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1. Supplementary Methods
Study participants and phenotypes
Between March 2010 and August 2011, we prospectively recruited newly diagnosed
and previously untreated lung cancer patients that were referred for thoracic surgery
with curative intent. Subjects were only eligible for inclusion if surgical resection of
the tumor occurred prior to any form of medical treatment. Surgery was performed at
the University Hospital Gasthuisberg, Leuven, Belgium. Furthermore, we restricted
our study to subjects older than 48 years of age and with a smoking history of at least
15 pack-years to minimize confounding by age- and smoking-related changes in DNA
methylation. In addition, only patients with clear histological classification as nonsmall cell lung cancer (NSCLC) were included. We restricted our analysis to NSCLC
because it is the major subtype of lung cancer that accounts for over 80% of newly
diagnosed lung cancer patients.
At inclusion, an extensive list of demographic variables and questionnaires
determining smoking history were collected. In addition, every participant performed
a complete pulmonary function test by use of standardized equipment and according
to American Thoracic Society/European Respiratory Society guidelines.1 Spirometric
values were post-bronchodilator measurements. COPD was defined as a postbronchodilator FEV1/FVC<0.70 and staged according to the GOLD 2007 guidelines.2
We only determined the COPD status of included study participants after performing
genome-wide DNA methylation profiling (i.e., we did not have a priori knowledge of
the COPD status of the included study participants). In addition, other respiratory
diseases affecting pulmonary function were excluded in all participants. Emphysema
was semi-quantitatively assessed by a radiologist blinded to the clinical data and to
the methylation data. The protocol used for the quantification of emphysema has been
described previously.3,4 Briefly, a blinded radiologist specialized in thoracic imaging
scored each of the CT scans for the presence and extent of emphysema at three levels
in each lung. Emphysema was defined as an area of hypovascular low attenuation,
graded at each level with an incremental 5% scale and averaged in a tissue score
reflecting the extent of emphysema over both lungs. If emphysema was visually
scored in any of the pre-defined fields, the patient was categorized as having
emphysema. Based on National Emphysema Treatment Trial (NETT) criteria,5 four
categories were generated, yielding an alveolar destruction score ranging 0–3 (0: no
emphysema; 1: mild emphysema affecting ≤20% of the lung; 2: moderate emphysema
affecting 20–50% of the lung; 3: severe emphysema affecting >50% of the lung). The
study protocol was approved by the Ethics Committee of the University Hospitals
Gasthuisberg (Leuven, Belgium). All participants provided written informed consent.
Tissue collection
Immediately following lobectomy/pneumonectomy, a thoracic surgeon not involved
in the scientific experiments provided us with one tumor and one adjacent lung tissue
sample of each included patient. Tissue samples were collected in an unbiased fashion.
By agreement, the surgeon consistently obtained the tumor tissue samples
immediately adjacent to the tumor piece sent for extensive pathological review, while
the adjacent lung tissue samples were consistently obtained at maximal distance (at
least 5 cm) of the tumor in the same resection specimen. These tissue samples should
thus not be affected by the tumor, and should be of similar quality as the samples used
in the overall majority of published methylation and gene expression studies on
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COPD (Supplementary Table S8).6-12 The collected samples were snap-frozen in
liquid nitrogen and stored at -80°C until used for DNA and RNA extraction.
An experienced pathologist blinded to the clinical data reviewed all hematoxylin
and eosin (H&E) stained tumor sections. As described above, only patients with clear
histological classification as NSCLC, more specific adenocarcinoma and squamous
cell carcinoma, were admitted to the study. In addition, only tumor tissue samples in
which at least 70% of the epithelial cells were malignant and non-tumor samples
having no observable tumor epithelium based on histological examination were
selected for DNA and RNA extraction. All cases of cancer were staged according to
the revised TNM classification criteria.13
DNA Extraction, bisulfite treatment, methylation array methods
From every participant, genomic DNA was extracted from six 30-μm sections of
frozen whole tumor and adjacent lung tissue samples using the Qiagen-DNeasy
Blood&Tissue kit according to the supplier’s instructions (Qiagen, Hilden, Germany).
DNA concentrations were determined by the PicoGreen dsDNA quantitation assay
(Invitrogen, Carlsbad, CA, USA). To check for DNA purity, we used 1 μl of genomic
DNA to measure the 260/280 and 260/230 ratios by use of a Nanodrop-2000
(NanoDrop Technologies, Wilmington, DE). Only samples with a 260/280 ratio <2
and a 260/230 ratio ~2 were accepted.
For each sample, bisulfite conversion of 500 ng of DNA was performed
according to the manufacturer’s recommendations (EZ DNA methylation kit. Zymo
Research. Cat. No. 5002). The incubation profile was 16 cycles at 95°C for 30s, 50°C
for 60 min and a final step at 4°C. After conversion, DNA was eluted to obtain a final
concentration of 50 ng/μl of bisulfite-treated DNA. The effectiveness of the bisulfite
conversion was controlled by use of the MethylDetector™ bisulfite modification kit
(ActiveMotif, Carlsbad CA). The MethylDetector kit provides positive control PCR
primers that are specific for bisulfite-converted human DNA and, subsequently, only
produce PCR products if conversion has occurred. The success of the bisulfite
conversion was confirmed for all samples prior to DNA methylation analysis.
We used 4 μl of bisulfite-converted DNA for hybridization on Infinium
HumanMethylation450K beadchips, following the Infinium High-Density (HD)
Methylation protocol. This consisted of a whole-genome amplification step followed
by enzymatic end-point fragmentation, precipitation and resuspension. The
resuspended samples were hybridized on the beadchips at 48°C for 16 hours. Next,
unhybridized and non-specifically hybridized DNA was washed away, followed by a
single nucleotide extension using the hybridized bisulfite-treated DNA as template.
The incorporated nucleotides were labeled with biotin (ddCTP and ddGTP) and 2,4dinitrophenol (DNP) (ddATP and ddTTP). After the single-base extension, repeated
rounds of staining were performed with a combination of antibodies that differentiated
DNP and biotin by fixing them to different fluorophores, followed by a final washing
step.
The beadchips were scanned by use of the Illumina HiScan SQ scanner. The
intensities of the images were extracted using the GenomeStudio 2010.3 Methylation
module software (version 1.8.5). This software annotates CpG sites to CpG islands
(CGIs, based on the definition of a CpG island by Takai and Jones)14 and to the closest
annotated gene (99% of RefSeq genes are covered by the 450K array).15 Regarding
their relation to CGIs, the sites were classified in four categories: sites located inside a
CGI, sites located in the vicinity of a CGI (<2,000 base pairs (bp): CGI shores), sites
located in the 2,000 bp upstream and downstream of the CGI shores (CGI shelves) and
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sites unrelated to a CGI. Regarding their relation to annotated genes, sites were
categorized as inside the proximal promoter region, 5'-untranslated region (5’ UTR),
first exon, gene body or 3’ UTR. Proximal promoter regions were divided into two
bins of 200 bp and 1,500 bp blocks upstream of the transcription start site (designated
TSS200 and TSS1500, respectively).15
Methylation array data filtering, normalization and assessment of batch effects
Quality control was performed using the Illumina Methylation Analyzer (IMA)
package (version 2.1.1), which is a freely available Bioconductor package.16 The
detection P-value measures the difference of the signal intensities at the interrogated
CpG site compared with those from a set of 614 negative control probes embedded in
the array. Probes with a detection P-value >0.01 in all samples were excluded. In total,
4,647 probes (1% of the 485,577 probes on the 450K chip) that might be unreliable
were excluded. In addition, we excluded probes designed for sequences on the X and
Y chromosome, resulting in 469,692 CpGs that were included for differential
methylation analysis. Three samples (two tumor samples and one adjacent lung tissue
sample) with 25% or more CpG sites with a detection P-value >1.0E-05 were also
excluded, as well as the matching (tumor or adjacent) lung tissue sample from the
same patients. Hence, of the 49 included tumor/adjacent lung tissue pairs, 46 pairs
were used for analysis.
As recently recommended, normalization of 450K methylation data is preferable
given the biological and technical differences between the Infinium I and II probes
used in the 450K design.17 Therefore, raw intensity data were normalized by use of the
Subset-quantile Within Array Normalization (SWAN) method.18 This method
substantially improves the results of the Infinium 450K methylation platform by
reducing technical variation within and between arrays. SWAN is available in the
minfi package (version 1.2.0) from Bioconductor. After normalization, β-values were
calculated using the methylated and unmethylated intensity values. We did not have a
formal randomization approach for plating the samples. However, our technicians
were unaware of the phenotype data when plating the DNA for bisulfite conversion
and application to the array. To additionally explore the possibility of a batch effect,
we performed a principal component analysis (PCA).
Bisulfite-independent validation of array-based methylation findings
We verified the accuracy of the 450K methylation data by using methylation-sensitive
restriction digestion. This technique does not rely upon bisulfite conversion of DNA
and therefore represents a truly independent orthogonal assay. In particular, we used
the restriction enzymes MspI and HpaII that both recognize CCGG sequences, but
have different sensitivities for 5-methylcytosine. In particular, HpaII is blocked by
methylation (i.e., it can only cleave unmethylated DNA), while MspI is not (i.e., it can
cleave both unmethylated and methylated DNA).
We digested 400ng DNA that was extracted from the tumor and adjacent lung
tissue and that was used for methylation profiling using the 450K beadchip with
methylation-sensitive restriction enzymes (New England Biolabs, Ipswhich, MA) or
mock (water). In brief, 5µL of DNA (125ng) was pipetted into a 5µL master mix
containing 38µL of water, 10µL of Cutsmart buffer and 2µL of MspI, HpaII or water.
After incubation at 37°c for 3 hours, 6µL of proteinase K master mix (containing 3µL
of proteinase K and 15µL of water) was added, after which samples were incubated at
45°c for 30 minutes and then denatured at 98°c for 10 minutes. After digestion, the
remaining input DNA in each individual enzyme reaction was quantified by real-time
(RT-) PCR, using primer pairs that amplified a sequence in the promoter region of
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KIAA0922, TLX1 and SPHK2 containing a HpaII and MspI recognition site (see Table
below for primers used). In brief, after digestion, 6µL of each solution was pipetted
into a 9µL PCR master mix containing 1.5µL primer mix and 7.5µL SYBR GreenER
master mix (Life Technologies, Carlsbad, CA). For each gene, the proportion of
methylated DNA was determined by comparing the amount in each digest (MspI and
HpaII) with that of mock (water) digest.
Gene symbol
KIAA0922
KIAA0922
TLX1
TLX1
SPHK2
SPHK2

F
R
F
R
F
R

Primer sequence
5’-AGCCCTTTCATTGCACTTGT-3’
5’-GCCTGCACTGACATGGAGTA-3’
5’-GCACCTGGTCTCCCTCAG-3’
5’-CCCAAACAGCTGGGACTC-3’
5’-GGCCCTCACCCACGATG-3’
5’-GGTGGAGCCAGTCAGCTC-3’

PCR primers used for validation of DNA methylation findings. Abbreviations: KIAA0922,
uncharacterized protein KIAA0922, TLX1, T-cell leukemia homeobox; SPHK2,
sphingosine kinase 21; F, forward primer; R, reverse primer.

RNA Extraction, RNA sequencing and RNA data normalization
Total RNA was extracted from six 30-μm sections of frozen whole tumor and
adjacent lung tissue using the Qiagen-RNeasy Mini kit according to the supplier’s
instructions (Qiagen, Hilden, Germany). The quantity of DNA-free total RNA was
measured using a Nanodrop-2000. RNA quality was assessed based on the RNA
profile generated by the Agilent 2100 Bioanalyzer (Agilent Inc.) and samples with a
RIN value ≥4 were further processed. In total, 39 tissue pairs passed RNA quality
control assessment, resulting in 39 tissue pairs that were subjected to transcriptome
sequencing. Illumina sequencing libraries were prepared according to the TruSeq
RNA Sample Preparation Guide following the manufacturer’s instructions. Poly-A
containing mRNA was purified from 4 µg of total RNA using oligo(dT) magnetic
beads and fragmented into 200–500 bp pieces using divalent cations at 94ºC for 8 min.
The cleaved RNA fragments were copied into first strand cDNA using SuperScript II
reverse transcriptase (Life Technologies, Inc.) and random primers. After second
strand cDNA synthesis, fragments were end-repaired, A-tailed and indexed adapters
were ligated. The products were purified and enriched with PCR to create the final
cDNA library. Libraries were sequenced using 1 x 58 bp single-end reads, with two
indexed samples per lane, yielding about 36.0 million reads per sample. After
alignment of the sequencing reads to the human reference genome, counts for each
gene were computed for each sample by use of the HTSeq software (version
v0.5.3p3). Next, we used the EDASeq R package (including a within-lane and
between-lane normalization procedure) to normalize gene count data and obtain more
accurate estimates of gene expression levels.19
In addition, raw RNA sequencing data were downloaded for 153 NSCLC
samples and 25 adjacent non-tumor lung tissue samples from The Cancer Genome
Atlas (TCGA) Data Portal (https://tcga-data.nci.nih.gov/tcga/). For reasons of
consistency, we only used RNA sequencing data of white ever smokers with untreated
primary NSCLC and for whom spirometry data were available. Clinical
characteristics of the resulting TCGA study population are presented in
Supplementary Table S5. To normalize gene count data, we used the same EDASeq R
package as we used for the analysis of our own RNA sequencing data. We considered
a gene to be expressed when having at least 1 read per million in at least one sample,
as is routinely the case for RNA-seq analysis.20 The number of reads per million for
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each gene was calculated by dividing the number of gene reads by the total number of
reads, multiplied by 1 million.
Validation of gene expression findings by RT-PCR
Of the RNA extracted from the tumor and adjacent lung tissue samples used for RNA
sequencing, 90ng of RNA was reverse transcribed with SuperScriptTM III Reverse
Transcriptase (Life Technologies, Carlsbad, CA), according to the manufacturer’s
instructions. The resulting cDNA was amplified using TaqMan Fast Universal PCR
Master Mix (Applied Biosystems, Foster City, CA) and detected on a LightCycler480
(Roche Diagnostics, Mannheim, Germany). Quantitative RT-PCR was performed
using pre-designed PrimeTime qPCR assays for FANCI, HIF1A, SFTPA2 and
CXCL17 (IDT, San Jose, CA), according to the manufacturer’s instructions. Each
sample was performed in duplicate. Transcript levels for each gene were normalized
for the housekeeping gene B2M and the average expression level of that gene in the
adjacent lung tissue samples.
Histological analyses
An experienced pathologist, blinded to the clinical data and not involved in the
methylation or gene expression analyses, scored H&E stained tumor sections for the
degree of immune cell infiltration. In particular, in a first step, he reviewed one tumor
section from each patient to assess the variability in immune cell infiltration across
the different tumor sections. In a second step, he categorized each tumor sample as
showing ‘no-to-mild’ or ‘moderate-to-severe’ immune cell infiltration. In addition,
he performed immunohistochemical stainings by use of the Bond-maxTM
immunostainer (Leica Microsystems GmbH, Wetzlar, Germany). First, sections were
deparaffinized and subjected to heat antigen retrieval (see Table below for specific
conditions). Before applying antibodies, internal peroxidase activity was inhibited
with 3% H2O2. Next, sections were incubated with ready-to-use primary antibodies
against human CD3, CD4, CD8, CD20, CD66b, CD68, MPO and NCAM (DAKO
Corp., Carpinteria, CA) for 30 minutes.
Primary antibody
CD3
CD4
CD8
CD20cy
CD68 KP1
MPO
NCAM/CD56
CD66b

Catalogue number
IR503
IR649
IR623
IR604
IR609
IR511
IR628
555724

Species
Polyclonal Rabbit
Monoclonal Mouse
Monoclonal Mouse
Monoclonal Mouse
Monoclonal Mouse
Polyclonal Rabbit
Monoclonal Mouse
Monoclonal Mouse

Antigen retrieval
H1 (10)
H2 (20)
H2 (20)
H1 (40)
H1 (20)
H1 (20)
H1 (40)
H1 (20)

Primary antibodies used for immunohistochemistry. All primary ready-to-use antibodies were purchased at
Dako (Dako Corp., Carpinteria, CA), except for CD66b at BD Biosciences (Erembodegem, Belgium). H1
refers to pretreatment of the tumor section with Tris-EDTA buffer (PH9), H2 refers to pretreatment of the
tumor section with citrate buffer (PH6). The duration of the pretreatment is indicated in minutes in between
brackets (i.e., 10, 20 or 40 minutes).

Finally, primary antibodies were detected using the BOND Polymer refine detection
kit, according to the supplier’s instructions. For each marker, stained sections were
screened at low power (100x magnification) to identify the five areas with the highest
density of positive cells within the tumor (hereafter referred to as hot spots).21 Next, at
each hot spot, an image was taken at 400x magnification (high power field, HPF)
using an Olympus BX41 microscope and an Olympus XC30 camera. In each HPF, the
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absolute number of positive cells and the hotspot surface were counted manually. The
average density of positive cells per 5 HPFs (expressed as number of positive
cells/mm2) for each patient was used for further analysis. We did not evaluate the
various tumor compartments separately.
Statistical analyses
We performed a top down unsupervised hierarchical clustering analysis using the
RPMM (Recursively Partitioned Mixture Model) method, which has been
successfully used to identify clinically relevant methylation-based subgroups for other
cancer types (e.g. colorectal cancer).22 RPMM is a model-based top down
unsupervised hierarchical clustering method that is specifically developed for DNA
methylation data generated by Infinium methylation assays, such as the 450K array.
‘Top down’ refers to the fact that all observations (i.e., all CpG values obtained in all
samples) are initially included in the analysis. Subsequently, branches are formed
recursively as one moves down the hierarchy. As a split criterion, we used the
weighted version of the Bayesian Information Criterion, as implemented in the
RPMM R package. Based on this criterion, the partitioning is stopped when the
subsequent split would lead to a less appropriate grouping of the samples. A
multivariate logistic regression model with forward stepwise selection was used to
identify independent predictors of cluster membership, with age, histological subtype,
pack-years smoked, years-quit smoking, COPD status and batch included as
covariates in the model. Each batch (n=4) was assigned an indicator variable to
evaluate for any batch-related effects.
To identify CpGs associated with COPD status, we stratified the study
population by COPD status. In each subgroup, we compared the methylation profiles
of tumor and adjacent lung tissue by use of a paired linear model (Limma R package)
and selected differentially methylated CpGs based on an FDR-adjusted P-value <0.05
and a Δβ-value >0.075.23,24 Differential expression analysis was performed for genes
with at least 1 read per million in at least one sample by use of the DESeq R
package.25 The number of reads per million for each gene was calculated by dividing
the number of gene reads by the total number of reads, multiplied by 1 million. A twofold or greater change in expression and a FDR-adjusted P-value <0.05 were selected
to designate significantly up- or downregulated genes. In each subgroup, hyper- or
hypomethylated genes and up- or downregulated genes were used as input for gene
ontology (GO) enrichment analysis when being only significant in that particular
subgroup. Enrichment analysis of GO biological processes was performed by use of
the GO enRIchment anaLysis and visuaLizAtion tool (GOrilla).26 For the differentially
methylated genes, the enrichment of GO classes was tested against a background list
of genes that were represented on the 450K BeadChip. For the differentially expressed
genes, the enrichment of GO classes was tested against a background list of genes
extracted from the Ensembl transcriptome version GRCh 37.65. Enrichment is
calculated by GOrilla as the ratio of the following two proportions: i) the ratio of the
number of genes in the user’s input list associated with a specific GO term and the
total number of genes in the user’s input list, and (ii) the ratio of the total number of
genes associated with a specific GO term and the total number of genes. Only GO
terms with a corresponding FDR-adjusted P-value <0.05 were considered as
significantly enriched.
To confirm the observed reduction in TH-cell infiltration and to elucidate
whether one or more specific TH-cell subtypes were affected, we re-analyzed
expression data from our discovery RNA-seq cohort (i.e., 39 lung tumor pairs). We
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defined each T-helper cell subtype by the expression of genes encoding relevant
markers for that subtype (Supplementary Table S6, based on Tangye et al.27). First, we
calculated the fold-change in expression between tumors from COPD and non-COPD
patients for each individual gene by use of the DESeq R package.25 Next, for each THcell subtype, we performed a meta-analysis (under a random-effects model) of the
logarithmically transformed (log2) fold-changes for the genes encoding markers for
that particular subtype. For genes encoding suppressing cytokines, we inverted the
sign of the fold-change (-log2). Finally, the fold-changes for each TH-cell subtype were
combined (by performing a meta-analysis under a random-effect model) to measure
the overall fold-change in expression for TH-cell markers between COPD and nonCOPD tumors.
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2. Supplementary Results
SWAN normalization
The Infinium HM450K beadchip incorporates two different probe types using
different assay designs (Infinium I and Infinium II). Although this allows the
assessment of about 20 times more CpGs in comparison with the previous array (27K),
this introduced technical variation between the two probe types. We therefore applied
the recently developed SWAN normalization method, which has been confirmed to
remove sources of technical variation without removing any true biological differences
between samples and probes.18 After SWAN normalization, the average β-value
distributions from the two probe types were more consistent (see Figure below). In
particular, SWAN reduced the absolute difference between the peak positions of
Infinium I and II probes at the unmethylated and methylated extremes of the
distribution. The mean absolute difference at the unmethylated extremes was reduced
from 0.017 to 0.009, while the mean absolute difference at the methylated extremes
was reduced from 0.020 tot 0.015.18 Hence, this normalization method resulted in an
improved overall β distribution.

Plot illustrating the density distributions (Y-axis) of the β-values (X-axis) for all CpGs that are probed by the 450K
methylation array, and this before and after SWAN normalization.

Methylation profiles of all NSCLC tumors
To validate previously published DNA methylation studies, we compared the βvalues for all 469,692 CpGs between tumor and adjacent lung tissue and selected
differentially methylated CpGs (Δβ-values ≥0.15) by use of a linear model (FDRadjusted P-value <0.01). In total, we identified 13,142 differentially methylated CpGs
of which, as expected, the majority (n=7,522) was relatively hypermethylated in the
tumor (Supplementary Figure S1).28 These differentially methylated CpGs represent
3,653 genes, including genes that were previously reported as being differentially
methylated in lung cancer, such as CDH13, PAX5 and GNAL.29 Genes that are
targeted by Polycomb group (PcG) proteins in embryonic stem cells (ESCs) are prone
to undergo hypermethylation in cancer, especially when marked by both a repressive
10

(H3K27me3) and activating (H3K4me3) histone mark (also referred to as a bivalent
domain) in ESCs.30 In our samples, 35.6% of tumor-associated hypermethylation
occurred at ESC-bivalent domains, whereas tumor-associated hypermethylation
occurred 3 times more frequently in gene promoters with established ESC-bivalent
domains31 than in other promoters (i.e., 26.9% versus 8.8%, P<0.001). We thus
observed tumor-associated methylation changes similar to those previously described
for NSCLC.
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Effects of batch and sample position on the clusters
To identify potential methylation-based tumor subgroups, we performed RPMM-based
unsupervised hierarchical clustering of normalized β-values for the 46 tumor and
adjacent lung tissue samples.32 As described in the main manuscript, RPMM-based
clustering of normalized tumor β-values revealed two major tumor subgroups.
Forward-logistic regression established an independent association between tumor
cluster membership and COPD status (P=0.024), but not with other covariates in the
regression model (age, histological subtype, pack-years smoked, years-quit smoking
emphysema, COPD treatment and batch). To additionally explore the possibility of a
batch effect, we performed a principal component analysis (PCA) using the β-values
of the CpGs that were responsible for the segregation of the tumor samples into two
clusters. There were 4 batches of arrays in our study. As can be appreciated from the
figure below, there was no overt grouping of the data by batch in our study population
based on PCA.
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Scatter plot of the first 2 principal component (PC) scores obtained for the β-values of the CpGs responsible for
cluster assignment and the 4 batches. Each point in the scatter plot represents a tumor sample, and the colors
indicated in the legend of the figure are the color-coding for each batch.

We also performed a PCA to assess whether the position of the samples on the chip
influenced methylation data. As described above, technicians blinded to the clinical
data randomly applied 12 samples, spread over 6 rows (R) and 2 columns (C), to each
array. As can be appreciated from the figure below, there is no overt grouping of the
data by sample position as assessed by PCA.
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Scatter plot of the first 2 principal component (PC) scores for the 46 tumor samples. Each point in the scatter plot
represents a tumor sample, and the colors indicated in the legend of the figure is the color-coding for each position
on the array.
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Correlation between COPD and emphysema
As expected, the majority of COPD patients suffered from emphysema: of the 27
COPD patients, 5 had no emphysema, 13 had mild emphysema, 8 had moderate
emphysema and one had severe emphysema. However, also some non-COPD patients
showed some traces of emphysema on their chest CT scan: of the 19 non-COPD
patients, 5 had no emphysema and the remaining 14 had mild emphysema.
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Severity of emphysema in COPD and non-COPD patients. As expected, there is a negative correlation between
FEV1/FVC and the percentage of the lung affected by emphysema (R=-0.45; P=0.0017). Consequently, the median
of the percentage of the lung affected by emphysema is higher in the COPD than in the non-COPD group (t-test
P=0.00044).
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Overlap between tumor and adjacent tissue clusters
Cluster analysis revealed two clusters in the tumor tissue and in the non-cancerous
adjacent lung tissue. There was no overlap between subjects from tumor cluster 1, in
which β–values of the tumor tissue were clustered, and those in adjacent tissue cluster
1, in which β-values of adjacent non-cancerous tissue were clustered. This is also
shown in the table below (χ² P=1).

Tumor tissue

Cluster 1
Cluster 2

Adjacent normal tissue
Cluster 1
Cluster 2
8
19
6
13

Bisulfite-independent validation of array-based methylation findings
To independently validate the methylation differences observed with the Infinium
450K beadchip, we used methylation-sensitive restriction digestion, an orthogonal
method not relying on DNA bisulfite conversion. We selected 3 random genes with a
CpG in their promoter region that was located in a CCGG context and that showed a
significant difference in Δβ-value between the COPD and non-COPD subgroup.
Results of methylation-sensitive restriction digestion and methylation arrays were
highly concordant. In particular, the Pearson’s correlation coefficient between the two
assays was 0.87 (P<0.01). In addition, relative differences between tumor and adjacent
lung tissue, in the COPD and the non-COPD subgroup separately and between both
subgroups, were concordant between both assays and this for each gene assessed.

Bisulfite-independent validation of array-based methylation findings: Bar plots showing methylation levels of
selected CpGs located in the promoter region of KIAA0922 (A), SPHK2 (B) and TLX1 (C), as determined by use of
methylation-sensitive restriction digestion (grey bars) and by use of Infinium 450K methylation arrays (white bars).
The left Y-axis represents the mean fraction of undigested DNA after HpaII and MspI digestion, which corresponds
to the fraction of methylated DNA in the sample. The right Y-axis represents the mean Infinium β-value for the
selected CpGs. Columns and error bars represent means ± standard errors of mean.

COPD status is rarely considered as a covariate in methylation studies of NSCLC
Although COPD is relatively easy to diagnose, it is almost never taken into account as
a confounding factor in molecular studies of NSCLC. In fact, our unique study design
allowed us to assess for the first time genome-wide methylation data of tumor and
adjacent lung tissue of NSCLC patients in relation to their COPD status. As can be
appreciated from Supplementary Table S7, we checked all genome-wide methylation
studies on NSCLC (n=12) and indeed found only one paper that also considered the
COPD status of the study population assessed.10 However, we could not use this study
13

to validate our findings, first of all since their methylation data were not publically
available. Secondly, there were clear differences in clinical characteristics with our
study population: i) their cohort consisted of only 16 COPD patients, representing
11.5% of the population that was tested. This clearly contrasts with the 59% of COPD
patients present in our study population, which is a fraction that is more expected in a
NSCLC population based on published epidemiological data.33 In addition, ii) only
adenocarcinoma patients were studied, iii) of which several did not have a smoking
history, while we included adenocarcinoma and spinocellular carcinoma patients with
a least 15 pack-years smoked.
Also the two papers of The Cancer Genome Atlas (TCGA) Research Network
reporting on the comprehensive molecular profiling of lung adenocarcinoma and
squamous cell lung carcinoma did not include COPD status in any of their
publications.34,35 At the TCGA data portal, lung function measures are, however,
available for a small subset of the cohort with 450K methylation data: i.e., in 150 out
of the 686 white ever smokers with untreated primary NSCLC, again indicating that
lung function measures and COPD status are not routinely collected in molecular
studies of NSCLC. Unfortunately, this TCGA population of 150 patients with lung
function measures and 450K data available did also not allow us to validate the result
of our clustering analysis. First of all, because we observed clear differences and a lot
of missing values in the clinical characteristics that could potentially influence cluster
membership: i) the proportion of COPD patients in the TCGA cohort was substantially
lower than in our cohort (27% versus 59%), ii) fewer squamous cell carcinoma
samples were included in TCGA (34% versus 45.7%). In addition, iii) for 53 TCGA
patients, respectively, data on pack-years smoked and years-quit smoking were
missing. In addition, iv) for the remaining group of former smokers, the average
number of years-quit smoking was much higher than in our cohort (i.e., 18.9 versus
5.2 years). Importantly, there were also no methylation data of normal lung tissue
samples available for TCGA patients with COPD, indicating that these TCGA data
would anyhow not allow us to validate our principal finding of a functional
enrichment of immune processes among genes differentially methylated between
tumor and adjacent lung tissue of COPD patients.
Comparison of methylation changes in COPD adjacent tissue to literature data
Recently, methylation changes in different sample types of cancer-free smokers with
COPD have been identified.36-39 We compared the results of these previously
published studies against data that we obtained in adjacent lung tissue samples of
COPD and non-COPD patients. For this analysis, we used our results of differential
methylation based on P-values <0.05, since no differentially methylated CpGs were
identified in adjacent lung tissue after FDR-adjustment.

1. Comparison to genome-wide methylation data from Qiu et al. and Vucic et al.

Current study
Qiu et al.
Vucic et al.

Qiu et al.
1
349
32

Vucic et al.
23
32
1,260

In the table, we indicated in bold the numbers of differentially methylated CpGs
reported in the two published studies. For each of the 349 CpGs identified by Qiu et
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al.36 and each of the 1,260 CpGs identified by Vucic et al.,37 we compared the
adjacent lung tissue β-values between our COPD and non-COPD subgroup. The
number of overlapping differentially methylated CpGs is indicated. As can be
appreciated, 1 CpG identified by Qiu and 23 CpGs identified by Vucic were also
differentially methylated in our study (P-value <0.05). However, for none of these
CpGs the differential methylation value, β, was larger than 0.075. Also when
comparing the studies of Qiu and Vucic, who both included cancer-free smokers with
and without COPD and used the 27K beadchip, between each other, we found that
only 32 CpGs overlap.

2. Comparison to gene-specific methylation studies
Sood et al.38 and Guzman et al.39 assessed differential methylation of a selected
number of genes in sputum (n=8 and n=3, respectively). They both identified two
genes to be differentially methylated in the sputum of COPD patients. One CpG in the
MGMT gene, identified by Guzman et al., was also differentially methylated in
adjacent lung tissue between our COPD and non-COPD subgroup (P-value <0.05 and
β >0.075).
Overall, we observed little overlap in differentially methylated CpGs or their
respective genes between our study and the published studies. However, this is not
entirely surprising given the important methodological differences between our study
and the other studies:
1. Disease severity: Our COPD subgroup mainly consisted of GOLD stage 1 and 2
patients, whereas the other study populations mainly included patients with severe
COPD (i.e., GOLD stages 2, 3 and 4). There are also clear differences in the
smoking history of the patients among the different studies. For instance, we
included current and former smokers with a smoking history of ≥15 pack-years,
whereas Qiu et al. included subjects with and without a smoking history and
Vucic et al. only included former smokers.
2. Sample acquisition: We collected lung tissue samples from NSCLC patients,
whereas the other studies collected samples from cancer-free patients with and
without COPD.
3. Tissue type: We studied methylation events in non-malignant lung tissue samples,
whereas the other studies focused on peripheral blood leucocytes, bronchial small
airway epithelial cells and sputum. This is an important difference given the
highly tissue-specific nature of DNA methylation patterns.40
4. Methylation platform: We used the Infinium HumanMethylation450K BeadChip
of Illumina, whereas the two other genome-wide methylation studies used the
Infinium HumanMethylation 27K BeadChip containing 20-fold fewer CpGs. The
last two studies used only a methylation-specific PCR to study differential
methylation of selected genes.
Validation of gene expression data by quantitative RT-PCR
Expression differences observed through RNA sequencing were validated using qRTPCR. As anticipated, results from qRT-PCR and RNA sequencing were highly
concordant. In particular, the Pearson’s correlation coefficient between the two assays
was 0.84 (P<0.01). In addition, relative differences between tumor and adjacent lung
tissue in the COPD and non-COPD subgroup separately and between tumors from
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COPD and non-COPD patients were consistent between both assays and this for each
gene assessed.

Validation of gene-expression data by RT-PCR: Bar plots showing gene expression levels of four selected genes as
determined by use of quantitative real-time PCR (qRT-PCR, grey bars) and RNA sequencing (white bars). In
particular, expression differences were validated for: (A,B) two genes with lower expression levels in tumor versus
adjacent lung tissue in COPD patients and in tumor tissue from COPD versus non-COPD patients: CXCL17 (A)
and SFTPA2 (B); (C,D) two genes with higher expression levels in tumor versus adjacent lung tissue in COPD
patients and in tumor tissue from COPD versus non-COPD patients: HIF1A (C) and FANCI (D). The left Y-axis
represents the copy numbers as determined by qRT-PCR and the right Y-axis represents the normalized read counts
as determined by RNA sequencing. Columns and error bars represent means ± standard errors of mean.

Comparison of expression changes in COPD normal tissue to literature data
As explained in the main manuscript, we independently validated our COPDassociated immune signal by using expression data of 178 NSCLC patients stratified
for COPD status in the TCGA cohort. Importantly, we could validate our expression
data in this cohort since RNA-seq data of normal lung tissue samples were available
for TCGA patients with COPD, which was not the case for methylation data (as
explained above). However, we were not able to additionally validate our expression
results in other published studies. In particular, we checked all gene expression studies
on NSCLC (n=58) and found only one study that also collected clinical information
about the COPD status of NSCLC patients.41 However, the design of this study
differed substantially from ours, since gene expression was assessed in tumor cells
purified from squamous cell lung cancer samples by use of laser dissection
microscopy, whereas we assessed gene expression in whole tumor tissue samples from
patients with squamous cell carcinomas and adenocarcinomas. As part of the immunerelated signature that we identified in COPD patients reflects the different constitution
of tumor-infiltrating normal cells, we did not attempt to additionally replicate our data
in the latter study Hence, published studies did not allow us to additionally validate
our gene expression data.
Recently, gene expression changes in different sample types of cancer-free
smokers with COPD (as defined by spirometry) have been identified.6,11,42 We
investigated the results of these previously published studies in the adjacent tissue
samples of our COPD and non-COPD subgroup. We identified few genes, SAA1 and
SAA2 (identified in Steiling et al.42), which were also differentially expressed in our
study (P<0.05). Again this little overlap may relate to differences in patient selection,
tissue sampling and gene expression platform used, as there is also little overlap in
differentially expressed genes among the 3 published studies. For instance,
Bhattacharya et al. investigated non-malignant lung tissue from subjects undergoing
resection of a suspected malignant solitary nodule to whereas Steiling et al. studied
bronchial airway brushings obtained during bronchoscopy from participants of a lung
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cancer screening trail, and Wang et al. assessed normal lung tissue from patients who
required surgery for small peripheral lung nodules.

Current study
Bhattacharya et al.
Steiling et al.
Wang et al.

Bhattacharya et al.
0
55
0
0

Steiling et al.
2
0
98
2

Wang et al.
0
0
2
203
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4. Supplementary Tables
Table S1. Overview of differentially methylated and expressed genes
This Table is provided in the file Online_data_supplement_2.xlsx. The table
consists of the following tabs:
1. The 1st tab contains data on the 13,037 CpGs and associated genes that were used
by the RPMM algorithm for cluster assignment.
2. The 2nd tab contains data on the significantly hyper- and hypomethylated CpGs in
tumor versus adjacent tissue in COPD patients.
3. The 3rd tab contains data on the significantly hyper- and hypomethylated CpGs in
tumor versus adjacent tissue in non-COPD patients.
4. The 4th tab contains data on the CpGs significantly hypermethylated in COPD
versus non-COPD tumors.
5. The 5th tab contains data on genes with a significantly lower expression level in
tumor versus adjacent tissue in COPD patients from our discovery cohort.
6. The 6th tab contains data on genes with a significantly lower expression level in
tumor versus adjacent tissue in non-COPD patients analysed in our discovery
cohort.
7. The 7th tab contains data on genes that are both promoter hypermethylated and
downregulated in tumor versus adjacent tissue of COPD patients analysed in our
discovery cohort.
8. The 8th tab contains data on genes with a significantly lower expression level in
tumor versus adjacent tissue in COPD patients analyzed in our validation cohort.
9. The 9th tab contains data on genes with a significantly lower expression level in
tumor versus adjacent tissue in non-COPD patients analyzed in our validation
cohort.
10. The 10th tab contains data on genes with a significantly lower expression level in
tumor versus adjacent tissue from COPD patients both in our RNA-seq discovery
and TCGA validation cohort.
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Table S2. Clinical characteristics of clusters obtained by RPMM-based clustering of
normalized β-values in adjacent lung tissue

Subjects, n (%)
Demographics
Age, years, mean (SD)
Male sex, n (%)
Smoking behavior
Pack-years history, mean (SD)
Smoked years, mean (SD)
Current smokers, n (%)
COPD, n (%)
COPD GOLD stage, n (%)
stage I
stage II
stage III
stage IV
Histologic type, n (%)
Adenocarcinoma
Squamous cell
Tumor stage, n (%)
IA
IB
IIA
IIB
IIIA
IV
COPD Treatment, n(%)
LAMA
LABA
ICS
CS
Emphysema, n (%)
None
Mild
Moderate
Severe

Total
46

Cluster 1
14 (30.4)

Cluster 2
32 (69.6)

67.0 (8.0)
39 (84.8)

69.4 (9.2)
13 (92.9)

65.9 (7.4)
26 (81.3)

44.3 (23.4)
43.0 (12.7)
29 (63.0)
27 (58.7)

49.4 (19.6)
47.6 (12.5)
11 (78.6)
11 (78.6)

42.1 (24.8)
40.9 (12.4)
18 (56.3)
16 (50.0)

11 (23.9)
15 (32.6)
0
1 (2.2)

4 (28.6)
7 (50.0)
0
0

7 (21.9)
8 (25.0)
0
1 (3.1)

25 (54.3)
21 (45.7)

6 (42.9)
8 (57.1)

19 (59.4)
13 (40.6)

11 (23.9)
9 (19.6)
9 (19.6)
6 (13.0)
9 (19.6)
2 (4.3)
16 (34.8)
7 (15.2)
1 (2.2)
14 (30.4)
4 (8.7)

4 (28.6)
1 (7.1)
3 (21.4)
4 (28.6)
2 (14.3)
0
8 (57.1)
2 (14.3)
1 (7.1)
7 (50)
2 (14.3)

7 (21.9)
8 (25.0)
6 (18.8)
2 (6.2)
7 (21.9)
2 (6.2)
8 (25)
5 (15.6)
0 (0)
7 (21.9)
2 (6.3)

27 (58.7)
10 (21.7)
8 (17.4)
1 (2.2)

7 (50)
4 (28.6)
3 (21.4)
0 (0)

20 (62.5)
6 (18.8)
5 (15.6)
1 (3.1)

Categorical variables are expressed as number (n) and percentage (%). Percentages represent column
percentages, except for the percentage of subjects in each cluster. Continuous variables are expressed as mean
and standard deviation (SD). Abbreviations: COPD, Chronic Obstructive Pulmonary Disease; GOLD, Global
Initiative for Chronic Obstructive Lung Disease; LAMA, long-acting muscarinic antagonists; LABA, inhaled
long-acting β2-agonists; ICS, inhaled corticosteroid; CS, oral corticosteroids. Clusters were determined by
RPMM-based clustering of normalized β-values for adjacent lung tissue samples.
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Table S3. Clinical characteristics of the study population stratified for COPD status
Total
Subjects, n (%)
Demographics
Age, years, mean (SD)
Male sex, n (%)
Smoking behavior
Pack-years history, mean (SD)
Smoked years, mean (SD)
Current smokers, n (%)
COPD, n (%)
COPD GOLD stage, n (%)
stage I
stage II
stage III
stage IV
Histologic type, n (%)
Adenocarcinoma
Squamous cell
Tumor stage, n (%)
IA
IB
IIA
IIB
IIIA
IV
COPD Treatment, n (%)
LAMA
LABA
ICS
CS
Emphysema, n (%)
None
Mild
Moderate
Severe

46

Non-COPD
subgroup
19 (41.3)

COPD
subgroup
27 (58.7)

67.0 (8.0)
39 (84.8)

65.7 (9.0)
13 (68.4)

68.0 (7.2)
26 (96.3)

44.3 (23.4)
43.0 (12.7)
29 (63.0)
27 (58.7)

45.0 (32.9)
42.1 (13.8)
11 (57.9)
-

43.8 (14.1)
43.6 (12.1)
18 (66.7)
27 (100)

11 (23.9)
15 (32.6)
1 (2.2)

-

11 (40.7)
15 (55.6)
1 (3.7)

25 (54.3)
21 (45.7)

13 (68.4)
6 (31.6)

12 (44.4)
15 (55.6)

11 (23.9)
9 (19.6)
9 (19.6)
6 (13.0)
9 (19.6)
2 (4.3)
16 (34.8)
7 (15.2)
1 (2.2)
14 (30.4)
4 (8.7)

4 (21.1)
4 (21.1)
1 (5.3)
3 (15.8)
6 (31.6)
1 (5.3)
2 (10.5)
2 (10.5)
0 (0.0)
1 (5.3)
0 (0.0)

7 (25.9)
5 (18.5)
8 (29.6)
3 (11.1)
3 (11.1)
1 (3.7)
14 (51.9)
5 (18.5)
1 (3.7)
13 (48.1)
4 (14.8)

10 (21.7)
27 (58.7)
8 (17.4)
1 (2.2)

5 (26.3)
14 (73.7)
0 (0.0)
0 (0.0)

5 (18.5)
13 (48.1)
8 (29.6)
1 (3.7)

Categorical variables are expressed as number (n) and percentage (%), and continuous variables are
expressed as mean and standard deviation (SD). Percentages represent column percentages, except for the
percentage of subjects in each subgroup. Abbreviations: COPD, Chronic Obstructive Pulmonary Disease;
GOLD, Global Initiative for Chronic Obstructive Lung Disease; LAMA, long-acting muscarinic
antagonists; LABA, inhaled long-acting β 2-agonists; ICS, inhaled corticosteroid; CS, oral
corticosteroids.
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Table S4. Clinical characteristics of the RNA-seq discovery cohort stratified for COPD
status
Total
Subjects, n (%)
Demographics
Age, years, mean (SD)
Male sex, n (%)
Smoking behavior
Pack-years history, mean (SD)
Smoked years, mean (SD)
Current smokers, n (%)
COPD, n (%)
COPD GOLD stage, n (%)
stage I
stage II
stage III
stage IV
Histologic type, n (%)
Adenocarcinoma
Squamous cell
Tumor stage, n (%)
IA
IB
IIA
IIB
IIIA
IV

39

Non-COPD
subgroup
18 (46.2)

COPD
subgroup
21 (53.8)

66.5 (8.6)
32 (82.1)

64.9 (8.2)
13 (72.2)

67.9 (8.9)
19 (90.5)

43.4 (24.6)
41.4 (14.3)
22 (56.4)
21 (53.8)

43.3 (33.0)
38.2 (15.6)
9 (50.0)
-

43.4 (14.9)
43.9 (12.9)
13(61.9)
21 (100)

8 (20.5)
12 (30.8)
1 (2.6)

-

8(38.1)
12(57.1)
1 (4.8)

18 (46.2)
21 (53.8)

7 (38.9)
11(61.1)

11(52.4)
10(47.6)

8 (20.5)
11 (28.2)
7 (17.9)
5 (12.8)
6 (15.4)
2 (5.1)

3 (16.7)
5 (27.8)
0 (0.0)
3 (16.7)
6 (33.3)
1 (5.6)

5 (23.8)
6 (28.6)
7 (33.3)
2 (9.5)
0 (0.0)
1 (4.8)

Categorical variables are expressed as number (n) and percentage (%), and continuous variables are
expressed as mean and standard deviation (SD). Percentages represent column percentages, except for the
percentage of subjects in each subgroup. Abbreviations: COPD, Chronic Obstructive Pulmonary Disease;
GOLD, Global Initiative for Chronic Obstructive Lung Disease.
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Table S5. Clinical characteristics of the TCGA study population used for validation of
gene expression findings

Subjects, n (%)
Demographics
Age, years, mean (SD)
Male sex, n (%)
Smoking behavior
Pack-years history,
mean (SD)
Smoked years, mean
(SD)
Current smokers, n (%)
COPD GOLD stage, n
(%)
stage I
stage II
stage III
stage IV
Histologic type, n (%)
Adenocarcinoma
Squamous cell
Tumor stage, n (%)
IA
IB
IIA
IIB
IIIA
IIIB
IV

Tumor samples
Non-COPD
COPD
subgroup
subgroup
112 (62.9)
41 (23.0)

Adjacent lung tissue samples
Non-COPD
COPD
subgroup
subgroup
20 (11.2)
5 (2.8)

66.8 (8.6)
57 (50.9)

66.4 (8.4)
22 (53.7)

65.9 (8.9)
9 (45.0)

66.2 (8.5)
4 (80.0)

47.4 (30.3)

54.1 (35.1)

54.1 (25.3)

57.5 (35.2)

28 (25.0)

18 (43.9)

3 (15.0)

3 (60.0)

-

8 (20.0)
23 (57.5)
8 (20.0)
1 (2.5)

-

1 (20.0)
3 (60.0)
1 (20.0)
0

80 (71.4)
32 (28.6)

21 (51.2)
20 (48.8)

13 (65.0)
7 (35.0)

1 (20.0)
4 (80.0)

38 (33.9)
36 (32.1)
11 (9.8)
12 (10.7)
11 (9.8)
1 (0.9)
1 (0.9)

14 (34.1)
11 (26.8)
4 (9.8)
3 (7.3)
8 (19.5)
1 (2.4)
0

7 (35.0)
9 (45.0)
1 (5.0)
1 (5.0)
2 (10.0)
0
0

0
2 (40.0)
0
1 (20.0)
1 (20.0)
0
1 (20.0)

Categorical variables are expressed as number (n) and percentage (%). Percentages represent column percentages,
except for the percentage of subjects in each subgroup. Continuous variables are expressed as mean and standard
deviation (SD). Abbreviations: TCGA, The Cancer Genome Atlas Project; COPD, Chronic Obstructive Pulmonary
Disease; GOLD, Global Initiative for Chronic Obstructive Lung Disease. For the variables ‘pack-years history’ and
‘GOLD stage’, respectively, 17 and 2 values were missing. The variable ‘smoked years’ was not included in the
table since data for 84 subjects were missing.
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Table S6. Genes whose expression was used as a marker specific for established
CD4+ T-helper cell subtypes
CD4+ T-cell
subset
TH1

TH2

TH17

Treg

TFH

TH9

TH22

Inducing
cytokines
IL12A
IL12B
IFNG
IL4

Activating
STATs
STAT1
STAT4

Transcription
factors
TBX21

Suppressing
cytokines
IL4
IL10

Produced
cytokines
IFNG

STAT6

GATA3
MAF

IFNG

TGFB1
TGFB2
TGFB3
IL1B
IL6
IL23A
TGFB1
TGFB2
TGFB3
IL2
IL6

STAT3

RORA
RORC

IL2
IFNG
IL4
IL27

IL4
IL5
IL13
IL17A
IL17F
IL21
IL22
IL26

STAT5A
STAT5B

FOXP3

IL6

STAT1
STAT3
STAT4

BCL6
IRF4
MAF
BATF

IL2
IL10

STAT6

IRF4
SPI1

IFNG

IL9

STAT1
STAT3
STAT5A
STAT5B

RORC
AHR

TGFB1
TGFB2
TGFB3

IL22

IL12A
IL12B
IL21
IL27
TGFB1
TGFB2
TGFB3
IL4
IL6
TNF

TGFB1
TGFB2
TGFB3
IL10
IL4
IL10
IL21

Gene symbols, HUGO gene names: AHR, aryl hydrocarbon receptor; BATF, basic leukine zipper transcriptional
factor; BCL6, B cell lymphoma 6; FOXP3, forkhead box 3; GATA3, GATA-binding protein 3; IFNG,
interferon-gamma; IL, interleukin; IRF4, interferon-regulatory factor 4; MAF, v-maf avian musculoaponeurotic
fibrosarcoma oncogene homolog; ROR, retinoid related orphan receptor; STAT, signal transducer and activator
of transcription; TBX, T-box; TGFB, transforming growth factor-beta; TFH, T follicular helper; TH, T helper;
TNF, tumor necrosis factor; Treg, T regulatory. Table reproduced from.27
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Table S7. Overview of previously published genome-wide methylation and expression studies on NSCLC.
A. Overview of previously published epigenome-wide methylation studies performed on tissue samples from NSCLC patients
Accessibility of data

Reference

Technology

1.
2.
3.
4.
5.
6.
7.
8.

GEO: GSE16559
/
/
/
GEO: GSE27902
/
/
GEO: GSE24502

Christensen BC, Cancer Res, 2009
Son et al., Cancer Lett, 2011
Bibikova et al., Genome Res, 2006
Selamat et al., Genome Res, 2012
Nelson et al., Epigenetics, 2012
Moran et al., Int J Oncol, 2012
Lockwood et al., PLoS One, 2012
Heller et al., Carcinogenesis, 2013

9.
10.
11.
12.

/
GEO: GSE41343
/
/

Sato et al., PLoS One, 2013
Carvalho RH, Epigenetics Chromatin, 2012
Sandoval et al., J Clin Oncol, 2013
Sato et al., Int J Can, 2014

Illumina GoldenGate array
Illumina GoldenGate array
Illumina GoldenGate array
Illumina 27K methylation array
Illumina GoldenGate array
Illumina GoldenGate array
Illumina 27K methylation array
Methylated DNA immunoprecipitation
combined with microarray analysis
Illumina 27K methylation array
MethylCap-Seq
Illumina 450K methylation array
Illumina 27K methylation array

Number of NSCLC
patients (N)
N = 57
N = 20
N = 23
N = 59
N = 47
N = 46
N = 61
N =101

COPD status
provided
No
No
No
No
No
No
No
No

N = 145
N=7
N = 587
N=189

No
No
No
Yes
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B. Overview of previously published genome-wide expression studies performed on tissue samples of NSCLC patients
Accessibility of data

Reference

Technology

1.

GEO: GSE40419

Seo JS, Genome Res, 2012

2.

/

Han N, Int J Oncol, 2012

3.

/

Han SS, Lung Cancer, 2014

4.

GEO: GSE12472

Boelens MC, J Pathol, 2009

5.
6.
7.

GEO: GSE11117
http://www.broadinstitute.
org/mpr/lung/
GEO: GSE6253

Baty F, Am J Respir Crit Care Med, 2010
Bhattacharjee A, Proc Natl Acad Sci USA,
2001
Lu Y, PLoS Med, 2006

8.
9.

GEO: GSE10245
GEO: GSE19804

10.
11.

GEO: GSE37765
GEO: GSE5828

Kuner R, Lung Cancer, 2009
Lu TP, Cancer Epidemiol Biomarkers
Prev., 2010
Kim SC, PLoS One, 2013
Larsen JE, Eur Respir J, 2007

RNA-seq, HiSeqTM 2000 platform
(Illumina)
Agilent 44k (G4112A) human
whole genome oligo microarray
RNA-seq, HiSeqTM 2000 platform
(Illumina)
Agilent-012391 Whole Human
Genome Oligo Microarray
G4112A
Novachip human 34.5k
Human U95A oligonucleotide
probe arrays
Affymetrix Human Genome
U133A Array
Affymetrix U133 Plus 2.0 Array
Affymetrix U133 Plus 2.0 Array

12.

GEO: GSE44077

Kadara H, J Natl Cancer Inst, 2014

13.
14.

GEO: GSE50081
GEO: GSE42998

Der SD, J Thorac Oncol, 2014
/

15.

GEO: GSE43580

Tarca AL, Bioinformatics, 2013

Illumina Genome Analyzer IIx
22K Human V2.0 Oligo
Microarray
Affymetrix Human Gene 1.0 ST
platform
Affymetrix U133 Plus 2.0 Array
Agilent human whole genome V2
22 K microarray chip
Affymetrix U133 Plus 2.0 Array

Number of NSCLC
patients (N)
N = 87

COPD status
provided
No

N = 59

No

N = 88

No

N = 35

Yes

N = 41
N = 148

No
No

N = 54

No

N = 58
N = 60

No
No

N=6
N = 59

No
No

N = 20

No

N = 181
N = 44

No
No

N = 150

No
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B. Overview of previously published genome-wide expression studies performed on tissue samples of NSCLC patients. Continued.
Accessibility of data

Reference

Technology

16.

GEO: GSE43459

Kabbout M, Clin Cancer Res, 2013

17.

GEO: GSE42998

/

18.

GEO: GSE16534

Lin E, Mol Cancer Res, 2009

19.

GEO: GSE42127

Tang H, Clin Cancer Res, 2013

20.

GEO: GSE3141

Bild AH, Nature, 2006

21.

GEO: GSE8894

Lee ES, Clin Cancer Res, 2008

22.

GEO: GSE11969

23.

GEO: GSE13213

Takeuchi T, J Clin Oncol, 2006;
Matsuyama Y, Mol Carcinog, 2011
Tomida S, J Clin Oncol, 2009

24.

GEO: GSE4573

Raponi M, Cancer Res, 2006

25.

GEO: GSE14814

Zhu CQ, J Clin Oncol, 2010

26.

GEO: GSE37745

Botling J, Clin Cancer Res, 2013

27.

GEO: GSE7670

Su LJ, BMC Genomics, 2007

Affymetrix HumanGene 1.0 ST
platform
Agilent-012391 Whole Human
Genome Oligo Microarray
G4112A
Affymetrix Human Exon 1.0 ST
Array
Illumina HumanWG-6 v3.0
expression beadchip
Affymetrix Human Genome
U133 Plus 2.0 Array
Affymetrix Human Genome
U133 Plus 2.0 Array
Agilent Homo sapiens 21.6K
custom array
Agilent-014850 Whole Human
Genome Microarray 4x44K
G4112F
Affymetrix Human Genome
U133A Array
Affymetrix Human Genome
U133A Array
Affymetrix Human Genome
U133 Plus 2.0 Array
Affymetrix Human Genome
U133A Array

Number of NSCLC
patients (N)
N = 80

COPD status
provided
No

N = 44

No

N = 43

No

N = 176

No

N = 111

No

N = 138

No

N = 149

No

N = 117

No

N = 129

No

N = 133

No

N = 196

No

N = 27

No
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B. Overview of previously published genome-wide expression studies performed on tissue samples of NSCLC patients. Continued.
Accessibility of data

Reference

Technology

28.

GEO: GSE12236

Xi L, Nucleic Acids Res, 2008

29.

GEO: GSE10072

Landi MT, PLoS One, 2008

30.

caArray database: jacob00182

31.

GEO: GSE19188

Director's Challenge Consortium for the
Molecular Classification of Lung
Adenocarcinoma, Nat Med, 2008
Hou J, PLoS One, 2010

Affymetrix Human Exon 1.0 ST
Array
Affymetrix Human Genome
U133A Array
Affymetrix Human Genome
U133A Array

32.

GEO: GSE28571

Micke P, J Thorac Oncol, 2011

33.

GEO: GSE29249

Ma L, PLoS One, 2011

34.
35.
36.

GEO: GSE7898
Lonergan KM, PLoS One, 2010
GEO: GSM990234
/
http://research.agendia.com Roepman P, Clin Cancer Res., 2009

37.

GEO: GSM745659

/

38.

GEO: GSE31799

Starczynowski DT, J Clin Invest, 2011

39.
40.
41.

GEO: GSE29013
GEO: GSE25326
GEO: GSE18842

Xie Y, Clin Cancer Res, 2011
Newnham GM, BMC Cancer, 2011
Sanchez-Palencia A, Int J Cancer, 2011

Affymetrix Human Genome
U133 Plus 2.0 Array
Affymetrix Human Genome
U133 Plus 2.0 Array
Illumina HumanHT-12 V4.0
expression 34beadchip
SAGE:10:NlaIII:Homo sapiens
Human Exon 1.0 ST Array
Agilent 44K whole genome low
density array
Ocimum Biosolutions Human
40k OciChip
Custom Rosetta-Affymetrix
Human platform
Affymetrix U133 plus 2.0 array
PMCC Human 10.5K
Affymetrix Human Genome
U133 Plus 2.0 Array

Number of NSCLC
patients (N)
N = 20

COPD status
provided
No

N = 58

No

N = 442

No

N = 91

No

N = 100

No

N=6

No

N=6
N = 16
N = 172

No
No
No

N=5

No

N = 49

No

N = 55
N = 82
N = 46

No
No
No
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B. Overview of previously published genome-wide expression studies performed on tissue samples of NSCLC patients. Continued.
Accessibility of data

Reference

Technology

42.

GEO: GSE31552

/

43.

GEO: GSE41271

/

44.

GEO: GSE33072

Byers LA, Clin Cancer Res, 2013

45.
46.
47.

GEO: GSE2088
GEO GSE8569
GEO: GSE7880

Fujiwara T, Lung Cancer, 2012
Angulo B, J Pathol 2008
/

48.

Beer DG, Nat Med, 2002

49.

http://dot.ped.med.umich.e
du:2000/ourimage/pub/
Lung/index.html
GEO: GSE4882

Affymetrix Human Gene 1.0 ST
Array
Illumina HumanWG-6 v3.0
expression beadchip
Affymetrix Human Gene 1.0 ST
Array
CHUGAI 41K
CNIO Human Oncochip 2.0
Affymetrix Human HG-Focus
Target Array
HuGeneFL Array

50.

/

Välk K, Oncology, 2010

51.
52.
53.

www.ebi.ac.uk/aerep/
GEO: GSE1987
GEO: GSE5843

Gallegos Ruiz MI, PLoS One, 2008
Dehan E, Lung Cancer, 2007
Larsen JE, Clin Cancer Res, 2007

54.

GEO: GSE6044

Rohrbeck A, J Transl Med, 2008

55.

GEO: GSE3593

Potti A, N Engl J Med, 2006

Chen HY, N Engl J Med, 2007

NTU_CGM_MCF Human 672
Metachip
Illumina Human-6 Expression
Whole-Genome array
Human 30K oligo v44
Human Genome U95AV2 array
PRHU05-S1-0006 (PC Human
Operon v2 21k)
Affymetrix Human HG-Focus
Target Array
Affymetrix Human Genome
U133A Array

Number of NSCLC
patients (N)
N = 30

COPD status
provided
No

N = 275

No

N = 133

No

N = 57
N = 69
N = 20

No
No
No

N = 86

No

N = 125

No

N = 81

No

N = 172
N = 23
N = 48

No
No
No

N = 20

No

N = 198

No
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B. Overview of previously published genome-wide expression studies performed on tissue samples of NSCLC patients. Continued.
Accessibility of data

Reference

Technology

Lazar V1, BMC Med Genomics, 2013

57.

http://www.ebi.ac.uk/
arrayexpress/
GEO: GSE34914

58.

GEO: GSE21933

/

Custom designed 244K Human
exon array (Agilent)
RNA-seq, Illumina Genome
Analyzer II
Phalanx Human OneArray

56.

Kalari KR1, Front Oncol. 2012

Number of NSCLC
patients (N)
N = 123

COPD status
provided
No

N = 15

No

N = 21

No
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Table S8. Overview of previously published genome-wide methylation and expression studies comparing COPD and non-COPD patients.
‘Control’ tissue sample acquisition
Studies on DNA Yoo et al., PloS Genet, 2015
methylation:
Sato et al., Int J Cancer, 2014

Studies on
expression:

gene Kim et al. Int J Genomics, 2015
Lamontage et al., Thorax, 2014

At the time of nodule resection (most of which were most likely to be malignant, although no
details were provided on the nature of these nodules).
At the time of (primary) lung cancer resection. In addition, 35 samples were collected at the time
of lung resection for metastatic lesions of primary non-lung cancers (such as breast cancer) and
one sample was collected at the time of lipoma resection.
At the time of lung cancer resection.
At 3 participating centres from:
 Patients undergoing lung cancer resection.
 Patients undergoing resection of small peripheral lung lesions (no further details provided).
 Patients undergoing surgery for various lung diseases, including lung cancer and end-stage
COPD (for which transplantation).

Bhattacharya et al., Am J Respir At the time of surgery for a solitary nodule suspected to be cancerous (‘almost all’ nodules were
Cell Mol Biol., 2009
malignant, no full details provided on the nature of these nodules).
Wang et al., AJRCCM, 2008

At the time of surgery for small peripheral lung nodules (all malignant except for one benign
lesion)

Ning et al., Proc Natl Acad Sci
U S A., 2004

At the time of surgery, no further details provided.
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5. Supplementary Figures
Figure S1. Specifications of CpGs differentially methylated between tumor and
adjacent lung tissue

(A) Pie charts representing the distribution of (i) all CpGs probed by the 450K methylation array, (ii) CpGs being
differentially methylated between matched tumor and adjacent lung tissue, (iii) CpGs being relatively
hypermethylated in the tumor tissue and (iv) CpGs being relatively hypomethylated in the tumor tissue according to
the CpG content of the genomic region in which they are located: CpG island, shore, shelf or others (B) Pie charts
representing the distribution of the 4 categories of CpGs as explained above, but now according to their functional
genomic location: within 200 bp or 1,500 bp upstream of the transcription start site (TSS200 and TSS1500,
respectively), 5'-untranslated regions (5’UTRs) and exon 1, gene body and 3’UTRs, and intergenic sequences.
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Figure S2. GO terms enriched in genes downregulated in adjacent lung tissue of
COPD patients treated versus untreated for COPD.

GO enrichment analysis was performed on genes significantly downregulated in adjacent lung tissue from treated
versus non-treated COPD patients. The 10 most significantly enriched GO terms for each subgroup are presented.
Horizontal bars represent the fold enrichment (X-axis) for the significantly enriched GO terms, and bars for GO
terms associated with immunological processes are red. The FDR-adjusted P-values for enrichment, the number of
differentially expressed genes associated with a specific GO term (n), and the ratio of n and the total number of
genes associated with a specific GO term (%) are provided at the right of the associated bars.
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Figure S3. Integrated analysis of gene expression and promoter DNA methylation
changes in tumor and adjacent lung tissue samples from NSCLC patients with COPD

The mean log2-transformed fold change in expression between tumor and adjacent lung tissue is plotted for each
gene on the Y-axis. The mean Δβ-value for each gene (based on the mean Δβ-values for promoter CpGs, i.e. -1kb
to +250bp) between tumor and adjacent lung tissue is plotted on the X-axis. Densities are plotted using a color scale
from light blue (low density) to red (high density). Delineated are, respectively in quadrant I: those genes that are
relatively hypermethylated in the tumor (Δβ-value>0.075) and show a more than twofold increase in expression
level in tumor relative to adjacent lung tissue (n=322); quadrant II: those genes that are relatively hypomethylated
in the tumor (Δβ-value<-0.075) and show a more than twofold increase in expression level in tumor relative to
adjacent lung tissue (n=308); quadrant III: those genes that are relatively hypomethylated in the tumor (Δβ-value<0.075) and show a more than twofold decrease in expression level in tumor relative to adjacent lung tissue (n=152);
and quadrant IV: those genes that are relatively hypermethylated in the tumor (Δβ-value>0.075) and show a more
than twofold decrease in expression level in tumor relative to adjacent lung tissue (n=228).
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Figure S4. Degree of immune cell infiltration in H&E stained tumor sections.

Representative microscopic pictures showing different degrees of immune cell infiltration in H&E stained tumor
sections. (A, C and E) Tumor section with mainly fibrosis and a low density of immune cell infiltrates between
tumor cell nests. This section is representative for tumor sections with no-to-mild immune cell infiltration. (B, D
and F) Tumor section with pronounced immune cell infiltration between the tumor cell nests. This section is
representative for tumor sections with moderate-to-severe immune cell infiltration. Original magnifications: x100
(A,B), x200 (C,D) and x400 (E,F). Scale bar, 200µm (upper panel), 100µm (middle panel) and 50µm (lower
panel).
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Figure S5. Density of tumor-infiltrating immune cells in COPD versus non-COPD
patients.

Box plots and superposed dot chart showing the difference in density of tumor-infiltrating immune cells between
COPD and non-COPD patients. The Y-axis represents the average density of positive cells per 5 high power fields
(HPFs). Horizontal black bar represents the mean. Although we believe that the MPO marker is very suited to stain
for neutrophils, we also stained for CD66b (clone G10F5, BD). When assessing the density of CD66b and
comparing it to the originally determined MPO density, we found a very high correlation between both
measurements (R2=0.83; P=0.0040). Since there were also no significant differences for CD66b, only results for
MPO are shown.
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Figure S6. Differential gene expression levels of T-helper cell markers

Differential gene expression levels of T-helper (TH) markers in our RNA-seq discovery cohort (n=39). For each THcell subtype, we present the fold-change in expression (squares and 95% confidence intervals; X-axis) between
tumors from COPD and non-COPD patients based on a meta-analysis (under a random effect model) of foldchanges for the individual genes encoding relevant markers for that TH-cell subtype (see Supplementary Table S6).
The fold-changes for each TH-cell subtype are also combined, by use of a meta-analysis under a random-effect
model, to measure the overall fold-change in expression for TH-cell markers between COPD and non-COPD tumors
(diamonds and 95% confidence intervals). Size of the squares corresponds to the weight of the TH-cell subtype in
the meta-analysis. The P-values for fold-change in expression are provided at the right of each forest plot. TFH, T
follicular helper; TH, T helper; Treg, T regulatory.
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