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Abstract

Introduction
Lung cancer accounts for 30% of all cancer deaths in
industrialized nations and remains the leading cause of cancer
mortality (1). Most patients with non–small cell lung cancer
(NSCLC) remain symptom free until later stages and present with
advanced disease at the time of diagnosis. Like in many other
neoplastic diseases, the survival rate is critically influenced by the
progression of the tumor. Whereas the 5-year survival rate for
patients with a stage I tumor is f70%, it decreases to 30% for stage
IIIa (2). There is a need for improved clinical stratification methods
that can identify patients with early-stage disease and identify
those with high risk of recurrence (3). Conventional methods,
including spiral computed tomography, sputum cytology, histopathology, or tumor-node-metastasis classification, have thus far
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Aberrant promoter methylation is frequently observed in
different types of lung cancer. Epigenetic modifications are
believed to occur before the clinical onset of the disease and
hence hold a great promise as early detection markers.
Extensive analysis of DNA methylation has been impeded by
methods that are either too labor intensive to allow largescale studies or not sufficiently quantitative to measure subtle
changes in the degree of methylation. We used a novel quantitative DNA methylation analysis technology to complete a
large-scale cytosine methylation profiling study involving 47
gene promoter regions in 96 lung cancer patients. Each
individual contributed a lung cancer specimen and corresponding adjacent normal tissue. The study identified six
genes with statistically significant differences in methylation
between normal and tumor tissue (P < 10 6). We explored the
quantitative methylation data using an unsupervised hierarchical clustering algorithm. The data analysis revealed that
methylation patterns differentiate normal from tumor tissue.
For validation of our approach, we divided the samples to
train a classifier and test its performance. We were able to
distinguish normal from lung cancer tissue with >95%
sensitivity and specificity. These results show that quantitative
cytosine methylation profiling can be used to identify molecular classification markers in lung cancer. (Cancer Res 2006;
66(22): 10911-8)

failed to overcome limitations in early detection and risk
assessment. On the contrary, a variety of novel molecular methods,
such as detection of K-ras (4) and p53 mutation status (5, 6),
microsatellite instability (7), protein profiling (8, 9), and especially
gene expression profiling (10, 11), have shown very promising
results.
Other potential molecular markers in lung cancer are epigenetic
changes of the DNA (12–14). Alterations in DNA methylation and
related chromatin changes have been reported as an early event in
carcinogenesis and hence hold the promise of being useful as one
of the earliest detection markers available (15). To date, researchers
in the field have focused on detection of hypermethylated DNA as
a marker for tumor progression using methylation-specific PCR
(MSP; ref. 16). MSP is an easy to use method with very high
sensitivity, but it suffers from limited versatility. The method only
allows assessment of the presence or absence of methylation at
the CpG sites enclosed in the PCR primer hybridization site.
Consequently, tissues (tumors) with different fractions of methylated DNA cannot be differentiated; relative changes in the amount
of methylated DNA usually remain invisible. Different methods,
such as semiquantitative real-time PCR or bisulfite sequencing,
are now being used to obtain more quantitative results. Current
methods are limited by restricted CpG coverage per assay, poor
quantitative resolution, or a combination of both. Hence, largescale studies that evaluate quantitative methylation for multiple
CpG sites in various gene regions and a large number of samples
are rare.
A novel technology has been introduced recently that aims to
overcome these shortcomings and allows large-scale cytosine
methylation profiling (17). Here, we used this technology to
quantify the degree of cytosine methylation at 47 genes in tumor
and adjacent normal tissue from 96 lung cancer patients. We
evaluate the feasibility of this approach to reveal practical markers
for lung cancer research.
We selected 96 patients with NSCLC and a history of smoking.
From each patient, we collected one specimen from the primary
tumor and one specimen from adjacent normal tissue, resulting in
a total of 192 samples. The patient collection consists of 34 females
and 62 males, ages 41 to 87 years (median, 67 years). In this
collection, 50 patients were diagnosed with squamous cell
carcinoma, 43 with adenocarcinoma, 1 with large cell carcinoma,
1 with atypical carcinoma, and 1 with not further classified NSCLC.
At the time of diagnosis, 45 patients had stage I disease, 27 patients
had stage II disease, 20 patients had stage IIIa disease, 3 had stage
IIIb disease, and 1 was undetermined. For analysis purposes, this
patient collection was randomly divided into separate training and
test sets, matched for age, sex, histology, and disease stage. These
groups are summarized in Table 1.
We analyzed 47 preselected genes for promoter methylation. The
genes were either chosen based on their biological relevance in cell
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Table 1. Clinical features and test statistic for all samples after they have been separated into training and test set

Gender
Histology

T status

N status

Follow-up in months
Fate
Histologic differentiation

Test set, n = 43 (%)

65 (67)
44 (45)
0 (0)
2 (2)
0 (0)
51 (53)
6 (6)
80 (84)
6 (6)
3 (3)
51 (54)
29 (31)
15 (16)
45 (47)
27 (28)
20 (21)
3 (3)
0.32/4.43/21.23
12 (17)
29 (31)
4 (4)
51 (54)
1 (1)
10 (11)

53 (62)
39 (45)
2 (2)
0 (0)
2 (2)
43 (50)
2 (2)
70 (81)
12 (14)
2 (2)
47 (55)
31 (36)
8 (9)
43 (50)
21 (24)
20 (23)
2 (2)
0.39/2.32/11.70
16 (27)
24 (29)
18 (21)
38 (45)
0 (0)
4 (5)

Test statistic
m2 = 0.58; df = 1; P = 0.448
m2 = 6.34; df = 4; P = 0.175

m2 = 4.43; df = 3; P = 0.219

m2 = 1.92; df = 2; P = 0.383
m2 = 0.55; df = 3; P = 0.908

F = 0.31; df = 1,121; P = 0.578
m2 = 2.11; df = 1; P = 0.147
m2 = 14.23; df = 4; P = 0.0066

Abbreviation: df, degrees of freedom.

adhesion and cell interaction or they have been shown to change
expression levels during cancer development and progression. For
each of the genes, we selected a single CpG island and
preferentially focused on those CpG islands located in the
promoter and 5¶-untranslated region (5¶-UTR). The selected target
regions contained a total of 1,426 CpG positions, listed in
Supplementary Table S1.
For each sample in our collection, 2 Ag of genomic DNA were
isolated from frozen tissue specimens using a standard phenol/
chloroform protocol. The DNA was prepared for methylation
analysis using a commercially available bisulphite conversion kit
(see Materials and Methods for details). The bisulphite-treated
DNA was then used for PCR amplification (independent of
methylation status).
We measured DNA methylation using a novel technique that
combines base-specific cleavage of single-stranded nucleic acids
with MALDI-TOF mass spectrometry (MS) analysis of the cleavage
products (17). In brief, the method starts with PCR amplification of
the target region from bisulphite-treated DNA, which is followed
by in vitro transcription to generate a single-stranded RNA
molecule. The RNA strand is then cleaved base specifically in
individual reactions either after U or C, determined by the usage of
noncleavable nucleotides (18). The cleavage reaction driven to
completion and the resulting cleavage products represent a welldefined substring of the analyzed target region, which is only
dependent on the sequence context and not dependent on the
reaction conditions. The cleavage products are then analyzed using
MALDI-TOF MS. For analysis of DNA methylation, we examine the
methylation-dependent C/T sequence changes introduced by
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bisulfite treatment. Those C/T changes are reflected as G/A
changes on the reverse strand and hence result in a mass difference
of 16 kDa for each CpG site enclosed in the cleavage products
generated from the RNA transcript. The mass signals representing
nonmethylated DNA and those representing methylated DNA build
signal pairs, which are representative for the CpG sites within the
analyzed sequence substring. The intensities of the are compared,
and the relative amount of methylated DNA can be calculated from
this ratio. The method yields quantitative results for each of these
sequence defined analytic units, which contain either one
individual CpG site or an aggregate of subsequent CpG sites. We
refer to these analytic units as ‘‘CpG units.’’

Materials and Methods
Bisulfite treatment. Bisulfite treatment of genomic DNA was done with
a commercial kit from Zymo Research Corp. (Orange, CA) that combines
bisulfite conversion and DNA clean up. The kit follows a protocol from
Paulin et al., 1998 (19). Briefly, in this protocol, 2 Ag of genomic DNA are
denatured by the addition of denatured by the addition of 3 mol/L sodium
hydroxide and incubated for 15 minutes at 37jC. A 6.24 mol/L urea/2 mol/L
sodium metabisulfite (4 mol/L bisulfite) solution is prepared and added
with 10 mmol/L hydroquinone to the denatured DNA. The corresponding
final concentrations are 5.36, 3.44, and 0.5 mmol/L, respectively. This
reaction mix is repeatedly heated between 55jC for 15 minutes and 95jC
for 30 seconds in a PCR machine (MJ Tetrad) for 20 cycles. Finally, a DNA
purification and cleaning step is done.
PCR and in vitro transcription. The target regions were amplified
using the primer pairs described in Supplementary Table S1. The PCRs were
carried out in a total volume of 5 AL using 1 pmol of each primer, 40 Amol/L
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Stage

(Male)
Adenocarcinomas
Atypical carcinoid
Large cell lung carcinoma
NSCLC
Squamous cell carcinomas
1
2
3
4
0
1
2
1
2
3a
3b
(min/mean/max)
(Death)
Poor
Moderate/poor
Moderate
Well/moderate
Well

Training set, n = 49 (%)
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3
4
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heatmap.2 function of the ‘‘gplots’’ package using the R statistical
environment (23). The tree-based classifier for the classification of tumor
and normal samples was found using the J48 classification algorithm in
the statistical package Weka (24). A complete four-node tree was pruned
to the two-node tree that resulted in the lowest 10-fold cross validation
error (25).

Results
The 1,426 CpG positions analyzed in this study comprised 757
CpG units. Among these units, 59 did not yield successful
measurements. Fifty percent of the CpG units gave successful
measurements for more than two thirds of all samples and 177 CpG
units had good results for >90% of the samples. A total of 20 CpG
units were invariant in this sample collection, being completely
unmethylated in all tested samples. We found that 25% of all CpG
units had an intersample variance >0.012. The majority of CpG
units (n = 491) were methylated to very low degree, with average
methylation below 10%, and only four CpG units had mean
methylation levels above 90%. In general, normal and tumor
samples showed similar levels of methylation. Differences in mean
methylation levels were generally small and only 30 CpG units
showed a difference >10% (Supplementary Fig. S2). We excluded
nine samples with poor DNA quality, resulting in low quality
measurements for >90% of the CpG units. Before conducting
further analyses on these data, we removed CpG units that had
>25% of data missing (n = 563) or had very low levels of
intersample variability (variance, <0.02; n = 164) in the training set.
The final training data set consisted of 30 CpG units from 15 genes
measured in 97 samples. It is noteworthy that, although >90% off all
CpG units did not pass these data quality and informativeness
filters, f30% of all genes examined are represented by one or more
CpG units.
We carried out an unsupervised two-way hierarchical clustering
of the CpG unit methylation and the combined tumor and normal
tissues in the training set to explore any natural groupings in this
data set (Fig. 1A). This reveals three visible clusters of samples,
consisting of the following: (a) 9 tumor samples, (b) 1 normal and
34 tumor samples, and (c) 47 normal and 6 tumor samples. The
clustering of CpG units reveals two primary clusters, separating the
predominantly hypermethylated and hypomethylated units. Five
genes had multiple CpG units included in this analysis. For
SERPINB5, MGMT, MGP, and TNA, the corresponding CpG units
tended to cluster together, showing similar intragenic methylation
patterns. However, the six units corresponding to SDK2 were
divided evenly between the two clusters.
We repeated the clustering with the test set, which showed
results very similar to those observed in the training set (Fig. 1B).
The clustering of CpG units was nearly identical to those observed
in the training set, with an identical representation in the two
main clusters. The sample clustering also resulted in a similar
discrimination between tumor and normal samples in three
clusters: (a) 7 tumor samples, (b) 1 normal and 30 tumor samples,
and (c) 42 normal and 6 tumor samples.
The patterns we observed in the cluster analyses show that
methylation patterns of normal lung tissues are notably different
from those observed in tumor tissues. To evaluate the predictive
ability of these 30 CpG unit measures, we applied a statistical
learning algorithm, using our training set to select a model and the
test set to validate the model performance. For a classifier, we
chose the decision tree–based method C4.5 (26), implemented as
the so-called ‘‘J48’’ algorithm in the Weka data mining package (24).
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deoxynucleotide triphosphate (dNTP), 0.1 units HotStar Taq DNA
polymerase (Qiagen, Valencia, CA), 1.5 mmol/L MgCl2, and buffer supplied
with the enzyme ( final concentration, 1). The reaction mix was preactivated for 15 minutes at 95jC. The reactions were amplified in 45 cycles
of 95jC for 20 seconds, 62jC for 30 seconds, and 72jC for 30 seconds
followed by 72jC for 3 minutes. Unincorporated dNTPs were dephosphorylated by adding 1.7 AL H2O and 0.3 units shrimp alkaline phosphatase (SAP;
SEQUENOM, Inc., San Diego, CA). The reaction was incubated at 37jC for
20 minutes and SAP was then heat inactivated for 10 minutes at 85jC.
Typically, 2 AL of the PCR were directly used as template in a 6.5 AL
transcription reaction. Twenty units T7 R&DNA polymerase (Epicentre,
Madison, WI) were used to incorporate either dCTP or dTTP in the
transcripts. Ribonucleotides were used at 1 mmol/L and the dNTP substrate
at 2.5 mmol/L; other components in the reaction were as recommended by
the supplier. In the same step, the in vitro transcription RNase A
(SEQUENOM) was added to cleave the in vitro transcript. The mixture
was then further diluted with H2O to a final volume of 27 AL. Conditioning
of the phosphate backbone before MALDI-TOF MS was achieved by the
addition of 6 mg Clean Resin (SEQUENOM). Further experimental details
have been described elsewhere (18).
MS measurements. The cleavage reactions (15 nL) were robotically
dispensed onto silicon chips preloaded with matrix (SpectroCHIP,
SEQUENOM). Mass spectra were collected using a MassARRAY mass
spectrometer (SEQUENOM). Spectra were analyzed using proprietary peak
picking and spectra interpretation tools.
A description of the regions used for methylation analysis in NSCLC can
be found as Supplementary Table S1.
Expression analysis. Gene expression levels were assayed for 48 paired
normal/tumor samples, consistent with the samples used for methylation
analysis, using real-competitive PCR in conjunction with quantitative
primer extension measurements via MassARRAY (20, 21). Exact conditions
for this methodology are published online3 in the data normalization using
multiplexed gene panels for quantitative gene expression analysis with
MassARRAY application note, with the exception that cDNA samples
unique to this study were diluted 1:10 in DNase-free water. Target genes
(genes with clear methylation patterns) and internal control (genes used for
normalization) were designed into separate multiplexed assays using
MassARRAY QGE assay design software (SEQUENOM) based on the
transcript sequences found at the Ensembl genome browser.4 The target
gene panel consisted of HUGO IDs: SERPINB5, AQP1, CDH13, CDH5,
CDKN2A, DAPK1, and MGP1. The internal control gene panel consisted of
HUGO IDs: ACTB, GAPD, RPL13A, SDHA, TBP, UBC, YWHAZ, B2M, HMBS,
and HPTR1. Normalization was conducted using the six most stable
internal control genes, for this sample set: GAPD, RPL13A, SDHA, TBP, UBC,
and YWHAZ, identified using geNorm software. We then calculated the
average expression of these six internal control genes for each sample. The
averages were used to calculate a correction factor for baseline expression.
Every expression value was corrected by its sample-specific correction
factor. A pair-wise comparison of expression values shows the expected
high correlation between internal control genes (Supplementary Fig. S1).
Statistical methods. We used the Wilcoxon signed-rank test, a
nonparametric counterpart of the paired t test, to compare methylation
levels between normal and tumor samples and to identify sites with
statistically significant differences. The two-way hierarchical cluster analysis
clustered the 96 tissue samples and 76 most variable CpG fragments
(variance, >0.02) based on pair-wise Euclidean distances and the complete
linkage clustering algorithm (22). The method first establishes a measure for
the strength of a connection between two samples (called distance). Then,
the samples get reorganized according to their relationship to each other.
The algorithm ‘‘clusters’’ samples with a high degree of similarity into
groups. The resulting dendrogram is used to visualize the results. The
method presented in this article clusters CpG units along the x axis and
samples along the y axis. The procedure was carried out using the
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This algorithm identified a pruned three-node tree, including CpG
units from MGP and SERPINB5 as the optimal classifier and
achieved >95% sensitivity and specificity when applied to the test
set (Fig. 1C). We also evaluated several further classification
methods (random forest, support vector machines, linear model
transformation, naive bayes, and recursive partitioning) and found
that all methods result in a predictive accuracy >90%. Here, we
focused on the results from the ‘‘J48’’ method because the decision
tree–based method allows clear interpretation of the resulting
model.
In addition to the selection of a predictive model, we examined
which of the genes contained CpG units where methylation differed
significantly between tissue types (Table 2). We found that multiple
CpG units within MGP, SERPINB5, GAGED2, TNA, RASSF1, and
SDK2 showed highly statistically significant associations with tissue
type (P < 10 6). Note that AQP1 showed only one significant CpG
unit and hence was excluded from the list.

Cancer Res 2006; 66: (22). November 15, 2006

We next applied our analysis to NSCLC tumor tissue attributes to
explore whether the methylation patterns differ significantly
between tumor types. All tumor samples were combined into one
data set. The vast majority of the tumor samples in this data set
were adenocarcinomas and squamous cell carcinomas (39 adenocarcinomas and 47 squamous cell carcinomas). The data were then
filtered according to the previously described criteria for quality and
variability. A total of 90 CpG units and 88 tumors passed our
filtering criteria and were used in a two-way hierarchical cluster
analysis (Fig. 2A). This resulted in two large and highly differentiated clusters, with four noticeable subclusters within the largest
cluster. We examined the relationship between the resulting clusters
and clinical tumor attributes. The five clusters show a significant
association with tumor histology (P = 8.6  10 5) but not with other
clinical characteristics, such as gender (P = 0.30), tumor stage
(P = 0.22), or differentiation (P = 0.15). The most significant
differences (P < 0.01) between adenocarcinomas and squamous cell
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Figure 1. Results of a two-way hierarchical cluster analysis of the relative methylation of 30 CpG units (columns ) measured on 88 tissue samples derived from a
training set comprising 44 lung cancer patients (A) and 79 tissue samples from a test set comprising 40 lung cancer patients (B). Left vertical axis, tissue samples; black
bars, normal samples; gray bars, tumor samples. Bottom horizontal axis, CpG units as the gene and the fragment number within the gene. The relative methylation of
each fragment within each sample is presented in the central image plot with values ranging from zero (red) to one (yellow ; see color key). Missing values (gray ).
C, classification tree as a result of a statistical learning algorithm optimized for discrimination of tissue samples into normal and tumor tissue. The model was built using
the training data and performance characteristics are given for evaluation of the model using the test data.

DNA Methylation in Lung Cancer

Notably, only nine stage I tumors can be found in the good
prognosis group.
Evaluation of the relationship between promoter methylation
and gene expression was conducted on a subset of the genes
using real-time competitive PCR coupled with MassARRAY
(20, 21). We selected six genes for further analysis, from which
some showed strong association with tissue pathology, whereas
others did not (strong association: SERPINB5 and MGP1; weak or
no association: AQP1, CDH13, CDKN2A, and DAPK1). Gene
expression analysis included the use of six internal control genes
for data normalization (GAPDH, RPL13A, SDHA, TBP, UBC, and
YWHAZ). A detailed technical explanation of the normalization
process is beyond the scope of this article but the process has
been described elsewhere (28). Methylation values of an individual
CpG site in one gene were averaged per sample and a mean
methylation value was calculated for every analyzed DNA sample.
Expression analysis was carried out for both normal and tumor
tissues, previously subjected to methylation analysis. We were
therefore able to calculate the differences in expression between
normal and tumor and compare these results with changes in
methylation. Because the changes in expression ranged over
multiple orders of magnitude, we logarithmically transformed the
absolute difference (base 10). The direction of the change was
preserved by multiplying the logarithmic value by 1 if the
original difference was negative. Negative differences are a result
of higher values in the tumor specimen. For genes that are
hypermethylated and consequently down-regulated in tumors, we
expect to see negative values for methylation differences
combined with positive values for expression changes. The
inverse is true for hypomethylated genes. Figure 4 shows the
differences in methylation plotted on the x axis and the expression differences on the y axis. As expected, the largest clusters of
sample pairs can be found in the space of hypermethylated/
down-regulated (Fig. 4, top, left quadrant). However, in our data
set, three genes do not show the expected relationship (CDH13,
DAPK1, and CDKN2a). When establishing a correlation between
DNA methylation and gene expression changes, the regression
is affected by these genes. Hence, the correlation is modest but
highly statistically significant (nonparametric correlation coefficient

Table 2. Summary of genes and gene function (when available) for genes, which had at more than one CpG unit with
significant difference in methylation levels between normal and tumor tissue
Gene name

MGP

Description

GAGED2

Structural component of extracellular
matrix; matrix Gla protein
Serine (or cysteine) proteinase inhibitor,
clade B (ovalbumin), member 5
G antigen family D 2 protein (XAGE-1 protein)

TNA

Tetranectin (plasminogen-binding protein)

RASSF1

Ras association (RalGDS/AF-6) domain family

SDK2

Sidekick homologue 2

SerpinB5

www.aacrjournals.org

Comment

No. CpG units in the
gene with P below E-6

Extracelluular matrix structural constituent

4

Tumor suppressor function assumed,
completely silenced in normal lung
Unknown function, reported to be highly
expressed in lung cancer
Tetranectin binds to plasminogen and to isolated
kringle 4; may be involved in the packaging of
molecules destined for exocytosis,
extracellular region, osteogenesis
Negative regulation of cell cycle, potential tumor
suppressor, epigenetic inactivation in lung
cancer described (Dammann R, 2000 NG)

3
2
3

4

3
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carcinoma promoter methylation were observed in SDK, GAGED2,
ADAMTS8, TNA, PRAME, and CADHERIN13. The difference
between the two histologic groups in ADAMTS8 methylation agrees
with our previous observations (27).
Beer et al. (10) have reported earlier that adenocarcinomas
cluster by phenotype using gene expression profiles. Hence, we
were interested to evaluate whether methylation profiles will
generate similar grouping effects within adenocarcinomas or
squamous cell carcinomas. We divided the NSCLC tumor samples
into subsets based on tumor histology and analyzed each subset
separately. The adenocarcinomas showed three clusters that are
strongly associated with gender (Fig. 2B). Eleven of 17 female
samples were localized into one cluster (which included one male).
This grouping is largely the result of the X-chromosomal gene
GAGED2, which is more methylated in females, likely because of
X-chromosomal inactivation. Further differentiation of this female
adenocarcinoma cluster is mainly a result of different methylation
levels in the MAGEE1 (X-chromosomal) and PRAME promoter
region. In a similar analysis of squamous cell carcinomas, multiple
distinctive clusters were also observed (Fig. 2C). However, these
clusters were not significantly associated with any of the clinical
variables evaluated.
We carried out a survival analysis based on the methylation
patterns of all tumor samples. In the present sample, survival
information was only available for 61 individuals. Furthermore, the
data were largely right censored (46 alive and 12 dead). Hence, a
robust survival analysis could not be carried out. We analyzed the
relationship between patient survival and tumor stage and found
that this data set fails to present the established association
between survival and tumor stage (P = 0.52; Fig. 3A). Nevertheless,
we used a supervised approach to search for a combination of CpG
units that improve survival prediction. We evaluated each of the
377 variable CpG units for an association with survival (P < 0.05).
The 21 CpG units (derived from 13 genes) that satisfied this
criterion were subsequently included in a hierarchical cluster
analysis to group patients with similar patterns of methylation
(Supplementary Fig. S3). We used the first split in the dendrogram
to separate patients into two groups for survival analysis, which
displayed a modest association with survival (P = 0.021; Fig. 3B).
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Spearman q = 0. 43; P = 10 10), showing a general trend toward an
inverse relationship between DNA methylation and gene expression.

Discussion
We measured quantitative changes of methylation of 47 promoter regions in lung cancer and adjacent normal tissue
samples and evaluated their distribution, correlation, and relationships to clinicopathologic variables using a variety of common statistical methods. Hierarchical clustering identified
substantial differences in the quantitative methylation patterns
of tumor tissue compared with adjacent normal tissue. Based on
this observation, we used a subset of the data to train a statistical learning algorithm and achieved classification accuracies
>90% when the model was applied to an independent test set.
We also discovered a strong association of quantitative methylation patterns to tumor histology. In general, CpG units
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Figure 2. Dendrogram from hierarchical clustering with clinical and histologic
information assigned to the individual samples. Black boxes, the presence of the
characteristic: male sex, adenocarcinoma histology, and tumor stage greater
than II. Shown are results for all samples (A ), the subgroup of adenocarcinomas
(B), and squamous cell carcinomas (C ).

derived from the same gene showed highly similar methylation
patterns.
We identified CpG units from the promoter regions of six
genes that exhibited significantly different levels of methylation
(P < 10 6) between normal and tumor samples. Four (SERPINB5,
TNA, RASSF1, and GAGED2) of the six genes have been implicated
previously in tumor development. Whereas cancer-related changes
in DNA methylation have been described extensively for RASSF1,
methylation of SERPINB5 (maspin) has been studied less frequently. Our analysis shows that SERPINB5 is highly methylated in
normal lung tissue, consistent with previous studies by Yatabe et al.
(29). The lung tumor tissue analyzed in this study, however, showed
hypomethylation of SERPINB5 in tumors. Interpretation of this
result is unclear. Hypomethylation of SERPINB5 generally correlated with an increase in gene expression, and this agrees with
Smith et al. and contradicts, at least in lung (30), its suggested role
as a tumor suppressor inhibiting cell motility, invasion, angiogenesis, and metastasis in vitro (31, 32). In addition, Yatabe et al. have
shown that SERPINB5 expression is controlled by promoter
methylation and varies among the different cell types in the lung.
Correspondingly, hypomethylation and therefore expression of
SERPINB5 might be indicative of tumor clonality and its cell type–
specific origin.
Methylation levels in the promoter regions of MGP and SDK2,
not previously implicated in tumor development, were also found
to be significantly different between tumor and normal tissues.
Neither MGP nor any genes that are likely to be coregulated by
these CpG sites have been linked to cancer (genes found within
100 kb upstream and downstream are WBP11, DO, PDE6H,
ARHGDIB as well as three hypothetical proteins). Although unlikely,
hypermethylation of the MGP region could indicate a new cancer
relevant gene function besides ossification. However, it is more
likely to be an effect of instable DNA methylation maintenance in
cancer, which is observed more frequently.
We analyzed the change in expression for a subset of the
differentially methylated genes and found that differences in
methylation are strongly correlated to expression differences in
three of the six examined genes (q = 0.52; P = 10 8). Clearly, the
lack of response for the remaining three genes is striking,
especially because previous studies have already shown a clear
relationship between expression and DNA methylation in NSCLC.
The most likely explanation is of technical nature. Methylation
levels for all three genes are low across all samples (mean
methylation for CDH13, 4%; CDKN2A, 4%; and DAPK1, 2%). The
used technology has a detection limit f5% methylated DNA and
therefore is not suitable to reliably detect methylation changes of
this scale. Furthermore, gene expression is not exclusively
regulated by methylation. On the contrary, multiple factors
influence genetic transcription. In addition, many genes have
promoter regions that are larger than the analyzed regions; thus,
CpGs in important regulatory elements may have not been
analyzed in this study.
It is of note that the most significant methylation differences in
this study were observed in genomic regions with relatively low
CpG density. The University of California Santa Cruz genome
browser identifies only two of the seven most significant regions
revealed in this study as CpG islands. The remaining five regions
are either located in the 5¶-UTR or, for MGP, were selected simply
because they had the highest CpG content in the entire genomic
region. However, the relationship between changes in DNA
methylation and gene expression is statistically significant. Our
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Figure 3. Kaplan-Meier survival estimates
for stage-defined subgroups (A) and
cluster-defined subgroups (B). A, stage 1
(blue line ), stage 2 (green line ), and
stage 3 (red line ). The difference in survival
of these three groups is not statistically
significant. B, cluster-defined pooroutcome and good-outcome prognosis
groups. The survival difference is
statistically significant (P = 0.021).

Figure 4. Scatterplot showing differences of methylation and expression levels
between normal and tumor samples. For each sample pair, differences in
methylation are plotted on the x axis and differences between normalized
expression values are plotted on the y axis. Different colors represent different
genes. Black circles, SerpinB5; blue circles, MGP1; red circles, AQP1; pink
circles, DAPK1; green circles, CDH13; orange circles, CDKN4a. The expected
negative correlation between methylation and expression changes is
exemplified in MGP1 (blue circles ) and AQP1 (red circles). An example for
methylation-independent expression changes is given by DAPK1 (pink circles ).
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This study failed to identify robust CpG predictors of survival.
This can partly be attributed to the fact that the survival data for
the analyzed samples were insufficient to build a good model. The
sample set only included 61 patients with survival data and the vast
majority of samples were right censored at time of analysis. Unlike
the expression profiling studies commonly done on oligonucleotide
microarrays, we did not screen DNA methylation on a genomewide scale. The set of 47 promoter regions used here was selected
based on previous expression microarray data (33) in a candidate
gene approach and therefore cannot be expected to be a universal
clinical predictor.
The results of this study suggest that DNA methylation analysis
can be used in combination with gene expression profiling to
discover a clinically meaningful molecular marker set. The strength
of expression profiles is obviously the number of genes that can be
analyzed simultaneously. Genome-wide analysis can be done to
identify genes that are differentially expressed. Once these genes
are discovered, quantitative methylation analysis can be applied
and a subset of methylation-regulated genes can be identified.
When methylation and gene expression profiles have similar
predictive value, a methylation-based test could be preferable.
Although improvements have been made in the recent years and
gene expression markers are now found in clinical settings,
reproducibility of chip array expression profiles remains an issue.
RNA is much more fragile and more prone to degradation
compared with the covalent addition of methyl groups to cytosine.
In our laboratory, we have observed stable methylation ratios
independent of the quality of the DNA and were able to accurately
analyze DNA methylation from paraffin embedded tissue samples.5
This study is the first to show that DNA methylation can be
analyzed on a large scale and quantitative results can be used for
predicting tissue pathology. The data also suggest a potential role
of DNA methylation in the identification of poor and good survival
groups in NSCLC.
Epigenetic events are likely to occur early in tumor progression
and identification of tumor-specific methylation changes will likely
influence our understanding of the disease, possibly leading to
molecular markers for early detection of lung cancer.
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findings indicate that DNA methylation regulates gene expression
outside of traditional CpG islands and suggest rethinking of the
common theorem that only regions of high CpG density are
involved in gene silencing.
In this study, we have examined tumor specimens that contained
up to 5% to 30% stromal cells. This inevitably results in a mixture of
tumor- and nontumor-related cell types in the sample. Hence,
small differences in DNA methylation may not be detectable.
However, the ability to quantitate methylation may make the
requirement for microdissection less critical, at least for discovery
of differentially methylated genes.
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