appears to support this possibility.
However, importantly, no other demographic variables,
such as age, nor smoking exposure variables, including
pack years, current smoking status and current/recent
(3 months) smoking intensity (number of cigarettes per
day), were significant predictor variables in the random
forest model. Although age was not a significant predic-
tor in our analyses after simultaneous adjustment for
years of daily smoking, age should always be carefully
considered in this type of research, particularly in situ-
ations in which highly correlated, age-related variables
are not available.

In conclusion, we have identified in a training set,
and confirmed in a test set, differential gene expression
for 1013 genes occurring in peripheral blood leukocytes
that discriminated between current and former cigarette
smokers with or without spirometrically defined COPD.
Gene ontology and pathway analyses indicated that
these genes are involved in regulation of apoptosis, regu-
lation of cell growth, macromolecule (protein and RNA)
transport, RNA processing, post-translational protein
modification, cellular defence response and inflamma-
tory response. This list of 1013 genes was subsequently
reduced to a nine-gene subset with similar performance
in differentiating current and former cigarette smokers
with or without COPD. To our knowledge, this is the
first study to use microarray analysis of PBLs to iden-
tify gene expression differences associated with COPD.
PBL samples are easy to obtain and their gene expres-
sion profiles could complement and improve current
clinical diagnostic and prognostic approaches for COPD.
The gene expression profiles identified here represent
potential biomarkers for COPD in current and former
cigarette smokers. However, due to the limited sample
size and other limitations of this study, further inves-
tigations are needed to determine the performance of
these gene expression profiles in an independent group
of subjects and to determine whether the differential
gene expression is predictive or reflective of cigarette
smoking-related COPD.
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