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Abstract
Recent analyses of global and gene-specific methylation
patterns in cancer cells have suggested that cancers from
different organs demonstrate distinct patterns of CpG
island hypermethylation. Although certain CpG islands
are frequently methylated in many different kinds of
cancer, others are methylated only in specific tumor
types. Because distinct patterns of CpG island
hypermethylation can be seen in tumors from different
organs, it seems likely that histological subtypes of cancer
within a given organ may exhibit distinct methylation
patterns as well. The goal of our study was to determine
whether the patterns of CpG island hypermethylation
could be used to distinguish between different histological
subtypes of lung cancer. We analyzed the methylation
status of 23 loci in 91 lung cancer cell lines using the
quantitative real-time PCR method MethyLight. Genes
PTGS2 (COX2), CALCA, MTHFR, ESR1, MGMT,
MYOD1, and APC showed statistically significant
differences in the level of CpG island methylation
between small cell lung cancer (SCLC) and non-small cell
lung cancer cell lines (NSCLC). Hierarchical clustering
using a panel consisting of these seven loci yielded two
major groups, one of which contained 78% of the SCLC
lines. Within this group, a large cluster consisted almost
exclusively of SCLC cell lines. Our results show that
DNA methylation patterns differ between NSCLC and
SCLC cell lines and suggest that these patterns could be
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developed into a powerful molecular marker to achieve
accurate diagnosis of lung cancer.
Introduction
The four most frequently occurring types of lung cancer are
adenocarcinoma, squamous cell carcinoma, large cell lung cancer, and SCLC3 (1). They are often grouped as NSCLC3 and
SCLC because of major differences in the therapeutic approach
to these patients (2). SCLC, which exhibits many neuroendocrine properties, is generally treated with chemotherapy and has
an aggressive clinical course with early widespread metastases,
resulting in a mean 5-year survival of ⬃5% (3, 4). In contrast,
NSCLC is much more commonly resected (dependent on tumor
stage), with a resulting mean 5-year survival of 15% (3).
Because of the important differences in biology, treatment, and
prognosis between SCLC and NSCLC, it is imperative that a
correct diagnosis be made. However, morphological distinction
between these two categories using standard histopathological
techniques can be difficult, because a subset of NSCLC can
exhibit neuroendocrine features (5). Therefore, it would be of
great benefit to obtain molecular markers that could unequivocally distinguish between NSCLC and SCLC.
One potential cancer-specific marker that has recently
garnered considerable attention is DNA hypermethylation,
which is commonly seen in cancer cells. Methylation of cytosines at CpG dinucleotides is a natural epigenetic modification of DNA that is essential for proper development of mammalian organisms (6). CpG islands are G:C- and CpG-rich
regions of ⱖ200 bp that are generally unmethylated in normal
somatic tissues (7). However, in cancer cells, hypermethylation
of CpG islands is commonly seen, and it frequently coincides
with gene silencing (8 –10). Because of this, DNA hypermethylation is an important mechanism by which tumor suppressor
genes can be inactivated in cancer (8 –10).
Recent analyses of global and gene-specific methylation
patterns in cancer cells have suggested that cancers from different organs demonstrate distinct patterns of CpG island hypermethylation (11, 12). Although certain CpG islands are
frequently methylated in many different kinds of cancer, others
are methylated only in specific tumor types (12, 13). Because
distinct patterns of CpG island hypermethylation can be seen in
tumors from different organs, it seems likely that histological
subtypes of cancer within a given organ may exhibit distinct
methylation patterns as well. The goal of our study was to
determine whether the patterns of CpG island hypermethylation
could be used to distinguish between different histological
subtypes of lung cancer. Such tumor type- and tumor subtypespecific signatures could be invaluable tools for accurate cancer
diagnosis and early detection and might also shed light on the

3
The abbreviations used are: SCLC, small cell lung cancer; NSCLC, non-small
cell lung cancer; PMR, percentage of methylated reference.
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possible developmental relationships between tumor subtypes
(14). Because SCLC tumor tissues are seldom available for
laboratory studies, we limited our study to a large panel of
well-characterized cell lines.

Results
Characteristics of NSCLC and SCLC Cell Lines. We studied a total of 91 lung cancer cell lines, 47 NSCLC and 44
SCLC. The majority of cell lines were derived from advanced
stage disease (87% stage 3 or stage 4 in NSCLC and 85%
extensive in SCLC). The average age of the patients was 54
years (SD ⫽ 10); 87% were Caucasian, and 13% were AfricanAmerican. There was a ⬃2:1 ratio of males to females and 3:1
ratio of smokers to nonsmokers. The distribution of these characteristics did not differ by cell type (NSCLC or SCLC). A
greater number of SCLC cell lines than NSCLC cell lines were
derived from metastatic tumors (93 versus 69%; 2 P ⫽ 0.01),
and more SCLC patients showed either a complete or partial
response to therapy (82 versus 35%; 2 P ⫽ 0.001).
CpG Island Hypermethylation. Methylation analysis was
performed by the fluorescence-based, real-time PCR assay
MethyLight (17). Each set of two primers and the corresponding probe is designed to sample a total of 6 –12 CpG dinucleotides located in the area to which the primers and probe
hybridize. On average, 8 CpGs are sampled by each primer/
probe set. Primers and probes are designed in such a way that
they will hybridize only when all CpGs occurring in the area are
methylated (17). Thus, the primer/probe sets are designed for
the highest level of stringency. This means that a positive result
indicates methylation at all CpGs present in the sampled region.
A negative result could indicate partial methylation in the
sampled area, no methylation in the sampled area, or in rare
cases, absence of the sampled area (e.g., through homozygous
deletion). Because some heterogeneity can occur (even in cell
lines) in the methylation of CpGs within a given tract (e.g., not
all 8 CpGs in a sampled region may be methylated in each
individual cell), an observation of ⬍100% methylation can be
common, although most molecules may be methylated (17).
Although this may lead to an underestimation of methylation, it
provides a good reflection of the level of extensively methylated alleles. This is important, because extensive methylation is
most likely to result in gene silencing and, thus, tends to affect
genes whose expression would antagonize tumor growth (8,
10). To increase our odds of detecting hypermethylated loci, we
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Materials and Methods
Tumor Cell Lines. Cell lines were initiated by Gazdar et al.
(15) at the National Cancer Institute and Hamon Cancer Center,
and information regarding the tumor type and characteristics of
patients from which they were derived has been described for
most of these lines. NSCLC lines (47) and 44 SCLC cell lines
were analyzed.
MethyLight. DNA was isolated according to standard procedures. Sodium bisulfite conversion, which converts all unmethylated Cs to Us, resulting in their replacement by T in the final
PCR product, was performed as described previously (14,
16). Methylation analysis was performed by the fluorescence-based, real-time PCR assay MethyLight (17). Primers
and probes (designated by their Human Genome Organization name followed by a probe identifier) were APC-M1,
ARF-M1, CALCA-M1, CHD1-M1, CDKN2A-M2, CDKN2BM1, CTNNB1-M1, ESR1-M1, GSTP1-M1, HIC1-M1, MGMT-M1,
MLH1-M1, MTHFR-M1, MYOD1-M1, PTGS2-M1, RB1-M1,
TGFBR2-M1, TIMP3-M1, and TYMS-M1 as described previously (14). Sequences for primers and probes for AR1-M1,
ESR2-M1, MGMT-M2, PGR-M2, and THBS1-M1 were as
follows (given in 5⬘ to 3⬘ direction): AR1-M1: forward
primer: GCGTTTTTTTCGAGATTTCGG probe: ACCGTCCCGCTCTCCCAACAAACTA reverse primer: GCCTCCTCTACCTATAAACTTACTCCG; ESR2-M1: forward primer:
TTTGAAATTTGTAGGGCGAAGAGTAG probe: CCGACCCAACGCTCGCCG reverse primer: ACCCGTCGCAACTCGAATAA; MGMT-M2: forward primer: GCGTTTCGACGTTCGTAGGT probe: CGCAAACGATACGCACCGCGA reverse
primer: CACTCTTCCGAAAACGAAACG (MGMT-M1 and
-M2 refer to sites sampling different locations of a large CpG
island spanning the MGMT promoter, exon 1 and intron 1; Ref.
18); PGR-M2: forward primer: TTATAATTCGAGGCGGTTAGTGTTT probe: ATCATCTCCGAAAATCTCAAATCCCAATAATACG reverse primer: TCGAACTTCTACTAACTCCGTACTACGA; THBS1-M1: forward primer: CGACGCACCA
ACCTACCG probe: ACGCCGCGCTCACCTCCCT reverse
primer: GTTTTGAGTTGGTTTTACGTTCGTT. Three sets of
primers and probes, designed specifically for bisulfite-converted
DNA, were used concurrently: a methylation-specific set for the
gene of interest and two reference sets to normalize for input DNA
(one for ␤-actin (ACTB-C1; Ref. 14) and one for type 2 collagen
(COL2A1-C1; forward primer: TCTAACAATTATAAACTCCAACCACCAA probe: CCTTCATTCTAACCCAATACCTATCCCACCTCTAAA reverse primer: GGGAAGATGGGATAGAAGGGAATAT). The PMR3 for each locus was calculated by
dividing the GENE:reference ratio of a sample by the GENE:
reference ratio of highly methylated SssI-treated human sperm
DNA and multiplying by 100 (14). GENE methylation levels were
normalized independently using each of the two reference reactions, and the mean of the resulting PMR was used as the final
PMR value.
Statistics. The PMR values were used as continuous variables,
and median methylation levels in NSCLC and SCLC lines were
compared using the Mann-Whitney U test (SAS Statview software), because the data were not normally distributed. A subset
consisting of the seven loci showing the best discrimination
between SCLC and NSCLC were selected for the cluster analysis: PTGS2, CALCA, MTHFR, ESR1, MGMT-M1, MYOD1,

and APC. Because of the large proportion of cell lines with
undetectable methylation, we categorized the PMR values into
three groups: (a) no detectable methylation; (b) low levels of
methylation; and (c) high levels. At each of the seven loci, the
median of the positive PMR values was used to classify methylation values; cell lines with methylation levels less than or
equal to the median were classified as low, and cell lines with
methylation levels above the median were classified as high.
The median was used because it provides an unbiased method
for ranking methylation levels for the different genes. The
trichotomized data were used for an agglomerative hierarchical
cluster analysis performed with S-PLUS 2000 (Insightful
Corp.). The distance between two samples was measured by the
sum of absolute deviations across the seven loci, commonly
known as Manhattan distance. To reflect the biological importance
of high methylation values, which may be correlated with gene
silencing, greater weight was given to differences between high
and low PMR values compared with low and undetectable PMR.
This was done by coding categories as follows: (a) 0 ⫽ no
detectable methylation; (b) 1 ⫽ low methylation; and (c) 3 ⫽ high
methylation. The distance between clusters was measured using
the group average method (average link). This corresponds to the
average distance across pairs of samples drawn such that no two
samples are drawn from the same cluster.

Cancer Epidemiology, Biomarkers & Prevention

Downloaded from http://aacrjournals.org/cebp/article-pdf/11/3/291/1740957/ce0302000291.pdf by guest on 18 May 2022

have chosen the genes analyzed based on their previously
shown involvement in cancer, demonstrated potential for tumor
suppression, and/or demonstrated propensity to become hypermethylated in cancer. However, it should be noted that for the
purpose of developing methylation markers, any methylation
occurring consistently and specifically in a given tumor type
would be highly relevant, irrespective of its biological consequences.
We used DNA from the 91 cell lines to analyze the
methylation status of loci in 23 genes. The PMR3 (14) values
obtained (⬎2000 data points) were trichotomized and organized to emphasize genes that showed higher methylation in
SCLC (Fig. 1A), those that showed higher methylation in
NSCLC (Fig. 1B), those that showed substantial methylation
but were indistinguishable in both kinds of cells (Fig. 1C), and
those showing sporadic (Fig. 1D) or undetectable methylation
(Fig. 1E). PMR values were used to determine whether statistically significant differences in methylation levels and percentage of cell lines showing methylation were seen between SCLC
and NSCLC cell lines (Table 1). PTGS2, CALCA, MTHFR,
ESR1, MGMT-M1, MYOD1, and APC showed statistically significant differences in the median methylation levels in NSCLC
and SCLC, and TIMP3, TGFBR2, and CDKN2A approached
statistical significance. The highest significant difference was
seen for PTGS2 (P ⬍ 0.001), which showed a significantly
higher proportion of SCLC cell lines methylated (P ⫽ 0.03
using Fisher’s exact test) and significantly higher median methylation levels in SCLC cell lines. The higher median methylation levels were observable when all cell lines were taken into
account but also when only cell lines showing positive methylation were considered. Thus, PTGS2 (COX2) appears to be a
good indicator of SCLC, showing both qualitative and quantitative differences in methylation between SCLC and NSCLC
cell lines. Qualitative and quantitative differences were also
seen for MYOD1, whereas only quantitative differences were
seen for CALCA, MTHFR, ESR1, MGMT-I, and APC. The
methylation patterns of the rest of the loci were similar in both
SCLC and NSCLC lines. HIC1 showed very frequent methylation in both cell types. TGFBR2, THBS1, and TYMS showed
sporadic methylation in various lines. ARF, CTNNB1, and RB1
genes showed no detectable methylation in any of the lung
cancer cell lines. These results indicate that there can be considerable differences in methylation levels of CpG islands in
cell lines, varying from very highly methylated to undetectable
methylation. In addition, differences that are highly statistically
significant can be observed.
Hierarchical Clustering Using a Panel of Seven Loci. Although a number of the loci analyzed might be used individually to discern differences between tumor subtypes, correct
identification of tumor samples is more likely to occur when
multiple informative markers are used. For this reason, we
wished to determine whether a combination of loci might serve
better as a diagnostic panel. On the basis of the fact that 7 of the
23 loci showed significant (P ⬍ 0.05) differences in methylation levels (Table 1), we used these loci as a panel in an
agglomerative hierarchical cluster analysis (Fig. 2). The cell
lines fell into two major groups, one of which contained 78%
of the SCLC cell lines. Within the major SCLC group, one of
the two subgroups consisted almost entirely of SCLC (91%),
containing only two cell lines that were not SCLC lines (an
atypical carcinoid line and a bronchioalveloar carcinoma cell
line). Among NSCLC cell lines, grouping of subtypes was less
obvious. Some clustering of adenocarcinomas was seen, but the
current set of markers does not allow this group to be clearly

293

Fig. 1. Methylation analysis of a panel of 23 genes in 47 NSCLC and 44 SCLC
cell lines. Cell line names are indicated at left. Cell lines with the prefix HCCoriginated at Hammond Cancer Center; all others are from NIH (the prefix NIHhas been omitted for brevity). Loci are listed at the top. MGMT-M1 and -M2 refer
to sites sampling different locations of a large CpG island spanning the MGMT
promoter, exon 1, and intron 1 (18). NSCLC cell lines were derived from samples
classified as adenocarcinoma (AD), brochioalveolar carcinoma (BA), squamous
cell lung cancer (SQ), mixed histology (MI), large cell lung cancer (LC), carcinoids (CA), neuroendocrine NSCLC (NE), and unclassified NSCLC (NSC).
Methylation values are marked as 䡺 (undetectable), gray boxes (PMR below the
median), or f (PMR above the median). Samples for which no PMR was obtained
because of failure of one or both references are indicated by a crossed box.
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Table 1
Gene
(HUGOa name)

Non-small cell lung cancer (n ⫽ 47)b

Small cell lung cancer (n ⫽ 44)d

% pos.

Median

IQRc

% pos.

Median

IQRc

78
76
98
74
81
65
74
30
0
48
40
0
81
28
13
2
17
98
4
62
40
0
0
0

1.2
19.7
75.8
40.5
3.7
12.2
79.7
68.3

0.2–5.3
6.8–65.6
32.2–111.5
2.5–79.0
1.0–9.5
0.8–61.2
65.6–107.1
0.6–108.0

34.4
112.3

0.5–47.9
79.3–227.7

95
86
100
56
91
42
58
50
7
37
59
2
88
21
19
5
23
100
2
52
45
0
0
0

29.5
87.9
117.4
1.4
7.8
3.8
36.0
40.3
0.2
0.4
72.4
0.1
2.5
9.6
1.6
23.7
28.7
95.7
63.7
13.4
3.0

1.6–55.7
48.7–129.0
89.3–148.6
0.5–17.3
2.6–19.4
0.5–13.2
1.2–103.7
10.2–94.0
0.1–1.8
0.0–5.0
14.1–173.6
0.1–0.1
0.4–42.9
2.6–35.6
0.5–45.8
22.0–25.4
3.2–79.4
77.0–112.7
63.7–63.7
0.4–51.3
0.1–25.5

12.9
5.9
4.45
1.4
31.5
89.9
33.7
3.5
7.4

2.8–63.8
1.6–13.5
2.8–6.5
1.4–1.4
8.2–105.6
63.4–117.1
16.9–50.5
0.1–19.4
0.8–47.8

Pe
<0.0001*
0.0004*
0.0001*
0.0024*
0.0145*
0.0133
0.0441
0.0571
0.0658
0.1019
0.2894
0.3118
0.3312
0.4980
0.5046
0.5127
0.5489
0.5827
0.6086
0.6461
0.8568
1
1
1

a
Human Genome Organization nomenclature (MGMT-M1 and -M2 refer to sites sampling different locations of a large CpG island spanning the MGMT promoter, exon
1, and intron 1, Ref. 18).
b
NSCLC lines were derived from 24 adenocarcinomas, three bronchioalveolar carcinomas, four squamous cell lung cancers, four mixed subtype cancers, five large cell
carcinomas, two carcinoids, three unspecified NSCLC, and two NSCLC with neuroendocrine features. Ten loci lacked data on one NSCLC cell line (PTGS2, CALCA, ESR1,
MYOD1, APC, CDKN2A, CDKN2B, CDH1, MLH1, and ARF).
c
IQR, interquartile range (25th–75th percentile).
d
Ten loci lacked data on one SCLC cell line (PTGS2, CALCA, ESR1, MYOD1, APC, CDKN2A, CDKN2B, CDH1, MLH1, and ARF); 5 loci lacked data on two SCLC
cell lines (MTHFR, TGFBR2, PGR, CTNNB1, and RB1).
e
Mann-Whitney U test. Loci showing significant (P ⬍ 0.05) differences in methylation levels are highlighted in bold type. Of these, loci for which a significant difference
(P ⬍ 0.05) was found using only the median methylation levels of positive cell lines are marked by an asterisk.

separated from other NSCLCs. This is supported by the fact
that only 2 of the 23 loci show significant differences between
adenocarcinoma and all other NSCLCs: (a) MTHFR (MannWhitney P ⫽ 0.01); and (b) AR1 (Mann-Whitney P ⫽ 0.04). To
improve the distinctions within the NSCLC group, expanding
the number of loci analyzed would be required.
To test whether the clustering might be due to certain
characteristics of the cell lines (stage of tumor from which the
line was developed or gender, race, and smoking history of the
patient), we tested whether there was a statistically significant
association between our derived cluster variable and the patient
characteristics. No such correlation was found (all P ⬎ 0.10),
suggesting that the clustering does indeed reflect the histological origin of the cancer rather than any other patient characteristic. This was supported by the fact that the median methylation level did not appear to vary by patient characteristic in
any of the seven loci used for the cluster analysis. The association of the cluster variable with cell type described earlier was
highly significant (P ⫽ 4.9 ⫻ 10⫺7). Response to therapy also
showed a statistically significant difference between the clusters (P ⫽ 0.02), but this can be explained by the fact that the
different cell types differed with respect to response to therapy.
Using logistic regression, we found that after adjusting for cell
type, response to therapy no longer predicted the clustering
variable. This further supports our conclusion that clustering
reflects the type of cancer rather than any of the patient characteristics.
Including additional, less informative loci in the panel

used for the clustering reduced the propensity of the SCLCs to
group together, whereas reducing the number of loci led to a
loss of information and concomitant loss of clustering. This
requirement for an optimal number of genes to most clearly
observe relationships between samples has been observed previously, e.g., when using artificial neuronal networks to classify
cells based on gene expression levels (19). Although our approach was a selective one, it demonstrates the ability to observe clusters based on methylation data. It will be important to
validate the utility of the seven marker loci using an independent set of cell lines and/or tumor samples in the future.
Discussion
Here we describe studies aimed at determining whether CpG
island hypermethylation patterns could be used to distinguish
between different histological subtypes of lung cancer. Because
SCLC is usually diagnosed by transbronchial biopsy or cytology, and resections are rare, tumor material from SCLC patients
is scarce. For this reason, we have used a collection of NSCLC
and SCLC cell lines. These cell lines were established from
primary or metastatic tumors precisely to address the shortage
of available tumor material (15). Extensive analysis has shown
that in general, our lung cancer cell lines maintain the original
characteristics of the tumor remarkably well (15, 20, 21). Early
experiments had questioned the validity of using cell lines to
study DNA methylation, because it was reported that immortalized mouse fibroblasts exhibited hypermethylation (22).
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Fig. 2. Clustering analysis of cell
lines based on methylation data from
seven loci. A dendrogram obtained
from agglomerative hierarchical clustering analysis, using data from 89
cell lines for which complete methylation data were available for the
seven genes that showed statistically
significant differences (Table 1), is
shown at left. To calculate the Manhattan distance, cell lines were assigned a value of 0, 1, or 3 for each
locus, denoting no detectable methylation, a PMR value below the median, or a PMR value above the median, respectively. The higher value
assigned to the latter group was used
to reflect the biological importance of
high methylation levels, which are
correlated with gene silencing. F, the
cell lines derived from SCLC. Gray
squares, cell lines derived from adenocarcinoma or bronchiolaveolar carcinoma (grouped together because
they are histologically indistinguishable). ‚, other NSCLC cell lines. A
diagram depicting the methylation
levels corresponding to the clustered
cell lines is shown at right. Methylation levels for the seven loci used for
clustering (listed at top) are given,
indicating undetectable (light gray),
below median (dark gray), or above
median methylation levels (black).

However, our analysis shows that a number of loci showed low
or no detectable methylation in any of the 91 cell lines studied,
arguing against a universal hypermethylation of CpG islands in
cell lines. A recent study of bladder cancer tumors and the cell
lines derived from them showed relatively stable methylation
patterns in vivo and in vitro over time (23).
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Of the 23 loci we have tested, only APC has been studied
previously in SCLC (24). Using nonquantitative methylationspecific PCR, we previously saw methylation in 26% of SCLC
cell lines and 59% of NSCLC cell lines. The somewhat higher
percentages found in the current study (58 and 74%, respectively) are likely due to the increased sensitivity of the Meth-
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processing procedures, such as formalin fixation (14); and (c)
methylation analyses may be more selective for cancer-specific
changes than expression studies, because promoter CpG islands
are usually unmethylated in normal tissues, so that observed
hypermethylation is frequently significant. This is supported by
our ability to observe clustering using 7 loci out of a set of
merely 23, which is remarkable, considering the large numbers
of genes (thousands) routinely analyzed to define clusters in
gene expression assays. Our study is, to our knowledge, the first
to use methylation analyses to develop clusters. Our results
suggest that with the inclusion of sufficient informative loci, it
will become possible to classify lung cancer subtypes with a
high degree of accuracy using methylation profiles.
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