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1 Introduction 

 

1.1 Malignant melanoma 

Melanoma is a notoriously aggressive human cancer entity originating from melanocytes. 

Melanocytes are pigment-producing cells of neuroectodermal origin and can be found in the 

skin, the uveal tract and the mucosal tissue. Melanocytes provide photoprotection and 

thermoregulation for the surrounding keratinocytes by producing melanin and can survive high 

doses of UV radiation-induced genomic toxicity (Lin et al., 2007). Melanoma is the most 

aggressive form of skin cancer causing ~75% of the deaths related to skin cancer (Schadendorf 

et al., 2014). 

 The current understanding about the malignant transformation of melanocytes into 

melanoma suggests an evolutionary process that is defined by sophisticated synergistic effects 

of exogenous and endogenous triggers as well as tumor-intrinsic and immune-related factors 

(Schadendorf et al., 2018 in press Lancet Seminar: Melanoma). In the physiological context, 

melanocytes divide less than twice a year (Jimbow et al., 1975). However, during malignant 

transformation, the proliferation rate of melanocytes continuously increases, which correlates 

to the sequential increase of genetic damages (point mutations and copy number alterations) 

(Shain et al., 2016). The sequential transformation of melanocytes into metastatic melanoma 

comprises mutations in various cancer ‘driver’ genes such as BRAF, NRAS, NF1, TP53, RAC1, 

IDH1, or the TERT promoter (Figure 1.1). What is more, recent cross-cancer genetic landscape 

analyses showed that there is an exceptionally high mutational load (>10 mutations/megabase) 

in cutaneous melanoma, which is characterized by specific UV-signature mutations such as 

C>T (by UVB) or G>T (by UVA) transitions (Alexandrov et al., 2013; Berger et al., 2012; 

Hodis et al., 2012). Approximately 46% of mutations in melanoma ‘driver’ genes are caused 

by the direct mutagenic effect of UV-radiation (Cancer Genome Atlas, 2015; Krauthammer et 

al., 2012). Still, the occurrence of UV-independent, activating mutations in the mitogen-

activated protein kinase (MAPK) pathway, the central oncogenic cascade in melanoma 

formation, indicates that melanocytes do not exclusively transform from UV damage 

(Schadendorf et al., 2018 in press Lancet Seminar: Melanoma). Nevertheless, the UVA-induced 

production of free radicals from biochemical reactions with melanin can lead to secondary 

mutagenic stress and subsequent genomic alterations that cannot necessarily be retraced to 

direct UV damage (Bastian, 2014; Noonan et al., 2012). 
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Activating hotspot mutations in codon V600 of the BRAF gene (affects ~50% of all melanomas) 

are already detectable in benign nevi. Thus, the occurrence of secondary mutations (e.g. in the 

TERT promoter) is necessary for full melanoma progression. Furthermore, activating mutations 

in codon Q61 of NRAS are detectable in 15-25% of all melanomas, which also co-occur with 

the incidence of TERT promoter mutations (Jakob et al., 2012). Tertiary mutations in cell cycle 

control genes (e.g. CDKN2A) are ultimately causing loss of proliferation control, which 

strongly increases malignant tumor growth and drives invasion. Throughout advanced 

melanoma progression and enhanced metastatic burden, further genomic mutations in PTEN or 

TP53 are detectable (Hodis et al., 2012; Shain et al., 2015). On the molecular signaling level, 

these genetic changes collaboratively lead to the constitutive activation of the MAPK and the 

PI3K-AKT-PTEN-mTOR pathways (Figure 1B, C) (Schadendorf et al., 2018 in press Lancet 

Seminar: Melanoma; Schadendorf et al., 2015). This over-stimulation affects transcription of 

target genes not only changing the cellular control of growth and motility, but particularly also 

of survival and metabolism (Lito et al., 2013). In parallel, mutations in tumor suppressor genes 

like phosphatase PTEN (PI3K antagonist) or NF1 (RAS inactivator) additionally enhance the 

aberrant signaling through these cascades (Gibney et al., 2013; Kwong et al., 2012). For 

instance, in 40% of all melanomas, BRAF mutations are accompanied with mutations or loss of 

PTEN (Dankort et al., 2009; Tsao et al., 2004); whereas loss of PTEN in parallel to NRAS 

mutation, can only be detected in 4% of melanoma patients -probably due to the fact that 

mutated NRAS alone is potent enough to drive PI3K activation (Hawryluk et al., 2014; Hodis 

et al., 2012). Lastly, loss of function mutations in the NRAS inhibitor NF1 (~14% of all 

melanoma) represent an alternative way to activate the canonical MAPK pathway (Cancer 

Genome Atlas, 2015) (Figure 1B, C). 
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Figure 1.1 Transformation from benign melanocyte to melanoma (adapted from Shain et al., 
2016 and Schadendorf et al., 2018 in press Lancet Seminar - Melanoma). 
A Upper row: clinical images showing the malignant transformation of melanoma starting from normal 
nevus to dysplastic nevus, and, finally, invasive melanoma. Middle row: schematic illustration of 
melanocytic proliferation and invasion into deeper layers of the skin. Lower row: corresponding 
histopathological staining. B Physiological signaling via the MAPK and PI3K-AKT-PTEN-mTOR 
pathways in normal melanocytes C Constitutively activating mutations in the MAPK and PI3K/AKT 
signaling pathways trigger melanoma growth, survival, motility, and metabolism. 

 

The gold standard for treatment of primary cutaneous melanomas is still surgical removal 

followed by sentinel lymph node biopsy and lymphadenectomy upon metastatic spread into the 

lymph nodes. While some organ metastases can be also surgically removed (in case of low, 

resectable tumor burden), the majority of locally advanced or metastatic melanomas requires 

systemic therapy. Generally, the classification of the melanoma tumor burden and assessment 

of staging is performed under constantly updated national and international guidelines aiming 
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to provide the best treatment strategies available [AJCC 2017 TNM classification, 8th edition, 

(Gershenwald et al., 2017)]. 

 Molecular diagnostics of specific genomic alterations that frequently occur in 

melanoma patients led to the development of novel inhibitors against mutated kinases especially 

in the MAPK pathway (Flaherty et al., 2010). Starting from the year 2012, several MAPK 

inhibitors have been approved including BRAFV600-targeting drugs (vemurafenib, dabrafenib; 

abbreviated BRAFi) and MEK inhibitors (trametinib, cobimetinib; abbreviated MEKi) for 

clinical treatment of patients carrying BRAFV600 hotspot mutations in their melanomas (G. Kim 

et al., 2014; McArthur et al., 2013). This significantly improved the prognosis of these patients 

when compared to classic chemotherapeutic regimens with progression-free survival rates of 

7-9 months with single agent BRAFi and 11-14.9 months with BRAFi plus MEKi (Larkin et 

al., 2014; Long et al., 2014; Long et al., 2017; Robert, Karaszewska, et al., 2015). However, 

after the initial tumor regression and treatment response, metastases usually recur and the 

disease progresses within 6-8 months (G. Chen et al., 2014; Sullivan et al., 2013). This can be 

caused by either intrinsic or adaptive resistance mechanisms, both of which commonly result 

in the activation of the initially inhibited MAPK pathway (Flaherty et al., 2010). On the genetic 

level, this might be caused by secondary, upstream-mutations in NRASQ61K (Nazarian et al., 

2010), BRAFV600E amplification (H. Shi et al., 2012), and/or structural changes in the BRAF 

protein itself, thus changing the binding affinity to RAS (Poulikakos et al., 2011). However, as 

described in more detail below, there is emerging evidence that also non-genetic, i.e. purely 

phenotypically driven, resistance mechanisms exist, too (Roesch, 2015; Roesch et al., 2016). 

 In parallel to the clinical application of targeted agents against melanoma-specific gene 

mutations, there has been a promising development of immune-activating drugs. These drugs 

inhibit immune checkpoints that allow tumor cells to evade recognition and killing by T-cells. 

Clinical inhibition of cytotoxic T-lymphocyte–associated antigen 4 (CTLA-4) by ipilimumab 

or antibody blockage of programmed death 1 (PD-1) by nivolumab and pembrolizumab led to 

a significant increase in overall survival and prolonged progression free survival in melanoma 

patients (Hamid et al., 2013; Hodi et al., 2010; Robert, Long, et al., 2015; Topalian et al., 2014). 

To enhance the treatment efficacy, multiple clinical trials with the combinatory application of 

different checkpoint inhibitors were performed. For example, the combination of ipilimumab 

with nivolumab resulted in a significantly longer progression-free survival (PFS) with 11.5 

months as compared to 0.43 months or 6.9 months for ipilimumab or nivolumab alone, 

respectively (Larkin et al., 2015). However, also in case of immune checkpoint inhibitors, there 

are patients who do not response at all as well as patients who show impressive initial clinical 
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response, but then develop resistance and tumor progression after a few months (Jenkins et al., 

2018; Ribas et al., 2018; Schadendorf et al., 2015). This highlights the need for novel and better 

combination strategies for the treatment of metastatic melanoma. 

 

  



 INTRODUCTION 

6 

1.2 Tumor heterogeneity in melanoma 

Melanoma is one of the most heterogeneous tumors among all cancers (Ahmed et al., 2018; 

Andor et al., 2016; Shannan et al., 2016). As described above, there is a broad spectrum of 

genomic alterations that cause malignant transformation of melanocytes (Hodis et al., 2012) 

but, at the same time, also results in high genetic heterogeneity within and between melanomas 

(intra- and inter-tumoral genetic heterogeneity) (Roesch, 2015). Especially, if seen in the 

context of resistance against MAPKi in melanoma, genetic heterogeneity seems to enable clonal 

selection of tumor cell subpopulations. This clearly reminds of the ‘clonal evolution model’ by 

Nowell according to which tumor cells acquire genetic mutations throughout their 

transformation allowing an evolutionary Darwinian selection for the fittest tumor cells (Nowell, 

1976). However, over recent years, next to purely genetically driven cancer models, phenotypic 

heterogeneity models arose, as e.g. the ‘tumor stem cell’ model (Reya et al., 2001). This model 

suggests that there is a small population of dormant cancer cells that maintains tumor growth 

based on its self-renewal capability giving rise to a more and more “differentiated” tumor 

progeny. Such daughter cells form the largest population of the tumor bulk, but consecutively 

lose their proliferative and tumorigenic potential (Reya et al., 2001; Toh et al., 2017). Another 

phenotypic heterogeneity model is the so called ‘phenotypic plasticity model’ or ‘phenotype 

switch model’ by Hoek and Goding (Hoek et al., 2010). This model suggests that there is a 

dynamic switch between different phenotypes, which differ in their functional behavior and 

state of differentiation (Carreira et al., 2006; Hill, 2006; Hoek, Schlegel, et al., 2008; Roesch et 

al., 2016). When this model was first described, specific patterns in gene expression have been 

identified that characterize two opposing, but dynamically interconverting phenotypes termed 

“proliferative” and “invasive” (Carreira et al., 2006). Here, the tumor microenvironment (TME) 

and growth conditions of cells predominantly regulate the phenotypic plasticity of tumor cells, 

which therefore lead to fast and efficient adaptations allowing for continuous tumor growth. 

 In previous work of our group, a small subpopulation of slow-cycling tumor-

repopulating melanoma cells has been identified that could dynamically switch into a rapidly 

proliferating cell state (Roesch et al., 2010). This subpopulation of melanoma cells is 

determined by high expression of the histone H3K4 demethylase KDM5B (also known as 

JARID1B) and is able to resist various therapies including targeted therapy or chemotherapy 

(Roesch et al., 2010; Roesch et al., 2013). In contrast to classic tumor stem cells that usually 

follow a static cell hierarchy, the KDM5B-expressing phenotype could be also acquired by 

normal, KDM5B-negative bulk cells. The dynamic change in KDM5B expression depends on 

factors from the tumor microenvironment like the oxygen level. Additionally, our group 
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showed that this subpopulation of resistant slow-cycling melanoma cells is characterized by an 

elevated mitochondrial oxidative phosphorylation (OXPHOS) to ATP as compared to the 

rapidly proliferating glycolysis-dependent tumor bulk (Cierlitza et al., 2015; Roesch et al., 

2013; Yuan et al., 2013). This finding fostered the idea that drug resistance in melanoma could 

be tackled by blocking distinct metabolic pathways, such as OXPHOS. However, unexpectedly, 

the complete elimination of slow-cycling drug-resistant melanoma cells by blocking 

mitochondrial respiration repeatedly failed, because -irrespective of the drug used (phenformin, 

rotenone, etc.)- always some cells remained (Roesch et al., 2013). Similarly, Lim and 

colleagues saw that the suppression of mitochondrial functions by blocking the mitochondrial 

(OXPHOS) master regulator PGC1α in melanoma cells was easily rescued by hypoxia-

inducible factor 1-alpha (HIF-1α)-mediated induction of glycolysis. Dual suppression of 

PGC1α plus HIF-1α was again compensated by enhanced glutamine utilization. Triple 

treatment, including a glutaminase inhibitor, finally stopped tumor growth in the applied 

xenograft model, but feasibility in a human setting with regard to the potentially high toxicity 

of such metabolic inhibitor combinations is uncertain (Lim et al., 2014). 
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1.3 Epigenetic regulation of gene expression 

To modulate transcription, translation and protein stability, gene expression is regulated 

epigenetically. In contrast to an evolutionary and stringent development of gene signatures that 

determine differentiation, cell cycle regulation and signaling pathways, epigenetic mechanisms 

are widely known to be dynamically regulated and to follow different patterns during cellular 

development (Waldmann et al., 2013). Generally, epigenetic modifications can be grouped into 

three categories: DNA methylation, histone modification and nucleosome positioning (Portela 

et al., 2010). In the physiological context of either positive or negative regulation of gene 

expression, multiple epigenetic mechanisms contribute to observed modulations. 

 

1.3.1 Posttranslational modification of histone proteins 

Condensed genomic DNA is coiled around histone proteins, which causes the formation of 

nucleosomes (Benson et al., 2006). The posttranslational modification of histone proteins 

affects the three-dimensional structure of the nucleosomes and, by this, modulates gene 

expression (Biswas et al., 2017). In detail, nucleosomes consist of two octamers containing four 

different histone proteins (H2A, H2B, H3 and H4), which are each characterized by a histone 

side chain (Audia et al., 2016; Benson et al., 2006). As an example, specific lysine or arginine 

residues on these side chains of histones define the covalent binding affinity to DNA and 

conclusively affect the chromatin state. Different mechanisms of modification by epigenetic 

writers (placing epigenetic marks on side chains), erasers (removing epigenetic marks) or 

readers (bind to specific epigenetic marks and act as effector proteins) are able to change the 

density between DNA and histones, which either promotes or represses transcription of genes 

(Figure 1.2) (Audia et al., 2016). For instance, high methylation of the histone H3 and lysine 

K4 is defined to be an activating mark of gene expression; thus, demethylation leads to an 

inactivation of genes. It has been shown that in addition to genomic mutations, the malignant 

transformation to a cancerous cell is considerably regulated by abnormal epigenetic 

modifications (Garraway et al., 2013; Sadikovic et al., 2008). Furthermore, there is constant 

epigenetic plasticity during cancer progression, where malignant cells adapt to specific 

epigenetic states to maintain transcriptional programs, which also contributes to high tumor 

heterogeneity (Flavahan et al., 2017). 
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Figure 1.2 Posttranslational modification of histone H3 tail residues by epigenetic writers, 
erasers, and readers (adapted from Audia et al., 2016). 
Methylation (Me) or acetylation (Ac) of specific lysine residues along the H3 side chain regulates gene 
expression. Green (methylation) or cyan (acetylation) indicates histone marks associated with active 
genes, whereas red shading is indicative of silent genes. The depicted writers, erasers, and readers 
only represent a few examples of epigenetic regulators. 

 

Lysine residues (K) on histone tails can be modified by methyltransferases (KMT, as epigenetic 

writers) or demethylases (KDM, as epigenetic erasers), which results in specific epigenetic 

effects on gene expression. Additionally, acetylation of lysine residues can be modified by other 

enzymes like HDAC (Shen et al., 2015). The human genome encodes for 25 different KDMs, 

some of which tend to have a key role in cancer-associated plasticity (Black et al., 2012; Sharma 

et al., 2010). Furthermore, it is known that KDM5B requires the catalytic cofactors α-

ketoglutarate (α-KG), oxygen, and Fe(II) ions for the enzymatic demethylation of H3K4me3 

(Black et al., 2012; Y. Shi et al., 2007). In fact, the required cofactor α-KG is a central 

metabolite of the tricarboxylic acid (TCA) cycle, which shows that there is a close relation 

between cell metabolism and the chromatin state (X. Gao et al., 2017). Additionally, multiple 

studies describe that histone methylation is also affected by variations in the levels of the 

nutrient methionine, which represents the main donor for the methyl-groups (Mentch et al., 

2015). Still, this only highlights the direct influence of cell metabolism, defined by available 

nutrients, on the catalytic reactions of KDM5B regulations. Yet, it is still unknown, what are 

the molecular drivers of KDM5B-depenent melanoma cells and how distinct metabolic 

pathways are important to maintain this epigenetic phenotype. 
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1.4 Metabolic reprogramming in tumor cell biology 

A physiologically ‘healthy’ cellular metabolism is tightly regulated and mostly defined by the 

state of cell differentiation, e.g. proliferative (rather glycolysis-dependent) vs. quiescent (rather 

OXPHOS-dependent) (Figure 1.3) (Vander Heiden et al., 2009). However, an ‘abnormal’ 

metabolism in cancer cells is characterized by high metabolic flexibility, caused by a dynamic 

regulation of metabolic pathways depending on available nutrients. This in turn, causes a high 

tumorigenic potential in general (Le, 2018). Therefore, it is not surprising that based on the 

results of numerous studies, the deregulation of cellular energetics was recently included to the 

emerging hallmarks of cancer (Hanahan et al., 2011). Cancer cells in general essentially modify 

many metabolic pathways, including glucose transport, glutaminolysis, the tricarboxylic acid 

(TCA) cycle, the electron transport chain, the pentose phosphate pathway (PPP), as well as the 

fatty acid metabolism (J. Q. Chen et al., 2012; Currie et al., 2013; T. Li et al., 2018). 

 The close connection between oncogenic mutations that drive the malignancy of cancer 

cells and molecular processes in cancer metabolism enabled a new field of research (Levine et 

al., 2010). There is evidence that oncogenic pathways like RAS or MYC induce glycolytic 

activity, whereas tumor suppressors like TP53 have the opposite effect (C. V. Dang, 2012; 

Kruiswijk et al., 2015). Moreover, multiple metabolic pathways are altered in cancer cells based 

on mutations in metabolic enzymes, which might not be only a side event, but rather a central 

driver of tumor progression (Gaude et al., 2014; Pavlova et al., 2016; Zecchini et al., 2017). 

Thus, investigating the complexity, diversity and heterogeneity of cancer metabolism is 

fundamental for the development of effective metabolic-based therapeutic strategies. 

Understanding the metabolic landscape of cancer cells -and specifically of melanoma cells- and 

how malignant cells utilize different nutrients to fuel their metabolic pathways will ultimately 

bring a clinical benefit for efficient long-term treatment of cancer patients. 

 

1.4.1 Glycolysis and oxidative phosphorylation 

Healthy cells consume glucose and convert it via glycolysis to pyruvate, which will then be 

transported into the mitochondria where it enters the TCA cycle. In the presence of oxygen, this 

will generate ~36 ATP molecules per glucose molecule by mitochondrial respiration, while the 

production of lactate is minimal (Figure 1.3, left panel) (Cooper et al., 2009; Lehninger et al., 

1993). Since oxygen is essentially required as the final electron acceptor during OXPHOS, cells 

that need to process glucose under anaerobic conditions can only generate 2 molecules of ATP 

from one molecule of glucose (Figure 1.3, left panel, anaerobic glycolysis). In 1927, the 
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German physiologist, medical doctor, and later winner of the Nobel laureate prize, Otto H. 

Warburg, described that cancer cells consume more glucose and also increase the production 

of lactic acid as compared to normal cells, even in the presence of oxygen (Warburg et al., 

1927). However, the energy production per molecule glucose in aerobic glycolysis is highly 

inefficient and results in the generation of only ~4 ATP molecules (Figure 1.3, right panel). But 

more importantly, around 10% of the glucose is redirected during aerobic glycolysis upstream 

into biosynthetic pathways, which are crucial for the production of building blocks for 

proliferating tissue (Vander Heiden et al., 2009), i.e. the more daughter cells are being 

produced, the higher is the need for building blocks. 

 Glucose metabolism and predominantly the dynamic regulation of glucose flux 

remarkably influence the malignant phenotype of melanoma and cancer cells in general. This 

can be regulated directly via oncogenic signaling or indirectly by epigenetic modification of 

metabolic key enzymes that transport or transform glucose in various pathways. A recent study 

showed that in order to maintain high proliferation rates, tumor cells in oxygen-rich 

environments need to utilize both aerobic glycolysis and OXPHOS and a distinct switch to 

anaerobic glycolysis only happens under hypoxic conditions (e.g. in the tumor core) (Bose et 

al., 2018; Hay, 2016). 

 In addition to its central role in maintaining cellular energy supply, glucose metabolism 

significantly influences the physiological conditions of the cancer cell. For example, an increase 

in lactate production and secretion causes extracellular acidification of the tumor 

microenvironment (TME) (Bailey et al., 2012). Acidification of the TME affects immune cell 

responses and furthermore modulates the metabolism of tumor-associated fibroblasts and other 

cancer cells. For instance, the presence of HIF-1α triggers an upregulation of the glucose 

transporter GLUT1 (or SLC2A1) and hexokinases, which are early enzymes in glycolysis. This 

causes a higher flux of glucose in the cells (Christofk et al., 2008). Furthermore, the activity of 

the enzyme lactate dehydrogenase (LDH) that converts pyruvate to lactate became an essential 

clinical marker for tumor burden in cancer patients in general and specifically in melanoma 

(Homsi et al., 2005; C. J. Kim et al., 2002). Increased proliferation and invasion together with 

epithelial–mesenchymal transition can also be observed in cells with high activity of LDH-A 

indicating anaerobic glycolysis (Jiang et al., 2016). Furthermore, there is a close link between 

glucose metabolism and the activity of AKT and mTOR to provide further oncogenic and 

proliferative signaling (Bose et al., 2018). For instance, the oncogenic driven (e.g. AKT, PI3K 

or Ras) and oxygen-independent activation of HIF-1α causes upregulation of glycolysis and 

suppression of OXPHOS (Semenza, 2010). 
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Figure 1.3 Schematic biochemical pathways of glucose utilization into OXPHOS, anaerobic 
glycolysis (Pasteur effect), and aerobic glycolysis (Warburg effect) (as described by Vander 
Heiden et al., 2009). 
Differentiated cells in healthy tissue generate ATP by OXPHOS and anaerobic glycolysis (left panel); 
in contrast, highly proliferative tissue and especially actively proliferating cancer cells activate aerobic 
glycolysis, which results in increased lactate levels and a less efficient production of ATP (right panel). 

 

1.4.2 Pentose phosphate pathway and reactive oxygen species 

Oncogenic signaling by PI3K, Ras, Scr or inactivation of TP53 subsequently enhances the 

activity of glucose-6-phosphate dehydrogenase (G6PD or G6PDH), which is the first and most 

essential gate keeper enzyme of the pentose phosphate pathway (PPP) (Figure 1.4) (Patra et al., 

2014; Schwarzer et al., 2016). Cancer cells tend to have a high activity of the PPP, which diverts 

glucose from normal glycolytic flow towards pyruvate, to produce or regenerate reduced 

nicotinamide adenine dinucleotide phosphate (NADPH) and synthesize ribonucleotides (Patra 

et al., 2014; Ying, 2008). High levels of NADPH are essential for the detoxification of reactive 

oxygen species (ROS) and are needed for synthesis of essential cellular building blocks (like 

fatty acids, see below). Thus, the metabolic flexibility of cancer cells to either convert glucose 

to pyruvate for energy production or to initially switch glucose flux to the PPP, is a fundamental 

step in the anti-oxidative protection and emphasizes the influence of the metabolic 

reprogramming on the malignant phenotype (Gentric et al., 2017; Gill et al., 2016). The 

glycolysis intermediate 3-phosphoglyceric acid (intermediate metabolite in transformation 

from glucose to acetyl-CoA) contributes to serine and glycine biosynthetic pathway, which also 
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plays an important role in maintenance of tumorigenic and proliferative behavior of cancer cells 

(Amelio et al., 2014; Locasale, 2013). Alternatively, glucose contributes to serine metabolism, 

which subsequently -either directly or indirectly via the folate pathway- modulate the activity 

of glutathione, a primary ROS detoxification molecule (Ratnikov et al., 2017). Furthermore, 

there are reports, that the gene of phosphoglycerate dehydrogenase (PHGDH), which is the first 

processing enzyme in the serine biosynthesis, is more amplified in melanoma than in other 

cancer entities (Beroukhim et al., 2010; Ratnikov et al., 2017). Since PHGDH has a crucial role 

in serine synthesis and therefore in regulating proliferation, it has been defined as a possible 

metabolic oncogene (Locasale et al., 2011; Mullarky et al., 2011). As a side product of the 

serine biosynthesis pathway, α-KG is generated by transamination. α-KG not only contributes 

to TCA anaplerosis as it can be directly converted by TCA cycle enzymes and, thus, is a fuel 

for mitochondrial respiration, but also is an important cofactor for the proper function of histone 

methyltransferases or histone demethylases including KDM5B (Possemato et al., 2011). 

 

1.4.3 The role of glutamine metabolism in cancer 

Glutamine is the most abundant non-essential amino acid, which is required for biosynthesis of 

proteins and also plays a central role in cancer cell metabolism by regulating several pathways 

(Figure 1.4) (Anderson et al., 2018; DeBerardinis et al., 2008). Especially in melanoma, there 

is a high demand for glutamine which directly enters the TCA cycle as a fuel for subsequent 

OXPHOS (Figure 1.4) (Filipp et al., 2012). In general, less enzymatic steps are required to 

utilize glutamine as carbon source during TCA anaplerosis as compared to glucose. In fact, a 

glutamine-dependent cell metabolism may provide a significant evolutionary advantage for 

cancer cells, because glucose that is not needed any more for ATP production in the TCA cycle 

can be bypassed to the PPP to provide more NADPH for ROS detoxification (Figure 1.4) (Gill 

et al., 2016). High abundance of glutamine also contributes to higher anti-oxidative capacity by 

being converted to glutamate and finally together with cysteine being transformed to 

glutathione (Le Gal et al., 2015; J. Zhang et al., 2017). 

 It has been shown, that in melanoma under BRAF inhibition, there is a higher activity 

of glutamine-fueled mitochondrial metabolism accompanied by reduced glycolytic flux 

(Baenke et al., 2016; Roesch et al., 2013). The chemical inhibition of glutaminolysis increased 

the anti-tumor activity of BRAF inhibitors by blocking the metabolic switch from glucose to 

oxidative glutamine metabolism (Baenke et al., 2016). Congruent with this finding, it is 

described that BRAF inhibitor-resistant melanoma cell lines show a higher sensitivity to 
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mitochondrial OXPHOS inhibition by metformin and phenformin treatment (Yuan et al., 2013). 

Strikingly, invasive melanoma cells upregulate glutamine metabolism to generate the 

antioxidant glutathione (GSH), which allows them to survive high oxidative stress caused by 

elevated OXPHOS. Interestingly, Lim and colleagues showed that OXPHOS and glutamine-

dependent melanoma cells can be eliminated by inhibiting glutaminase in a melanoma 

xenograft model; however, clinical application of glutaminase inhibitors does not seem to be 

feasible in patients due to high toxicity (Lim et al., 2014). However, the full importance of 

glutamine metabolism for the metabolic functions of cancer cells, and specifically melanoma 

cells, is not fully uncovered yet. 
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Figure 1.4 The metabolic flux of glucose, fatty acids, and glutamine towards the TCA cycle, 
the pentose phosphate pathway and detoxification of reactive oxygen species (adapted from 
Anderson et al., 2018). 
The TCA cycle is needed to provide essential electron acceptors (e.g. NADPH) to be fueled into the 
oxidative phosphorylation (electron transport) pathway and, by this, produce cellular energy from 
carbohydrates, fatty acids, and amino acids into CO2 and chemical energy (ATP). Either acetyl-CoA 
(derived from glucose or fatty acids catabolism) or α-ketoglutarate (α-KG, derived from glutamine 
catabolism) can be fueled into the TCA cycle, where in a series of redox reactions electrons are bound 
to nicotinamide adenine dinucleotide (NAD+) and flavin adenine dinucleotide (FAD+). The TCA cycle 
includes eight cyclic steps, three of which are irreversible (from oxaloacetate and acetyl-CoA to citrate; 
isocitrate to α-KG by IDH3; from α-KG to succinyl-CoA (Akram, 2014; Berg et al., 
2002).Transformation from glucose to lactate via pyruvate is oxygen-independent and can be 
processed by aerobic or anaerobic glycolysis; glucose can be furthermore diverted into the PPP to 
generate NADPH. Glutamine can be additionally processed to GSH to maintain the cellular redox 
balance and detoxify ROS. Abbreviations: CS: citrate synthase, AH: aconitase, IDH: isocitrate 
dehydrogenase, KGDHC: α-ketoglutarate dehydrogenase complex, LDH: lactate dehydrogenase, 
SCS: succinyl-CoA synthase, SDH: succinate dehydrogenase, FH: fumarate hydratase, MDH: malate 
dehydrogenase, PDH: pyruvate dehydrogenase, ACLY: adenosine triphosphate citrate lyase, ACC: 
acetyl-CoA carboxylase, FAS: fatty acid synthase, GLS: glutaminase, GDH: glutamate 
dehydrogenase, GCL: glutamate cysteine ligase, GSH: glutathione, GSSG: reduced glutathione, 
PPP: pentose phosphate pathway, GS: GSH synthase, GP: GSH peroxidase, GR: GSSG reductase, 
G6PD: Glucose-6-Phosphate Dehydrogenase. 
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In addition to glutamine’s role in providing energy, generating macromolecular building blocks, 

and enhancing anti-oxidative capacity in cancer cells, it also serves as an important substrate 

for central signaling pathways that directly regulate histone or DNA modifications (e.g. 

glutamine-derived α-ketogluterate) (J. Zhang et al., 2017). Given this, the abundance of 

different metabolites can regulate the cell differentiation state by epigenetically modulating 

gene expression in both physiological cell states and cancer (Pavlova et al., 2016). Accordingly, 

cancer development and progression is facilitated by a glutamine-dependent epi-metabolic 

crosstalk by affecting molecular rewiring in cancer cells (Figure 1.5) (Kinnaird et al., 2016). 

Altered glutamine metabolism controls demethylation of histones by regulating levels of α-KG; 

thus, fundamentally influence chromatin organization and regulate cellular differentiation (and 

proliferation) (Kinnaird et al., 2016). As mentioned before, it has been described in melanoma 

that a high expression of the histone demethylase KDM5B is characteristic for a slow-cycling 

melanoma cell subpopulation (Roesch et al., 2010; Roesch et al., 2013). Genomic mutations in 

the TCA cycle enzymes isocitrate dehydrogenase 1 and 2 (IDH1, IDH2) were identified in 

several malignancies (e.g. glioma, acute myeloid leukemia, and melanoma) and found 

associated with altered α-KG metabolism (Figure 1.4 and Figure 1.5) (Balss et al., 2008; Lopez 

et al., 2010; Parsons et al., 2008; Paschka et al., 2010; Shibata et al., 2011). In detail, 

neomorphic mutations in IDH1 or IDH2 result in an altered enzymatic activity that converts 

glutamine-derived α-KG to 2-hydroxyglutarate (2-HG) (J. Zhang et al., 2017). As a 

consequence, high abundance of 2-HG causes competitive inhibition of α-KG-dependent 

histone demethylases resulting in increased cell proliferation (Figure 1.5) (L. Dang et al., 2009; 

Lu et al., 2012). Furthermore, it is described that a regional deficiency of glutamine within the 

hypoxic core of melanoma leads to histone hypermethylation, which results in cancer cell 

dedifferentiation and resistance to BRAF inhibitor treatment (Pan et al., 2016). Here, 

abnormalities in methylation at H3K27, which is regulated by H3K27-specific demethylase 

KDM6B and the methyltransferase EZH2, were identified to drive this cell phenotype. 

 

1.4.4 Fatty acid metabolism in cancer 

In addition to modifications in glucose and glutamine metabolism of cancer cells, reprograming 

of fatty acid (FA) or lipid metabolism is a key factor for tumor progression and maintenance of 

the malignant phenotype (Santos et al., 2012). In general, FAs provide macromolecular building 

blocks for membrane formation, which is important for highly proliferative cancer cells. The 

most abundant lipids in cell membranes are phospholipids (e.g. phosphatidylcholine and 

phosphatidylethanolamine) that are complemented by sterols, sphingolipids and lyso-
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phospholipids, which can all be generated from the TCA cycle intermediate acetyl-CoA. FA 

and lipids are ubiquitously available and are presented to all the cells via the bloodstream and 

have the ability to increase their de novo fatty acid synthesis to independently generate more 

lipids (Menendez et al., 2007; Schulze et al., 2012). For instance, gene expression of central 

enzymes for cholesterol and FA synthesis (e.g. sterol regulatory element binding proteins, 

SREBPs) is under the control of oncogenic signaling via PI3K, AKT and mTORC1 (Duvel et 

al., 2010; Porstmann et al., 2008). Expression of SREBPs associated genes is also described to 

be dependent on TP53 (Freed-Pastor et al., 2012). Moreover, it has been shown that highly 

aggressive cancers upregulate the expression of monoacylglycerol lipase, which triggers 

specific lipid signatures and by that result in increased migration and invasion (Nomura et al., 

2010). Thus, the fatty acid metabolism crucially affects the proliferative capacity of cancer cells 

and may provide a number of interesting, but still highly underinvestigated targets. Inhibition 

of FA levels by either blocking their de novo synthesis, enhancing FA oxidation, enforcing 

storage of free FAs, or blocking the release of FAs from storage vesicles could be promising 

anti-tumor strategies (Currie et al., 2013). Essentially, incorporation of FA into the TCA cycle 

requires multiple transformation steps, which involves ATP citrate lyase (ACYL), acetyl-CoA 

carboxylase (ACC), fatty acid synthase (FAS), and acyl-CoA synthetases, also known as fatty 

acid-CoA ligase (ACS, ACSL, or FACL; not depicted) (Figure 1.4). By targeting these enzymes 

FA bio-availability could be reduced and cancer cell growth decreased. The expected effects 

on non-cancer cells would be minimal due to the fact that this would only target FA-dependent 

cells that require high energetic demands and need FA-derived building blocks for increased 

proliferation rate. Therefore, targeting these enzymes or superior regulatory signaling hubs 

might be an interesting therapy concept for a future clinical application in cancer patients, 

(Currie et al., 2013). 
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Figure 1.5 Central role of oncometabolites in the modulation of the activity of histone 
demethylases such as KDM5B (adapted from Kinnaird et al., 2016). 
Under physiologic conditions, isocitrate dehydrogenase (IDH), fumarate hydratase (FH), or succinate 
dehydrogenase (SDH) foster the production of α-KG which is a positive regulator of the function of 
histone demethylases. Genetic alterations in IDH, FH, or SDH (mutations or loss-of-function) can lead 
to elevated levels of fumarate, succinate and 2-hydroxyglutarate (2-HG), which inhibit the activity of 
histone demethylases. 
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1.5 Aims 

Despite the development of novel therapeutic approaches against cancer including targeted and 

immune therapy, most of the patients with advanced melanoma develop resistance and tumor 

progression after a few months. One reason for this is the high phenotypic plasticity of 

melanoma cells, which promotes the fast emergence of resistant cell subpopulations. Until now, 

it is not fully understood on the molecular level how resistant melanoma cell subpopulations 

phenotypically modulate their cellular metabolism to resist therapies and, as a consequence, 

cause fatal tumor relapses in patients. Previously, our group has shown that melanomas harbor 

an intrinsically multi-therapy-resistant cell population, which is characterized by high 

expression of the H3K4 demethylase KDM5B and high tumor repopulation properties 

(Ravindran Menon et al., 2015; Roesch et al., 2010; Roesch et al., 2013; Sharma et al., 2010; 

Su et al., 2017b; Yuan et al., 2013). My thesis now addresses the hypothesis that the H3K4 

demethylase KDM5B could represent a superior epigenetic modulator of metabolism and a 

potential target to tackle phenotypic therapy resistance in melanoma. 

Specifically, the goal of my thesis is to address the following questions: 

i. Does the expression of the histone H3K4 demethylase KDM5B correlate with 

the expression patterns of metabolic regulators in melanoma patients? Publicly 

available data sets of human melanoma transcriptomes will be analyzed to 

unravel KDM5B-co-regulated gene signatures. 

 

ii. How does the epigenetic regulation via KDM5B modulate specific metabolic 

pathways? I plan to investigate the metabolome of the therapy resistant 

KDM5Bhigh melanoma subpopulation by LC-HRMS profiling. Identified 

metabolic profiles will be confirmed functionally. 

 

iii. Does targeting of KDM5B by chemical inhibition represent a novel way to 

eliminate multi-drug resistant melanoma cells? Therapy resistant melanoma 

cells will be treated with KDM inhibitors and assessed in 2D and 3D cell culture 

models. 
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2 Results 

Our group has previously reported the existence of a distinct epigenetically driven melanoma 

cell subpopulation that is defined by high expression of the histone H3K4 demethylase KDM5B 

and high intrinsic resistance to various drugs including BRAF inhibitors. What is more, 

KDM5B-expressing melanoma cells adapt their energy production towards an OXPHOS 

dependent metabolic state (Roesch et al., 2013). However, the specific metabolic pathways that 

underlie this malignant melanoma phenotype still remain elusive. The following results 

contribute to the improvement of the current understanding of the epi-metabolic crosstalk in 

melanoma cells and unravel novel treatment approaches that could increase the clinical success 

of current therapies by specifically targeting the KDM5Bhigh drug-resistant cell subpopulation. 

 

2.1 Expression of the H3K4 demethylase KDM5B correlates with metabolic 

gene transcription in melanoma 

As a first step in this project, I was interested whether there is a correlation between the 

expression of KDM5B and genes that code for metabolic enzymes. Therefore, The Cancer 

Genome Atlas (TCGA-SKCM; from whole melanoma tumors) and published sequencing 

results of the Tirosh data set (from single isolated melanoma cells) were analyzed for the 

expression of KDM5B and any differentially expressed genes (Tirosh et al., 2016). In detail, 

only expressed genes that showed a significant correlation (based on a p-value ≥E-05) with high 

KDM5B expression in melanoma cells were further investigated (upper 10% of KDM5B 

expression). 1919 gene transcripts in TCGA and 1006 gene transcripts in the Tirosh data set 

were found with 154 gene transcripts overlapping between both data sets (Figure 2.1 A). Based 

on this identified list of transcripts, Panther® gene ontology analysis was performed, which 

indicated that high expression of KDM5B is particularly associated with the regulation of 

metabolic gene signatures (Figure 2.1 B) (Tirosh et al., 2016). In fact, 34.4% of all KDM5B-

associated transcripts in TCGA (Figure 2.1 B, upper panel) and 41.3% of the KDM5B-

associated transcripts in the Tirosh data showed metabolic gene ontologies (Figure 2.1 B, lower 

panel). 
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Figure 2.1 KDM5B expression correlates with metabolic gene programs in melanoma. 
A Numbers of differentially expressed gene transcripts that differ significantly between high KDM5B 
and low KDM5B expression; phenotypic group based on a p-value ≥E-05. B Panther® gene ontology 
analysis of TCGA (upper panel) and Tirosh (lower panel) data sets. 

 

Accordingly, also in the overlap of both data groups (n=154 genes), 29 genes with known 

metabolic functions were found (Figure 2.2 A). When the expressions of significantly 

correlating metabolic genes were plotted against the KDM5B expression level of each 

individual melanoma patient in TCGA in a heatmap, a mainly positive correlation for the broad 

majority of the metabolic genes was visible. In detail, 72.4 % (21/29) of the investigated 

metabolic genes showed a positive correlation with KDM5B expression whereas 27.6 % (8/29) 

showed a negative correlation. For example, trans-2,3-enoyl-CoA reductase (TECR), retinol 

dehydrogenase 5 (RDH5), glutaredoxin (GLRX), and glutathione Peroxidase 4 (GPX4) were 

negatively correlated with KDM5B expression (Figure 2.2 A, individual expression ranges 

shown in Figure 2.2 B). Interestingly, 7 of the 29 overlapping metabolic genes have known 

functions in mitochondrial processes, energy metabolism, or are involved in control of 

intracellular redox capacity (as highlighted in bold), which confirms the previous observation 

that KDM5B expression fosters OXPHOS in melanoma (Roesch et al., 2013). In conclusion, 

this analysis of publicly available cancer datasets indicated a strong correlation between the 

expression of KDM5B and various metabolic genes. 
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Figure 2.2 Expression of metabolic genes that correlate with KDM5B expression in melanoma. 
A Ranked KDM5B expression compared to the expression of significantly regulated metabolic genes. 
Each row represents expression data from a single TCGA melanoma sample. Depicted genes in bold 
letters are correlating with mitochondrial metabolism. B Individual expression ranges from metabolic 
genes in the TCGA data set that correlate with KDM5B expression (related to A). Gene expression 
data were accessed via UCSC Xena and defined by following color code: lowest (blue), intermediate 
(white), and highest (red) log2(fpkm-up+1). 
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2.2 The metabolic landscape of melanoma cells changes depending on the 

KDM5B expression level 

2.2.1 Fluorescence-activated cell sorting of endogenously high and low KDM5B-

expressing melanoma cell subpopulations for LC-HRMS metabolomics 

To characterize the metabolic landscape of melanoma cells depending on the KDM5B 

expression phenotype, I developed a novel liquid chromatography-high resolution mass 

spectrometry (LC-HRMS)-based profiling approach. For this analysis, melanoma cells with a 

high expression of KDM5B were separated from the bulk population using a reporter-based 

fluorescence-activated cell sorting (FACS) approach. The melanoma cells lines WM3734, 

WM9, MelJuso and WM88 were stably transduced with a KDM5B/JARID1Bpromoter-EGFP 

plasmid as previously described (Roesch et al., 2010). After standardized selection with 

blasticidin for 8 days, melanoma cells showed an expression of EGFP when the KDM5B 

promoter was transcribed (Figure 2.3). 

 

Figure 2.3 Human melanoma cell lines that stably express EGFP under the control of 
KDM5B/JARID1B promoter. 
Heterogeneous expression patterns of KDM5B are reflected by different EGFP intensities in the 
human melanoma cell lines WM3734, WM9, MelJuso, and WM88. Bright field microscopy pictures 
are on the left and corresponding fluorescence pictures of EGFP signals are on the right; scale bar 
represents 200 µm. 

 

The different intensities of the EGFP signals expressed in the melanoma cells reflected the 

heterogeneous expression pattern of KDM5B expected from previous publications (Roesch et 

al., 2010; Roesch et al., 2013). The highest 5% of the EGFP signal were defined as high 

KDM5B-expressing and the lowest 5% as low KDM5B-expressing cell subpopulation (Figure 
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2.4). Following schemes for FACS established in our group, at least 250,000 melanoma cells 

of both KDM5B-expression subpopulations were sorted for analysis. To obtain this cell 

number, around 4 to 6 T75 cell culture flasks (corresponds to 8-10*106 cells) of each cell line 

were harvested, collected, and prepared for cell sorting. Dead cells were gated out by 7AAD 

positive signals. As control, 10 µl of sorted cells were checked microscopically for EGFP 

expression (Figure 2.4). Samples were collected in biological triplicates and pellets were snap-

frozen in liquid nitrogen until metabolite extraction and LC-HRMS metabolite analysis. 

 

Figure 2.4 Fluorescence-activated cell sorting of human melanoma cells using the 
KDM5Bpromoter-EGFP reporter construct for LC-HRMS analysis. 
Gating strategy of the highest 5% and lowest 5% EGFP/KDM5B signals in melanoma cells [as 

previously described, (Roesch et al., 2010)] for following LC-HRMS metabolite analysis; EGFP 

signal (white arrows) of both sorted cell population as control (20x magnification). 
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Extraction of intracellular metabolites was performed as described in methods (see 6.6). LC-

HRMS analysis was performed in collaboration with Elmar Zügner, Natalie Bordag and 

Christoph Magnes at the Joanneum Research Forschungsgesellschaft mbH HEALTH - Institute 

for Biomedicine and Health Sciences, and at the and at the Center for Biomarker Research in 

Medicine, CBmed GmbH (Graz, Austria). After processing the metabolomics data, the detected 

metabolites were analyzed as a ratio between KDM5Bhigh vs. KDM5Blow sorted melanoma 

cells. Based on a pilot study of unsorted melanoma cells, I could expect that at least 128 

intracellular metabolites are detectable by this method (Figure 2.5). However, in the analysis of 

sorted melanoma cells only 72-74 metabolites were detected, due to inadequate numbers of 

analyzed cells and low quality of quenched metabolite samples. In addition, the detected 

changes in metabolite levels were not significantly changed between both KDM5B 

subpopulations (<0.8 and >1.2) and the detected signals among the technical replicates showed 

high standard deviation (as shown in Table 2.1). This was probably due to dynamically 

changing cell states and metabolic stress during the long sorting procedure as also indicated by 

strongly varying intracellular AMP levels, essential and non-essential amino acids, GSH/GSSG 

ratios, and NADH/NADPH ratios (Hoek, Eichhoff, et al., 2008; Hoek et al., 2010; Kemper et 

al., 2014). Based on this finding, the use of sorted melanoma cells based on their spontaneous 

(endogenous) KDM5B-expression levels did not seem to be suitable. Therefore, a new 

experimental design and sample preparation methods was set up to analyze the KDM5B-

dependent metabolome in melanoma cells. 
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Figure 2.5 Heatmap of LC-HRMS-detected metabolites in unsorted melanoma cells. 
Samples of unsorted melanoma cells were measured in triplicates and the abundance of detected 
metabolites is depicted by color code. 
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Figure 2.5 Heatmap of LC-HRMS-detected metabolites in unsorted melanoma cells (continued). 
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Table 2.1 Representative results of LC-HRMS metabolite analysis of sorted WM9KDM5Bprom-EGFP 

human melanoma cells. 
‘FoldChange’ represents ratio between KDM5Bhigh and KDM5Blow sorted cells; ranked from lowest to 
highest standard deviation (SD). 
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2.2.2 The metabolic landscape of melanoma cells upon stable knockdown and long-

term overexpression of KDM5B 

Crucial to the further experimental design of my study was a more standardized setup that 

allowed faster processing of the samples to avoid artifacts arising from rapid metabolic turnover 

during the process of FACS. Since KDM5B expression is known to follow a dynamic 

equilibrium across melanoma cells (Roesch et al., 2010), e.g. as a consequence of changing 

microenvironmental conditions like the oxygen level or medium composition, this time I 

additionally preferred controllable KDM5B expression levels for my experiments (Figure 2.6 

A). Therefore, doxycycline-inducible Tet3G overexpression of KDM5B and RNAi-mediated 

KDM5B knockdown was applied to WM3734 melanoma cells (see Figure 2.6 B and the 

Methods section for details). KDM5B overexpressing cells were labeled WM3734Tet3G-KDM5B 

and corresponding control cells with EGFP overexpression WM3734Tet3G-EGFP. WM3734 cells 

with shRNA-mediated stable knockdown of KDM5B were labeled and corresponding control 

cells with nonfunctional scrambled shRNA WM3734scrambled. 
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Figure 2.6 Workflow for metabolic landscape analysis of KDM5B-dependent metabolites of 
human melanoma cells. 
A Schematic assay design. B KDM5B mRNA and protein levels after doxycycline-induced 
overexpression and shRNA-mediated knockdown in WM3734 melanoma cells as confirmed by RT-
PCR (left) and immunoblotting (right). Histone H3K4me3 served as functional control, tubulin and total 
H3 as loading controls; normalization of KDM5B signal against tubulin and H3K4me3 against H3. 
Doxycycline-induced EGFP overexpression and scrambled shRNA were used as respective controls. 

 

In order to investigate the whole metabolic landscape of melanoma cells, I was interested in 

analyzing intracellular as well as secreted metabolites that can be found in the culture 

supernatant. Metabolites from the supernatant can be autocrine or paracrine substrates for 

essential metabolic pathways. Seeking a way to collect both melanoma cells and supernatants 

for metabolite extraction with the least bias, cell culture and subsequent processing of WM3734 

cells was done on lumox® dishes as previously described (Bordag et al., 2016) in combination 

with a boiling ethanol quenching step (Figure 2.7). By this, a quick harvest of entire cell layers 

was possible and sample processing could be done in less than 30 seconds. 
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Figure 2.7 Improved protocol for rapid LC-HRMS metabolomics sample preparation of 
melanoma cells and their supernatant. 
Samples were kept on dry ice until metabolite extraction. Per condition at least 6 technical and 
biological replicates were generated. 

 

For the intended LC-HMRS analysis, fast sample handling and thorough quenching was 

essential to minimize artifacts resulting from fast changes in cell metabolism upon washing. In 

brief, the first run of all intracellular samples achieved a very low technical variability of 6.9% 

median relative standard deviation (RSD) for 109 multivariate and univariate analysis 

(MVA_UVA) metabolites, and yielded further 38 univariate analysis (UVA) and 9 qualitative 

metabolites in the Ultimate Mix (UM, see methods and Table 2.2 and Table 2.3). The following 

supernatant samples’ run had an acceptable technical variability of 12.3% median RSD for 95 

MVA_UVA metabolites and yielded further 51 UVA and 6 qualitative metabolites in UM 

(Supplemental Table 1). The quality control (QC) of the ‘intracellular’ run achieved a technical 

variability of 14.4% median RSD for 38 MVA_UVA metabolites and yielded further 46 UVA 

metabolites. The QC of the ‘supernatant’ run achieved a technical variability of 13.4% median 

RSD for 44 MVA_UVA metabolites and yielded further 43 UVA metabolites. Despite the fact 
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that the new ‘lumox® protocol’ was set up with a considerably reduced cell numbers compared 

to standard protocols (250,000 instead of 1,000,000 cells), a reliable total number of metabolites 

was detected (Table 2.2 and Table 2.3). As an overall control for fast sample collection, the 

washing buffer was substituted with iso-osmolar 13C-labeled glucose to exclude washing 

artifacts. Since there were intracellular 13C-labeled molecules detected, the presented results 

truly reflect the intracellular metabolome of melanoma cells and are not technically biased. 

 Untargeted metabolite analysis by principle component analysis (PCA) of 38 

MVA_UVA intracellular metabolites showed good separation of all four sample groups, 

WM3734Tet3G-KDM5B, WM3734Tet3G-EGFP, WM3734shKDM5B , and WM3734scrambled, in the first and 

second component (Figure 2.8 A, left panel). Group separation was mainly driven by 

differences in fatty acids, amino acids and a few energy metabolites. The corresponding PCA 

loadings plot showed the contribution of metabolites to the separation with each dot 

representing an intracellular metabolite (Figure 2.8 A, right panel). Extracellular (supernatant) 

metabolites showed less separation between all groups; however, also here some differences 

between the knockdown and the overexpression systems were visible, mainly those driven by 

amino acids and fatty acids (Figure 2.8 B). 
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Figure 2.8 Untargeted metabolite analysis of KDM5B-regulated WM3734 melanoma cells. 
A PCA score plot of 38 MVA_UVA intracellular metabolites in WM3734Tet3G-KDM5B and WM3734shKDM5B 
cells vs. respective controls as detected by LC-HRMS (n = 6-7/group, left panel). Each symbol 
represents one biological replicate. Corresponding PCA loadings plot shows contribution of 
metabolites to the separation with each dot representing an intracellular metabolite (right panel). 
B PCA score plot of 44 MVA_UVA supernatant metabolites (n = 6-8/group, left panel). Corresponding 
PCA loadings plot shows contribution of metabolites to the separation with each dot representing a 
supernatant metabolite (right panel). Metabolites are colored according to metabolite classes. 
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Next, I investigated how the observed differences in PCA were reflected on the level of distinct 

metabolites. At first, a potential biological bias of the applied expression models was excluded 

by comparison of WM3734Tet3G-EGFP control cells vs. WM3734scrambled control cells. ANOVA 

was applied specifically to identify significantly differentially regulated metabolites across both 

KDM5B expression models. A statistically suitable ANOVA model was the ‘two factorial 

design with interaction’ (KDM5Blow - KDM5Bhigh * KDM5Bcontrol groups, see Methods Chapter 

6.6 and Supplemental Table 1). Indeed, the metabolic turnover of energy-related metabolites 

(e.g. NADH, NADPH, ATP, GTP, UTP) and protein building blocks, especially essential amino 

acids (Leu, Ile, Phe, Met, Val, Trp), were detected at different levels between WM3734Tet3G-

EGFP and WM3734scrambled control cells. Therefore, for subsequent targeted analysis, each 

expression model was normalized against its respective control, namely WM3734Tet3G-KDM5B 

cells vs. WM3734Tet3G-EGFP control cells and WM3734shKDM5B cells vs. WM3734scrambled control 

cells. From now on, the normalized KDM5B expression levels are referred to as ‘KDM5Bhigh’ 

and ‘KDM5Blow’. The targeted metabolite analysis unraveled a significant decrease of 

intracellular oxidized glutathione (GSSG), ADP, and tryptophan, as well as a significant 

increase in hexose mono-phosphate and phenylpyruvic acid in WM3734Tet3G-KDM5B cells (Figure 

2.9, lower panel, Table 2.2, Table 2.3). WM3734shKDM5B cells displayed a significant decrease 

in reduced glutathione (GSH), glutamic acid, hexose mono-phosphate, NADH, NADP, and 

ATP, as well as an increase of 6-phosphogluconic acid, 3-phosphoglyceric acid, and hexose di-

phosphate (Figure 2.9, upper panel, Table 2.2, Table 2.3). Thus, the intracellular metabolic 

profiles of KDM5B-dependent melanoma cells strongly point to an upregulation of OXPHOS 

via enhanced glutaminolysis, a parallel increase in glutathione redox metabolism, and a 

glycolytic switch into the PPP for higher NDAPH generation. 
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Table 2.2 List of significantly detected intracellular metabolites in KDM5B-dependent WM3734 
melanoma cells. 
Depicted data are extracted from Supplemental Table 1. Color code is shown in Table 2.3. 
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Table 2.3 Color codes of statistical analysis from detected metabolites. 

COLOR CODE STATISTICAL REFERENCE 

p<0.1 
indicative of a trend, can be used for interpretation if biologically connected 
metabolites show same trend 

p<0.05 classical significance level 

p<0.01 highly significant 

ratio<0.8 AND p<0.05 
metabolite significantly decreased (BH adjusted p value used for coloring, equals 
more than 20% metabolite level change) 

ratio<0.8 AND p<0.01 
metabolite highly significant decreased (BH adjusted p value used for coloring, 
equals more than 20% metabolite level change) 

ratio>1.2 AND p<0.05 
metabolite significantly increased (BH adjusted p value used for coloring, equals 
more than 20% metabolite level change) 

ratio>1.2 AND p<0.01 
metabolite highly significant increased (BH adjusted p value used for coloring, 
equals more than 20% metabolite level change) 
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Figure 2.9 Volcano plots of the relative abundance ratios of the detected intracellular 
metabolites depending on the KDM5B expression level. 
Horizontal lines represent significance levels, i.e. black p=0.01, orange p=0.05, and grey p=0.1. 
Vertical lines represent abundance ratios of 0.8, 1, and 1.2. All metabolites with significantly changed 
ratios (p-values below 0.1) are marked by ↑ ↓ arrows indicating the direction of change. All other 
metabolites are represented by dashes. Metabolites are colored according to metabolite classes. 
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In the supernatant of WM3734Tet3G-KDM5B cells, a significant enrichment for guanine and 

hypoxanthine was observed; while oxidized glutathione, AMP, and hexose were decreased 

(Figure 2.10 lower panel, Table 2.3, Table 2.4). The supernatant of WM3734shKDM5B cells 

showed increased acetolactic acid, riboflavin, and 1.5-anhydrosorbitol. Guanin, hypoxanthine, 

and AMP declined compared to WM3734scrambled cells (Figure 2.10 upper panel, Table 2.3, 

Table 2.4). 

 

Table 2.4 List of significantly detected metabolites in supernatant of KDM5B-dependent 
WM3734 melanoma cells. 
Depicted data are extracted from Supplemental Table 1. Color code is shown in Table 2.3. 
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Figure 2.10 Volcano plots of the relative abundance ratios of the detected supernatant 
metabolites depending on the KDM5B expression level. 
Horizontal lines represent significance levels, i.e. black p=0.01, orange p=0.05, and grey p=0.1. 
Vertical lines represent abundance ratios of 0.8, 1, and 1.2. All metabolites with significantly changed 
ratios (p-values below 0.1) are marked by ↑ ↓ arrows indicating the direction of change. All other 
metabolites are represented by dashes. Metabolites are colored according to metabolite classes. 

 

 

 



 RESULTS 

40 

By direct comparison of metabolite signatures between KDM5Bhigh and KDM5Blow cells, 11 

intracellular and 9 extracellular metabolites were identified that passed the Benjamini-

Hochberg (BH) adjusted p-value < 0.1. Again, intracellular glutamic acid, hexose di-phosphate, 

3-phosphoglyceric acid, 6-phosphogluconic acid, AMP, GDP, NADPH, and NADH showed 

dependence on KDM5B expression levels (Figure 2.11, Table 2.2, Table 2.3). Guanin, 

hypoxanthin, hydroxyphenyllactic acid, α-KG, caproic acid, heptylic acid were found in the 

supernatants (Figure 2.12, Table 2.3, Table 2.4). Thus, the metabolic profiles found in 

KDM5Bhigh cells were characteristic for an enhanced glutathione-dependent redox capacity. 

Furthermore, my results also showed a shift from glycolysis towards the PPP, which is indicated 

by higher hexose and hexose-mono-phosphate, but not hexose-di-phosphate levels (the PPP 

product NADPH is an essential cofactor for reduction of GSSG to GSH). Furthermore, one of 

the early PPP intermediates, 6-phosphogluconic acid, was virtually depleted in KDM5Bhigh 

cells. This was shown by the high PPP flux and the increase in products of the PPP as compared 

to controls. Another indicator of elevated antioxidant capacity in cells with high KDM5B 

expression was the significantly reduced secretion of antioxidant hydroxyphenyllactic acid in 

the supernatant. In sum, these observations indicated that the adjustment of KDM5B expression 

in melanoma cells is followed by specific metabolic shifts, especially in oxidative bioenergetics 

pathways and redox homeostasis by glutaminolysis/GSH. 
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Figure 2.11 Significantly regulated intracellular metabolites of both expression models as 
displayed by plotting ANOVA t-values after normalization to respective controls. 
The magnitude of t-values is indicative for the difference in metabolite values relative to the variance 
and, as such, a high absolute t-value represents a more robust change. Metabolites marked with filled 
circles are significantly different in both expression models (BH adjusted p<0.1). All other metabolites 
(may be possibly significantly regulated in one or the other KDM5B-comparisons) are represented by 
empty circles or dashes for small t-values (t<2). Metabolites are colored according to metabolite 
classes (upper panel). Ratios of metabolite levels (medians) from the 11 intracellular metabolites that 
show a highly significant difference in ANOVA t-t-analysis (lower panel). 
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Figure 2.12 Significantly regulated supernatant metabolites of both expression models as 
displayed by plotting ANOVA t-values after normalization to respective controls. 
The magnitude of t-values is indicative for the difference in metabolite values relative to the variance 
and, as such, a high absolute t-value represents a more robust change. Metabolites marked with filled 
circles are significantly different in both expression models (BH adjusted p<0.1). All other metabolites 
(may be possibly significantly regulated in one or the other KDM5B-comparisons) are represented by 
empty circles or dashes for small t-values (t<2). Metabolites are colored according to metabolite 
classes (upper panel). Ratios of metabolite levels (medians) from the 9 supernatant metabolites that 
show a highly significant difference in ANOVA t-t-analysis (lower panel). 
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2.3 Functional modulation of the H3K4 demethylase KDM5B changes the 

metabolic phenotype of melanoma cells 

2.3.1 Seahorse Mito Fuel Flex analysis of KDM5B-dependent melanoma cells 

To investigate the impact of the activity of KDM5B on the oxidative metabolism of melanoma 

cells, I applied the Seahorse Mito Fuel Flex assay, which estimates the contribution of the three 

major metabolic fuels, glucose, glutamine, and fatty acids to mitochondrial oxidation. Those 

measurements were done on living cells in real-time without interruption of the cellular 

metabolic activity and reflect a realistic representation of the physiologic cell metabolism. 

Interestingly, overexpression of KDM5B in the melanoma cell line WM3734 led to a significant 

increase in glucose, glutamine, and fatty acids dependency as compared to the EGFP-

overexpression control (Figure 2.13, left panel). The respiratory flexibility in all three metabolic 

pathways of KDM5Bhigh cells was simultaneously decreasing. After KDM5B-knockdown, 

exactly the opposite effects were seen for glucose, glutamine, and fatty acid dependency, 

however, with similar capacities (Figure 2.13, right panel). The LC-HRMS profiles suggested 

that KDM5Bhigh cells process higher intracellular levels of the housekeeper fatty acid complex 

(lauric acid, myristic acid, palmitic acid, and stearic acid), which are substrates for -oxidation. 

In sum, this suggests that KDM5Bhigh melanoma cells broaden their mitochondrial metabolism 

from being mainly glutamine-dependent to additionally glucose- and fatty acid-utilizing cells. 

 

Figure 2.13 Seahorse Mito Fuel Flex analysis of KDM5B-dependent WM3734 melanoma cells. 
Representative example of 3 independently performed experiments; effects of KDM5B 
overexpression (left panel) and KDM5B knockdown (right panel) on the mitochondrial oxidation of 
glucose, glutamine, or fatty acids (n = 3-8/group); data represent mean ±SD, t-test p<0.05 versus 
respective controls. 
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2.3.2 Functional characterization of metabolic profiles in KDM5B-dependent 

melanoma cells 

To investigate the glucose consumption rate and the lactate secretion rate of KDM5B-dependent 

melanoma cells, the cell culture supernatant of melanoma cells was analyzed at different time 

points at the central laboratory of the University Hospital Essen (using the ADVIA Clinical 

Chemistry system, Siemens). At first, the general glucose consumption of WM3734 cells was 

measured at 3 different time points (Figure 2.14 A). In comparison to the blank medium control, 

57% of the glucose from the media was consumed after 24 h accompanied by an increase of 

secreted lactate from 0.1 up to 5.4 mmol/l (Figure 2.14 A). Interestingly, when melanoma cells 

were left without supply of new glucose (medium replacement), they switched their metabolic 

regulation from lactate secretion to lactate consumption as a source of carbon and energy, which 

was shown by a decrease in lactate concentration after 7 days in the absence of glucose (Figure 

2.14 A). In a second experiment, I planned to investigate the effect of KDM5B on glucose 

consumption between 12 h to 72 h. It is important to note that a lower number of cells was 

seeded as compared to the first initial experiment, which resulted in a generally lower glucose 

consumption rate. In accordance with the Seahorse Mito Fuel Flex analysis, stable knockdown 

of KDM5B decreased the glucose consumption rate of WM88 and WM3734 cells in 

comparison to scrambled control (Figure 2.14 B). 
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Figure 2.14 Glucose consumption rate and lactate secretion rate of KDM5B-dependent 
melanoma cells. 
A Glucose consumption rate and lactate secretion rate of human melanoma cells; Tu2% is used as 
medium blank. Quantification of glucose concentration was performed spectrophotometrically at 340 
nm as a single measurement (ADVIA Clinical Chemistry, Siemens); quantification of lactate 
concentration was performed spectrophotometrically by ‘two filter endpoint measurement’ at 340 nm 
and 383 nm (ADVIA Clinical Chemistry, Siemens). B Glucose concentration in supernatant of 
melanoma cells after shRNA-mediated knockdown; n=3. 

 

Furthermore, I investigated the effects of KDM5B expression modulation on the cellular energy 

charge. The generally higher OXPHOS rate and broader substrate utilization for OXPHOS was 

seen in the Seahorse analysis and this indicated a higher ATP production in KDM5Bhigh cells 

as compared to KDM5Blow cells. However, analyzing the ATP and ADP levels of my LC-

HMRS results, I found that KDM5Bhigh melanoma cells had a similar energy charge like 

KDM5Blow cells as calculated by [(ATP+0.5*ADP)/(ATP+ADP+AMP)], indicating a higher 

ATP consumption in KDM5Bhigh cells. This could mean that right after production, the elevated 

ATP levels of KDM5Bhigh cells were again used for other metabolic processes (Figure 2.15). 
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Figure 2.15 Normalized energy charge ratios in WM3734 cells after KDM5B expression 
modulation. 
Calculation was done based on LC-HRMS metabolomics data, t-test p<0.05. 

 

Since all data so far strongly pointed to a KDM5B-dependent regulation of glutaminolysis and 

enhanced glutathione redox metabolism, I next examined the functional glutathione redox 

capacity of melanoma cells upon KDM5B expression modulation and chemical histone 

demethylase inhibition. Here, I discovered that KDM5B overexpression is significantly 

associated with high glutathione redox capacity (GSH/GSSG ratio), while KDM5B knockdown 

led to a reduced glutathione redox capacity (Figure 2.16 A). After treatment with the chemical 

histone demethylase inhibitors (KDMi) 2,4-PDCA and GSK-J1, there was a significant 

decrease in the GSH/GSSG ratio similar to KDM5B knockdown in WM3734 melanoma cells 

(Figure 2.16 B). 

 

Figure 2.16 Effects of histone demethylase modulation on the redox capacity of WM3734 
melanoma cells. 
A Analysis of the cellular glutathione redox capacity after KDM5B expression modulation as assessed 
by the GSH/GSSG-Glo™ Assay (left panel). For confirmation, the GSH/GSSG ratio was calculated 
also from the LC-HRMS data set (right panel). B GSH/GSSG-Glo™ Assay after chemical histone 
demethylase inhibition with 1 µM 2,4-PDCA and GSK-J1 (48h treatment). 
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LC-HRMS metabolomics also revealed a shift from glycolysis towards PPP in KDM5Bhigh 

cells. Thus, the activity of glucose-6-phosphate dehydrogenase (G6PD) was analyzed. G6PD 

catalyzes the conversion of glucose-6-phosphate to 6-phosphoglucono-d-lactone and is the first 

and rate-limiting step of the PPP. Indeed, the enzymatic activity of G6PD was significantly 

increased in KDM5B-overexpressing cells and decreased in KDM5B-knockdown cells (Figure 

2.17). 

 

Figure 2.17 Analysis of the cellular G6PD activity after KDM5B expression modulation. 
Assessed by the Glucose-6-Phosphate Dehydrogenase Assay Kit™ on WM3734 melanoma cells; all 
data represent mean ±SD, t-test p<0.05 versus respective controls. 

 

Generally, an increase in OXPHOS dependency is known to enhance ROS, which needs to be 

detoxified to maintain cancer cell viability. The elevated flux through the PPP in KDM5Bhigh 

cells which was suggested above by the observed increase of G6PD activity should lead to the 

generation of NADPH and NADH, which are essential cofactors for ROS detoxification by 

GSH. Because of that, I next analyzed the NADH/NAD ratio using the LC-HRMS data. Indeed, 

this indicated a significantly higher NADH/NAD ratio in KDM5Bhigh melanoma cells as 

compared to KDM5Blow cells (Figure 2.18 A). Interestingly, there was no significant difference 

in the NADPH/NADP ratio between the KDM5Bhigh and KDM5Blow cells (Figure 2.18 B). A 

possible reason could be that KDM5Bhigh cells may truly have an elevated flux through PPP 

and, thus, higher production of NADPH, but at the same time they may also have a higher 

consumption rate of generated NADPH for redox control. 
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Figure 2.18 Normalized NADH/NAD (A), and NADPH/NADP (B) ratios after KDM5B expression 
modulation in WM3734 cells. 
Calculation was done based on LC-HRMS metabolomics data, t-test p<0.05. 
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2.4 H3K4 demethylase-dependent regulation of metabolic key enzymes in 

melanoma cells 

So far, the metabolomics data and also the results from the functional metabolic assays suggest 

that KDM5B-mediated histone demethylation represents a superior epigenetic control 

mechanism of melanoma cell metabolism, in particular oxidative processes linked to 

mitochondrial bioenergy supply or redox homeostasis. The following experiments were 

performed to investigate whether there is also a functional correlation between the expression 

of KDM5B and selected metabolic genes that I have seen before in the analysis of KDM5B-co-

expressed transcripts in the TCGA and Tirosh data sets (Figure 2.1. and Figure 2.2.). In detail, 

I wanted to identify transcriptionally regulated metabolic key enzymes after KDM5B-

knockdown and overexpression by qPCR (Figure 2.19). However, all the selected ‘metabolic 

hubs’ (according to the literature) showed no consistent correlation or reciprocal regulation with 

the KDM5B-dependent phenotype. In detail, high standard deviations and generally minor 

regulation of expression compared to respective controls were detected. 

 

Figure 2.19 KDM5B-dependent expression of metabolic genes identified by analysis of TCGA 
and Tirosh data sets in WM3734 melanoma cells. 
QPCR of metabolic gene transcripts after KDM5B-knockdown and -doxycycline-induced 
overexpression in WM3734 cells. Results were normalized to scrambled shRNA or Ø-doxycycline 
control; data represent mean ±SD. 
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Therefore, in the next step, I selected candidate metabolic genes based on the LC-HMRS 

metabolome profile using Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis 

(Figure 2.20). The advantage of this approach was that the LC-HMRS metabolome data were 

derived from a single melanoma cell line (WM3734) with a uniform genetic background and 

stable control of the KDM5B phenotype. Thus, any bias on gene transcription due to genetic 

intratumor heterogeneity or co-captured non-melanoma cells could be avoided. The expression 

of selected candidate genes was analyzed by qPCR after KDM5B siRNA knockdown for 120 

h, or doxycycline-induced overexpression for 8 days (Figure 2.20 A), or after exposure to the 

chemical histone demethylase inhibitors GSK-J1, PBIT and 2,4-PDCA after a treatment for 6 

days (Figure 2.20 B). 

 Here, I found a significant regulation of the expression of some of the selected genes: 

e.g. the expression of the ketone body-utilizing enzyme acetoacetyl-coA synthetase (AACS), 

the hydrolase acylphosphatase 1 isoform c (ACYP1-c), or the ribose-phosphate 

diphosphokinase 2 (PRPS2). AACS is involved in fatty acid oxidation as indicated by changes 

in LC-HMRS of palmitic acid, margaric acid, stearic acid, and AMP. ACYP1-c is involved in 

various phosphorylation processes as indicated by changes in LC-HMRS in 3-phosphoglyceric 

acid which is an intermediate from glucose to acetyl-CoA, regulates 6-phosphocluconic acid, 

and also processes acetylphosphate. PRPS2 is involved in the synthesis of purines and 

pyrimidines, as indicated by the LC-HMRS changes in ATP and glutamine. 
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Figure 2.20 Epigenetic modulation of candidate metabolic key enzymes identified by LC-HRMS 
metabolic profiles in WM3734 melanoma cells. 
A QPCR of metabolic gene transcripts after siRNA-knockdown of KDM5B after 120 h or doxycycline-
induced overexpression in WM3734 cells for 8 days. B Expression of metabolic genes after chemical 
histone demethylase inhibition of WM3734 cells at indicated concentrations for 6 days. Results were 
normalized to respective controls; data represent mean ±SD. 

 

Furthermore, there was a consistent downregulation upon functional histone demethylase 

inhibition (at least for treatment with GSK-J1 and 2.4-PDCA) of the metabolic enzymes 

ACYP1-c, EARS2, GOT2, MARS2, NARS2, PDE3A, PDE7A, PFAS, PRPS2, and WARS (Figure 

2.20). Also, the expression of glutaminase (GLS) was consistently significantly regulated 

(decreased) across several experimental conditions, i.e. after GSK-J1 and 2,4-PDCA treatment 

as well as KDM5B knockdown (Figure 2.21). GLS plays an essential role in glutaminolysis and 

production of glutamate from glutamine as indicated by changes in glutamic acid and N-acetyl 
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glutamic acid in LC-HMRS. The results of my gene expression analysis indicate a direct 

functional epi-metabolic regulation of KDM5B on the expression of metabolic enzymes. The 

inconsistent results of the histone demethylase inhibitors applied here can be a consequence of 

the generally low specificity of this group of chemical compounds. More promising results 

should be expected by second generation KDM inhibitors with higher specificity for distinct 

members of the KDM family (like cpd46, see Discussion). In addition, the physiological 

function of metabolic enzymes is not always correlating with their mRNA expression, since 

post-translational modifications and other signaling mechanism also have a high impact on the 

actual regulation of metabolic processes. 

 

Figure 2.21 Chemical histone demethylase inhibition and KDM5B-knockdown significantly 
regulates the expression of glutaminase in WM3734 cells. 
QPCR analysis of glutaminase (GLS) after chemical histone demethylase inhibition of WM3734 cells 
at indicated concentrations for 72h and siRNA-mediated KDM5B knockdown 72h post transfection. 
Results were normalized to either DMSO or scrambled siRNA treatment; data represent mean ±SD, 
t-test p<0.05 versus respective controls. 
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2.5 Chemical H3K4 demethylase inhibition has implications on the malignant 

phenotype of melanoma cells 

The results of my study so far suggested that, the H3K4 demethylase KDM5B represents a 

superior epigenetic regulator of the metabolic landscape in melanoma. Therefore, I investigated 

the effects of currently available chemical modulators of the histone demethylase activity on 

the malignant phenotype of melanoma cells. Different melanoma cell lines were treated with 

GSK-J1 and 2,4-PDCA using different concentrations and different culture systems. Treatment 

of the melanoma cell lines WM3734 and WM88 in regular 2D culture with GSK-J1 and 2,4-

PDCA first showed a slight increase in cell proliferation compared to the DMSO control, but 

then proliferation slightly slowed down, especially at higher drug concentrations. GSK-J1 

seemed to be the more effective drug (Figure 2.23 A). Whole cell protein levels of KDM5B and 

H3K4me3 were analyzed by immunoblotting to confirm that the observed effects on melanoma 

cell proliferation were truly associated with epigenetic modulation of histone demethylation. 

Indeed, there was an increase of H3K4me3 after treatment with GSK-J1 and 2,4-PDCA in both 

melanoma cell lines (Figure 2.23 B, see 6.5.1 for mutational status). This was also true after 

treatment with another previously described KDMi, PBIT, that has a higher affinity for KDM5B 

than for other KDM5 members or KDM6A and KDM6B (Sayegh et al., 2013) (Figure 2.23 B). 
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Figure 2.22 Chemical histone demethylase inhibition affects short-term proliferation of 
melanoma cells. 
A Representative examples of 3 independently performed MTT proliferation assays under treatment 
with GSK-J1 and 2.4 PDCA in two different melanoma cell lines; 6-fold measurement per 
concentration. Data represent mean ±SD, t-test p<0.05 versus DMSO control.  
B Western Blot analysis of WM3734 melanoma cell lysates after treatment with histone demethylase 
inhibitors at indicated concentrations for 72h; protein signals quantified with ImageJ Software (signals 
normalized to Tubulin). 

 

Long-term treatment of melanoma cell lines in 2D over 3 weeks did not cause dramatic changes 

in cell numbers indicating low overall cytotoxicity of GSK-J1 and 2,4-PDCA in melanoma cells 

(Figure 2.24 A). However, treatment with PBIT had a strong anti-proliferative effect in a 

concentration dependent manner on all analyzed melanoma cell lines, irrespective of their 

mutational state (Figure 2.24). Furthermore, when applied to long-term 3D soft agar assays (4 

weeks), particularly GSK-J1 and PBIT yielded in a significant reduction of colony formation 

capacity in a 3D-soft agar assay (Figure 2.24 B). 
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Figure 2.23 Chemical histone demethylase inhibition decreases the long-term proliferation and 
colony formation capacity of melanoma cells. 
A Representative images of 3 independently performed crystal violet assay of WM3734, MelJuso, 
and MeWo melanoma cells after treatment for 21 days with GSK-J1, PBIT, and 2,4-PDCA; 3-fold 
measurement per concentration. B Representative images of 3 independently performed soft agar 
colony formation assays under treatment with GSK-J1, PBIT, and 2,4-PDCA in WM3734 melanoma 
cells after 4 weeks of treatment; 3-fold measurement per concentration (left panel). Colony-formation 
unit of all assays quantified with ImageJ (right panel). 

 

Furthermore, the effect of KDMi on melanoma cell invasion in a 3D collagen-embedded 

spheroid matrix was investigated. Here, GSK-J1 and PBIT, but not 2,4-PDCA, reduced the 

invasion area significantly after 14 days of treatment (Figure 2.25). In sum, chemical histone 

demethylase inhibition decreased melanoma cell proliferation in 2D cultures and, more 

importantly, it could decrease colony formation abilities and impaired spheroid invasion in 3D 

culture conditions. 
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Figure 2.24 Chemical histone demethylase inhibition impairs the invasion capacity of WM3734 
melanoma cells. 
A Representative images of 3 independently performed 3D collagen invasion assays under treatment 
with GSK-J1, PBIT, and 2,4-PDCA in WM3734 cells (pictures taken at d14, 5x magnification). B 
Quantification of the invasion area of three assays using ImageJ (at least 4 spheroid replicates per 
concentration); all data represent mean ±SD, t-test p<0.05 versus DMSO controls. 

 

Resistance against various treatments such as MAPK inhibition is a major obstacle for 

continuous improvement of melanoma therapy. It has been shown in the past that melanomas 

under targeted therapy with BRAFV600E inhibitors select for cells with high KDM5B expression 

and OXPHOS-driven bioenergy production (Haq et al., 2013; Roesch et al., 2013; Yuan et al., 
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2013). Consistent with that, an upregulation of both KDM5B and the master regulator of 

mitochondrial OXPHOS, PGC1α, in paired tumor samples of 17 melanoma patients before and 

under treatment with BRAFV600E inhibitors was confirmed in my study (Figure 2.26). 

Figure 2.25 KDM5B and PGC1α tissue expression levels in melanoma samples from 17 
patients before and under targeted therapy with BRAF inhibitors. 
A Graphical overview of (FFPE) sample collection from melanoma patients. B Representative 
immunohistochemical staining of matched melanoma samples against KDM5B and PGC1α. Scale 
bar represents 50 µm. C Scored signal intensities from 17 patients upon treatment with vemurafenib 
or dabrafenib; paired t-test p<0.05. 

 

Finally, I investigated the effect of KDMi on BRAFi-resistant melanoma cells. I could 

demonstrate that the vemurafenib-resistant patient-derived melanoma cell-lines WM983B-BR 

and 451Lu-BR showed a modest decrease in 2D cell proliferation after GSK-J1 and PBIT 

treatment, but not 2,4-PDCA (Figure 2.27 A). Interestingly, when applied to long-term 3D soft 

agar assays, particularly GSK-J1 and PBIT showed a strong reduction of colony formation 

(Figure 2.27 B), indicating that also drug-resistant melanoma cells respond to the chemical 
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histone demethylase inhibition similar to their naïve parental cell lines. Finally, long term 

treatment with PBIT significantly reduced the invasion area in a 3D collagen-embedded 

spheroid matrix (Figure 2.27). The results of these experiments suggested that the application 

of KDMi might be indeed a novel strategy to tackle therapy resistance in melanoma. Certainly, 

in vivo experiments have to be performed in future studies; however, this would require further 

developed compounds with better bioavailability. 
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Figure 2.26 Chemical histone demethylase inhibition in drug-resistant melanoma cells. 
A Representative examples of 3 independently performed MTT proliferation assays under treatment 
with GSK-J1, PBIT, and 2,4-PDCA in different BRAFV600E-inhibitor-resistant melanoma cell lines 
(WM983B-BR, 451Lu-BR) versus their treatment-naïve counterparts (WM983B, 451Lu); 6-fold 
measurement per concentration. B Representative images of 2 independently performed soft agar 
colony formation assays after 4 weeks of treatment; 3-fold measurement per concentration (left 
panel). Colony-formation quantified with ImageJ (right panel) C Representative images of 3 
independently performed 3D collagen invasion assays on WM983B and WM983B-BR (left panel, 
pictures taken at d14, 5x magnification). Quantification of the invasion area of three assays using 
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ImageJ (at least 4 spheroid replicates); all data represent mean ±SD, t-test p<0.05 versus DMSO 
controls (right panel). 
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3 Discussion 

Despite modern cancer therapies, most patients with metastatic melanoma eventually succumb 

to their disease. Next to the genetic evolution of resistant cell clones, high phenotypic plasticity 

of melanoma cells promotes the fast emergence of drug resistant cell subpopulations (Kemper 

et al., 2014). Recent transcriptomic and epigenetic large-scale analyses point to an 

understanding of melanoma as a highly flexible system with constant interconversion of cell 

identities depending on the present therapeutic context (Roesch et al., 2016; Su et al., 2017a). 

Furthermore the cellular metabolism plays a critical role in resistance, as malignant cells show 

the ability to quickly adapt their metabolism to current needs (DeBerardinis et al., 2016; 

Ratnikov et al., 2017; J. Zhang et al., 2017). Epigenetic remodeling of chromatin is another 

mechanism how cells are able to shift between phenotypic states. Now, there is increasing 

evidence that such epigenetic changes interact with the cellular metabolism in a bi-directional 

manner (Kinnaird et al., 2016; Pan et al., 2016; Wong et al., 2017). 

 It has been previously shown in melanoma that the development of drug-resistance is 

driven by a slow-cycling cell state, which is characterized by (i) high expression of the histone 

H3K4 demethylase KDM5B (KDM5Bhigh) and (ii) elevated mitochondrial ATP production 

(OXPHOS) compared to the rather glycolysis-dependent rapidly proliferating tumor bulk 

(Roesch et al., 2010; Roesch et al., 2013; Sharma et al., 2010; Tirosh et al., 2016; Yuan et al., 

2013). This finding was supported by results from Haq and colleagues, who demonstrated that 

treatment of BRAF-mutated melanomas with BRAF inhibitors renders them addicted to 

OXPHOS through upregulation of the mitochondrial master regulator PGC1α (Haq et al., 2013; 

Haq et al., 2014). The OXPHOS-driven phenotype of non-proliferative cells is described to be 

an evolutionary and highly conserved metabolic phenomenon, which can be found in 

unicellular organisms, in stem cells of multicellular organisms, and in fully differentiated cells 

(Roesch, 2015; Vander Heiden et al., 2009). So far, the exact contribution of the different 

metabolic pathways fueling oxidative energy production in resistant melanoma cells has not 

been characterized. The results of my thesis shed more light on the metabolic landscape of 

resistant melanoma cells and revealed the distinct epi-metabolic modulations contributing to 

this malignant phenotype. By characterizing the epi-metabolic ‘Achilles’ heel’ of the 

KDM5Bhigh multi-drug resistant melanoma cell phenotype, I demonstrated that chemical 

inhibition of histone demethylases may represent a novel strategy to reprogram the metabolome 

of melanoma cells and, by this, could improve therapy response. 
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3.1 Transcriptional profiling shows correlation between KDM5B expression 

and the expression of metabolic genes 

Thus far, the correlation between the expression of the histone H3K4 demethylase KDM5B and 

the expression of metabolic genes has not been investigated yet. Thus, a first aim of my thesis 

was to establish a link between the expression profiles of metabolic genes and KDM5B in 

clinically annotated patient tissue samples. It is widely accepted that the systematic analysis of 

public transcriptomic data sets like the RNA profiles of cancer samples from TCGA can unravel 

significant correlations between the expression patterns of distinct, e.g. metabolic, genes and 

the survival of cancer patients (Gaude et al., 2016). Comparable to the conceptual design to my 

thesis, Gaude and colleagues identified specific metabolic features across 20 different cancer 

types, including melanoma (SKCM) by transcriptome analysis of TCGA data, which 

significantly correlated with the tumorigenic potential and patient prognosis. Moreover, other 

similar studies (e.g. on bladder cancer) described that in parallel to targeted mass spectrometry 

an unbiased pathway analysis of TCGA data enables the integration of metabolic and 

transcriptomic profiling to enhance data set size and applicability to biological processes (Peng 

et al., 2018; von Rundstedt et al., 2016). 

 In my thesis, an initial analysis of total tumor gene expression profiles of melanoma 

patients from TCGA and of single cell RNAseq profiles of melanoma patients from the Tirosh 

data, proved a significant correlation between KDM5B expression and genes that are involved 

in metabolic processes. Moreover, the analysis showed that 29 of 154 genes (18.9 %) that 

correlate with the expression of KDM5B encode for central metabolic proteins. Interestingly, 7 

of these identified 29 metabolic genes have known functions in mitochondrial processes, energy 

metabolism, or are involved in control of intracellular redox capacity. For instance, the 

metabolic enzymes encoded by GPX4 or GLRX are two essential regulators of glutathione ROS 

detoxification or ferroptosis signaling (Kalinina et al., 2014; Yang et al., 2014). Based on this 

transcriptomic analysis of melanoma patients, the first part of my study strongly suggests an 

epi-metabolic crosstalk between KDM5B expression and transcripts of genes that are essentially 

associated with mitochondrial energy metabolism, enhanced ROS detoxification and altered 

ferroptosis signaling in melanoma (Baldini et al., 2016; Hangauer et al., 2017; Johnson, 2017; 

Q. Wang et al., 2014). 

3.2 Metabolic profiles in KDM5B-regulated melanoma cells 

Posttranslational modifications of histones, including histone methylation and histone 

acetylation, are in general dynamically regulated and their proper biological function is crucial 
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for epigenetic regulation of gene expression, cell differentiation, and development (Probst et 

al., 2009). To investigate how an epigenetically driven melanoma phenotype can modulate the 

metabolome, in my study, melanoma cells with high expression of KDM5B were first sorted 

by FACS and then prepared for LC-HRMS metabolomics. In my initial sorting approach, I 

separated melanoma cells based on their endogenous expression of KDM5B using a JARID1B-

promoter-EGFP-reporter construct previously established in our group (Roesch et al., 2010; 

Roesch et al., 2013). By a preliminary LC-HMRS analysis of these sorted cells, I could detect 

72 metabolites that were involved in glycolytic pathways, fatty acids, amino acids, and 

glutaminolysis. However, the internal quality control showed that the detected metabolic 

readout was not valid. There was a high standard deviation in the detected signals among the 

technical replicates, which was either caused by dynamically changing cell states or the high 

metabolic stress during the long sorting procedure (30 min of sorting were needed to obtain a 

sufficient cell number for analysis). Other groups also noticed that metabolomics data from 

long cell sorting approaches do not accurately reflect physiological conditions, since the process 

of sorting can introduce oxidative stress, alter the cellular redox state, and change the intensity 

of detected metabolomics signals (Llufrio et al., 2018). 

 Thus, in my second sorting approach, the experimental workflow for FACS and 

subsequent LC-HRMS analysis was revised. A novel optimized and highly standardized setup 

was used that allowed fast processing of the samples to evade previously detected artifacts. 

Now, stable KDM5B expression phenotypes were used, i.e. shRNA knockout and Tet3G 

overexpression systems, and the cell harvest and sorting process accelerated. In brief, this novel 

protocol included the use of lumox® dishes, which allow rapid harvesting of cells in less than 

30 sec to quench metabolic pathways as fast as possible (see Figure 2.7) (Bordag et al., 2016). 

In addition, this protocol was sensitive enough to use only 250,000 cells per run instead of 

1,000,000 cells usually required for standard protocols (M. Klimacek et al., 2010). The protocol 

optimization resulted in technically robust and significantly reliable results as indicated by an 

efficient metabolite extraction that led to detection of housekeeper metabolites (e.g. phthalic 

acid) above the blank background signal in all cell samples but not in UM or supernatants (both 

no lumox® membrane contact with boiling ethanol) and as indicated by low technical 

variability shown by low median relative standard deviation (RSD). Furthermore, as an overall 

control for fast sample collection, my washing buffer was substituted with iso-osmolar 13C-

labled glucose to exclude washing artifacts. Since there were no intracellular 13C-labled 

molecules detected at all, my presented results truly reflect the intracellular metabolome of 

melanoma cells and are not technically biased. 
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 Interestingly, an important finding of the untargeted metabolite analysis of melanoma 

cells with stable shRNA knockdown and doxycycline-inducible Tet3G-overexpression of 

KDM5B was that the basic metabolic profiles of the two expression systems differed 

significantly. In detail, a direct comparison of control cells treated with either scrambled shRNA 

or EGFP overexpression clearly showed that the detected intracellular metabolite profiles 

differed significantly (Figure 2.8). A likely reason is that the enforced protein overexpression 

changed the intracellular demand for macromolecular building blocks for protein biosynthesis 

and presumably caused higher energy consumption (Berg et al., 2002; Kafri et al., 2016). Thus, 

for the direct comparison of both KDM5B-modulating systems, normalization to respective 

controls was performed (Figure 2.11 and Figure 2.12). Thus, technical and biological 

differences could be excluded, which allowed direct data comparison of KDM5Blow and 

KDM5Bhigh melanoma cells from both expression systems and detection of significantly 

changed metabolic profiles. 

 The results presented in my thesis described for the first time the metabolic landscape 

of an epigenetically determined, KDM5B-dependent melanoma cell phenotype. However, 

among the entire metabolites detected by LC-HRMS, especially the oxidative bioenergy 

metabolism and -interconnected to that- the glutamine-glutathione redox pathway emerged as 

major pathways required for KDM5Bhigh cells. In detail, my study not only confirmed the 

OXPHOS-driven phenotype of KDM5Bhigh cells, but also unraveled the complete metabolic 

landscape of KDM5Bhigh melanoma cells on the level of significantly regulated metabolites. 

Most interestingly, the Seahorse Mito Fuel Flex Test, which was done to functionally support 

the LC-HRMS results, unraveled that KDM5Bhigh melanoma cells broaden their mitochondrial 

metabolism from being mainly glutamine-dependent to additionally glucose- and fatty acid-

utilizing. However, the cellular energy charge in KDM5Bhigh cells did not seem to be 

significantly different in comparison to KDM5Blow cells, which could be explained by a higher 

ATP consumption in KDM5Bhigh cells. In agreement, Li and colleagues described that 

abundantly generated ATP can be utilized for anabolic or anti-oxidative processes (C. Li et al., 

2016). My summarized interpretation of these finding is that a broader and more robust 

mitochondrial metabolism probably makes KDM5Bhigh cells more resistant to fluctuations and 

variations of energy substrates and, thus, also less sensitive to exogenous manipulations 

including drug treatment. 

 Indeed, previous approaches aiming to eliminate melanoma cells based on the inhibition 

of single metabolic fueling pathways mostly failed. For example, when our group recently tried 

to eliminate slow-cycling drug-resistant melanoma cells in cell culture and mouse xenograft 
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models by blocking mitochondrial respiration with phenformin, remaining cell subpopulations 

could still be observed (Roesch et al., 2013). Similarly, Lim et al. found in preclinical models 

that suppression of OXPHOS in melanoma cells is easily rescued by HIF1α-mediated induction 

of glycolysis. Dual suppression of OXPHOS and gylcolysis was again compensated by 

enhanced glutamine utilization. Triple therapy, including a glutaminase inhibitor, finally 

stopped tumor growth in the applied xenograft model, but feasibility in a human setting with 

regard to the potentially high toxicity of such metabolic inhibitor combinations is uncertain 

(Lim et al., 2014). Accordingly, also clinical considerations to eliminate melanoma based on 

targeting OXPHOS by application of metformin or elesclomol failed to demonstrate significant 

survival benefit for melanoma patients (Livingstone et al., 2015; O'Day et al., 2013). 

 When melanoma cells were left without supply of fresh media for a period of 7 days, 

they rapidly consumed all glucose from their medium within approximately 48 h and in parallel 

secreted lactate (following the “Warburg effect”). In the physiological context, cells consume 

extracellular lactate as an alternative and unorthodox source of carbon and energy. Cancer cells 

can recapitulate this behavior and exploit it to maintain high metabolic plasticity (Hui et al., 

2017). Subsequent transformation of incorporated lactate to pyruvate by lactate dehydrogenase 

B (LDH-B) allows fueling of pyruvate into the TCA cycle for further energy production 

(Brisson et al., 2016). My results suggested similar conclusions, where I find that melanoma 

cells use this alternative substrate (lactate) as a way to fuel OXPHOS and broaden 

mitochondrial metabolism via increased lactate consumption, which possibly contributes to the 

here investigated KDM5B-dependent melanoma phenotype. What is more, there are several 

reports that show the essential role of LDH-B for maintenance of glycolysis and, cancer 

progression and clinical outcome for certain cancer patients (McCleland et al., 2012; Tambe et 

al., 2016; Zha et al., 2011). Interestingly, based on the TCGA data set (SKCM), 6% of 

melanoma patients show alterations in the LDH-B gene, and, there is a significant correlation 

of high expression of LDH-B with a worse overall survival (comparing upper and lower 10% 

of LDH-B expression profiles). Based on this and my above described findings, I suggest that 

the specific contribution of increased lactate consumption in KDM5Bhigh melanoma needs to 

be further investigated. This can be done through fluxomics and the use of 13C-labled lactate or 

glucose that is supplied in the cell culture media would be a good tool to monitor flux of carbon 

precisely (Heux et al., 2017). 

 An increase in OXPHOS is naturally accompanied by an increase of intracellular ROS 

and oxidative cell stress. As a consequence, enhanced oxidative detoxification is essential for 

survival during malignant transformation of melanoma cells (Garcia-Gimenez et al., 2017; Gill 
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et al., 2016; Solmonson et al., 2018). Especially during metastatic spread and therapy-

resistance, the upregulation of the glutathione redox system as well as NADPH generation, are 

key strategies of melanoma cells to maintain viability (Baenke et al., 2016; Khamari et al., 

2018; Piskounova et al., 2015). Accordingly, I discovered that also KDM5Bhigh cells 

significantly increased their anti-oxidative capacity by maintaining a high GSH/GSSG ratio. 

Additionally, I found evidence for upregulation of the PPP, which is known to be a main source 

of the anti-oxidant co-enzyme NADPH. KDM5Bhigh cells apparently bypass a significant 

amount of glucose for immediate processing in the PPP. As confirmed by my LC-HRMS 

metabolomics, the NADH/NAD ratio is significantly upregulated in KDM5Bhigh cells compared 

to KDM5Blow cells, which emphasizes the higher activity of PPP in this metabolic phenotype 

with enhanced defense mechanism against oxidative stress (Pandolfi et al., 1995). Furthermore, 

KDM5Bhigh cells have higher hexose and hexose-mono-phosphate levels and decreased hexose-

di-phosphate levels. Interestingly, as my data showed, that there is no net NADPH surplus in 

KDM5Bhigh cells as compared to KDM5Blow cells. This may indicate that NADPH production 

via enhanced PPP and NADPH consumption for reconstitution of GSH are well-balanced in 

KDM5Bhigh cells (Figure 3.1). 

 In conclusion, the presented results of my LC-HRMS metabolomics analysis and 

subsequent functional characterization unraveled for the first time the metabolic profile of a 

distinct, epigenetically (KDM5B-) driven melanoma cell subpopulation. The metabolome of 

KDM5Bhigh multi-drug resistant melanoma cells is defined by the modulation of key metabolic 

pathways, which contribute to higher OXPHOS by utilizing all three sources of carbon to fuel 

mitochondria and, in parallel elevated ROS detoxification (Figure 3.1). Targeting KDM5B, as 

a novel epigenetic master regulator of the cellular metabolome, could represent a promising 

strategy to specifically eliminate multi-therapy resistant melanoma cell subpopulations. 
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Figure 3.1 Schematic model of KDM5B-dependent metabolic profiles in melanoma cells. 
The results of my thesis suggest an epi-metabolic crosstalk with increased and broadened oxidative 
bioenergy production, enhanced glycolytic flux to the PPP, and higher GSH redox capacity for ROS 
detoxification in KDM5Bhigh cells (upper panel) and vice versa in KDM5Blow (lower panel) melanoma 
cells. Upregulated metabolites are outlined in black and contributing metabolic enzymes/transporters 
in grey. Blue arrows reflect downregulation, red arrows upregulation Abbreviations: ATP: adenosine 
triphosphate, G6PD: glucose-6-phosphate dehydrogenase, GLRX: glutaredoxin-1, GLS: 
glutaminase, GPX4: glutathione peroxidase 4, GSH: glutathione, GSSG: reduced glutathione, 
KDM5B: lysine-specific demethylase 5B, MCT1: monocarboxylate transporter 1, NADH: nicotinamide 
adenine dinucleotide, reduced, NADPH: nicotinamide adenine dinucleotide phosphate, reduced, 
PPP: pentose phosphate pathway, ROS: reactive oxygen species. 
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3.3 Targeting the histone demethylase KDM5B reprograms the metabolome 

and eliminates resistant melanoma cells 

The therapeutic modulation of the cancer epigenome is an evolving field that showed promising 

results for future therapeutic approaches (Rius et al., 2012; Verma et al., 2018; L. Wang, Leite 

de Oliveira, et al., 2018; L. Wang, Zhao, et al., 2018). As presented in my thesis, chemical 

modulation of the H3K4 demethylase KDM5B was performed to assess whether this may 

represent a superior way of reprogramming the metabolome and, thus, affecting malignant cell 

behavior in melanoma. Based on the LC-HMRS profiles and GSH/GSSG-Glo™ assay results 

after shRNA knockdown of KDM5B, I postulated that targeting the demethylase activity of 

KDM5B could represent a potential way to inhibit melanoma cells. Indeed, my subsequent 

experiments with the chemical compounds (KDMi’s) GSK-J1 or 2,4-PDCA led to a significant 

reduction in the GSH/GSSG ratio and affected transcription of associated metabolic key 

enzymes like GLS in different in vitro models. Due to the supposedly high in vivo dependence 

of melanoma cells on proper ROS detoxification (Baenke et al., 2016; Khamari et al., 2018; 

Piskounova et al., 2015), the use of such chemical approaches could probably also inhibit the 

glutamine-glutathione-redox pathway in more sophisticated mouse models, particularly in the 

therapy-resistant context. 

 In previous work, it was demonstrated that knockdown of KDM5B renders melanoma 

cells more sensitive to drugs like bortezomib or vemurafenib in mouse xenograft models 

(Roesch et al., 2013). When I treated melanoma cells with GSK-J1 and 2,4-PDCA in 2D culture, 

cell killing was observed, however only at higher concentrations. Application of PBIT that has 

a higher affinity for KDM5B than for other KDM5 members, KDM6A, or KDM6B (Sayegh et 

al., 2013) showed higher efficacy in eliminating melanoma cells in the same assay (Figure 

2.26). Interestingly, when I treated melanoma cells under 3D culture conditions (resembling 

more closely the natural microenvironment), melanoma cells showed significantly decreased 

colony sizes in soft agar and decreased invasion in collagen-embedded spheroids primarily after 

GSK-J1 and PBIT treatment. Even a single application of GSK-J1 and PBIT decreased invasion 

significantly. Most importantly, I discovered that GSK-J1 and PBIT treatment decreased the 

colony formation abilities of BRAFV600E inhibitor-resistant melanoma cells with similar efficacy 

as compared to their treatment-naïve counterparts. Furthermore, PBIT treatment impaired the 

invasion of BRAFV600E inhibitor-resistant cell line significantly. This gives hope that, also in an 

in vivo setting, drug-resistant melanoma cell phenotypes could be targeted by histone 

demethylase inhibition. Unfortunately, application of GSK-J1, PBIT, and 2,4-PDCA in mice 

(or patients) is not possible due to their low bioavailability. However, new substances are on 
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the horizon of KDMi development. For example, it would be of great interest to investigate the 

effects of the recently published and highly specific KDM5B inhibitor cpd46 on melanoma, 

which is also approved for in vivo application in mice (Liang et al., 2016). Our lab has just 

gained access to this compound through a material transfer agreement with Roche/Genentech 

and first experiments have been initiated. So far, I saw that application of cpd46 on melanoma 

cells does not cause unspecific immediate overall cell toxicity, but a specific and functional 

increase in H3K4me3 similar to that seen for the rather unspecific KDMi GSK-J1, PBIT, and 

2,4-PDCA. These data are still premature and the effect of cpd46 on melanoma cells should 

further be investigated, particularly also in vivo. In sum, the results of this part of my thesis 

strongly point to an anti-tumorigenic effect of KDMi’s, which might be of great interest for 

future pre-clinical and clinical applications to overcome KDM5B-mediated tumor 

aggressiveness and resistance of melanoma cell subpopulations. 

 On the (epi-)metabolic level, the expression of important metabolic enzymes were 

found significantly and consistently regulated dependent on KDM5B. For instance, the mRNA 

expression of AACS, a key enzyme for fatty acid oxidation, ACYP, a regulator of 

phosphorylation processes, pyruvate and pyrimidine metabolism, and GLS, the gatekeeper 

enzyme for glutaminolysis, were similarly down-regulated upon KDM5B knockdown and 

demethylase inhibition. Nevertheless, the absolute levels of metabolic gene expression might 

not be a suitable readout to investigate involvement of metabolic pathways. Posttranslational 

modifications of enzymes are at least as important as the net enzyme expression for the actual 

control of rapidly adjustable metabolic functions. 

 Certainly, it also would be of great interest to investigate the effects of the metabolic 

phenotype of melanoma cells, which are resistant to current immune therapies. There are more 

and more reports about cancer cells competing with tumor infiltrating T-cells for essential 

metabolites in the tumor microenvironment and, by that, exhibiting strong T-cell-suppressive 

activity (Chang et al., 2015). In another study, a direct metabolic modulation of FA catabolism 

in CD8+ tumor-infiltrating T-cells was shown to improve the therapeutic effect of PD-1 

blockade in melanoma (Y. Zhang et al., 2017). Cascone and colleagues, have recently 

demonstrated that enhanced glycolysis in cancer cells is associated with the efficacy of adoptive 

T-cell therapy (Cascone et al., 2018). However, directly targeting glycolytic capacity of cancer 

cells would subsequently affect T-cell viability, since they also rely on glycolysis to proliferate, 

differentiate and activate immunogenic functions (Palmer et al., 2015). 

Finally, to further address the question of whether there is a direct epigenetic regulation of 

metabolic genes by KDM5B, it would be important to perform a ChIP-Seq analysis in KDM5B-
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dependent melanoma cells with either using an anti-KDM5B-precipitating or an anti-H3K4me3-

precipitating approach. Both experiments are currently being prepared in our lab in follow up 

studies. We are certainly aware that next to KDM5B there are other H3K4 demethylases with 

partly redundant functions, like KDM1A, KDM2A, KDM5A, KDM5C or KDM5D (Gu et al., 

2013). So, the results from both ChIP approaches have to be taken into account for future 

interpretations. 

 In sum, my current data unraveled the metabolic landscape, the transcriptional changes 

of selected enzymatic hubs, and, most importantly, functional changes of melanoma-relevant 

metabolic pathways like the PPP, OXPHOS, and ROS detoxification. The comprehensive 

metabolic characterization of my thesis contributes to a better understanding of therapy resistant 

cell phenotypes in melanoma and revealed a novel epi-metabolic ‘Achilles heel’, i.e. a 

potentially superior target for future therapies. Functional inhibition of KDM5B impairs 

melanoma invasion and colony formation, also of BRAFi-resistant cells. Targeting KDM5B as 

an epigenetic master regulator of cell metabolism might also avoid toxicities of direct metabolic 

inhibitors and, thus, represents an attractive future option also for human drug design. 
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4 Summary, conclusion and outlook 

Melanoma is one of the most heterogeneous tumors among all cancers. Despite the development 

of novel therapeutic approaches including targeted and immune checkpoint therapy, most of 

the patients with advanced melanoma develop resistance and tumor progression after a few 

months. Over recent years, next to purely genetically driven cancer models, phenotypic 

heterogeneity models arose suggesting that there is a dynamic switch between different 

phenotypes allowing cells to functionally escape from therapy.  

 In previous work of our group, a small subpopulation of multi-drug-resistant tumor-

repopulating melanoma cells has been identified that was characterized by high expression of 

the histone H3K4 demethylase KDM5B (also known as JARID1B) and high dependence on 

oxidative phosphorylation (OXPHOS) leading to a higher production of ATP irrespective of 

the cells genetic background. 

 In my thesis, I showed that the expression of KDM5B correlates with the expression of 

various metabolic gene signatures. In detail, the analysis of human melanoma transcriptomes 

published in The Cancer Genome Atlas (TCGA; from whole melanoma tumors) and of 

melanoma single cell RNA sequencing results of the Tirosh data set showed that 154 genes 

significantly overlapped with the expression of KDM5B. 29 of the identified genes (18.9%) 

encoded for central metabolic proteins. Functionally, 7 out of the 29 metabolic genes were 

associated with mitochondrial processes and energy metabolism, or are involved in the control 

of the intracellular redox capacity. 

 The results of my liquid-chromatography-high-resolution-mass-spectrometry (LC-

HRMS) profiling unraveled the metabolome of the multi-drug resistant KDM5B-driven 

melanoma cell phenotype. I set up a novel and fast protocol for standardized, high sensitive 

LC-HRMS of melanoma cells based on functional modulation of the KDM5B expression 

phenotype by shRNA or doxycycline-induced overexpression. Within the KDM5B-dependent 

metabolome, I discovered a significant and highly specific regulation of 11 intracellular 

metabolites and 9 secreted metabolites in the supernatant. In detail, the detected metabolites in 

KDM5Bhigh cells contribute to an enhanced glutathione-dependent redox capacity, reflect a shift 

from glycolysis towards the pentose phosphate pathway (PPP), and show metabolic signatures 

that are characterized by upregulation of oxidative (mitochondrial) bioenergetic pathways. 

Functionally, as confirmed by physiological activity assays (e.g. Seahorse or GSH/GSSG Glo™ 

Assay), overexpression of KDM5B in melanoma cells led to broadening of their oxidative 

metabolism from mainly glutamine-dependent to additionally glucose- and fatty acid-utilizing, 
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upregulation of the pentose phosphate pathway as a source of anti-oxidant NADPH, and 

maintenance of a high GSH/GSSG ratio. 

 Finally, chemical KDM inhibition (GSK-J1, PBIT, or 2,4-PDCA) significantly 

regulated the expression of metabolic key enzymes (e.g. glutaminase). My results showed that 

KDM inhibition decreased proliferation of melanoma cells in a 2D cell culture model and 

significantly reduced colony formation and invasion in 3D models. Most importantly, similar 

effects were observed when KDM inhibitors were applied to BRAF-inhibitor resistant 

melanoma cells. Thus, targeting KDM5B could represent a superior way of modulating the 

metabolome and malignant cell behavior in melanoma. As soon as better bioavailable 

compounds are on hand, pre-clinical in vivo models must be performed to further assess the full 

potential of KDM inhibition in the context of melanoma drug-resistance and systemic tumor 

progression. 
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5 Zusammenfassung und Ausblick 

Das maligne Melanom ist einer der heterogensten Tumore aller Krebsarten. Trotz Entwicklung 

neuer Therapieansätze (z.B. zielgerichtete Therapien oder Immun-Checkpoint-Inhibitoren) 

entwickeln Patienten mit fortgeschrittenem Melanom rasch Resistenzen, die innerhalb von 

wenigen Monaten zu erneutem Tumorwachstum führen. Ein Grund für die funktionelle 

Entstehung dieser Resistenzen ist die hohe phänotypische Tumorheterogenität, welche 

zusätzlich zu auftretenden genetischen Mutationen den dynamischen Wechsel zwischen 

verschiedenen Zellphänotypen erlaubt. 

 Vorangegangene Arbeiten unserer Gruppe konnten eine kleine Subpopulation von 

multi-resistenten Melanomzellen identifizieren, die durch eine hohe Expression der Histon 

H3K4 Demethylase KDM5B (auch bekannt als JARID1B) charakterisiert war. Diese KDM5B-

abhängige Zellsubpopulation fiel zudem durch eine erhöhte Abhängigkeit von der 

mitochondrialen oxidativen Phosphorylierung von ATP (OXPHOS) auf; und zwar unabhängig 

vom jeweiligen Mutationsstatus der Melanomzellen.  

 In meiner Dissertation konnte ich nun zeigen, dass eine Korrelation zwischen der 

Expression von KDM5B und der Expression metabolischer Gensignaturen vorlag. Genauer 

gesagt zeigte meine vergleichende Analyse von publizierten humanen Melanomtranskriptomen 

des TCGA (The Cancer Genome Atlas) mit Einzelzelltranskriptomen des Tirosh-Datensatzes 

eine signifikant Expressionsüberlappung von 154 Genen mit der Expression von KDM5B. 29 

der identifizierten Gene (18,9%) kodierten für metabolische Schlüsselproteine. Zudem waren 7 

dieser 29 Gene funktionell an mitochondrialen Prozessen, dem Energiemetabolismus oder der 

Regeneration von reaktiven Sauerstoffspezies beteiligt. 

 Die Ergebnisse meiner LC-HRMS (liquid-chromatography-high-resolution-mass-

spectrometry) Analyse kartierten das komplette Metabolom des multi-resistenten KDM5B-

abhängigen Melanomzellphänotyps. Grundlegend hierfür war die Neuetablierung eines 

optimierten LC-HRMS-Protokolls zur standardisierten Probenpräparation von KDM5B-

regulierten Melanomzellen unter Verwendung von stabilen shRNA Knockdown- und 

Überexpressionskonstrukten. Meine Analyse zeigt eine signifikante und spezifische Regulation 

von 11 intrazellulären sowie 9 sezernierten Metaboliten in Abhängigkeit der KDM5B-

Expression. Im Detail wiesen meine Ergebnisse darauf hin, dass Melanomzellen mit hoher 

Expression von KDM5B (KDM5Bhigh) funktionell betrachtet (z.B. mittels Seahorse und 

GSH/GSSG Glo™ Assays) einen breiteren und signifikant erhöhten oxidativen 

mitochondrialen Metabolismus (OXPHOS) besaßen. Dabei erweiterten die KDM5Bhigh 
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Melanomzellen ihre Substratspezifität für die OXPHOS und konnten so neben Glutamin auch 

signifikant mehr Glukose, sowie Fettsäuren mitochondrial verstoffwechseln. Parallel dazu 

erhöhten KDM5Bhigh Melanomzellen die Produktion von NADPH durch den 

Pentosephosphatweg, um zusammen mit Glutathion (GSH), als zentralem Antioxidans, die 

Detoxifikation von reaktiven Sauerstoffspezies (ROS) zu ermöglichen. 

 Abschließend konnte ich zeigen, dass die funktionelle KDM-Inhibition mittels GSK-J1, 

PBIT oder 2,4-PDCA signifikant die Expression von zentralen metabolischen Enzymen (z.B. 

Glutaminase) reguliert. Meine Ergebnisse wiesen darüber hinaus darauf hin, dass eine 

Behandlung mit KDM-Inhibitoren die Proliferationsrate sowie die Koloniebildung und das 

Invasionsverhalten von Melanomzellen signifikant reduziert. Insbesondere entscheidend 

hierbei war, dass dieser Effekt ebenso bei der Behandlung von BRAF-Inhibitor-resistenten 

Melanomzellen beobachtet werden konnte. Somit könnte die Inhibition von KDM5B als ein 

neuer, übergeordneter Therapieansatz angesehen werden, um zukünftig das Metabolom und 

maligne Verhalten von Melanomzellen zu modulieren. Sobald verbesserte KDM-Inhibitoren 

mit optimierter Bioverfügbarkeit verfügbar sind, sollte das volle Potential dieser neuen 

Therapiemöglichkeit auch in präklinischen in vivo Experimenten im Kontext der 

Therapieresistenz und systemischen Tumorprogression von Melanomen untersucht werden. 
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6 Materials & Methods 

6.1 List of reagents, antibodies and other resources 

REAGENT OR RESOURCE SOURCE IDENTIFIER/CAT# 

ANTIBODIES 

Mouse monoclonal anti-DNMT3A Santa Cruz 
Biotechnologies 

CAT#SC-373905 

Mouse monoclonal anti-G6PD Abcam CAT#AB210702 
Mouse monoclonal anti-GLUD1/2 Santa Cruz 

Biotechnologies 
CAT#SC-515542 

Mouse monoclonal anti-GOT2 Santa Cruz 
Biotechnologies 

CAT#SC-271702 

Mouse monoclonal anti-GPX4 Santa Cruz 
Biotechnologies 

CAT#SC-166570 

Mouse monoclonal anti-MCT1 Santa Cruz 
Biotechnologies 

CAT#SC-365501 

Mouse monoclonal anti-NUPP133 Santa Cruz 
Biotechnologies 

CAT#SC-376763 

Mouse monoclonal anti-TOMM20 Santa Cruz 
Biotechnologies 

CAT#SC-17764 

Mouse polyclonal anti-PGC1α Millipore CAT#ST1202; RRID: 
AB_2237237 

Peroxidase AffiniPure Goat Anti-Mouse 
IgG (H+L) 

Jackson 
ImmunoResearch 
Laboratories 

CAT#115-035-003 

Peroxidase AffiniPure Goat Anti-Rabbit 
IgG, Fc Fragment Specific 

Jackson 
ImmunoResearch 
Laboratories 

CAT#115-035-046 

Rabbit polyclonal anti-GLRX Abcam CAT#AB45953 
Rabbit polyclonal anti-H3 Abcam CAT#AB1719; RRID: 

AB_302613 
Rabbit polyclonal anti-H4K4me3 Abcam CAT#AB8580; RRID: 

AB_306649 
Rabbit polyclonal anti-
KDM5B/JARID1B 

Novus Biologicals CAT#NB100-97821; 
RRID: AB_1291176 

Rabbit polyclonal anti-α/β-Tubulin Cell Signaling 
Technology 

CAT#2148; RRID: 
AB_2288042 

Rabbit polyclonal IgG (Isotype) Dianova CAT#DLN-13122 

BIOLOGICAL SAMPLES 

Human melanoma tissue University hospital 
Essen 

 

CHEMICALS, PEPTIDES, AND RECOMBINANT PROTEINS 

2-Mercaptoethanol Sigma-Aldrich CAT#M3148 
2-Propanol AppliChem CAT#1410901212 
7-AAD Viability Staining Solution eBioscience CAT#00-6993-50 
Ampicillin AppliChem CAT#A0839 
2-Propanol AppliChem CAT#A0892 
Blasticidin InvivoGen CAT#ANT-BL-1 
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Bromphenol blue sodium salt AppliChem CAT#A3640 
Collagen I (5mg/ml, Bovine) ThermoFisher Scientific CAT#A10644-01 
Crystal violet AppliChem CAT#A0691 
Dako REAL Antibody Diluent Dako Denmark A/S CAT#S2022 
Dako Wash Buffer (10x) Dako Denmark A/S CAT#S300685 
Difco Agar Noble Becton, Dickinson and 

Company, Sparks 
CAT#214220 

Dimethyl Sulfoxide (DMSO) AppliChem CAT#A3672 
Doxycycline AppliChem CAT#A2951.0025 
DPBS (1x) ThermoFisher Scientific CAT#14190136 
Fetal Bovine Serum (FBS) PAA Laboratories 

GmbH 
CAT#A15-151 

Formaldehyde solution 4% Merck KGaA CAT#1004965000 
GSK-J1 Tocris CAT#4593 
Hygromycin AppliChem CAT#A5347.0100 
Insulin solution human Sigma-Aldrich CAT#I9278 
L-15 Leibovitz Medium Biochrom GmbH, Berlin CAT#F1315 
L-Glutamine Gibco CAT#25030-081 
Seahorse XF Base Medium Agilent Technologies CAT#103193-100 
MCDB153 Basal Medium Biochrom GmbH, Berlin CAT#F8105 
Methanol Avantor Performance 

Materials B.V., Deventer 
CAT#8045 

Minimum Essential Medium Eagle 
(MEM) 

Sigma-Aldrich CAT#M0275 

Paraformaldehyde (PFA) AppliChem CAT#A3813 
Penicillin/Streptomycin PAA Laboratories 

GmbH 
CAT#P11-010 

PLX4720 Selleckchem CAT#S1152 
Precision OneStep qRT-PCR master mix PrimerDesign CAT#ONESTEP-SY 
Puromycin Merck CAT#540411 
SDS pure AppliChem CAT#A1502 
Skimmed Milk Powder Sucofin, Zeven  
Spectra Multicolor High Range, Protein 
Ladder 

ThermoFisher Scientific CAT#26625 

TEMED AppliChem CAT#A1148 
Thiazolyl Blue Tetrazolium Bromide 
(MTT reagent) 

AppliChem CAT#A2231 

Tris for molecular Biology AppliChem CAT#A2264 
Triton X-100 Sigma-Aldrich CAT#T9284 
Trypsin/EDTA-Solution Biochrom GmbH, Berlin CAT# L2143 
Tween® 20 Biochemica AppliChem CAT#A1389 
WesternBright ECL Advansta CAT#541004 
2,4-Pyridinedicarboxylic acid (2,4-
PDCA) 

Sigma Aldrich CAT#04473 

[1,5-a]pyrimidin-7(4H)-one-containing 
molecule (cpd46) 

Genentech, as described 
by (Liang et al., 2016) 

 

Rotiphorese Gel 46 (37, 5:1)  Carl Roth GmbH + Co. 
KG 

CAT#T802.1 

CRITICAL COMMERCIAL ASSAYS 
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Aspartate Aminotransferase (GOT2) 
Activity Assay Kit 

Abcam CAT#AB105135 

Dako Real Detection System Alk.Ph. Agilent Technologies CAT#K500511-2 
Glucose-6-Phosphate Dehydrogenase 
(G6PD) Assay Kit 

Sigma Aldrich CAT#MAK015 

GSH/GSSG Glo™ Assay Promega CAT#V6611 
jetPRIME® Transfection Reagent Polyplus Transfection-

Bioparc, Illkirch 
CAT#114-15 

RNeasy Mini Kit Qiagen CAT#74106 
Seahorse Mito Fuel Flex Test Agilent Technologies CAT#103260-100 
EXPERIMENTAL MODELS: CELL LINES 

451Lu The Wistar Institute RRID: CVCL_6357 
451Lu-BR The Wistar Institute RRID: CVCL_AP83 
HEK293T ATCC RRID: CVCL_0063 
MelJuso ATCC  
MelJusoCMVprom-EGFP As previously described 

(Roesch et al., 2010) 
 

MelJusoJARID1Bprom-EGFP As previously described 
(Roesch et al., 2010) 

 

MeWo ATCC RRID: CVCL_0445 
WM3734 The Wistar Institute RRID: CVCL_6800 
WM3734CMVprom-EGFP (Roesch et al., 2010)  
WM3734JARID1Bprom-EGFP (Roesch et al., 2010)  
WM3734scrambled (Roesch et al., 2010)  
WM3734shKDM5B (Roesch et al., 2010)  
WM3734Tet3G-EGFP Chauvistré et al., in 

preparation 
 

WM3734Tet3G-KDM5B Chauvistré et al., in 
preparation 

 

WM88 The Wistar Institute RRID: CVCL_6805 
WM88CMVprom-EGFP As previously described 

(Roesch et al., 2010) 
 

WM88JARID1Bprom-EGFP As previously described 
(Roesch et al., 2010) 

 

WM9 The Wistar Institute RRID: CVCL_6806 
WM9CMVprom-EGFP As previously described 

(Roesch et al., 2010) 
 

WM9JARID1Bprom-EGFP As previously described 
(Roesch et al., 2010) 

 

WM983B The Wistar Institute RRID: CVCL_6809 
WM983B-BR The Wistar Institute RRID: CVCL_AP81 

OLIGONUCLEOTIDES 

FlexiTube GeneSolution siRNA targeting 
KDM5B (set of 4 different siRNA) 

Qiagen CAT#GS10765 

Negative Control siRNA Qiagen CAT#1022074 
Primers, see chapter 6.10.1   

RECOMBINANT DNA 

pLKO.1-puro-shRNA-KDM5B Sigma-Aldrich CAT#SHCLND-
NM_006618 

TRCN0000014762 
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pLKO.1-puro-shRNA-scrambled Sigma-Aldrich CAT#SHC016 
pLU-CMVprom-EGFP-Blast (Roesch et al., 2010)  
pLU-JARID1Bprom-EGFP-Blast (Roesch et al., 2010)  
pLV-Hygro-CMV-Tet3G Chauvistré et al., in 

preparation 
 

pLV-Puro-TRE3G-EGFP Chauvistré et al., in 
preparation 

 

pLV-Puro-TRE3G-hKDM5B Chauvistré et al., in 
preparation 

 

pMD2.G Addgene CAT#12259 
pMDLg/pRRE Addgene CAT#12251 
pRSV-Rev Addgene CAT#12253 

SOFTWARE AND ALGORITHMS 

cBioPortal MSK HTTP://WWW.CBIOP

ORTAL.ORG/ 
GraphPad Prism 6.07 GraphPad Software HTTPS://WWW.GRAP

HPAD.COM/ 
ImageJ 1.48x NIH HTTPS://IMAGEJ.NIH.

GOV/IJ/ 
PANTHER (Protein ANalysis THrough 
Evolutionary Relationships) Version 13.1 

(Mi et al., 2013; Mi et al., 
2017; Thomas et al., 
2006) 

HTTP://WWW.PANTH

ERDB.ORG/ 

PeakScout Developed in-house at 
JOHANNEUM; as 
previously published: 
(Frohlich et al., 2016; K. 
M. Mueller et al., 2017) 

 

ProteoWizard Toolkit v3.0.5 ProteoWizard HTTP://PROTEOWIZA

RD.SOURCEFORGE.N
ET/ 

R package: FactoMineR  HTTPS://CRAN.R-
PROJECT.ORG/WEB/P
ACKAGES/FACTOMI

NER/INDEX.HTML 
R package: lsmeans  HTTPS://CRAN.R-

PROJECT.ORG/WEB/P
ACKAGES/LSMEANS/
INDEX.HTML 

R package: missMDA  HTTPS://CRAN.R-
PROJECT.ORG/WEB/P
ACKAGES/MISSMD
A/INDEX.HTML 

R package: nlme  HTTP://CRAN.R-
PROJECT.ORG/PACK

AGE=NLME 
R package: openxlsx  HTTPS://CRAN.R-

PROJECT.ORG/WEB/P
ACKAGES/OPENXLSX

/INDEX.HTML 
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R package: readxl  HTTPS://CRAN.R-
PROJECT.ORG/WEB/P
ACKAGES/READXL/I
NDEX.HTML 

R v3.4.1 R Core Team HTTPS://WWW.R-
PROJECT.ORG/  

StepOnePlus ThermoFisher Scientific HTTPS://WWW.THER

MOFISHER.COM/DE/
DE/HOME/TECHNICA

L-
RESOURCES/SOFTWA

RE-
DOWNLOADS/STEPO
NE-AND-
STEPONEPLUS-
REAL-TIME-PCR-
SYSTEM.HTML 

TCGA NIH HTTP://CANCERGEN

OME.NIH.GOV/ 
TibcoSpotfire v7.6.1 TibcoSpotfire HTTPS://WWW.SPOTF

IRE.TIBCO.COM 
UCSC Xena UCSC HTTP://XENA.UCSC.E

DU/ 
Wave Version 2.4.0.60 Agilent Technologies HTTPS://WWW.AGILE

NT.COM/ 
Zen Zeiss HTTPS://WWW.ZEISS.

COM/MICROSCOPY/U
S/PRODUCTS/MICROS

COPE-
SOFTWARE/ZEN.HTM

L 
 

6.2 Buffers and solutions 

BUFFERS AND SOLUTIONS AMOUNT CHEMICAL 

Agar (0.7/1%) 100 ml 
0.7/1 g 

DPBS 
Difco Agar Noble 

CFA fixing solution  750 mL 
50 mL 
200 mL 

ddH2O 
Acetic Acid 
Methanol 

Collagen mix (per 24-well) 
 

56 μL 
5.1 μL 
61.6 μL 
20.8 μL 
186.7 μL 
280 μL 

MEM 
L-Glutamine 
FBS 
NaHCo3 
Collagen 
DPBS 

Crystal violet stock solution 
 

1% (w/v) 
20% (v/v) 
79% (v/v) 

Crystal violet 
Ethanol 
ddH2O 
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Electrophoresis Buffer (10x) 
 

0.25 M 
1.92 M 
1% (w/v) 

Tris (HCl, pH=8) 
Glycin 
SDS 

Laemmli Sample Buffer (4x) 200 mM 
8 % 
40% 
0.4% 
10% (v/v) 

Tris (HCl, pH=6.8) 
SDS (w/v) 
Glycerol 
Bromphenol blue 
β-Mercaptoethanol 

Metabolomics washing buffer 4.8 mM 
131.4 mM 
10 mM 

D-Glucose-13C6 
NaCl 
Ammonium acetate 

DPBS-T (1%) 1% (v/v) Tween-20® in DPBS 
RT-qPCR MasterMix 0.5 μl 

0.5 μl 
5 μl 
 
2 μl 

Forward primer 10 pmol/μl 
Reverse primer 10 pmol/μl 
Precision OneStep qRT-PCR 
master mix (SYBR-Green) 
ddH2O 

Quenching solution (lumox® membranes) 75% (v/v) 
25% (v/v) 

Ethanol 
1.5 M Ammonium acetate 

Quenching solution (supernatant) 80% (v/v) 
20% (v/v) 

Ethanol 
1.875 M Ammonium acetate 

Transfer Buffer (10x) 0.25 M 
1.92 M 
20% (w/v) 

Tris 
Glycin 
SDS 

Transfer Buffer (1x) 10% (v/v) 
20% (v/v) 
70% (v/v) 

Transfer Buffer (10x) 
Methanol 
ddH2O 

Ultimate Mix (UM) 65%* 
35%* 
*contains: 
65% 
13% 
11% 
11% 

EDTA Plasma 
Serum 
 
human 
rodent (rat and mouse) 
bird (chicken) 
ruminant (cow) 

LC-HRMS ‘Eluent A’ 100% 2-Propanol 
LC-HRMS ‘Eluent B’ 5% (v/v) 

10 mM 
15 mM 
pH 4.95 

Methanol 
Tributylamine 
Acetic acid 
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6.3 Cell culture consumables 

CONSUMABLES COMPANY 

96 Fast PCR Plate half skirt Sarstedt 
96 Well Cell culture Plate (clear flat bottom, 
white polystyrene) 

Corning Costar® 

Cell Culture Flasks Cellstar® 
 25 cm² 
 75 cm² 
 150 cm² 
Cell Culture Plates Cellstar® 
 6 Well 
 24 Well 
 96 Well 
Cell culture Dishes Cellstar® 
 60 mm 
 100 mm 
 145 mm 

Greiner Bio-One GmbH 

Cell scraper (25 cm) VWR 
Coverslips Ø 13 mm Gerhard Menzel B.V & Co. KG 
Falcon Tubes 15 mL, 50 mL CELLSTAR® Greiner Bio-One GmbH 
Microscope slides 76x26 mm Engelbrecht Medizin- und Labortechnik GmbH 
PVDF-membrane 0.45 μm Carl Roth GmbH & Co. KG 
Reaction tubes 0.5 ml, 1.5 ml, 2 ml  Eppendorf 
Serological Pipettes CELLSTAR® 5 ml, 10 
ml, 25 ml 

Greiner Bio-One GmbH 

 

6.4 Special analytic devices and lab equipment 

SPECIAL ANALYTIC DEVICES AND LAB EQUIPMENT COMPANY 

Dionex Ultimate 3000 HPLC ThermoFisher Scientific 
Reversed-phase Atlantis T3 C18 pre- and analytical 
column 

Waters 

Exactive™ Orbitrap system ThermoFisher Scientific 
Epoch Microplate Spectrophotometer BioTek Instruments, Inc 
Seahorse XFe96 extracellular flux analyzer Agilent Technologies 
Zeiss Axio Observer.Z1 Carl Zeiss AG 
Olympus BX51 Upright Fluorescence Microscope Olympus Europa SE & CO. KG 
Tecan Infinite® 200 Pro Tecan Trading AG 
Compact camera Sony DSC RX100 Cyber-shot Sony 
Sonicator Sonoplus HD2070 (UW2070 and SH 70G) Bandelin 
FACS Aria™ III BD Biosciences 

 

  



 MATERIALS & METHODS 

82 

6.5 Cell culture, reagents, lentiviral shRNA and Tet3G constructs  

Wistar melanoma cells were cultured in Tu2% (400 ml MCDB153 basal medium, 100 ml L15 

Leibowitz, substituted with 250 µl human insulin, 560 µl [1.5 M] CaCl2, 10 ml FBS, and 5 ml 

[200 mM] L-glutamine) at 37°C in 5% CO2 as described (Satyamoorthy et al., 1997). MeWo 

and MelJuso cells were cultured in 10% FBS- and 1% L-glutamine [200mM]-substituted RPMI 

medium. HEK293T cells were cultured in 10% FBS-substituted DMEM. For long-term 

keeping, melanoma cells were harvested, pelleted and resolved in 10% DMSO-substituted FBS 

and aliquoted in cryovials. Afterwards cells were immediately placed in Mr.Frosty™ (Thermo 

Fisher) and frozen at -80°C before being transferred into liquid nitrogen. 

 

6.5.1 Melanoma cell lines and basic genetic information. 

CELL LINE MUTATION TYPE FREQUENCY (%) 

WM3734 BRAF   V600E 
TERT promoter 1,295,228 G>A 
MAP2K2  p.D151D 
SMARCA4  D1629D 
SF3B1   K141K 

74.5 
 
64.0 
45.2 
36.8 

WM88 BRAF   V600E 
NF1   R1306Q 
TERT promoter 1,295,250 G>A 
TP53   S240C ; p.L330fs-15 
SMARCA4  D1629D 
SF3B1   K141K 

65.1 
50.3 
 
45.6; 45.7 
58.0 
100 

WM9 BRAF   V600E 
RAC1   N92I 
TERT promoter 1,295,228 G>A 
MAP2K2  p.I220I; p.D151D 
SMARCA4  P1344S 
SF3B1   K141K 

56.2 
58.3 
 
68.5; 30 
66.9 
100 

MeWo TERT promoter 1,295,250 G>A 
TP53   Q317;E258K 
MAP2K2  I220I 
SF3B1   K141K 

 
36; 72 
58.4 
99.2 

MelJuso NRAS   Q61L 
HRAS   H27H; G13D 
TERT promoter 1,295,250G>A; 
   1,295,228-
1,295,229GG>AA 
MAP2K2  I220I 
SF3B1   K141K 

47.9 
99; 98 
 
 
51.2 
36.4 
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451Lu BRAF   V600E 
HRAS   H27H 
TERT promoter 1,295,250 G>A 
TP53   Y220C, Y127C 
MAP2K2  I220I 
SF3B1   K141K 

74.5 
100 
 
99.7; 100 
99.8 
60.0 

451Lu-BR BRAF   V600E 
HRAS   H27H 
TERT promoter 1,295,250 G>A 
TP53   Y220C, Y127C 
MAP2K2  I220I 
SF3B1   K141K 

74.5 
100 
 
99.8; 100 
99.5 
87.0 

WM983B BRAF   V600E 
CDKN2A 
TP53 

mutated* 
mutated* 
mutated* 

WM983B-BR BRAF   V600E 
CDKN2A 
TP53 

mutated* 
mutated* 
mutated* 

*based on information given by the Wistar Institute and provided information published online 
https://rockland-inc.com/melanoma/ 

 

6.5.2 Experimental treatment of human melanoma cells 

Resistance of 451Lu-BR and WM983B-BR was maintained by 1 µM PLX4720 and medium 

was refreshed every 72h. Commercially available PLX4720 (S1152, Selleckchem, Germany), 

pyridine-2,4-dicarboxylate (2,4-PDCA) (04473, Sigma-Aldrich, Germany), 2-(4-

Methylphenyl)-1,2-benzisothiazol-3(2H)-one (PBIT) (PH009215, Sigma-Aldrich, Germany), 

GSK-J1 (4593, Tocris, United Kingdom), and cpd46 [not commercially available, access 

through a material transfer agreement with Roche/Genentech, as described by (Liang et al., 

2016)] were diluted in DMSO and stocks were stored at -20°C. Pre-dilution of each compound 

was prepared to allow a final dilution into cell culture medium of 1:1,000. 

 

6.5.3 RNA interference knockdown and doxycycline inducible Tet3G-overexpression 

of KDM5B in human melanoma cells 

The lentiviral vector constructs for stable shRNA-knockdown of KDM5B and the scrambled 

control were purchased from Sigma and applied as described (Roesch et al., 2008; Roesch et 

al., 2010). Additionally, the lentiviral reporter constructs for endogenous KDM5B/JARID1B 

expression using pLU-JARID1Bprom-EGFP-Blast and its control pLU-CMVprom-EGFP-

Blast were also applied as previously described (Roesch et al., 2008; Roesch et al., 2010). The 

doxycycline inducible Tet3G-KDM5B overexpression, and Tet3G-EGFP overexpression 
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control, were established and validated by Heike Chauvistré as part of an independent study 

(Chauvistré et al., in preparation). In brief, for both systems lentiviral particles were generated 

by transfection of HEK293T cells using jetPRIME® (Polyplus-transfection®) according to the 

manufacturers’ protocols. A 3rd generation system of transfer, packaging, and envelope 

plasmids was used. Here, 7,500 mg of the transferring target plasmid containing shRNA- or 

Tet3G-overexpression-sequence were mixed with pMDLg/pRRE, pRSV-Rev, and pMD2.G at 

a ratio of 1:1:1:1. Lentiviral particles in the supernatant of HEK293T cells were harvested 48h 

post transfection, centrifuged and filtered (200 nm pores), before aliquots were stored at -80°C. 

For transduction of melanoma target cells lentiviral particles were diluted 1:3 with medium. 

Lentivirus containing medium was replaced with fresh medium 24h after transduction and 

selection for successfully transduced melanoma cells was done for 8 days with 2 µg/ml 

puromycin starting on day 4 post transduction. Finally, for overexpression of KDM5B or EGFP 

as respective control in melanoma cells, 10 ng doxycycline were added per 1 ml of medium 

over an incubation time of 8 days (medium refreshed at least every 72 h). Knockdown and 

overexpression efficiency was determined by western blot analysis for the respective proteins 

and by qPCR. For transient knockdown of KDM5B siRNA (Flextube, Qiagen) were transfected 

in melanoma cells using jetPRIME® according to the manufactures’ protocol. In brief, cells 

were grown to 60-70% confluency before transfection with 20 nM of siRNA or scrambled as 

control. Knockdown efficiency was determined by western blot analysis for the respective 

proteins and by qPCR at 48 h, 72 h, 96 h, and 120 h post transfection. 

  



 MATERIALS & METHODS 

85 

6.6 LC-HRMS metabolomics of KDM5B-dependent melanoma cells 

6.6.1 KDM5Bpromoter-EGFP reporter construct and FACS sorting of melanoma cells for 

metabolomics analysis 

To isolate a defined melanoma cell subpopulation that has an endogenous high expression of 

KDM5B an lentiviral reporter construct was used as described (Roesch et al., 2008; Roesch et 

al., 2010). In brief, transduced melanoma cells express EGFP under the control of 

KDM5B/JARID1B promoter. Using the EGFP signal in melanoma cells as a marker for 

KDM5B expression a FACS based sorting approach was applied using BD FACS Aria™ III. 

Here, 5% of the cells with the highest EGFP (corresponding to KDM5B) expression were 

separated in one vial; and as a control, 5% of the cells with the lowest expression of EGFP 

(corresponding to KDM5B) were sorted in a second vial. For subsequent LC-HRMS 

metabolomics analysis, the vials with sorted cells were centrifuged at 15,000 g for 5 min at 4°C. 

After this, the supernatant was discarded and cell pellets were immediately frozen in liquid 

nitrogen. Further metabolite quenching and sample preparation was performed as described 

below. 

 

6.6.2 Sample preparation for metabolomics analysis of KDM5B-knockdown and 

overexpressing melanoma cells 

The overexpression of KDM5B or EGFP was pre-induced with 10 ng/ml doxycycline for 5 

days. 75,000 cells were seeded into uncoated 6.4 cm2 lumox® dishes 35 (94.6077.331, Sarstedt 

AG & Co.) and medium was changed after 24 h in 15 min time-intervals for each batch of 6 

dishes. 48 h after changing medium, adherent cells and supernatants were harvested in 6 dish 

batches similar to a previously published procedure (Bordag et al., 2016) and quenched in 

boiling ethanol (Mario Klimacek, 2012). For this, one batch of 6 dishes was placed on a heating 

plate and 500 µl from each supernatant were centrifuged for 1 min at 14,000 g and 4°C. 100 µl 

of the centrifuged supernatant were transferred into 2 ml of an aqueous solution of 80% ethanol 

(EtOH) + 20% 1.875 M ammonium acetate (85°C-preheated). In parallel, each lumox® 

membrane (with adherent cells) was cut and quickly dip-washed three times with a fresh 

solution of 4.8 mM 13C-glucose in 0.13 mM NaCl (at 37°C, iso-osmolar to the Tu2% cell culture 

medium) as described (Bordag et al., 2016). Immediate membrane quenching was done by 

placing them into 15 ml falcon tubes containing 2 ml of an aqueous solution of 75% EtOH + 

25% 1.5 M ammonium acetate (85°C-preheated). Altogether, this improved preparation 

protocol allowed sample collection in less than 30s from cutting to quenching. Samples were 
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kept for 2.5 min at 85°C. Each batch of 6 dishes was harvested in less than 10 min, which 

considerably reduced artefacts and post-harvesting changes in cellular metabolism. In contrast 

to the previous description of the cutting procedure (Bordag et al., 2016), I now used a hot 

quenching approach (M. Klimacek et al., 2010). Hot quenching obliterates enzymatic activity 

quicker through protein denaturation. Additionally, cells were disrupted and metabolites 

solubilized so efficiently that bead milling was omitted. This not only simplified the extraction 

procedure but also increased the usable extract volume. Extraction was so efficient that the 

detected phthalic acid levels were above the blank background signal in all cell samples but not 

in UM or supernatants (both no lumox® membrane contact with boiling ethanol). 

 

6.6.3 UltimateMix samples for instrument performance test and quality control 

Optimal assessment of LC-HRMS performance depends on biological reference material. 

Single metabolites or metabolic standards lack typical interference factors. Thus, I assembled 

an Ultimate Mix (UM) aiming to mimic the most commonly used blood sample types from 

human and most common laboratory animal species. The UM was composed of 65% EDTA 

human plasma and 35% serum. Plasma and serum each were mixed from 65% human (pre-

mixed for various age, BMI, and gender), 13% rodent (rat and mouse), 11% bird (chicken) and 

11% ruminant (cow), all ordered from Innovative Research USA. UM aliquots of 100 µl were 

snap-frozen in extraction tubes and stored at -80°C until use. Directly before use, UM aliquots 

were thawed and extracted by adding 400 µl precooled -80°C methanol. The samples were 

vortexed and incubated overnight at -80°C. Protein precipitates were removed by centrifugation 

for 10 min at 14,000 g at 4°C. Supernatants were freeze-dried by nitrogen and reconstituted in 

100 µl in H2O for analysis. 

 

6.6.4 Metabolomics measurement of intra- and extracellular metabolites 

For metabolomics analysis, samples were thawed, transferred into fresh tubes, and freeze-dried 

for 6 h under constant flow of nitrogen. Samples of cells were reconstituted in 50 µl, supernatant 

samples in 100 µl H2O. All samples were centrifuged for 5 min at 17,000 g at 4°C and 

transferred into autosampler vials (cells 20 µl, supernatant 25 µl). A small aliquot from each 

sample was pooled for quality control (QC), i.e. 7 µl from cell samples and 15 µl from 

supernatant samples (differences due to sample volume). All samples and QC were frozen at -

80°C. All cell samples were measured in one run followed by all supernatant samples in a 
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second run. Metabolite degradation during LC-HRMS was reduced by dividing the full set of 

samples into smaller batches (max. time of measurement of 24 h). Samples were randomly 

measured together with blanks (pure H2O), QC, and UltimateMix (UM). All samples were 

analyzed on a Dionex Ultimate 3000 HPLC (Thermo Fisher Scientific, USA) equipped with a 

reversed-phase Atlantis T3 C18 pre- and analytical column (Waters, USA) as previously 

described (Buescher et al., 2010; Trausinger et al., 2015). Injection volume was 10 µl and 

metabolite separation was achieved with a 39 min-gradient. 2-propanol was used as eluent A 

and a mix of aqueous methanol solution [(5% methanol v/v), tributylamine (10 mM), acetic 

acid (15 mM), pH 4.95] as eluent B. Mass spectrometric detection was carried out with an 

Exactive™ Orbitrap system (Thermo Fisher Scientific, USA). Heated electrospray ionization 

(HESI) was used for negative ionization and masses between 70 and 1100 m/z were detected 

with a resolution of 50,000 (at m/z 200) in full scan mode. 
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6.7 Cell-physiological analysis of melanoma cell metabolism 

6.7.1 Functional real-time metabolic analyses using Seahorse Analyzer 

To functionally and physiologically analyze the mitochondrial metabolism in melanoma cells, 

the Seahorse Mito Fuel Flex Test was performed on a Seahorse XFe96 extracellular flux 

analyzer (Agilent Technologies). In brief, cell number optimization experiments were done to 

determine appropriate cell densities as required for my experimental conditions. Based on this, 

15,000-17,000 WM3734 cells were seeded per well of a XFe96 V3 PS tissue culture microplate 

one day prior to the experiment and incubated overnight at 37°C in 5% CO2. WM3734Tet3G-

KDM5B cells and WM3734Tet3G-EGFP control cells were induced with 10 ng/ml doxycycline in 

Tu2% medium 8 days prior to assay read-out. For Mito Fuel Flex tests, Tu2% medium was 

replaced by Agilent Seahorse XF Base Medium supplemented with 5 mmol/l glucose, 1 mmol/l 

sodium pyruvate, and 4 mmol/l glutamine 1 hour before assay read-out. For the analysis of 

mitochondrial fuel oxidation, the three pathway inhibitors UK5099, BPTES, and etomoxir (as 

included standard inhibitors in the Mito Fuel Flex Test) were applied to the cells according to 

the standard protocol at recommended concentrations. For data normalization to the actual cell 

numbers per well, cells were fixed overnight with 4% PFA in DPBS and stained with DAPI. 

Fluorescence was measured on a Tecan Sparc microplate reader. Data analysis and 

normalization to DAPI fluorescence was performed using the Seahorse XF Mito Fuel Flex Test 

Report Generator in the Wave Software (Agilent Technolgies, Version 2.4.0.60). The Seahorse 

terminology is explained as follows: dependency is a measurement of cells’ reliance on a 

particular fuel to maintain basal respiration; capacity is the ability of mitochondria to oxidize a 

different fuel once other fuel pathways are inhibited; flexibility is the difference between 

capacity and dependency (the ability of mitochondria to increase oxidation of a fuel in order to 

compensate for inhibition of alternative fuel pathways; Agilent). 

 

6.7.2 Glutathione redox capacity 

To measure glutathione (GSH) and oxidized glutathione (GSSG), the GSH/GSSG-Glo™ Assay 

(Promega) was used following the manufacturer protocol. In brief, 10,000 cells were seeded 

per well of a white-with-clear-bottom 96-well plate (3903, Corning Costar®). Cells were 

allowed to adhere overnight at 37°C and 5% CO2 before treatment was done. Luminescence 

detection was performed on a Tecan Infinite® 200 Pro instrument. 
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6.7.3 Glucose-6-phosphate dehydrogenase assay 

To analyze glucose-6-phosphate dehydrogenase (G6PD) activity the Glucose-6-Phosphate 

Dehydrogenase Assay Kit (MAK015, Sigma-Aldrich) was used according to the manufacture 

recommendations. Briefly, 1,000,000 cells per condition (or replicate) were rapidly 

homogenized in ice-cold DPBS. After centrifugation at 15,000 g for 10 min, the cell lysates 

were 1:10 diluted by adding the provided assay buffer and transferred to clear flat-bottom 96-

well plates. Subsequently, the assay reaction mix was added and signal intensity was measured 

at 450 nm using an Epoch Microplate Spectrometer (BioTek, Winooski, VT, USA) with 

repetitive measurements every 5 min for 30 min. Enzyme activity in the analyzed lysates was 

quantified by assay standard and the provided formula was used to calculate enzyme activity in 

mU/ml. Finally, the results were normalized to respective controls. 

 

6.7.4 Glucose consumption- and lactate secretion-rate 

Glucose consumption- and lactate secretion-rate was quantified by the central lab of University 

Hospital Essen. The initial analysis of glucose and lactate concentrations in melanoma 

supernatant was performed with cells which were seeded in T75 flasks and kept for 7 days 

(parallel medium blank was prepared in T75 flask). Here, 300 µl of supernatant medium was 

taken at 0 h, 24 h and 7 days after seeding. The second analysis was performed by seeding 

10,000 cells in 24-Well plates and let adhere overnight. Culture medium was refreshed the next 

morning and supernatants of cells and blank medium as respective control were collected 12 h, 

24 h, 48 h, 72 h after cells were given fresh medium. Samples were frozen at -80°C until 

measurement. Quantification of glucose concentration was performed spectrophotometrically 

at 340 nm (ADVIA Clinical Chemistry, Siemens) and consumption rate was calculated using 

blank medium as control. Lactate concentration in collected supernatants was quantified by 

measuring lactate dehydrogenase activity, which depends on NAD presence. Here, absorption 

of NAD is directly linked to lactate concentration and was quantified spectrophotometrically 

by ‘two filter endpoint measurement’ at 340 nm and 383 nm (ADVIA Clinical Chemistry, 

Siemens). Lactate secretion rate was calculated using blank medium as starting control. 
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6.8 Melanoma cell proliferation, colony formation, and invasion assays 

6.8.1 Proliferation assays 

Crystal violet long-term proliferation assays were performed according to standard protocols. 

In brief, cells were seeded in 24-well plates and allowed to proliferate to ~70% confluence. For 

staining, cells were washed with ice cold DPBS and fixed with 70% ethanol for 1 h at RT. 

Staining was done with 1% crystal violet for 30 min. Afterwards, stained cells were washed 

with tap water, dried on filter paper, and digitally documented (Sony DSC RX100 Cyber-shot). 

Three independent experiments were performed and standard deviation (SD) was calculated. 

Short-term cell proliferation was quantified using the MTT reagent (A2231, AppliChem) 

according to the manufacturers’ protocols. Briefly, 2,000 cells were seeded per well of a 96-

well plate. 24 h after seeding, medium was replaced by fresh drug-containing medium. For 

staining, 20 µl MTT reagents was added in each well and incubated for 4 h at 37°C and 5% 

CO2. Then, the medium was discarded and 100 µl DMSO were added per well. Staining 

intensity was measured spectrophotometrically at 540 nm and 620 nm using an Epoch 

Microplate Spectrometer (BioTek, Winooski, VT, USA). 

 

6.8.2 Colony formation assay 

3D colony formation was assessed after 2,500 cells had been embedded into soft agar in 6-well 

plates (end concentration 0.35% agar in DPBS/medium 1:1) and grown over 14–21 days 

depending on the cell line. Anchorage-dependent growth was inhibited by a bottom layer of 1% 

soft agar (end concentration 0.5% agar in DPBS/medium 1:1). 1.5 ml of Tu2% medium was 

added on top and treatment with inhibitors at the designated concentration and medium was 

carefully refreshed every 72 h. Colony numbers were documented photographically and 

quantified digitally by Fuji ImageJ software. 

 

6.8.3 Collagen-embedded melanoma spheroid invasion assay 

Melanoma spheroids were generated as previously described (Smalley et al., 2005; Smalley et 

al., 2008). Briefly, 2,000 cells/well (96-well plate) were allowed to grow and coalesce on a non-

adherent agar layer for 72 h. Then, the formed cell aggregates were carefully harvested and re-

suspended in a collagen type I mixture. The resulting spheroids were subsequently imaged at 

day 1, 4, 8, 11, and 14 days under treatment using a Zeiss AxioObserver.Z1 inverted 
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microscope. Medium was refreshed every 72 h. Images were analyzed using the Fuji ImageJ 

software (Version ImageJ 1.51p, Wayne Rasband, National Institute of Health, USA). Spheroid 

invasion was quantified by determining the total area of cell invasion and the cell-dense core 

of the spheroids. 

 

6.9 Immunocytochemistry 

For immunohistochemical staining (IHC), tissue samples were fixed in 10% formalin, 

dehydrated, and embedded into paraffin. Staining was done in a Dako Autostainer Link 48 

following the manufacturer's protocol (Dako REALTM Detection System). Antigen retrieval 

was performed at 95°C for 15 min before staining. Anti-KDM5B (1:1200, Novus Biologicals 

NB100-97821), and anti-PGC1α (1:500, Merck Millipore MAB5382) antibodies were used for 

analysis. Evaluation was performed with an Olympus BX51 upright microscope or a Zeiss 

AxioObserver.Z1 inverted microscope. Analysis of human tumor samples was approved by the 

ethics committee of the Medical Faculty of the University of Duisburg-Essen (approval no. 11-

4715, 15-6213-BO). 

 

6.9.1 Staining-intensity score of IHC 

A staining-intensity score was designed and performed following the criteria given in the table below. 

Samples were assessed by two independent investigators (Alexander Roesch and Felix C. E. Vogel) in 

a blinded fashion. 

STAINING-INTENSITY 

SCORE 

STAINING SIGNAL IN THE CELL NUCLEI (% OF POSITIVE 

CELLS) 

0 no signal detected 
1 0 - 30% 
2 30 - 60 % 
3 60 - 90 % 
4 > 90 % 
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6.10 Quantitative Real-Time Reverse Transcriptase (RT)-Polymerase Chain 

Reaction (qPCR) 

For quantification of gene expression Quantitative Real-Time Reverse Transcriptase (RT)-

Polymerase Chain Reaction (RT-qPCR) was performed. RNA isolation was done using RNeasy 

Mini Kit (Cat#74106, Qiagen) according to the manufactures’ protocol. RNA concentration 

was measured spectrophotometrically at 260 nm using the Take3 Micro-Volume Plates for 

direct nucleic acid quantification and an Epoch Microplate Spectrometer (BioTek, Winooski, 

VT, USA). RNA samples were kept on ice and diluted to 20 ng/µl. The SYBR-Green containing 

Precision OneStep RT-qPCR master mix (Cat#OneStep-SY, PrimerDesign) was used for RT-

qPCR on respectively 20-40 ng of total RNA. Final reaction mix in reaction plate was kept on 

ice and analysis was done using the Step One Plus Real-Time PCR System (Applied 

Biosystems). Gene expression was measured by cycle threshold (Ct) and relatively quantified 

(2-ΔΔCt method). Each sample was analyzed in triplicates and the results of target gene 

expression were assessed by comparing to 18S housekeeper. For each set of primer a non-

template water control was performed on every plate to exclude background effects and 

contamination. 

 

6.10.1 Primer list 

GENE  SEQUENCE 5´→3´ 

18S FW 
RV 

CGCCGCTAGAGGTGAAATTC 
TCTTGGCAAATGCTTTCGC 

AACS FW 
RV 

AGCCACCCACTGTTCATCAT 
GTCACTGCTGGTCATGTTGC 

ACYP1-a FW 
RV 

AGGGGTGTTTTTCCGTAAGC 
AGCCTACCAATCCCAGCTTT 

ACYP1-c Fw 
RV 

GTGCGTCATATGCAGGAATG 
TTTGCTTTGTCGATGTGTGA 

AMPD3 FW 
RV 

ACATCCTGGCTCTCATCACC 
TCATGAAGGCTGAACTTGGA 

CEP170 FW 
RV 

TCCGGAACAGACTTATATCACC 
GGGACCCTCATTTCTCCTTG 

EARS2 FW 
RV 

GCAGCGGAGAATATTGAGGA 
ACCGCTGAGATTGCTGGTAG 

EEF2 FW 
RV 

ATGAAGAAGCTGTGGGGTGA 
TGGCTGACTTGCTGAACTTG 

GLRX FW 
RV 

AACGGTGCCTCGAGTCTTTA 
AGCAGTTCCCCACTCTGTTG 

GLS from 
(Fu et al., 2015) 

FW 
RV 

CTTTCCATGTTGGTCTTCC 
AAACAAGATCGTGACAAAAGTGAA 
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GOT2 FW 
RV 

GGAGCCAGTTTTCTGCAAAG 
AAGATGGGTGTGTGGTTTCC 

GSTK1 FW 
RV 

TCCCCGCAAAGGACTATACA 
ATGGGAATCTGGAGATGGTG 

IL4I1 FW 
RV 

GCCCGAAGACATCTACCAGA 
CTTCTTCATCGCCTTTCTGC 

KDM5B FW 
RV 

AACCTCCGCCTCCTAGATTC 
CGTTGTCTCCTCGGGTTCTA 

LYPLA1 FW 
RV 

AGGGTTTTCTCAGGGAGGAG 
GACACCTGCCAGTTTCTGCT 

MARS2 FW 
RV 

CCATTCCCACTGGACAGTCT 
GCAAGTCCTAGGATCCACCA 

MAT2B FW 
RV 

TGCTGTTGGAGCATTTCTCA 
GGGGAGCTGGTATGTCTTCC 

NAMPT FW 
RV 

TGAATGCCGTGAAAAGAAGA 
TGTTTCCTCATATTTCACCTTCC 

NARS FW 
RV 

GCACTGTGGCAACATACCTG 
CCAGAAGATCAACAGCAGCA 

NUP133 FW 
RV 

TCTGGTGTGCAAAGAGAAGC 
GGTGGCAGCTGAAGTTCTTT 

PDE11A FW 
RV 

GAGCTGGGGATGGTACAGAA 
TGAAGGCATGTCTCCAGTTG 

PDE3A FW 
RV 

GGTTGCAACTAGTGCTCCTCA 
TGCGTGATGATTCTCCAAAA 

PDE7A FW 
RV 

CTGCGGTTTCAAATTCCCTA 
TCCAGCATACACTTGGCTTG 

PFAS FW 
RV 

CTCACAACTTTCCCACAGGAG 
TGCACTGGACATCTCGAATC 

PRPS2 FW 
RV 

ACACTTGCGGCACCATCT 
TCCCATGGGTAAGGATAGCA 

SLC19A1 FW 
RV 

CAGCATCTGGCTGTGCTATG 
GCACGAGGAACTGGTAGGAG 

SLC25A13 FW 
RV 

TGGACAGACCACAATTCATCA 
TTCCGCATATGTCAGGTGTC 

SLC27A2 FW 
RV 

GCGAGAAAAGTTGGTGCTGT 
TTTCATCACGGACAGGTTCA 

TOMM20 FW 
RV 

AGAGCTGGGCTTTCCAAGTT 
CACCAAGCTGTATTTCTTCAAGG 

TRPM2 FW 
RV 

GAGACCTTCACGGAAAGCAG 
CTCCGGACGATATCTTGGAT 

TYMP FW 
RV 

CATCACAGCCTCCATTCTCA 
CCTCCGAACTTAACGTCCAC 

WARS FW 
RV 

CATTTTCGGCTTCACTGACA 
CTGTGGGAATGAGTTGCTGA 
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6.11 Western-Blot 

6.11.1 Isolation of proteins from melanoma cells 

Proteins were extracted as described previously (Nabbi et al., 2015; Suzuki et al., 2010). In 

brief, cells were washed with ice-cold DPBS once, and then 1 ml of DPBS was added to the 

culture dish/flask. Cells were harvested using a cell scratcher and transferred into a 1.5 ml 

Eppendorf Tube®. A cell pellet was generated by using a mini centrifuge cells (10 s rotation). 

Supernatant was discarded and cells were lysed by adding 300 µl of ice-cold 0.1% NP-40 (in 

DPBS) and mechanically homogenized by pipetting up and down five times. 100 µl of 4 x 

Laemmli sample buffer were added and samples were kept on ice until sonication. Samples 

were sonicated twice for 10 s (with 0.5 s of sonication at 0.5 s intervals), followed by boiling 

for 1 min. Samples were either kept on ice before immediate SDS-PAGE and Immunoblotting 

or frozen at -20°C. For SDS-PAGE 10 µl of cell lysate were loaded. 

 

6.11.2 SDS-PAGE and Immunoblotting 

Protein samples were prepared from cell culture as described above. Respectively, 10 of cell 

lysate samples were loaded on 8%, 10%, or 12% polyacrylamide-SDS gels before being 

transferred onto PVDF membranes (Roth, Karlsruhe, Germany). Primary antibodies were 

incubated at 4°C overnight in Tris-buffered saline containing 0.1% Tween-20 and 5% milk. 

Primary antibodies were anti-KDM5B (1:500), anti-H3K4me3 (1:2,000), anti-H3 (1:5,000), and 

anti-α/β-Tubulin (1:1,000). After washing with DPBS-T and incubation with secondary anti-

rabbit horseradish peroxidase-conjugated antibody (1:10,000 in TBST-milk 5%), blots were 

visualized using the enhanced chemiluminescence system (WesternBright Chemiluminescence 

Substrate, Biozym, Hessisch Oldendorf, Germany). Finally, blots were scanned digitally using 

the LAS3000 Imaging System (Fuji, Munich, Germany) at varying exposer times. For 

quantification, signals were densitometrically normalized to α/β-tubulin, or total H3 with 

ImageJ-win64 software. 
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6.12 Quantification and statistical analysis 

6.12.1 Statistical analyses 

Statistical significance was calculated by the student’s t-test, paired t-test or two-way ANOVA 

using GraphPad Prism™ software version 6.05. A p-value of less than 0.05 was considered 

significant. Error bars represent SD. Metabolomics data processing and statistical analysis was 

done as described below. 

 

6.12.2 Metabolomics data processing and statistical analysis 

Raw data were converted into mzXML by msConvert (ProteoWizard Toolkit v3.0.5) 

(Chambers et al., 2012) and identification of detected m/z of known metabolites was done using 

PeakScout (Frohlich et al., 2016; Kristina M Mueller et al., 2016) with a reference list 

containing accurate mass and retention times. The software excised chromatograms with mz-

slices of ±50 ppm of targeted masses according to the reference list. Chromatographic peaks of 

every substance in every sample were confirmed manually and peak areas were integrated. 

Statistical analysis was performed with R (R Core Team, v3.4.1, packages stats, FactoMineR, 

missMDA, nlme, lsmeans, readxl, openxlsx) and TibcoSpotfire (v7.6.1). All metabolites were 

strictly controlled for their analytical quality and graded into three classes (I) suitable for 

multivariate analysis and univariate analysis (“MVA_UVA”), (II) suitable for univariate 

analysis (UVA), and (III) suitable only for qualitative analysis (“no statistics”). Quality was 

assessed according to the following parameters: difference from target mass, retention time 

standard deviation, percentage of missing values, relative standard deviation in QC, drift with 

progressing measurement time or daily batch, blank load in QC, and, for intracellular 

metabolites, blank load from cell-free dishes incubated with medium (Supplemental Table 1). 

All samples were checked for analytical outlier behavior according to the sample median, peak 

shapes, retention time shifts, percentage of missing values, and position in principal component 

analysis (PCA). The first sample and blank of each daily batch were removed from further 

analysis because of unstable run performance of the metabolite detection. 

 To correct for cell number differences and to reduce technical variability, median 

normalization on QC-normalized data was performed. Each metabolite was normalized to the 

median of the QC value defined as peakareasampleQC-normed = peakareasample/median 

(peakareaQC). For each sample, the samplemedian was calculated as the median of all 

peakareasampleQC-normed in the sample and peak areas were normalized as 
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peakareasamplemedian-normalized on QC-normalized data = peakareasampleQC-

normed/samplemedian. Finally, normalized peak areas were log10-transformed. Log10-

transformed, normalized data were normally distributed according to the Kolmogorov Smirnov 

test (100% of all metabolites were normally distributed) and homoscedastic according to the 

Brown-Forsythe Levene-type test (88% of all metabolites were homoscedastic, p-values 

reported in Supplemental Table 1). PCA analysis was performed centered and scaled to unit 

variance (R function prcomp). Missing values were imputed by regularized expectation-

maximization (R function imputePCA, estim_ncpPCA). For ANOVA analysis, two fixed 

factors (KDM5Blow - KDM5Bhigh * KDM5Bcontrol groups) and their interaction were chosen. 

Therefore, two ANOVA models (simple without and simple with interaction; R function gls, 

missing values were not imputed) were tested for each metabolites’ quality of fit and 

significance of factors by comparing number of degrees of freedom (df), Akaike information 

criterion (AIC), log-likelihood (logLik), distribution of residuals, and q-q plots (for values see 

Supplemental Table 1). Consequently, the ANOVA model with interaction of the two factors 

(KDM5Blow - KDM5Bhigh * KDM5Bcontrol groups) was chosen. For specific group comparisons 

pairwise post hoc tests (R function lsmeans) were used and all reported metabolomics p-values 

were Benjamini-Hochberg (BH)-adjusted to correct for multiple-testing (Supplemental Table 

1). 

 

6.13 The Cancer Genome Atlas (TCGA), gene ontology analysis and generation 

of heatmap 

The results shown here are in part based on data generated by the TCGA Research Network: 

http://cancergenome.nih.gov/. TCGA Skin Cutaneous Melanoma data (TCGA-SKCM) have 

been accessed, and downloaded via cBioPortal for Cancer Genomics 

http://www.cbioportal.org/ (Cerami et al., 2012; J. Gao et al., 2013). The RNAseq data 

published by Tirosh and colleagues were publicly available as referenced in the publication 

(Tirosh et al., 2016). Gene Ontology analysis was performed by the ‘Protein ANnotation 

THrough Evolutionary Relationship’ (PANTHER) classification system 

http://www.pantherdb.org/ (Mi et al., 2013; Mi et al., 2017; Thomas et al., 2006). For heatmap 

generation of selected genes UCSC Xena http://xena.ucsc.edu was used. 
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8 Apendix 

8.1 Supplemental data 

Complete datasets from LC-HRMS metabolomics of KDM5B-knockdown and KDM5B-

overxpressing WM3734 cells (including raw data and statistical analysis) are placed in the 

Supplemental Table 1 as one Excel file. This is added to this thesis by the attached CD. 
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PD-1 Programmed death 1 
PDE11A Phosphodiesterase 11A 
PDE3A Phosphodiesterase 3A 
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RT Room temperature 
RTK Receptor tyrosine kinases 
RT-pPCR Real-time quantitative polymerase chain reaction 
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SD Standard deviation 
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shRNA Small hairpin RNA 
siRNA Small interfering RNA 
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