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Preface 

In this booklet I will take you on the journey of my doctoral degree. The 
main subjects are both intriguing and controvert: epigenetic regulation 
by DNA methylation, focused on a common type of lung cancer called 
non-small cell lung carcinoma. For those who are already in the field of 
oncology or epigenetics, I will try to make the reading of this thesis as 
fascinating as the subjects have become to me in the past four years. For 
those who have no interest in or understanding of those particular 
subjects, but for whatever reason decide to read it, I hope the reading 
will be light enough to get you through, to leave you with an impression 
of how much is happening in our cells and why understanding these 
processes is important, not only for basic science, but also for the 
clinical applications that can arise from it. 

Scope of this thesis 

DNA methylation is a signaling marker used by the cell to control gene expression, to 
keep genes silenced or active. It is an important part of what is called epigenetic 
controlling mechanisms (epi- Greek: επί- over, above, outer). We are just beginning to 
understand the intricate processes involving this type of epigenetic regulation and its 
role in normal development and carcinogenesis. In most types of cancers, a 
combination of environmental, genetic and epigenetic factors is implicated in initiating 
and maintaining the disease. Non-small cell lung carcinoma is a complex malignancy, 
posing challenges to accurate diagnosis and prognosis, which are essential for the 
correct choice of treatment. Despite recent advances in molecular biology and 
oncology, diagnosis is still largely based on classical histological classification.  

Profiling DNA methylation is crucial to find novel regions which not only may 
be involved in the biology of the tumor, but could also provide sensitive and specific 
markers for tumor phenotyping. Such markers may be a useful tool in cancer diagnosis 
and prognosis due to the stability, inheritability and tissue–specificity of DNA 
methylation. Profiling DNA methylation in cancer in a genome-wide manner has 
become an area of intensive research efforts, but as yet there is no standardized 
technology to generate genome-wide profiles, nor is there standardized statistical 
methodology to analyze the data. Because of this, genome-wide profiles are often 
biased, reflected by the small number of regions that overlap between different studies. 

At present, there is not a single truly genome-wide profile of DNA methylation 
in NSCLC. In addition, there is no methylation marker or a panel of markers with 
sufficient sensitivity and specificity for clinical use. Therefore the main purpose of the 
research described here was to provide genome-wide DNA methylation maps of 



 

12 

NSCLC and normal lung tissues, for identification of differentially methylated regions 
(DMRs) that can be used to develop sensitive biological markers for NSCLC. This may 
enable development of a panel of markers that can be used for non-invasive diagnosis 
and histological classification of NSCLC. 

In Chapter 1 I introduce you to general concepts in non-small cell lung cancer 
(NSCLC), how epigenetic regulation by DNA methylation might be involved, and why 
DNA methylation can be useful in NSCLC studies. In Chapter 2 we devised a 
combination of assays and methodologies which were used to profile NSCLCs and 
lung samples. Firstly, we isolated methylated DNA from lung and tumor tissues from 
patients and fully sequenced them with high-throughput technology, providing 
sequence reads representing the entire genome. We then made use of a novel 
normalization method, using unique controls: totally unmethylated genomic DNA to 
set up the lowest (background) levels and totally methylated genomic DNA for the 
highest (reads saturation) methylation levels. The controls were submitted the same 
process as tumor and lung samples. Next, we compared the normalized reads between 
normal and tumor samples using a very stringent statistical analysis. The combination 
of these methods led to the generation of very trustful profiles. These profiles are a 
valuable resource for the search of tumor and histological markers. Next, we used these 
profiles to select DMRs which are poorly and never investigated. In Chapter 3 we 
examined the methylation status of 25 DMRs from our profiles in 61 NSCLC samples, 
searching for sensitive and specific markers. Most of the DMRs we investigated 
showed higher specificity and sensibility than most of methylated markers reported in 
the literature to date. Subsequently we tested different combinations of these DMRs to 
find the best panel to predict NSCLC tumors. We propose a panel of 5 markers that is 
100% specific and has 94% sensitive to distinguish between tumor and normal tissue. 
Finally, in Chapter 4, I present a general discussion of the results described in 
Chapters 2 and 3, and discuss how our findings can be used to further advance NSCLC 
research. 
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Since my research involved two subjects that are not necessarily linked to each other, 
in the following pages I will give you background knowledge in both. In the first part, I 
will start by telling you the reasons why we chose to investigate Non-small cell lung 
carcinomas (NSCLC), and by doing so you will understand what type of cancer 
NSCLC is and get to know the nomenclature of lung tumors and their classification, 
which is relevant because it reflects the complexity involved in studying NSCLC. I will 
lead you through the importance of correct diagnosis and, consequently, the necessity 
of good tumor markers. I will describe the molecular mechanisms that we know play a 
role in this disease, and how DNA methylation fits in this context. Here starts the 
second subject of my research, where I will introduce you to epigenetics and epigenetic 
regulation by DNA-methylation; what we know about it, but also how much we do not 
yet know about this regulatory mechanism. The reasons why DNA methylation makes 
good markers and which ones are already identified in NSCLC are discussed. Finally, I 
will briefly describe the drawbacks and advantages of the different methods currently 
used to profile DNA methylation. 

1 - Non-small cell lung carcinomas 

Why studying NSCLC? I could just say that any research in cancer is self-explanatory. 
You do not need to be in the medical research field to know how deadly this disease is, 
and how important it is to develop the best treatments and better diagnostic methods. 
However, with regard to lung cancer in general, and NSCLC in particular, there is an 
even more pressing reason: NSCLC is not only the most frequent type of cancer world-
wide, but also the deadliest one (Ferlay et al., 2010). Figure 1 depicts the incidence and 
mortality of the 10 most frequent types of cancer. Lung cancer stands out with the 
highest incidence and mortality rates world-wide, considering both sexes and all ages 
(Figure 1A). 

Figure 1B represents the comparison of the age-standardized rates (ASR) of the 
highest incidence cancers in The Netherlands and in Brazil, showing that even in the 
countries where lung cancer is not the most frequent type of tumor, it is still the 
deadliest malignancy. Although the rates presented in figure 1 represents lung cancer in 
general, NSCLC accounts for about 80% of all types of lung cancer (Jemal et al., 
2006). 

The reason lung cancers are so deadly is mainly due to the lack of symptoms in 
early stages of the disease. Very often, when the first symptoms appear, cancer has 
already spread to other parts of the body, with complains originating from the 
secondary (metastasized) affected sites. However, even when an early diagnosis is 
made and the tumor surgically resected, relapse often occurs within 5 years after first 
diagnosis (Chhatwani et al., 2009). Only about 15% of NSCLC patients survive more 
than 5 years (Jemal et al., 2006), and for patients in advanced stages where no surgery 
is recommended, prognosis has a 5-year survival of less than 1% (Nykamp, 2010). 
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In general, survival prognosis is based in the combination of three main factors: 
size of the tumor (scale from T1 to T4), presence/absence and number of regional 
lymph node metastasis (N0-N3), presence/absence of distant metastasis (M0-M1). 
Survival rates for NSCLC patients are shown in Table 1 (Baba et al., 2011; Goldstraw 
et al., 2007; Pfannschmidt et al., 2007; Scagliotti et al., 2011; Shepherd et al., 2007; 
Wang et al., 2010). The rates have a large variation within each stage, due not only to 
differences between studies but also to the heterogeneity of tumors. 

1.2 - NSCLC: A complicated name for a complex disease.  

There are many different types of lung cancer. According to the World Health 
Organization (WHO) (2004), lung cancers are divided in two major groups: Small Cell 
Lung Carcinoma (SCLC) and Non-Small Cell Lung Carcinomas. SCLC is a very 
distinctive type of cancer, with well-characterized histological features (Stahel, 1992). 
NSCLC, on the other hand, receives this name because it involves several other 
subtypes and variants of lung cancer which are distinct from SCLC. The three main 
subtypes of NSCLC are Adenocarcinomas (ADC), Squamous cell carcinomas (SCC) 
and Large cell carcinomas (LCC).  

Figure 1 – Cancers with highest incidence and mortality. A: 
world-wide number of cases per cancer, considering both 
sexes and all ages; B: Comparison between The Netherlands 
and Brazil in age standardized rates (ASR). ASR is a 
summary measure of the rate that a population would have if 
it had a standard age structure, and it is represented as a 
weighted mean of the age-specific rates. The calculated 
incidence or mortality rates are then called age-standardized 
incidence or mortality rate. It is expressed per 100,000. 
Graphics were adapted from (Ferlay et al., 2010). 
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Table1: 5-years survival rates in NSCLC  

Grades 5-years 
Stages 

T N M survival rate 

IA 1 0 0 49-82% 

IB 2a 0 0 45-68% 

1 0 0 

2a 1 0 IIA 

2b 0 0 

30-50% 

2b 1 0 
IIB 

3 0 0 
30-40% 

1 or 2 2 0 

3 1 or 2 0 IIIA 

4 0 or 1 0 

14-35% 

3 3 0 
IIIB 

4 2 or 3 0 
< 5% * 

IV 1 to 4 0 to 3 1 ~1% § 

* Median survival of 13 months.  
§ Median survival of 8 months. 

1.2a - Adenocarcinomas 

ADC is the most common type of 
lung cancer world-wide, accounting 
for nearly 40% of NSCLC cases 
(Travis, 2002). It is often associated 
with smoking habits, however it is 
the lung cancer with highest 
incidence among never-smokers 
(Subramanian and Govindan, 2007) 
and it is also the most frequent in 
women (Sagerup et al., 2011). ADC 
arises frequently in the periphery of 
the lung, and the main sites of 
metastasis are adrenal glands, liver, 
bone and brain. Its cells often show 
glandular formation, papillary 
structures and/or mucin production 
(Travis et al., 2011). 

ADC is the most 
heterogeneous subtype of NSCLC, 
with a large range of variation in 
histological, pathologic and 
molecular features. Thyroid 
transcription factor 1 (TTF-1/ 
NKX2-1) and napsin-A normally 
show as positive staining in ADC cells. (Roh et al., 2011; Yatabe et al., 2002).  TTF-1 
is particularly used for identification of lung as primary tumor site in metastasized 
areas, with immunological staining showing positive in 75 to 85% of metastasized 
ADC cases (Yatabe et al., 2002). Within ADCs, Bronchioloalveolar carcinoma (BAC) 
is the subtype that shows the widest differences in response to treatment, indicating a 
large heterogeneity within the tumors belonging to this sub-class (Travis et al., 2011).  

In 2011, the International Association for the Study of Lung Cancer (IASLC), 
the American Thoracic Society (ATS), and the European Respiratory Society (ERS) 
reviewed the classification system and propose changes regarding the classification of 
adenocarcinomas (Travis et al., 2011). The proposed new classification is still based in 
histopathological criteria; however it integrates a multidisciplinary investigation, 
including histological, cytological, radiological and molecular approaches, mainly 
concerning BAC sub-classification, aimed at reducing misdiagnosis and improving 
patient care. 
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1.2b - Squamous cell carcinomas 

SCC accounts for roughly 30% of all lung cancers. It is strongly related with smoking 
habits and most frequent diagnosed in men (Travis, 2002). The main initiating site for 
SCC is the central bronchus, more specifically the central portion of the tracheo-
bronchial tree, although it can be also found in the periphery of this region (Holland, 
2000). SCCs have some distinctive features, such as the presence of necrosis localized 
in the middle of the tumor which may result in central cavitation, and the production of 
keratin and desmosomes, also known as intercellular bridges, by the tumor cells. 
Tumors also frequently have an appearance of either spindle-like cell shapes or they 
present peripheral palisading patterns (Sakurai et al., 2004), where the cells in periphery 
of the tumor acquire a palisading distribution.  

In immunohistochemistry staining, p63 and cytokeratin 5/6 (CK5/6) are the most 
reliable markers for SCC (Camilo et al., 2006). In cases where the particular features of 
ADC and/or SCC cannot be clearly observed under normal histological staining, a 
mixed panel of ADC and SCC markers (TTF-1/CK5/6 or p63/napsin-A) may be used, 
since those markers are often mutually exclusive (Rossi et al., 2009), except for tumors 
containing a mix of SCC and ADC or LCC. 

1.2c - Large cell carcinomas 

About 10% of all NSCLCs are diagnosed as LCC. In general, LCC is a poorly 
differentiated tumor type, presenting as large round cells with large nuclei and 
prominent nucleoli, which normally shows as a peripheral mass with pronounced 
necrosis without cavitations. They normally arise in the peripheral areas of the lung, 
show rapid growth and early metastasis (Travis, 2002). 

This type of NSCLC is very often used in exclusion diagnosis, where the 
cytological features of ADC or SCC cannot be found. Under routine histological 
analysis, LCC shows no evidence of glandular or squamous differentiation, 
characteristics present in either one of the other two subtypes. However, studies using 
electron microscopy shows that those differentiating features are observed in most of 
the tumors classified as LCC (Said et al., 1983). 

Not uncommonly, LCC diagnosis changes to ADC or SCC when a larger tumor 
sample becomes available and a more detailed analysis can be done. Reports have 
shown that immunohistochemistry analysis will be positive for intracellular mucin or 
cytokeratins in about 50% of the LCC cases (Delmonte et al., 1986), indicating poorly 
differentiated ADC or SCC in place of truly LCC. 

Despite the division of NSCLC in these three major subgroups, you have by 
now an idea of how heterogeneous NSCLC and each of its subgroups are. This forms a 
major problem for diagnosis, which is currently based on histological classification and 
immunohistochemical staining. Due to the enormous variations in tumor proprieties 
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found in each subtype, not infrequently two pathologists give different diagnosis for the 
same tumor, where LCC or the terminology NSCLC-NOS (non-otherwise specified) is 
often used in diagnosis (Travis et al., 2011).   

Studies of somatic mutations (Coate et al., 2009), copy number variation (Sy et 
al., 2004) and expression profiles (Hou et al., 2010) show that tumors belonging to the 
same traditional histological classification can display different molecular signatures. 
This indicates that, although those tumors are part of the same group, they may present 
different etiologies, behave differently in growth, predisposition to develop metastasis 
and response to treatment. 

1.3 - NSCLC: molecular mechanisms  

As for other types of cancers, there is not one cause for NSCLC. Initiation, 
development and maintenance of the disease are complex processes involving many 
factors, and interactions between them. Those factors can be of three different orders: 
environmental, genetic and epigenetic. 

1.3.1 - Environmental factors 

Not surprisingly smoking is the primary risk factor in lung cancer etiology. This 
association was already reported in 1950 (Doll and Hill, 1950). It is estimated that 
between 80% and 90% of lung cancers are resulting from smoking habits (Bryant and 
Cerfolio, 2007), and smokers have between 14 and 23 times higher risk of developing 
lung cancer than non-smokers . This observed risk variation is a reflection of the 
differences in level of tobacco consumption, duration of smoking habits (Peto, 1986), 
and starting age (Wiencke et al., 1999).  

Some subtypes of NSCLC are more associated with smoking habits than others. 
While SCC is prevalently seen in smokers, ADC is more frequent in non-smokers 
(Figure 2). SCC used to be the most frequent type of NSCLC till middle of the 80’s, 
but nowadays ADC has surpassed SCC incidence. This reverse in incidence rates is 
thought to be mainly due to change in smoking policies, addition of filters and changes 
in carcinogenic particles, such as introduction of low tar cigarettes (Harris et al., 2004). 

Smoking does not only influence the probability of developing lung cancer, but 
it also affects the prognosis. Studies with lung cancer patients indicate that never-
smokers have a better prognostic than smokers (Nordquist et al., 2004) and even 
former-smokers (Tammemagi et al., 2004). Smoking cessation decreases substantially 
the cumulative risk to develop lung cancer, but the risk for former smokers is still 
higher than that for never-smokers. Studies have also shown that not only active 
smoking, but also passive smoking, also called second hand smoke or environmental 
tobacco smoke (ETS), presents risk. ETS increases the risk of developing lung cancer 
by 25% (Taylor et al., 2007), and heavy daily exposure in childhood has a 2-fold 
increased risk to develop lung cancer in adulthood (Olivo-Marston et al., 2009). 
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Tobacco contains more than 40 carcinogen chemicals, from which at least 20 
are strongly related to lung oncogenesis (Hecht, 2003). Constant exposure to those 
compounds, such as polycyclic aromatic hydrocarbons present in tobacco, frequently 
leads to DNA damage and gene mutation (Gyorffy et al., 2008). 

Although smoking is the principal environmental risk factor, there are many 
others described for lung cancer, such as exposure to ionizing radiation, pollution, 
pesticide and particularly, radon, a natural occurring radioactive gas resulted from the 
decay of uranium and thorium (Samet, 2011; Samet et al., 2009). Chronic exposure to 
high levels of radon is considered the second predominant risk-factor in lung 
carcinogenesis, and exposure at home is responsible for 9% of lung cancer deaths in 
Europe (Darby et al., 2005). Other associations have also been found: air pollution 
such as from nitrogen oxides and particles from traffic (Lissowska et al., 2005; 
Vineis and Husgafvel-Pursiainen, 2005) have been associated to increased lung cancer 
incidence; exposure to industrial carcinogens (Taeger et al., 2006), herbicides and 
pesticides (Samanic et al., 2006) are also related.  

Risk-factors can also be disease related. Several viral and bacterial infections 
have been reported to be associated with increased risk of developing lung cancer 
(Liang et al., 2009; Littman et al., 2004); chronic obstructive pulmonary disease 
(COPD) is considered a major risk factor (Young et al., 2011), pneumonia and 
tuberculosis have also been positively associated (Brenner et al., 2011). These diseases 

Figure 2: Incidence of NSCLC subtypes in smokers and non-
smokes  (Kenfield et al., 2008). 
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and the other factors mentioned above affect the lung tissue, exposing its cells to stress 
and cumulative DNA damage.  

However, genetic predisposition may also play a role in NSCLC oncogenesis, 
since lung cancer is also observed in non-smokers and people with no history of 
exposure to other environmental risk-factors. Moreover, independently of what causes 
it, alterations in genes are the general underlying mechanism of oncogenesis. 

1.3.2 - Genetic factors 

Studies report a 2.5 fold increased risk to develop lung cancer in people with a family 
history of the disease (Nitadori et al., 2006). However, to date no particular genes have 
been defined as heritable cause. It is well known that several genetic aberrations are 
associated with NSCLC. Translocations, amplifications, loss of heterozygosity (LOH), 
somatic mutations, SNPs and a whole range of other genetic alterations have been 
reported. Expression profile studies demonstrate that hundreds of genes are 
differentially expressed in NSCLC when compared to their healthy counterparts. Some 
of those genes are associated with tumor signatures, others with survival, prognosis, 
and response to treatment (Hou et al., 2010). For most of those genes, there is no clear 
understanding of their role in the disease. They could be responsible for development 
and maintenance of the cancer cells, or their expression might have changed as a 
“bystander” effect caused by tumor-promoting aberrations in other genes. 

I will discuss here genes with established roles in initiating, developing and/or 
maintaining the oncogenic state in NSCLC, focusing on the ones which are the most 
commonly known and strongly associated with NSCLC. Genes mutated or abnormally 
expressed in NSCLC are mostly concentrated in the EGFR and other kinase pathways 
[Figure 3], such as EGFR, KRAS, BRAF, PI3K, HER2 (ERBB2), MET and 
EML4/ALK. Other genes also found to be often mutated in NSCLC are P53, TTF-1 
and LKB1.  

1.3.2a - EGFR and KRAS 

EGFR and KRAS harbor the most studied somatic mutations in NSCLC, and they are 
essentially mutually exclusive in NSCLC. The EGFR pathway regulates key processes 
in oncogenesis, such as proliferation, apoptosis, migration and angiogenesis. Mutations 
in the EGFR tyrosine kinase domain (exons 18-20) have an activating effect, leading to 
tumor proliferation and progression. Because genetic aberrations in EGFR are mostly 
found in its tyrosine kinase domain, tumors harboring them are target for therapies 
based in tyrosine kinase inhibitors (TKI), such as geftinib and erlotinib, that block 
activation of the pathway by preventing coupling of the epidermal growth factor. 
(Nguewa et al., 2011). Those mutations are associated with a more favorable prognosis 
(Linardou et al., 2009), and are mostly observed in ADC (about 40%), never-smokers, 
females and East Asians (Sequist et al., 2007). Amplifications and copy number 
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variations, however, are more often found in SCC, and associated with later stages, 
invasion and metastasis (Coate et al., 2009). Therefore, EGFR has become a predictive 
marker for prognosis, where some mutations (G719, L858R, L861Q and exon 19 
deletion) are indicators of good response to TKI therapy (Ciardiello and Tortora, 2008; 
Kim et al., 2008), while others (insertions in exon 20 and T790M) are characterized as 
acquired resistance to treatment with those drugs (Pao et al., 2005). No response to 
TKIs is observed in patients with mutations in KRAS. This gene is a member of the 
RAS family of protooncogenes, and its pathway is downstream of EGFR (Herbst et al., 
2008), consequently the signaling cascade is still activated independently of EGFR 
inhibitors. Mutations in KRAS are present in about 30% of ADCs and are rare in the 
other subtypes, are more often found in smokers and Caucasians (Finberg et al., 2007) 
and are associated with poor prognosis in NSCLC (Johnson et al., 2001). 

 

Figure 3: EGFR signaling pathway. Most common genetic aberrations in NSCLC are in 
the genes involved in EGFR pathway. Mutations that activate E(Allison, 2010; Hirsch et 
al., 2008)GFR or any of the other downstream pathways lead to proliferation, invasion, 
metastasis, resistance to apoptosis and angiogenesis. Adapted from (Allison, 2010; Hirsch 
et al., 2008)
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1.3.2b - P53 

Mutations in the gene that encodes the p53 protein (TP53) are the most frequent and 
reported mutation in cancer in general (Hainaut et al., 1997; Hainaut and Wiman, 2009; 
Hofseth et al., 2004; Olivier et al., 2010; Vogelstein et al., 2000), and NSCLC is not an 
exception with about 50% of the tumors showing some type of p53 abnormality 
(Olivier et al., 2010; Robles and Harris, 2010; Soussi et al., 2006). This tumor 
suppressor protein is a transcription factor which is activated in the presence of 
multiple cellular stresses, such as DNA damage (Mogi and Kuwano, 2011). Upon 
activation, p53 regulates downstream genes involved in cell cycle arrest, DNA repair, 
senescence and apoptosis, playing a major role in inhibiting tumor growth and 
development (Jin and Levine, 2001; Levine, 1997; Riley et al., 2008; Vogelstein et al., 
2000). The most common mutations found in NSCLC are missense mutations affecting 
the DNA binding domain of the protein, and LOH (Baumann et al., 2009; Steels et al., 
2001; Viktorsson et al., 2005). A particular mutation (GC to TA transversion) 
specifically correlates with tobacco smoking, since it is not frequently found in either 
other types of cancer or non-smokers (Toyooka et al., 2003b).  Therefore TP53 
mutations are slightly more frequently observed in SCC than in ADC (Lacroix et al., 
2008), and they are also more often found in invasive than in noninvasive ADC (Huang 
et al., 1998; Terasaki et al., 2003; Yim et al., 2007; Yoshida et al., 2007), indicating a 
correlation between p53 mutation and poor prognosis (Baumann et al., 2009; Steels et 
al., 2001; Viktorsson et al., 2005).  Despite the immense amount of data on p53 
mutations in NSCLC, there is not enough overlap between them to suggest that p53 or 
any of its mutations can be used as a reliable predictive prognostic marker or as a 
therapeutic target (Travis et al., 2011). 

1.3.2c - Other common and less common genetic aberrations 

As mentioned in the beginning of this topic, genetic aberrations involving not only 
EGFR and KRAS are important players in NSCLC tumorgenesis. Alterations in their 
downstream effectors as well as in other kinases pathways are frequently found in 
NSCLC. LKB1 (STK11) is found to be mutated in 34% of ADCs and 19% of SCCs (Ji 
et al., 2007). It is suggested that LKB1 acts as a tumor suppressor interacting with p53 
and modulating AMPK activity (Ding et al., 2008), through a mechanism not yet 
understood. It is positively associated with KRAS and negatively with EGFR mutations 
(Finberg et al., 2007). Two other tyrosine kinase pathways altered in NSCLC are the 
hepatocyte growth factor receptor (encoded by the gene MET) and HER2. 
Amplification and point mutations in MET are found in about 20% of NSCLCs (Beau-
Faller et al., 2008), while only 2% are detected for HER2, though HER2 protein over 
expression is also observed in 20% of NSCLCs (Stephens et al., 2004). Mutations in 
PI3K are not common; however amplification of the subunit that encodes the catalytic 
domain of PI3K (PIK3CA) are observed specially in SCC, and associated with 
increased expression of PI3K activity (Ji et al., 2011). TTF1 is another gene often 
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found to be amplified in NSCLC (Berghmans et al., 2006), and used as an 
immunohistochemical marker for ADCs (Terry et al., 2010). In 2007, a chromosomal 
rearrangement was identified in a subset of NSCLC, which culminate in fusion of 
EML4 and ALK genes (Soda et al., 2007). EML4/ALK fusion results in gain of 
function, giving rise to oligomerization of the protein and activation of the kinase (Choi 
et al., 2008; Soda et al., 2007).  This mutation is rare in SCC, and found in about 7% of 
ADCs (Soda et al., 2007). It is also more often associated with early onset of the 
disease (Shaw et al., 2009; Takahashi et al., 2010), and in never or light smokers (Horn 
and Pao, 2009; Koivunen et al., 2008). Tumors negative for EGFR or KRAS mutations 
may present EML4/ALK fusions (Soda et al., 2007).  

Abnormal gene expression is also found in several other genes in NSCLC. 
However, the changes observed in those genes do not involve their coding sequence, 
such as mutations or amplifications. Rather, they influence gene expression through 
what is called epigenetic mechanisms. 

1.3.3 - Epigenetic factors 

In NSCLC, DNA methylation is a major epigenetic factor implicated in aberrant gene 
expression. Many genes, including tumor suppressor genes, are epigenetically 
inactivated by hypermethylation. Hypomethylation of genomic elements is reported to 
be associated with genomic instability in NSCLC. Since DNA methylation in NSCLC 
is the subject of this thesis, I will address this issue in more detail, where you will get 
to know about epigenetics, the most common epigenetic modifications and the role of 
DNA methylation in normal development, oncogenesis in general and NSCLC in 
particular. 

2. DNA methylation as epigenetic regulatory mechanism 

DNA methylation is a type of epigenetic modification. Therefore, to give you a better 
understanding of the how’s and why’s of DNA methylation, I will first briefly 
introduce you to epigenetics and its basic concepts, giving you in the way a quick 
overview of other epigenetic mechanisms that may cooperate with DNA methylation to 
coordinate chromatin architecture, remodelling and epigenetically regulate cellular 
processes. 

2a - Epigenetics  

The term epigenetics was conceived by the developmental biologist Conrad 
Waddington in 1942, who first defined it as “the branch of biology which studies the 
causal interactions between genes and their products, which bring the phenotype into 
being” (Waddington, 1942). Epigenetics is now commonly known as ‘the study of 
heritable changes in genome function that occur without a change in DNA sequence’. 
In simpler words, for an element or event to be considered epigenetic, it has to meet 
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three basic criteria: 1) influence gene expression; 2) not affect the DNA sequence and 
3) be inheritable. In recent years, our understanding of epigenetic biological processes 
has multiplied. The newly emerging knowledge needs to be fitted in the existing 
concepts or new concepts need to be created. Because of this, the strict definition of 
epigenetics which includes the heritability principle has come under attack. Many 
modifications considered as epigenetic are relatively unstable and short lived, such as 
some histone modifications; others are acquired in the course of development and can 
be changed, e.g. by environmental influences. All those variables has led to discussions 
about the definition of epigenetics, which mechanisms may or may not be classified as 
epigenetic, and how rigorously inheritable they must be. Despite the growing polemic, 
epigenetic mechanisms are currently divided into four main classes: DNA methylation; 
histone modifications (covalent and non-covalent) and microRNAs. Table 2 shows the 
main properties of each class (Sharma et al., 2010).  

DNA methylation and histone modifications are the two most important 
epigenetic events, because they have a direct role in gene expression and chromatin 
remodeling (Figure 4A), while microRNAs play an indirect role by regulating proteins 
involved in DNA methylation and histone modifications (Friedman et al., 2009; Garzon 
et al., 2009). I highlight in the following two topics the roles of microRNAs and 
histone modifications, giving more emphasis to DNA methylation. All four 
mechanisms interact with each other, showing that the epigenetic machinery is an 
integrated regulatory mechanism. 

2b - MicroRNAs 

MicroRNAs (miRNAs) were first described in the beginning of 90’s (Lee et al., 1993), 
but it needed another 10 years to unveil their role in regulating gene expression 
(Reinhart et al., 2000). MiRNAs are small non-coding RNAs with a sequence 
complementary to that of the target messenger RNA (mRNA). MiRNA forms 
complexes with other proteins and upon binding to the target mRNA, they inhibit 
protein translation by promoting mRNA degradation or by blocking progression of the 
protein synthesis. MiRNAs have been described to be involved in a wide variety of 
cellular processes, from differentiation to apoptosis (Feng et al., 2011; Li and Carthew, 
2005; Schmittgen, 2008). As epigenetic regulators they play an indirect role by 
targeting proteins involved in DNA methylation and those responsible for histone 
modifications (Friedman et al., 2009; Garzon et al., 2009). They are also known to be 
regulated by DNA methylation. Hypermethylation has been observed in the DNA 
sequences that encode some microRNAs (Dickstein et al., 2010; Wong et al., 2011), 
resulting in their silencing and consequently disrupting the biological process regulated 
by them.  
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Table 2: Epigenetic mechanism in 3 types of normal mammalian cells 

All cell types ES cells Somatic cells 
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 Stable heritable modification; 
Gene silencing; 
Chromatin organization; 
Imprinting, X-chromosome 
inactivation, silencing of 
repetitive elements; 
Mediated by DNMTs 

Bimodal distribution 
pattern: 
Global CpG methylation 
CpG islands unmethylated; 
Pluripotency gene promoters 
unmethylated 

Tissue-specific methylation of 
some CpG islands and most 
non-CpG island promoters; 
Pluripotency gene promoters 
methylated 

C
ov

al
en
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Labile heritable modification; 
Gene silencing and gene 
activation. 
Specific distribution patterns 
of histone marks contribute to 
chromatin organization. 
Mediated by HMTs, HDMs, 
HATs and HDACs etc. 

Bivalent domains - active 
and repressive marks  at 
promoters of 
developmentally important 
genes 
Plastic epigenome 

 Loss of bivalency and 
restricted epigenome 
Establishment of tissue-
specific monovalent H3K27me 
and H3K4me domains 
Presence of large organized 
chromatin H3K9 modifications 
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) Labile epigenetic regulatory 
mechanism; 
Gene silencing and gene 
activation; 
Both sliding of existing and  
incorporation of new 
nucleosomes 
Mediated by ATP-dependent 
chromatin-remodeling 
complexes 

m
iR

N
A

s 

Labile epigenetic regulatory 
mechanism; 
Gene silencing; 
Tissue-specific expression; 
Can be epigenetically 
regulated 

 
 

Epigenetic patterns and combination among them make 
up the epigenome of each cell type. Embryonic Stem 
cells (ES cells) shows a more plastic epigenome, 
necessary for keeping the pluripotency characteristic of 
those cells. Epigenome of somatic cells are more rigid 
and most of its structures are passed to the daughter 
cells. DNMTs: DNA methyltransferases; HMTs: histone 
methyltransferases; HDMs: histone demethylases; 
HATs: histones acetyltransferases; HDACs: histone  
deacetylases. 
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Figure 4: The epigenetic code. A: DNA methylation and histone modifications are the two main 
components of the epigenetic gene regulation machinery. B: Histone octamer showing the DNA 
wrapped around it (dark green) and the tails of each histone (blue, purple, light green and orange). C: 
The three most important histone tails modifications (acetylation, methylation and phosphorylation), 
showing their distribution, and which aminoacids residues they are commonly associated to. Adapted 
from (Qiu, 2006), with permission.  
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2c - Histones: covalent and non-covalent modifications 

Histones are the core proteins that constitute nucleosomes, the basic structures where 
DNA is wrapped around to form chromatin. A nucleosome is composed of 4 different 
histones (H2A, H2B, H3 and H4) with two copies each, so a nucleosome is an octamer 
of histones (Figure 4B). When the histones are packed into nucleosomes, the N-termini 
become exposed forming tail-like structures aptly termed “histone tails”. The tails of 
the histones can undergo different modifications, where chemical groups are attached 
covalently to the amino acids exposed in the tail. Many different modifications of the 
histone tails have been described (Kouzarides, 2007). Figure 4C depicts the three best 
studied modifications of the tail of each histone. Those covalent modifications play an 
important role in regulating cellular processes and chromatin rearrangement. They are 
associated with activation or repression of gene transcription, depending on which 
modification is present in which amino acid. Acetylation is often associated with 
activation of transcription (Schubeler et al., 2000; Sternglanz, 1996), while methylation 
is linked to repression or activation depending on the position and the level of the 
methyl group. Promoters of repressed genes are enriched for trimethylation (me3) of 
the lysine 9 (K9) in the tail of the histone 3 (H3) - H3K9me3 and also 
H3K27me3(Hublitz et al., 2009; Stewart et al., 2005); while active transcription is 
observed when H3K4me3 is present (Liang et al., 2004). These modifications work via 
signaling and recruitment of other proteins, allowing or blocking transcription. They 
may change and form different patterns, depending on their location in the genome. 
The patterns constituted by those modifications are known as the histone-code, and it 
has been suggested that they may determine cell identity (Shukla et al., 2008). 

Considering that the DNA is wound around the nucleosomes, it becomes clear 
that their positioning affects accessibility of the DNA. Regulatory regions of genes are 
often nucleosome-free; hence those regions become exposed for binding of 
transcription factors (Jiang and Pugh, 2009). Shifting of nucleosomes along the DNA 
strand (nucleosome remodeling) is a physical process. It is executed by nucleosome 
remodeling enzymes, and called non-covalent for not involving a chemical bond of the 
modification group in the protein amino acid sequence. Another non-covalent 
modification is the substitution of the core histones for other variants such as 
H2A.Bbd, H2A.Z, H2A.X, macroH2A and H3.3. For example substitution of the H2A 
core histone by its variant H2A.Z is thought to facilitate nucleosome folding and to 
inhibit form ation of highly condensed chromatin and protect against DNA methylation 
(Zilberman et al., 2008). 

While histone modifications (covalent and non-covalent) may participate as 
individual players in modulating chromatin structure, they also interact with DNA 
methylation as part of the mammalian epigenetic machinery. 
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2.1 - DNA methylation 

In contrast to methylation in histone tails, which may enable or repress gene 
transcription, methylation of DNA is associated with gene silencing. In mammals, 
DNA methylation occurs by the addition of a methyl group to the position 5 of cytosine 
residues therefore named 5-methylcytosine (5-mC) (Figure 5A), and especially in those 
followed by a guanine: the so called CpG (Figure 5B).  

These CpG dinucleotides are spread all over the genome in an unequal manner. 
Genomic regions presenting particularly high CpG concentrations are known as CpG 
islands. In the human genome about 60% of transcription starting sites (TSS) coincide 
with CpG islands (Bird, 1986), suggesting these might be important regions for 
epigenetic regulation by DNA methylation. However, many genomic regulatory 
regions are CpG island-free and methylation is not restricted to CpG-rich regions. 
Patterns of DNA methylation across the genome are established in early development 
and changes in those patterns may lead to diverse types of diseases. 

 

 

Figure 5: Cytosine methylation. A: Chemical structure of 
unmethylated cytosine (above panel), and 5-methylcytosine (bottom 
panel) depicting in red the methyl group. B: Schematic 
representation of small section of a double strand DNA, depicting a 
5-methylcytosine nucleotide (green with a red circle representing 
the methyl group), followed by a guanine in the same strand. The 
“p” from CpG is to express the phosphor group which links the two 
nucleotides
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2.1a - DNA methylation in normal development 

What causes the different cells in our body to exert different functions, considering that 
their genetic make-up is equal? How can a single cell (the zygote) give rise to all 
different cells in the body? The fates of differentiated (somatic cells) and 
undifferentiated cells (e.g. embryonic stem cells – ES cells) are determined in the 
embryonic stages and maintained by intricate genetic and epigenetic mechanisms. 
DNA methylation is a key player in these processes (Morgan et al., 2005). 

Genome imprinting, X chromosome inactivation and transposon silencing are 
well characterized mechanisms in which DNA methylation has a central role in normal 
development (Bird, 2002; Li, 2002). Another less well characterized role of DNA 
methylation is its involvement in the process of epigenetic reprogramming, where 
DNA methylation marks are lost and regained during embryogenesis. In early 
embryonic stage, DNA methylation marks are removed to ensure pluripotency of the 
embryonic stem cells (Gu et al., 2011). In the course of development, during 
differentiation stages, pluripotency genes are silenced by re-establishment of DNA 
methylation (in cooperation with histone modifications), and tissue-specific patterns 
are formed (Filion et al., 2006). The mechanism by which DNA methylation regulates 
developmental genes during embryogenesis and how genomic demethylation occurs is 
mostly unclear. It has been recently proposed that DNA is not demethylated during 
epigenetic reprogramming, but instead they receive a hydroxyl group, which would 
make them “invisible” (Branco et al., 2011) to regulatory proteins. Independent of the 
biochemical mechanism, there is no doubt that DNA methylation is essential for 
normal development. Studies have shown that mice depleted for the enzymes 
responsible for methylating DNA die before or right after birth (Li et al., 1992; Okano 
et al., 1999). Methylation is a process orchestrated by enzymes called DNA 
methyltransferases (DNMTs). It takes place after DNA synthesis and is regulated by 
three DNMTs: DNMT1, DNMT3A and DNMT3B. DNMT1 acts during DNA 
replication by recognizing the hemimethylated DNA strand and adding the methyl 
group on the corresponding CpG in the newly synthesized DNA strand (Damelin and 
Bestor, 2007; Takebayashi et al., 2007). DNMT3A and DNMT3B are de novo 
methylators and replication-independent; they operate either in presence or absence of 
hemimethylated DNA. These three enzymes act cooperatively to ensure maintenance 
and inheritance of the DNA methylation patterns that differentiated cells acquire during 
development (Okano et al., 1999). After those patterns are established, other proteins - 
the methyl binding domain proteins (MBDs) - recognize and bind methylated DNA, 
recruit other proteins to the site thereby forming repression complexes (Lopez-Serra 
and Esteller, 2008) in a finely coordinated operation to guarantee normal cell function. 

2.1b - DNA methylation in cancer 

There are two global processes by which aberrant DNA methylation contributes to 
tumorgenesis: genome-wide hypomethylation and site-specific hypermethylation 
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(Figure 6). In normal cells, proto-oncogenes, repetitive elements, transposons and 
imprinted genes are kept silenced by methylation. Abnormal hypomethylation of those 
regions may lead to their activation, contributing to cancer development through 
different processes. Activation of proto-oncogenes and imprinted genes by 
hypermethylation drives pathological cellular growth; as exemplified by 
hypomethylation of the genes involved in the Jak-STAT pathway in breast cancer 
putative breast cancer stem cells (Hernandez-Vargas et al., 2011), and loss of 
imprinting of the insulin growth factor 2 (IGF2) in colorectal cancer (Cui et al., 2003). 
Hypomethylation of repetitive elements result in genomic instability, facilitating 
chromosome breaks and rearrangements (Esteller, 2007). Likewise, activation of viral 
sequences and transposons (endoparasitic elements) by hypomethylation of their 
sequences also contributes to genomic instability due to their genomic translocation 
(Miura et al., 2001). While in cancer hypomethylation may be found in several regions 
across the genome; hypermethylation is usually a more site specific event. CpG islands 
in gene promoters are by far the best studied elements. Abnormal hypermethylation of 
promoters, mainly those located in CpG islands, is found in many tumor suppressor 
genes, and is thought to be an early event in tumorgenesis (Balaguer et al., 2010; 
Huang et al., 2011; Ignatov et al., 2010). Several genes have been reported to be 
aberrantly methylated in tumors, mainly those that regulate important pathways in 
tumorgenesis, such as cell cycle control, growth signaling, angiogenesis, cell adhesion, 
apoptosis and DNA repair. The basic mechanism behind gene silencing by 
hypermethylation is block of transcription starting sites (TSSs). Complexes of proteins 
are recruited to the site of DNA methylation and, integrated with histone modifications 
and chromatin remodeling, preventing activation of TSS (Chatagnon et al., 2011; Fuks 
et al., 2003). 

About 60% of promoters in the human genome are embedded in CpG islands 
(Wang and Leung, 2004). It has been shown that hypermethylation also regulates 
expression of genes that do not have promoters associated with CpG Island (Han et al., 
2011), though the importance of non-CpG island promoters methylation on regulating 
gene expression has not been fully established. Moreover, genomic regions distant 
from genes are also observed to be hypermethylated, indicating that in addition to 
promoter regions, abnormal methylation influences other regulatory binding sites such 
as enhancers and insulators, as it has been shown for CTCF and for long-range gene 
silencing (Coolen et al., 2010; Court et al., 2011). 

Although hypermethylation is undoubtedly responsible for silencing of tumor 
suppressor genes, the process that leads to aberrant methylation or why specific 
sequences become targets for hypermethylation is still poorly understood. It has been 
reported that H3K27me3 is frequently observed in hypermethylated regions in cancer 
cells (Schlesinger et al., 2007). H3K27me3 is a histone mark in ES cells, suggesting an 
association between epigenetics mechanisms in cancer and pathways in stem cell 
maintenance (Ohm et al., 2007). Another hint comes from the CpG island methylator 
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phenotype (CIMP) hypothesis. It has been observed that subsets of CpG islands 
become methylated in a synchronized manner (Teodoridis et al., 2008), which suggests 
that hypermethylation in cancers may be a coordinated process targeting certain 
regions. Another target theory comes from the observations that some oncogenic 
proteins may direct the recruitment of DNMTs to specific sequences, targeting specific 
promoters (Di Croce et al., 2002).  

The hypotheses discussed above provide directions to the way methylation is set 
up and maintained in cancer. Nevertheless we are far from fully understanding all the 
nuances of this specific tumorgenesis mechanism. In particular, we are only beginning 
to unravel the role of hypermethylation in gene-free regions in the genome (shores) and 
the biological processes that lead to and control abnormal methylation in tumor cells.  

Figure 6: DNA methylation in normal cells and tumorgenesis. In normal cells (above panel) 
promoter of tumor suppressor genes and tissue specific genes are unmethylated and can be 
transcribed (grey arrow), while germ-line specific genes and transposon elements sequences are 
methylated and kept silenced.  In tumors (bottom panel) tumor suppressor genes becomes 
hypermethylated and can therefore not be transcribed anymore, while germ-line specific genes and 
repetitive sequences lose methylation marks, becoming hypomethylated and therefore active. Both: 
aberrant hypermethylation and hypomethylation may lead to tumorgenesis . Adapted from (Esteller, 
2007). 
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2.1c - DNA methylation in NSCLC 

In NSCLC, as for other cancers, the most observed and documented epigenetic 
abnormality is hypermethylation in CpG islands of TSSs. Studies in NSCLC has shown 
that CpG island promoter hypermethylation occur preferentially in genes involved in 
later stages of somatic development, indicating that silencing of those genes may 
disrupt maintenance of a differentiated cellular state. Several studies comparing 
NSCLC to normal lung tissues or cell lines reported a large number of genes being 
differently methylated in the tumor; e.g. APC, CDKN2A (p16), FHIT, RAR-2, 
RASSF1, CDH13, DAPK, MGMT, and others. The samples used for detecting the 
methylation status of those genes varied from primary tumor tissue to sputum, 
bronchial lavage, serum and even condensed exhaled breath. Although the rate of 
hypermethylation in the samples varies among the studies, because different sample 
types and different methodologies are used, some genes still recur as highly methylated 
independently of sample type or method. They are mainly genes involved in cell cycle 
arrest, DNA repair, apoptosis, invasion and proliferation (Belinsky et al., 2002; 
Honorio et al., 2003; Kersting et al., 2000; Lamy et al., 2002; Soria et al., 2002). 

There are intrinsic and extrinsic factors that may lead to incorrect DNA 
synthesis or DNA damage. For ensuring a normal cell/tissue/organism function, each 
cell needs to be able to identify and correct/repair the mistakes or eliminate the 
malfunctioning cells. During the cell cycle, there are two main check points where 
DNA synthesis is controlled, mistakes corrected and damage repaired. When a problem 
is found, the cell cycle is stopped, a mechanism known as cell cycle arrest, where 
mistakes can be corrected and damage repaired. When cells cannot either undergo cell 
arrest and/or DNA cannot be repaired, another backup mechanism enters in action: 
apoptosis, which leads to cell death and consequently elimination of defective cells. In 
NSCLC, many genes involved in regulating one or more of the pathways involved in 
the above described mechanisms are aberrantly methylated, resulting in abnormal cell 
growth. 

CDKN2A is a tumor suppressor gene inactive by hypermethylation in 60-70% 
of NSCLCs (Belinsky, 2004). This gene encodes for the INK4A protein, an inhibitor of 
cyclin dependent kinases CDK2, 4 and 6, via a pathway involving another tumor 
suppressor, the retinoblastoma protein (RB), which plays a role in cell cycle control 
(Lukas et al., 1995; Weinberg, 1995). Cyclin-dependent kinases phosphorylate RB, 
impeding binding of RB to its effector, resulting in disruption of cell cycle G1 phase 
check point (Lukas et al., 1995). Therefore, CDKN2A is an important player in 
allowing cells to undergo G1 checkpoint control. Alterations in this pathway via one or 
more of its players are observed in many types of cancer, including SCLC and NSCLC. 
Interestingly CDKN2A hypermethylation is almost never found in SCLC, where 
mutations in RB are predominantly observed (Harbour et al., 1988). Another tumor 
suppressor frequently methylated in NSCLC is APC (Toyooka et al., 2003b). APC is a 
negative regulator of the Wnt pathway, a pathway well-known to be involved in cancer 
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development and progression (Virmani et al., 2000), where β-catenin is the end 
effector, leading to expression of many genes involved in cell growth, such as MYC, a 
protooncogene. In normal cells, β-catenin levels are kept under control by a 
degradation complex in which APC is an essential player. Silencing of APC leads to 
increased levels of β-catenin and consequently uncontrolled cell growth (Usadel et al., 
2002).  

Genes involved in DNA repair (e.g. MGMT) and apoptosis (e.g. DAPK) are 
examples of genes recurrently found to be aberrantly methylated in NSCLC (Gu et al., 
2006). Cells are protected from carcinogens as alkylating agents by enzymes such as 
MGMT, an O6 methylguanine-DNA-methyltransferase. These enzymes act by 
removing adducts from the O6 position in the guanine. Failure to remove these adducts 
is associated with mutations in genes (Belinsky, 2004). MGMT is methylated in about 
24 to 48% of ADCs (Esteller et al., 2000; Pulling et al., 2003; Zochbauer-Muller et al., 
2001), resulting in failure of this repair mechanism. Methylation of MGMT is 
associated with mutations in KRAS (Esteller et al., 2000; Park et al., 2001). Apoptosis 
is a complex cell death mechanism controlled by many signaling molecules, including 
members of the TNF (tumor necrosis factor) family. DAPK positively mediate 
apoptosis via induction of -interferon, TNF- and FAS signaling (Cohen et al., 1997; 
Cohen et al., 1999). DAPK silencing is thought to disrupt the pathway, enabling cells 
to escape apoptotic signals. DAPK hypermethylation is found in about 30-50% of 
NSCLC (Kim et al., 2001; Tang et al., 2000; Toyooka et al., 2003a). 

Under the topic “molecular mechanism” of this thesis, I showed that the RAS 
signaling pathway has a major role in controlling cell proliferation, invasion and 
apoptosis. Not surprisingly, abnormal expression of molecules involved in this pathway 
may lead to disruption of one or more of those processes, resulting in tumorgenesis. 
RAS association domain family protein 1 (RASSF1) is thought to be a RAS effector 
(Dammann et al., 2000). Not much is known about the exact role of RASSF1 in those 
cellular processes, but loss of or decrease in RASSF1 activity by inactivating 
mutations, LOH and hypermethylation is associated with different types of cancer 
(Agathanggelou et al., 2005; Bergqvist et al., 2010; Chen et al., 2005; Marsit et al., 
2004). RASSF1 hypermethylation is observed in about 30% of NSCLCs (Wang et al., 
2011). 

Not only protein-coding genes are aberrantly methylated in NSCLC, 
microRNAs are also observed with different methylation levels in NSCLC tumors, 
such as miRNA124a and miRNAs-34b/c. In other types of cancer MiRNA-124 is 
thought to play a role in regulating CDK6 is the RB pathway (Agirre et al., 2009), 
while the miRNA-34 family plays a part in the p53 pathway (Bommer et al., 2007; 
Corney et al., 2007). Both pathways are directly related to mechanisms involved in 
tumorgeneis. 
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Many other genes/regions have been reported to be hypermethylated in NSCLC, 
and considering that those methylation changes are observed not only between tumor 
and normal tissues, but also between tumor subtypes and different cellular stages, 
hypermethylated genes have been proposed as indicators for diagnosis and prognosis.  

2.3 - DNA methylation as biomarker  

The search for DNA methylation as biomarker in NSCLC has lead to an explosion of 
studies screening primary tumors and distant sources for differentially methylated 
genes. Methylated markers for histological phenotype, early detection, prognosis and 
survival have been proposed, some with more success than others.  

Many studies have reported genes with difference in the frequency of their 
methylation status between histological subtypes of NSCLC. Among other, genes such 
as APC and RUNX2 were found significantly more frequently hypermethylated in 
ADC, while DAPK1 and CDH1 presented higher methylation frequencies in SCC 
(Grote et al., 2005; Gu et al., 2006; Niklinska et al., 2009; Toyooka et al., 2001). 
Although the differences reported were statistically significant, there is discordance 
between these studies regarding not only the genes involved but also how significant 
the differences are. This discordance between genes and their significance indicates 
that not a single gene, but a panel of genes may be needed for discriminating different 
histological subtypes. 

In contrast, methylation of CDKN2A is consistently reported as an early event 
in tumorgenesis. A study using four tissues at distinct stages of cellular differentiation 
(from basal cell hyperplasia to squamous cell carcinoma) observed positive association 
between methylation levels of CDKN2A and the differentiated cellular state, with 17% 
methylation frequency in basal-cell hyperplasia and 60% in SCC (Belinsky et al., 
1998). In another study using cancer-free subjects, bronchial biopsies were performed 
in smokers and non-smokers, identifying CDKN2A methylation in 18% of the smoker 
and in none of the never-smokers (Belinsky et al., 2002). Detection of methylated 
genes in distant sources, such as bronchial lavages, sputum and serum is frequent. Data 
indicate that methylation of those genes is an early event, making them a good marker 
for early diagnosis. In one study, methylation of MGMT and CDKN2A was detected in 
the sputum of all SCC patients examined. Moreover, methylation of MGMT could be 
detected in the sputum from 5 months up to 3 years before tumors were clinically 
detected (Palmisano et al., 2000). Although the methylation frequency of marker genes 
is generally lower in distant sources than in primary tumors, it is almost never seen in 
healthy controls. 

Aberrant hypermethylation can also be used as indicator of poor prognosis or 
survival. In 2000, a study showed association of DAPK1 methylation and survival in 
patients with stage I NSCLC, where hypermethylation of this gene was an indication of 
tumor aggressiveness (Tang et al., 2000). Since then, many studies have reported 



Introduction 

35 

correlation between methylation status of several genes (APC, CDH13, DAPK, 
DLEC1, FHIT, MGMT, RUNX3) and poor prognosis in NSCLC (Kim et al., 2003; 
Kim et al., 2005; Lu et al., 2004; Maruyama et al., 2004; Seng et al., 2008). 

The run for finding methylation markers in NSCLC is not only for improving 
early diagnosis, for better detection of risk factors and to improve patient outcome. 
Methylation markers may also provide clues to key pathways that are defective in the 
tumors. The discovery of EGFR and KRAS mutations, for example, was a hallmark for 
providing a new line of therapy based on kinase inhibitors and predicting treatment 
response in patients. Regarding epigenetic markers in NSCLC, although specificity and 
sensitivity are still an issue, with the increasing data from methylation analysis of 
NSCLCs new opportunities for better diagnosis, prognosis and therapy are emerging. 

2.4 - Epigenetic therapies and prospects for NSCLC 

Methylation in the DNA and modifications of the histone tails are reversible 
modification due to their covalent chemical bonds, therefore a good direction for 
epigenetic based therapy. DNA demethylating agents, such as 5-azanucleosides and 
inhibition of histone deacetylases rely on the reversibility of those bonds. Drugs that 
inhibit DNA methyaltion by blocking DNMT activity such as 5-azacytidine (5-AzaC) 
and 5-aza-2’-deoxycytidine (5-Aza-dC) have long been know and used in assays 
investigating the role of DNA methylation (Cihak, 1974). In dividing cells these 
compounds are incorporated into the DNA (5-Aza and 5-AzadC) and RNA (5-Aza). 
During replication, DNMTs recognize the hemi-methylated strand and bind to the 
newly incorporated cytosine to add a methyl-group. When 5-AzaCs or 5-AzadCs are 
incorporated in place of cytosines, DNMTs become irreversible bound to those 
compounds. This depletes the level of DNMTs in the cells, inhibiting DNA 
methylation (Christman, 2002). 

  Their application as therapeutic agents was initially a challenge, mainly due to 
the high toxicity. Because only about 10% is incorporated in the DNA (Digel and 
Lubbert, 2005), low dosage was thought to be inefficient; while in large dosage the 
toxicity was too high for clinical use. The break-through came with low-dosage 
regimes, with positive responses in patients with myelodysplastic syndrome (MDS), a 
pre-state of leukemia (Fenaux et al., 2009). There are two DNA demethylating drugs 
currently approved and in use for MDS: 5-aza-cytidine (under the commercial name of 
Vidaza) and decitabine, a 5-aza-2'-deoxycytidine (Dacogen). Another success of 
epigenetic therapeutics is drugs targeting histone modifications, most notably histone 
deacetylases (HDAC) inhibitors. Vorinostat (Zolinza) and romidepsin (Istodax) are two 
FDA approved drugs for the treatment of cutaneous T cell lymphoma.  

Multiple epigenetic drugs are currently undergoing clinical trials for different 
types of cancer (Esteller, 2011). For NSCLC, however the effects of epigenetic drugs 
in patients have yet to be proved. Despite the efficacy shown by these agents in 
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NSCLC cell lines (Zhu et al., 2001) and animal models (Belinsky et al., 2003), clinical 
trials have not reflected the same outcome (Momparler et al., 2000). Recently a 
combination of AzaC and HDAC inhibitors was tested in a phase II trial in advanced 
NSCLC patients that were previously treated with other therapies and relapsed. Good 
tolerance to the treatment were observed (Juergens et al., 2008). Currently, another 
phase II clinical trial is ongoing with, combining 5-azacitidine and Entinostat in 
resected Stage I Non-small Cell Lung Cancer (Juergens and Raines, 2010). For 
NSCLC, there is still a long way to go, demanding more clinical trials and strategies to 
improve use of epigenetic drugs, including determination of the optimal dosage and the 
most effective combination of different epigenetic agents, possibly in combination with 
standard therapies. Considering the speed at which new knowledge is emerging in the 
field of epigenetic alterations in NSCLC, the future of epigenetic therapy for NSCLC 
holds great promise. 

2.5 - Profiling DNA methylation  

There are a large number of methodologies to investigate DNA methylation, varying 
from diverse approaches of sample preparation to different choice for analysis of the 
methylated loci, and all combinations between them. Until a few years go, research in 
this field was directed to interrogating DNA methylation at specific sites or genes. 
Although those methods have provided useful information about the role of DNA 
methylation and methylation patterns in normal cells and in cancer, they do not give 
insight into the overall mechanisms involved in this type of epigenetic regulation. 
These technologies could not provide information on the differences between normal 
and cancer cells in a genome-wide manner. With the development of new sequencing 
technology, studies of epigenetic marks including DNA methylation have gone from 
single genes to cover the entire genome. 

I will explain the basics of DNA methylation technologies, focus on the 
methods used in my work and the most commonly used genome-wide approaches, 
summarizing the most important aspects. This will give you enough background to 
understand the work described in this thesis. Extensive reviews on this subject can be 
found (Laird, 2010; Sharma et al., 2010; Suzuki and Bird, 2008). 

All approaches used for profiling methylation, either single gene or genome-
wide, make use of specific properties of the methylated CpG on the DNA. Some 
restriction enzymes, for example, cannot digest methylated CpG while their homologue 
can, as is the case for the HpaII and MspI restriction endonucleases. Both enzymes 
recognize the same sequence: CCGG. However, while MspI digest the DNA 
independently of CpG methylation; HpaII is blocked by the presence of a methyl group 
in the “CpG” dinucleotide. BstUI is another example; its activity is blocked by 
methylation of CGCG sequences. The fact that those enzymes produce different 
fragments when incubated with the same DNA sample has been used to investigate the 
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DNA methylation status of specific restriction sites (Kawai et al., 1994; Xiong and 
Laird, 1997). 

Another basic technology was discovered more than 40 years ago, when in 
1970 three groups observed changes in cytosine nucleotides when DNA was treated 
with sodium bisulfate (Hayatsu et al., 1970; Mukai et al., 1970) . They observed that 
treatment with sodium bisulfite would change cytosines to uracil residues. Further 
studies demonstrated that methylated cytosines were refractory to this reaction. These 
observations led to the use of bisulfite conversion to study DNA methylation, and 
have revolutionized epigenetic studies of DNA methylation. In contrast to restriction 
digestion, sodium bisulfite converts unmethylated cytosines to uracil, leaving 
methylated cytosines intact, providing information at single nucleotide resolution. 

Alternative methods were established based on the ability of naturally occurring 
proteins, such as MBDs, to recognize methylated DNA, and antibodies against 5-mC. 
Both methods involve use of beads coated with the MBDs or 5-mC antibody for 
affinity selection of methylated DNA. The MBD-based method is called Methyl 
Capture (MethylCap), and the antibody-based method is known as MeDIP, for 
Methylated DNA immunoprecipitation. Each method has its particularities, though 
both provide an approach for isolating methylated DNA and therefore concentrating the 
investigation on regions where methylation occurs. Either one may be used in 
combination with bisulfite DNA conversion. The methods described below form the 
basis of most DNA methylation studies. 

2.5a - Methylation-specific PCR (MSP) 

MSP is a single-gene/fragment investigation, involving bisulfite conversion of DNA 
followed by PCR amplification (Herman et al., 1996). This method makes use of the 
differences between the converted and unconverted cytosines by bisulfite treatment. 
For investigating the methylation status of a certain gene fragment, two sets of primers 
are designed within the regions where methylation is expected to be found. One of the 
primers sets will have thymines in place of cytosines to amplify converted 
unmethylated DNA. The other set will match the original DNA sequence where 
cytosines that were methylated will be kept as cytosines. DNA is then amplified by 
PCR using both primer sets. Consequently, the gene fragment analyzed will be 
amplified depending on its methylation status (Figure 6). Results can be visualized by 
loading the PCR products on an agarose gel. MSP is a qualitative method, rather than 
quantitative. It is not possible to determine the rate of methylation accurately, or to 
determine the methylation status of individual CpGs. However, this technique has a 
number of advantages that make it widely used for single fragment investigation: 1) it 
is a low cost method 2) it is not labor-intensive and can be easily set up; 3) depending 
on primer design, MSP can be a highly sensitive and specific reaction and 4) the 
analysis of the results is simple and does not require specialized software or computer 
skills. 
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In order to transform MSP into a more quantitative approach, other methods 
have arisen that are based on real-time quantitative PCR. MethylLight (Eads et al., 
2000) and HeavyMethyl (Cottrell et al., 2004) make use of fluorescent probes that are 
differentially labeled for detection of methylated or unmethylated site. Although 
measurements can be made when each fluorescent probes is added to the newly formed 
strand, makes use of probes which correspond to few sequences of methylated or 
unmethylated CpG, therefore they fail to detect when single or small numbers of CpG 
are modified. MethylQuant, also known as Methyl-SybrGreen, is another assay 
developed for quantification of MSP (Thomassin et al., 2004). It uses two sets of 
primers and fluorescent DNA dyes in place of probes. Differences in fragment 
amplification for each primer are measured following standard qPCR analysis. 
Although efficient to detect small changes in the status of methylated/unmethylated 
CpGs, this method is influenced by other issues, such as primer specificity, formation 
of primer dimers, and the interference of the fluorescent dye with the PCR reactions. 
All of those will result in undesired differences in qPCR readings. Sensitive Melting 
Analysis after Real Time (SMART)-MSP does not use fluorescent dyes, but relies on 
difference in melting curve reads for methylated and unmethylated fragments 
(Kristensen et al., 2008). This method is also influenced by primer specificity and 
formation of primer dimers. Moreover, although cost are still relatively low for these 
methods, comparing to standard MSP there is an increased requirement for specific 
reagents, PCR machines and analysis software. Therefore standard MSP is still the 
most feasible for diagnostic applications, in particular when considering low cost 
settings.  

2.5b - Bisulfite sequencing 

Bisulfite sequencing can be used for a single gene fragment and for genome-wide 
analysis. It involves bisulfite treatment of DNA samples followed by sequencing of the 
converted samples. For single gene analysis, after the samples are bisulfite treated, the 
fragment of interest is amplified using a single primer set devoid of CpGs, to ensure 
amplification regardless of methylation status. The amplified product is then ligated 
into an appropriate vector and cloned in E. coli. Two approaches can be used at this 
stage: 1) culture of single bacterial colonies, followed by extraction of the vectors and 
sequencing; or 2) colony PCR, followed by sequencing of the amplified product. The 
major advantage of bisulfite sequencing is that it enables quantitative assessment of the 
methylation status of individual CpGs in populations of cells. Furthermore, if single 
nucleotide polymorhpisms are present, allele-specific determination of the methylation 
status is possible. This is widely employed for investigation of imprinted loci. There 
are also drawbacks: bisulfite sequencing is a labor intensive technique with moderate 
costs, demanding specific software for analysis of the sequenced fragments.  
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2.5c - Unveiling the epigenome: genome-wide methylation profiles 

For generating DNA methylation profiles the most broadly used approach to date is 
investigation of numerous loci spread across the genome. Although several groups 
have claimed this to be genome-wide (Kim et al., 2010; Rauch et al., 2007; Watanabe 
et al., 2011), it does not genuinely cover the whole genome, but it is restricted to a 
wide-spread selection of specific genes or genomic regions. The reason for its wide 
employment is the relative easiness of the method, together with a straight forward 
analysis and relatively moderate cost. Real genome-wide screenings are still highly 
expensive and standardized normalization inexistent. However with the increasing use 
of this methodology, costs are decreasing and normalization methods are being 
developed that allow correct interpretation of the reads and production of reliable data. 
An increasing number of groups have attempted and succeeded in providing genome-
wide methylation profiles of different normal tissues and tumors, using diverse 
methodologies (Buckley et al., 2011; Fackler et al., 2011; Hill et al., 2011; Xu et al., 
2011). However, because real genome-wide methylation profiles that are performed in 
different studies use different methods and technologies, data comparison is a problem 
that remains to be solved. 

Regarding truly genome-wide methylation profiles, there are two methods 
widely used: array based and next-generation sequencing based. Array based focus in 
the hybridization of the DNA to pre-designed probe sequences. Those pre-designed 
sequences can cover the entire genome but are usually limited to well-known genomic 
regions, such as gene promoters and CpG islands. The next-generation sequencing 
technology does not discriminate which genomic regions are being investigated, 
providing a truly genome-wide screening of methylation patterns. Those methods can 
be used with either bisulfite converted DNA or methylated DNA enrichment by MeDIP 
or MethylCap assays. When bisulfite conversion is used for genome-wide analysis, 
instead of amplifying a gene or fragment of interest, the converted DNA is amplified 
using unspecific primers and sequenced using next generation sequencing or 
hybridized to an array. Arrays can be also used in combination with MeDIP and 
MethyCap, but the predominant approach chosen following those two assays is next-
generation sequencing, in which case they are known as MeDIP-seq and MethylCap-
seq. In both methods, genomic DNA from the tissues/samples of interest is enriched for 
the methylated fragments and the methyl-enriched fraction is ultra-deep sequenced, 
resulting in a genomic map specific for the methylated regions. The difference between 
the two methods lays on the ability of MBD proteins to bind double strand DNA, while 
anti 5-mC have affinity for denatured, single-stranded DNA. For most next generation 
sequencing technologies DNA, fragments needs to undergo a library preparation step, 
which can only be performed in double strand DNA. Therefore, for MeDIP-seq 
(antibody), library preparation needs to be executed before the sample undergoes 
methyl-enrichment. Because MethylCap works on double strand DNA, no previous 
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library preparation is needed. Figure 7 depicts a flow chart of the assays, methods and 
systems discussed here. 

There are some drawbacks on using NGS. First, it is still a high cost method: 
although costs are decreasing, it is still the most expensive among the genome-wide 
systems. Second, the high demand on computer power: the number of sequence reads 
produced is in the order of billions and with improved technologies this is still 
increasing, resulting in terabytes of data that need to be stored and analyzed. Third, 
specific software, programs and bioinformatics specialized staff and tools are needed 
for analysis of the large amount of data in order to generate the genome-wide 
methylation profiles. 

NGS technologies have been developed by different companies using different 
platforms to provide ultra deep DNA sequencing. I will briefly describe the technology 
behind each of the four most used systems: Illumina with GAIIx (HiSeq2000 is the 
newest version): controls the ultra-deep sequencing market nowadays; Roche with 454: 
the first system to become available on the market; Life technologies/Applied 
Biosystems with SOLiD and Bioscience with Helicos.  

The Illumina platform is based on sequencing by synthesis (SBS) technology in 
solid phase (Figure 8). Prior to sequencing, fragmented DNA strands are ligated to 

Figure 7: Methylation profile flow chart: schematic representation of the assays, methods 
and combinations among them to generate methylation profiles.  
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adaptors flanking each end, which will enable pairing to a complementary 
oligonucleotide in a flow cell. This technology supports parallel sequencing using 
reversible terminators, which are fluorescently-labeled terminators molecules bound to 
each dNTP. All four fluorescent dNTPs, together with DNA polymerase and the 
adaptors-ligated fragments are added to flow-cells channels, where bridged 
amplifications happen in clusters (solid-phase). Detection of single bases results as 
images are captured when each dNTP is incorporated, followed by terminator cleavage 
to allow incorporation of the next fluorescently-labeld dNTP (SBS). Most publications 
in the past years using Illumina platform were performed with the Genome Analyzer 
IIx (GAIIx). Currently the HiSeq2000 offers improved performance (Illumina, 2011). 

Figure 8. Illumina sequencing technology. The HiSeq2000 and GAIIx make use of the SBS in solid-phase 
technology, which is based on formation of fragment clusters in a flow cell (solid-phase) and addition of 
fluorescently labeled dNTPs bound to terminators, which allows capture of the signal. The terminators are
cleaved off and the next fluorescently labeled dNTPs bound to terminators are added. 1) igate adaptor to 
both end of fragmented DNA samples; 2) Denature and bind single stranded template to the surface of the
flow cell; 3) Add unlabeled dinucleotides and enzymes to initiate bridge amplification; 4) incorporate 
dinucleotides to make double stand; 5) denaturation leaves single stranded templates attached to the flow
cell; 6) several million clusters of the fragmented DNA template is formed in each channel of the flow cell;
7) addition of the four labeled reversible terminators, primers and DNA polymerase. Initiation of the first
chemical cycle and first sequencing cycle with laser excitation; 8) after laser excitation, image from each
cluster is captured and based identified; 9) second sequencing cycle, repetition of step 7; 10) After all bases 
are added and image captured from each sequencing cycle, images are processed and base sequences from
each cluster determined. 
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Roche 454 sequencing is also a SBS technology, however with emulsion-based 
clonal amplification, where PCR library is made in beads emulsified with amplification 
reagents in water-in-oil mixtures. This creates millions of clonally copied fragments on 
each bead. Beads are then loaded individually into holes in a PicoTiterPlate where 
pyrosequencing allows incorporation of chemiluminescent nucleotides (Figure 9), 
emitting signals which are registered by a camera (Roche, 2011).  

The SOLiD platform by Life Technologies uses also beads-in-emulsion, but 
with a sequencing by ligation approach. The clonally amplified fragments on the beads 
undergo a chemical modification in their 3’ end to allow attachment of the beads to a 
glass slide, where primers on the plates are hybridized to adaptors from the fragments 
on the beads. It is called sequence by ligation because it involves fluorescent di-bases 
probes, which ligate to the growing sequencing primer. A single probe gives 
information on every first and second base they ligate to. After the fluorescent di-base 
is ligated, its signal emission is detected, and then the di-base cleaved. This cycle is 
repeated for the length of the fragment (Figure 10) (AppliedBiosystems, 2011). 

Helicos is the only platform that uses a single strand DNA molecule approach. 
As for Illumina HiSeq2000 and Roche 454, it is also based on sequence-by-synthesis 
reactions, but in Helicos, single strand DNA harboring a poly A adaptor is loaded into 

 
Figure 9: Roche sequencing technology: 
The 454 platform from Roche uses 
sequence-by-synthesis in emulsion PCR, 
where fragments are bound to beads in a 
water-in-oil emulsion. Each bead is 
hybridized to fragments and loaded into 
pico-sized gaps on a plate, a single bead 
per gap, where the fragments will be 
amplified and fluorescent dNTP signals 
captured when added. 1) Fragmented 
DNA is ligated to adaptors and separated 

in single strands; 2) Fragments are bound to beads under emulsion. Beads are captured in droplets of PCR-
reacion mix in oil emulsion; 3) Beads are loaded into the slides, one bead per well. Amplification occurs 
resulting in beads carrying ten million copies of a unique DNA template. Emulsion is broken, DNA strands 
denatured and each bead placed in single wells in the picotiter plates with enzymes and additional beads, 
coupled with sulphurylase and luciferase, image is captured by a camera detecting the light generated by the 
addition of each nucleotide in the pyrosequencing reaction.  
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to a flow cell with the complementary poly T sequence. During the sequencing 
reaction, fluorescently-labeled nucleotides are incorporated one at a time forming a 
complementary strand using the original single stranded sequence as template (Figure 
11). This system is also the only one which does not require amplification of the DNA 
fragments (Helicos, 2011). 

 

 

Figure 10: ABI sequencing technology. The SOLiD platform uses SBL in
emulsion PCR, where fragments are bound to beads in a water-in-oil emulsion.
3’ ends of fragments are modified to allow hybridization to a glass plate.
Fluorescently labeled di-bases probes are ligated to the complementary di-base
in the target strand, when signal emitted is captured. Each probe gives
information about two bases and each base in a fragment is read twice. The
cycle is repeated for the length of the fragment. 
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Figure 11: Bioscience sequencing technology. 
The Helicos platform uses sequence-by-synthesis 
in individual single strand DNA fragments. 
Fragments are ligated to polyA adaptors and 
hybridized to plates containing polyT 
oligonuclotides (1-2). Signal emitted by addition 
of fluorescently labeled dNTP are captured (3), 
the label is cleaved and the next base added (4). 
Cycle repeated for the length of the fragment. 
Images are captured by special powerful 
microscope named Heliscope.  

Table 3: Comparison of sequencing platforms 
Advantages and 
disadvantages 

Platform 
Techno-

logy 

Read 
lenght 
(bp) 

 
(Gb/
run)

# 

Run 
time 

(days)# 

Machine 
cost  

(U$ x103) 
¥ + - 

Biological 
applications§ 

GAIIx 
SBS           

solid-phase 
2x 150 80 2 - 9 545 

Most used 
system (for 
GAIIx, 
previous 
platform) 

Low capacity 
of Multi-
plexing 

Variant discovery 
y whole-genome 
resequencing; 
whole-exome 
capture; 

454               
GS FLX 

SBS        
emulsion 

700* 1 0.9 500 
Long reads; 
fast run times 

High reagent 
costs;  
high error in 
homopoly-
mer repeats 

Indirect de novo 
assemblies; 
medium scale 
exome capture 

SOLiD 
SBL          

emulsion 
60 30 6 595 

Di-base 
probes 
improve error 
correction 

Long run 
times 

Variant discovery 
y whole-genome 
resequencing; 
whole-exome 
capture 

Helicos 
SBS           

single 
molecule 

32* 37 2.5 - 8.0 999 
No amplifica-
tion bias 

Higher error 
rates 

Sequence-based 
methods. 

* Average read length; # throughput and time can vary depending on the assay used, e.g. single run, matched pair; 
¥prices in January 2010; § Most common applications. SBS:sequence-by-synthesis; SBL: sequence-by-ligation 
[adapted from (Metzker, 2010). 



Introduction 

45 

Each of the above described platforms has its advantages and disadvantages, 
and may be more suitable depending on the biological application (Table 3). However, 
no matter which method, approach or platform is chosen, the quick advances in 
genome-wide methylation profiles are opening new possibilities for DNA methylation 
analysis and giving better insight on how methylation influences normal development 
and its involvement in tumorgenesis. 

In the next chapters I will describe how we used genome-wide technology in 
combination with the Methyl-Capture assay to accomplish the aims of this project. Our 
main goal was to profile genome-wide DNA methylation of NSCLC and normal lung 
tissues, and to identify differentially methylated regions that may be used to develop 
sensitive biological markers for NSCLC. For this we devised novel and reliable 
methods of normalization and analysis, which allowed us to generate extensive and 
comprehensive methylation maps of the tumors and lung tissues. We tested 25 novel 
markers and derived a panel of 5 markers capable of distinguishing tumors from 
normal tissues with high sensitivity and specificity.  
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Abstract 

Non-small cell lung carcinoma (NSCLC) is a complex malignancy that due to its 
heterogeneity and poor prognosis poses many challenges to diagnosis, prognosis and 
patient treatment. DNA methylation is an important mechanism of epigenetic 
regulation involved in normal development and cancer. It is a very stable and specific 
modification and therefore in principle a very suitable marker for epigenetic 
phenotyping of tumors. Here we present genome-wide DNA methylation analysis of 
NSCLC samples and paired healthy lung tissues, where we combine MethylCap and 
next generation sequencing (MethylCap-seq) to provide comprehensive DNA 
methylation maps of these tumors and paired healthy lung tissues. The MethylCap-seq 
data were validated by bisulfite sequencing and methyl-specific PCR of selected 
regions. Analysis of the MethylCap-seq data revealed strong positive correlation 
between replicate experiments and between paired tumor/adjacent lung samples. We 
identified 57 differentially methylated regions (DMRs) present in all NSCLC tumors 
analyzed by MethylCap-seq. While hypomethylated DMRs did not correlate to any 
particular functional category of genes, the hypermethylated DMRs were strongly 
associated with genes encoding transcriptional regulators. Furthermore, subtelomeric 
regions and satellite repeats were hypomethylated in the NSCLC samples. We also 
identified DMRs that were specific to two of the major subtypes of NSCLC, 
adenocarcinomas and squamous cell carcinomas. Collectively, we provide a resource 
containing genome-wide DNA methylation maps of NSCLC and normal lung tissues, 
and comprehensive lists of known and novel DMRs and associated genes in NSCLC. 

Introduction 

Non-small cell lung carcinoma (NSCLC) is a common malignancy characterized by a 
worldwide high incidence and low survival rate (Jemal et al., 2010). NSCLC is a 
heterogenic disease which is broadly classified in three major histopathological 
subtypes: adenocarcinoma (ADC), squamous cell carcinoma (SCC) and large cell 
carcinoma (LCC). This heterogeneity poses challenges for diagnosis and treatment, 
since each subtype presents with distinctive prognosis (Little, 2006) and the choice of 
therapeutic regimen is predominantly based on tumor subtype and staging parameters 
(Molina et al., 2008). Development of personalized diagnostics and therapy is leading 
the way to a new era that may overcome some of the difficulties in treating complex 
diseases such as NSCLC.  

In the past decade, comparative gene expression profiles of tumors have been 
extensively studied (Hou et al., 2010; Larsen et al., 2007; Liang & Pardee, 2003), 
yielding useful insights in the molecular hallmarks of carcinogenesis (Kameyama et al., 
2003; Petty et al., 2004). With the advent of next generation sequencing, genome-wide 
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screening has become an attractive tool for profiling tumors versus normal tissues cells 
(Ding et al., 2010; Kameyama et al., 2003). DNA methylation is a very stable 
epigenetic mark and next generation sequencing studies have recently shown that many 
genes are aberrantly methylated in cancer (Lister et al., 2009; Weber et al., 2005). 
Tissue specific DNA methylation patterns are stabilised during embryonic 
development, and faithfully maintained through cell divisions (Bird, 2002; Bird & 
Wolffe, 1999; Leonhardt et al., 1992). Nevertheless, established methylation patterns 
can be reprogrammed, with tumors cells undergoing DNA demethylation and de novo 
methylation through mechanisms not yet completely understood. CDKN2A and 
RASSF1 are examples of genes found to be aberrantly methylated in a wide variety of 
tumors (Agathanggelou et al., 2001; Kohonen-Corish et al., 2007; Liu et al., 2005a; 
Pfeifer et al., 2002), and epigenetic silencing of these genes has also been reported in 
NSCLC (Dammann et al., 2000; Feng et al., 2008; Hsu et al., 2007; Vaissiere et al., 
2009). The great majority of DNA methylation studies are concentrated on the analysis 
of CpG islands located in the promoter areas of pre-selected genes. However, 
differentially methylated areas may be located within genes and at large distances from 
the nearest neighbouring genes (Clark, 2007; Mayor et al., 2009). Although data on 
methylated genes in NSCLC are rapidly accumulating, unbiased data concerning 
specificity of the genome-wide distribution of methylated loci are still scarce.  

In this study we used MethylCap and high-throughput sequencing (MethylCap-
seq; (Brinkman et al., 2010)) to perform a genome-wide DNA methylation screening of 
NSCLC tumors and paired normal lung tissues. With this approach, we sought to 
identify genome-wide aberrant methylation patterns of NSCLC. Specific differentially 
methylated regions would be promising candidate molecular markers for non-invasive 
diagnostics using circulating tumor DNA, and increase the number of possible targets 
for epigenetic therapy. 

Results 

Methylation profiles in NSCLC: Study outline 

We performed genome-wide DNA methylation analysis of NSCLC using the 
MethylCap assay followed by high-throughput sequencing: MethylCap-seq 
(Figure 1A). We used DNA isolated from 7 NSCLC tumors and paired normal lung 
tissues (Table 1 and Supplementary Table 1). As controls, we prepared fully 
methylated and fully unmethylated genomic DNA. The DNA samples were sheared 
and then enriched for methylated DNA using the MethylCap procedure (Brinkman et 
al., 2010). This is based on capture of methylated DNA by biotinylated methyl-binding 
domain protein (MBD), which is then retrieved by binding to streptavidin-coated beads 
(Figure 1B). The recovered DNA was directly sequenced using the Illumina GAIIx 
next generation sequencing platform. For each DNA sample, we performed two 
independent enrichment procedures and sequence runs. Total numbers of sequence 
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Table 1: Patient data used for MethylCap-seq 

Sample ID Tissue type Case ID Stage Gender Age at Diagnosis 

2213N healthy 

2214T SCC 
SCC1 IIB M 54,54 

2235N healthy 

2236T SCC 
SCC2 IIB M 73,73 

2245N healthy 

2246T ADC 
ADC1 IB F 66,26 

2255N healthy 

2256T ADC 
ADC2 IA F 54,26 

2257N healthy 

2258T ADC 
ADC3 N/A M 78,96 

2261N healthy 

2262T SCC 
SCC3 IIB M 70,03 

22he healthy 

22tu LCC 
LCC1 IB F 56,58 

SCC: Squamous cell carcinoma; ADC: Adenocarcinoma; LCC: Large cell carcinoma; 
N/A: data not available. 

reads, mapped reads and unique reads for each sample are represented in 
supplementary table 2. For identification of differentially methylated regions (DMRs) 
we employed a rigorous normalization procedure and a variety of bioinformatics tools 
(Figure 1C). We used MethylCap-seq data obtained from artificially prepared fully 
unmethylated and fully methylated DNA samples for normalization of the data and 
assignment of DMRs. The bioinformatics approach is described in detail in 
Supplementary Methods and Supplementary Figure 1. Relative methylation scores 
were used to build an individual methylation profile for each sample. Subsequently, we 
compared the profiles to identify highly significant DMRs between tumors and paired 
healthy tissues, and between the subtypes of tumors. Finally, we validated the 
MethylCap-seq results by bisulfite sequencing and methyl-specific PCR of selected 
DMRs. 
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Global analysis of genome-wide methylation patterns of NSCLC 

To asses the reproducibility of the MethylCap-seq procedure, we first performed a 
self/self comparison of the replicate experiments. This yielded an average Pearson’s 
correlation coefficient of 0.89 (Figure 2A and Supplementary Figure 2), indicating 
excellent reproducibility between independent experiments. Next, we examined hyper- 
and hypomethylated areas by comparing the relative methylation scores of the tumors 
versus paired healthy lung tissues. This revealed an average correlation coefficient of 
0.83, reflecting a generally high similarity in the methylation patterns of the matched 
tumor and healthy lung samples (Figure 2B and Supplementary Figure 3). Collectively, 
these analyses establish the high reproducibility and specificity of the MethylCap-seq 
procedure that we used.  

Figure 1: Experimental design for profiling of DNA methylation patterns in NSCLC.  
(A) Overall view of the steps followed to generate the profiles (MBD: methyl-binding domain protein; T: 
tumor; N: Normal; ADC: adenocarcinoma; SCC: squamous cell carcinoma; LCC: large cell carcinoma); 
(B) MethylCap using methyl-binding domain proteins: sheared genomic DNA is used as input fraction 
(methyl groups in red) and incubated with beads (brown) coated with steptavidin (green) biotin (yellow)-
MBD protein (blue) to capture methylated DNA. Captured fragments are subjected to high-throughput 
sequencing. (C) Summary of the bioinformatics approach used to generate the methylation profiles. 
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To allow visual inspection of the DMRs, raw reads and normalized log p-values 
were uploaded in the UCSC Genome browser, where DMRs can be observed (Figure 
2C). To focus on the most significant DMRs, we used a very stringent p-value of 10-18 
(Supplementary Figure 4). Non-repetitive regions with p-value  10-18 were projected 
onto the genome and visualized as genome-wide maps of differential methylation 

Figure 2: Global analysis of DNA methylation patterns in NSCLC. (A) Correlation between 
experimental replicates. Each point represents one 10bp genomic bin. Density of points (log10 scale) is 
shown in different shades of blue. Pearson’s correlation coefficient is denoted in the top left corner of 
each scatter plot. (B) Correlation between tumor (x axis) and paired healthy lung tissue sample (y axis). 
(C) Raw reads from a normal/healthy sample (above panel) and its matching tumor sample (middle 
panel) in the position chr2:176,716,200-176,738,910 viewed in the UCSC genome browser; normalized 
p-value is depicted in the bottom panel. (D) Representation of the distribution of hypomethylated (green) 
en hypermethylated (red) regions across chromosomes in a tumor versus normal sample. (E) 
Composition of hypo- and hypermethylated regions in comparison to general distribution of MethylCap-
seq reads obtained from the fully unmethylated DNA sample. Proportions of regions covered by distinct 
genomic features are shown. Promoters were defined as regions +/- 1 kb from all Ensembl TSSs. 
Distinct classes of repeats were retrieved from the UCSC Table Browser (RepeatMasker table). Repeats 
were excluded from all subsequent features. Genomic background consisted of 5000 regions of 500bp 
sampled randomly across the genome.
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(Figure 2D and Supplementary Figure 5). This revealed that in the non-repetitive 
fraction of the genome, tumors displayed higher overall hypermethylation then their 
paired healthy tissues. This is consistent with the notion that de novo methylation and 
hypermethylation of promoter CpG islands are associated with carcinogenesis (Keshet 
et al., 2006) 

 The DMRs were analyzed according to general hallmarks of their genomic 
localization (Figure 2E). Compared to the general distribution of MethylCap-seq reads 
obtained from the fully unmethylated DNA sample (pie chart labelled “random”), we 
found that promoter areas were particularly enriched among the DMRs (pie charts 
labelled “hypo” and “hyper” methylated). In addition, some specific repeat classes such 
as LINE and satellites were also differentially represented in the DMRs, with satellite 
repeats being particularly hypomethylated in tumors when compared to healthy lung 
tissues. In contrast, LINE repeats are relatively underrepresented in the DMRs (hypo 
and hypermethylation pie charts), indicating that the methylation status of the bulk of 
the LINE elements was similar between the tumors and paired healthy tissues. 

Differentially Methylated Regions (DMRs) in NSCLC 

We observed a total of 14742 DMRs in the 7 NSCLC tumor samples (Supplementary 
Table 3), i.e. regions found to be differentially methylated in at least one tumor when 
compared to its paired healthy tissue with a two-fold change difference in methylation 
signal. Performing unsupervised cluster analysis with these DMRs revealed that the 
samples clustered according to the histological subtype of the tumors (Figure 3A). In 
particular, hypermethylated DMRs were overrepresented in SCC samples. The 
dendogram of the DMRs indicated the presence of 9 major subgroups of DMRs. Two 
of these were composed of generally hypermethylated (red) or hypomethylated (green) 
DMRs. These were plotted on the chromosomes, revealing that the “red” DMRs were 
scattered throughout the chromosomes. In contrast, the “green” DMRs displayed a 
more localized distribution towards the chromosome ends (Figure 3A). Subtelomeric 
hypomethylation has been found to be associated with risk of developing cancer 
(Rauch & Pfeifer, 2010). 

 We found 57 DMRs present in all tumor samples, of which 51 were 
hypermethylated and 7 were hypomethylated. We also analyzed DMRs in relation to 
NSCLC subtypes. We found 287 DMRs unique for SCC and 26 DMRs unique for 
ADC (Supplementary File 1). These DMRs were classified by hyper- and 
hypomethylation and their genomic locations relative to genes (Figure 3B). We found 
that the ADC-specific DMRs had a genomic distribution similar to that observed for 
the DMRs present in all 7 tumors, while for SCCs DMRs within genes were 
concentrated in the gene body. SCC also presented considerable more subgroup-
specific DMRs than ADC and “all-tumors”; this could be explained by the notion that 
SCC is a relatively homogeneous tumor type. 
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Figure 3: DMRs in NSCLC versus paired healthy lung tissue samples.  (A): Heatmap of 14742 
most significant DMRs, picturing regions with mostly hypermethylated (top), mostly 
hypomethylated (middle), and mixture (bottom). Color bar at the bottom represents log ratio of 
normalized signal in tumor vs. healthy (red - hypermethylation, green - hypomethylation). Dashed 
lines represent cuts in the dendogram, generating 9 groups of DMRs. The DMRs from the two 
most distinctive groups are depicted on the chromosomes. Red: cluster containing regions 
hypermethylated in all samples; Green: cluster containing regions hypomethylated in all samples. 
(B): DMRs distribution relative to gene position. Number of hypermethylated and hypomethylated 
genes and regions (outside gene area), and their distribution as in promoter, gene body and 3’ 
UTR; (C): Gene function distribution of the differentially methylated genes. Number of 
hypermethylated and hypomethylated genes relative to gene classes or function. ADC: 
Adenocarcinoma; SCC: squamous cell carcinoma. TR: transcription regulator.  
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For the DMRs that fall in gene areas, we analyzed which types of genes were 
present in each of the 3 groups (Figure 3C and Supplementary File 1). We found that 
for the DMRs present in all tumor samples, more than 75% of the associated genes 
belonged to the class of transcriptional regulators. For SCC-specific DMRs, we 
observed a considerable heterogeneity in the functional categories of associated genes. 
Nevertheless, there was an overrepresentation of genes involved in transcriptional 
regulation, organization of the cytoskeleton and cell cycle regulation. We note that 
while some of the DMRs were associated with genes that had been previously reported 
to be differentially methylated in lung tumors, such as APC, CDH13, CDKN2A, DAPK, 
hMLH1, HOX genes, OTX1, and HOX2, and many others (Dammann et al., 2000; 
Rauch et al., 2007; Rauch et al., 2008; Schmidt et al., 2010; Zochbauer-Muller et al., 
2001), we also found DMRs which, to the best of our knowledge, have not been 
previously reported to be associated with methylation in NSCLC or other types of 
cancer.  

Validation of differentially methylated regions in NSCLC by bisulfite sequencing 

To validate the results obtained with MethylCap-seq, we selected five fragments for 
analysis by bisulfite sequencing. We chose CDKN2A and RASSF1 since 
hypermethylation of these genes has been widely reported in a variety of cancers 
including NSCLC (Agathanggelou et al., 2001; Dammann et al., 2000; Vaissiere et al., 
2009), and the EN1 promoter region since hypermethylation of EN1 had been 
previously reported in a lung tumor cell line (Rauch et al., 2007) but not yet in primary 
NSCLC tumors. The other two fragments were located at positions chr2:119,331,343-
119,331,692 and chr2:119,328,097-119,328,400 and we name then Frag_01 and 
Frag_02 respectively. Selection of the fragments for bisulfite sequencing analysis was 
based on the MethylCap-seq data (Figure 4). 

To assure sufficient depth of coverage for quantitative analysis, we sequenced 
36 individual clones from each fragment and each bisulfite-converted DNA sample. 
Figure 4B shows an example of the methylation status for one fragment of a paired 
sample. The methylation status of the 5 fragments in all 7 paired NSCLC/healthy lung 
tissue samples is summarized in Figure 4C; full data for all samples is available in 
Supplementary File 2 and Supplementary File 3. We also examined potential 
differences in methylation according to tumor histology.  To perform this analysis we 
grouped the samples in four categories: all clones from the normal tissues of patients 
(ADC_N and SCC_N) and clones from tumors (ADC_T and SCC_T), (Figure 4D and 
Supplementary File 4). We observed a statistically significant difference (p-value 
=<0.0001) not only between tumors and healthy tissues, but also between ADC and 
SCC for all fragments analyzed by bisulfite sequencing. This identifies that these 
fragments as candidate markers for differentiating tumors versus healthy tissues, and 
also between tumor subtypes. Moreover this finding validates the MethylCap-seq data, 
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since the methylation status determined by bisulfite sequencing correlated 
quantitatively with the MethylCap-seq data (Figure 4E). 

Screening by methylation-specific PCR (MSP) verifies methylation differences 
between Normal and Tumor, and between tumor subtypes 

To screen the methylation status of selected DMRs in a larger sample set we used 
methylation-specific PCR (MSP). We selected CDKN2A, Frag_01 and Frag_02 for 
this analysis, since they were most significant differentially methylated fragments in 

Figure 4: Bisulfite sequencing validation for MethylCap-Seq . (A) Sequence reads for the Frag_01 in a tumor 
(2214T) and matching normal tissue (2213N), plotted in the Genome Browser, showing the distribution of the 25 
CpGs contained in the fragment highlighted in green. Position for this fragment is chr2:119,331,343-
119,331,692. (B) Methylation status of each CpG in all 36 individually sequenced clones in the same samples 
and fragment shown in Fig. 4A. The middle row represents the average of methylation in all clones per CpG 
position. (C) Average of methylation of all clones sequenced per patient in each fragment (N=normal; T=tumor; 
U = control totally unmethylated DNA; M = control totally methylated DNA). (D) Average of the methylation 
status of the sum of all clones, grouped per histological subtype; comparison between ADC and SCC in all 
fragments were statistically significant. (E) Correlation between normalized methylation signal from MethylCap-
seq and CpG methylation from bisulfite sequence. Different regions are shown in different colors; healthy 
samples are marked by dots and tumors by stars. Perason’s correlation coefficient is denoted above de linear 
regression curve. *p-value =< 0.001. 
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the bisulphite sequencing experiments. We screened 96 samples (48 NSCLC and 
paired healthy lung samples), and used totally methylated and totally unmethylated 
DNA samples as controls for the specificity of the MSP assays. Results for the 7 paired 
samples used in MethylCap-seq are displayed in Figure 5. Sensitivity and specificity 
for the 3 fragments in all 96 samples are summarized in table 2 and shown in 
Supplementary Figure 6. 

For each “M” primer set, amplification of the fragment is dependent on 
methylation; while each “U” primer set requires unmethylated DNA for amplification. 
In the 48 paired samples analyzed, CDKN2A showed frequent amplification with the M 
primer set in healthy lung samples (24/48), although the amplified bands were often of 
low intensity. Tumors had a much larger number displaying amplification with both M 
and U primer sets. 36 out of 47 tumors displayed amplification with the M primer, and 
two of the tumors displayed amplification only with the M primer set. 

In contrast, Frag_01 presented no amplification with the M primer set in the 
healthy lung samples, while the Frag_02 M primer set only 9 out of 48 were amplified. 
In tumors, we observed fragment amplification in 29/48 samples for Frag_01 and 36/48 
samples for Frag_02 with the M primer sets. Differences in methylation status showed 
significant in tumors versus healthy lung samples for all 3 fragments, with a p-value < 
0.02 for CDKN2A and p<0.0001 for Frag_01 and Frag_02; Figure 5B). Frag_01 and 
Frag_02 present a much lower p-value, indicating they may be better tumor markers 
than CDKN2A. We also observed that significant differences between SCC and ADC 
were only found for in Frag_01 (Figure 5C). In conclusion, the MSP results validate 
the MethylCap-seq data, since all three fragments are consistent with the significant 
DMRs in all tumors, and Frag_01 appeared as part of the SCC-specific DMRs in the 
MethylCap-seq data. 

 

Table 2: Frequency, sensitivity and sensibility of the 3 fragments in 48 patients. 

 CDKN2A  Frag_01  Frag_02 

  n (%)
Sens 
 (%) 

Spec 
(%) 

 n (%) 
Sens 
 (%) 

Spec 
(%) 

 n (%) 
Sens 
 (%) 

Spec 
(%) 

Lung 24/48 50.0 0/47 0.0 9/48 18.8 

Tumor 36/48 75.0
75.0 27.1* 

29/47 59.6 
62 100.0§ 

36/48 75.0 
75.0 56.3§ 

             

ADC 13/17 52.9 76.5 35.3 5/16 31.3 31.25 31.3 12/17 70.6 70.6 64.7 

SCC 15/16 88.2 93.8 37.5  13/16 81.3 81.25 81.3*  14/16 87.5 87.5 75.0 

Sensitivity is calculated using the ration between methylated (amplified) sample and the total amount of samples 
analyzed per fragment; specificity is ratio of the difference between amplification in tumor and in the matching 
healthy sample. Sens = sensitivity. Spec = specificity. Statistic significance was calculated using 2. * = p<0.02; 
§= p<0.0001 
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Discussion 

In this study we performed an unbiased genome-wide DNA methylation analysis of 7 
NSCLC cases. To date, genome-wide methylation studies in NSCLC have concentrated 
on specific areas of the genome (Rauch et al., 2008), promoter regions (Bibikova et al., 
2006; Sano et al., 2007; Shames et al., 2006) or sets of pre-selected candidate genes 
(Feng et al., 2008; Zhang et al., 2011). Here we combined MethylCap with high-
throughput sequencing (MethylCap-seq) to draw detailed methylome maps of NSCLC 
tumors and paired healthy lung tissues. The replicate experiments showed that the 
depth of coverage generated by MethylCap-seq was sufficient to capture the 
methylation status of the entire genome. Moreover, there was a very high degree of 

Figure 5: Methylation-specific PCR screening in 48 tumors and 
matching healthy tissues. (A) Cropped gel images for the 7 patients 
used for MethylCap-Seq, grouped by histological subtype (U: 
unmethylated; M: methylated; N: normal/healthy; T: tumor). (B) 
Histogram of the methylation status in normal/healthy samples and 
tumor samples in all 48 patients in the three fragments analyzed. (C) 
Histogram of the methylation status per histological subtype (* = p-
value =< 0.02; **= p-value <0.001). 
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correlation between the replicate experiments, demonstrating the robustness of the 
MethylCap-seq approach. As controls for normalization and validation purposes we 
made use of fully methylated and fully unmethylated DNA samples. The MethylCap-
seq data of these controls provide a useful resource for benchmarking of the fully 
methylated versus fully unmethylated status of any particular fragment in the genome. 
Using the MEDIPS computational tool (Chavez et al., 2010), we generated methylation 
profiles of the seven paired NSCLC/healthy lung cases which can be viewed in the 
genome browsers. This broad view of DNA methylation in NSCLC will provide new 
opportunities for identification of specific epigenetic markers of NSCLC that could, for 
instance, be used for early detection of the disease. 

The occurrence of Methylated CpGs in the fragments selected for bisulfite 
sequencing showed a high quantitative correlation with the reads found by MethylCap-
seq in the same area. In conjunction with the MethylCap-seq data on the fully 
methylated and fully unmethylated controls, this demonstrates that MethylCap-seq 
yields reliable quantitative information on the methylation status of the fragments in a 
particular DNA sample. This is important considering that the tumor cell content of 
samples to be analyzed will be variable. Provided that sufficient sequencing depth is 
achieved, it should be possible to use MethylCap-seq for identification of tumor-
specific hypermethylated DNA regions in samples containing only a minority of tumor 
cells, and possibly in circulating tumor DNA isolated from serum samples. The results 
obtained with MSP are qualitative in nature, but this PCR-based approach is very 
sensitive and may therefore be used to detect tumor-specific hypermethylated DNA 
fragments in serum DNA. As a first step in this direction, we used MSP to investigate 
the presence of three DMRs in a larger set of paired samples. The results confirmed the 
MethylCap-seq data and demonstrated that these DMRs are frequently 
hypermethylated in NSCLC. In particular, the Frag_01 fragment was found to be 
hypermethylated in 13 out of 16 SCC cases and in 5 of the ADC, suggesting that this 
might be a useful marker for this type of NSCLC. In addition, for CDKN2A 
amplification with the “M” primer was often observed in healthy tissue samples, 
although at much lower amplification levels when compared with tumor samples. This 
could reflect an early event in the methylation status of CDKN2A in tumorigenesis. 

The mapped reads point to differentially methylated areas across the genome, 
with some marked preferences for hypermethylation or hypomethylation in certain 
genomic regions. There is a strong correlation between CpG islands and 
hypermethylation in tumors, with the most significantly hypermethylated regions 
associated with promoter regions of genes. As previously reported by many groups 
(Chung et al., 2011; Esteller, 2007; Liu et al., 2005b; Marsit et al., 2006), gene 
promoters are a target of methylation as an epigenetic regulatory mechanism. However, 
our data also reveal a high degree of hypermethylation outside promoter areas at 
intergenic regions, and at long distances from genes. This indicates that patterns of 
DNA methylation may play a role not only by silencing promoters of key tumor 
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suppressor genes, but also by regulating gene expression in a more complex manner 
through distant regulatory elements such as insulators and enhancers.  

We found that satellite regions were particularly hypomethylated in the NSCLC 
tumors when compared to normal lung tissues. Recently, (Ting et al., 2011) have 
shown that over expression of satellite repeats is associated with different types of 
cancer. The observed hypomethylation of these regions in NSCLC would be 
compatible with their results. We also found that hypomethylated regions are often 
present in subtelomeric regions, in agreement with the observation that 
hypomethylation is more frequently located near chromosome ends in lung cancer 
(Pfeifer & Rauch, 2009). While CpG islands and genes are present in the subtelomeric 
regions of chromosomes, the impact of subtelomeric hypomethylation on the regulation 
of these genes is currently unclear. 

In an alternative approach, we selected the most significant DMRs in the 
individual NSCLC cases (14742) and performed unsupervised cluster analysis of the 
hyper- and hypomethylated regions in the tumor samples. We observed that the 
samples clustered according to their histological classification. This indicates that there 
are DMRs that could not only be used as NSCLC markers but also as markers for 
histological classification of NSCLC tumors. Subsequently we searched for the specific 
areas that were differentially methylated in all tumors when compared to the paired 
healthy tissues, and specific for the subtypes. We observed that SCCs displayed more 
DMRs than ADCs. This observation could be explained by the heterogeneity of ADCs, 
which would result in fewer DMRs shared by all three ADC samples. The contrary is 
seen in SCC, which is a more homogeneous type of NSCLC. This characteristic has 
been observed previously in gene expression profiling studies (Hou et al., 2010; Hou et 
al., 2011). 

Remarkably, the majority (>75%) of the hypermethylated genes present in all 7 
samples encoded for transcription factors, while the shared hypomethylated genes were 
spread among many different functional categories. Transcription factors play a central 
role in maintaining or modifying cell fate, either in normal processes such as 
development and cell differentiation, or in cancer. Mechanisms of epigenetic regulation 
via DNA methylation are not yet completely understood; several factors such as DNA 
methyltransferases, chromatin remodelling proteins and DNA-binding transcription 
factors are involved (Chatagnon et al., 2010; Clouaire et al., 2010). Therefore, any 
perturbation that leads to a decrease in the expression status of those factors may 
disrupt important pathways for maintenance of the differentiated cellular state. 
Aberrant methylation can change chromatin structure, rendering DNA binding sites 
accessible or inaccessible to transcription factors leading to activation or silencing of 
genes important in cell differentiation and maintenance. It has been recently shown that 
hypermethylated genes found in lung tumors are associated to cellular morphogenetic 
differentiation process (Helman et al., 2011). These cellular mechanisms are 
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orchestrated by transcriptional regulators; therefore changes in the methylation status of 
their binding sites may disrupt those processes thus contributing to oncogenesis.  

Based on the MethylCap-seq data, we generated a list of candidate DMRs and 
associated genes specific for NSCLC and its subtypes (Table 3). Several of these 
DMR-associated genes are known to be hypermethylated in NSCLC and other types of 
cancer, strongly supporting the validity of the data set reported here. For instance, the 
observed methylation rates of RASSF1 were in agreement with previously reported 
results (Pfeifer et al., 2002). In the MetylCap-seq data, hypermethylation of the 
genomic region where Frag_01 is located was most significant for the SCC samples. 
This was supported by the bisulfite sequencing and MSP validation experiments, where 
this fragment showed significantly more hypermethylation in SCCs when compared to 
ADCs or LCCs. In conclusion, this list of candidate DMR markers can be used to 
develop sensitive biological markers for NSCLC, which may enable non-invasive 
diagnosis and early detection of the disease, and potentially allow histological 
classification. Collectively, we provide a resource containing genome-wide DNA 
methylation maps of NSCLC and normal lung tissues, and comprehensive lists of 
DMRs and associated genes in NSCLC. 

Methods 

Patient samples 
Samples were obtained from NSCLC patients (n = 48) who had undergone surgical 
lung resection at Erasmus MC. Specimens were collected from the tumor and adjacent 
non-cancerous lung tissue and studied under an anonymous tissue protocol approved by 
the medical ethical committee of Erasmus University Medical Center. Tissues were 
snap-frozen within two hours after surgical resection in liquid nitrogen pre-cooled 
isopentane, and stored at -196 °C or -80°C until DNA extraction.  

Histopathological analysis 
Patient samples were independently reviewed by two pathologists. The cohort included 
17 adenocarcinomas (ADC); 16 squamous cell carcinomas (SCC), 7 large cell 
carcinomas (LCC), 8 unclassified samples, and paired healthy lung tissues for each 
tumor sample. 

Cell line 
The MRC-5 lung fibroblast-like cell line was used as control. Cells were cultured under 
standard conditions using minimum essential medium supplemented with 10% heat-
inactivated fetal bovine serum, 2mM L-glutamine, 1% non-essential amino acids and 
penicillin/streptomycin. Cells were harvested when they reached 90% confluence.   
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DNA isolation 
Genomic DNA from patient tissues and cultured cells were extracted by overnight 
treatment incubation with lysis buffer and proteinase K, followed by phenol-
chloroform extraction, ethanol precipitation and RNase digestion.  

Artificial demethylation and methylation of genomic DNA 
We used DNA extracted from the MRC-5 cell line and commercially available 
Universal unmethylated DNA (UUD; Millipore). Fully unmethylated DNA was 
obtained by whole-genome amplification using the REPLI-g kit (Qiagen) according to 
manufacturer protocol, followed by phenol-chloroform extraction. Fully methylated 
DNA was prepared by treating MRC-5 DNA and UUD with M.SssI enzyme (New 
England Biolabs) according to the manufacturer’s protocol. In short, 10 µg of DNA 
was incubated for 2 hours at 37 ˚C with 40U of M.SssI and 640 µM of S-
adenosylmethionine. DNA was then treated with phenol-chloroform and recovered by 
ethanol precipitation. 

Methyl-DNA capture (MethylCap)  
Enrichment of methylated DNA was carried out using the MethylCap technique. DNA 
samples were sheared by sonication to obtain fragments between 200 and 800 bp. 
Methylated DNA capture was carried out using an adapted protocol from the 
MethylMiner Methylated DNA Enrichment kit (Invitrogen). Two adaptations were 
made. Firstly, 20 µl of beads and 14 µl (7µg) of MBD-biotin protein were used for 5 
µg of sheared genomic DNA. Secondly, a single elution fraction was obtained by 
resuspending the beads in 200 µl of 1X binding/washing buffer containing 2 µl of 
proteinase K (20mg/ml). The samples were then incubated for 90 minutes at 57 ˚C with 
800 rpm agitation. Remaining steps were performed following the manufacturer’s 
protocol scaled up to 5 µg of DNA. Before the samples were used for high-throughput 
sequencing, methyl-enrichment was tested by qPCR (ICR; data not shown).  qPCR was 
carried out using sybr green, Phire hot start DNA polymerase (Finnzymes), 1 µl of the 
enriched samples. Primer sequences are available in supplementary table 4. qPCR was 
performed in triplicate and enrichment levels were calculated as previously described 
(Karlen et al., 2007). 

High-throughput sequencing 
HTS was carried out on 18 samples: 7 tumors (3 ADC, 3 SCC and 1 LCC), 7 paired 
normal tissues and 4 controls (2 artificially fully methylated DNA and 2 fully 
unmethylated DNA). For each sample, DNA recovered from two independent Methyl 
Capture experiments was sequenced. The Illumina Genome Analyzer IIx platform was 
used for both replicates, one sample per lane, according to the manufacturer’s protocol. 
In short: after MethylCap, fragments of the methyl-enriched fraction were end-repaired 
and ligated to single-read adaptors. Samples were size-selected to an average of 320 bp, 
PCR-amplified and 36bp sequenced. 
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The Illumina Casava pipeline was used for base calling, alignment and quality 
control. Results were mapped against the reference Human UCSChg18 
AllChromosomes using eland_extended by Illumina pipeline 1.6.0. 

Bioinformatic anlaysis 
Detailed information about evaluation and selection of normalization parameters, and 
identification, characterization and selection of DMRs can be found in supplementary 
methods.  

Bisulfite Sequencing 
Bisulfite sequencing was carried out on the same 16 samples used for MethylCap HTS. 
Detailed information is provided in supplementary methods. In short: bisulfite 
conversion was carried out using the Epitect kit from Qiagen following the 
manufacturer’s protocol. Samples were amplified using primers specific for the 
fragments of interest (Supplementary Table 4). Amplified fragments were loaded on 
2% agarose gels and extracted from the gel using a NucleoSpin Extract II kit (Machery-
Nagel). Fragments were then ligated to pGEM-t easy vector (Promega) and cloned into 
DH12-β competent cells. Colony PCR was performed on 36 colonies and PCR 
fragments sequenced. Analysis of methylated and unmethylated CpGs was executed 
using two online programs: BISMA (http://biochem.jacobs-
university.de/BDPC/BISMA) and QUMA (http://quma.cdb.riken.jp). 

Methylation-specific PCR (MSP) 
To determining the methylation status of the selected regions, we used MSP (Herman 
et al., 1996) in 96 samples (48 tumors and matching healthy tissues). Samples were 
bisulfite converted as described for bisulfite sequencing, and amplified using two 
different set of primers designed for the methylated and unmethylated sequences 
(Supplementary Table 4). The fully methylated and fully unmethylated DNA samples 
were used as controls, and a water blank reaction used as control for contamination. 
After amplification, products were resolved on 2% agarose gels containing ethidium 
bromide and visualized under UV transillumination. 

Statistical analysis  
Statistical analysis for bisulfite sequencing was provided by the BISMA program. In 
short, Fisher’s exact test was used for the statistical significance between two bisulfite 
sequence groups at each CpG, and Mann-Whitney U-test for the statistical significance 
between two groups of the entire set of CpG sites. Two-tailed p-value of Fisher's exact 
test was calculated from the 2 x 2 tables at each CpG site. Mann-Whitney U-test was 
used for the statistical significance of the entire set of CpG sites between the tumor and 
healthy groups. For determination of significance in the MSP, we used chi-square 
distribution. Two-tailed p-values were determined by the counts of the amplified bands 
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for each primer in the group of samples healthy/tumor or SCC/ADC. Groups that 
showed a p-value < 0.05 were considered significantly different. 
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Supplementary Information 

Supplementary files not present here can be found at: https://docs.google.com 
Login: thesis.hughes; password: thesishughes_2012 

Supplementary Methods 

Bioinformatics analysis 

Processing of raw mapped reads and all downstream analyses were done using the R statistical 

computing environment, version 2.12.0 (http://www.r-project.org/) 

(R_Development_Core_Team, 2010) and specialized software packages within the Bioconductor 

project (Gentleman et al., 2004) (http://www.bioconductor.org/). Total number and quality of 

sequenced reads per DNA sample is summarized in Supplementary Table 2. We selected 

uniquely mapped reads with quality score  15 and generated genome-wide coverage by 

extending reads up to 200 bp. Raw coverage was visualized in the (http://genome.ucsc.edu/) 

(Kent et al., 2002) in the context of the human genome (International Human Genome 

Sequencing Consortium, 2001), March 2006 assembly (hg18).  

MethylCap-seq data normalization 

For normalization of the MethylCap-seq data we adopted the CpG coupling factor–based 

normalization method from (Chavez et al., 2010) with certain modifications. It has been shown 

that MeDIP-derived data shows bias that depends on local CpG densities which is caused by a 

varying efficiency of antibody binding and immunoprecipitation (Down et al., 2008; Pelizzola et 

al., 2008). MethylCap experiments that use methyl-binding protein domains (MBD) instead of 

antibodies follow a similar experimental procedure and thus may encounter the same problem. 

To compute unbiased methylation signals, raw data has to be normalized with respect to local 

CpG density. Our normalization approach is based on the concept of coupling factors presented 

by Down et al. (2008). We combined modeling of dependency between increasing total CpG 

density and increasing mean MethylCap-seq signal proposed by Chavez et al. (2010) with using 

an artificially fully methylated reference sample to calculate normalization parameters. 

The MEDIPS software package (Chavez et al., 2010) was used to generate raw short reads 

coverage at 10 bp resolution.  Corresponding coupling factors (CF) were calculated by counting 

number of CpG dinucleotides in varying region widths (+/- 200, 300, 500 and 700 bp) around 

each 10 bp genomic bin. For the full range of CF values we calculated the mean raw methylation 

signal of all bins associated with a given value of CF and used it to generate a calibration curve. 

We tried several different approaches for modelling dependency between local CpG density 

and MethylCap-seq signal using varying region widths for coupling factor calculation and fitting 

two different types of models. First we employed the original method proposed by Chavez et al. 

(2010) that fits a linear model on the initial portion of the calibration curve, which corresponds to 

low CF values. This approach is based on the assumption that regions in the genome with low 
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CpG densities are in general fully methylated. Normalization parameters calculated in this way 

are represented by slope and intercept that are calculated for each sample separately depending 

on the corresponding calibration curve. However, such a model is derived from a relatively small 

range of dependency of signal on CpG density that is in real DNA samples limited to lower CF 

values. Since we conducted a reference experiment using an artificially fully methylated DNA 

sample we were able to get the real dependency of signal on CpG density over a much larger 

range of CF values. Therefore, by fitting a model on a calibration curve derived from the fully 

methylated DNA sample we include a much larger proportion of the data (~ 70%) and the 

calculated parameters are more reliable. In addition, we tried to fit a logistic model instead of the 

linear model since it captures much better the trend of saturation that is expected to occur for 

regions with high CpG density. Although we see the saturation in our fully methylated sample, it 

is limited to a relatively low range of CF values after which the mean signal drops again, which 

we assume is due to lower efficiency of artificial methylation for the regions with very high CpG 

density and the much lower number of fragments with high CpG density available during 

sequencing. 

To select the best performing normalization method we evaluated the resulting normalized 

signal in two independent ways. Since we had technical replicates for all our samples, this 

enabled us to monitor the correlation of normalized signal between replicates.  In addition, the 

bisulfite sequencing experiments for 5 selected genomic regions that we carried out to validate 

the MethylCap-seq results, enabled us to monitor the correlation of normalized signal and actual 

percentage of methylated CpG dinucleotides in given regions. Results of the evaluation of 

different normalization parameters are summarized in Supplementary Figure 1. They show that 

using parameters obtained by fitting a logistic model to the fully methylated sample for 

normalizing all other samples preserves correlation between technical replicates and in addition 

keeps a good correlation to the results of bisulphate sequencing. The logistic model fitted to the 

calibration curve for the fully methylated sample can be described by the following equation: 

 

)(
1 scal

CFxmid

e

Asym
CFm 



  

where CF is the coupling factor, Asym, xmid and scal are estimated parameters and m is the 

predicted value of methylation signal in the 10bp genomic bin having a given value of coupling 

factor. 

The obtained parameters (Asym, xmid, scal) were used to normalize raw methylation signals 

for each sample as follows: 
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where mi is the raw methylation signal of an individual 10pb genomic bin, CFi is the 

corresponding value of coupling factor, nreadsreference is the total number of sequenced reads for 

artificially fully methylated reference sample and nreadssample is the total number of sequenced 

reads for a given sample. Calculated relative methylation scores (rms) can be used for 

comparison of methylation signal across different samples (e.g. detection of differential 

methylation) since they are corrected for the total number of reads per sample. 

Genome-wide methylation profiles: Identification and characterization of DMRs 

Two technical replicates for each sample were merged by calculating mean rms of replicates for 

each 10bp bin. Next we calculated mean rms values for genome-wide non-overlapping 500 bp 

windows for all 14 samples to generate genome-wide methylation profiles. Finally, we tested the 

regions for differential methylation between corresponding tumor and healthy samples using the 

MEDIPS software package (Chavez et al., 2010) (Chavez et al., 2010). Distributions of 10bp 

bins rms values within each 500 genomic region were compared using both one-sided Student’s 

t-test and one-sided Wilcoxon rank-sum test. Testing was done separately for hypo- and 

hypermethylation and p-value threshold = 10-18 was used to select significant DMRs.  

Global background signal threshold was estimated from the fully unmethylated DNA sample 

used as a background by selecting 90th percentile of rpm (reads per million) values for all 500bp 

genome-wide windows. Regions with either rpm value below the selected threshold or with rpm 

 ratio 

inputrpm

samplerpm
 < 1.33 for both healthy and tumor sample were excluded.  

For each sample, regions with p-value   10-18 were projected onto the genome and 

visualized as genome-wide maps of differential methylation. Composition of DMRs was 

calculated on a set of top 5000 hypomethylated and top 5000 hypermethylated regions with 

lowest p-values as a percentage of regions covered by selected genomic features. We retrieved 

annotation for human transcripts from Ensembl (V60) 

(http://nov2010.archive.ensembl.org/index.html) and annotation for repeats from UCSC Genome 

Browser database (Kent et al., 2002). Non-overlapping sets of distinct classes of repeats were 

created and these regions were excluded from subsequent genomic features. All Ensembl 

transcripts were used to generate non-overlapping sets of promoters (region +/- 1 kb around 

TSS), exons and introns. 
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Cluster analysis, identification and characterization of common DMRs and associated 

genes 

We created a non-redundant set of genomic regions by combining DMRs with  p-value   10-18 

from all 7 samples. Feature matrix containing )(2log

healthyrms

tumorrms
 for all 7 samples at all 

selected regions was used to calculate Manhattan distance between samples as well as between 

selected regions. We performed hierarchical clustering on obtained dissimilarity matrices and 

visualized the result as a heatmap. Clusters of DMRs were definded by cutting clustering 

dendrogram at height=23 and were projected onto the genome to visualize their genomic 

localization. To measure the enrichment of DMRs in the subtelomeric area, we calculated for 

each chromosome arm separately the ratio between proportion of 1Mb region at chromosome 

end and proportion of the entire chromosome covered by DMRs. In addition, DMRs were 

overlapped against the set of all Ensembl transcripts to reveal the association to distinct parts of 

genes (promoters: +/- 1 kb around TSS, three prime end: +/- 1kb around TTS, gene body) and 

percentages of regions within each cluster  associated  to  distinct  gene  parts  was  calculated.  

We  identified  DMRs  common  to  all samples (or a subset of samples) by selecting regions 

with | )(2log

healthyrms

tumorrms
|  1 (two-fold change in methylation signal) for all corresponding 

samples. 

Bisulfite Sequencing 

Primers for bisulfite sequencing were designed using a combination of tools, such as MethPrimer 

(http://www.urogene.org/methprimer/index1.html), Methyl Primer express software v.1.0 from 

Applied Biosystems, and manual selection (supplementary table 4). Amplification conditions 

were as follows: 1X PCR buffer (Invitrogen); 200 µM of dNTP; 1.5 mM of MgCl2; 0.2 µM of 

primers; 0.2 µl of Platinum Taq (Invitrogen) and 2 µl of the bisulfite treated sample. 

Amplification was carried out in 50 µl using the same conditions as described above. Colony 

PCR protocol was as follows: 94 ˚C for 5 min, 30 cycles of 94 ˚C for 15s, 55 ˚C for 30s, 72 ˚C 

for 30 sec, finalized by 72 ˚C for 5 min. PCR products were recovered using NucleoFast 96 PCR 

clean-up plates (Machery-Nagel), according to manufacturer instructions, and sequenced using 

T7 primer  and a 3730 DNA Analyzer (Applied-Biosystems).  

Methylation-specific PCR (MSP) 

Samples were amplified in 50 µl reaction volume containing 1X PCR buffer (Invitrogen); 200 

µM of dNTP; 1,5 mM of MgCl2; 0,2 µM of each primer; 0,2 µl of Platinum Taq (Invitrogen) and 

1 µl of bisulfite treated sample. PCR was hot-started at 95 ˚C for 5 min, with 30 cycles of 95 ˚C 
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for 30s, specific primer annealing temperature for 30s and 72˚C for 30 sec, finalized by 72˚C for 

5 min. Primer sequences, annealing temperatures and product sizes and described in 

supplementary table 4. 
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Supplementary Table 1: All patients/samples used for MSP screening 

No. Sample ID 
Tissue 
type 

Case ID Gender
Age at 

Dignosis 
Ethinic 

2209N lung 
1 

2210T N/A 
N/A N/A N/A N/A 

2211N lung 
2 

2212T N/A 
N/A N/A N/A N/A 

2213N* lung 
3 

2214T* SCC 
SCC1 M 54,54 1 

2215N lung 
4 

2216T N/A 
N/A N/A N/A N/A 

2219N lung 
5 

2220T N/A 
N/A N/A N/A N/A 

2221N lung 
6 

2222T SCC 
SCC9 M 73,14 1 

2223N lung 
7 

2224T N/A 
N/A N/A N/A N/A 

2225N lung 
8 

2226T N/A 
N/A N/A N/A N/A 

2227N lung 
9 

2228T LCC 
LCC5 F 65,29 1 

2235N* lung 
10 

2236T* SCC 
SCC2 M 73,73 1 

2237N lung 
11 

2238T N/A 
N/A N/A N/A N/A 

2239N lung 
12 

2240T SCC 
SCC10 M 51,83 1 

2245N* lung 
13 

2246T* ADC 
ADC1 F 66,26 1 

2247N lung 
14 

2248T ADC 
ADC4 M 66,01 2 

2249N lung 
15 

2250T LCC 
LCC2 M 45,98 1 

2251N lung 
16 

2252T SCC 
SCC11 F 67,93 1 

2253N lung 
17 

2254T N/A 
N/A N/A N/A N/A 
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continuation       

2255N* lung 
18 

2256T* ADC 
ADC2 F 54,26 1 

2257N* lung 
19 

2258T* ADC 
ADC3 M 78,96 1 

2259N lung 
20 

2260T ADC 
ADC8 F 75,08 1 

2261N* lung 
21 

2262T* LCC 
SCC3 M 70,03 1 

2263N lung 
22 

2264T ADC 
ADC5 M 75,12 1 

2265N lung 
23 

2266T SCC 
SCC4 M 63,03 1 

2267N lung 
24 

2268T SCC 
SCC5 M 64,8 1 

2269N lung 
25 

2270T ADC 
ADC16 M 60,27 1 

2271N lung 
26 

2272T ADC 
ADC15 M 72,33 1 

2277N lung 
27 

2278T ADC 
ADC9 M 73,47 1 

2279N lung 
28 

2280T SCC 
SCC6 M 66,06 1 

2285N lung 
29 

2286T LCC 
LCC6 M 77,8 1 

2287N lung 
30 

2288T SCC 
SCC12 M 70,27 1 

2293N lung 
31 

2294T ADC 
ADC10 M 59,66 1 

2295N lung 
32 

2296T ADC 
ADC11 M 62,27 1 

2297N lung 
33 

2298T SCC 
SCC8 M 59,91 1 

2301N lung 
34 

2302T SCC 
SCC13 M 76,71 1 

2303N lung 
35 

2304T LCC 
LCC3 F 69,57 1 
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continuation       

2305N lung 
36 

2306T SCC 
SCC14 M 62,15 1 

2307N lung 
37 

2308T ADC 
ADC7 F 69,34 1 

2309N lung 
38 

2310T ADC 
ADC6 F 40 1 

2311N lung 
39 

2312T LCC 
LCC4 F 64,15 1 

2315N lung 
40 

2316T ADC 
ADC12 M 52,24 1 

2317N lung 
41 

2318T SCC 
SCC7 M 62,7 1 

2325N lung 
42 

2326T ADC 
ADC13 M 62,64 1 

2330N lung 
43 

2348T ADC 
ADC14 M 63,54 1 

2381N lung 
44 

2382T LCC 
LCC7 N/A N/A 2 

2383N lung 
45 

2384T ADC 
ADC17 N/A N/A 2 

2387N lung 
46 

2388T SCC 
SCC15 N/A N/A 2 

22he* lung 
47 

22tu* LCC 
LCC1 F 56,58 1 

67he lung 
48 

67tu SCC 
SCC16 M 79,89 1 

* Samples used in MethylCap-seq.    
ADC: Adenocarcinoma; SCC: Squamous cell carcinoma; LCC: :Large cell carcinoma 
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Supplementary Table 2: HTS reads from all samples and replicate experiments 

Sequenced reads Mapped reads (Q>=15) Unique reads 
Sample 

R1 R2 R1 R2 R1 R2 

2213N 23520751 43432658 10454508 17176471 9526861 13529253 

2214T 22108659 39423791 11539328 19160318 10551768 14187876 

2235N 22303747 38361502 10717172 16824208 9619047 13709204 

2236T 16854176 38654041 8793685 18607361 8141431 14484869 

2245N 20921229 36118546 9367036 17022646 8132802 12726159 

2246T 22109493 37776051 10304629 18058216 7333999 14333853 

2255N 24104731 45932423 11250236 19361461 10087412 16160441 

2256T 20375350 43599897 10332751 19601611 9441639 14148718 

2257N 20911413 44361193 10388448 19124272 9622326 15875606 

2258T 22485475 45629032 11219874 20254399 10174203 16703815 

2261N 21728715 40367488 8087723 17594812 7068828 14692164 

2262T 24630635 47033404 11463288 17307368 10178066 13784052 

TB0022he 22880893 42675632 9607363 17845094 8104807 13948856 

TB0022tu 24671424 108128892 11372693 52157802 10374798 27384505 

MRC_unmet - 43430352 - 21477328 - 18461017 

MRC_met - 45768909 - 24587600 - 19073379 

UUD_unmet - 45270573 - 22839551 - 21081239 

UUD_met - 42716038 - 25148911 - 18606055 
 
For both technical replicates (R1, R2) total number of reads, number of mapped reads with Solexa quality 
scores >= 15, and number of uniquely mapped reads per sample is shown. Fully methylated and 
unmethylated reference samples were done in biological replicates with no technical replicates. 
MRC_unmet = totally unmethylated DNA derived from MRC-5 cell line; MRC_met = totally methylated 
DNA derived from MRC-5 cell line; UUD_met = totally unmethylated DNA derived from commercial 
totally unmethylated DNA; UUD_met = totally methylated DNA derived from commercial totally 
unmethylated DNA. 
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Supplementary Table 4: Primers used for MethylCap-seq validation 
 

Primers used for Bisulfite sequencing 
  

Name Sequence 
Ta 

(˚C) 
product 

size 

       

F 5'-TATTTGTGGGTTTGTAGAAGTAGGT-3' 
CDKN2A 

R 5'-CCTAATCCAACAACTAATCCACTAC-3' 
58 348 

F 5'-GGGGAGTTTGAGTTTATTGAGT-3' 
RASSF1 

R 5'-CTACCCCTTAACTACCCCTTC-3' 
58 297 

F 5'-GGTGAATTTTAGGGTTTTGAGAAGT-3' 
Frag_01 

R 5'-ACCCTCACAAAATCCAAAATTC 3’-3' 
54 349 

F 5'-GGGAGGGGGTTATTGTAATGTTAAG-3' 
Frag_02 

R 5'-AACTCTCACACAAATTCACTCACTA-3' 
58 304 

F 5'-GATGTGAAATAGATTTAGAGTTGGT -3' 

cl
on

in
g 

EN1_prom 
R 5'-AAAAATCTAACACAAAAATTACCC -3' 

55 399 

      

MF-20i F 5’-GTAAAACGACGGCCAG-3’   

bi
su

lf
it

e 
se

qu
en

ci
ng

 

Seq. 
M13-reverse R 5’-CAGGAAACAGCTATGACC-3’   

       
F 5'-AGCGTTTTAGGTTTATTCGGC-3' 

M_CDKN2A
R 5'-GCAAACTAACTAACTCACTCCGC-3' 

56 201 

F 5'-TAAGTGTTTTAGGTTTATTTGGTGG-3' 
U_CDKN2A 

R 5'-ACAAACTAACTAACTCACTCCACA-3' 
56 203 

F 5'-GGAGGTTTTATTATTGTCGC-3' 
M_Frag_01 

R 5'-AAACGAACGCAAACTCTC-3' 
56 119 

F 5'-ATTGGAGGTTTTATTATTGTTGT-3' 
U_Frag_01 

R 5'-AAACAAACACAAACTCTCAAC-3' 
56 119 

F 5'-GGGAACGAGTGTGTAGTTTC-3' 
M_Frag_02 

R 5'-ACTATTCACGTAAACACGCA-3' 
56 192 

F 5'-GAGGGGAATGAGTGTGTAGTTTT-3' 

M
S

P
 

U_Frag_2 
R 5'-AAAACTATTCACATAAACACACA-3' 

56 192 

       
F 5’-TCCTATTCCCAGATGACCCC-3’ 

H19-ICR 
R 5’-AGTTGTGGAATCGGAAGTGG-3’ 

60 149 

F 5’-CCGAGGACTAGGTCCGTTAC-3’ 
RASSF1  

R 5’-TACGAGTGGAGTGCGACAAG-3  
60 81 

F 5’-GCCTTGACTCGCACTTTTGT-3 

qP
C

R
 

APRT  
R 5’-TAGGCGCCATCGATTTTAAG-3’ 

60 85 

       

Ta = Annealing temperature used for primers. Seq.: sequencing primers 
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Abstract 

DNA methylation is part of the epigenetic regulatory mechanism present in all normal 
cells. It is tissue specific and stably maintained throughout development, but 
abnormally changed in cancer. Non-small cell lung carcinoma (NSCLC) is the most 
deadly type of cancer, involving different tumor subtypes. This heterogeneity is a 
challenge for correct diagnosis and patient treatment. The stability and specificity of 
DNA methylation makes it a very suitable marker for epigenetic phenotyping of 
tumors. To identify candidate markers for use in NSCLC diagnosis, we used genome-
wide methylation maps that we had previously generated by MethylCap and next 
generation sequencing, and listed the most significant differentially methylated regions 
(DMRs). For screening a larger number of samples we selected 25 DMRs from the list 
of most differentially methylated regions that we had previously identified by 
MethylCap-seq. The methylation status of these DMRs was investigated in 61 tumors 
and matching lung tissues by methylation-specific PCR. We found 12 novel DMRs that 
show significant difference between tumor and lung tissues. We also identified three 
novel DMRs for each of the two most common NSCLC subtypes. We propose a panel 
of five DMRs, composed of novel and known markers, which exhibit 100% specificity 
and 94% sensitivity to distinguish tumors from lung tissues. The novel markers will aid 
the development of a highly specific epigenetic panel for accurate identification 
NSCLC tumors. 

Introduction 

DNA methylation is an epigenetic modification present in the genome and an essential 
regulatory mechanism involved in crucial processes for normal development (Suzuki 
and Bird, 2008; Takebayashi et al., 2007). It is an important player in chromatin 
structure, where wide-spread methylation in the DNA leads to the formation of 
heterochromatin (Li, 2002). Another process involving DNA methylation is silencing 
of viral and repetitive elements that have been incorporated into the genome over time 
(Esteller, 2007; Miura et al., 2001). DNA methylation patterns are tissue-specific and 
these patterns can be stably inherited (Bird, 2002) .  

It is known that tumor cells often display methylation patterns different from 
their normal counterparts (Sharma et al., 2010). Therefore, many studies have focused 
on finding and quantifying these differences (Belinsky et al., 2003; Bird, 1986; Eads et 
al., 2000; Herman et al., 1996; Usadel et al., 2002; Zochbauer-Muller et al., 2001). To 
date, many genes are known to be aberrantly methylated in virtually all types of cancer. 
Epigenetic inactivation of tumor suppressor genes (TSG) by DNA hypermethylation is 
believed to be an early and frequent event in oncogenesis (Belinsky et al., 1998; Huang 
et al., 2011). TSGs, such as RASSF1, CDKN2A, DAPK, APC and p14 are aberrantly 
methylated in a variety of cancers (Calmon et al., 2007; Daniunaite et al., 2011; Jeong 
et al., 2006; Richiardi et al., 2009; Verdoodt et al., 2011), including Non-small cell 
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lung carcinoma (NSCLC) (Belinsky, 2004; Belinsky et al., 1998; Grote et al., 2008; 
Kim et al., 2003; Niklinska et al., 2009; Zhang et al., 2011). 

NSCLC is the cancer with the highest incidence and mortality rates (Ferlay et 
al., 2010). It is also a very heterogeneous malignancy, involving different tumor 
subtypes. According to the World Health Organization (WHO), NSCLC can be broadly 
divided into three major groups: adenocarcinoma (ADC), squamous cell carcinoma 
(SCC) and large cell carcinoma (LCC). Within these three groups, and including other 
less frequent types, NSCLC presents more than 30 histopathological subtypes (Travis 
et al., 2004). This heterogeneity forms a great problem for diagnosis, which is still 
currently based on histological classification aided by immunohistochemical staining 
(Travis et al., 2011). This degree of variability presents a challenge for unambiguous 
histological classification of NSCLC cases. Genetic and epigenetic studies show that 
tumors belonging to the same traditional histological classification present different 
molecular signatures (Travis et al., 2011). This indicates that, although the tumors are 
part of the same group, they may present different aetiologies, behave differently in 
growth, predisposition to develop metastasis and also respond differently to treatment. 

The amount of data on methylated genes in NSCLC have been accumulating in 
the past years (Heller et al., 2010; Palmisano et al., 2000; Toyooka et al., 2001; 
Zochbauer-Muller et al., 2001), however not only the identified methylated loci differs 
between studies, but the level of methylation is often divergent. Moreover, there is a 
lack of methylation markers able to discriminate between different histological 
subtypes.  

We have recently performed genome-wide methylation profiling of NSCLCs, 
where we identified differentially methyalted regions (DMRs) in tumors when 
compared to matching lung lung. Among the DMRs identified there were several 
regions which appeared to be tumor- and subtype specific. Here, we used those DMRs 
to screen 61 NSCLC tumors and matching lung lung by Methylation-specific PCR 
(MSP). We investigated the potential of 25 DMRs to distinguish tumor from lung lung 
with high specificity and sensitivity, and to discriminate between the two most 
common NSCLC subtypes (ADC and SCC).  

Results 

Selection of DMRs for MSP 

For screening a larger number of samples (n = 61), we selected 25 DMRs (Table 1) 
from the list of most differentially methylated regions that we had previously identified 
by MethylCap-seq (Chapter 2). Among these 25 DMRs, 10 were present in all 7 tumors 
used for MethylCap-seq, 5 were specific for the 3 SCC samples, and another 5 were 
specific for the 3 ADC samples. The remaining 5 DMRs were used for validation in the 
previous study and therefore included here. Selection was based on 5 criteria: 1) 
Regions with highest log2 ratio across all sample of the interest group (all tumors, SCC 
or ADC). 2) Length of the region spanned by the DMR which presented as significant 
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(p-value   E-18). Because relative methylation scores were calculated based on 500 bp 
bins, each DMR is represented by a 500 bp window. Regions that showed more than 
one serially significant DMR were preferred 3) Region of the gene where methylation 
was observed: promoter, 3’UTR or gene body; 4) Likelihood of the gene to play a role 
in tumorigenesis and 5) Novelty of the region.  

Table1: DMRs selected from the genome-wide methylation profiles 
log2 ratio of nms tumor vs. lung sample      

 

 

DMR 
2214T 2236T 2246T 2256T 2258T 2262T 22tu 

gene 

region 
 

HGNC 

ID  
Gene Class 

 

BARX1 6,96 5,10 4,46 4,20 4,22 4,36 3,99  body  955  TR 

DMRTA2 2,99 3,16 2,15 2,78 1,92 4,44 4,32  body  13908  TR 

FGF12 3,52 6,67 2,94 3,17 1,49 3,95 4,21  promoter  3668  Growth factor 

GATA3 2,75 4,13 2,97 2,82 2,12 3,10 3,01  promoter  4172  TR 

GRIK2 5,34 1,63 1,22 1,74 1,75 3,91 3,31  promoter  4580  Ion channel 

ONECUT2 3,73 3,84 2,84 3,04 1,98 5,86 3,92  body  8139  TR 

PARP15 2,86 2,91 3,94 2,50 2,51 2,77 2,48  promoter  26876  TR 

PRDM14 4,23 3,81 3,65 5,36 1,48 3,77 2,43  promoter  14001  TR 

RAX 5,22 2,92 2,31 2,81 1,77 4,18 5,48  promoter  18662  TR 

T
um

or
 D

M
R

s 

TBX15 3,54 2,36 2,48 1,91 1,60 3,26 1,27  body  11594  TR  

ZIC4 7,69 2,38 0,00 0,00 -0,15 6,58 0,00  promoter  20393  TR* 

DOT1L 3,61 6,32 0,00 0,00 0,00 4,65 0,00  1rst intron  24948  
Chromatin 

regulator 

LIMK1 4,30 5,51 0,00 0,00 0,00 4,44 -0,98  body  6613  
Cell 

organization 

ANKRD1B 6,57 4,49 0,00 0,00 0,00 3,74 0,00 3'UTR  26363  Unknown 

S
C

C
 D

M
R

s 

HIST1H3C 3,44 4,45 0,00 0,00 0,00 6,99 0,00 promoter  4768  Histone  

MSC 0,00 0,00 2,98 5,58 4,66 0,00 0,00  promoter  7321  TR 

GAS1 0,00 0,00 2,06 2,79 4,94 0,00 0,00  promoter  4165  Cell cycle 

HOXA1 0,00 0,00 3,96 2,88 3,86 0,00 0,00  promoter  5099  TR 

SEPT9 0,00 0,00 5,35 3,02 1,44 0,00 0,00  body  7323  Enzyme A
D

C
 D

M
R

s 

FAM78B 0,00 0,00 5,02 4,30 2,96 0,00 0,00  1rst intron  13495  Unknown 

 CDKN2A 2,73 2,73 0,75 -1,16 1,78 5,72 0,00  3'UTR  1787  TS 

 RASSF1 NA NA NA NA NA NA NA  promoter  9882  TS* 

 EN1 NA NA  NA NA NA 0,00 0,00   promoter  3342   TR 

 Frag_01 5,09 4,21 0,00 0,00 0,00 2,64 0,00       

 Frag_02 NA NA 0 NA NA NA 0,00       

Rms: relative methylation score; HGNC ID: HUGO gene nomenclature committee. NA: not available; TR: trscription regulator; TS: 
tumor suppressor; * putative. 
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Figure 1 shows 8 of the 25 DMRs for one paired sample (lung vs tumor), where 
multiple DMRs are observed in each fragment. Among the 25 selected DMRs, one is 
located within a genomic region about 10kb upstream the EN1 gene (chr2:119328097-
1193284, referred to as Frag_01). Because we observed the presence of a highly 
differentially methylated genomic region located at 2q14.2 and spanning more then 
25Kb (chr2:119,307,647-119,333,875), another two regions within this area were 
selected: Frag_02 (chr2:119331343-119331692) and the promoter of the EN1 gene 
(Figure 1F). RASSF1 was selected since it is frequently reported as methylated in 
NSCLC. RASSF1, Frag_02 and EN1 promoter did not appear in the list of DMRs since 
their p-values are -14,71, -17,63 and -17,58 respectively, falling outside the cutoff   p-value 
<-18.  

Methylation profiles by MSP 

We performed MSP for determining the methylation status for all 25 DMRs in the 61 
primary tumors and matching lung tissues (Figure 2 and Supplementary Figure 1.A1-
A25). For this, we used two sets of primers for each DMR: one set (M) amplifies 

Figure 1: Methylation reads for selected DMRs. UCSC genome browser representation of the sequenced
methylated reads in 6 DMRs for a paired sample: lung sample (2231N) in the top panel of each figure and tumor 
sample (2214T) in the bottom panel of each figure. Light green: region represented as significantly differentially
methylated; light red: region selected for MSP. Y axis: number of reads ranging from 0 to the maximum number
of reads in the highest peak in the selected window per sample. A: DMRs in the BARX1 (1) gene spanning more 
than 3000 bp, with 500 bp significant bin and 172 bp MSP fragment. B: DMRs in the PRDM14 (2) gene spanning 
from 5’UTR to first exon (promoter region) with a 1000 bp bin and 194 bp MSP fragment. C:  Patterns of DMRs 
in the DMRTA2 (3) gene with a 1000 bp significant bin and 155 MSP fragment. D: Spread of DMRs in the ZIC4 
(4) gene in the promoter and first exon, showing a 500 bp significant bin in the promoter and 209 MSP fragment. 
E: DMRs in the promoter region of the GRIK2 (5) gene, with a 500 bp bin and 179 bp MSP fragment. F: Patterns 
of methylation in the EN1 gene showing DMRs spanning more then 25 kbp, and 500 bp bin about 10 kbp ustream
the gene and 3 MSP fragments in 10 kbp upstream (6), 6 kbp upstream (7) and EN1 promoter (8) with 119 bp, 192 
bp and 214 bp respectively. 

A B

C D

E F

1   2 

3 4 

  5 8  7 6 
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methylated DNA; the other (U) requires unmethylated DNA for amplification. We 
counted the numbers of samples that showed amplification for each of the primers, 
considering any amplification as “1” and no amplification as “0” (supplementary Table 
1). We then calculated the percentages of samples that were amplified with the 
methylated or unmethylated primers (Table 2).  

We found that PARP15, CDKN2A, HIS1H3C, ANKRD1B, DOT1L, GAS1 and 
SEPT9 presented no significant difference between lung sample and tumor considering 
a p-value <0.001. PARP15 and CDKN2A were selected as tumor DMRs and showed 
high sensitivity but low specificity, while DOT1L, GAS1, SEPT9, HIST3B and 
ANKRD1B were selected as subtype DMRs. GAS1 and DOT1L showed a moderate 
specificity and sensitivity for differentiating between normal and tumor, and SEPT9 
low sensitivity but very high specificity. We observed that lung samples were 
methylated for CDKN2A and PARP15 in more than 90% of the cases, although the 
levels of methylation were much lower compared to the matched tumors (Figure 2B). 
This was also observed for DOT1L and GAS1 although at a much lower level since the 
sensitivity of these DMRs was much lower. HISTH3C and ANKRD1B were removed 
from further analysis because both were methylated in more than 90% of the lung 
samples, with no difference observed in degree of amplification (Figure 2C). Although 
SEPT9 had very low sensitivity, there was no amplification in normal samples. 

Figure 2: Representation of MSP screening. A: Cropped gel image of 3 paired samples and controls for all 
DMRs used. Meth: Totally methylated control; Unmeth: totally umethylated control; M: primer for 
methylated CpG; U: primer for unmethylated CpG. B: Lung samples in PARP15 and CDKN2A show less 
intense amplification than tumors samples. C: Intensities of lung samples in HIST1H3B and ANKRD1B 
are not significantly different from tumors. Arrows points to methylated primer in lung and tumor. 
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For the remaining 10 DMRs, we observed that the difference between 
methylation status of lung samples and tumor samples were highly significant. We 
found that the percentage of methylated tumor samples for RASSF1 in our cohort 
reflects previous reports (Pfeifer et al., 2002; Wang et al., 2011). All other DMRs 
tested had a high percentage of methylated tumors, varying from 100% to 72%. 
Regarding the DMRs selected for histological subtypes (Table 3), one of the ADCs 
DMRs (FAM78B) was highly significant (p<0.001) to discriminate between SCC and 
ADC, while other two ADC DMRs (MSC, GAS1) and a SCC DMR (DOT1L) showed 
a moderate significance (0.001 < p < 0.01). We observed that the DMRs selected for 

Table 2: Methylation status of Lung vs Tumor for all DMRs 

 Methylation status (M primer)  

 Lung  Tumor  
 
 

Total 
(n) 

 n  %  n  %  

p-value 

BARX1 56  2  3.57  46  82.14  8.82E-19 

FGF12 61  1  1.64  44  72.13  1.16E-17 

PRDM14 53  5  9.43  43  81.13  2.92E-14 

RAX 60  1  1.67  49  81.67  2.25E-21 

DMRTA2 61  2  3.28  44  72.13  2.09E-16 

ONECUT2 59  3  5.08  49  83.05  3.87E-19 

PARP15 59  55  93.22  59  100.00  0.1186 

GATA3 56  2  3.57  44  78.57  2.63E-17 

GRIK2 60  7  11.67  54  90.00  4.13E-19 

TBX15 60  12  20.00  57  95.00  3.85E-18 

CDKN2A 60  55  91.67  60  100.00  0.05731 

RASSF1 56  0  0.00  23  41.07  1.37E-08 

ZIC4 57  0  0.00  40  70.18  2.96E-17 

DOTL1 60  38  63.33  53  88.33  0.0024 

LIMK1 56  1  1.79  28  50.00  1.54E-09 

HIS1H3C 59  56  94.92  58  98.31  0.6185 

ANKRD1B 51  46  90.20  48  94.12  0.7152 

Frag_01 52  0  0.00  33  63.46  1.10E-13 

Frag_02 55  1  1.82  39  70.91  2.03E-15 

EN1 56  15  26.79  46  82.14  3.77E-07 

MSC 58  0  0.00  16  27.59  9.20E-06 

GAS1 59  24  40.68  37  62.71  0.0266 

HOXA1 57  0  0.00  13  22.81  0.0001 

SEPT9 59  0  0.00  7  11.86  0.0129 

FAM78B 61  0  0.00  22  36.07  4.70E-08 

p-value calculated by Fisher exact test considering a confidence interval of 95% and two sided p-
value for p[O>=E|O<=E]. 



Chapter 3 

102 

histological subtype presented a lower potential to discriminate between the two 
histological subtypes than between lung and tumor samples. 

Semi-quantitative MSP: intensities and percentages of methylated DNA per 
sample 

Because we observed that amplification levels with methylated primers were often 
lower in lung samples than in their paired tumors, we decided to measure the band 
intensity of each sample and determine whether this difference was significant or not. 
We scanned the gels using a Typhoon 9410 scanner and used ImageQuant software to 
determine the intensity of each band. For this we selected each individual band 
(sample) and the equivalent area above and bellow each one (individual background). 
We then asked the software to calculate the pixels intensities within each selected area. 
We first subtracted the sample intensities of their individual backgrounds. Intensities of 
unmethylated and methylated primers were then normalized using a correction 
coefficient calculated from each control sample (Supplementary Table 2 and 
Supplementary File 1). 

Distributions of the intensities of each DMR with the methylation primer are 
shown in Figure 3. Although a large variation between tumors was observed, the 
difference in methylation intensities was highly significant between lung and tumor for 
all DMRs (Figure 3A), including CDKN2A and PARP15, which were not significant 
for the band counts, since about 90% of lung samples showed amplification with the 
methylated primer. By intensities, those two fragments are highly significant to 
differentiate between lung and tumor. For the histological DMRs (Figure 3B), we 
found that the intensities of amplified bands follow in general the same line as for the 

Table 3: Methylation status of SCC vs ADC for histological subtypes DMRs 

 Methylation status tumor  

 SCC  ADC  

 
Total 
(n)  

Meth 
(n) 

 %  
Total
(n) 

  Meth 
(n) %  

p-value

ZIC4  27  23  85,19  16  16  56,25  0.0679

DOT1L  27  27  100,00  19  20  78,95  0.0101

LIMK1  25  17  68,00  18  18  33,33  0.0333

Frag_01  26  21  80,77  14  14  50,00  0.0705

Frag_02  24  20  83,33  18  11  61,11  0.1586

MSC  27  4  14,81  18  18  61,11  0.0029

GAS1  25  14  56,00  20  20  90,00  0.0197

HOXA1  25  3  12,00  19  19  42,11  0.0353

SEP9  27  2  7,41  18  18  22,22  0.1989

FAM78B  27  5  18,52  20  20  70,00  0.0007
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band counts. FAM78B and GAS1 appear still significant to differentiate ADC from 
SCC, while DOT1L intensities show more significant to distinguish SCC versus ADC 
(Figure 3C). The other DMRs were not representative for either ADC or SCC. 

 

Considering significance was found in all tumor DMRs, we then used the band 
intensities for methylated and unmethylated primers to calculate the level of DNA 
methylation (percentages) in each sample (Figure 4). For this we established M+U = 
100%. We then divided the intensity of the methylated primer by the sum of the 
intensities with the methylated and unmethylated primers (M / (M+U)) (Supplementary 
Table 3). We found that the percentage of methylation in tumors was also significantly 
higher than lung samples for all DMRs (Figure 4A). Because the percentages of DNA 
methylation are reflected by the intensities of the bands, we also observe here a large 

Figure 4: Percentages of DNA methylation. A: Distribution of DMRs selected for tumor; lung sample (N):
blue; tumor sample (T): red; p-value<0,0001 except for PRDM14 (p=0.0016). B: Percentages distribution 
of ADC DMRs in ADC vs SCC tumors. C: Distribution of SCC DMRs in ADC vs SCC tumors 
*p-value<0.001; **p-value<0.0001. 

Figure 3: Intensities for methylated bands. A: Distribution of DMRs selected for tumor; blue: lung sample
(N); red: tumor sample (T); p-value<0.00001 for all DMRs. B: Intensities distribution of ADC DMRs in 
ADC vs SCC tumors. C: Intensities distribution of SCC DMRs in ADC vs SCC tumors: ADC tumors: red; 
SCC tumors: blue. *p-value<0.001; **p-value<0.0001. 
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variation in the tumor samples. However the median difference of DNA methylation 
between tumor and lung samples is higher using percentages, since it takes in account 
both methylated and unmethylated DNA content per sample and the unmethylated 
content in lung samples were higher than in the tumors. PRDM14 was less significant 
and RASSF1 had a much smaller significance level than for intensities. All other 
DMRS followed the same model as in the band intensities. 

Tumor markers 

Next, we wished to determine which group of DMRs would give the best tumor 
prediction. Since differences were observed between results for the standard MSP 
results (band counts) and the calculated level of DNA methylation per samples (DNA-
methylation percentage), regarding the significance of the individual DMRs to 
distinguish between tumor and lung tissue, we used both methods, where two panels 
were generated. Using the DNA-methylation percentages, we calculated tumor 
specificity and sensitivity for each DMR (Supplementary Figure 2) by logistic 
regression to estimate the best panel of markers to differentiate between tumor and lung 
samples. We found a 4 marker panel composed of BARX1, GRIK2, MSC and SEPT9 
which together had a 100% tumor sensitivity and 95% tumor specificity. By standard 
MSP approach, we found another panel of 5 DMRs (FGF12, GATA3, RAX, TBX15 
and RASSF1) that presented 100% specific for tumors and 94% sensitivity for 
detection of tumors (Table 4). Using a test set with 63 samples and three different 
methods (PAM, SVM and nearest centroid) we could correctly predict 57 to 60 of the 
63 cases depending on the predicting method used. 

Discussion 

Many methods have been developed to investigate site specific methylation, but the 
simplest and widest used is MSP. In this study we assessed the methylation status of 25 
DMRs in 61 NSCLC patients, comparing methylation differences in tumors and lung 

Table 4: Tumor markers panel 

  

 
    

Logistic

regression
PAM SVM  

Nearest

Centroid

AUC  1,000 0,955 0,955  0,955

Tumor sensitivity  0,940 0,940 0,935  0,935

5 markers 

(FGF12, GATA3, 

RAX, TBX15, 

RASSF1) Tumor specificity  1,000 0,960 0,929  0,929

Train set (n=59) Correct Prediction (%)    95,00 93,00 93,00

Test set (n=63) Correct Prediction (%)       92,00  90,50  95,00

AUC: Area under the curve; PAM: Partitioning Around Medoids; SVM: Support Vector Machine. 
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tissues by MSP. We selected genes and genomic regions based on genome-wide 
methylation profiles we have performed in seven of those 61 patients (Chapter 2), and 
focused on novel and infrequently reported genes. As reference we used CDKN2A and 
RASSF1 which have been frequently reported as methylated in NSCLC.   

When using band counts we found that the methylation status of CDKN2A and 
PARP15 were not significant to differentiate between lung and tumor. They presented 
high sensitivity but no specificity for tumors, however we observed a much lower 
methylation level in lung samples than in their paired tumors. CDKN2A 
hypermethylation in known as an early event in carcinogenesis (Belinsky, 2004; 
Belinsky et al., 1998), therefore tissues which appear histological normal may already 
present early cellular transformations that will eventually lead to oncogenesis. 
Although methylation rates in the paired lung and tumor tissues were not significant for 
those two genes, when we measured the percentages of DNA methylation in lung and 
tumor samples we observed a highly significant difference between the paired tissues. 
Interestingly, we observed a highly similar pattern in the PARP15 gene. Poly (ADP-
ribose) polymerase (PARP) is a family of transcription regulators playing an important 
role in cellular processes such as DNA repair and apoptosis. PARP1 is the most studied 
protein of this family, and its role in different types of cancer has been investigated 
(Domagala et al., 2011; Gangopadhyay et al., 2011; Sterling et al., 2006). PARP1 
promoter hypermethylation has been reported to be involved in leukemogenesis (Gao et 
al., 2010). Little is known about the other proteins of the same family, including 
PARP15 and its role in tumorgenesis or its methylation status in NSCLC. In our 
genome-wide profiles (chapter 2) we found that many genes of the PARP family 
(PARP1, PARP4, PARP6 and PARP8) were hypermethylated in at least one of the 
tumor samples, and PARP15 appeared hypermethylated in all seven tumors 
investigated. Considering the importance of this family of proteins in regulating key 
pathways involved in oncogenesis (Gaymes et al., 2009; Javle and Curtin, 2011; Le 
Page et al., 2003; Moroni et al., 2009; Smulson et al., 2000), our findings may point to 
the direction that, as for CDKN2A, PARP15 hypermethylation may also be an early 
even in tumorgenesis. However, further investigation is needed to proof this 
hypothesis. In addition to CDKN2A and PARP15, we found GRIK2, GATA3, 
DMRTA2, RAX, Frag01, Frag02, EN1, TBX15, FGF12, LIMK1, ONECUT2, ZIC4 
and BARX1 among the DMRs with highest sensitivity and specificity and highly 
significant with both MSP counts and percentages of DNA methylation.  

Since we focused on genes which were poorly or not at all reported as 
methylated in cancer and/or NSCLC, not much is known about them or the role that 
methylation of those genes plays in tumorigenesis. We note that many of the genes are 
members of the large homeobox family of transcription factors, or genes known to 
have some involvement in neural development. 

 In this study we found that GRIK2 was hypermethylated in 90% of the tumors. 
GRIK2 is one of the genes belonging to the glutamate receptor family, which are 



Chapter 3 

106 

ligand-activated ion channels. The most studied role of this gene is neurotransmission 
regulation (Bah et al., 2004; Delorme et al., 2004; Motazacker et al., 2007; Zeng et al., 
2006). Little is known about its role in oncogenesis, but several studies have observed 
differential expression of neuronal receptors in cancer. Recently a group observed 
promoter hypermethylation of GRIK2 gene in gastric cancer and they observed that 
rescue of GRIK2 expression in gastric cancer cells decreased cell migration (Wu et al., 
2010a). This may be an evidence for the role of neuronal receptors and genes in cellular 
processes involved in tumorgenesis. We found in this study other genes commonly 
known to be involved in neural development: DMRTA2, ZIC4, RAX and EN1. 
DMRTA2 (Doublesex- and mab-3-related transcription factor 5) is a transcription 
factor involved in neuronal development in zebrafish (Yoshizawa et al., 2011) and 
involved in specification of ventral-medial neural progenitor cell fate in mammalian 
embryonic stem cells. We have found no studies reporting DMRTA2 gene or its 
methylation in cancer. We found that DMRTA is methylated in 72% of the tumors and 
in only 2 of the 61 lung samples. Considering the percentages of DNA methylation, it 
presented the highest individual tumor sensitivity/specificity of all fragments tested. 
ZIC4 is another poorly characterized gene, which involvement in central nervous 
system has been studied. ZIC4 is a member of the zic finger proteins family. Genetic 
alterations in this gene cause congenital cerebellar malformation (Grinberg et al., 
2004). It is assumed that this gene plays an important role during embryonic 
development. A recent report has shown that ZIC4 and other members of the same 
family can suppress β-catenin-mediated transcriptional activation. β-catenin is a key 
regulator in early development, part of the Wnt pathway, which is well-known to be 
abnormally activated in cancer. Promoter hypermethylation of ZIC1, another member 
of this family, was observed in gastric and colorectal cancer (Gan et al., 2011; Wang et 
al., 2009), we have not found a previous report investigating methylation of ZIC4 in 
NSCLC or other types of cancer. ZIC4 methylation status was investigated in 57 lung 
samples and paired tumors, and we found no methylation in the normal lung tissues 
while 70% of the tumors were methylated for this gene. For RAX, we found 
methylation in 82% of the tumor samples while only 1 of 60 lung samples was 
methylated. RAX is a homeobox-containing transcription factor gene, suggested to be a 
member of the RNA-induced silencing complex. It is also thought to interact with 
double-stranded RNA-dependent protein kinase (PKR) and activate it. RAX/PKR is 
implicated to be involved in response to cellular stress where activation of PKR 
induces eIF2alpha phosphorylation, leading to apoptosis (Bennett et al., 2006). In a 
recent report, RAX has been found methylated in human astrocitomas (Wu et al., 
2010b). 

Frag01 and Frag02 are genomic regions located on chromosome 2 q14.2. We 
have found that a large region containing this genomic sector is highly differentially 
methylated in NSCLC tumors. This region span more then 20 kb under which the EN1 
gene is located. In the work described in chapter 2 we studied three fragments in this 
region and they were significant to differentiate lung from their paired tumor tissue by 
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MSP and bisulfite sequencing; besides Frag01 were also significant to differentiate 
between ADC and SCC. In this study, Frag01 is still highly specific with none of the 
lung samples presenting methylation for this gene and about 65% of the tumors being 
methylated. However in this study we do not repeat the same finding for histological 
subtypes. Here Frag01 did not show a significant rate probably due to the small sample 
numbers where only 14 of the amplified tumors for this fragment belonged to the ADC 
subtype, substantially decreasing the power of statistical analysis. This genomic region 
has been previously observed as hypermethylated in tumors. This finding was first 
detected in 2004 and published in a Chinese journal (Liu et al., 2004). Later other 
groups observed the same in prostate (Devaney et al., 2011) and colorectal cancer 
where they implicated it in long-range epigenetic silencing and suggested it as non-
invasive biomarker for this type of tumor (Mayor et al., 2009).  

A study in colorectal cancer has just been published where they find promoter 
hypermethylation of BARX1 in 56% of the patients (Kober et al., 2011). In our study 
this gene is methylated in 82% of the tumors and in only 2 of the lung tissues. BARX1 
is another homeobox transcription regulator implicated to indirectly suppress Wnt 
cascade. BARX1 plays its role in Wnt pathway by activating Sfrp1 and Sfrp2 which are 
Wnt inhibitors (Kim et al., 2005). The Wnt pathway is activated in different types of 
cancer, and it is involved in abnormal cell growth. 

GATA3 is a member of the GATA transcription factor family, known to play 
critical role in hematopoietic development. The most described role of this gene 
involves regulation of T-cell development. However GATA3 has also been reported to 
play important function in epithelial formation (Kaufman et al., 2003; Kouros-Mehr et 
al., 2006), and as a positively regulator of cyclin D1 expression in neuroblastoma cells, 
participating in the pathway responsible for maintenance of undifferentiated cell state 
(Molenaar et al., 2010). The loss of GATA3 expression is associated with poor 
prognosis in breast cancer (Yoon et al., 2010).  

TBX15 is another transcription factor gene. It belongs to the T-box family of 
genes and encodes for one of the conserved family of proteins which contain a T-box 
DNA-binding domain. Genes from this family regulate a variety of developmental 
processes. Mutations in TBX15 were found to associate with Cousin syndrome (Lausch 
et al., 2008), and a recent report showed that differential methylation of a distal 
promoter of TBX15 associates with pathological placentas (Chelbi et al., 2011). We 
observe TBX15 methylation in 95% of the tumors, with AUC ROC curve of 0.922, 
indicating high specificity and sensitivity for methylation in tumors. 

FGF12 is a member of the fibroblast growth factor family. Members of this 
family have been reported to play a role in nuclear localization signaling pathways, and 
implicated to be involved in a diversity of cellular processes including the ones related 
to tumorgenesis, such as cell growth and invasion. However not much is yet known 
about the role of this specific gene either in normal cellular function or tumorgenesis. 
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FGF12 hypermethylation was observed in Myeloid Leukemia cell line (Gebhard et al., 
2006) and it has been suggested as a candidate marker for SCC, where the region 
containing this gene showed different levels of methylation in SCCs and ADCs (Kang 
et al., 2009). 

LIMK1 was selected as a SCC DMR. However it was more efficient to 
discriminate between tumor and normal samples with 50% of the tumors and only 
1.7% of lung samples being methylated for this gene. LIMK1 is a serine/threonine 
kinase member of the LIM family of proteins, known for their cysteine-rich structures 
with 2 zinc finger domains. LIMK1 is involved in cytoskeletal organization and 
cellular filament dynamics by regulating actin polymerization via its binding factor 
cofilin (Gorovoy et al., 2005). LIMK1 has been reported to be a downstream target of 
another cyclin kinase inhibitor protein: CDKN1C (Vlachos and Joseph, 2009). 
Although there are some studies which investigate the role of LIMK1 expression in 
tumor progression and invasion (Davila et al., 2007; McConnell et al., 2011; Vlecken 
and Bagowski, 2009). One report have have directly investigated LIMK1 methylation 
status finding higher levels of methylated LIMK1 in micro-dissected invasive and 
intraductal carcinoma in breast cancer (Dietrich et al., 2009).   

ONECUT2 is a transcription factor member gene containing a homeodomain. 
Its most studied role is in hepatocyte differentiation, though its mechanism is not well 
characterized, and involvement of ONECUT2 in tumorgenesis is unknown. ONECUT2 
has been reported as hypermethylated in B-cell lymphoma, where it was found 
methylated in 85% of the tumors (Pike et al., 2008). In accordance with this previous 
report, we found methylation of this gene in 83% of our tumors. Another study 
investigating methylation in lung cancer cells lines found ONECUT2, among several 
other homeodomain genes, as abnormally methylated (Rauch et al., 2006). 

In contrast to the tumor DMRs, the selected DMRs for histological subtype did 
not present the same performance to discriminate tumor subtype. We found that 2 of 
the ADC DMRs (GAS1 and FAM78B), and one of the SCC DMRs (DOTL1) were 
significant to differentiate between the two histological subtypes. No panel could be 
build using those genes that would give a good prediction rate. Although those genes 
failed as histological markers, based on our genome-wide methylation profiles we 
believe it may be possible to define a panel of methylated genes specific for the two 
larger NSCLC subtypes (ADC and SCC). To build a panel, identification of more 
DMRs that can significantly differentiate between the two subtypes will be needed. The 
subtype DMRs tested may have failed due to the small cohort. We had 27 SCC and 20 
ADC, from which there were tumors from both subtypes that were not methylated or 
failed to amplify with the methylated primer. This reduced the sample size and 
considerably decreased the statistical power for those DMRs. Therefore a larger cohort 
may be needed to produce more powerful statistical results. Moreover, testing a larger 
number of DMRs may be needed to find the ones with the highest significance. In this 
study we have tested five DMRs for each subtype. However from those profiles we 
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produce a comprehensive list with DMRs which were specific for each subtype, where 
151 genes and 93 genomic regions are specific for SCC, and 18 genes and 6 genomic 
regions for ADC. Among them may be present genes that play specific role in the make 
up of each histological subtye. Testing more DMRs in a larger cohort will be needed to 
find the most suitable markers, and consequently building a panel that may enable 
correct subtype prediction.  

As we observed this divergence between standard MSP analysis and assessment 
of amplification levels in their potential to discriminate tumors, we conclude that 
determination of methylation status of tumors versus normal tissues is not an all or non 
measurement. Determining the levels of DNA methylation is important to properly 
reflect the potential of markers to correctly differentiate between normal lung and 
tumors, which will be problematic when dealing with biopsies which are heterogeneous 
in nature. Nonetheless, our results indicate that a panel of markers might correctly 
discriminate biopsies containing tumor cells from normal lung.  

In this study we have shown novel methylated genes in NSCLC that are 
significant to distinguish between tumor and lung samples using either MSP counts or 
DNA methylation percentages, presenting also high specificity and sensitivity. These 
markers outperform those previously reported for NSCLC. Furthermore we present a 
panel of 5 methylated genes that have together 94% sensitivity and 96% specificity, 
which could correctly predict tumor tissue in >90% of the cases. 

Methods 

Patient samples and Histopathological analysis 

Samples were obtained from 62 patients diagnosed with NSCLC who had undergone 
surgical lung resection at Erasmus MC. Tissues from the tumor and adjacent non-
cancerous lung were collected and snap-frozen in liquid nitrogen pre-cooled isopentane 
within two hours after surgical resection. Samples were stored at -196 °C or -80°C until 
DNA extraction. Patient samples were independently reviewed by two pathologists. 
The cohort included 20 adenocarcinomas (ADC); 27 squamous cell carcinomas (SCC), 
10 large cell carcinomas (LCC) and 4 unclassified samples, and their paired lung 
tissues. Specimens were collected and studied under an anonymous tissue protocol 
approved by the medical ethical committee 

Cell line 

The MRC-5 lung fibroblast-like cell line was used. Cells were cultured under standard 
conditions. In short: minimum essential medium supplemented with 10% heat-
inactivated fetal bovine serum, 2mM L-glutamine, 1% non-essential amino acids and 
penicillin/streptomycin; incubated at 37 ˚C and 5% CO2. Cells were harvested when 
they reached 90% confluence.   
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DNA isolation 

Genomic DNA from patient tissues and cultured cells were extracted by overnight 
incubation with lysis buffer and proteinase K, followed by phenol-chloroform 
extraction, ethanol precipitation and RNase digestion.  

Artificial demethylation and methylation of genomic DNA 

We used DNA extracted from the MRC-5 cell line and commercially available 
Universal unmethylated DNA (UUD; Millipore). Fully unmethylated DNA was 
obtained by whole-genome amplification using the REPLI-g kit (Qiagen) according to 
manufacturer protocol, followed by phenol-chloroform extraction. Fully methylated 
DNA was prepared by treating MRC-5 DNA and UUD with M.SssI enzyme (New 
England Biolabs) according to the manufacturer’s protocol. In short, 10 µg of DNA 
was incubated for 2 hours at 37 ˚C with 40U of M.SssI and 640 µM of S-
adenosylmethionine. DNA was then treated with phenol-chloroform and recovered by 
ethanol precipitation. 

Methylation-specific PCR (MSP) 

We used MSP (Herman et al., 1996) to determine the methylation status of the 25 
selected regions in 122 samples (61 tumors and matching lung tissues). Samples were 
bisulfite converted using the Epitect kit from Qiagen following the manufacturer’s 
protocol. Samples were amplified using two different set of primers designed for the 
methylated and unmethylated sequences (primers and amplification conditions are 
specified in supplementary table 4). The fully methylated and fully unmethylated DNA 
samples were used as controls, and a water blank reaction used as control for 
contamination. After amplification, products were resolved on 2% agarose gels 
containing ethidium bromide. 

Band counts and intensities 

Gels were scanned using Typhoon Trio Scanner or Typhoon 9410 from GE Health 
care, with settings as follow: filter in 610 BP 30; green (532 nm); PMT varying 
between 580 V and 610 V; focal plane in +3 mm; pixel size: 200. All samples from the 
same fragment were scanned using the same setting conditions. Amplification 
intensities of the bands were calculated using analysis tool box of ImageQuantTL 
software. Volume report for each band was obtained by drawing a rectangle around the 
band and using the software for calculating pixels intensities in each rectangle (I). 
Background was obtained manually by drawing half of the rectangle above (bg1) and 
half below each band (bg2). We obtained the intensity of each band by extracting the 
band volume from the background volume (Final Intensity). Values for all DMRs in all 
samples can be found in supplementary file 2) 
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Normalization of intensities 

We used the fully methylated and fully unmethylated control samples for determination 
of maximum and minimum intensity in each fragment. Amplification was done in 
triplicate. Normalization was calculated by the amplification ratio between the fully 
methylated and fully unmethylated samples intensities. We also generated a correction 
coefficient for the primers. For this, we amplified dilution mixes of the two control 
samples (100/0 – 50/50 – 0/100) with each primer for each fragment. Coefficient was 
calculated by the ratio between methylated primer and unmethylated primer in each 
point of the dilution mix. Intensities of the bands were adjusted for each fragment and 
corrected for difference in primer efficiency. 

Statistical analysis  

We used PASW 18.0 statistical software for analysis. We applied Fisher exact test 
considering a 95% confidence interval (CI)and two sided p-value (p[O>=E|O<=E]) for 
calculating the significance in methylation status by band counts in each DMR in the 
group of samples lung vs tumor or SCC/ADC. For MSP intensities and percentages we 
used paired t-test (CI 95%) for significance between lung and tumor in each DMR, and 
Mann-Whitney for SCC versus ADC DMRs. ANOVA was used for comparison 
between lung and tumor in pooled DMRs. Logistic regression with 95% CI was used 
for sensitivity and specificity on estimating the best panel of markers. 
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Supplementary Table 1: Primer sets used for MSP 

primer name primer sequence bp CpG C 
Product 

size 
T 

(ºC) cycles 

M_BARX1-F CGTATTAGGTATCGAGGGAATC 22 3 5 

M_BARX1-R TAAAAACGTAATACCAAAATCGAA 24 2 5 
172 

U_BARX1-F GTGTGTATTAGGTATTGAGGGAATT 25 3 5 

U_BARX1-R TAAAAACATAATACCAAAATCAAAAAA 27 2 5 
172 

54 29 

M_PRDM14-F CGACGTTTTCGAGGTTTC  18 4 2 

M_PRDM14-R AATACGATCTTTAAACGCTCGATA  24 3 6 
194 

U_PRDM14-F TTTTGATGTTTTTGAGGTTTT  21 4 2 

U_PRDM14-R TCAAATACAATCTTTAAACACTCAATA  27 3 6 
194 

54 29 

M_RAX-F  TTAGTTTTTCGCGGTTGTATAC 22 3 7 

M_RAX-R CCGACGAAACGAAACTATC 19 3 3 
147 

U_RAX-F GGTTAGTTTTTTGTGGTTGTATAT 24 3 7 

U_RAX-R CACCAACAAAACAAAACTATC 21 3 3 
147 

56 28 

M_DMRTA2-F GATTTCGTAGGCGGGTTTC 19 3 4 

M_DMRTA2-R GCCAACGTATCATAACGACG 20 4 5 
155 

U_DMRTA2-F AAGATTTTGTAGGTGGGTTTTG 22 3 4 

U_DMRTA2-R CACCAACATATCATAACAACACA 23 4 5 
158 

58 28 

M_ONECUT2-F TGATTTTAAATGTACGGATTCGTTC 25 3 4 

M_OECUT2-R CGAAAATATATACTCGAACCCGC 23 3 5 
175 

U_ONCUT2-F ATTTTAAATGTATGGATTTGTTTGG 25 3 4 

U_ONCUT2-R CCAAAAATATATACTCAAACCCACA 25 3 5 
174 

58 28 
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M_PARP15-F TAAATTCGAGGTTTTAATTTTTGACG 26 2 6 

M_PARP15-R AACTCGCTAAAACTACAATTACGCC 25 2 7 
100 

U_PARP15-F AATTTGAGGTTTTAATTTTTGATGG 25 2 5 

U_PARP15-R TCAACTCACTAAAACTACAATTACACC 27 2 7 
100 

58 28 

M_GATA3-F TGTTTAACGGGTAGTATTCGGATAC 25 3 7 

M_GATA3-R AAACGTAATTACCTTAACCGTCGAT 25 3 6 
129 

U_GATA3-F TTTAATGGGTAGTATTTGGATATGT 25 3 8 

U_GATA3-R AAACATAATTACCTTAACCATCAAT 25 3 6 
127 

56 28 

M_GRIK2-F 5' ACGATGGAGGTACGGTTAGTC 3' 21 3 3 

M_GRIK2-R 5' ACTAACGAAAACGAACAAACG 3' 21 3 7 
179 

U_GRIK2-F 5' ATGATGATGGAGGTATGGTTAGTT 3' 24 3 3 

U_GRIK2-R 5' CACTAACAAAAACAAACAAACACA 3' 24 3 7 
179 

58 28 

M_TBX15-F TAGTTTTTTTTGCGGCGAAAC 21 3 4 

M_TBX15-R AATTTAAACTCCGAATAAAATCCGAA 26 2 7 
152 

U_TBX15-F TAGTTTTTTTTGTGGTGAAATGG 23 3 4 

U_TBX15-R ATTTAAACTCCAAATAAAATCCAAA 25 2 7 
151 

56 28 

M_ZIC4-F GTGGATTTAGGCGGTATTTGTC 22 2 5 

M_ZIC4-R GTAACCCAAAACTTCCCTCG 20 2 4 
209 

U_ZIC4-F GGTGGATTTAGGTGGTATTTGTTGT 25 2 5 

U_ZIC4-R ATCATAACCCAAAACTTCCCTCAC 24 2 5 
213 

58 28 

M_DOTL1-F GTTTACGTTCGGAAATGAGTAGTTC 25 3 4 

M_DOTL1-R ACCATACGAAACTTAAAAAAAACGAT 26 2 9 
132 

U_DOTL1-F TTATGTTTGGAAATGAGTAGTTTGG 25 2 4 

U_DOTL1-R AAATACCATACAAAACTTAAAAAAAACA 28 2 8 
134 

54 29 

M_LIMK1-F TTTGCGAGGGTAGGATTTAAAGTC 24 2 5 

M_LIMK1-R AAAAACCGACAATTCACCGAA 21 2 8 
168 

U_LIMK1-F TTGTGAGGGTAGGATTTAAAGTTGG 25 2 5 

U_LIMK1-R ACAAAAAACCAACAATTCACCAAA 24 2 9 
170 

58 29 

M_HIST1H3C-F TAAAGTAGTTCGTAAGAGCGTTTCG 25 3 5 

M_HIST1H3C-R TCTAATAACGACGAATTTCGCG 22 4 4 
101 

U_HIST1H3C-F AAAGTAGTTTGTAAGAGTGTTTTGG 25 3 5 

U_HIST1H3C-R CTTCTAATAACAACAAATTTCACACA 26 4 4 
102 

58 27 

M_ANKRD1B-F TTTAGGGCGGAGTTAGGC 18 2 4 

M_ANKRD1B-
R

TTAATAAACAAAAATACGAACCGAC 25 2 6 
102 

U_ANKRD1B-F TTTTAGGGTGGAGTTAGGTGG 21 2 4 

U_ANKRD1B-R AATTAATAAACAAAAATACAAACCAAC 27 2 8 
105 

56 29 
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M_MSC-F TTAAAAATTTAGGTCGGGAAGC 22 2 5 

M_MSC-R AAACTTAAACGCCAACTCGTA 21 2 5 
112 

U_MSC-F AGATTAAAAATTTAGGTTGGGAAGT 25 2 5 

U_MSC-R AATTCTAAACTTAAACACCAACTCA 25 2 6 
121 

58 28 

M_GAS1-F CGGTGCGTTGTTCGTTATC 19 3 3 

M_GAS1-R ATAACCCGCCTATACTTCGACG 22 4 5 
112 

U_GAS1-F TTTTGGTGTGTTGTTTGTTATTGT 24 3 6 

U_GAS1-R CATAACCCACCTATACTTCAACACC 25 4 5 
116 

58 29 

M_HOXA1-F GTTTTCGTAGTGATGGATTATC 22 2 5 

M_HOXA1-R AAATCGACCTTTACAATCG 19 2 3 
100 

U_HOXA1-F GGTTTTTGTAGTGATGGATTATT 23 2 5 

U_HOXA1-R CAAATCAACCTTTACAATCA 20 2 3 
100 

56 28 

M_SEP9-F GGTTATGGTGGCGGTGTC 18 2 3 

M_SEP9-R GAAAATCTAATCCCCGCGTA 20 3 3 
125 

U_SEP9-F ATGGTTATGGTGGTGGTGTTG 21 2 3 

U_SEP9-R TAAAACCAAAAATCTAATCCCCACA 25 3 5 
134 

58 29 

M_FAM78B-F TTGTGGTTTTAGACGGAAACGT 22 2 3 

M_FAM78B-R CCTTTAAAAAAACCGAAACGAA 22 2 7 
152 

U_FAM78B-F TTGTGGTTTTAGATGGAAATGT 22 2 3 

U_FAM78B-R CCTTTAAAAAAACCAAAACAAA 22 2 7 
152 

54 30 

M_FGF12-F TTCGTTTGTCGTTTTTGTCG 20 3 7 

M_FGF12-R TAAACGCCGAATTTTCGAT 19 3 4 
93 

U_FGF12-F ATTTTTTTGTTTGTTGTTTTTGTTG 25 3 10 

U_FGF12-R ACCTTATAAACACCAAATTTTCAAT 25 3 5 
93 

56 28 

M_CDKN2A-F AGCGTTTTAGGTTTATTCGGC 21 3 7 

M_CDKN2A-R GCAAACTAACTAACTCACTCCGC 23 2 5 
201 

U_CDKN2A-F TAAGTGTTTTAGGTTTATTTGGTGG 25 3 8 

U_CDKN2A-R ACAAACTAACTAACTCACTCCACA 24 2 5 
203 

56 28 

M_RASSF1-F AGCGAAGTACGGGTTTAATC 20 3 5 

M_RASSF1-R GCACCACGTATACGTAACG 19 3 4 
220 

U_RASSF1-F GTTAGTGAAGTATGGGTTTAATT 23 3 5 

U_RASSF1-R ACACCACATATACATAACAAAC 22 3 4 
220 

52 29 

M_Frag01-F GGAGGTTTTATTATTGTCGC 20 2 4 

M_Frag01-R AAACGAACGCAAACTCTC 18 2 4 
119 

U_Frag01-F ATTGGAGGTTTTATTATTGTTGT 23 2 4 

U_Frag01-R AAACAAACACAAACTCTCAAC 21 2 4 
119 

56 28 

        



Chapter 3 

118 

continuation        

M_Frag02-F GGGAACGAGTGTGTAGTTTC 20 2 3 

M_Frag02-R ACTATTCACGTAAACACGCA 20 2 2 
192 

U_Frag02-F GAGGGGAATGAGTGTGTAGTTTT 23 2 3 

U_Frag02-R AAAACTATTCACATAAACACACA 23 2 2 
192 

56 28 

M_EN1-F AGTTGTTATTATTTTTTCGTTTGTCG 26 2 8 

M_EN1-R CGTTTACTAACGCCTTTCTCG 21 3 2 
214 

U_EN1-F TTTAGTTGTTATTATTTTTTTGTTTGTT 28 2 10 

U_EN1-R CTCATTTACTAACACCTTTCTCAAC 25 3 3 
219 

54 29 

Supplementary Figure 1.1 to 1.25: Gels from all 25 DMRs investigated in this study 
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Discussion and prospects 
Past, present and future 

The genome era started in 1953 when the structure of DNA was unveiled by Francis 
Crick and James Watson. A few years later, one of the most famous concepts of 
molecular biology was conceived by the same Francis Crick, when he stated that 
transmission of genetic information goes from DNA to RNA and to protein. In the 80’s 
the gene sequencing run started powered by the idea that organisms were the result 
from the sum of their genes. It all culminated with the sequence of the complete 
genome of James Watson himself fifty-four years later. In recent years, the genomes of 
many organisms have been unveiled and genetic discoveries are still being made at a 
high pace. Some old concepts have crumbled, others adapted and many new concepts 
have risen. In the past years the genetic/genome era has given more space to the 
epigenetic/epigenome age.   

It is almost a paradox that the existence of 5mC was discovered even before the 
structure of DNA itself (Hotchkiss 1948), and that the knowledge that 5mC is an 
integral part of DNA came only a few years later (Gold et al 1963). Compared to 
genetic mechanisms, much less is known about how this epigenetic mark works in 
controlling cellular processes. One explanation for this is that epigenetics in general, 
and DNA methylation in particular, is a more plastic, dynamic and complex process 
than genetics. The genome of all cells in the body is the same and independent of the 
function of the cells. The epigenome is different. For example, although DNA 
methylation is a stable mark that can be faithfully transmitted through many cell 
divisions, it is influenced by environment factors and it is also tissue-specific. 

Different developmental stages of an organism and different aging stages of a 
tissue provide examples of how DNA methylation patters can vary with time (Borgel et 
al 2010, Isagawa et al 2011, Koch and Wagner 2011). Studies in monozygotic twins 
(MZ) showed that the rate of genetic variance does not alter among MZ twins who 
were raised together or apart. In contrast, the variance in DNA methylation patterns is 
higher between these who lived in different environments (Bell and Spector 2011). 
Tissue specificity of DNA methylation patterns was observed long ago (Frei 1971, 
Waalwijk and Flavell 1978), and DNA methylation differences between human normal 
and tumor tissues were first described almost 30 years ago (Feinberg and Vogelstein 
1983). 

Mapping the genome took many years of combined effort from several groups. 
Because of its variability, mapping the epigenome is a much more difficult task. Many 
groups all over the world are getting together to join efforts in this direction. The 
Epigenome Network of Excellence, now the EpiGeneSys (EpiGeneSys 2011), the NIH 
Roadmap Epigenomics Program (Bernstein et al 2010), and more recently an 
international consortium was build (IHEC: International Human Epigenome 
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Consortium) aiming at mapping 1000 epigenome (IHEC 2010). Their plan is to start 
with 250 cell types at different developmental stages, from different organisms and 
different diseases. 

At the end of this Discussion you can find an epigenetic timeline where I 
highlight the most important discoveries in epigenetics, with emphasis on DNA 
methylation. 

The discovery that DNA methylation differs between tumor and normal cells led 
in the past three decades to a great effort by many groups on profiling methylation 
patters in tumors versus normal tissues. 

In normal cells DNA methylation is involved in regulating differentiation and 
cell fate by two basic means. 1) Working as a signaling mechanism which affects 
positively or negatively gene transcription. Promoter hypermethylation is the best 
known mechanism of gene regulation, resulting in gene silencing. In contrast, 
methylation of the gene body is believed to positively affect gene transcription, 
working as a signal facilitating transcription by improving elongation efficiency and 
preventing recognition of false initiation sites by the transcription machinery (Hellman 
and Chess 2007, Zilberman et al 2007).  2) DNA methylation can physically interfere 
with accessibility of transcription factors (Wiench et al 2011, Xu et al 2010) or serve as 
an anchor for proteins involved in chromatin remodeling (Nakao 2001).  

Each of these mechanisms has been observed to be altered in tumors. 
Tumorigenesis is a complex process involving combination of several types of genetic 
and epigenetics alterations. To better understand it, single gene analysis or localized 
gene investigation approaches will not suffice. Genome-wide methylation profiles 
(GWMP) are needed to give more insight in how methylation is involved in the biology 
of tumorigenesis. By itself GWMP may not help in understanding what these 
methylation differences mean, how the different aspects of DNA methylation influence 
and regulate gene expression, and how they can be applied in therapy. However 
GWMP of normal and tumor cells will shed light on the global mechanism of DNA 
methylation, consequently helping on identifying new candidate genes or genomic 
regions that undergo aberrant methylation at early neoplastic stages. 

In the work described in this thesis we performed genome-wide methylation 
screening on seven NSCLC tumors and their matching lung tissues. NSCLC is a 
complex and heterogeneous malignancy which makes it a good model for defining 
whether GWMP can provide good basis for epigenetic markers discovery. In addition, 
the gene expression profiles from the same samples were available 

Truly global methylation profiles of tumors are scarce and to date no genome-
wide profile of NSCLC has been provided with the coverage depth and stringent 
methods applied in this work. Presently, one of the major issues in GWMP is the lack 
of standardized methodologies for either generating the methylated sequence reads 
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(method chosen for isolating and sequencing methylated DNA) or for the data analysis 
(method chosen for correcting and normalizing the reads). Therefore when data 
released by GWMP studies are compared most DMRs reported do not overlap. With 
these considerations in mind, we chose to produce our profiles using the MethylCap-
seq methodology, which enriches genomic DNA samples for methylated DNA. The 
difference in our approach lies in the application of two novel procedures. Firstly we 
performed two independent experiments for each profile, two independent enrichment 
procedures and sequence runs for each of the tumors and lung tissues. This ensured that 
our profiles could be replicated. Secondly, we profiled fully methylated and fully 
unmethylated control DNA samples to help with normalization of the data, and for 
determining methylation background and saturation levels. Moreover we chose for a 
stringent analysis and cutoff level, ensuring that the reported profiles would be 
composed essentially of true DMRs, though in detriment of losing other possible 
DMRs. Collectively, this resulted in the production of a very reliable data set, which 
was validated by two independent methodologies. 

We found almost 14500 DMRs distributed in genes (including promoter, gene 
body and 3’UTR) and genomic regions (including gene shore and gene deserts). Many 
of our findings are in accordance with previous published data. However we also find 
poorly described genes, regions which were observed only in other types of tumors, 
and totally novel DMRs. We observe a tendency for hypermethylation of CpG island in 
promoter regions of genes, which is compatible with studies indicating that is the most 
common mechanism of gene silencing by hypermethylation. However we also find 
hypermethylation of non-CpG island promoters. Non-CpG island promoters receive 
little attention in methylation studies. In a recent publication, (Han et al 2011) 
described that non-CpG island promoters are also targets of silencing by 
hypermethylation, similar to genes whose promoters fall in CpG islands.  

Within the DMRS we identified we found regions which were common to all 
tumors (tumor methylation profile) and that were unique for each of the two most 
common NSCLC subtypes (subtype profiles). Our most interesting findings regarding 
these profiles are the DMRs present in gene shores, gene desert areas and poorly or not 
described genes and/or novel hypermethylated genes in tumors in general and NSCLC 
in particular. Gene shores and gene desert areas are seldom investigated due to the 
nature of the methodologies used until recently which focused mostly on genes. We 
have identified a gene shore region in chromosome 2q14.2 which has been implicated 
as a biomarker for colorectal cancer (Mayor et al 2009) and more recently for prostate 
cancer (Devaney et al 2011). Hypermethylation of this region had not yet been 
described in NSCLC. Susceptibility for genetic gain of this region has been reported 
for squamous cell carcinomas (Kang et al 2009). Interestingly hypermethylation 
spanning 1000 bp in this region was present in our squamous-cell carcinoma 
methylation profile. The closest gene to this DMR is EN1, situated 10 kbp downstream. 
EN1 is a transcription factor implicated in differentiation during early development, 
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and a member of the Wnt pathway as a regulator of -catenin (Bachar-Dahan et al 
2006). The role of hypermethylation of these specific regions in NSCLC tumorgenesis 
remains to be explained since EN1 is expressed in both NSCLC and lung tissues. 
However, long-range gene regulation is a known phenomenom (Splinter et al 2006) 
and long-range epigenetic silencing involving this region has also being described for 
colorectal tumors (Karpinski et al 2008, Mayor et al 2009). 

By performing unsupervised cluster analysis in all DMRs we observed that the 
tumors grouped to the corresponding histological subtypes, indicating that our 
methylation profiles can provide a subtype-specific methylation signature. The 
heterogeneity of NSCLC poses a challenge for methylation profiles, where a large 
divergence is observed within the subtypes. This finding is in accordance with a recent 
report claiming that greater variation is observed within the same tumor tissue than 
within the normal cells, and that methylation profile of tumor cells are more similar 
among different tumors than to those found in the cells they originate from (Hansen et 
al 2011), indicating that there are particularities in each cancer but, at the same time the 
existence of a common epigenetic signature underlining the tumorgenesis mechanism. 

A striking observation regards the number and type of genes hypermethylated in 
the tumors and in each of the subtype profiles. ADC is the most heterogeneous of the 
NSCLC subtypes and its methylation gene profile is similar to that of the tumors, with 
the majority of the hypermethylated genes being transcription regulators. In contrast, 
SCC presented a more extensive list of DMRs which fits the idea that 

SCC is a more homogeneous type, therefore more regions are expected to be common 
between SCC samples. Moreover the SCC profile presented many genes associated 
with cytoskeleton organization. This is an intriguing observation since SCCs have 
peculiar cytological architectural features, such as abnormal production of keratin, 
presence of filament bundles and intercellular bridges, which are all cellular structures 
in which cytoskeleton organization genes are involved. This suggests the presence of a 
CpG Island methylator phenotype in this subtype of NSCLC, similar to that reported 
for colorectal and gastric cancers (Chen et al 2011, Samowitz 2007). 

For testing the methylation profiles generated we decided to select candidate 
regions for screening a larger cohort of tumors and paired lung samples by MSP, which 
allows rapid investigation of the methylation status of selected genes or regions by 
PCR. Since we observed genes that had not been previously identified as 
hypermethylated in NSCLC and others which has not been reported in any type of 
cancer, we decided to focus on these genes, and include other known hypermethylated 
genes such as CDKN2A and RASSF1 as controls. For the tumor profiles we confirmed 
23 out of 25 tested DMRs with this large scale test. Two fragments failed in the 
analysis since they amplified equally well in tumor and lung DNA samples. We 
observed that the percentage of tumors methylated for RASSF1 in our cohort 
corresponds to the rates observed in other studies (Honorio et al 2003, Yanagawa et al 
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2007, Yu et al 2008). For CDKN2A we observed a large percentage of the lung tissue 
DNA samples amplifying for methylation. The lung tissue DNA samples showed a 
much lower level of amplification than observed for the tumor DNA samples, 
supporting the hypothesis that CDKN2A hypermethylation is an early event in 
tumorgenesis (Huang et al 2011, Sterlacci et al 2011). All other DMRs were 
significantly differentially methylated between tumor and lung tissue DNA samples. 
Strikingly PARP15 followed the same pattern of amplification as CDKN2A. Little is 
known about the biological role of PARP15; other proteins of the PARP family are 
involved in DNA repair and apoptosis. PARP15 methylation is suggested to be related 
to leukemia (Gao et al 2010), suggesting a tumor suppressor role for the protein. 

For some genes, such as BARX1, FGF12, RAX, DMRTA2, ONECUT2, 
GATA3 and a genomic region Frag02 we found more than 70% of the tumor samples 
methylated while only between 1% and 5% of the lung samples were methylated. 
Furthermore, the ZIC4 gene and the DMR located in 2q14 (named Frag01) were fully 
tumor specific, showing no amplification in lung samples. However, their sensitivity 
was lower than that of some of the other DMRS. Many of the selected DMRs are 
coinciding with genes encoding transcriptional regulators whose roles were first 
reported in neuronal development. Recently more reports are appearing emphasizing 
the role of neuro-developmental genes in tumorigenesis (Jung et al 2011, Kreisler et al 
2010, Shin et al 2008). The methylation status of the genes reported in our study is 
higher than that reported for most candidate tumor markers found in literature (Ji et al 
2011, Shames et al 2006, Zhang et al 2011).  

Among these 25 DMRS, five were selected from the SCC profile and other five 
from the ADC profile. Using each of the SCC or ADC profiles we could not combine 
the DMRs to generate markers to predict either subtype. This may be due to several 
reasons: 1) The subtype cohort tested was fairly small with only 14 to 20 ADC tumors 
and 27 SCC; 2) The difference in numbers between the two subtype groups influenced 
the power of the statistical tests; 3) The small number of DMRs selected in each 
subtype profile. Probably the combination of the above issues was decisive for the 
impossibility to generate a subtype panel. 

Nevertheless we could develop panels of candidate tumor markers to distinguish 
between tumor and lung tissue. This was achieved using two different approaches: 1) 
by calculating the percentage of methylated DNA in the amplified bands of each lung 
and tumor tissue and 2) by the standard MSP analysis (counting the number of lung and 
tumor samples with amplification for methylated genes). We generated two panels of 
markers. From the first approach a 4 marker panel was composed (BARX1, GRIK2, 
MSC and SEPT9) which had a 100% tumor sensitivity and 95% tumor specificity. 
From the standard MSP analysis we generated a panel of 5 markers (FGF12, GATA3, 
RAX, TBX15 and RASSF1) which has together 94% sensitivity and 96% specificity. 
Using a test sample set we could correctly predict tumor tissue in >90% of the cases.  
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We are currently correlating the gene expression profiles of these tumors with 
the methylation profiles. A preliminary analysis did not reveal a high correlation 
between the two sets. Few of the genes associated with the DMRs from the methylation 
profiles (tumor, ADC or SCC) diplayed differential expression in the microarray 
analysis (Figure 1). Only a few studies have attempted to correlate gene expression 
with methylation profiles, and those reporting a correlation were performed using the 
same methodology for producing the DMR profiles, CpG island amplification followed 
by CpG island microarray (Vincent et al 2011). Nevertheless, there are also studies 
which do not observe correlation between methylation levels and gene expression 
(Shearstone et al 2011). Our profiles were generated using two different 
methodologies, with different normalization methods, different statistical parameters 
and stringency. Further investigation and analysis of the data will be needed to bring 
both data sets to the same level where a more legitimate comparison can be produced.  

In addition to the implications of methylation in tumor biology, and independent 
of how methylation affects gene expression, GWMP is an important tool for detecting 
markers which can provide valuable information on complex, heterogeneous and 
deadly diseases such as NSCLC. The diagnosis influences prognosis and treatment, and 
markers for early detection are believed to be crucial for improving patient care and 
survival. We have shown that for NSCLC there are more DMRs in the genome than the 
conventionally tested regions, and we have demonstrated that these genes, in addition 
to those that are commonly tested in cancer studies, are differentially methylated and 
can be used to discriminate tumor tissues. We propose that based on the comprehensive 
lists of DMRs originating from this study it may be possible to develop DMR 
signatures for correct identification of NSCLC subtypes. Furthermore, the DMRs are 
an exceptional source of potential biomarkers to be tested in serum and sputum, 
providing a method for minimally invasive diagnosis. Moreover, with the rapid 
advances in biotechnology, it will be possible in the near future to develop highly 
sensitive methods to detect these biomarkers in small amounts of DNA, allowing 
investigation of microdissected samples, therefore providing a more precise diagnosis 
of highly heterogeneous tumor types. 
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Timeline of the hallmarks in DNA methylation discovery 

 

 

Figure 1: Preliminary results of 
cross-analysis between NSCLC 
expression profiles and methylation 
profiles. Analysis was done with the 
seven tumor/lung tissues used to 
generate the methylation profiles. 
Yellow circle: genes 1.5 fold up and 
down regulated in the tumors; green 
circle: genes hypermethylated in at 
least all squamous cell carcinomas; 
purple circle: genes hypermethylated 
in at least all adenocarcinomas. 
Amount of genes found to correlate 
between both profiles are featured 
within rectangles (Analysis and 
graphic from Mirjam van den Hout –
Dept. Biomics, ErasmusMC). 
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SUMMARY 

DNA methylation is a chemical modification of the DNA that interferes with gene 
regulation without causing any change in the gene sequence. Therefore, it is called an 
epigenetic modification. This epigenetic modification is involved in diverse cellular 
processes, such as imprinting and X-chromosome inactivation. Changes in the patterns 
of these markers are associated with development of different types of disease. 
Although the exact role of DNA methylation in gene regulation is not yet fully 
understood, in the past years genome-wide methylation profiling has become an 
important tool for identification of genes which are aberrantly methylated in complex 
diseases such as non-small cell lung carcinoma (NSCLC). NSCLC comprises a number 
of subtypes making it a heterogeneous disease. These subtypes present different 
biology and respond differently to treatment. Therefore correct diagnosis is important 
for good assessment of the disease, prognosis prediction and choice of treatment. 
Because DNA methylation is an epigenetic modification stably transmitted during cell 
division, it is a good candidate for the development of diagnostic and prognostic 
markers. In addition, DNA methylation is in principle a reversible mark and therefore a 
potential target for drug development. 

In the first part of Chapter 1, I provide a review of NSCLC, focusing on the main 
characteristics which allow understanding of its complexity, the genetic and epigenetic 
factors involved in the origin of the disease and the recent advances in medicine 
regarding diagnostics and treatment.  In the second part of this introductory chapter, I 
explain what DNA methylation is, what is known about its mechanism of action, and I 
discuss the most common methodologies to study it. 

In this thesis we focused on profiling DNA methylation in NSCLC.  

In Chapter 2 we profiled seven NSCLC and their adjacent lung tissues. Using an 
approach named MethylCap-seq, where methylated DNA is precipitated by protein 
affinity and then sequenced by next-generation sequencing we have provided a 
comprehensive map of differentially methylated regions (DMRs) in the tumors 
compared to their control lung counterparts. To proof that this methodology reliably 
profiles DNA methylation, we validated our findings with two independent methods. 
These results supported the notion that MethylCap-seq is appropriate to generate 
genome-wide DNA methylation profiles. We have identified 57 highly significant 
DMRs common between all seven tumors profiled, including known and novel regions. 
We have also found regions which were present only in certain subtypes of NSCLC 
(squamous cell carcinomas or adenocarcinomas). This indicates that there may be a 
methylation signature which is characteristic for NSCLC subtypes. In this work we 
provide a unique resource containing genome-wide DNA methylation maps of NSCLC 
and control lung tissues, and comprehensive lists of known and novel DMRs and 
associated genes in NSCLC.  
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In Chapter 3 we used the genome-wide methylation profiles for selection of the 25 
most significant DMRs, based on their methylation scores. These DMRs might be 
involved in tumor biology. We tested these DMRs in 61 patients to see if they would 
show the same performance when a larger cohort of tumors were analyzed. We found 
that 18 DMRS showed a highly significant difference between tumor and control lung 
tissues. From these, 12 DMRs had not yet been reported as differentially methylated in 
NSCLC. In addition, these DMRs also presented higher sensitivity and specificity than 
previously proposed NSCLC methylation markers. We developed a panel of seven 
DMRs, composed of novel and known markers, which is capable of distinguishing 
tumors from control lung tissues with 90% accuracy. 

The work in this thesis provides the first truly genome-wide DNA methylation profiles 
of NSCLC.  

In Chapter 4 I discuss the implications of our findings for this type of cancer, opening 
opportunities for further investigation that can lead to the development of sensitive 
biological markers for NSCLC. This may enable non-invasive diagnosis and 
histological classification. I also discuss how our work contributes to DNA methylation 
studies in general, and how this may lead to a better understanding of the biological 
roles of this type of modification. 
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 SAMENVATTING 

DNA methylatie is een chemische modificatie van het DNA dat regulatie van genen 
beïnvloedt zonder verandering in de gensequentie. Dit wordt epigenetica genoemd. 
Deze epigenetische modificatie is betrokken bij diverse cellulaire processen, zoals 
imprinting en X-chromosoom inactivatie. Veranderingen in de patronen van deze 
markeringen worden geassocieerd met de ontwikkeling van verschillende soorten 
ziektes. Hoewel de precieze rol van DNA-methylering in gen regulatie nog niet 
volledig wordt begrepen, is genoom-brede methylatie profilering in de afgelopen jaren 
uitgegroeid tot een belangrijk instrument voor de identificatie van genen die afwijkend 
zijn in complexe ziekten zoals niet-kleincellig longcarcinoom (NSCLC). NSCLC 
bestaat uit divers subtypen tumoren waardoor het een zeer heterogene ziekte is. Deze 
subtypen hebben biologische verschillen en ze reageren ook verschillend op 
behandelingen. Daarom is een juiste diagnose belangrijk voor een goede beoordeling 
van de ziekte, voor prognose voorspelling en voor het soort behandeling. Omdat DNA-
methylering een stabiele epigenetische modificatie is die overgedragen kan worden 
tijdens de celdeling, kan dit gebruikt worden voor de ontwikkeling van diagnostische 
en prognostische markers. Daarbij is DNA-methylering in principe een omkeerbare 
mark, en dat biedt de mogelijkheid voor de ontwikkeling van behandelingen die gericht 
zijn om deze markering te verwijderen. 

In het eerste deel van hoofdstuk 1, heb ik een overzicht gegeven van niet-kleincellig 
longcarcinoom, gericht op de belangrijkste kenmerken van dit soort longkanker. Hier 
krijgt u een idee van de complexiteit van NSCLC, de genetische en epigenetische 
factoren die betrokken zijn bij het ontstaan van de ziekte en de recente vooruitgang in 
de geneeskunde met betrekking tot diagnostiek en behandeling. In het tweede deel van 
dit inleidende hoofdstuk, leg ik uit wat DNA-methylatie is, wat er bekend is over het 
mechanisme en bespreek ik ook de meest voorkomende methoden om DNA-methylatie 
te bestuderen.  

In dit proefschrift hebben we ons gericht op de profilering van DNA-methylatie in 
NSCLC.  

In hoofdstuk 2 hebben we zeven NSCLC en aangrenzend long weefsel geprofileerd. 
Met behulp van MethylCap-seq, waar gemethyleerd DNA wordt neergeslagen door 
proteïne affiniteit en vervolgens gesequenced met behulp van next-generation 
sequencing, hebben we een uitgebreide kaart verkregen van differentieel gemethyleerde 
gebieden (DMRs) in de tumoren versus aangrenzend weefsel. Om te bewijzen dat deze 
methode betrouwbare DNA-methylatie profielen kan geven, hebben we onze 
bevindingen bewezen met twee onafhankelijke methoden. Deze resultaten bewijzen dat 
MethylCap-seq geschikt is om genoom-brede DNA-methylatie profielen te genereren. 
We hebben 57 zeer significante DMRs gevonden bij alle zeven onderzocht tumoren, 
met inbegrip van bekende en nieuwe gebieden. Wij hebben ook regio’s gevonden die 
slechts aanwezig waren in bepaalde subtypen van NSCLC (squamous cell carcinomen 
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of adenocarcinomen). Dit geeft aan dat methylatie mogelijk een kenmerk is 
karakteristiek voor NSCLC subtypen. Dit werk levert unieke informatie op namelijk 
genoom-brede DNA-methylatie kaarten van niet-kleincellig longcarcinoom en controle 
longen, en uitgebreide lijsten van bekende en nieuwe DMRs en de bijbehorende genen 
in NSCLC. 

In hoofdstuk 3 hebben we de genoom-brede methylatie profielen gebruikt om de 25ste 
belangrijkste DMRs te selecteren, op basis van hun methylatie scores. Deze DMRs 
zouden betrokken kunnen zijn in de tumor biologie. We hebben deze DMRs bij 61 
patiënten geanalyseerd om te zien of ze hetzelfde zouden laten zien in een groter cohort 
van tumoren. Wij vonden dat 18 DMRs een zeer significant verschil tonen tussen de 
longtumoren en het controle weefsel. Hiervan zijn 12 nieuwe DMRs differentieel 
gemethyleerd in NSCLC. Bovendien hebben deze DMRs ook een hogere gevoeligheid 
en specificiteit dan de eerder voorgestelde NSCLC methylatie markers. We hebben ook 
een panel van zeven DMRs ontwikkeld, bestaande uit nieuwe en bekende markeringen 
die in staat is longtumoren van controle longweefsel met 90% nauwkeurigheid te 
onderscheiden. 

Het werk beschreven in dit proefschrift levert het eerste echte genoom-brede DNA-
methylatie-profielen van niet-kleincellig longcarcinoom op.  

In hoofdstuk 4 beschrijf ik de consequenties van onze bevindingen voor dit type van 
kanker. We bieden mogelijkheden voor verder onderzoek dat kan leiden tot de 
ontwikkeling van gevoelige biologische markers voor NSCLC, wat weer kan leiden tot 
ontwikkeling van niet-invasieve diagnostiek en histologische classificatie. Hier 
beschrijf ik ook hoe ons werk bijdraagt aan de DNA-methylatie studies in het algemeen 
en hoe dit kan leiden tot een beter begrip van de biologische rol van DNA-methylering. 



Curriculum vitae 

150 

Curriculum Vitae 

Rejane Hughes Carvalho 
Salvador, Brazil 

 

Education 
 
PhD in Biomedical Genetics March 2008 – Feb. 2012 

Erasmus MC - Rotterdam  

Master in Molecular Cell Biology and Bioinformatics Sep. 2005 – Sep. 2007 

University of Amsterdam  

Specialization in Forensic medicine May 2002 – Apr. 2003 

University of the State of Bahia and Technical Police  

BSc in Biological Science May 1996 – Sep. 2001 

Federal University of Bahia  

  

Research experience 
 
Trainee Feb. 2007 – Aug. 2007 

LRRK-2 and GBA genes in Parkinson Disease 

Laboratory of Clinical Genetics – ErasmusMC, Rotterdam 
 
Trainee Feb. 2006 – Oct. 2006 

NRL and CRX genes in Medulloblastoma development 

Laboratory of Human Genetics – AMC-UvA, Amsterdam 
 
Research assistant Sep. 2002 – Oct. 2003 

Vaccine development against Leishmaniasis 

Gonçalo Moniz Research Center-FIOCRUZ-Salvador, Brazil 
 
Technician Nov. 2001 – Jul. 2002 

Diagnostics of chromosomal disorders 

Health Science Institute – Salvador, Brazil 
 
Trainee Mar. 1999 – Oct. 2001 

Makers for Diabetes Type II and Metabolic Syndrome 

Hospital Edgard Santos – Salvador, Brazil 
 
Trainee Dec. 1996 – Dec. 1998 

Chromosomal abnormalities (awarded with two research grants) 

Laboratory of Human Genetics – Salvador, Brazil 

 
 
 



PhD Portfolio 

151 

PhD Portfolio 
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