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Background: DNA methylation alterations are early events in tumorigenesis and important
in the regulation of gene expression in cancer cells. Lung cancer patients have in general
a poor prognosis, and a deeper insight into the epigenetic landscape in lung adenocarci-
noma tumors and its prognostic implications is needed.

Results: We determined whole-genome DNA methylation profiles of 164 fresh frozen lung
adenocarcinoma samples and 19 samples of matched normal lung tissue using the Illu-
mina Infinium 450K array. A large number of differentially methylated CpGs in lung

Keywords:
DNA methylation
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adenocarcinoma tissue were identified, and specific methylation profiles were observed in
tumors with mutations in the EGFR-, KRAS- or TP53 genes and according to the patients’
smoking status. The methylation levels were correlated with gene expression and both

EGFR positive and negative correlations were seen. Methylation profiles of the tumor samples
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NSCLC identified subtypes of tumors with distinct prognosis, including one subtype enriched for
LUAD TP53 mutant tumors. A prognostic index based on the methylation levels of 33 CpGs was
TP53 established, and was significantly associated with prognosis in the univariate analysis
mRNA using an independent cohort of lung adenocarcinoma patients from The Cancer Genome
Adenocarcinoma Atlas project. CpGs in the HOX B and HOX C gene clusters were represented in the prog-
KRAS nostic signature.
Prognosis Conclusions: Methylation differences mirror biologically important features in the etiology of
CpG lung adenocarcinomas and influence prognosis.
TP53 © 2015 The Authors. Published by Elsevier B.V. on behalf of Federation of European
450K Biochemical Societies. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction To address these issues, we have performed a genome-wide

Lung cancer is one of the most frequent cancers and the lead-
ing cause of cancer-related deaths in the world (Jemal et al.,
2011). The discoveries of treatable genetic alterations, like
the EGFR-mutations and ALK-EML4 translocations, have
furthered our understanding, and provided new treatment al-
ternatives for lung cancer patients with metastatic disease
(Politi and Herbst, 2015). Mutations in the EGFR-, KRAS- and
TP53 genes are important in lung cancer biology and increased
understanding of the molecular alterations associated with
the mutation profiles in lung cancer tumors is needed. Despite
this new biological knowledge and improvements in diagnos-
tics, surgery, and radiotherapy, the numbers of patients with
relapse after curative treatment are high. It would be of great
value to have a better prognostic molecular signature to guide
clinicians in considerations about adjuvant treatment.

Epigenetic changes in tumor tissue are involved in the path-
ogenesis of lung cancer (Heller et al., 2010) and are important
regulators that affect both gene activation and gene silencing.
DNA methylation is the covalent addition of a methyl group to
the 5th carbon of the cytosine base within the cytosine-
guanine (CpG)-dinucleotide in the DNA. This is shown to change
the chromatin structure and affect the binding of transcription
factors to DNA, and may thus regulate the transcription of genes
(Heller et al., 2013; Ndlovu et al., 2011; Selamat et al., 2012).

DNA methylation levels of a number of genes have been
found altered in lung cancer tissue (Heller et al., 2013; Lokk
etal., 2012; Moran et al., 2012; Pfeifer and Rauch, 2009). Studies
have identified genes that have different methylation levels
according to the histology of the lung cancer tissue (Lokk
etal., 2012; Moran et al., 2012), and genes that are differentially
methylated between tumors from smokers and never-
smokers (Lokk et al., 2012; Selamat et al., 2012). Little is known
about how the methylation of genes differs between lung ad-
enocarcinomas with different mutation status of the EGFR-,
KRAS- and TP53 genes. DNA methylation profiling has also
confirmed the existence of epigenetic subtypes in cancers
(Karlsson et al., 2014; Shinjo et al., 2012). Other studies have
identified single candidate genes or sets of genes where DNA
methylation may be linked with prognosis in NSCLC (Brock
et al.,, 2008; Sandoval et al., 2013).

The majority of research on DNA methylation in lung can-
cer has so far included a limited number of samples or genes,
focused on CpGs in the promoter regions and mostly lacks
mRNA expression data, mutation status and survival data.

methylation study including 164 lung adenocarcinoma tissue
samples and 19 matched normal lung tissue samples. Using
the Illumina Infinium HumanMethylation450 BeadChip plat-
form we investigated the differentially methylated CpGs in
lung adenocarcinoma tumors and methylation changes spe-
cific to tumors from never-smoking patients, and in tumors
with mutations in the EGFR-, KRAS- or TP53 gene. By using
the Agilent 60K mRNA expression microarray, we analyzed
the mRNA expression of 121 of the lung adenocarcinoma sam-
ples and performed correlation analysis to reveal how mRNA
expression may be influenced by DNA methylation. Last, we
wanted to identify a prognostic index based on the DNA
methylation levels that could separate the patients into
groups with good or poor prognosis.

2. Material and methods
2.1. Patients and tissue samples

Participants in this study were patients with operable lung
cancer tumors submitted to the cardiothoracic surgery
department at Oslo University Hospital-Rikshospitalet, Nor-
way, from 2006 to 2011. None of the patients included had
received chemotherapy or radiotherapy prior to surgery. 164
lung adenocarcinoma samples and 19 matched normal lung
tissue samples remained for further analyses after patholog-
ical re-examination and preprocessing of the methylation
data. Further information about the patients and the handling
of the tissue are described in the Supplementary file. The proj-
ect was approved by the institutional review board and
regional ethics committee (S-05307). All patients included
received oral and written information and signed a written
consent before entering the project. A separate cohort of pa-
tients from The Cancer Genome Atlas (TCGA) project (“The
Cancer Genome Atlas,” n.d.) was used for validation of the
prognostic index. DNA methylation data was available in a to-
tal of 450 tumor specimens at the time of analysis, but detailed
follow-up information was only available for 244 patients and
thus included in the survival-analysis. For these patients, mu-
tation status of EGFR, KRAS and TP53 was either not available,
or only available for very few samples. The main characteris-
tics of the patients included in the final analysis and the vali-
dation cohort are listed in Table 1.
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Table 1 — Patient characteristics and clinicopathological data for

included cohorts.

Discovery Validation
cohort cohort TCGA

Tumor Normal All Samples
lung samples included in
the survival-

analysis
n=164 n=19 n =450 n =244
Age (years):
Median: 65 57 66 67
Range: 39-84 47—79 33-—-88 33-86
Sex:
Females 91 10 230 130
Males: 73 9 194 114
NA: 26
Smoking history:
Current/former: 143 14 347 197
Never: 21 5 64 34
NA: 39 13
KRAS mutation status:
KRAS mutation: 53 16 9
KRAS wt: 101 35 25
KRAS not 10 399 210
tested/unknown:
EGFR mutation status:
EGFR mutation: 20 19 15
EGFR wt: 141 49 32
EGFR not 3 382 197
tested/unknown:
TP53 mutation status:
TP53 mutation: 58 Unknown Unknown
TP53 wt: 93 Unknown Unknown
TP53 not 13 Unknown Unknown
tested/unknown:
Stage:
Ia: 44 109 65
Ib: 49 123 68
Ila: 27 42 22
1Ib: 13 62 37
IIla: 29 60 37
111b: 9 5
IV: 2 18 9
NA: 27 1
Adjuvant chemotherapy or radiation:
Yes: 51 Unknown
No: 113 Unknown
Patient n =162 n =244
outcome (PFS)™:
Event 63 78
No event: 99 166
Follow up time (months):
Mean: 42.3 16.7
Median: 44 13.7
Range: 2-99 2-88.4

a PFS: Progression free survival.

2.2. DNA methylation and mRNA expression data

DNA methylation status of tumor tissue and normal lung tis-
sue was established using lllumina Infinium HumanMethyla-
tion450 BeadChips that cover 485,764 cytosine positions of the
human genome. Preprocessing and normalization involved

steps of probe filtering, color bias correction, background sub-
traction and subset quantile normalization as previously
described (Touleimat and Tost, 2012). After preprocessing of
the data 456,946 probes and 164 tumor samples and 19 normal
lung samples were included.

The bioinformatic analyses were performed using two
different datasets. The first dataset included methylation levels
of all probes that remained after the preprocessing step. The
second dataset, the “gene region collapsed” methylation data-
set, was constructed to reduce the dimensions of the methyl-
ation data and to focus the analyses on regions that are most
relevant for gene function. In this dataset, we used the median
methylation levels of all CpGs mapped to one of the six subre-
gions in the gene. The subregions are located 1) between 1500
and 200 base pairs upstream of transcription start site (TSS),
2) between 200 bp upstream of TSS to the TSS, 3) in the
5'UTR, 4) in the first exon, 5) in the gene body or 6) in the
3'UTR. The intergenic CpGs were not included in this dataset.
The “gene region collapsed” dataset included 79,000 targets.
The raw data and normalized data are available in Gene Expres-
sion Omnibus (GEO) with accession number GSE66836. Tech-
nical validation of the methylation data was performed by
pyrosequencing of 11 selected probes in 162 tumor samples
and 18 normal lung tissue samples (Supplementary file).

A subset of the lung adenocarcinoma samples (n = 121) had
mRNA expression data available. The mRNA expression was
assessed using gene expression microarrays from Agilent
technologies (SurePrint G3 human GE, 8 x 60 K)
(Supplementary file). The mRNA expression data is available
in GEO with accession number GSE66863.

2.3. Statistical analyses

All statistical analyses were performed using the R computing
framework (R Core Team, 2014) and the R-script is added as a
supplementary text file (Lung 450k_publication.txt).

2.3.1. Hierarchical clustering

Unsupervised hierarchical clustering was performed using the
DNA methylation levels of the 1000 most variable gene re-
gions. The distance matrix was calculated using Pearson cor-
relation and average linkage was applied. The differences in
the distribution of the clinical and molecular variables be-
tween the different clusters were analyzed using Chi-square
test and Fisher’s exact test when appropriate. Log-rank test
and Kaplan—Meier curves were used to test the clusters asso-
ciation with time to progression, and a multivariate Cox
regression model was applied to adjust for known clinical vari-
ables. A p-value < 0.05 was considered statistically significant.

2.3.2. Differentially methylated genes between groups

Significance Analysis of Microarrays (SAM) (Tusher et al., 2001)
using standardized Wilcoxon rank statistics was performed to
identify differentially methylated probes between the identi-
fied clusters and between lung adenocarcinoma samples and
normal lung tissue samples. The analyses were performed us-
ing the SAM function, R package samr (Tibshirani R, Chu G,
Balasubramanian N, n.d.) with 100 permutations. We first
applied the SAM analysis between all lung adenocarcinoma
samples and all normal lung tissue samples (unpaired SAM
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list), and then only to the paired lung adenocarcinoma tissue
and the normal lung tissue samples (paired SAM list). The
methylation probes significantly altered in both the paired-
and unpaired SAM analyses were used for further analysis
(overlapping SAM list). The same steps as above were per-
formed on the “gene region collapsed” methylation dataset.
SAM analyses were applied to study differentially methylated
CpGs between tumor tissue from never-smokers and
smokers/former smokers, and between mutated and wild
type tumors of the EGFR, KRAS and TP53 genes. To identify
differentially methylated gene regions between the identified
clusters, multiclass SAM was applied, and the significant gene
regions were associated with the different clusters by identi-
fying the cluster with the median methylation level furthest
from the other clusters (calculated with subtraction of the me-
dian methylation level for each cluster from the median
methylation levels across all clusters). Methylation differ-
ences with FDR g-value smaller than 0.01 (1%) and difference
between the median methylation levels in the two groups
more than 0.2 (20%) were considered statistically significant.

2.3.3. Integration of mRNA expression

The association between DNA methylation and mRNA expres-
sion was investigated by two approaches: 1) DNA methylation
level of each “gene region” was compared with the expression
of the corresponding gene. DNA methylation level and gene
expression was tested for non-zero correlation using Pearson
correlation (R function corr.test). 2) DNA methylation level of a
CpG and gene expression were tested for non-zero correlation
using Pearson correlation if a CpG was within 100 kb of TSS of
a gene. The function eMap1 in the R package eMap (Sun W, n.d.)
was applied for this analysis. A multiple-comparison correc-
tion was performed for both analyses using Bonferroni correc-
tion, and a corrected p-value <0.05 was considered as
statistically significant. A negative correlation between DNA
methylation and gene expression refers to the situation where
increased methylation level is associated with decreased gene
expression (or opposite), while a positive correlation refers to
the situation where increased methylation level is associated
with increased gene expression (or opposite).

2.3.4. Ingenuity Pathway Analysis

The data was analyzed using Ingenuity Pathway Analysis (IPA,
http://www.ingenuity.com/). Core analyses were assessed to
find the level of representation of our selected genes in
already defined canonical pathways. The significance of the
association between our defined gene lists and the molecular
functions, diseases and canonical pathways are calculated us-
ing Fisher’s exact test and the association with the canonical
pathways are corrected for multiple testing by using a
Benjamini-Hochberg approach.

2.3.5.  Prognostic index
Time to progression was calculated from the date of surgery to
the date of diagnosis of relapse, distant metastasis or lung
cancer death. Two patients in the discovery cohort had single
distant metastasis at the time of surgery (stage IV) and were
excluded from the survival analysis.

Lasso regression analysis presents a weighted approach
indicating how well a set of predictors predicts progression-

free survival (Bgvelstad et al., 2007; Tibshirani, 1996). The
analysis was performed using a set of methylation probes
filtered by the correlation to mRNA expression (nominal p-
value < 0.05) and the variation in the methylation levels for
each probe (interquartile range > 0.1 (10%)).

Patients were divided into high and low risk groups accord-
ing to the following index for patient i:

n
indexi = Z ﬁg 'Xgi
g=1

where g is the target (CpG or gene), n is the number of targets,
Bg is the Lasso coefficient for target g and Xg; is the methyl-
ation value for target g in patient i. The patients were divided
into two groups based on the mean prognostic index; those
with prognostic index below the mean (low index) and those
with prognostic index above the mean (high index). The two
groups were tested with log-rank analysis and Kaplan—Meier
curves.

Log-rank tests were performed to identify clinicopatholog-
ical factors (sex, stage, age at surgery, adjuvant chemo-
therapy, smoking status and EGFR-, KRAS- and TP53
mutational status) with significant influence on progression-
free survival using the functions Surv, survfit and survdiff (R
package survival (Therneau T, n.d.)).

A Cox regression model was applied for multivariate sur-
vival analysis using the function coxph (R package survival
(Therneau T, n.d.)). Factors included in the multivariate model
were stage, age at surgery, adjuvant chemotherapy, smoking
status and the prognostic index. A p-value < 0.05 was consid-
ered as statistically significant. Both univariate and multivar-
iate analyses were also performed in the validation cohort.

3. Results

Genome-wide DNA methylation profiles using the Illumina
Infinium 450K array were obtained for 164 lung adenocarci-
noma samples and 19 matched normal lung tissue samples.
The tumor samples were tested for mutations in the EGFR-,
KRAS- and TP53 genes and 20 tumors harbored EGFR muta-
tions (12.4%), KRAS and TP53 mutations were found in 53
(34.4%) and 58 (38.4%) tumors, respectively. All of the patients
with EGFR-mutated tumors were never or former smokers
while only 3 patients with KRAS-mutated tumors and 8 pa-
tients with tumors with mutation in the TP53 gene were
never-smokers. EGFR- and KRAS-mutations were mutually
exclusive. Nine tumors had both EGFR mutation and mutation
in the TP53 gene and 12 of the KRAS-mutated tumors also con-
tained a TP53 mutation. Pyrosequencing was performed as
technical validation, and this data showed good concordance
with the array results especially when the difference between
the median methylation levels between groups were more
than 20% (Supplementary Table 1).

3.1 Hierarchical cluster analysis

Unsupervised hierarchical clustering of the 164 lung adeno-
carcinoma samples using the most variable gene regions
separated the tumors into three main clusters (Figure 1A).
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hierarchical cluster. Patients in cluster two have a significantly better prognosis, and patients in cluster one have a worse prognosis (p = 0.014).
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Cluster 1 was enriched for TP53 mutated tumors (p < 0.001)
and cluster 2 was enriched for tumors from never-smokers
(p < 0.001). All tumors in cluster 3 were from smokers/former
smokers and this cluster had significantly fewer EGFR
mutated tumors (p = 0.031). Sex and KRAS mutation status
were evenly distributed in the three clusters. Tumor stage
was not significantly enriched in any cluster (p = 0.064), but
there was a trend towards a higher proportion of early-stage
tumors in cluster 2. To identify gene regions accounting for
the epigenetic differences between the three clusters we per-
formed multiclass SAM analysis. This analysis revealed 3440
differentially methylated gene regions between the clusters
(Supplementary Table 2). Cluster 1 included 1641 differentially
methylated gene regions that in the pathway analysis were
associated with the TREM 1 signaling pathway (BH-corrected
p-value = 0.031). 958 of the gene regions were hypomethylated
and 683 gene regions were hypermethylated compared with
the other clusters. 647 gene regions (331 hypomethylated
and 316 hypermethylated) were associated with cluster 2
and these genes were significantly associated with granulo-
cyte and agranulocyte adhesion and diapedesis (BH-corrected
p-value = 0.003). The aryl hydrocarbon receptor signaling
pathway (BH-corrected p-value = 0.007) were significantly
associated with the 1152 gene regions in cluster 3. In this clus-
ter 583 gene regions were hypomethylated and 569 were
hypermethylated. Results from IPA with corresponding p-
values are listed up in Supplementary Table 3. Log-rank test
and Kaplan—Meier curves revealed that patients with tumors
in cluster 2 had a better prognosis and patients with tumors in
cluster 1 had the worst prognosis (p-value = 0.014) (Figure 1B).
This was still significant after adjusting for clinical variables in
the multivariate analysis (Supplementary Table 4).

3.2.  Methylation differences in lung adenocarcinoma
tissue and normal lung tissue

The paired and unpaired analyses between lung adenocarci-
noma tissue and normal lung tissue revealed that the methyl-
ation in lung adenocarcinomas was radically changed from
normal lung tissue with altered methylation in 14,530 CpGs
representing 5148 unique genes. This constitutes 3% of the
CpG probes on the array. 59.7% of the differentially methyl-
ated CpGs were hypermethylated (8670 probes representing
3492 genes) and 40.3% were hypomethylated (5860 probes rep-
resenting 2062 genes) in the lung adenocarcinoma tissue sam-
ples. Of the identified CpGs, 7082 CpGs representing 2921
genes were significantly differentially methylated also in the
TCGA data cohort (Benjamini-Hochberg-corrected p-
value < 0.05) (Supplementary Table 5).

SAM was also applied to the “gene region collapsed”
methylation dataset comparing the differentially methylated
gene regions between the lung adenocarcinoma tissue and
the normal lung tissue. This analysis revealed 1222 differen-
tially methylated gene regions, representing 1120 unique
genes. 718 gene regions were hypermethylated (representing
666 unique genes) and 504 gene regions were hypomethylated
(representing 467 unique genes). Both the hypermethylated
and hypomethylated loci were distributed in all gene regions
(Figure 2).

800
700
600 m3'UTR
500 H Body
400 M 1stExon
300 W5'UTR

M TSS200
200

WTSS1500
100

0

Hypermethylated Hypomethylated

Figure 2 — This column plot shows the numbers of hypermethylated
and hypomethylated gene regions between lung adenocarcinoma
samples and normal lung tissue samples. Both the hyper- and
hypomethylated gene regions are located in all gene regions. This plot

is based on the results from the “gene region collapsed” dataset.

Some of the hypermethylated CpGs in tumor tissue were
localized in cancer related genes like Transforming growth
factor 8 (TGFf) and Insuline-like Growth Factor 2(IGF2) and
some have previously been reported as hypermethylated in
lung cancer tissue such as the HOX gene clusters (Lokk
et al., 2012; Rauch et al., 2007). Immunmodulating genes
such as the CCL genes (Chemokine (c—C motif) Ligand 3, 4, 8,
11 and 13, 14, 15, 26) and interleukins (IL21R, IL28B, IL2RA,
IL31RA, IL6 and IL4I1) were identified as hypomethylated. To
investigate the molecular and cellular functions of the genes
differentially methylated in lung adenocarcinoma tissue, we
performed a core analysis using the results from the “gene re-
gion collapsed” data in the Ingenuity Pathway Analysis (IPA).
The differentially methylated genes between lung adenocarci-
noma tissue and normal lung tissue were significantly associ-
ated with cell-to-cell signaling and interaction and cellular
movement and transport. Sub-analysis with the hypermethy-
lated genes was associated with gene expression, cellular
growth and proliferation, and the hypomethylated genes
were significantly associated with biological functions like in-
flammatory response and inflammatory disease. The top ca-
nonical pathways for the hypomethylated genes were
“granulocyte and agranulocyte adhesion and diapedesis”.

3.3.  Methylation patterns in lung adenocarcinomas
associated with clinical variables and mutation status of the
tumor

We identified 225 CpGs differentially methylated between
tumors from never-smokers and smokers/former smokers
(Supplementary Table 6). All CpGs were hypermethylated
in the tumors from the smokers/former smokers. The 225
CpGs represented 147 unique genes. LGALS4 was the top
differentially methylated gene and had a strong correlation
with the mRNA expression (Supplementary Figure 1).
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Forty-two of the differentially methylated genes were cancer
associated according to the IPA analysis. The association be-
tween methylation level and smoking status of these CpGs
was also investigated in the TCGA. None of the CpGs were
significantly differentially methylated in the TCGA data;
however, almost all CpGs were observed with a small in-
crease in methylation level in tumors from smokers/former
smokers.

454 CpGs were differentially methylated between the
EGFR-mutated and EGFR wild type tumors, representing 275
unique genes (Supplementary Table 7). Most of the differen-
tially methylated CpGs were hypermethylated in the EGFR-
mutant tumors with 436 CpGs hypermethylated and only 18
CpGs hypomethylated in the EGFR-mutant lung adenocarci-
nomas. Core analyses in IPA show that the two top canonical
pathways of these genes are EIF2 signaling and the mTOR
pathway. Only EIF2 signaling pathway remained significant
after multiple testing corrections.

The SAM analysis of the KRAS-mutated tumors compared
with KRAS wild type tumors identified only 2 CpGs, represent-
ing PFDN1 and MAEA that both were hypomethylated in the
KRAS-mutated tumors (Supplementary Table 8).

A total of 2375 CpGs (representing 834 unique genes) were
differentially methylated between TP53-mutated and TP53
wild type tumors. 85.3% (2026) of the CpGs were hypomethy-
lated and 14.7% (349) were hypermethylated in the TP53-
mutated tumors (Supplementary Table 9).

3.4. Correlation with mRNA expression

The correlation between DNA methylation level and mRNA
expression was examined by Pearson correlation analyses.
Significant association between gene expression and DNA
methylation was identified for 978 gene regions representing
737 unique genes. Methylation level of 671(68.6%) gene regions
was negatively correlated to 520 unique genes while
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Figure 3 — Significant correlations between the median DNA

methylation levels of gene regions and mRNA expression. This plot
shows both the negative and positive correlations and location of the
methylated regions. This plot is based on the results from the “gene

region collapsed” dataset.

methylation level of 307 (31.4%) gene regions was positively
correlated to 245 unique genes. All analyzed associations are
shown in Supplementary Table 10. Negative correlations be-
tween gene expression and DNA methylation were most often
found in loci located in the promoter region, while positive
correlations were most often found in loci outside promoter
regions (Figure 3).

The correlation analyses of gene expression levels and
methylation level of single CpGs within 100 kb of TSS iden-
tified that the methylation level of 4465 CpGs was correlated
to gene expression with a Bonferroni corrected p-value of
<0.05, representing 1070 unique genes. In this analysis the
methylation levels of 2347 CpGs (435 unique genes) were
observed with a negative correlation and 2118 CpGs (716
unique genes) were observed with a positive correlation.
The negative correlations were located at all distances be-
tween —100 kb and +100 kb from TSS, but were enriched
close to the TSS. The positive correlations were evenly
distributed across the whole area analyzed (Supplementary
Figure 2).

Table 2 — DNA methylation probes included in the prognostic
index.
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Probe X2 Gene Region”
cg00121045 —0.02652 UNKL 3'UTR
cg00277165 —0.16778 TRIP13 Body
€g00295485 0.001163 UXs1 Body
cg00320094 0.104031 GPR177 Body
cg00381697 —0.04284 Intergenic Intergenic
cg00940514 —0.01017 ADRM1 Body
cg01726448 —0.15838 Intergenic NA
cg02647265 0.00818 CCDC92 S'UTR
cg02735962 —0.04358 FAM107B Body
cg05134616 0.043957 GNL1 3'UTR
cg06867482 —0.01497 FAM38A Body
cg06912403 —0.0201 Intergenic Intergenic
cg07291439 0.004856 ZIC1 TSS1500
cg07456681 —0.03408 NTAN1 Body
¢g07928060 —0.09005 Intergenic Intergenic
cg09560763 —0.0569 PRDMS8 S5'UTR
cg10776061 0.015916 MAN2B1 Body
cg11692124 0.069109 Intergenic Intergenic
cg13303313 —0.02572 Intergenic Intergenic
cg13666041 —0.02705 ACTN1 Body
cg14698646 0.072241 HOXB7 3'UTR
cg18739166 —0.14589 LRRN1 S5'UTR
cg19058685 0.061029 HOXC4 5'UTR
€g20544552 0.018803 Intergenic Intergenic
€g20695534 —0.06626 HHAT Body
cg20761498 0.066239 Intergenic Intergenic
€g21528927 —0.03558 SLC6A12 Body
€g21738963 —0.12176 Intergenic Intergenic
€g22097768 —0.01107 KCNH6 Body
€g22450406 —0.03237 Intergenic Intergenic
€g23733739 —0.07482 Intergenic Intergenic
€g24847169 —0.02261 LMO1 Body
€g26104475 —0.01596 LCP2 Body

a Lasso coefficient (positive coefficient reflects that a high methyl-
ation level is associated with adverse prognosis).
b CpG location relative to the gene.
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3.5. Prognostic index

In order to identify a smaller number of CpGs associated with
time to progression a Lasso approach was applied. The dataset
was filtered by correlation with mRNA expression and varia-
tion in the methylation levels so that 76,478 probes remained
in the analysis. Using this method we identified a signature of
33 CpGs associated with time to progression (Table 2). The
prognostic index for each patient was based on the estimated
coefficients (X) from the signature and the methylation values
of the 33 probes in each lung adenocarcinoma sample.

Using a log-rank test, we identified that the patients with low
prognostic index had a significant better prognosis than the pa-
tients with a high prognostic index (p-value < 2.2 x 1075
Figure 4A).

Univariate survival analysis was performed on different
clinical variables. In addition to the prognostic index,
stage was significantly associated with time to progression
(p = 0.003) (Supplementary Table 11).

Multivariate survival analysis was performed using Cox
regression to study the influence of known prognostic factors.
The prognostic index remained significantly associated with
time to progression after adjusting for clinical variables (p-
value = 1.02 x 10~ '3; Supplementary Table 12).

To validate the prognostic index we used a separate cohort
of patients with lung adenocarcinoma tumors from The Can-
cer Genome Atlas (TCGA) project (“The Cancer Genome Atlas,”
n.d.). In this cohort the patients with low prognostic index had
a significantly better prognosis than the patients with
high prognostic index (p-value = 0.0269) (Figure 4B and
Supplementary Table 13), but did not reach significance in
the multivariate analysis (p-value = 0.107) (Supplementary
Table 14). None of the clinical parameters were significantly
associated to prognosis in the multivariate model in the
TCGA cohort.

The probes in the prognostic signature were correlated with
the mRNA expression of 51 genes listed in Supplementary
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Table 15. The CpGs in the prognostic index had both positive
and negative correlation with the mRNA expression. Some of
the CpGs were correlated to a number of genes, like the CpG
located in the HOXB7 gene that were positively correlated
with the expression of HOXB2, BS, B6, B8, and B9, and the
CpG located in HOXC4 that had a positive correlation with
HOXC4, C5, C6, C8, C9, C10, and C12.

4. Discussion

Epigenetic alterations are important in carcinogenesis, and
increased knowledge about the impact in lung cancer can
shed light on biological aspects with potential clinical applica-
tion. We have identified clusters of patients based on the tu-
mor’s DNA methylation with different prognosis, and found
a substantial amount of differentially methylated CpGs be-
tween lung adenocarcinoma tissue and normal lung tissue.
Differential DNA methylation between tumors from smokers
and never-smokers, and tumor tissues with different EGFR-,
KRAS- and TP53 mutational status were also identified. By
correlating the DNA methylation levels with mRNA expres-
sion levels we identified genes that may be regulated by
DNA methylation. The mRNA expression was both positively
and negatively correlated with the DNA methylation levels,
demonstrating the complexity of the DNA methylation regula-
tion. We also report a prognostic index based on the DNA
methylation levels of 33 CpGs associated with time to progres-
sion of the disease.

The hierarchical cluster analysis based on methylation
values of the most variable gene regions of the lung adenocar-
cinomas revealed three different clusters (Figure 1A). The
different clusters were associated with genes that affected
different molecular pathways, and interestingly differentially
methylated genes in cluster 1 were associated with the “The
triggering receptor expressed on myeloid cells 1 (TREM1)
signaling pathway”. TREM 1 belongs to the Immunoglobulin

B)
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T T T T
0 20 40 60 80

Time (months)

Figure 4 — A) Kaplan—Meier curves of patients with high or low prognostic index in the discovery cohort. The prognostic index values were

dichotomized to high or low index based on the median value. Low prognostic index was significantly associated with better prognosis

(p = 2.2 x 107 ). B) Kaplan—Meier curves of patients with high or low prognostic index in the TCGA cohort. Low prognostic index was

significantly associated with better prognosis (p = 0.0269).
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(Ig) family of cell surface receptors and is known to amplify
immunological responses and is an important mediator of
septic shock (Bouchon et al., 2001; Colonna and Facchetti,
2003). NSCLC tumors have been shown to have high expres-
sion of TREM 1, and this has also been linked to poor survival
(Ho et al., 2008; Yuan et al., 2014). Differentially methylated
genes in cluster 3 were linked to the aryl hydrocarbon receptor
signaling pathway. This pathway is induced by polycyclic aro-
matic hydrocarbons (PAH), a component in cigarette smoke,
and this pathway has been linked to cigarette smoke-
induced lung cancer (Tsay et al., 2013). All patients with tu-
mors in cluster 3 were smokers/former smokers, and DNA
methylation may be a mechanism to alter this important
pathway in carcinogenesis. Patients with tumors in different
clusters had significantly different prognosis, with more ad-
vantageous prognosis with a 5-year progression-free survival
of 72% for patients in cluster 2 (Figure 1B). This cluster was
enriched with tumors from never-smoking patients and it
was a trend towards more early stage tumors which may
affect the prognostic value, although it remained significant
after adjusting for this in the multivariate analysis
(Supplementary Table 4). Others have also reported subtypes
based on DNA methylation (Karlsson et al., 2014), and the re-
sults presented here support the existence of clinically rele-
vant subgroups of adenocarcinomas with prognostic impact.

We identified a substantial difference in DNA methylation
between the lung adenocarcinoma tissue and normal lung tis-
sue, with a considerable amount of CpGs that were hypome-
thylated. The majority of these CpGs were validated in the
TCGA cohort. Identifying specific differentially methylated
CpGs may reveal promising candidate molecular markers for
diagnostic tests and possible targets for epigenetic therapy
(Carvalho et al., 2012). Lung cancer patients have a poor prog-
nosis, mainly because the disease is diagnosed in late stages
due to its late presentation of symptoms. Biomarkers based
on DNA methylation can be relatively easily accessible in bio-
logical materials such as serum, bronchial brushings, and
bronchoalveolar lavage (BAL) samples, and it is quite stable
and insensitive to handling in the laboratory (Laird, 2003).
DNA methylation is an early event in cancer development
and thus well suited as cancer biomarker (Fleischer et al,,
2014), either alone or combined with other diagnostic ap-
proaches like CT scan or PET imaging.

Earlier reports comparing DNA methylation levels between
lung tumors and normal lung tissue has mainly focused on re-
gions located in the promoter area of genes (Lokk et al., 2012;
Mansfield et al., 2014; Moran et al., 2012; Pfeifer and Rauch,
2009; Rauch et al., 2008; Selamat et al., 2012). In the present
study, we identified a large number of hypermethylated
CpGs located in the gene body and 3'UTR as well as in inter-
genic areas. Some of these genes with hypermethylated
CpGs are of special interest in cancer development. The RB1
gene was the first tumor suppressor gene identified and is
one of the key regulators of entry into cell division. CpGs
located in the RB1 gene were significantly hypermethylated
in lung adenocarcinoma tissue in our study and this may be
an important regulatory mechanism of this important tumor
suppressor gene (Di Fiore et al., 2013). CpGs in the TGFf3 gene
family were also frequently hypermethylated in lung adeno-
carcinoma tissue in our study. These genes are often

upregulated in cancer and believed to be involved in metasta-
tic formation and resistance to radiotherapy (Ahn et al., 2014),
we did however not find correlation with mRNA expression in
our data. The IGF2 gene was also hypermethylated in lung
adenocarcinoma tissue. DNA methylation was positively
correlated with mRNA expression, and this gene has previ-
ously been reported overexpressed in many cancers
(Livingstone, 2013). DNA methylation may be an important
regulatory mechanism of this gene.

DNA hypomethylation is thought to contribute to oncogen-
esis by induction of genomic instability and activation of
proto-oncogenes. Cancer specific DNA hypomethylation of in-
dividual CpGs are less studied, and most of the early tech-
niques were designed to detect only hypermethylated
regions (Jovanovic et al.,, 2010). Hypomethylated regions in
squamous cell carcinomas often occur at repetitive sequences
(Rauch et al., 2008). In our data, a large amount of hypomethy-
lated genes were associated with immune response, such as
chemokines and interleukins. Inflammatory response was
one of the most relevant biological functions in the IPA anal-
ysis, and the top canonical pathway was “granulocyte and
agranulocyte adhesion and diapedesis”, which was also asso-
ciated with cluster 2. Inflammation and immune signaling
have previously been reported regulated by epigenetic events
in other cancer types (Farkas et al., 2013; Fleischer et al., 2014),
but it has not been linked with DNA methylation in lung can-
cer tumors to our knowledge. Extravasation of leukocytes and
tumor cells may be important events in metastasis formation
(Strell and Entschladen, 2008), and it would be of great interest
for further studies. The methylation changes associated with
immune signaling may reflect immune signaling by tumor
cells or occur in infiltrating non-tumor cells and is highly
interesting considering the great progress made in immu-
nology and immunotherapy in cancer.

Smoking is a well-known risk factor for lung cancer devel-
opment and hypermethylation may be involved in tobacco
smoke-induced lung carcinogenesis (Lyn-Cook et al., 2014;
Toyooka et al., 2003). It is estimated that 10—25% of all patients
with lung cancer are never-smokers (Couraud et al., 2012), and
their tumors may have different genetic and epigenetic pro-
files. Our cluster analysis identified specific clusters based
on DNA methylation that were linked with smoking. We iden-
tified 225 differentially methylated CpGs in the lung adenocar-
cinoma tissue from never-smoking patients. All differentially
methylated CpGs were hypermethylated in tumors from
smokers, suggesting an association between tobacco smoke
and DNA hypermethylation. Interestingly, the CpG with the
largest difference in methylation levels between the two
groups was located in LGALS4. This gene was negatively corre-
lated with the mRNA expression, suggesting down regulation
of the gene expression in tumors from smoking patients.
LGALS4 modulates cell—cell and cell-matrix interactions,
and has also been found downregulated in colorectal cancers,
and may act as a tumor suppressor gene (Satelli et al., 2011).
This was one of five genes that were hypermethylated in tu-
mors from smoking patients compared with tumors from
never-smokers in a study by Selamat et al. (2012). When
comparing methylation level between smokers and never-
smokers in the TCGA cohort, none of the CpGs identified in
the present study were significantly differentially methylated;
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however, there was a clear trend that these CpGs were hyper-
methylated in tumors from smokers/former smokers.

It is well known that patients with EGFR-mutated lung
adenocarcinoma tumors have a different clinical course
than patients with EGFR wild type tumors. We identified 454
differentially methylated CpGs between EGFR mutated and
EGFR wild type tumors, and most were hypermethylated in
the EGFR-mutant tumors. Core analyses in IPA showed that
these genes may be associated with the EIF2-signaling
pathway and mTOR signaling. The mTOR-pathway is down-
stream for the EGFR and often activated in human lung can-
cers with EGFR mutations (Kawabata et al., 2014). Dong et al.
found that the mTOR inhibitor everolimus synergizes with
gefitinib (EGFR inhibitor) to achieve treatment response in
lung cancer cell lines (Dong et al., 2012), and mTOR activity
may contributed to resistance to EGFR TKI in lung cancer cells
(Fei et al., 2013). Kawabata et al. have demonstrated that the
mTOR inhibitor rapamycin inhibits tumor growth in mouse
models with the EGFR TKI resistant T790M mutation
(Kawabata et al., 2014). Our findings suggest that methylation
changes of involved genes may contribute to this interplay be-
tween the two pathways.

KRAS is frequently mutated in lung adenocarcinoma tu-
mors. Only two CpGs were hypomethylated in the KRAS-
mutated tumors as compared to the KRAS wild type tumors.
The KRAS-mutated samples also have few differentially
expressed microRNAs (Bjaanaes et al., 2014). The methylation
differences were more substantial between the TP53-mutated
tumors and TP53 wild type tumors, with 2375 differentially
methylated CpGs. This has previously been studied in breast
cancer tissue using the Illumina Golden Gate (Rgnneberg
et al,, 2011). Some of the differentially methylated genes in
this study were overlapping with genes in the present study,
and AFF3 that was identified hypomethylated in TP53-
mutated breast cancer tumors also showed hypomethylation
in 7 CpGs in the TP53-mutant lung adenocarcinomas. This
gene has been associated with tumorigenesis in acute
lymphoblastic leukemia (Impera et al., 2008). In breast cancer
tumors, the basal-like subtype is often associated with both a
high frequency of TP53 mutations and general hypomethyla-
tion (Koboldt et al., 2012; Silwal-Pandit et al., 2014), and this
corresponds to our finding with largely hypomethylation in
the TP-53 mutated lung adenocarcinomas. The reason for
this is unknown, but hypomethylation is often associated
with genomic instability that can lead to mutations (Gaudet
et al., 2003) or the other way around; that TP 53 mutation af-
fects affect important genes such as DNA 5'-cytosine-methyl-
transferases (DNMT) (Lin et al., 2010) that again lead to
changes in methylation profiles. In colorectal cancer, the
CIMP low tumors (hypomethylated in CpG islands) are also
linked to TP53 mutations (Toyota et al., 2000).

To identify DNA methylation events of potential functional
and biological significance, we integrated the DNA methylation
data with gene expression data of the same tumors. We found
that expression of 737 genes were significantly associated to
methylation level of regions in or in close proximity to the
gene. Negative correlations (suggesting that DNA methylation
inhibit gene expression) were as expected found predomi-
nantly in promoter regions, but were also found in the gene
bodies (Figure 3). Negative correlation between gene body

methylation and gene expression has been reported previously
in breast cancer (Fleischer et al., 2014). Positive correlations
were predominantly found in gene bodies and 3'UTR, some-
thing that has also been reported in chronic lymphocytic leu-
kemia (Kulis et al., 2012). Some positive correlations were
found in promoter regions, and similar data was also reported
in breast cancer (Fleischer et al., 2014). The majority of the
differentially methylated CpGs in our analysis were not corre-
lated with mRNA expression. It is known that DNA methyl-
ation has other functions than directly affecting the mRNA
transcription, for instance by regulate microRNA expression
and affect chromosomal stability (Esteller, 2008). The correc-
tion method used for multiple testing (Bonferroni) in the corre-
lation analysis is a very strict method and may explain the
relatively limited number of correlations. DNA methylation
changes without correlation with mRNA expression may be
important in classification and as biomarkers.

Patients with lung cancer have in general poor prognosis
and this is also true for patients with operable tumors. There
is a clinical need for biomarkers predicting outcome of the dis-
ease. The prognostic index is based on the methylation values
of 33 methylation probes and separated the patients in groups
with good and poor prognosis. Patients with low prognostic
index based on this signature had a significantly better prog-
nosis than patients with high prognostic index. Information
about which patients are more likely to relapse after surgery,
is valuable information for the clinician, and may help iden-
tify patients that might benefit from adjuvant treatment or
more aggressive follow-up. A prognostic test based on DNA
methylation could be adapted for clinical laboratories and
applicable for routine diagnostics. The prognostic signature
was validated in the univariate analysis of the independent
cohort of lung adenocarcinoma patients (Figure 4), but the
multivariate analysis failed to confirm the signature. This
may be due to the quality of the follow-up data and the rela-
tively short follow-up time with a median follow-up of only
16.7 months in the validation cohort. None of the other clinical
parameters were significantly associated to prognosis in the
multivariate model in the TCGA cohort, further indicating
that the lung cancer cases in the TCGA are not an ideal cohort
for validation of prognostic signatures.

The genes in the prognostic index were correlated with the
mRNA expression of 51 genes shown in Supplementary Table
15. Some of these genes are known to be aberrantly expressed
in cancer. Two of the CpGs in the prognostic index are located
in HOX genes, respectively HOXB7 and HOXC4, and these were
also among the gene regions that we found differentially
methylated between the clusters. Genes in the HOX family
are previously reported as hypermethylated in lung cancer tis-
sue (Lokk et al., 2012; Rauch et al., 2007), but the positive cor-
relation with mRNA expression of HOX B and C genes are to
our knowledge not known. We identified 381 differentially
methylated CpGs situated in different HOX genes, whereas
377 of the CpGs were hypermethylated. The HOX genes are
all part of the homeobox family, acting as transcription fac-
tors, and crucial in development (Bhatlekar et al., 2014). HOX
A family genes are often downregulated in primary NSCLC
and in NSCLC-derived cell lines and are involved in various
regulatory mechanisms in lung cancer cells. Genes in the
HOX C and HOX D families have been found upregulated in
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primary lung tumors (Bhatlekar et al., 2014). In this present
study we found that high methylation levels of a CpG located
in the HOXB7 gene is contributing to a high prognostic index
and this is associated with poor prognosis. Hypermethylation
of this CpG is positively correlated to mRNA expression of
multiple genes in the HOX B family (HOXB2, 5, 6, 8 and 9) all
of which are located in chromosome 17q and appears to be
co-regulated. Interestingly, microRNA 10a is located within
the same area of chromosome 17, and high expression of
this microRNA have previously been associated with poor
prognosis of patients with lung cancer with adenocarcinoma
histology and in breast cancer patients (Bjaanaes et al., 2014;
Chang et al., 2014). Methylation of the CpG located in HOXC4
is also positively correlated with mRNA expression of genes
in the HOX C family (4, 5, 6, 8, 9, 10 and 12). These HOX genes
are localized at chromosome 12q in close relation with the
long non-coding RNA HOTAIR that has been associated with
poor prognosis in multiple cancer types, including lung cancer
(Liu et al., 2013; Yao et al., 2014).

5. Conclusion

DNA methylation is radically altered in lung adenocarcinoma
tissue compared to normal lung tissue, and both hypermethy-
lation and hypomethylation are probably important events in
carcinogenesis and immune signaling in tumor tissue.
Methylation changes in tumors from never-smoking patients
were identified, and aberrantly methylated genes in EGFR-
mutated tumors may be involved in the mTOR pathway.
This report verifies the existence of DNA methylation derived
subtypes of lung adenocarcinomas and identifies one subtype
enriched for TP53 mutations. We demonstrate the potential
biological significance of DNA methylation by integrating
mRNA expression data, and identify both positive and nega-
tive correlations in a substantial part of the genome. A prog-
nostic index based on DNA methylation of 33 CpGs
separates the patients in groups with good or poor prognosis.
This may be useful in the design of clinical trials for adjuvant
chemotherapy and should be implemented in clinical trials in
patients with early-stage lung cancer.
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