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The human body consists of tiny building blocks called cells. These cells provide 
structure for the body, convert nutrients into energy, and carry out specialized 
functions. To carry out all these functions, our cells make use of different “helper” 
structures called proteins. Proteins are complex molecules that assist the cell in 
maintaining its structure but also regulate and perform the cell’s function. Although 
proteins are very important, there is no protein storage pool but there is a well-
balanced system of protein synthesis and degradation [1]. Cells have the capability 
to synthesis these proteins, as long as they have the correct building instruction. 
 
This building instruction is located on the DNA, in the core of a cell. DNA does not 
leave this core since this will increase the likelihood of DNA damage. Therefore, it 
makes use of a messenger carrying the building instruction, called messenger RNA 
(mRNA). This mRNA molecule transfers to the cellular components responsible for 
protein synthesis to deliver the building instructions. Although the process of 
transcription (DNA to mRNA) and translation (mRNA to protein) sounds 
straightforward, mRNA expression is a complex process controlled at multiple levels 
[2]. There are various regulation mechanisms, including epigenetic, transcriptional, 
and post-transcriptional regulation that coordinates these processes. It is vital that 
there are no large perturbations to these cellular processes. 
 
Exposure to xenobiotics – compounds foreign to our cells – such as environmental 
toxins, persistent organic pollutants, heavy metals, and drugs can cause these 
perturbations. Although not all perturbations are harmful to a cell [3], there is 
increasing evidence relating environmental pollutants to the development of 
diseases [4–6]. Current findings suggest a correlation between persistent organic 
pollutants and gene expression changes [7, 8], as well as a link with DNA methylation 
alterations [9]. However, there is still much unknown about the relations between 
exposure to xenobiotics and alterations in gene expression and DNA methylation.  
To reduce this knowledge gap, we aim to study the effect of xenobiotics on both DNA 
methylation and gene expression. Combining multiple data sources can compensate 
for missing information in one source, and multiple sources pointing towards the 
same pathways or processes are more reliable [10]. Furthermore, multiple views for 
the same patient or sample can provide complementary information on the response 
to a xenobiotic. 
 
Systems biology approaches focus on the integration of different biological entities, 
by studying the different molecular interactions. Unlike traditional approaches that 
focus on isolated components, like gene or protein expression, the new approaches 
focus on a more holistic view. Through the integration of different data sets, it 
becomes possible to study the effect of exposure to xenobiotics and the subsequent 
changes in DNA methylation and gene expression levels. Although recent 
technological advancements have made more multi-omics data sets available, 
integrating these multiple views is still challenging [11, 12]. There is great potential 
for machine learning approaches to elucidate the molecular events leading to 
disease development and progression. However, due to a classical problem, called 
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“big p, small n”, in which there are more features than samples, many statistical 
machine learning approaches are inappropriate. In this thesis, we will try to address 
these problems and design a workflow for the integration of omics data.  
 
Transcriptome: the expression of RNA 
As the name suggests, transcriptomics is a technique to study the transcriptome of 
a subject consists of all the measured RNA transcripts [13]. The information for an 
RNA transcript is stored on the DNA. DNA stores our genetic information by using a 
simple but efficient four-letter code that resembles four chemical bases: Adenine 
(letter A), Guanine (letter G), Cytosine (letter C), and Thymine (letter T) [14]. The 
sequence of these bases determines the information available for building and 
maintaining a cell. The part of the DNA that acts as the instruction for building a 
protein is called a gene. Through transcription, the information on the DNA is copied 
into a new molecule called messenger RNA (mRNA). This mRNA molecule contains 
the “message” or building code for a protein and is vital for protein synthesis. 
Transcriptomics makes it possible to study the expression of those mRNAs. 
 
Epigenetics: the relationship between DNA methylation and gene expression 
Epigenetics refers to any heritable change in a cell that does not involve a change 
in the primary DNA sequence. Epigenetics is involved in many cellular processes 
and through genetic control can switch genes on or off, thus are important factors in 
regulating gene expression [15]. This phenomenon allows our bodies to contain 
many different types of cells (with the same DNA) such as liver cells, pancreatic cells, 
brain cells, and many others [16]. 
 
One of the major epigenetic mechanisms involving the modification of DNA is DNA 
methylation [17]. DNA methyltransferases catalyze DNA methylation by transferring 
a methyl group from S-adenyl methionine (SAM) to the fifth carbon of a cytosine 
residue to form 5mC. It is highly specific and always happens in a region where a 
cytosine is located next to a guanine, called a CpG site. If there is a higher 
concentration of CpG sites in one region of the DNA, we call this region a CpG island. 
Regions known as CpG islands are often associated with gene promoters and thus 
play a central role in gene regulation [18]. Almost all promoter associated CpG 
islands are usually free of DNA methylation, regardless of the transcriptional state of 
the gene and are hypomethylated in most tissues [19, 20]. 
 
The challenges in omics integration 
From a biological point of view, the integration of different biological sources seems 
a step forward: it will give us more information about a biological system. From a 
computational point of view, it is not a straightforward process. One of the main 
challenges is to have high-quality data, with a high number of samples measured at 
the same time under the same condition. Recent improvements in technologies, 
such as RNA sequencing for transcriptomics, have made it possible to study a 
system in more detail. However, large data set with multiple omics layers and many 
measurements are rare, especially in the field of toxicogenomics. Furthermore, 
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because of their inherent difference, integrating multiple omics layers is still an 
ongoing challenge. To understand the complex relations between the different omics 
layers, one first has to understand the complex dependencies and challenges that 
arise when integrating different omics platforms. These challenges have a broad 
spectrum, going from experimental design to integration issues and leading up to the 
final question: how can we extract biological knowledge?  
 
The curse of dimensionality 
The current omics technologies can measure a high number of features for a given 
sample. The current microarray techniques can measure around 50.000 genes, 
whereas the current DNA methylation techniques can even measure from 200.000 
up to 2.000.000 CpG sites. Although more information can be vital to understand 
biological systems, it brings a major challenge in analyzing the data. The high 
number of features introduces a new problem. In almost all data sets, there is an 
imbalance between the number of samples and the number of features, called “the 
curse of dimensionality”. Due to the high number of features, analyzing these results 
can be computationally intensive. Therefore, it is of great interest to reduce the 
number of features to a set of only important features associated with the phenotype.  
 
The distribution of each ‘omics measurement 
We measure the omics layers with different techniques and therefore the 
experimental data of those layers do not always follow the same distribution. For 
example, transcriptomic data has values that follow a distribution of positive numbers 
[0, inf), whereas epigenetic data can be expressed as either M-values or β-values. 
The β-value measures the percentage of methylation, whereas the M-value is the 
log2 ratio of the intensities of the methylated probe versus the unmethylated probe. 
We have to ask ourselves if we have to handle each layer differentially during the 
integration procedure, or if we can assume that both layers are just numbers. Here 
it is important to look at the range of values one could find in a given data set and 
what the meaning of these values is. We can conclude that a β-value of 0 for a CpG 
site (i.e. hypomethylated) has a different meaning than a value of 0 for a gene (i.e. 
not being expressed). When choosing an integration strategy, we should make sure 
that the algorithm could handle data sets with different distributions. 
 
Omics integration strategies 
There are three main categories of omics integration strategies: early integration, 
intermediate integration, and late integration [21]. The early integration strategy 
concatenates all omics layers into one big matrix. This makes it possible to apply the 
current single-omics algorithms to the data. Late integration is the opposite of the 
early integration strategy. The late integration strategy applies an algorithm to each 
layer individually. Finally, the outcome of the algorithm per layer is combined to 
obtain an omics integrated solution. 
 
There are a couple of disadvantages to the previously mentioned integration 
strategies. Late integration implies that both omics layers are independent of each 
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other, although we know from biology that the epigenome and transcriptome are two 
processes tightly connected. In the early integration strategy, data concatenation can 
lead to imbalanced data sets when one of the omics layers is larger. As a result, the 
large omics layers might have more influence on the model's outcome. At the same 
time, the early integration strategy ignores the distribution of each omics layer. 
 
Intermediate integration strategies try to overcome these problems by 
simultaneously integrating each omics layer. This strategy respects the difference in 
biological entities and distribution for each layer. Because the integration strategy 
uses complementary information in multiple layers, we believe this strategy is the 
best option to integrate the transcriptome and epigenome to understand toxicity and 
cancer-related events. Therefore, we will look further into algorithms capable of 
performing an intermediate integration strategy. 
 
Machine learning techniques: unsupervised vs supervised learning 
The current set of machine learning tools can be categorized into two classes: 
unsupervised or supervised learning [22]. In supervised learning, we use a set of 
input and output variables for which we want to learn the mapping function from input 
to output. To learn this mapping function, supervised learning makes use of a label 
that tells us what the output is. As an example, we can take a set of measurements 
from cancer-diagnosed or healthy subjects [23]. We train a model, the so-called 
mapping function, and learn this model how to approximate the relationship between 
input and output variables. During training, the labels are used as the ground truth 
and teach the model how to distinguish between cancer and healthy. After training 
the model, we can use it to classify new patients for which we do not know yet if they 
have cancer and classify them into either healthy or cancer. One major drawback of 
supervised learning is the use of labels since you have to be certain about the 
classification of your training data. 
 
Unsupervised learning algorithms do not use a dependent variable or know labels. 
The goal of the algorithm is to infer the underlying structure of the data and to learn 
more about these structures in the data [24].  
 
The method of choice, unsupervised or supervised clustering, depends mainly on 
the data set and problem you want to address. Supervised clustering needs many 
samples to build the model, which is not a problem in large studies like the cancer 
genome atlas (TCGA [25]) but a problem in the much smaller toxicogenomics data 
sets. Unsupervised clustering could be more suitable in this case since it can work 
with smaller data sets. Furthermore, unsupervised clustering does not need any 
label for training which can be beneficial if the effect of exposure to a compound is 
unknown. In population studies, we often see that we measure the exposure profile 
of an individual, but we do not know if that exposure is low or high. Moreover, if an 
individual is exposed to a mixture of compounds it becomes even harder to 
determine the correct output label. Here, an unsupervised learning method could be 
used, to determine to which group each individual belongs. In the end, one could 
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compare each group to unravel if there is an elevated exposure to a compound and 
if there is a causal relationship between the exposure and the health status of that 
group. 
 
Unsupervised learning techniques: matrix factorization 
Matrix factorization belongs to the class of unsupervised techniques and is applied 
to transform a high-dimensional data set into a low-dimensional structure while 
preserving the most important information. The most popular matrix factorization 
methods are principal component analysis (PCA), independent component analysis 
(ICA), and non-negative matrix factorization (NMF). Although in theory their goal is 
the same, the reduce the data set to a low-dimensional structure, they follow different 
approaches. PCA aims to identify as much variability in the data by finding principle 
components that maximize the variance [26]. ICA and NMF try to learn distinct 
patterns from the data by applying a different technique [27]. ICA learns factors that 
are statistically independent, whereas NMF tries to identify the patterns driving a 
cluster.  
 
As previously mentioned, the techniques follow different objectives but also different 
constraints. NMF imposes a non-negativity constraint on the input data, whereas 
PCA enforces orthogonality, and ICA maximizes the separability of the data. The 
principal components (or basis vectors) in PCA can be ranked by the extent to which 
they explain the variation in the data, and not all principal components are equally 
important. In both ICA and NMF, the basis vectors are assumed to have equal weight 
[27]. One advantage of NMF over PCA is that the basis vectors can be assigned to 
a specific cluster. Therefore, it is possible to score the variables and extract those 
variables driving the clustering of samples. Another advantage of NMF is the 
nonnegativity constraint. The principal components (PCA) and the basis vectors 
(ICA) both contain positive and negative coefficients. These mixed signals indicate 
that modeling the original data involves complex cancellations between the positive 
and negative values. NMF projects the data onto a basis space only containing 
positive values. It has been shown that those positive values in the basis space can 
be scored to extract more relevant biological molecules. 
 
It is therefore of interest to see if NMF is suitable to detect transcriptomic and 
epigenetic patterns driving a phenotype. 
 
Nonnegative matrix factorization: method to overcome the challenges in 
omics integration? 
Nonnegative matrix factorization (NMF) is a technique designed to reduce the 
dimensionality of the original data matrix to two smaller new matrices (W and H) with 
much smaller dimensions (Figure 1.1). These two smaller matrixes can be used as 
a reduced representation of the data samples in the data matrix [28]. NMF could be 
a great option to tackle the challenges we have to address for the integration of the 
different omics data sets.  
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We can consider an input matrix X whose rows contain the measured probes and 
the columns the samples (Figure 1.1). For omics data, the number of measured 
probes is higher than the number of samples. We can also expect that not all 
measured probes explain the observed phenotype in our samples. As mentioned 
earlier, the goal of NMF is to find a small number of feature probes in W that can 
explain the k clusters with their samples in H. 

 
Figure 1.1 Nonnegative matrix factorization. The matrix containing the sample and probe values are 
decomposed in to two smaller matrices W (number of probes as rows, clusters as columns) and H 
(clusters as rows and samples as columns). 

The value of k reflects the number of clusters hidden in our data and is therefore 
nontrivial to choose the optimal value for k. Different measures can be used to 
determine the optimal rank k, such as the cophenetic clusters coefficient or the 
silhouette coefficient. By performing 50 simulations with varying values for k, we can 
quantify the optimal value for k for our final simulation. 
 
Given the input matrix X with the desired rank k, NMF computes the approximation 
X≈WH (Equation 1) while minimizing the objective function (Equation 2). Here, the 
objective function selected is called the Frobenius norm, based on the Euclidean 
distance. Note that this is not the only distance metric and others can be used. In the 
first step, both W and H are initialized with random numbers. In the second step, we 
iteratively update W (Equation 3) and H (Equation 4), meaning we first update W 
after which we update H. The second step is repeated until the object function does 
not longer decrease. Although the multiplicative update rules are a bit slow, it is 
guaranteed to monotonically reduce the objective function. Once a solution is found, 
it is possible to calculate the probability of a probe (in W) explain the cluster in H. 
The obtained values in H can be used to divide samples into their clusters. 
 

𝑋 𝑊𝐻  1  

𝑓 𝑊,𝐻
1
2

||𝐴 𝑊𝐻||  2  

                    𝑊 𝑊 ∗
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NMF is an unsupervised approach and therefore does not need any prior knowledge. 
It has been used to answer various research questions [29, 30] and was successful 
in separating different cancer cell lines [31, 32]. Furthermore, it can handle different 
data sets of different sizes as long as the number of samples are equal. In theory, 
this would mean that we could integrate different omics platforms, such as DNA 
methylation and gene expression. Earlier research has proposed NMF as a 
promising method for the integration of omics data [33, 34]. 
 
However, NMF alone cannot address all of the challenges in the integration of omics 
data. After identifying features explaining the data, it cannot tell us the relation 
between the proposed features. In other words, it can propose different genes and 
DNA methylation regions, but it cannot tell how these will affect biological processes. 
One major objective of multi-omics studies is to discover new biomarkers [35, 36] 
and therefore the proposed candidate makers should have biological relevance. 
Studies using multi-omics data without applying biological knowledge frequently end 
with the nomination of molecules in the network that are less relevant [37]. 
Nowadays, multiple databases exist that can give us valuable information about the 
molecules in our network. Functional annotation and ontology data, such as gene 
ontology [38, 39], pathway information [40], disease association [41], and drug-target 
interactions [42, 43] give us insight into the role of the different network molecules.  
 
Therefore, we will extend the workflow and use biological networks to study the 
effects on biological processes, interactions between multiple genes, and the effect 
of DNA methylation changes on gene expression. 
 
The role of biological networks in omics integration 
Biological networks are a powerful tool for data analysis. They are used to study the 
effect of perturbations on a biological system, to identify potential targets for drug 
discovery [43, 44] and to study disease-based mechanisms [44, 45]. Because of their 
design, biological networks are useful to visualize complex information in a simplified 
way.  
 
We visualize biological networks via network graphs, with nodes referring to 
molecules and edges representing the interaction among molecules. These edges 
can be either directed or undirected. To define how a biological network is translated 
to a network graph, let us take the set of genes defined by its members: ‘gene A’, 
‘gene B’, and ’gene C’ (Figure 1.2A). Gene A is a transcription factor of gene B and 
through its interaction can control the transcription of gene B. Therefore, we define 
an interaction between gene A and gene B as “Gene A interacts with gene B” by 
drawing a line between the two nodes (Figure 1.2B). We have created an undirected 
network from which we can see that genes A and B share an interaction. However, 
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we cannot tell from this interaction what kind of interaction gene A and gene B share. 
We still miss important information about the transcriptional property of gene A. To 
add this information to the network, we can draw a line with an arrowhead (Figure 
1.2C). We call this property the directionality of the interaction. From figure 1.2C, we 
now can see that gene A and gene B share an interaction but more importantly, we 
can even see that gene A exerts an effect on gene B. We can improve our 
understanding of the edges in our network if we color the interactions based on their 
effect, green for activation and red for inhibition (Figure 1.2D). If one has a look at a 
network such as displayed in figure 1.2D, it becomes clear that gene A activates the 
transcription of gene B, gene B activates the transcription of gene C, and finally, 
gene C can inhibit the transcription of gene B. 
 

 
Figure 1.2 How to create a network graph. A: We represent a set of genes as nodes (circles). B: If two 
nodes interacted with each other, we define an edge (line) between the two nodes. C: To increase our 
understanding of the interactions, we can try to define if an interaction has a directionality. Here the 
interaction means Gene A interacts with gene B but not the other way around. D: Extra visualization 
options can add information about the interaction type to the network. 

Network graphs and hubs 
In a network, we can define the degree of a node by the number of interactions (i.e. 
edges). For directed graphs, we can define the inner-degree as the number of edges 
directed at the node and the outer-degree as the number of edges going out of the 
node. If we calculate the degree for all the nodes, we can define so-called HUB 
nodes. HUB nodes have a higher number of edges in comparison with other nodes 
in the network and are believed to play central roles in the network [46,47]. It is 
suggested that biological networks are robust against perturbations, but disruption 
of HUB genes causes the system to fail [48, 49] and are often associated with 
disease development [50, 51]. 
 
Community detection  
Since research gives us more knowledge about the different interactions between 
genes, such as transcriptional activation or inhibition, the number of edges between 
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nodes can grow very quickly. This will make a network graph more complex to 
analyze and harder to gain new knowledge.  
 
Here, we hypothesize that in biological systems, molecules do not work 
independently but in a coordinated way, where molecules involved in the same 
biological processes are likely to be highly connected. Therefore, we can look for 
communities of highly connected genes in a network and study different events in 
those communities. An important property of a community is that it is separable from 
other modules [52] and its members have more connections among themselves [53]. 
 
In this thesis, the Louvain method will be applied on the genomic interaction 
networks. The Louvain method is a simple and efficient method to identify 
communities in very large networks. The algorithm uses two phases to identify 
communities in a network. First, the algorithm looks for smaller communities to 
optimize the modularity locally. Second, it aggregates nodes that belong to the same 
communities to build a larger community. These two steps are repeated until the 
modularity stops to increase. Here, modularity is a measure of the numbers inside 
communities compared to links between communities. Thus, we expect to obtain 
high modularity when we have a low number of edges between communities and a 
high number of edges within a community. 
 
Dynamic biological networks 
Biological systems are not static processes but are highly dynamic where 
interactions between molecules or the expression of genes change over time. In 
toxicogenomics, it is vital to understand these dynamic processes as a response to 
chemical exposure in biological systems and therefore we need to study the effect 
of time [54, 55]. A classical approach in network biology is to visualize these dynamic 
processes by color-coding the nodes based on their expression value. However, 
visualizing only changes in expression is not enough. Multiple studies show 
perturbations in interactions between nodes due to chemical exposures. For 
example, Wolters et al [56] showed by exposing primary human hepatocytes to VPA 
a relation between perturbations in gene expression and gene-gene interactions. 
Therefore, it is not only important to visualize the changes in expression values but 
also the change in interactions between nodes. 
 
The gap between epigenetics and transcriptomics in toxicogenomics 
A single omics technique will detect biomolecules in one layer, and thus captures 
changes only for small subsets of the components in a biological system. Therefore, 
applying single omics analysis in toxicogenomics led to the identification of 
biomarkers for certain exposures but not a systemic understanding of toxicity. 
Epigenetics processes are significantly modulated by exposure to a compound, and 
its downstream effect is vital to understand the mechanisms of perturbations on a 
transcriptome level. The integration of multiple omics datasets will improve our 
understanding of the underlying biology, and therefore we will gain a better 
mechanistic aspect of the system. 
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Research and aim of this thesis 
The abundance of biological data has made data integration approaches 
increasingly popular over the past decade. Understanding cellular processes and 
molecular interactions by integrating molecular networks has just been one of the 
challenges in data integration. In this thesis, the main objective is to gain more insight 
into the effect of alternations on the transcriptome and epigenome through omics 
integration. We hypothesize that through the integration of multiple omics data sets, 
we can increase our understanding of the relationship between environmental 
exposure, DNA methylation, and gene expression. 
 
In chapter 2.1, we created a network visualization tool to visualize a dynamic 
biological network and at the same time show biological knowledge from different 
data sources. In chapter 2.2, we have created a python work frame to construct 
multi-omics networks from curated information about gene-gene interactions, drug-
gene interactions, disease-gene interactions, and DNA methylation – gene 
interactions.  
 
In chapter 3, we investigated the use of nonnegative matrix factorization to integrate 
DNA methylation and gene expression from two cancer data sets. In chapter 3.1, 
we tested the workflow on the NCI60 data set, a small data set of cancer cell lines 
with gene expression (microarray platform), and DNA methylation (Illumina 450K 
methylation array). In chapter 3.2, we performed a simulation on the 2019 Cancer 
Cell Line Encyclopedia to investigate the use of the proposed workflow on a large 
data set with high heterogeneity for which we have gene expression (RNA-
sequencing platform) and DNA methylation (RBBS platform). 
In chapter 4, we investigated the integrative molecular effects of chronic human 
exposure to environmental pollutants, by applying a cross-omics computational 
approach to investigate the relation between exposure and alteration in gene 
expression and/or DNA methylation in European cohort studies. These cohort 
studies contain subjects exposed to persistent environmental pollutants and heavy 
metals during their lifetime.  
 
In chapter 5, we further deepened our understanding between the epigenome and 
the transcriptome by using single nucleotide polymorphisms (SNPs). SNPs are 
forms of DNA variation among individuals and may influence promoter activity, 
messenger RNA, conformation, and subcellular localization of mRNA. Therefore, 
alterations on the DNA due to SNP can be a missing piece to understand the link 
between the epigenome and transcriptome and is of interest to study. To investigate 
this hypothesis, we made use of gene expression, DNA methylation, and SNP 
information from a Pakistani cohort study exposed to arsenic-polluted drinking water. 
We hypothesized, taking into account polymorphism, DNA methylation, and gene 
expression with arsenic exposure, we can identify exposure-related profiles for 
subgroups with different susceptibility to arsenic exposure, independently of the 
dose of arsenic exposure. 
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Chapter 2.1: DYNOVIS: a web tool to study dynamic perturbations for 
capturing dose-over-time effects in biological networks 
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1 Department of Toxicogenomics, GROW School for Oncology and Developmental Biology, Maastricht 
University, P.O. Box 616, 6200 MD, Maastricht, the Netherlands 

 
Abstract  
Background: The development of high-throughput sequencing techniques 
provides us with the possibility to obtain large data sets, which capture the effect of 
dynamic perturbations on cellular processes. However, because of the dynamic 
nature of these processes, the analysis of the results is challenging. Therefore, 
there is a great need for bioinformatics tools that address this problem. 
 
Results: Here we present DynOVis, a network visualization tool that can capture 
dynamic dose-over-time effects in biological networks. DynOVis is an integrated 
work frame of R packages and JavaScript libraries and offers a force-directed graph 
network style, involving multiple network analysis methods such as degree 
threshold, but more importantly, it allows for node expression animations as well as 
a frame-by-frame view of the dynamic exposure. Valuable biological information 
can be highlighted on the nodes in the network, by the integration of various 
databases within DynOVis. This information includes pathway-to-gene 
associations from ConsensusPathDB, disease-to-gene associations from the 
Comparative Toxicogenomics databases, as well as Entrez gene ID, gene symbol, 
gene synonyms, and gene type from the NCBI database.  
 
Conclusions: DynOVis could be a useful tool to analyze biological networks that 
have a dynamic nature. It can visualize the dynamic perturbations in biological 
networks and allows the user to investigate the changes over time. The integrated 
data, from various online databases, makes it easy to identify the biological 
relevance of nodes in the network. With DynOVis we offer a service that is easy to 
use and does not require any bioinformatics skills to visualize a network. 
 
 
 
 
 
 
 
 
 
Published in : BMC Bioinformatics, 2019 
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Background 
The development of high-throughput sequencing techniques allows us to obtain 
complex data sets, which are capable of revealing molecular responses of cellular 
processes [1]. For instance, changes in gene expression play a role in signal 
transduction mechanisms, metabolic pathways, and responses to harmful events 
in the cell [2]. For enabling a deeper mechanistic understanding these data sets 
have necessitated the development of mathematical models. For example, 
transcriptomic data have been used to construct gene regulatory networks, which 
provide valuable insights into the regulatory mechanisms of differential gene 
expression [3–5].  
 
However, it is well known that these changes in biological processes are not static 
but dynamic. Therefore, currently, high-throughput sequencing techniques are 
combined with time-series experiments. Although this approach will increase the 
overall knowledge of dynamic cellular responses, the temporal analysis adds 
another layer of complexity Multiple tools have been designed to translate 
experimental results into network graphs for the purpose of studying time series 
data [6, 7] or dynamic perturbations, such as dose-over-time effects [8] . Currently, 
there are a number of different tools available that focus on visualizing dynamic 
networks [9–11], but these do not focus on the integration of dynamic visualization 
with biological knowledge. 
 
To improve upon this, we developed a tool that integrates dynamic network 
visualization with functional biological information. To visualize and understand the 
influence of time and dose on cellular responses, integration of high-throughput 
sequencing time series data has been implemented. To enable a functional 
interpretation of different nodes and interactions in the established networks, 
information extraction methods have been developed to pull relevant information 
from various biological databases. 
 
Implementation 
DynOVis offers an easy web-based tool for visualizing dynamic gene expression 
data on a biological network and is made freely available at 
https://bitbucket.org/mutgx/dynovis/src for downloading and running locally. 
DynOVis is an integrated work frame of R packages and JavaScript libraries and is 
made freely available using the R Shiny package. R shiny is used to control the 
webpage and the web server, whereas the D3js JavaScript library is used to 
visualize the network. DynOVis is designed to guide the user through the different 
steps that translate a network structure into a network image. The user can decide 
to upload a static or dynamic network (directed or undirected) but also if they want 
to map biological knowledge onto the network. After the network has been 
constructed, the user can start analyzing the network (Figure 2.1). 
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Initialization and creation of the network 
DynOVis allows for handling different network structures, that can either be an edge 
list (format: A interacts with B), adjacency matrix (format: matrix of 0 and 1’s that 
define an interaction between nodes), or a Cytoscape file (in case previous 
analyses of the relevant data set has been performed using Cytoscape). We have 
provided a workflow that handles the processing of the network file into a network 
structure. Therefore, DynOVis does not require the user to specify the extension of 
the network file but it will automatically detect the file type and process it. The 
network structure is then converted into a network graph by applying the D3js force-
directed graph algorithm (Figure 2.1A). This algorithm calculates the position of 
every node by applying an attractive force between each pair of connected nodes, 
as well as a repulsive force between the nodes. This will create a network with the 
least amount of overlapping nodes, which is important for studying any network. 
After the network has been created, the user is also free to drag and place nodes 
at different places and change the node positions. 
 

 
Figure 2.1 DynOVis: network visualization frame. In the center, the network is displayed (A). The control 
panel with the threshold degree and animation controls are placed at the left (B) and the biological 
information panel for each node is shown at (C) after a node has been clicked. Different graph theory 
features have been integrated to identify important HUB nodes (D). 

Analyzing experimental data in your network 
In its most general appearance, a network is a collection of nodes and the 
interaction between the nodes is defined by edges. These nodes may represent 
different entities, for instance, genes if one has built a gene regulatory network or 
CpG islands if one has built an epigenomic network. To investigate the relationship 
between changes in expression of nodes, the user may also upload a file containing 
expression data generated to visualize dose, time, or a combination of dose-over-
time series experiments (Figure 2.1B). DynOVis does not request for a specific 
expression format, such as intensity or log fold change and the user is free to use 
their own desired format.  
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DynOVis applies a mapping function to assign the experimental data to the 
corresponding node and translates the value into a color by a red/green or red/blue 
linear color scale function. To determine the domain of the color scale, a built-in 
DynOVis function calculates the maximum absolute value of the experimental data 
is calculated and used as the left and right boundary of the scale. By using the 
absolute maximum value, we ensure that a dark red color (meaning very low 
expression) is equal to a bright green (or blue) color (meaning high expression). 
 
Analyzing dynamic events on the network 
DynOVis offers different options for analyzing dynamic perturbations in a biological 
network to study the changes in expression or interactions between nodes in the 
network (Figure 2.1, B). First, the user can upload a dynamic node expression file, 
from which DynOVis builds an animation that shows the changes in expression 
over time (see first example case study). Second, it is also possible to upload a 
dynamic edge interaction file that can be used to study changes in interactions 
between nodes (see second example case study). Third, both the dynamic edge 
and node expression file may be used to create an animation that shows how 
differences in node expression are associated with differences in edge interactions. 
This animation is to be viewed as a video, but also frame-by-frame by using the 
forward and backward animation control buttons. DynOVis has a built-in function 
that creates a 2D line graph, showing the changes in node expression if the user 
selects a local neighborhood of nodes. The degree of each node may change over 
time, which is visualized by either changing the degree of the nodes during the 
animation or by looking at the node degree table. This will highlight the importance 
of certain nodes at a given time point. Furthermore, it is possible to save the 
animation and use it in a presentation or on a website. 
 
Integrated database to the network 
To increase the understanding of the different nodes in a network, it is possible to 
add biological knowledge to the network by making use of the internal database of 
DynOVis. This database is built from various online sources such as 
ConsensusPathDB [12], Comparative Toxicogenomics database [13], NCBI 
database [14] and allows the user to access this information without having to visit 
any of those websites. To get the biological information for each node, the node 
identifier is connected with the corresponding key identifier in the DynOVis 
database. The user can select during the initial stage of building the network to 
incorporate gene information for Homo sapiens, Rattus Norvegicus, or Mus 
Musculus. This information includes pathway-to-gene associations from 
ConsensusPathDB [12], disease-to-gene associations from the Comparative 
Toxicogenomics databases [13], as well as Entrez gene ID, gene symbol, gene 
synonyms, and gene type from the NCBI database [14]. Here, we have developed 
a function that shows a pop-up window with the biological information that only 
becomes visible when the user clicks on a node (Figure 2.1C). 
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Change the node size based on their degree 
Further important features in DynOVis refer to the basic network analysis options 
(Figure 2.1D). These options are derived from graph theory properties and give an 
overview of the most important nodes, based on degree centrality. Nodes with 
many connected neighbors have a high degree and are therefore called HUB 
nodes. It is important to identify these HUB nodes since biological networks are 
robust against perturbations, but disruption of pivotal nodes in general causes the 
system to [15, 16]. In DynOVis, we have split degree centrality into three 
components: i) total degree, ii) inner degree and iii) outer degree. This separation 
helps to identify a node that is regulated by many other neighbors (inner degree) or 
a node that regulates many nodes (outer degree). The visualization style of the 
nodes (i.e. the size, a property defined by D3js) can also be changed according to 
the different degrees, or nodes in the network can be hidden if a chosen degree is 
below a certain threshold. 
 
Study the network in three dimensions 
The two-dimensional network (Figure 2.1, A) can also be converted into a three-
dimensional network. This allows the user to navigate through the network in a first-
person view while at the same time playing the animation showing the dynamic 
perturbation. DynOVis uses a custom-developed 3D force-directed layout by 
adding an extra formula to calculate the z-position with respect to the x and y values 
of the 2D D3js force-directed layout by defining the following formula: 

𝑧 𝑌 ∗ 0.8 ∗ 𝑠𝑖𝑛 ∗ 𝑦 ∗ 𝜋 𝑋 ∗ 0.8 ∗ sin 𝑥 ∗ 𝜋   
 
Finding pathways in your network 
For each gene in the network, the associated pathways are searched for in the 
database that is attached to DynOVis. Since one gene may be associated with 
multiple pathways, the number of different pathways may be very high, depending 
on the number of genes in the network. Therefore, DynOVis ranks the pathways 
based on the number of genes associated and returns the top 10 pathways as a 
table. DynOVis provides a function to download the complete list of genes and 
associated pathways. 
 
Results and Discussion 
As has been discussed in the introduction, there are multiple applications that aim 
to visualize biological networks. Here, DynOVis will be compared with the most 
popular tool at this moment: Cytoscape. Cytoscape is a stand-alone network 
visualization tool that offers multiple network analysis methods. 
 
The workflow of DynOVis is designed in such a way from start to end, thus 
uploading a network file to visualizing a network, is straightforward to the user. 
Here, a comparison will be made between the workflow of DynOVis and Cytoscape. 
Both Cytoscape and DynOVis can handle different input formats, including .txt, .csv 
or .sif files. Whereas DynOVis has an automated feature to translate the two 
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columns of input data (parent node and child node) to a network, Cytoscape first 
asks the user to specify the parent and child node column. This allows the user 
more freedom with respect to the number of columns in their input file, whereas for 
DynOVis the first and second column must imply the network structure. Although 
the automated process restricts the user in their choices, it makes the visualization 
process more straightforward.  
 
One of the most important features is the dynamic network visualization. DynOVis 
directly offers this feature, whereas for Cytoscape different apps need to be 
installed from their app store. The Cytoscape app store contains multiple 
applications that allow for dynamic network visualization, such as DyNet [17], 
CyAnimator [11], DyNetViewer [18], and ANIMO [19]. ANIMO has been excluded 
from the comparison since the focus is more on signaling networks. In most cases, 
the user would like to study the perturbations of nodes over time or dose points in 
one biological network. Both DynOVis and CyAnimator have been built to show 
dynamic expression changes in nodes. DynOVis takes the dynamic input for every 
node and assigns these values as a color to each node, while directly building the 
animation. For CyAnimator, the user has built each frame manually before the 
frame can be added to the animation. Each time point requires a step in which the 
node expression values have to be set as fill color, which will be stored as a key 
frame. Consequently, if there are ten different time points the user has to build ten 
key frames for each data point before the animation can be created. DynOVis saves 
the users some time because they only need to push the play button to start the 
animation. 
 
Animations serve very well to identify important expression changes in the network, 
for instance, a gene that shows a strong downregulation between two time points. 
If these events are observed, the user would like to analyze the local network 
around this node. DynOVis makes this possible by highlighting a local neighbor 
network around a selected node and the user may play the animation or analyze 
the changes frame-by-frame. It is also possible to drag and drop the nodes to new 
places and start the animation. However, these two features are not possible while 
using CyAnimator. The node and edge positions are fixed after creating the 
animation and the animation is only visible in one orientation. If a local neighbor 
network around a node has to be analyzed, the user has to create a new animation 
by hand. 
 
Dynamic node interactions may be studied by using DynOVis, DyNetViewer, or 
DyNet. DyNet is a Cytoscape app that visualizes differences among multiple 
networks, such as edges between nodes. This is of interest if one wants to study 
protein-protein-interaction networks in different tissues. The different node degree 
calculations can be performed to get the most important nodes between each 
network. DyNetViewer can generate a dynamic network by adding time course data 
to a static network. This will result in an animation with the different edges between 
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nodes for the different time points. DynOVis can also generate an animation of the 
different changes in node interactions after the user uploads a file containing the 
interaction information per time point. The advantage of DynOVis over DyNet is that 
the latter requires at least two networks to compare, whereas DynOVis shows 
dynamic edge interactions in one network. DyNetViewer also shows dynamic edge 
interaction, but it calculates the interactions from the node expression values in a 
static network. This means that if one obtains a dynamic network with already 
known interaction changes, it cannot be uploaded in DyNetViewer. Here DynOVis 
has the advantage, because it can map dynamic edge interactions onto a network. 
DyNetViewer has an advantage if the dynamic edge interactions are yet unknown 
because it calculates them from node expression data alone, something DynOVis 
cannot do from scratch. However, DyNetViewer cannot show the expression data 
on the nodes while playing the animation. DynOVis is capable of showing this 
information and therefore the user will see whether changes in node expression 
are actually altering node interactions. 
 
With DynOVis we offer the implementation of dynamic network, functional, and 
graph theory analysis without limitations with respect to the type of network. It is 
possible to study dynamic effects without the need for multiple networks while the 
tool immediately provides the user with information about gene function, associated 
pathways, and diseases. Although Cytoscape is more powerful in analyzing a static 
network, DynOVis has some advantages over the current Cytoscape applications 
regarding dynamic visualization (see Table 2.1 for an overview). The combination 
of dynamic visualization and functional biological annotation is one of the 
advantages of DynOVis. Some of these functionalities are demonstrated in the 
following case studies. 
 
Case studies on time series drug treatment experiments 
 
In the first example, the network describing the NF-kB pathway has been 
investigated, a pathway related to apoptosis and inflammation, key events for both 
drug-induced liver fibrosis and cholestasis [20]. Here, a dose-over-time network of 
the NK-kB pathway was constructed with DTNI [8] from human in vitro samples 
exposed to acetaminophen from TG-GATEs [21]. Data were measured for two 
biological replicates at three doses (low, middle, high) at three time points (2, 8, 
and 24 hours). By investigating the acetaminophen dose-response of the NF-kB 
pathway over time, it becomes apparent that both time and dose, play an important 
role in the changes in gene expression. From the animation it becomes clear that 
the induced effect of the acetaminophen challenge is dose- and time-specific 
because the alternations in gene expression are only observed at a high dose after 
a period of 8 hours (Figure 2.2A). TNF superfamily member 11 (TNFSF11) and toll-
like receptor 4 (TLR4) show a strong downregulation at 8 hours (Figure 2.2B), 
whereas C-X-C motif chemokine ligand 2 (CXCL2) shows a strong downregulation 
at 24 hours (Figure 2.2C). 
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Figure 2.2 Frame-by-frame view of the expression profile in the NF-kB pathway at 8 hours for low dose, 
medium dose and high dose of acetaminophen (Blue color: upregulation, red color: downregulation). 
After 8 hours of exposure at high dose, a change in gene expression has been observed (Panel A, low, 
medium and high dose compared). TNFSF11 and TLR4 show downregulation at 8 hours (Panel B, node 
in purple square), whereas CXCL2 shows a strong downregulation at 24 hours at high dose (Panel C, 
node in purple square). 

 

Figure 2.3 The highlighted selection of the first degree neighbors of TLR4 (central node in the sub-
selection) at time point of 8 hour and high dose. CCL4 (green square), GADD45B (purple square), 
TNFSF13B (red square) show upregulation. 
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Table 2.1 Overview of the different features present in DynOVis, Cytoscape and the different 
Cytoscape applications.  

Tools DynOVis Cytoscape DyNet CyAnimator DyNetViewer 
Platform web Standalone 

Java 
application 

Cytoscape 
plugin 

Cytoscape 
plugin 

Cytoscape 
plugin 

Input 
Network 

List of 
interactions, 
Adjacency 
matrix, 
.sif file 

List of 
interactions, 
Adjacency 
matrix, 
.sif file, URL 
or database 

Cytoscape 
input types + 
2 equal 
networks 

Cytoscape 
input 

Cytoscape 
input 

Input data Text file, CSV 
file, excel 
workbook 

Text file, CSV 
file, Excel 
workbook, 
URL or 
database 

Text file, CSV 
file, Excel 
workbook, 
URL or 
database 

Text file, CSV 
file, Excel 
workbook, 
URL or 
database 

Text file 

Built-in 
database 

Yes No No No No 

Network 
layout 

Force directed 
layout 

Multiple 
different 
layouts 

Cytoscape 
Layouts 

Cytoscape 
Layouts 

Cytoscape 
Layouts 

Weighted 
edge 
visualization 

No Yes Yes Yes (from 
Cytoscape 
Core function) 

No 

Dynamic 
node 
expression 

Yes No Yes Yes No 

Dynamic 
node 
interactions 

Yes No Yes No Yes 

3D 
visualization 

Yes No No No No 

2D Line 
graph 
expression 
values 

Yes No No No No 

Pathway 
histogram 

Yes No No No No 

 
TLR4 plays an important role in pathogen recognition and can activate the innate 
immune system [22]. It has been found in previous research that downregulation of 
TLR4 is related to liver cirrhosis [23]. Highlighting the neighbors of TLR4 using 
DynOVis (Figure 2.3) demonstrates that a number of genes interacting with TLR4, 
show the same expression patterns and thus may play the same role in the 
response. TNFSF11 has an interaction with TLR4 (downregulated at 8 hours and 
high dose, dark red node in Figure 2.3) and is involved in the regulation of the T 
cell-dependent immune response. 
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While TLR4 shows a downregulation, three genes show an upregulation: C-C motif 
chemokine ligand 4 (CCL4), growth arrest and DNA damage inducible beta 
(GADD45B) and tumor necrosis factor ligand superfamily member 13b 
(TNFSF13B) (light blue nodes in figure 2.3, CCL4 green square, GADD45B purple 
square, TNFSF13B red square). GADD45B belongs to the GADD nuclear protein 
family that is associated with DNA damage [24]. These results can also be saved 
in a 2D line graph, to show the changes in gene expression in a static way (Figure 
2.4). CXCL2 is one of the chemokines that leads to an influx of inflammatory cells 
including macrophages which are known for wound healing [25]. Downregulation 
of CXCL2 is observed at 24 hours and therefore could play an important role in the 
toxic effect of acetaminophen on the liver. In this case study, DynOVis did help to 
highlight the most important genes in a high-density network as well as to identify 
important gene-gene interaction effects. 

 

 

Figure 2.4 2D line graph of expression profiles of TLR4 and the first degree selected neighbors at 
different time and dose points. Time is abbreviated by T followed by 2, 8 or 24 hours. Dose is abbreviated 
by D followed by 200 µM (low dose), 1000 µM (medium dose) and 5000 µM (high dose). Data is derived 
from human in vitro samples exposed to acetaminophen. 

In the second example, DynOVis is applied to a network with changing interactions 
over time as a response to valproic acid (VPA) exposure [26]. In this study, primary 
human hepatocytes are exposed to VPA for a period of three days with a follow-up 
washout (WO) period of three days. A selection of genes has been made by Wolters 
et al by applying the induced network module of ConsensusPathDB [12] to create 
multiple gene-gene interaction networks to unravel the dynamic changes over time 
after VPA exposure. From those results, only the high-confidence protein 
interactions and gene regulatory interactions are exported. We have used the edge 
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interaction function of DynOVis to create an animation of the dynamic interaction 
changes over time that highlights important network structure changes (Figure 2.5). 
 
From figure 2.5, it becomes clear that the number of interactions grows over time 
during VPA exposure, with the highest number of interactions on day 3, which is in 
line with the observations of Wolters et al [26]. The increase of edge is data-driven, 
due to higher number of differentially expressed genes at each time point [26]. More 
differentially expressed genes means more possible interactions and thus more 
nodes and edges in the network. A number of persistent gene-gene interactions 
are identified after the WO period. To fully understand the relationship between 
perturbations in gene expression and gene-gene interactions, DynOVis is used to 
create an animation that combines node expression with edge interactions.  
 

 

Figure 2.5 Dynamic molecular interaction changes over time after VPA exposure after 1, 2 and 3 days, 
as well as after the 3 day wash out period. 

Here we will discuss only one gene of interest: Fibronectin 1 (FN1) (Figure 2.6, 
network of FN1). FN1 is initially connected to 10 neighbors (outer degree: 3, inner 
degree: 7), but develops to 71 interactions (outer degree: 22, inner degree: 49) with 
other genes after a 3-day treatment with VPA and maintains in total 50 of the 71 
interactions (outer degree: 15, inner degree: 35) after the 3 day washout period. 
The changes in gene-gene interactions between FN1 and its neighbors, as well as 
the changes in gene expression, are of great interest for various reasons. Knock-
down of FN1 has been shown to play a role in mitochondrial-dependent apoptosis 
[27] as well as increased fibrosis in mice [28]. Accumulating cancer research 
showed that fibronectin expression in various tumors is highly correlated with 
malignant phenotypes and poor prognosis [29–31].  
 
By identifying the dynamic interactions over time, we found both persistent and non-
persistent interactions. The non-persistent interactions between FN1 with amyloid 
P component serum (APCS), and filamin A (FLNA) could be associated with VPA 
exposure since the interactions disappear after the WO period. The expression 
pattern of APCS and FLNA are highly similar to FN1, which could indicate that the 
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downregulation of those three genes plays a role in hepatotoxicity. Several 
interactions disappear over a 2 day VPA exposure, including the interactions 
between FN1 and inter-alpha-trypsin inhibitor heavy chain 2 (ITIH2) and 
proliferating cell nuclear antigen (PCNA). These different dynamic gene-gene 
interactions are of interest because they may play a role in the same biological 
processes that lead to the adverse outcome of VPA exposure [32]. PCNA is a 
nuclear protein involved in DNA-synthesis and repair and decreased expression of 
PCNA has been experimentally shown in tumors of VPA treated mice [33]. ITIH2 
belongs to the family of plasma serine protease inhibitors involved in the 
stabilization and prevention of tumor metastasis. Further investigation of the 
relationship between these genes is needed but is behind the scope of this case 
study. In the second case study, DynOVis gives us a quick overview of the growing 
gene-gene interactions over VPA exposure, which helps to identify important time 
points in the exposure series and directs us towards the most important genes to 
study. 

Figure 2.6 Subnetwork for Fibronectin 1 at the different days of VPA exposure. There appears a strong 
time effect of VPA exposure, due to the increasing interactions over time. The center node of each small 
subnetwork represents Fibronectin 1. At day 1 of exposure, there are 9 genes that have a gene-gene 
interaction with Fibronectin 1, this number increases over the following two days to 72 gene-gene 
interactions. The number of interactions decreases after the washout period. 

Conclusion 
With DynOVis we offer the implementation of dynamic network visualization, by 
providing the users with functionalities to highlight node expression changes and 
dynamic edges. The addition of biological information, such as pathway or disease 
association, helps to further understand the role of different nodes in the network. 
It is possible to study dynamic effects without the need for multiple networks while 
the tool immediately provides the user with information about gene function, 
associated pathways, and diseases. Although Cytoscape is more powerful in 
analyzing a static network, DynOVis has some advantages over the current 
Cytoscape applications regarding dynamic visualization. DynOVis allows studying 
both dynamic node expression changes and edge interaction changes 
simultaneously, whereas the current Cytoscape tools focus more on one topic. With 
the provided case studies, we have shown that with the dynamic network 
visualization it becomes less complicated to identify important causal events. 
Further development of the tool will be carried out, in order to enable the integration 
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of multiple omics platforms that will provide an even more detailed explanation of 
the cellular response to perturbations. These updates will be integrated into the tool 
and updated regularly 
 

Availability 
Project name: DynOVis 
Project home page: https://tjmkuijpers.shinyapps.io/dynovistool/ and 
https://bitbucket.org/mutgx/dynovis/src/master/ for source code  
Operating system(s): Operating system independent (web service) 
Programming Language: R and JavaScript 
Other requirements: The DynOVis interface uses HTML5 features that are not supported by the current 
version of Internet Explorer (IE v11); i.e. Internet Explorer v11 does not fully support DynOVis. 
Therefore, we recommend using DynOVis on a different browser (Google Chrome or Mozilla Firefox).  
License: BSD license  
Authors’ contributions: TK designed and wrote the code for DynOVis. DJ and JK supervised the design 
of the tool. JW performed the analysis and interpretation of the VPA case study.TK wrote the original 
draft, JW, DJ and JK reviewed and edited the original draft. All authors read and approved the final 
manuscript. 
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Abstract 
To gain a better understanding of the relationships between features in large omics 
data sets, we propose GINBuilder. GINBuilder is a python framework designed to 
construct a transcriptome – epigenome interaction network with the option to 
integrate curated knowledge on disease and compound interactions. Integration of 
knowledge databases with omics patterns into genomic interaction networks can 
help us to deeper understand different phenotypic endpoints, such as 
disease/control or exposure studies. GINBuilder provides the user with 
associations that cannot only help to improve our understanding of relationships 
within omics layers but also highlights certain non-omics association. The 
constructed genomic interaction networks will be a valuable tool to unravel the 
relation between genomic alterations and phenotypic endpoints.  
  



     Chapter 2: Network visualization and knowledge integration 

37 
 

Introduction 
The generation and analysis of large omics data sets can help us unravel different 
biological processes involved in understanding toxicity or disease development. To 
extract potential important information from omics data, feature selection 
techniques are widely applied to identify latent features in the data [3–5]. To gain a 
better understanding of the different inter- and intra-omics relationships, we have 
to highlight the biological interactions between those features. Biological networks 
are a great tool to study the relationships between DNA methylated regions and 
genes. To translate the obtained features into a network, we have to define the 
interactions between those entities. These interactions will help us to understand 
the relationships between the biological components and can help us further 
unravel an observed phenotype. 
 
We can add different types of interaction to a biological network, depending on the 
hypothesis we want to investigate. For example, if we would like to study the 
biological mechanisms in a cancer cell, we can add protein-protein interactions, 
gene-gene interactions as well as DNA methylated regions linked to their 
corresponding gene. This will provide us with information on physical connections 
between gene products (protein-protein), relationships between genes (gene-gene 
interactions) and can reveal key function modules. However, adding all these 
interactions will create a complex network, with a high number of interactions 
(edges) between each biological entity (node). This makes it very difficult to validate 
our hypothesis. We could apply a classical network biology method to extract nodes 
with a high degree, or network modules with members that share a high number of 
connections. However, we will look into a different approach, in which we integrate 
existing knowledge from databases, to help us identify genes related to a certain 
disease phenotype or chemical compound exposure. We hypothesize that 
integration of knowledge databases with omics patterns into genomic interaction 
networks can help us to understand different phenotypic endpoints, such as 
disease/control or exposure studies.  
 
Therefore, to study the relationship between epigenetics and transcriptomics, we 
propose GINBuilder, a python framework to construct genomic interaction 
networks, which store the interactions between genes and DNA methylation – gene 
relationships. 
 
Application  
GINBuilder is a python framework designed to construct a transcriptome – 
epigenome interaction network that the user can expand with disease or compound 
interactions (Figure 2.7). GINBuilder uses a list of genes and (hypo/hyper-) 
methylated genes as input to define the seeding nodes of the network. In this list, 
methylated genes extracted from the epigenome do not necessarily need to overlap 
with the list of genes extracted from the transcriptome. The rationale behind this 
choice is that in some cases, there are changes on one layer that are not 
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necessarily detected on the other layer, due to limitations of the omics integration 
techniques.  
 
We map every seeding node against various databases to retrieve potential 
interesting interactions. There are different steps to construct the genomic 
interaction network and multiple possibilities to add information onto the genomic 
interaction network. Here, we will discuss the options to translate a list of genes 
and methylated DNA regions into a complete genomic interaction network. 
 
To start building the genomic interaction network, the user launches the Jupyter 
notebook, which guides the user through the different steps. A python object for the 
Genomic interaction network will be created by calling the function 
“CreateGenomicInteractionNetwork()”. This is an empty network, but we populate 
the network with gene nodes (via “set_genes_as_nodes()”) and CpG nodes (via 
“get_cpg_gene_interactions()”). 
 

 
Figure 2.7 Genomic Interaction Network (GIN) Builder: a graphical representation of the connection 
between feature genes and methylated genes and knowledge integration. 

Now we can add interactions between the nodes and start to fill the genomic 
interaction network with edges. For each of the CpG nodes, GINBuilder uses an 
internal database to search for the gene belonging to the CpG node. If the mapping 
returns a gene name, GINBuilder will define an interaction between the CpG node 
and the gene, defined by “CpG – Gene interaction”.  
After defining the CpG – gene interactions, the next step is to extract known 
interactions from knowledge databases. We have added an API functionality to 
retrieve information from various databases and since each of them stores specific 
information, we will briefly explain their use: 
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Transcription factor library 
Transcription factors tightly regulate the expression of their target genes via 
transcriptional activation or inhibition. Alterations of transcription factors are 
important factors leading to disease onset [6, 7] and therefore transcription factor – 
gene target interactions are vital to study. Each gene, defined as a starting node, 
is mapped against the in-house developed transcription database by Souza et al 
[8]. We use the function “get_transcription_factor_regulation()” to get the 
transcription factor – target interactions, which are returned in the format TF – target 
– activation/inhibition. This function identifies all the transcription factors in the 
network and their transcriptional target. By default, we only include a transcription 
factor and its target, if both are a node in our network. If the user is only interested 
in some transcription factors, it is possible to search for those transcription factors 
by defining a custom list of genes and pass this list as an argument to the function. 
 
OmniPath 
Disruption of cell signaling cascades is believed to be an important onset in 
diseases such as cancer [9]. OmniPath [10] stores signaling interactions, kinase-
substrate interactions, transcriptional factor – target interactions as well as miRNA 
– mRNA interactions. GINBuilder uses the function “get_gene_gene_interactions()” 
to retrieve all the interactions based on the nodes in the network so no input 
parameters have to be defined. 
 
STRINGdb 
The STRING database (STRINGdb) [11] is a collection of known and predicted 
protein-protein interactions (PPIs) that can be either direct (physical) interactions 
or indirect (functional) interactions. GINBuilder users the function 
“get_protein_protein_interactions()” to retrieve the interactions between the nodes 
in the network. STRINGdb uses different sources to construct PPIs including 
databases, experiments, and text mining. Therefore, GINBuilder sets the 
confidence score to 0.7 (medium confidence) to remove all low confident PPIs. This 
improves the quality of the knowledge added to the network since low confident 
PPIs can be misleading. 
 
GeneMANIA 
GeneMANIA [12] is an interactive database that stores gene-gene interactions 
based on co-expression, co-localization, pathway, predicted interactions, physical 
interactions, and shared protein domains. The user can retrieve all interactions 
through the function “get_gene_interactions()” but by default GINBuilder only 
searches for the physical interactions and shared protein domains. We believe that 
interactions such as the co-expressed interactions are more sensitive to 
experimental conditions and therefore it is better to derive them from your original 
data set. 
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Comparative toxicogenomics database 
The comparative toxicogenomics database (CTD) [13] stores literature-based 
manually curated associations between chemicals, genes, phenotypes, and 
diseases. In exposure studies, it is not only of interest to identify new chemical – 
gene interactions, but also to better understand known chemical – gene interactions 
by studying downstream effects on gene perturbations. To add compound – gene 
interactions, we call the function “get_compound_gene_interactions()”. This 
function uses a number of parameters that have to be specified by the user: list of 
genes to use in the search (genes_to_subset), input type of the compound 
(input_type_compound), list of compounds to use in search 
(input_terms_compound), and if curated, inferred or all associations should be 
reported (report_only_parameters). 
  
DisGeNET 
DisGeNET is a knowledge platform that stores associations between genes and 
human diseases. It stores 17 549 genes and 24 166 diseases, making up for a total 
of 626 685 gene-disease associations [14]. Here, the term ‘disease’ is an umbrella 
term for not only actual diseases but also disease symptoms and abnormal 
phenotypes relevant in human genomics. Each association holds a score: curated, 
animal model, literature, and inferred. By default, GINBuilder sets the association 
score to curated interactions to increase the confidence of the retrieved 
interactions. To search the database for a disease – gene interaction, we use the 
function “find_disease_associated_with_genes()”. This function takes all the genes 
in our genomic interaction network and adds a disease-gene interaction if present 
in the database. However, it is also possible to specify a disease of interest by using 
“find_genes_associated_with_disease(disease)” and use your disease of interest 
as a parameter. 
 
Conclusion 
GINBuilder provides a set of easy-to-use functionalities to connect REST APIs and 
local databases to build a genomic interaction network. Biological networks play an 
important role in the understanding of complex biological systems and the 
combination of a data-to-knowledge integration with a network is important to 
decrease this complexity. We believe GINBuilder is an addition to the current 
network analysis methods and can increase our biological understanding of such 
networks. 
 
Availability and implementation 
GINBuilder is freely available at https://github.com/TJMKuijpers/GINBuilder to 
download the source code and Jupyter notebook. This Jupyter notebook guides the 
user to build a genomic interaction network and can be used as a template for future 
work. 
License: MIT 
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Chapter 3.1: Integrating omics layers through multi-layer nonnegative 
matrix factorization with gene – CpG methylation interaction networks to 
identify genomic cancer profiles 
 
Abstract 
Background: To unravel the complexity of cancer biology, it has become clear that 
we have to integrate the different layers of molecular information. Here, we propose 
a multi-layer Nonnegative Matrix Factorization method based on the Kullback-
Leibler divergence to create biosignatures, which can be used to create genomic 
interaction networks to study interactions between biological entities. First, the 
algorithm will be tested against a simulated data set to validate performance. 
Second, the NCI60 cancer cell line data set will be used to test the algorithm against 
a real multi-omics biological data set. 
 
Results: The results of the simulated data set showed that the algorithm can detect 
predesigned groups in conditions with and without noise. In the NCI60 data set, the 
algorithm proposed four clusters to classify the cancer cell lines. Here, we study 
the melanoma cluster in more depth, to understand specific cellular changes. In the 
genomic interaction network, important genes are identified based on their gene 
expression, CpG islands methylation status, or position in the network. Different 
genes are found to play a pivotal role in melanoma, including MITF, IRF4, and 
OCA2, but also hypermethylation of HES family genes, including HES5, which 
might be a potentially interesting target in melanoma.  
 
Conclusion: The creation of genomic networks through multi-layer Nonnegative 
Matrix Factorization adds to the current package of tools for analyzing multi-omics 
data sets. These genomic profiles and interaction networks can be further used to 
investigate characteristics of the different cancer cell lines or could be of value for 
potential biomarker selection. 
 
Supplementary data available at: https://github.com/TJMKuijpers/PhDThesis  
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Introduction 
 
Cancer is one of the leading causes of death in the world, with 1.93 million deaths 
in Europe [1] in 2018 and an estimated of 606.880 cancer deaths in the United 
States in 2019 [2]. Unfortunately, due to the heterogenic nature of cancer, it is a 
major challenge to design effective treatment [3, 4]. During the last decade, it has 
become known that cancer is as well a genetic as an epigenetic disease [5, 6]. 
Research shows that different cancer types have integrated patterns of gene 
expression, DNA methylation, but also point mutations and copy number changes 
[6, 7]. Moreover, DNA methylation is not only associated with gene repression but 
also with gene activation, splicing regulation, and the recruitment of transcription 
factors [8] and therefore an important regulator of gene expression. To unravel the 
complexity of cancer biology, it has become clear that we have to integrate different 
layers of molecular information instead of looking at one layer of information. 
 
The ongoing development of high-throughput technologies enables the generation 
of large and complex multi-omics data sets, such as mRNA and microRNA 
expression, but also DNA methylation and protein expression. More importantly, 
these data sets create the opportunity for an integrated analysis approach of 
different omics layers. At the same time, the complexity of the multi-omics data 
raises challenges concerning the initial data analysis [9–11]. First, it is well known 
that biological systems are not homogeneous and therefore the different omics 
layers are heterogeneous. Different layers contain different information that follows 
different distributions. For instance, whereas microarray-measured mRNA is 
expressed with a log fold change, CpG methylation is expressed in M or β values. 
Thus, an appropriate mathematical method has to be developed that takes into 
account the underlying heterogenic nature of these data sets. Second, as most 
data sets consist of a large number of biological variables and a relatively low 
number of biological samples [10] the method should deal with this unbalanced 
ratio of variables versus samples. Third, the designed method should handle 
unsupervised learning, to explore and find hidden patterns in data sets with so far 
unknown relationships.  
 
In the present study, Nonnegative Matrix Factorization (NMF) has been advanced 
to perform unsupervised clustering and to identify latent features that explain these 
clusters. Therefore, the original NMF [12] approach will be adapted for multi-layer 
omics. NMF is a powerful tool for data reduction and exploration, which has been 
widely used to extract relevant biological information [13–15]. It has been frequently 
applied to identify biomarkers or molecular patterns [13, 16] and recently adapted 
to enable cross omics data analysis [15, 17, 18]. These cross-omics adaptations 
either use a joint integration or NMF algorithms based on the Euclidean distance. 
Here, we propose an integrated NMF method based on the Kullback-Leibler 
divergence, which is believed to outperform the Euclidean NMF approach [19]. 
Moreover, we aim for an intermediate NMF integration, which is designed to find a 
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solution across multiple omics layers simultaneously. We hypothesize that by 
updating the multi-layer NMF method with the multi-layer Kullback-Leibler update 
rules, we can identify different feature profiles, to explain the molecular differences 
between clusters of samples. These feature profiles will then be used to build gene 
– CpG island interaction networks, which may help to further understand the 
different relationships between the omics layers. 
 
Method 
From single layer NMF to multi-layer NMF 
The single-layer NMF algorithms perform the dimension reduction and grouping of 
samples based on only one layer of information (X in equation 1) to obtain W, 
containing the latent features and H, holding the coefficients. Here, layer X could 
be gene expression data, W would hold the genes that explain the clusters that can 
be identified from H. To find the local optimal solution for the problem defined in 
equation 1, a cost function (Equation 2) has to be minimized. Here, the cost function 
defined by the Kullback-Leibler (KL) divergence is set (Equation 2), which is a 
measure for the divergence between two matrices. This divergence between the 
two matrices should be minimal to find the most optimal solution to equation 1.  

𝑋 𝑊𝐻  1  

𝐾𝐿 𝑑𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 𝑋 ∗ ∑ log
𝑋
𝑊𝐻

𝑋 𝑊𝐻  2  

 
We propose an integrated NMF strategy that aims to identify H based on the 
information in the different omics layers Xi but also based on the features from the 
layers Wi. The underlying hypothesis is that the solution for H is depending on the 
combination of features Wi that explain the clusters formed from the different data 
sources. Therefore, equation (1) is updated to a new equation (3), where H 
depends on all n data layers. For each data layer, the original data matrix Xi is 
estimated by the product HWi (Equation 3). To find a local optimal solution, matrices 
Wi and H are updated by their update rules (Equations 4 and 5 respectively). For H 
we consider the effect of the different omics layers via Xi and Wi whereas for Wi we 
take into the effect the omics layers via Xi and the sample clustering via H. In the 
end, n matrices W are obtained that store the latent features and one coefficient 
matrix H that stores the clustering coefficients. 

∑ 𝑋 ∑ 𝑊𝐻         3   

𝑊 𝑊 ∗
∑
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𝐻 𝐻 ∗
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𝐾𝐿 𝑑𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 𝑋 ∗ ∑ log
𝑋
𝑊𝐻

𝑋 𝑊𝐻  6  

Choosing the right dimension k  
An important characteristic of NMF is that it reduces the dimensionality of the 
original data matrix to a much smaller matrix with dimension k. This dimension k 
relates to the number of metagenes/encoding coefficients found in the data and it 
is, therefore, nontrivial for choosing the optimal value for k. For each value of k, a 
connectivity matrix C (dimension MxM) is calculated based on the sample assigned 
to each cluster. If two samples i and j belong to the same clusters, then the entry 
Cij and Cji will be 1, otherwise, it is 0. The measure of dispersion [13, 20] is then 
calculated for each connectivity matrix by: 

𝜌   ∑ ∑ 4 ∗ 𝐶  (7) 

Here, a value of 1 for ρ will indicate a perfect consensus matrix, whereas a value 
between 0 and 1 will indicate a scattered matrix. Besides the dispersion coefficient, 
the silhouette coefficient is calculated for each connectivity matrix. For each value 
of k, the silhouette score and dispersion score can be used to identify the optimal 
k for which the silhouette score is maximum. 
 
Identifying features for each cluster 
To analyze the difference in methylation and gene expression profile of each 
cluster, each matrix Wi is scored by using the method proposed by Kim et al [20]. 
For each cluster, the entities are selected as features, if those entities have a high 
score for the selected cluster and a low score for the other clusters. This will ensure 
that the different features for each cluster are unique to that cluster. One should 
note that it is also possible to choose more stringent criteria, which will reduce the 
number of features, but at the same time will select the more important ones. 
 
Integrated features network to resemble biological events 
The obtained feature matrices Wi obtained after solving equation (3) are used to 
construct multi-layer biological networks. Biological networks are important tools to 
study interaction changes after perturbation of the system [21], or to identify 
relevant interaction changes between different conditions [3, 4]. For the different 
features identified by NMF, within platform interactions will be added for each 
feature. Furthermore, interactions between entities in different platforms will be 
created by mapping CpG islands to the associated gene and used to build a 
feature-to-feature multi-platform interaction network. Network characteristics will be 
calculated to determine entities with a high degree of outgoing edges, representing 
those entities that influence a high number of neighbors. It is believed that 
perturbations of entities with a high degree of interactions are vital to study and help 
to understand the overall effect of the perturbation on the system [22, 23]. 
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Simulated data set 
To test the method in a controlled environment, two data matrices X1 and X2 have 
been built consisting only of ones and zeros, where three distinct profiles have been 
created for three different groups. Three different scenarios have been simulated: 
i) noise-free data, ii) data with added noise and iii) randomized data with noise. In 
all three cases, three group sizes have been implemented within the data sets, 
group 1 of 50 samples, group 2 of 100 samples, and group 3 of again 50 samples. 
 
NCI60 cancer cell line data set 
The NCI60 data cancer cell line data set is a large collection of 60 human cancer 
cell lines that are used to screen over 100,000 chemical compounds and natural 
products. The NCI60 data set includes tissues ranging from the prostate to the 
central nervous system, as well as samples collected from leukemia and 
melanoma. From the CellMiner interface [24], microarray mRNA expression values 
(Whole Human Genome Microarray 4 x 44K, log2 normalized) and CpG Island 
methylation (Illumina 450K platform, β value) have been downloaded. Both data 
sets have been filtered to eliminate the low variant genes and CpG Islands. This 
processing step has been applied since low variant entities do explain the 
differences between groups and therefore are not of interest. After this processing 
step, the two data sets were given as an input to the workflow to obtain clusters 
with their corresponding gene and methylation profile. 
 
Results 
The proposed integration workflow has been tested on two different data sets: one 
toy data set and the NCI60 data set. The toy data set will be generated with two 
different conditions, with and without the presence of noise. Furthermore, four 
different scenarios have been designed to test the performance of the method. 
These four scenarios include non-randomized data, column-randomized data, row-
randomized data, and total randomized data.  
 
Toy data set: noise-free and noisy conditions 
A toy data set has been created to evaluate the performance of the new update 
rules for the multi-layer NMF approach. First, a data set without noise has been 
used to determine if the designed groups of samples could be retrieved (Figure 
3.1A, left). The results show that for the different scenarios (Figure 3.1B), the 
algorithm is able to cluster all the samples into the three designed groups (Figure 
3.1C). Furthermore, if only the columns or rows, or both rows and columns are 
shuffled, the predicted clusters still contain the samples that correspond to their 
predesigned group. Second, the data set has been converted to a data set with 
noise (Figure 3.1A, right). Therefore, random numbers between 0 and 1 have been 
added to random locations in the data file. The predicted clusters indeed contain 
the samples that belong to the same designed group. In conclusion, with the 
proposed update rules to create a multi-layer NMF model based on the KL 
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divergence, we can reconstruct the different predesigned groups with their 
associated features. This result validates that our approach is capable of 
recognizing patterns that built different groups even in the presence of noise. 

 
Figure 3.1 Results of the toy data set. A: Different datasets used to evaluate method, with and without 
noise added. B: Different scenarios applied, 1) rows are randomly shuffled, 2) columns are randomly 
shuffled and 3) all rows and columns are randomly shuffled. C: Consensus matrix for the dataset (X1, 
X2) on the left and the noise dataset (X1,noise, X2,noise) on the right. For each of the two data sets the 
samples in each cluster are identified and a 100% score is obtained when the predefined clusters are 
obtained as the final solution. 

NCI60 data set 
The NCI60 cancer cell line data set [25] has been used to evaluate the workflow 
for integrating multiple omics layers. The identified clusters with their feature 
transcripts and CpG islands can be used to evaluate if the features that are 
proposed, are known to play a role in the different clusters. To identify the number 
of k clusters, multiple simulations have been performed to calculate the cluster 
dispersion and silhouette score for k values in the range of 1 to 15. From figure 
3.2A, the maximum silhouette score is found for k=4, indicating that it is highly likely 
that the data set contains four clusters. Furthermore, the consensus map shows 
four stable clusters (Figure 3.2B), and for the four different clusters, most of the 
silhouette scores per sample e above the average silhouette score (Figure 3.2C). 
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Figure 3.2 Cluster metrics to evaluate optimal k. A: Silhouette score and dispersion for k in range 2 to 
11. B: Consensus map for the NMF clustering with k=4. C: Silhouette score per sample for k=4, red 
vertical line indicating the average silhouette score. 

 
The four different clusters contain a different number of samples (Figure 3.3A), but 
more interesting, clusters 3 and 4 are quite homogeneous concerning their cell 
types (Figure 3.3B). Cluster 3 contains 8 samples of which all are melanoma 
samples, whereas cluster 4 contains 6 leukemia samples out of 7 cluster members. 
Cluster 1 and 2 both have a mixture of different cell types, where cluster 2 only 
contains epithelial cells.  
 
For each of the clusters, the features can be identified after scores the feature 
matrices Wgene and WCpG. After scoring the feature matrices, the different 
microarray probes are converted to their gene identifier, whereas the CpG probe 
names are converted to the CpG island identifier which can be connected to their 
associated gene. Here, the different feature transcripts and CpG islands for cluster 
3 will be further investigated. This will give us a better understanding of the role 
between the transcriptome and epigenome in melanoma but also if our approach 
can give is new insights. 
 
Different feature transcripts are identified from genes that play a role in biological 
processes associated with melanoma (Supplementary table 3.1.1), including 
melanin biosynthetic process (p-value: 1.75E-11, FDR: 1.38E-07), melanocyte 
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differentiation (p-value: 9.65E-06, FDR:8.03E-03), but also more general 
processes such as cell differentiation (p-value:9.20E-06, FDR: 8.09E-03 ) and 
developmental processes (p-value: 2.88E-07, FDR:4.15E-04 ). 

Figure 3.3 Cluster information: A: The size of each cluster: n=24 for cluster 1, n=20 for cluster 2, n=8 
for cluster 3 and n=7 for cluster 4. B: The different cell types in each cluster. Cluster 1 and 2 contain a 
mixture of cell types, whereas cluster 3 only contains melanoma samples. A high prevalence of leukemia 
cell types is observed in cluster 4, along with one non-small cell lung sample. 

 
These processes are of interest since genes involved in melanocyte development 
are also implicated in the development of melanoma [26], whereas genes involved 
in melanin biosynthesis are known to play a role in malignant melanocytes and up-
regulated melanin synthesis has been observed [27]. Moreover, researchers have 
proposed that inhibition of melanin synthesis can improve radiotherapy of 
melanoma [28], which highlights the importance of melanin. Furthermore, different 
CpG islands features are identified that play a role in regulation of developmental 
processes (p-value: 8.05E-05), neurogenesis (p-value:2.07E-04), regulation of cell 
development (p-value:5.09E-14), negative regulation of pro-B cell differentiation 
(7.96E-03) (Supplementary table 3.1.2). We identified CpG islands related to HES 
family genes, where HES proteins regulate the expression of genes involved in 
Notch-dependent cell-fate determination such as apoptosis, proliferation but also 
differentiation [29] and are often deregulated in melanoma [30]. Our results show a 
general pattern of hypermethylation in the HES CpG islands and low expression 
levels of the HES genes in melanoma (Supplementary figure 3.1.1). 
 
To construct a genomic interaction network, the top 10 percent feature genes and 
CpG island are selected and used as an input for GeneMANIA [31] to retrieve 
genetic interaction as well as shared protein domains between genes. Activation or 
inhibition reactions between transcription factors and their target are added, if 
present in the network, as well as CpG Island to gene connections. Here, a more 
stringent cutoff of 10 percent for the feature genes has been applied, to extract only 
the most relevant feature genes. This results in a genomic interaction network for 
the melanoma samples in cluster 3 (Figure 3.4A), with their associated feature 
genes (Figure 3.4B, top 40) and CpG islands (Figure 3.4C, top 20). From the gene 
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and CpG profiles, one can see that the difference is more distinguishable on the 
gene expression platform. Since this might indicate that the transcriptome could be 
enough to cluster the cancer cell lines, we will perform two single-omics NMF 
simulation and compare the results (supplementary table 3.1.3 for the clusters on 
transcriptomic data, supplementary table 3.1.4 for the clusters on methylation, 
comparison in discussion).  
 

 
Figure 3.4 A: Genomic interaction network for melanoma cluster 3 build to study the interaction between 
the different features genes and CpG islands. B: Expression profiles of the feature genes of cluster 3 in 
comparison to the other clusters. C: Expression profile of CpG islands associated with the melanoma 
cell lines of cluster 3 in comparison to the other clusters. 

In our genomic interaction network (Figure 3.4A), we have identified genes with a 
central position in the network and at the same time have high expression values. 
This includes IRF4, MITF, RXRG, and PAX3, which are all transcription factors and 
have targets associated with melanoma. Transcription factors might be one of the 
most interesting to study in more detail because the interaction between 
transcription factors and their targets is a key determinant in cellular processes and 
is frequently found to be changed in disease [32]. Transcription factors regulate 
promotor activity, often through interactions with gene regulatory regions [33].  
 
MITF is known to drive towards a drug-tolerant environment of melanoma [34] and 
is linked to innate resistance [35]. Moreover, MITF is claimed to be a potential drug 
target because inhibition of MITF improves melanoma cells to BRAF inhibitors [36]. 
PAX3 regulates important processes as cell survival, proliferation, migration, and 
its function is suggested to be retained in melanoma cells by Medic et al [37]. IRF4 
is a regulator of transcriptional targets involved in cell development, oncogenesis, 
and immune response [38]. 
 
Besides transcription factors, CpG islands are another important regulator of 
transcription. In most cases, CpG islands are in their hypomethylated state, even 
in promotor regions or when genes are inactive. It is now well established that 
hypermethylation of CpG islands in the promoter region of tumor suppressor genes 
leads to gene inactivation [39–41]. CpG islands can be in different regions of the 
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DNA, such as at the 3’UTR or 5’UTR region, but also have different transcription 
start sites. Most CpG islands are not methylated if they are located at the 
transcription start site, but methylation of those CpG islands is associated with long-
term silencing [39]. From the feature CpG islands of our melanoma cluster, we 
identified those CpG islands in the TSS regions on the DNA that are also present 
in the local neighborhood of IRF4, MITF, RXRG, and PAX3. This resulted in 
potential interesting candidates that could influence the MITF and PAX3 expression 
levels. Here we have selected HES5 (4 hypermethylated CpG islands in the 
TSS200 region, 3 hypermethylated islands in the TSS1500 region), RNF207 (4 
CpG islands in the TSS1500 region, 1 CpG islands in TSS200 region), and ICMT 
(hypermethylation in the TSS1500 region) as potential interesting methylated 
genes, with β-values above 0.7. Since these patterns of hypermethylation are 
mostly observed in the melanoma clusters (Figure 3.5A, 3.5B), they might play a 
driving role in melanoma. Moreover, Hypermethylation of HES5 and RNF207 leads 
to low expression of HES5 and RNF207 (Figure 3.6). 
 

 
Figure 3.5 A: Methylation values of different CpG island probes associated with the transcription start 
site 1500 for the genes RNF207 (cg24870568, cg17515966, cg12911256, cg03716999), HES5 
(cg15923947, cg06839900, cg05697909) and ICMT (cg08851727). B: Methylation values of the CpG 
islands probes associated with the transcription start site 200 for genes RNF207 (cg16094412) and 
HES5 (cg20430847, cg17755964, cg09827752, cg01116067). 

It is of great interest to further investigate these interesting features mentioned 
before. Especially the role of MITF and PAX3 in melanoma: MITF is associated 
with pro-survival of melanoma cells [42] whereas PAX3 is associated with worse 
survival rates in melanoma patients [43]. Both HES5 and MITF have a genetic 
interaction with ABCB5, a promoter of melanoma metastasis [44] and maintaining 
melanoma-initiating cells [45]. Hypermethylation of HES5, involved in the notch 
pathway, could have a role in increased MITF and ABCB5 expression. 
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Figure 3.6 A: Local network around focusing around MITF, ABCB5, and IRF4. Nodes: circles are genes, 
hexagons are CpG islands. Node color of genes represents low expression (red, log intensity of 5) and 
high expression (green, log intensity 11). Edge color represent: CpG – Gene (blue), transcription 
activation (green) and genetic interaction (black). CpG hypermethylation is visualized by a small blue 
circle at the CpG island. B: Methylation values of the different CpG islands associated with the three 
genes that are in the close neighborhood of MITF. C: Gene expression values for all the genes in the 
network. 
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Discussion 
One of the major challenges of this research is to integrate different omics layers 
into a genomic network that can be used to understand cellular processes. Here, 
we have updated the Kullback-Leibler single-layer update rule to a multi-layer 
update rule, instead of working with the Euclidean update rule proposed in the 
original NMF approach [12]. The Kullback-Leibler (KL) objective function (Equation 
6) differs from the Euclidean objective function by assuming a Poison distribution 
which has a higher resemblance to biology [46, 47]. In previous work, the KL 
divergence has been shown to outperform the Euclidean distance when analyzing 
microarray data. Here we show that the KL divergence can be used to extend NMF 
to integrate multiple platforms. Our results of the simulated toy data set show that 
the updated rules for multi-layer NMF can identify known groups of samples, even 
in the presence of noise. In the case of a real biological data set, it was capable of 
detecting four clusters, of which one was cell-specific and another one cell type 
enriched.  
 
To evaluate the performance of the multi-layer NMF approach versus the single 
layer NMF approach, two simulations have been performed to cluster the gene 
expression data and the methylation data. Here, 4 clusters are observed on each 
platform and for each cluster the members are identified (supplementary table 3.1.3 
for the clusters on transcriptomic data, supplementary table 3.1.4 for the clusters 
on methylation). The results show a melanoma-specific cluster on both the 
transcriptomic and methylome platforms, however, the size of the melanoma-
specific cluster on the gene expression data is different from the melanoma-specific 
cluster on the methylation data. It did not detect the high similarity of 
ME.MDA.ME.435 with the other melanoma cell lines as the multi-layer NMF 
approach did. One of the advantages of the multi-layer approach is that it can 
identify for each cluster, different sets of feature genes and CpG islands 
simultaneously. If one performs a single-layer NMF approach on both data set and 
tries to join the different findings, based on the overlap between samples in the 
same methylation and genes clusters, one can only identify a small overlap. This 
would reduce the number of features and does not imply intra-related features in 
each platform. The multi-layer approach clusters samples based on each platform 
and, therefore, is believed to yield inter-platform-related features. Thus the 
complementary information on each platform improved the clustering of the cancer 
cell lines. 
 
The workflow addresses the different challenges of omics integration, as previously 
mentioned. First, multi-layer NMF is an unsupervised clustering approach, which 
does not require any phenotypic endpoint data as a label. With these unsupervised 
approaches, it becomes possible to study unknown relationships between the 
different omics layers in a wide applicable field of research. Second, due to the 
design of the updated algorithms, where H is dependent on Xi and Wi, it becomes 
possible to cluster samples based on multiple layers of information. Furthermore, 
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due to the regularization of H, which makes sure that H only holds values between 
0 and 1, the values of Wi depend only on the corresponding omics layer. For 
instance, Wgene is updated based on the values of H and Xgene and does not depend 
on Xmethylation. Therefore, the distribution of the methylation data does not influence 
the outcome of Wgene. With this implementation, it becomes possible to integrate 
data sets with different distributions, such as methylation and gene expression 
data. 
 
With our workflow, we were able to generate different genomic interaction networks 
that can be used to study the interactions between genes, but also between genes 
and CpG Islands. These interaction networks might be used to identify new 
biomarkers or potential genes for drug targets. Our results show a strong cluster 
with only melanoma samples, for which different genes are identified that play a 
role in melanoma. One should note that of all the melanoma samples, only ME-
LOX-IMVI is not present in cluster 3 and therefore is hypothesized to follow a 
different expression pattern. Although ME-LOX-IMVI is a skin cancer cell line it 
presents different surface antigen and gene expression profiles [48]. Our results 
indeed identify a different expression profile in both the epigenome and 
transcriptome and therefore places ME-LOX-IMVI into a different cluster. 
 
From our genomic interaction network and the melanoma cluster 3 expression 
profile, different genes and CpG islands can be identified that could play an 
important role in melanoma. PAX3, IRF4, and MITF are all three transcription 
factors with supporting evidence to be tissue enhanced for melanoma (tissue 
enrichment information from the Human Protein Atlas [49, 50]). The melanoma cells 
show high expression levels of MITF, as well as expression values above log-
intensity 7 for IRF4 and PAX3 (Figure 3.6). These characteristics are of interest 
because PAX3 is positively regulation MITF expression levels [51]. However, there 
is also contradicting evidence of an independent role for both PAX3 and MITF [52], 
as well as PAX3 being a repressor of MITF [53]. This PAX3-MITF signature of the 
NCI60 melanoma cell lines, in cluster 3, is of importance since in other melanoma 
cell lines the PAX3-MITF switch is proposed [53] to be active, which regulates 
melanoma fate. Therefore, the effect of knockdown experiments, on cell lines with 
high PAX3 and MITF expression could differ from cell lines with a PAX3-MITF 
switch (low PAX3 vs high MITF or high PAX3 vs low MITF) and is an important cell 
line characteristic. 
 
Besides the role of PAX3 and MITF, our results also indicate a role for IRF4 in 
melanoma, which has been proposed in other research [54]. MITF is transcriptional 
regulating IRF4 expression and therefore the increased expression of MITF could 
further increase the expression of IRF4. IRF4 encodes for B-cell proliferation and 
differentiation and consequently can affect the immune response [55]. This is highly 
relevant since tumor-associated B-cells induce tumor heterogeneity and increase 
therapy resistance [56]. We have identified different CpG islands related to genes 
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that are associated with Hematopoiesis, but also HES5, which is involved in the 
negative regulation of pro-B cell differentiation. Our results show that several 
TSS1500 and TSS200 CpG Islands are hypermethylated (Figure 3.5A, 3.5B) with 
low expression values of HES5 (Figure 3.6B). Therefore, increasing the expression 
levels of HES5 by reversing the hypermethylation of CpG islands (Figure 3.5A, 
3.5B) could be a potential candidate to disrupt the effect of B-cells and increased 
IRF4 expression that leads up to melanoma survival and therapy resistance. 
 
From the genomic interaction network, different genes are identified which share a 
connection with MITF, including ABCB5, OCA2, MBP, MAGEA12, and MAGEC1. 
Especially ABCB5 is of interest, due to its central position in the network (Figure 
3.6A). Moreover, ABCB5 is associated with clinical tumor progression but also with 
chemotherapeutic resistance [57] and recurrence in melanoma patients [45]. 
MAGE genes are expressed in various tumors, including melanoma. MAGEA12 is 
a repressor of tumor-suppressor genes and therefore plays an important role in 
melanoma [58, 59]. MAGEA genes can inhibit p53 function, by directly binding to 
the p53 DNA binding domain, which will prevent p53 transcription [60]. OCA2 is 
involved in melanin biosynthesis, although its role in melanoma is not yet fully 
understood. Melanin is important for UV-protection but can also regulate epidermal 
homeostasis, thus can affect melanoma behavior [61]. It is known that melanoma 
cells do not excrete pigment [62], therefore an increase in melanin biosynthesis 
could lead to even more pigment in melanoma. The inhibition of melanogenesis is 
hypothesized to be a good therapeutic target for melanoma therapy [63]. Because 
of the role of OCA2, this would be an important characteristic of the cluster 3 
melanoma cells and could, therefore, be a potentially interesting marker to 
investigate and predict the outcome of melanin inhibitor drugs. Further research is 
needed to investigate the genetic reactions between those genes to determine if 
increasing the expression levels of HES5 will lead to a lower expression of ABCB5, 
PAX3, MITF, and IRF4. Increased expression of HES5 can inhibit MPB expression 
levels and potentially, via genetic interactions,OCA2,ABCB5,and MITF. 
 
In the melanoma cluster, low expression values of RNF207 correlate with 
hypermethylation of different RNF207 TSS1500 regions. The role of RNF207 in 
cancer remains unclear, with no evidence suggesting a role of RNF207 in tumor 
growth or suppression. Therefore, although hypermethylation is observed in 
melanoma, it might not be a potentially interesting event. 
 
Although the integrated networks help us to link important changes in methylation 
to gene expression, but also gene regulatory effects, there are still some remaining 
challenges. For instance, the role of the transcription start site should be further 
investigated, especially to determine the importance of the methylation status of 
both TSS200 and TSS1500 associated with the same gene, to understand the 
effect of hypermethylation of either one or both TSS regions on gene silencing. It is 
of great value to understand if one region has a greater effect on gene silencing, or 
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if both regions have to be hypermethylated before gene silencing occurs. 
Computational methods can improve if they ‘learn’ to identify TSS methylation 
concerning gene expression. The clustering of the different NCI60 cell lines also 
resulted in two clusters with a mixture of different cell types. Here, different factors 
could play a role, which could relate to the nature of the cancer cell lines 
themselves. Multiple cell lines could have general expression patterns with small 
local tissue-specific patterns. Current computational tools for omics integration 
should be further updated to extract those local patterns. However, the multi-layer 
NMF approach already shows that it can analyze biological data sets and identify 
important features. 
 
Conclusion 
The creation of genomic networks through multi-layer NMF adds to the current tools 
to analyze multi-omics data sets. In this research, we identified important 
characteristics of the NCI60 melanoma cell lines. Hypermethylation of HES family 
genes leads to a low expression of these genes, which could further affect 
melanoma behavior. HES5 shows potential interesting interactions with melanoma-
associated genes IRF4, PAX3, MITF, and ABCB5. Here, we hypothesize that 
reversing the methylation status of HES5 could lead to a decreased expression of 
PAX3, MITF, and ABCB5. This would be of great relevance since MITF and ABCB5 
both play a role in developing towards a drug-resistant state. Furthermore, HES5 
regulates MBP transcription and therefore could also affect MAGE12 and OCA2 
expression levels via MBP. OCA2 is involved in melanin biosynthesis and therefore 
could serve as a potentially interesting marker for melanoma inhibition. These 
findings show that a multi-layer approach with genomic interaction networks can be 
a way to analyze data and propose biomarkers or therapeutic targets. 
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Chapter 3.2: From multi-omics integration towards novel genomic 
interaction networks to identify key cancer cell line characteristics 
 
Abstract 
Cancer is a complex disease where cancer cells express epigenetic and 
transcriptomic mechanisms to promote tumor initiation, progression, and survival.  
To extract relevant features from the 2019 Cancer Cell Line Encyclopedia (CCLE), 
a multi-layer nonnegative matrix factorization approach is used. We used relevant 
feature genes and DNA promoter regions to construct genomic interaction network 
to study gene-gene and gene – DNA promoter methylation relationships. 
 
Here, we identified a set of gene transcripts and methylated DNA promoter regions 
for different clusters, including one homogeneous lymphoid neoplasms cluster. In 
this cluster, we found different methylated transcription factors that affect 
transcriptional activation of EGFR and downstream interactions. Furthermore, the 
hippo-signaling pathway might not function properly because of DNA 
hypermethylation and low gene expression of both LATS2 and YAP1. Finally, we 
could identify a potential dysregulation of the CD28-CD86-CTLA4 axis. 
 
Characterizing the interaction of the epigenome and the transcriptome is vital for 
our understanding of cancer cell line behavior, not only for deepening insights into 
cancer-related processes but also for future disease treatment and drug 
development. Here we have identified potential candidates that characterize cancer 
cell lines, which give insight into the development and progression of cancers. 
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Introduction 
Different hallmarks of cancer have been identified that contribute to the 
development and propagation of tumors [1]. These hallmarks include sustaining 
proliferative signaling, evading growth suppressors, resisting cell death, and 
activating invasion and metastasis. Evading growth suppressors is achieved by the 
inhibition of the expression of certain genes, called tumor suppressor genes [1]. 
Tumor suppressor genes regulate important processes such as preventing 
unrestrained cellular growth, DNA repair promotion, and cell cycle checkpoint 
activation [2]. Besides tumor suppressor genes, oncogenes play a crucial role in 
regulating cellular growth, division, and survival [2]. Tumorigenesis is likely to be 
driven by events that result in the gain of an oncogene or the loss of the suppressor 
gene, and tumor maintenance often depends on continued oncogene activity [3]. 
However, the order in which both events happen differ per tumor type. Most 
hematopoietic cancers and soft-tissue sarcomas are initiated by oncogene 
activation, followed by alterations in tumor-suppressor genes and other oncogenes 
[4]. Whereas some carcinomas are initiated by first, a loss of function of a tumor-
suppressor gene, and second, alterations in oncogenes and additional tumor-
suppressor genes [4]. Although mutations in tumor suppressor genes are 
important, it is not the only mechanism responsible for alternated gene expression 
[5]. Genomic instability plays a major part in the activation of oncogenes and 
subsequently, the inhibition of tumor suppressor genes, thus suggesting a role for 
epigenomics. For example, inactivation of BRCA1 in sporadic breast cancer is not 
due to a mutation but promoter hypermethylation [6].  
 
Almost all cancer cells show genomic instability [7]. In healthy cells, chromatin and 
associated epigenetic mechanisms ensure stable gene expression and cellular 
states. Cancer cells show important alterations in these epigenetic mechanisms, 
which represent one of the fundamental characteristics of nearly all human cancers 
[8]. A large number of cancer cells show an increase in methylation of normally 
unmethylated CpG islands and promoter regions of tumor suppressors and DNA 
repair genes [9]. It has been shown that the increase in DNA methylation increases 
genomic instability by causing genetic mutations in the DNA sequence [10].  
 
DNA methylation alterations are also associated with drug treatment sensitivity, for 
example, hypermethylation of DAPK in colon and breast cancer [11]. These 
findings suggest that aberrations DNA methylation might affect certain pathways 
that prevent cancer cells from advancing towards apoptosis or other cell death-
related mechanisms, as well as towards the development of drug resistance. 
 
Although we know that epigenetic and transcriptional mechanisms play an 
important role in tumor development, there are still gaps in our current knowledge. 
DNA hypermethylation is specifically and locally augmented at CpG islands of 
tumor suppressor genes but its role in tumorigenesis is controversial [12]. DNA 
hypermethylation of tumor suppressor genes or genes involved in cell cycle 
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processes are more frequent than their mutation in cancer cells. Consequently, we 
observe hundreds of methylated DNA regions in cancer cell lines, whereas we only 
find a few mutated genes that drive tumor onset. Different genes and DNA 
methylation regions play a role in different types of cancers, and therefore it is even 
harder to get a clear view of the interplay between DNA methylation and gene 
expression in carcinogenesis. Identifying key characteristic profiles of DNA 
methylated regions and alterations in gene expression in cancer cell lines is 
therefore of major relevance for understanding epigenome/transcriptome 
interactions in human tumors. 
 
In the present study, to better understand the interplay between the epigenome and 
the transcriptome, we propose a systems biology framework that allows us to i) 
classify samples of cancer cell lines based on their epigenetic and transcriptomic 
signature, and ii) extract relevant features from these clusters to construct a cross-
omics interaction network.  
 
Therefore, we apply a multi-layer Nonnegative Matrix Factorization (multi-layer 
NMF) to obtain a set of transcriptome/epigenome clusters with their corresponding 
biological features. Nonnegative matrix factorization has already been successfully 
applied to distinguish between different types of cancers by extracting relevant 
genomic features and has been applied to investigate the relationship between 
omics data [13]. Expanding the workflow with the construction of the genomic 
interaction networks allows us, to not only study the effect of DNA methylation on 
one gene but could be used to study how one alternation in that specific gene can 
influence other genes. This could potentially give new insight into the interplay 
between epigenetic and transcriptomic alterations in cancer cells. 
 

Method 
Gene expression and DNA methylation data 
For this study, normalized gene expression data and DNA promoter methylation 
data have been downloaded from the Cancer Dependency Portal (DepMap). Gene 
expression data is downloaded as Log2(TPM+1) expression values. Gene 
expression levels have been measured through RNA-sequencing on the Illumina 
HiSeq 2000 or HiSeq 2500 instruments with sequence coverage of no less than 
100 million paired 101 nucleotides-long reads per sample. RNA-seq reads were 
aligned to the GrCH37 using STAR 2.4 [14].  
 
DNA methylation is measured by Reduced Representation Bisulfite Sequencing 
(RRBS) analysis to assess promoter methylation. RBBS utilized the MspI cutting 
pattern to digest DNA to enrich for CpG dinucleotides [15]. The fragments are 
sequenced on an Illumina HiSeq 2000 and aligned to the hg19 genome using MAQ 
[15]. A fixed window size of 1000 bp upstream of the transcription starting site for 
each gene is used to calculate a coverage- weighted average of CpG methylation. 
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RRBS yielded robust coverage of 17,182 gene promoter regions with average 
coverage greater than 5 reads for the 843 cell lines. 
  
Multi-layer Nonnegative Matrix Factorization 
The original data matrix Xi is estimated by the product HWi for each data layer 
(Equation 1). To find a local optimal solution, matrices Wi and H are updated by 
their update rules (Equations 2 and 3 respectively) and minimizing the Kullback-
Leibler divergence (Equation 4). For H we take into account the effect of the 
different omics layers via Xi and Wi whereas for Wi we take into the effect the omics 
layers via Xi and the sample clustering via H. In the end, n matrices W are obtained 
that store the latent features and one coefficient matrix H that stores the clustering 
coefficients. 
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Feature extraction from NMF results 
To analyze the difference in methylation and gene expression profile of each 
cluster, each matrix Wi is scored by using the method proposed by Kim et al [16]. 
For each cluster, the entities are selected as features, if those entities that have a 
high probability of explaining a cluster. 
 
Genomic interaction networks 
The biological features obtained for each cluster are used to create a genomic 
interaction network. These networks consist of DNA promoter region – Gene 
interactions, to study the relationship between DNA methylation and gene 
expression, to identify transcription factor – target interactions, Gene – Gene 
interactions, and protein-protein interactions as well as to gather information about 
cell line-specific genes related to cancer. In the genomic interaction network, we 
allow connections if both genes are in the feature list or if expressed genes from 
the feature list are connected by one seeding node. 
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Gene – Gene interactions have been downloaded from OmniPath [17] for each in 
the extracted feature list. Transcription factor – target interactions are added to the 
network from a transcription factor library built by Souza et al [18], while protein-
protein interactions have been downloaded from STRINGdb [19]. 
 
Tissue or cancer specific genes and CpG regions  
The Human Protein Atlas (HPA) database is used to download information on 
tissue specificity for lymphoid tissue. Here, we selected those genes that are 
enriched, meaning their expression levels in lymphoid tissues are at least four times 
higher compared to other tissues. Cancer or disease specific genes are identified 
if there is evidence that their protein form is disease or cancer related. 
 
Results 
To estimate the number of clusters in the data set, multiple simulations with different 
cluster sizes k have been performed to get the silhouette score for every proposed 
multi-NMF solution. Here, we picked values for k in the range of 6 to 11 due to the 
fact that earlier research suggested at least 6 clusters [20]. Our method predicts 
the most optimal solution for 8 clusters in our data (Figure 3.7A). The solution for 
k=8 is above the threshold of 0.7 for a cluster to be regarded stable, but more 
important, visual inspection of the consensus map of shows multiple stable clusters, 
as well as a few clusters that contain some noisy samples (Figure 3.7C). We 
observe some clusters that express a strong signal and appear stable across all 
simulations, while some samples tend to occasionally shift between clusters. 
 
For each of these clusters, we have identified the number of samples (Figure 3.7B), 
as well as the cancer types of each sample in that particular cluster (Figure 3.8A). 
From figure 3.8A, it becomes clear that we have been able to identify genomic 
profiles, by the combination of DNA promotor site methylation and gene expression, 
which results in two homogenous and six heterogeneous clusters. Three clusters 
(clusters 3, 5, and 8) show a high diversity of cancer types, including carcinomas, 
sarcomas, and blastomas. However, there are two clusters (cluster 1 and cluster 
7) that are very homogenous and consist of carcinomas (cluster 1) and lymphoid 
neoplasms (cluster 7). These two clusters can be of interest for further 
investigation, to analyze whether these cancer cell lines consist of a generic DNA 
promoter methylation and gene expression profile. 
 
We extracted unique feature genes and DNA promoter regions for each cluster that 
explain the observed clustering (Figure 3.8B). Between the clusters, there exists a 
different weight of the importance of DNA promoter region features versus gene 
features driving the classification. In clusters 3, 4 and 6 there are no DNA promoter 
regions found that explained the classification and the cluster is only defined by a 
set of transcripts. On the contrary, the formation of cluster 7 can be explained by 
evaluating the combination of the different DNA promoter regions and genes. Here, 
we have applied two scoring functions: a method by Kim et al [16] as introduced in 
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the method section and a more stringent cutoff for features that score >0.95 for the 
transcriptome layer and >0.80 for epigenome layer regions (threshold determined 
based on the distribution of the scoring functions). 
 

 

 

Figure 3.7 A: Silhouette score for cluster sizes 6 to 10. B: Number of samples in each cluster. C: 
Consensus plot for cluster size 8. 

 
To further investigate the observed heterogeneity within particular clusters, we 
have looked into various factors that may explain the clustering, including tissue 
type, TP53 mutation, Race, and Sex (Supplementary file 3.2.1). Here, it can be 
seen that there is a different distribution of tissues over the clusters. Cluster 7 again 
shows a homogenous distribution of only lymphoid tissue (lymphoid neoplasms), 
whereas other tissues are distributed across multiple clusters. This may indicate 
that for those tissue types different genomic profiles are driving the clustering.  
 
Next, we investigate why cancer cell lines are separated into different clusters, and 
have analyzed the features for cluster 5 and 8. Both clusters are selected because 
of the overlap of the tissue types in cluster 5 in cluster 8 (Figure 3.9). This enabled 
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the identification of genomic features that are different between the tissue types 
(Figure 3.10). 
 
A major difference between clusters 5 and 8 is the DNA promoter region 
methylation of ZEB1 and VAV3 (Figure 3.10B). A strong difference in methylation 
patterns across all cell lines is observed between the clusters. Within the 
transcriptome, a different expression pattern of a set of genes is visible between 
clusters 5 and 8. For some genes, there is no expression in cluster 5 whereas these 
are expressed in cluster 8 and vice versa (Figure 3.10A, median Log2(TPM+1) 
value). This includes FN1, CALD1, THBS1, TAGLN, AXL, HEXB, REG4, and 
LGALS4. 
 
Cluster 7 appears to contain a large number of features from both the transcriptome 
and epigenome platforms. Interestingly, this may point towards a genomic profile 
that is overlapping between cancer cell lines even though they are histologically 
different. Therefore, we select this cluster for further investigating the underlying 
genomic profile. 
 
The features of cluster 7 are mapped against the PantherDB to extract the gene 
ontology biological processes. Several expressed genes are related to immune 
response, including the adaptive immune response (p-value 1.28E-09), innate 
immune response (p-value 2.66E-04) complement activation (p-value 1.44E-02), 
and immunoglobulin-mediated response (p-value 3.76E-03). For each of the DNA 
promoter regions, the corresponding gene ID is mapped to identify the biological 
processes. Here, we found signaling processes such as regulation of signaling (p-
value 8.97E-09), negative regulation of signaling (p-value 2.26E-09), regulation of 
signal transduction (p-value 5.16E-09), regulation of cell communication (p-value 
6.97E-08) and Hippo signaling pathway (p-value 1.02E-02). 
 
To identify which genes are specific for blood and lymphoid tissue, we have 
mapped feature genes to the Human Protein Atlas (HPA) Database [21], a 
database that can be used to categorize genes based on expression level and 
tissue distribution. We have identified 19 enriched genes for blood and lymphoid 
tissue, as well as genes disease- or cancer-associated genes. For each DNA 
promoter region, we mapped the associated gene against HPA. Although there are 
no known lymphoid tissue-enriched genes in the DNA promoter region feature list, 
there are some known cancer-related genes (see Table 3.1).  
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Figure 3.8 A: The histology of each cluster member as defined by the 2019 CCLE metadata. Here, it 
becomes apparent that there are a number of clusters with mixed cancer types, but more importantly, 
there are clusters that show strong heterogeneity. B: Histogram for the number of feature genes and 
DNA promoter regions with Kim score and a more stringent feature score. 
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Figure 3.9 Distribution of the cancer tissues in cluster 5 and cluster 8. All cancer tissues in cluster 5 
are also present in cluster 8 but cluster 8 also contains some unique cancer tissues. 

 

Figure 3.10 A: Median Log2(TPM+1 values of genes in cluster 5 and cluster 8. This shows the main 
drivers behind the stratification of cluster 5 and cluster 8. B: DNA promoter region of cluster 5 and cluster 
8. Although cluster 5 and cluster 8 both contain the same cancer tissues, a different methylation pattern 
is observed for certain regions.  



Linking the epigenome and transcriptome    

72 
 

Finally, we used the DNA promoter regions and expressed genes to construct 
genomic interactions, to study interactions between and within the transcriptome 
and epigenome. Here, we focused on the genomic interaction network, because 
this cluster gave a strong homogeneous signal for lymphoid neoplasms. From the 
total genomic interaction network (Supplementary figure 3.2.1), we have identified 
potential interesting network neighborhoods based on genes that have a high 
degree, genes that are transcription factors or genes mentioned in Table 3.1. Figure 
3.11A shows the subnetwork of genes that are located around the epidermal growth 
factor (EGFR), a gene with a high inner and outer degree. EGFR can be 
transcriptionally activated by two feature methylated genes KLF5 and CREBPD. 
Furthermore, EGFR shares protein-protein interactions with the oncogene FGR 
and PTK2 and therefore this subnetwork can be important to study in more detail. 
 
The second cluster of genes of interest is located in the neighborhood of LATS2 
and YAP1 (Figure 3.11B). These two genes play a role in the Hippo signaling 
pathway, a pathway believed to play a pivotal role in cancer [22]. Finally, we have 
identified a third subnetwork centralized around the lymphoid tissue enriched genes 
CD28 and CD86, which form the CD28-CD86 pathway (Figure 3.11C). The two 
subnetworks are of interest because of their role in the signaling pathways. 
 

 

Figure 3.11 Genomic interaction network modules for cluster 7 (lymphoid neoplasm). A: Subnetwork 
for the genes connected to EGFR. B: Subnetwork for the region of genes connected to YAP1, TEAD4, 
JAG1, and SMAD1. C: Subnetwork for the set of genes connected with CD28, CD86, and CTLA4. 
CTLA4 is a seeding node highlighted by the light color and the dotted interactions. Gene-gene 
interactions are shown in orange, DNA promoter region - gene interactions in cyan, protein-protein 
interactions in purple, and transcription interactions in green (activation) or red (inhibition). 
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For each of the genes in the three subnetworks, we compared the gene expression 
and methylation values for the different feature genes and DNA promoter regions. 
Here we can see that hypermethylation of the DNA promoter region 
(Supplementary figure 3.2.2, plot A-H) corresponds with low gene expression for 
EGFR, CEBPD, KLF5, YAP1, LATS2, NFIB, LRCC49, and ARHCAP29 
(Supplementary figure 3.2.3: plots A-H). 
 
Table 3.1 List of genes and DNA promoter region-associated genes that are either tissue-specific, 
cancer-related or disease-related 

 

Discussion 
Cancer is one of the most complex diseases and the same types of tumors can 
exhibit different genomic traits. The challenge here is to discern whether similar 
aberrations in different histologies (cross-cancer similarity) have a comparable 
biological significance. There are five histology classes of cancer: carcinoma, 
sarcoma, myeloma, leukemia, and lymphoma. Each class has different subclasses 
according to the origin of the cancer cell. However, there is a shift in the importance 
of histology as a marker for cancer types. More and more cancers are found to 
share a set of genetic features, even if they do not belong to the same subclass. It 
is more important to identify key genomic similarities shared by subgroups of 
cancer since they present an opportunity to design tumor treatment strategies 
among tumors regardless of the tissue of origin [23]. Our genomic interaction 
networks as reported in this study for lymphoid neoplasms could help to identify 
and further investigate the key genomic characteristics. 
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Upon having integrated epigenomics and transcriptomics data across a wide range 
of cancer cell lines, our results demonstrate clusters that contain a mixture of 
different cancer cell line samples, therefore also a mixture of cancer types. When 
we look into the genomic features of a given cluster, a set of transcripts and DNA 
promoter regions is identified that may explain the separation of the same cancer 
tissues. In cluster 5, which contains the same type of cancer tissues as cluster 8, a 
different methylation profile is observed in the DNA promoter regions of some key 
genes. This is of great interest since this might point towards the fact that the same 
cancer tissues have different epigenetic and transcriptomic alterations. 
 
There are different transcripts and methylated DNA promoter regions that explain 
the clustering of the different cancer tissues in cluster 5 or 8. One major difference 
is the role of certain DNA promoter regions in cluster 5, whereas there is no 
methylation effect predicted to play a role in cluster 8 (Results in figure 3.10B). If 
we take into account only the DNA promoter regions with a high probability of 
explaining cluster 5, it is appears that ZEB1, ZEB1-AS, and VAV3 are the most 
important genes that are hypermethylated. Highly expressed ZEB1 is associated 
with malignancy of various cancers, and it plays an important role in cancer 
transformation [24]. VAV3 is involved in cell signaling and tumorigenesis [25] and 
is a prognostic factor of poor prognosis in breast cancer patients [26] as well as an 
important driver of prostate cancer [27]. The hypermethylation of both ZEB1 and 
VAV3 might indicate that those genes do not play a role in the development and 
progression of the different cancer cell lines in cluster 5. 
 
Besides the different methylation features, several gene transcripts explain the 
differences between clusters 5 and 8. In cluster 5, a member of the regenerating 
gene (REG) family members, REG4, is predicted to be discriminative transcriptomic 
features. The REG family members are small secreted lectin-like proteins involved 
in hepatic, pancreatic, gastric, and intestinal cell proliferation and differentiation 
[28]. Aberrant expression of REG4 is associated with tumor growth, survival, 
adhesion but also resistance to apoptosis [28]. Elevated expression of FN1 cluster 
8 is of interest, because FN1 is an important gene involved in the development of 
various cancer types driving proliferation [29, 30]. AXL expression is associated 
with various processes in cancer, including proliferation, survival, metastasis and 
resistance to cancer therapy [31]. Due to the role of AXL it has been proposed as 
target for cancer therapy [31, 32]. Due to the absent expression of AXL in cluster 
5, it might not be an effective strategy in those cancer cell lines. LGALS4 encodes 
for the protein galectin 4. Galectins are associated with various diseases including 
cancer and regulate tumor cell adhesion and migration [33]. Moreover, galectin 4 
serves as a strong prediction for metastatic potential of adenocarcinomas [34], a 
type of carcinoma. 
 
Although heterogeneity seems to play an important role in the clustering of the 
cancer cell lines, there is one cluster that shows homogeneity towards a class of 
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cancers. Cluster 7 shows a strong intensity for lymphoid neoplasms. This cluster 
could give us more insight into the underlying epigenetic and transcriptomic 
changes in lymphoid neoplasms. 
The samples in cluster 7 are from a group of disorders that originate from the 
neoplastic transformation of lymphocytes. Normally, lymphoid stem cells develop 
into lymphoid blasts that differentiate towards B or T lymphocytes. Recent research 
has shown that chronic lymphocytic leukemia and multiple myeloma have a shared 
biological basis [35]. Furthermore, follicular lymphomas and diffuse large B cell 
lymphomas show shared gene expression patterns associated with immune 
escape mechanisms [36]. These current insights show that B and T cell lymphomas 
potentially share genomic alterations. Lymphoma and leukemia originate from 
white blood cells, thus potentially share the same genomic alterations leading to 
the development of normal white blood cells towards cancer cells. Therefore, it is 
of interest to deeper investigate this genomic interaction network. 
 
It is of no surprise that pathways analysis of the nodes in the genomic interaction 
network shows several genes involved in immune response regulation. It is known 
that lymphoid neoplasms is a disease associated with immunological ignorance 
and immune evasion [37]. 
 
In the genomic interaction network for cluster 7, various nodes can be identified 
that are of potential interest. Here we have made a selection based on methylation 
status, gene expression, and the role of a specific gene in the established genomic 
interaction network (Supplementary figure 3.2.1). Methylated promotor regions of 
NFIB, ARHGAP29, and LRRC49 are predicted to be a feature of cluster 7 meaning 
that there are drivers of cluster formation. For most samples in cluster 7, the 
promoter region of NFIB, ARGHAP29, and LRRC49 is hypermethylated. In these 
samples, the genes NFIB and LRRC49 both have low expression values, whereas 
ARHGAP29 is not expressed at all. ARHGAP29 is one of the protein-coding genes 
for Rap1 that regulates Rho GTPase signaling. Dysregulation of Rap1 activation is 
responsible for the development of malignancy [38]. Furthermore, RAP1 interacts 
with many members of the DNA damage response pathway but RAP1-depleted 
cells show reduced interaction between DNA ligase IV and DNA-pk and are 
impaired in DNA ligase IV recruitment to enable efficient repair of damaged 
chromatin [39]. 
 
NFIB, with an increased DNA promoter methylation in cluster 7 cell lines, is a 
transcription factor regulating the maturation of megakaryocytes, a platelet 
precursor [40]. Megakaryopoiesis is the developmental process of bone marrow 
progenitor cells into mature megakaryocytes and is required for normal hemostasis. 
From the genomic interaction network, we can identify possible interactions 
between NFIB and other genes. NFIB shares genetic interactions with FGR and 
CD28. FGR is a proto-oncogene of the Src family of tyrosine kinases expressed in 
immune cells [41]. Src family kinases are most of all best known for their role in 
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tumor development and progression [42]. FGR is not only connected to NFIB, but 
FGR also shares a protein-protein interaction with IGLL5 and a gene-gene 
interaction with FCRL1. FCRL1 expressed in a majority of chronic lymphocytic 
leukemia, follicular lymphoma, hairy cell leukemia, and mantle cell lymphoma [43] 
and might play an important role in the onset of these malignancies. It is therefore 
of interest to investigate whether the hypermethylation of NFIB can be reversed 
and whether NFIB is capable of downregulating FCRL1 via genetic interactions with 
FGR. 
 
One of the central nodes in the network is EGFR, a gene responsible for controlling 
cellular proliferation, apoptosis, angiogenesis, and metastatic spread in a variety of 
cell types and tissues [44]. In cluster 7, it is evident that EGFR is hypermethylated 
and consequently is not expressed (expression level of 0 TPM). Because of the 
hypermethylation of the promoter region, the transcription factors CEBPD and 
KLF5 cannot transcriptionally activate EGFR expression (Figure 3.11A). Even if the 
DNA promoter region of EGFR would be hypomethylated, transcription activation 
of EGFR might not occur since both CEBPD and KLF5 are not expressed in the 
cancer cell lines of cluster 7. The combination of hypermethylation of EGFR and 
the inactivity of CEBPD and KLF5 is interesting since EGFR shares different gene-
gene and protein-protein interactions with FGR, CD3D, CD3G, BCAR, PTK2, and 
PTPN3. The inactivity of EGFR could be of importance since this may alter the 
interactions with FGR and PTK2 and potentially disrupt the functioning of these 
oncogenes. EGFR expression is still a subject of debate in leukemia [45] but in 
lymphomas, it has been demonstrated to increase drug resistance [46]. Our results 
show low expression of EGFR which could potentially mean that EGFR cannot 
contribute to drug resistance and highlight the mechanism of low EGFR expression 
in these cancer cell lines. 
 
A second local neighborhood of interest is defined around YAP1, a gene believed 
to be involved in the regulation of the hematopoietic system [47]. The role of YAP1 
is important, since in solid tumors it emerges as an oncogene, whereas YAP1 
seems to exert a tumor-suppressive function in multiple myeloma and leukemia 
[47]. In our network, YAP1 can regulate the transcription of JAG1 and might interact 
with LATS2, TEAD4, and SMAD1 via protein-protein and gene-gene interactions 
(Figure 3.11B). These possible interactions and transcriptional activation might be 
altered because of the methylation status of YAP1, which shows a trend towards a 
higher methylated DNA promoter region, and as a possible effect, there is no YAP1 
expression observed in the cancer cell lines in cluster 7. This result is in agreement 
with previous research, where downregulation or deletion of YAP1 in multiple 
myeloma and leukemia is reported [48]. Due to the inactivity of YAP1, it will be of 
interest to determine whether JAG1 and TEAD4 are expressed. TEAD4 is low 
expressed in the cell lines of cluster 7, which could be favorable since TEAD4 
expression is associated with tumor onset and progression [49]. JAG1 is involved 
in the NOTCH signaling pathway and downregulation of JAG1 has been proposed 
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as a target for treatment, since JAG1 can function as an oncogene in the different 
lymphoid neoplasms [50]. Similar to TEAD4, JAG1 is lowly expressed in cluster 7, 
which could be because YAP1 is not expressed and therefore cannot activate JAG1 
transcription. Although YAP1 is proposed as a potential tumor suppressor gene 
[47], increasing YAP1 expression might lead to transcriptional activation of the 
oncogene JAG1 (Figure 3.11B). In our genomic interaction network, there is also 
an interaction between LATS2 and YAP1. This interaction is actually of interest 
since LATS2 and YAP1 are two genes involved in the hippo signaling pathway [22]. 
As mentioned before, YAP1 has a low gene expression due to DNA 
hypermethylation and therefore we believe that this protein-protein interaction is 
affected. Furthermore, LATS2 is low expressed in cluster 7 in comparison with the 
other clusters, which could be a consequence of the increased methylation of the 
DNA promoter region of LATS2. This could indicate that in cluster 7 the hippo-
signaling pathway might not function properly because of DNA hypermethylation 
and low gene expression of both LATS2 and YAP1. 
 
A third region of interest emerged while studying the local neighborhood of the 
genes CD28, CD86, CD80, ITGA2, and CTLA4. CD28 and CD86 are both lymphoid 
tissue enriched genes [21]. The two genes form a co-stimulatory pair and upon 
CD86-activation, CD28 can carry out different functions involved in the Th1 
differentiation pathway [51], cytokine production, and downstream signaling events 
of the B cell receptor through the activation of NFkB [52]. In the gene interaction 
network with CD28 and CD86, the dotted interactions around the seeding node 
CTLA4 are of relevance (Figure 3.11C). As a seeding node, CTLA4 does not belong 
to the features for cluster 7 but its absence is of interest. It becomes clear that 
CTLA4 is not expressed in any of the cancer cell lines, whereas CD28 and CD86 
are expressed only in cluster 7 (Supplementary figure 3.2.3: plot I-K). CTLA4 is an 
inhibitor of the CD28 – CD86 activation pathway and humans that carry any CTLA4 
mutations are found to suffer from profound autoimmunity [53]. CD86 shows 
elevated expression in cluster 7 in comparison to the other clusters, which could 
not only indicate that CD86 is specific for lymphoid neoplasms, but also that the 
signaling pathway of CD86-CD28 is perturbed leading to CD28 stimulation. The 
inactivity of CTLA4 might result in a loss of the inhibition of the signaling pathway 
of CD86-CD28 which impacts the differentiation of blood cells (Th1 and B cells) but 
more interesting, the association of CTLA4 with autoimmunity might point towards 
a hypothesis that lymphoid neoplasms might share the same alterations as 
autoimmune diseases [54]. The absence of CTLA4 might have other implications, 
due to the protein-protein interactions with ITGB8 and ITGA2. Dysregulation of the 
CD28 – CD86 pathway could propagate to EGFR and FGR expression via the 
different CD3 genes as shown in the network. 
 
The previously discussed features are of interest because their changes in 
expression do not occur for all lymphoid neoplasms. The lymphoid neoplasm 
samples in clusters 3 and 6 do not have an increased expression of both CD28 and 
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CD86 (Supplementary figure 3.2.3). Cluster 6 shows increased LRRC49 
expression whereas this gene is low expressed in all lymphoid neoplasms samples 
in cluster 7. Furthermore, the hypermethylated DNA regions in cluster 7 are 
hypomethylated in cluster 3 and cluster 6 (Supplementary figure 3.2.2). The 
combination of the epigenetic and transcriptomic changes stratify the lymphoid 
neoplasms in different clusters and might therefore be of relevance.  
 
By integration of the omics layers employing Multi-layer Nonnegative Matrix 
Factorization, we are capable of separating clusters based on their DNA 
methylation and gene expression profiles across a wide range of cell lines derived 
from multiple human cancer types. The combination of these profiles leads to 
heterogeneous clusters of sarcomas and carcinomas, but also more homogeneous 
clusters of lymphoid neoplasms. Although our method can extract signals that 
characterize different cancer types, there is still room for improvement. 
Heterogeneity remains a problem, which will be difficult to solve. One way to 
overcome this is by performing omics integration on one class of cancer cell lines. 
We expect that this would improve the integration and would select more subtype-
specific signals. However, our findings from the complete 2019 CCLE clarify that 
our method is indeed capable of identifying possible important characteristics. We 
can identify different methylated DNA promoter regions in the same cancer tissues, 
but we are also able to construct a genomic interaction network for lymphoid 
neoplasms based on specific genomic features for that cancer type. This genomic 
interaction network helps us to identify the possible relationship between 
methylated genes and other genes in the network. We have identified different 
methylated DNA promoter regions that affect transcriptional activation of EGFR, 
which might impact on the protein-protein interactions with the oncogenes FGR and 
PTK2. The DNA hypermethylation of EGFR could be of interest since this gene 
contributes to drug resistance. We showed that hypermethylation of YAP1 leads to 
low gene expression and as a consequence no transcriptional activation of JAG1. 
Although YAP1 has tumor-suppressive characteristics, it is relevant to take into 
account that this may lead to transcriptional activation of the oncogene JAG1. 
Finally, through the genomic interaction network, we could identify a potential 
dysregulation of the CD28-CD86-CTLA4 axis in the different lymphoid neoplasms 
cancer cell lines. 
 
Conclusion 
Characterizing the epigenome and transcriptome is vital for our understanding of 
cancer cell line behavior, not only for better understanding the cancer-related 
processes but also for future treatment and anti-cancer drug developments. Here, 
we have identified potential candidate genes that characterize cancer cell lines of 
the type for lymphoid neoplasms. Our current insights show that, although assumed 
different, B and T cell lymphomas potentially share similar genomic alterations. 
These key alterations are important to study and further understand the 
development and progression of lymphoid neoplasms cancer cell lines. 
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Abstract  
Introduction: Persistent organic pollutants (POPs) and heavy metals are toxic 
compounds with established adverse effects on human health. Current research 
shows that POPs and heavy metal exposure not only affect gene expression 
profiles but also epigenetic mechanisms. To investigate the integrative molecular 
effects of chronic human exposure to these compounds, we aimed to apply a cross-
omics computational approach to investigate the relation between exposure and 
alteration in gene expression and/or DNA methylation in European cohort studies. 
 
Methods: We applied a multi-layer nonnegative matrix factorization method to 
integrate gene expression and DNA methylation profiles with blood levels of POPs 
including PCBs, DDE, and HCB, as well as of lead and cadmium, from two 
prospective cohort studies (EPIC Italy and NSHDS, 610 samples in total). This 
integration strategy generates different genomic profiles for the obtained clusters 
that potentially explain exposure-induced molecular effects. We combined those 
genomic profiles through network construction into genomic interaction networks to 
investigate their biological relevance.  
 
Results: We identified clusters of subjects within the combined cohort (EPIC and 
NSHDS cohorts) that show distinct exposure profiles for DDE and lead. These 
genomic profiles demonstrated the involvement of POP and heavy metal exposure 
in various biological processes including signaling processes, immune-related 
processes, DNA repair, mRNA translation, and mRNA transcription. We identified 
interactions between PCBs and these processes, although we could not determine 
a single PCB responsible for the alterations. The simulation on the NSHDS cohort 
revealed a potential sex-specific exposure-response of male gamete formation in 
the Swedish males, as well as a sex-specific exposure-response of cytochrome 
P450 genes and bile acid synthesis in the Swedish females. In the EPIC cohort, we 
identified methylation differences for sex-specific CpG sites associated with lead 
exposure, which might point towards a sex-specific exposure-related effect. These 
CpG sites are associated with mantle cell lymphoma and thus could connect lead 
exposure with the onset of this disease. 
 
Conclusion: This study provides insights into exposure-related changes in the 
transcriptome and epigenome. By combining the EPIC and NSHDS cohorts, we 
were able to identify communities in our interaction network that relate to POP and 
lead exposure that could explain the development of certain diseases. In general, 
we could not identify clear epigenetic alterations that directly associate with 
observed changes in the transcriptome. However, the combination of the epigenetic 
and transcriptomic alterations provided us with genomic profiles that relate to the 
exposure profiles. This shows that we can use both omics layers to cluster samples 
into distinct groups that have a mixture of exposures. 
 
Supplementary data available at: https://github.com/TJMKuijpers/PhDThesis  



 Chapter 4: omics integration to study persistent environmental pollutants 

85 
 

Introduction 
Persistent organic pollutants (POPs) are toxic chemicals that have an adverse 
effect on human health and the environment. The most commonly encountered 
POPs belong to the class of organochlorine pesticides, including polychlorinated 
biphenyls (PCB), dichlorodiphenyltrichloroethane (DDT), as well as by-products of 
many industrial processes such as dioxins. Other non-degradable pollutants, the 
heavy metals lead and cadmium, also play an important role in exposure-related 
diseases. Chronic POPs and heavy metal exposure are becoming increasingly 
relevant to human health, because they reflect the exposure of the general 
population, mainly via food from contaminated animal fats [1–3] or via inhalation of 
lead-contaminated dust particles [4]. 
 
PCBs are biodegradation-resistant and can induce acute and chronic health 
disorders, depending on the dose, duration of exposure, type of PCB, and degree 
of chlorination (dioxin-like or non-dioxin-like) [2]. Dioxin-like PCBs show toxic 
effects similar to dioxins [5] and mediate aryl hydrocarbon receptor (AhR) activation 
[6]. Non-dioxin-like PCBs mediate the constitutive androstane receptor (CAR) and 
pregnane X receptor (PXR) in mammalian cells [7–11] but are also believed to 
either activate or suppress genes regulated by the thyroid hormone, interact with 
the thyroid hormone receptor [12] and modulate gene expression dependent on 
estrogen receptors (ER) [13]. The ability of PCBs to affect these different receptors 
may also explain the observed sex-specific responses [14–17]. The International 
Agency for Research on Cancer (IARC) reported that there is sufficient evidence in 
humans for the carcinogenicity of certain PCBs (IARC group 1) [1, 18]. In humans, 
PCBs have been consistently linked to increased risk of non-Hodgkin lymphoma 
[19–22] and acute lymphocytic leukemia [23]. Not only has PCB exposure been 
related to adverse effects on the immune system [24, 25] but also influences the 
immune system development of unborn children [26]. 
 
Besides interacting with multiple receptors and directly altering gene expression, 
PCB exposure can also indirectly affect gene expression by changing the 
methylation status of the DNA. Georgiadis et al discovered a distinct DNA 
methylation profile in blood leukocytes linked to PCB exposure [27]. The link 
between PCB exposure and DNA methylation changes has also been found in 
different cohorts [28–30], increasing the evidence that suggests a link between 
PCB exposure and DNA methylation effects. However, there is also evidence that 
suggests a lack of persistence in DNA methylation changes induced by PCB 
exposure [31]. 
 
Whereas PCBs are banned 35 years ago [32], the use of DDT (probably carcinogen 
to humans, group 2A [33]) was already restricted or banned in most developed 
countries after 1970 [34]. However, due to the chemical stability of DDT and its 
lipophilic character, it is only slowly eliminated from the environment and most living 
creatures [35]. DDT and its main metabolite dichlorodiphenyldichloroethylene 
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(DDE) may have adverse effects on different organs including the liver and kidney, 
but also the reproductive [36], endocrine [37, 38], and immune system [39]. Like 
PCBs, DDT and DDE affect certain receptors [38] including the ER [40, 41]. DDE 
may exert anti-androgenic effects by interfering with the androgen receptor (AR) 
[42]. DDT is linked to inducing epigenetic transgenerational inheritance of obesity, 
kidney, testis, and ovary disease [43]. However, the effects of DDT and DDE on 
non-inheritance epigenetic alterations possibly leading to disease development are 
still unclear.  
 
Not only is the human population exposed to POPs, but exposure to heavy metals 
such as lead and cadmium also has a major impact on human health [4, 44–46]. 
Lead has been classified by IARC as a possible carcinogen (IARC group 2B [47]), 
based on the relationship between lead and cancer of the stomach, brain, kidney, 
and lung [48]. Current findings also associate chronic lead exposure to anemia, 
increased blood pressure, and severe damage to the brain and kidneys [49]. In 
males, it has even been found to reduce fertility [50]. Lead exposure may also 
facilitate the carcinogenic effects of other pollutants, by impairing DNA repair in the 
cell [51]. Several studies have shown that reactive oxygen species (ROS) 
production and oxidative stress play a key role in the toxicity and carcinogenicity of 
lead. With respect to the epigenome, lead exposure is associated with alterations 
in whole-blood methylation. Furthermore, developmental lead exposure is 
associated with changes in epigenetic regulators mediating the development of 
Alzheimer's [52]. 
 
Cadmium, another toxic metal, is present in various sources including food, air, and 
water. IARC classified cadmium as a group 1 carcinogen with sufficient evidence 
for cancers in humans [53]. Several studies indicate a possible role for cadmium in 
lung [54] and renal [55, 56] cancer. Cadmium exposure is believed to induce 
oxidative stress, DNA damage, alterations in DNA repair, enhanced proliferation, 
and downregulated apoptosis [57, 58]. Furthermore, there is evidence showing a 
link between alterations in DNA methylation and cadmium exposure [59].  
 
Overall, our current understanding of the relation between exposure to complex 
toxic mixtures comprising agents such as POPs, lead and cadmium, with respect 
to inducing gene expression, and DNA methylation is not complete. Such 
exposures may not only affect gene expression profiles [16] while at the same time 
altering epigenetic mechanisms [60–62] but the underlying mechanisms are still 
undefined. Therefore, we here aim to apply a multi-layer nonnegative matrix 
factorization (NMF) approach to investigate the combined effect of multi-compound 
exposure and alterations in gene expression and DNA methylation. We 
hypothesize that with an integrative omics strategy, we will be able to stratify 
subjects into groups that reflect their exposure status and gain insight into their 
genomic profiles. 
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Methods 
In this study, we use two cohorts, one from the Northern Sweden Health and 
Disease Study (NSHDS) and the other from the European Investigation into Cancer 
and Nutrition Study (EPIC). To increase the sample size and thus the power of the 
data set, we combine the two cohorts into one large multi-omics data set. 
 
Transcriptomics and Epigenetics  
The data processing procedures used for DNA methylation and gene expression 
profiling are described in detail by Georgiadis et al [63]. Gene expression data is 
derived from blood samples collected from the Northern Sweden Health and 
Disease Study (NSHDS) and the European Investigation into Cancer and Nutrition 
(EPIC) study. Samples were hybridized on Agilent 4x44K human whole-genome 
microarrays for gene expression analysis. The data were normalized using the 
quantile method from the Limma package as described by Espín-Pérez et al [17]. 
Methylation data [27, 64] of the CpG sites has been derived from hybridizing 
samples on Illumina Infinium human 450K methylation arrays as described by 
Georgiadis et al [27]. For each CpG site probe, the methylation status is expressed 
as the β-value in the range of 0 (hypomethylated) or 1 (hypermethylated) to a 
nonnegative data distribution [65]. We selected those subjects from either the 
NSHDS or EPIC cohort if both the DNA methylation and gene expression 
measurements are available. 
 
POPs, Cadmium, and Lead exposure 
Plasma POP concentrations were measured as described by Kelly et al [66]. An 
Agilent 6890 gas chromatograph connected to a Waters Autospec ultima high-
resolution mass spectrometer has quantified POPs. For quality control purposes, 
two reagent blanks were added and the average results of the blank samples were 
subtracted from the results of the cohort samples. Furthermore, two control 
samples of Standard Reference Material 1589 from the National Institute of 
Standards and Technology were included in each batch. Lead and Cadmium levels 
were determined by inductively coupled plasma-mass spectrometry [67] at Lund 
University Hospital. The analytical accuracy was checked against human blood 
reference material from the Centre de Toxicologie du Quebec [66]. 
 
Input data filtering 
To improve the performance of our workflow, we applied a data-filtering step to 
reduce the effect of confounding variables. Since we were interested in finding a 
relation between transcriptional interactions, gene-gene interactions, and protein-
protein interactions, we selected only the protein-coding genes from the total 
transcriptomic data set. Second, we performed a Univariate feature selection to 
reduce the number of probes that did not relate to exposure. Therefore, we used 
an ANOVA test to identify which genes showed a cohort-specific or sex-specific 
effect, and a regression classifier to classify genes related to POPs exposure or 
age. If genes explain the cohort and POPs exposure, we did not remove the genes 
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from the data set. We only removed genes if they explicitly explained the difference 
in the cohort. Since we assumed no large biological effect of CpG sites downstream 
from the transcription starting site, we only kept DNA methylation data around the 
promoter region. 
 
Multi-layer Nonnegative Matrix Factorization 
Nonnegative matrix factorization decomposes a data matrix to two lower based 
matrices, containing the cluster coefficients H and the basis coefficients W [68]. For 
an n multi-layer dataset, the data matrix Xn is decomposed to n matrices Wi and 
one matrix H (Equation 1). To find a local optimal solution (Equation 4), matrices 
Wi and H are updated by their update rules (Equations 2 and 3 respectively). For H 
we took into account the effect of the different omics layers via Xi and Wi whereas 
for Wi we took into account the effect of the omics layers via Xi and the sample 
clustering via H. 
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To extract feature genes and CpG sites, the corresponding matrix Wi was scored 
by using the method proposed by Kim et al [69]. For each cluster, we selected the 
biological entities as features, if those entities that had a high score for the selected 
cluster and a low score for the other. 
 
Genomic interaction network 
To study the relationship between the transcriptome and epigenome, we 
constructed a genomic interaction network from the obtained feature genes and 
CpG sites. This network will contain the feature genes and CpG sites to understand 
how different exposures change DNA methylation or gene expression. A feature 
gene will be represented in the network as a node and interactions between nodes 
are derived from OmniPath [70] (for gene-gene interactions), the Comparative 
Toxicogenomics Database [71] (for compound – gene interactions), STRINGdb 
[72], transcription catalog from Souza et al [73] (transcriptional activation or 
inhibition of genes), and CpG – gene interactions.  
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The Louvain method [74] was used to detect communities in the genomic 
interaction network. Communities are groups of nodes, which share a high degree 
of interactions with each other compared to nodes in other communities. Initially, a 
node is placed inside its community and the algorithm will merge small 
communities; this will increase the modularity of a partition of the network. Low 
modularity [-0.5] indicates non-modular clustering, whereas maximum modularity 
(1) indicates a fully modular clustering. These communities are mapped against the 
Reactome database through the PantherDB [75] interface to identify 
overrepresented pathways. We combined pathway information with the network 
information to identify important HUB genes involved in biological processes. 
 
Results 
Case study on the combined EPIC + NSHDS cohorts:  
The integration of the two different cohorts based on the combined omics data 
resulted in three clusters (Figure 4.1A). The three identified clusters represent the 
cohorts (Cluster 1 EPIC, and Cluster 2 and 3 NSHDS) but two clusters also show 
a sex effect (Cluster 1 mix, cluster 2 male and cluster 3 female). When we look at 
the exposure levels, a significant difference appears to exist between the three 
clusters for DDE, lead, and cadmium exposure (Figure 4.1C). Therefore, DDE and 
lead exposure could play an important role in the classification of the three clusters, 
especially since the exposure profiles of the PCBs (Figure 4.1B) are not 
significantly different between clusters. To identify which genomic features are 
responsible for the difference between the clusters, feature scoring and extraction 
has been performed on the feature matrix Wi. This results in a set of genes and 
CpG sites explaining the formatting of the three clusters, which define the genomic 
profile of each cluster. First, we will analyze these genomic profiles to investigate 
which genes and CpG sites could present a potential marker for the exposure 
profiles. Second, we will use those markers to construct a genomic interaction 
network to unravel the relationships between the different gene and CpG markers. 
 
There are many genes higher expressed in cluster 1 in comparison with cluster 2 
and cluster 3 (Figure 4.2A, only showing the top 50 genes). To get a general idea 
of which pathways these genes are involved in, we mapped the genes against 
PantherDB. We have identified different pathways overrepresented including 
positive regulation of endocytosis (FDR 2.57E-02), transmembrane receptor 
protein tyrosine kinase signaling pathway (FDR 1.64E-02), regulation of 
intracellular signal transduction (FDR 3.16E-02), positive regulation of nitrogen 
compound metabolic process (FDR 1.95E-02), and nervous system development 
(FDR 8.99 E-02). 
 
For the epigenome layer, we have identified several CpG sites showing different 
methylation patterns. As shown in figure 4.2B, we have identified CpG sites with a 
strong methylation difference over the three clusters (hypo vs hypermethylated), as 
well as CpG sites with smaller differences (range of Δβ of 0.1). It is of interest to 
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note a specific methylation pattern for cluster 2, with some high methylated CpG 
sites (Figure 4.2B, red color) that could be sex-specific (cluster 2: male), although 
these patterns are not observed for the EPIC males. Identification of the 
chromosome location of those CpG sites revealed that the hypermethylated genes 
in cluster 2 are on the X chromosome. For the genes linked to the CpG sites, we 
could not identify any overrepresented pathways, which indicates that various CpG 
sites of genes with different GO biological processes are targeted 
 
Because we observe a strong contrast in DDE and lead exposure between the 
EPIC and NSHDS cohorts, with lower DDE and lead exposure in the NSHDS 
cohort, we hypothesized that combining both cohorts would hamper the possibility 
to identify cohort-specific exposure patterns. Therefore, we have performed 
additional analysis to investigate a cohort-specific exposure profile. This will allow 
us to investigate relevant biological patterns present within a cohort data set. 
However, we should keep in mind that this approach will decrease the sample size 
and might have an impact on the power to detect expression patterns within the 
data. 
 

 
Figure 4.1 Cluster results combined cohort. A: Distribution of male and female subjects in each cluster, 
with cluster 1 representing the EPIC subjects and cluster 2 and 3 the NSHDS subjects. B: Distribution 
of PCB exposure (Z-score) for the three clusters. C: Lead, cadmium and DDE exposure (Z-score) 
profiles with significant mean differences between the three clusters. 
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Figure 4.2 Genomic profiles in the combined cohort analysis: A Gene expression profiles of the top 50 
feature genes (High expression dark red, low expression dark green). B: CpG profiles of the top 50 CpG 
sites (hypermethylation dark red, hypomethylation dark blue). 

Case study EPIC cohort 
We have performed an additional simulation to combine the transcriptome and the 
epigenome for the EPIC cohort. Here, we identified two clusters, one cluster with 
only females (cluster 1) and one cluster containing a mixture of males and females 
(Figure 4.3A). Cluster 2 shows a significantly different lead exposure profile, 
whereas the POP and cadmium exposure levels are equal for both clusters (Figure 
4.3C). These two clusters might indicate that there are small within-cohort 
differences in the genomic profiles, which we could not identify in the combined 
cohort analysis. 
 
The transcriptome profile (Figure 4.4A) only shows some minor differences in gene 
expression between the clusters. In general, there is a small but significant increase 
in gene expression in cluster 2, which could be because of a different exposure 
profile. There is only a small subset of genes with a higher mean expression, 
including KDM5D, EIF1AY, and DDX3Y. These results might indicate the low 
importance of the transcriptome layer to stratify the EPIC cohort.  
 
The epigenome layer (Figure 4.4B) does indicate a stronger effect with a clear 
difference in several methylated CpG sites in cluster 2. These results are interesting 
since we could not identify them in the combined cohort simulation. Those 27 
hypermethylated CpG sites belong to different genes: PPP1R2P9 (4 sites), 
FAM47B (3 sites), CXorf61 (3 sites), LUZP4 (2 sites), TEX11 (2 sites), DDX53 (2 
sites), DDX53 (2 sites), FAM47A, MAGEB1, TDGF3, TFHL17, MAMLD1, XIST, 
ZCCHC13, MAGEB2, FAM9C, GUCY2F, and MGC16121 (all 1 site). These CpG 
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sites are all located on the X chromosome and could indicate that lead might affect 
the X chromosome. In cluster 2, most of the subjects are male (64 out of 88), 
whereas in cluster 1 only female subjects are present. On the X chromosome, the 
CpG sites are located within the TSS200 region. This might indicate a stronger 
effect due to POP and heavy metal exposure on one of the sex chromosomes. 
However, we observed no direct change in gene expression for the different genes, 
which could be for two reasons: the CpG site methylation is not covering the whole 
TSS200 region and the transcription factor could still bind or the transcription factor 
binds to the TSS150 region. 

 
Figure 4.3 Cluster results EPIC cohort. A: Distribution of male and female subjects in each cluster, with 
a strong female component in cluster 1. B: Distribution of PCB exposure (Z-score) for the two clusters. 
C: Lead, cadmium and DDE exposure (Z-score) profiles with significant mean differences between the 
two clusters. 
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Figure 4.4 Genomic profiles in the EPIC cohort analysis. A: Gene expression profiles of the top 50 
feature genes. B: CpG profiles of the top 50 CpG sites. (Hypermethylation dark red, hypomethylation 
dark blue. 

Case study: NSHDS cohort  
As previously indicated for the EPIC cohort, we would also like to identify a cohort-
specific exposure effect for the NSHDS cohort. The omics integration for the 
NSHDS cohort resulted in three clusters (Figure 4.5) of which two clusters contain 
predominantly females (cluster 1 and cluster 2) and one cluster containing only 
males (cluster 3). As in agreement with the combined cohort results, the males 
(cluster 3) have a higher exposure to lead compared to females. These new 
clusters are of interest because it now becomes possible to identify whether the 
different transcripts and CpG sites are sex-specific induced (cluster 3 is different 
from cluster 1 and 3) or are exposure-related (if a CpG site has a different 
methylation status in cluster 1 in comparison to cluster 2, we can assume it is not 
sex-specific). 
 
Here we have identified a set of transcripts and CpG genes, which show different 
patterns between the three clusters (Figure 4.6). On the epigenome, we see two 
main patterns: 1) cluster 2 (females shows hypomethylation for a set of CpG sites 
that are methylated in cluster 1 (females) and cluster 3 (males, increased lead 
exposure), and 2) Cluster 3 (males, increased lead exposure) show strong 
hypermethylation for CpG sites that are hypomethylated in cluster 1 (females) and 
cluster 2 (females). This could mean a sex-specific effect of exposure, in particular 
lead exposure, in the males and females of the NSHDS cohort. 
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The genes and CpG sites that formed the clusters carry out different biological 
functions. The feature transcripts carry out roles in various pathways including 
autonomic nervous system development (FDR 1.58E-02), regulation of glial cell 
differentiation (3.63E-02), G protein-coupled receptor signaling pathway (4.53E-
02), and leukocyte activation (4.11E-02). The genes associated with the CpG sites 
show a significant overrepresentation of the male gamete generation (FDR 4.23E-
02). This pathway can be of interest because of the impact on developmental health 
or the reproductive system. The CpG sites involved in the male gamete regions are 
located at various chromosomes, where the most are located at the X chromosome 
(18 CpG sites), other sites are found on chromosome 1 (7 CpG sites), Chromosome 
2 and 3 ( 2 CpG sites), and chromosome 8 (1 CpG site). The high number of CpG 
sites at chromosome X can be of interest because this might point towards a sex-
specific chromosomal effect. 
 

 
Figure 4.5 Cluster results from NSHDS cohort. A: Distribution of male and female subjects in each 
cluster, with a strong female component in cluster 1 and cluster2, and a strong male component in 
cluster 3. B: Distribution of PCB exposure (Z-score) for the three clusters. C: Lead, cadmium, and DDE 
exposure (Z-score) profiles with significant mean differences between the three clusters for lead. 
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Figure 4.6 Genomic profiles in the NSHDS cohort analysis. A: Gene expression profiles of the top 50 
feature genes. B: CpG profiles of the top 50 CpG sites. 

Translation of the genomic profiles to exposure profiles 
The previous analyses showed that there is a difference in lead and DDE exposure 
between the three clusters of the combined cohort data. It is of particular interest 
to identify which feature genes and CpG sites are not an effect of the mixture of 
compound exposures but due to a single compound. This would give us more 
insight into the adverse effect of a compound and could provide us with new 
biomarkers. Therefore, we performed one extra step before we combined the 
features into a genomic interaction network. We used a random forest regression 
model to determine if the gene expression and DNA methylation levels relate to 
individual compound-exposure levels. With this approach, we could identify within 
the feature set of each analysis those genes and CpG sites that relate to lead and 
DDE exposure (Supplementary file 4.1: “Lead and DDE associated features”). 
 
Therefore, we studied the different relationships between the feature transcripts 
and CpG sites by the creation of genomic interaction networks. Here, we will 
exclusively study the effects from the combined cohort case study, since the 
genomic profiles gave stronger signals on both the transcriptome and epigenome 
layers. To study the relation between the different feature genes and CpG sites, we 
have combined the features related to DDE and lead exposure. We did not include 
cadmium because of the low exposure levels in comparison with the other 
compounds, and we assumed that the exposure effect of DDE and lead would mask 
the effect of cadmium. The genomic interaction stores transcriptional interactions 
(activation or inhibition), gene-gene interactions, protein-protein interactions, and 
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compound-gene interactions. This resulted in a large network in which we detected 
communities of high-connected transcripts and CpG sites. We used these 
communities to get a better understanding of the role of POPs and heavy metals in 
different biological processes.  
 
The communities in the genomic interaction network are associated with various 
biological pathways (Supplementary table 4.1) and can be grouped by classifying 
them as signaling processes, immune-related processes, DNA repair processes, 
mRNA processing processes, and translational processes (Figure 4.7). Here, it 
becomes clear that lead exposure can be associated with all five categories, 
whereas the individual POPs are associated with just a subset of the five groups. It 
is of interest that lead is affecting mRNA transcriptional and translation processes, 
and thereby does not only influence gene expression (transcription) but also can 
have an outcome on protein expression (translation). The role of lead in immune-
related processes and signaling-related processes is of interest, especially since 
communities of those two groups also interact with each other. Therefore, a 
negative effect in either one of the groups can propagate to the other group. Here, 
we also have to take the role of POPs into account, since they can also exert an 
effect on the biological processes already altered by lead exposure. For example, 
DDE, PCB 118, and lead, all target mRNA transcriptional processes and it is vital 
to further study if this leads to a combined negative effect. 
 
In the genomic interaction network, it became clear that lead interacts with DNA 
repair genes RAD9A, EXO1, and RBBP8. These genes respond to the detection of 
DNA damage and as a result stop or reduce the cell cycle rate. As one would 
expect, the higher lead exposure in cluster 1 (Figure 4.1C) resulted in a higher 
expression of those DNA repair genes. This might be a direct effect of lead 
exposure or because of the interaction of RBBP8 with the signaling-related gene 
TFDP1. As a potential effect, we observed an increase in the signaling gene TFDP1 
and the DNA repair gene RBBP8. TFDP1 is a DNA-binding transcription factor part 
of the NOTCH signaling pathway, involved in the transcription of RNA polymerase 
2, and associated with cellular response to stress. This could be a direct effect of 
the increased lead and DDE exposure in cluster 1 (Figure 4.1C). 
We found two communities with genes related to mRNA translational processes, 
community 9, and community 12. The genes of community 9 are involved in post-
translational protein modification and neddylation. The genes of this community, 
UBA1, DCUN1D1, UBE2E1, ASB16, and FBXl7 showed an increased expression, 
whereas RNF7 showed a decreased expression. Within the genomic interaction 
network, we found that different PCBs (PCB 153, PCB 138, PCB 180) and lead 
interact with four genes (RNF7, UBE2E1, NEDD4L, and UBA1) of community 9 and 
could be potential targets to study lead and PCB exposure effects.  
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Community 12 consists of multiple methylated DNA regions associated with mRNA 
translation. Here, we observe an increase in methylation values (thus more 
hypermethylation) for cluster 3 (NSHDS cohort) compared to cluster 1 (EPIC 
cohort, increased lead and DDE exposure) and cluster 2 (NSHDS cohort, only 
males, increased lead exposure). This could be due to higher lead exposure in both 
clusters 1 and 2 and therefore might indicate that lead does induce changes in 
mRNA translation. However, the genes associated with the CpG do show a 
different behavior as one would expect, because we observed a decreased 
expression for LAS1L and RPL36A in cluster 1. Our genomic interaction network 
shows that lead does interact with LAS1L and RPL36A and this could alter gene 
expression even if the CpG sites are hypomethylated. However, we should also 
take into account that the methylation value of a single CpG site of a given gene 
does not need to be directly related to the expression of this very gene. 
Furthermore, the interaction of DDX21 with LAS1L may be important since DDX21 
plays a role in translation initiation [76]. 
 
PCB exposure might play an important role in changing signaling pathways since 
PCB 138, 170, 180, and 158 interact with genes of the c-MET signaling pathway 
(Figure 4.7 community 4). One key member of the c-Met pathway is c-MET, a 
receptor tyrosine kinase regulating essential cellular processes. PCB 138, 170, 
180, and 158, directly influences the gene MET (Figure 4.8A), encoding for c-MET, 
which could have a downstream effect on the protein-protein interactions with 
ARF6, LAMA4, LAMC2, PTPN11, and PIK3R1 or the gene-gene interactions with 
FAS, SHC1, and WASL. Our results show a higher expression of MET, PTPN11, 
WASL, LAMC2, and LAMA4 in cluster 1 (EPIC cohort, increased lead and DDE 
exposure), where MET expression could be higher because of the higher 
expression of its transcriptional activator STAT5A. PCB 157 interacts with genes 
and CpG sites involved in the regulation of the TNFR1 signaling pathway (XIAP, 
TAB3, TNFAIP3, and SHARPIN) and the innate immune system (TAB3, BCL2L1, 
TNFAIP3, IL1B, RELA, SFTPA1, and TREM1). 
 
A higher lead and DDE exposure is associated with elevated expression levels of 
both FOXO3 and FOXO4, two members of the Forkhead box O transcription factor 
family (Figure 4.7 community 2, Figure 4.8B local network). Lead is known to 
interact with FOXO3 and affects FOXO3 mRNA expression [77]. FOXO3 can 
transcriptionally activate STK11, TSC22D3, and transcriptional inhibit VEGFA. The 
community around FOXO3 (Figure 4.8B) shows that FOXO3 and FOXO4 share a 
protein-protein interaction but also that EP300 and RELA play a role in 
transcriptional activation VEGFA. It becomes clear that although FOXO3 
expression increased in cluster 1, it does not result in transcriptional inhibition of 
VEGFA. On the contrary, we observe an increase in VEGFA expression in cluster 
1 (EPIC cohort, increased lead and DDE exposure). When we studied the 
interaction, it becomes clear that lead interacts with both FOXO3 and VEGFA. This  
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might point towards interference of lead in the transcriptional inhibition of VEGFA 
by FOXO3. 
 
The interaction between VEGFA and its transcriptional activator RELA could be 
another reason why we observed an increase in VEGFA expression. Our genomic 
interaction network showed that RELA could be transcriptionally inhibited by 
TSC22D3 but in this case, we see an increased expression in cluster 1 (EPIC 
cohort, higher lead and DDE exposure). The Transcription start sites of VEGFA are 
all hypomethylated in cluster 1 and thus transcription factors (activator or inhibitor) 
could bind. This observed disruption of transcriptional inhibition of VEGFA might 
indicate that lead exposure does disrupt the interaction between a transcription 
factor and its target. The previously mentioned interaction between EP300 and 
FOXO3 is of particular interest since EP300 can acetylate FOXO3 and 
consequently might lead to a higher FOXO3 expression. Thus, as our interaction 
network showed, the increase in RELA expression can lead to more transcriptional 
activation of EP300 and consequently can lead to higher FOXO3 expression. 
 

 

Figure 4.8 Genomic interaction communities. A: Genomic interaction network around the genes 
involved in MET signaling pathway. B: Genomic interaction network around the genes involved in FOXO 
transcription-mediated processes. Edge colors represent the interaction: gene-gene (orange), 
transcriptional activation (green), transcriptional inhibition (red), CpG-Gene (light blue), and protein-
protein (pink). 

Discussion 
To understand the effect of chronic exposure to POPs and heavy metals on the 
transcriptome and epigenome, we have performed a multi-omics workflow to 
cluster our cohort populations based on their genomic profiles. These genomic 
profiles are then used to construct genomic interaction networks. This genomic 
interaction network can help us to understand the biological pathways targeted by 
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the mixture of different compounds and can deepen our knowledge of the specific 
effects of POPs and lead exposure. 
 
In our results, we found genomic profiles for three clusters within the cohort data 
that relate to a specific exposure profile. Before we analyzed these exposure-
related profiles, we first determined if there is a cohort-specific effect present in our 
data, as well as a sex-specific effect. In the combined cohort simulation, we found 
one cluster for the EPIC cohort and 2 clusters for the NSHDS cohort. Therefore, 
we have performed two additional simulations on each cohort because we 
hypothesized that the combined cohort data could mask the possibility to identify 
cohort-specific exposure patterns. The results of each cohort showed no cohort-
specific exposure effects and we conclude that the identified profiles in the 
combined cohort simulation are indeed due to a higher exposure of lead and DDE 
of the EPIC subjects. To assess if sex-specific exposure effects are relevant, we 
performed an additional simulation, in which we have removed all sex-specific 
genes and CpG sites (data not shown). This simulation did result in clusters that do 
not show any difference in exposure and therefore we conclude that POP and 
heavy metal exposure induce a sex-specific response. This is in concordance with 
literature, where sex-specific effects of POPs have been previously reported with 
relation to DNA methylation [27], developmental effects [78] as well as male 
reproductive health [79].  
 
Based on the two previous conclusions, we analyzed the results of the combined 
cohort simulation, since the genomic profiles gave stronger signals on both the 
transcriptome and epigenome layers. The obtained genomic profiles are of interest 
because the difference in lead and DDE exposure within a cluster could explain the 
changes in gene expression and DNA methylation. The genomic interaction 
network, build from genomic features that explain the clusters, showed different 
interesting communities, which we could relate to the compounds by integrating the 
interactions from CTD. Network analysis revealed that several communities belong 
to biological processes associated with signaling, DNA repair, immune system, 
mRNA transcriptional, and translational processes. It is of interest to note that these 
communities do not only interact with communities from the same biological 
processes but also with communities in other processes. This might indicate that 
exposure-related alterations in one biological process could have a downstream 
effect in another process. 
 
The different signaling-related communities are of interest because they play an 
important role in disease development. Our results show that POP exposure might 
affect the c-MET signaling pathway. The c-MET signaling pathway is of interest 
because of its various role in cellular processes, including proliferation, survival, 
motility, and invasion [80]. As a proto-oncogene, abnormal activation of c-Met can 
promote the development and progression of various cancers such as breast, lung, 
liver, and glioblastoma [81, 82]. The increased MET expression is accompanied by 
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increased LAMC2 and LAMA4 expression, two genes also involved in the immune 
response [83]. LAMC2 is an important factor driving tumorigenesis through its 
interactions with cell-surface receptors [84]. The identified community of LAMC2, 
MET, and LAMA4 could therefore be of interest for future studies concerning 
compound exposure profiles and tumor development. The signaling-related 
communities do interact with communities related to different processes, such as 
DNA repair processes. Here, we identified that an increased expression in the 
signaling gene TFDP1 results in an increased expression of RBBP8, involved in 
DNA repair and the cell cycle. Overexpression of RBBP8 activates DNA damage 
checkpoints leading to DNA damage, suppressing DNA replication at S and G2 
phase [85], and could be an important gene altered by lead and DDE exposure. 
 
Transcriptional processes are vital processes in all organisms, and we identified a 
possible relationship between the increase in certain FOXO transcription factors 
(FOXO3, FOXO4, and STK11) and an increased lead or DDE exposure. The FOXO 
transcription factors, actors in the FOXO-mediated transcription, are active 
transcription regulators of several processes, including development, 
differentiation, proliferation, DNA repair, survival, and apoptosis [86–88]. Due to 
their prominent role in these processes, FOX transcription factors, and the FOX 
proteins, play a crucial role in the onset of diseases such as acute myeloid 
lymphoma [88]. It became clear that, although FOXO3 expression is elevated, not 
all the transcriptional targets showed an increase in expression. For the clusters 
with an increase in exposure, we observed a decreased expression of AMACR and 
ABCA6. The interactions with lead and DDE might dysregulate the functioning of 
FOXO3 and consequently part of the FOXO-mediated transcription. Finally, we 
found an interesting interaction between EP300 and FOXO3 in our genomic 
interaction network. EP300 acetylates FOXO3, and acetylation of FOXO3 is linked 
to oxidative stress, where oxidative stress is another activator of FOXO3 
transcription. Lead is a known toxicant that can induce oxidative stress and the link 
between the acetylation of FOXO3 by EP300 and lead exposure can be an 
important marker. 
 
Besides the communities related to signaling and transcription processes, our 
analysis highlighted interesting communities related to mRNA posttranslational 
processes. These processes play an essential role in gene expression and are 
important for defining the proteome and maintaining cellular homeostasis [89]. 
Because of their key role in cellular biology, posttranslational processes are tightly 
controlled by signaling pathways [90]. One of the communities in our network is 
associated with neddylation, a process that modulates important biological 
processes, including tumorigenesis [91], where dysfunction of this process is 
associated with Alzheimer’s disease [92]. Our results showed an increased 
expression of neddylation genes ASB16, DCUN1D1, and FBXL7, if subjects have 
a higher DDE and lead exposure. ASB16, a member of the Ankyrin Repeat And 
SOCS Box (ASB) family, is of special interest since it serves as a couple of  
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suppressors of cytokine (SOCS) proteins and is involved in the ubiquitination of 
proteins. This process can mark protein targets for degradation or alter cellular 
localization but also impacts activity by preventing protein interactions [93]. 
DCUN1D1 expression may play a role in tumor progression and development of 
brain metastasis of patients with Non-small cell lung carcinoma [94], a form of lung 
cancer associated with lead exposure [95]. Research has reported overexpression 
of DCUN1D1 in the development of thyroid tumors. Overexpression of FBXL7, a 
member of the F-box protein family, is associated with mitochondrial damage and 
results in a depolarized and reduced ATP output, and eventually induces apoptosis. 
F-box proteins also modulate inflammation and innate immunity and are associated 
with late-onset Alzheimer’s disease [96]. This might indicate that the subjects with 
an increased lead and DDE exposure and increased expression of ASB16, 
DCUN1D1, and FBXL7 are more sensitive to develop late-onset Alzheimer’s 
disease and cancers such as thyroid tumors. 
 
The results of the three case studies showed that POP and heavy metal exposure 
might induce a sex-specific effect and we can use the transcriptomic and epigenetic 
profiles to stratify males and females. Within the EPIC cohort, we identified a 
stronger methylation effect due to POP and heavy metal exposure on the X 
chromosome. Hypermethylation of certain CpG sites on the X chromosomes 
occurred in all males and some females that are a member of cluster 2. Some of 
those CpG sites might be important, since DNA methylated of XIST, MAGEB1, 
MAGEB2, and TEX11 are associated with aggressive clinical pathological features 
in mantle cell lymphoma [97]. The simulation with the NSHDS cohort data showed 
the strongest separation based on sex. Here, we found that cluster 3 (Male) has 
the highest lead exposure, although most of the transcriptomic changes are present 
in cluster 2 (Female). Cluster 3 has many CpG sites related to male gamete 
generation. The methylation values of those CpG sites show that in both females 
and males there is a trend towards hypermethylation. Endocrine-disrupting 
chemicals are known to be a disrupter of the male reproductive systems and lower 
spermatogenesis and male fertility [98]. In sperm cells, promoters of developmental 
genes are normally highly hypomethylated [99] but in the case of the NSHDS 
males, we observe a hypermethylation trend. Low expression levels of testis-
specific genes, such as TSSK4, in the NSHDS males, might indicate an association 
between hypermethylation of the CpG sites and gene expression levels in the male 
gamete generation in association with POP and heavy metal exposure. At the same 
time, we observed a higher expression of genes involved in bile acid synthesis, 
phase 1 functionalization of compounds, and cytochrome P450 in cluster 2 
(females). Bile acids are signaling molecules, with systemic endocrine function 
[100]. It is known that DDE and PCBs affect endocrinic gene expression, and more 
importantly, DDE is known to increase the expression of the CYP genes [71]. This 
might indicate that this group of females (cluster 2) is more susceptible to certain 
POP exposure since the exposure levels are comparable for all clusters. 
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Conclusion 
The integrative omics approach resulted in the classification of subjects based on 
their exposure profiles. By combining the EPIC and NSHDS cohorts, we were able 
to identify profiles of alterations on the transcriptome and epigenome, which 
potentially relate to the high Lead and DDE exposure. These changes occur in 
important biological processes including immune-related, signaling-related, DNA 
repair, mRNA transcription, and mRNA translational processes. We have identified 
different features that are associated with disease development and these genes 
could be of interest to use as a potential marker or as a target to understand the 
diseases associated with Lead and DDE exposure. By separating the two cohorts, 
we were able to identify small differences in the transcriptome and the epigenome 
between two clusters in the EPIC cohort and the NSHDS cohort. In general, we 
could not identify clear epigenetic alterations that directly associate with changes 
in the transcriptome. However, the combination of the epigenetic and transcriptomic 
alterations provided us with genomic profiles that improved the stratification of 
subjects into subgroups to study the relationship between genomic alterations and 
exposure to compounds. 
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Abstract 
Introduction: Arsenic contamination of drinking water is a worldwide problem and 
is a significant threat to public health. Research suggests that there are different 
transcriptomic and epigenetic alterations due to arsenic exposure, but the 
interaction between the two layers is not fully understood. Furthermore, an 
individual’s susceptibility due to DNA polymorphisms, such as single nucleotide 
polymorphisms, can influence the response to arsenic exposure per individual. In 
this study, we aim by integrating the transcriptomic and epigenomic omics layers 
from a Pakistani cohort to identify exposure-related profiles for subgroups with 
different susceptibility to arsenic exposure. 
 
Method: Clusters with distinct transcriptome-epigenome profiles will be derived by 
performing multi-layer Nonnegative Matrix Factorization (NMF). Because of the 
rather small sample size (n=57), we will investigate whether data filtering and data 
processing tools could increase the arsenic patterns in our data. Therefore, an a 
priori filtering method based on the features derived from two linear mixed models 
as well as using the M-values for DNA methylation. 
 
Results and conclusion: The M-value for DNA methylation did result in more 
detected subgroups within our data, whereas the use of a semi-supervised multi-
layer approach did not give more information in comparison to the standard multi-
layer NMF approach. When M-values are used in the omics integration strategy, 
we could identify genomic patterns that play a role in signaling pathways, mRNA 
translation processes, Golgi transport, metabolic transport, and innate and adaptive 
immune processes. Moreover, their association with arsenic exposure and their 
relationship with cardiovascular disease and diabetes makes these communities 
highly relevant. 
 
Supplementary data available at: https://github.com/TJMKuijpers/PhDThesis  
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Introduction 
Exposure to toxic chemicals, such as arsenic, poses a significant threat to public 
health [1]. The exposure to elevated levels of inorganic arsenic occurs mainly 
through the consumption of groundwater-derived drinking water containing high 
levels of inorganic arsenic but also through the consumption of food irrigated with 
high arsenic water resources (WHO) [2, 3]. Although arsenic contamination is a 
worldwide problem, it is a particular burden in areas of India, Argentina, Chile, 
Pakistan, and Bangladesh because of the high arsenic concentration in drinking 
water [4, 5]. Drinking arsenic-contaminated water over a long period is toxic and 
does affect various organs. Arsenic exposure is associated with multiple cancers 
including skin, lung, bladder, liver, and kidney [6, 7]. Furthermore, it has been linked 
to cardiovascular diseases [8, 9], respiratory diseases [10], and impaired 
neurodevelopment [11–13].  
 
Due to the role of arsenic in toxicity and cancer development, it is key to understand 
the molecular mechanisms associated with arsenic-induced toxicity. The 
carcinogenic capacity of arsenic is linked to its biotransformation [14]. Multiple 
mechanisms have been proposed that relate arsenic toxicity to genotoxicity, in 
particular induction of oxidative stress [15], DNA repair and ligase inhibition, signal 
transduction, and chromosomal aberrations. These mechanisms are complex and 
not fully understood because arsenic metabolism involves five metabolites, which 
can induce toxic effects [16].  
On a molecular level, arsenic exposure is associated with changes in both DNA 
methylation and gene expression. Rehman et al [17, 18] identified transcriptomic 
alterations concerning arsenic exposure and found a relation between the gene 
perturbations and nonalcoholic fatty liver disease, insulin resistance, and cancer-
related pathways. Andrew et al [19] showed that high arsenic exposure is 
associated with an overrepresentation of genes involved in immune function, 
defense response, cell growth, apoptosis, regulation of cell cycle, and T-cell 
receptor signaling pathways. Arsenic exposure leads to a downregulation of tumor 
suppressor genes and an increase of pro-inflammatory mitogen-activated protein 
kinase pathways leading to a tumor-promoting microenvironment [20]. 
 
Arsenic does not only directly affect gene expression; it may also alternate gene 
expression via the perturbation of epigenetic control mechanism. Recent findings 
implied different histone methylation patterns in men and women as a result of 
arsenic exposure [21]. More importantly, the detoxification of arsenic requires the 
use of S-Adenosyl methionine (SAM) as a methyl donor, and consequently, 
arsenic-related epigenetic effects mainly derive from the depletion of the cellular 
methyl pool [22]. This depletion of the methyl group could be the reason why 
various studies show hypomethylation patterns in association with arsenic 
exposure [23]. Multiple studies show increased expression of oncogenes due to 
DNA hypomethylation of the promoter region induced by arsenic [24–26]. 
Moreover, specific promoter hypermethylation is observed after arsenic exposure, 
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affecting CpG islands of tumor suppressor genes including TP53, P16, and P21 
[26]. Breda et al showed the consequence of TP53 hypomethylation due to arsenic 
exposure in vitro, which leads to altered expression of transcriptional targets of 
TP53 [27]. 
 
Because of the different epigenetic and transcriptomic alterations induced by 
arsenic exposure, the molecular mechanism induced by arsenic exposure is quite 
complex to understand. Furthermore, an individual’s DNA sequence, with different 
polymorphisms of which a single nucleotide polymorphism is the most common 
type, is hypothesized to be a major cause of inter-individual variations in arsenic 
susceptibility. Since biotransformation of arsenic consists of reduction, oxidation, 
and methylation steps [24], polymorphisms affecting genes encoding important 
reductases and methyltransferases associated with arsenic metabolism are of 
relevance. These polymorphisms might influence arsenic metabolism and therefore 
have a downstream effect on the arsenic exposure-related events. Different 
polymorphisms are linked to arsenic exposure and impact human health [17]. Also, 
polymorphisms affecting genes involved in either oxidative stress or DNA damage 
repair pathways have been shown to impact the risk of arsenic-induced cancer [28]. 
 
We hypothesize, taking into account polymorphisms, DNA methylation, and gene 
expression, it is possible to identify exposure-related profiles for subgroups with 
different susceptibility to arsenic exposure, independently of the arsenic dose. 
Therefore, omics data from a Pakistani cohort study by Rehman et al [17,18] are 
used to study arsenic exposure. In their initial study, Rehman et al applied two 
Linear mixed models (LMMs) to identify genes and DNA regions associated with 
arsenic exposure. These LMMs can explain the variation in either gene expression 
or DNA methylation by arsenic exposure while considering cofounding effects such 
as gender, age, exposure, BMI, polymorphisms, lymphocyte count, and village. On 
the transcriptome, arsenic affects pathways such as insulin resistance- and 
NAFLD-related pathways. A separate LMM analysis on the epigenome identified 
DNA regions affected by arsenic exposure that relate to muscle contraction, 
cardiovascular diseases, and cell development. These differences in pathways 
show that arsenic exposure might induce a variety of alterations. However, this 
study placed each subject into an exposure group (low, medium, high) to determine 
exposure-related genes and DNA regions. Therefore, it is needed to investigate the 
power of an unsupervised strategy to identify arsenic exposure-related profiles that 
do depend not on predefined exposure groups but a subject’s susceptibility to 
arsenic exposure. 
 
To test this hypothesis, we aim to perform a combined omics integration by 
performing multi-layer Nonnegative Matrix Factorization (multi-layer NMF) to derive 
clusters with distinct genomic profiles. For each cluster, the SNP risk sore [29] is 
used to determine whether the obtained groups show a tendency towards a certain 
SNP or a combination of SNPs. Since the Pakistani cohort is quite small (n=57), 
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we will investigate different ways to increase the arsenic exposure-related signals. 
First, features are selected based on a priori knowledge from two single omics 
studies by Rehman et al [17,18], to perform a semi-supervised multi-layer NMF 
approach. Second, a test is performed to assess whether the DNA methylation M-
value is a better choice in case of small sample sizes. Although the gold standard 
is the β-value, current insights suggest that M-values can store more statistical 
power [30]. Moreover, recent findings suggest that in large sample size studies 
there is no difference in predictive power when the M-value or β-value is chosen, 
but the M-value might perform better in small study sizes [31]. Investigating the 
added value of a semi-supervised multi NMF method or the use of the DNA 
methylation M-value will help us to understand whether omics integration is 
applicable for small cohort studies with inter-individual variations to arsenic 
exposure. 
 
Method 
Study design and data processing 
The study design is described in detail by Rehman et al [17]. Total urinary arsenic 
levels were used as the main biomarker for exposure and based on their levels, 
subjects were stratified into low (0-50 microgram/gram creatine), medium (51-100 
microgram/gram creatine), and high (<101 microgram/gram creatine). Subjects 
were excluded if they are smokers or belong to the age group of 11-15 years old. 
This resulted in a sample population of 57 subjects, for which gene expression and 
DNA methylation are measured. 
 
RNA samples from individual samples were hybridized on Agilent SurePrint G3 
Human Gene Expression 8 × 60K arrays. Quantile normalization and data 
processing were performed using ArrayQC (https://github.com/BiGCAT-
UM/arrayQC_Module/), a quality control pipeline in R. This pipeline is used to flag 
bad spots, controls, and spots with too low intensity and normalized the data with 
local background correction [17]. 
 
DNA samples are hybridized from Nimblegen 2.1M Deluxe Promotors arrays. Log2 
ratios of the intensities were computed (ratio of MeDIP signal/Input signal) and 
centered around zero. Methylated DNA regions are identified via the Probe Sliding 
Window-ANOVA algorithm by applying a sliding window of 750 base pairs. We 
selected peaks in the methylated DNA regions if a region contained at least 8 
consecutive probes. NimbleScan v2.6 software HOMER was used to map those 
peaks to regions of the human genome (HG19) [32].  
 
A variance filter has been applied to reduce the number of redundant measured 
probes in both the gene expression and DNA methylation data. A median variance 
threshold is used to remove all low variant probes in both the transcriptomic and 
epigenetic data. This variance filtered data will be used for the omics integration 
with the multi-layer NMF approach and further referenced as the input data.  
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Polymorphisms and risk allele score 
Single Nucleotide Polymorphisms (SNPs) have been measured for 7 genes: 
GSTT1, GSTM1, DNMT1, EGFR, MTHFR, ERCC2, and As3MT. As described in 
the original paper by Rehman et al [17], these SNPs are selected based on their 
involvement in arsenic metabolism, DNA methylation, Folic Acid metabolism, and 
cancer risk. Furthermore, they are non-synonymous SNPs, meaning they are in 
protein-coding regions and have different alleles that encode for different amino 
acids. Homozygous carriers with 2 alleles were coded as 0, heterozygous carriers 
1, and homozygous carriers with an increased health risk are coded 2. 
 
DNA methylation: β-values and M-values 
We used DNA methylation arrays to determine the methylation status of a specific 
DNA region by measuring the intensity of the unmethylated and methylation probe 
variant of the DNA region. The methylation status of a DNA region can be 
expressed by either the β-value (Equation 1) or the M-value (Equation 2), in which 
IM and IU are the signal intensity of the measured methylated and unmethylated 
probe. The β-value follows a β-distribution and is finite within the range from 0 
(hypomethylated) to 1 (hypermethylated). Because of this β-distribution, it is 
statistically different from the most common infinite scale in expression studies. Du 
et al showed that the variance of the β-value is not constant and varies with the β-
value [30]. Therefore, they proposed to calculate the methylation levels as the log2 
ratios of the intensities of the methylated probe versus the unmethylated probe: the 
M-value. As one can see, the M-value is the logistic version of the β-value. Du et al 
showed that, although the β-value allows a more intuitive biological interpretation, 
the M-value is more statistically valid for the differential analysis of methylation 
levels. 

𝛽  
max 𝑦 , , 0

max 𝑦 , , 0 max 𝑦 , , 0 𝛼
     1  

𝑀 𝑙𝑜𝑔
max 𝑦 , , 0 𝛼

max 𝑦 , , 0 𝛼
                          2  

 
Multi-layer Nonnegative Matrix Factorization 
Multi-layer NMF is applied to reduce the features in the omics data sets while taking 
into account the role of each omics layer during the clustering of the subjects. The 
original data matrices Xi are estimated by the product WiH (Equation 3). The 
matrices Wi and H are updated by their update rules (Equations 4 and 5 
respectively) while the Kullback – Leibler divergence is minimized (Equation 6). In 
the end, n matrices W are obtained that store the latent features and one coefficient 
matrix H that stores the clustering coefficients. To analyze the difference in 
methylation and gene expression profile of each cluster, each matrix Wi is scored 
by using the method proposed by Kim et al [16]. For each cluster, the entities are 
selected as features, if those entities have a high probability of explaining a cluster. 
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To estimate the number of k clusters in our data, 50 simulations are performed to 
calculate the silhouette score. The most optimal value for k is used to calculate the 
final multi-layer NMF solution with 150 simulations to correct for randomness. 
 
Semi-supervised NMF: selection features based on linear mixed models 
A semi-supervised multi-layer NMF approach is created by removing all gene and 
CpG probes unrelated to arsenic exposure. We selected the significant genes and 
DNA regions as predicted by the linear mixed models and removed all non-
significant probes from the transcriptome and epigenome data. Here, two 
simulations are performed: i) FDR-selected genes and p-value selected DNA 
regions to balance the two input matrices, and ii) FDR selected genes and DNA 
regions with a cutoff < 0.05. 
 
Genomic interaction network 
To study the relationship between the transcriptome and epigenome, we 
constructed a genomic interaction network from the obtained feature genes and 
DNA regions. This network will contain the feature genes and DNA regions, to 
understand how different exposures change DNA methylation or gene expression 
levels. A feature gene will be represented in the network as a node and node 
interactions are derived from OmniPath [33] (for gene-gene interactions), the 
Comparative Toxicogenomics Database (CTD) [34] for compound – gene 
interactions), STRINGdb [35], transcription catalog from Souza et al [36] 
(transcriptional activation or inhibition of genes), and CpG – gene interactions.  
The Louvain method [37] was used to detect communities in the genomic 
interaction network. Communities are groups of nodes, which share a high degree 
of interactions with each other compared to nodes in other communities. Initially, a 
node is placed inside its own community and the algorithm will merge small 
communities of this will increase the modularity of a partition of the network. Low 
modularity (-0.5) indicates non-modular clustering, whereas maximum modularity 
(1) indicates a fully modular clustering. 
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Results 
We have investigated the role of semi-supervised multi-layer NMF and the two 
distributions for DNA methylation. First, our standard transcriptome – epigenome 
pipeline is applied by using the multi-layer NMF approach with β-values for DNA 
methylation and log2(intensity) for gene expression. This will give us a baseline 
simulation used to evaluate the performance of two further simulations: 1) semi-
supervised multi-layer NMF approach with β-values and 2) (semi-supervised) multi-
layer NMF approach with the M-value for DNA methylation. For each simulation, 
multiple case studies are defined to evaluate one single parameter (Table 5.1). The 
case studies differ in selection criteria for the DNA methylation filter. Hence, the 
number of selected DNA regions would drastically reduce in the case of the FDR 
selection (case studies 2 and 5), but by applying a p-value filter on the epigenome 
(case studies 1 and 4), the number of probes in the transcriptomic and epigenetic 
input data are in balance. 
 

Table 5.1 Overview of the simulations with their filter options and settings 

Simulation  Case study  Gene Expression 

filter 

DNA methylation 

filter 

Multi‐layer NMF with 

β‐values 

Baseline  ‐  ‐ 

Semi‐supervised multi‐

layer NMF with β‐

values 

1  LMM features FDR ≤ 

0.05 

LMM features p‐value 

≤ 0.05 

2  LMM features FDR ≤ 

0.05 

LMM features FDR ≤ 

0.05 

Multi‐layer NMF with 

M‐values 

3  ‐  ‐ 

Semi‐supervised Multi‐

layer NMF with M‐

values 

4  LMM features FDR ≤ 

0.05 

LMM features p‐value 

≤ 0.05 

5  LMM features FDR ≤ 

0.05 

LMM features FDR ≤ 

0.05 

 

Baseline simulation: unsupervised omics integration without prior SNP information 
For the baseline simulation, DNA methylation and gene expression data of the 57 
subjects are integrated without adding the risk allele score for the seven SNPs. This 
baseline simulation is used to examine if the multi-layer NMF approach is capable 
of finding exposure-related profiles. Our results highlighted two main groups: one 
small group of 13 samples and a second larger group of 44 samples (Figure 5.1A, 
clusters outlined with green). Each cluster contains subjects exposed to different 
levels of arsenic exposure (low, medium, and high) (Figure 5.1B). 
 
To identify the driving force behind the clustering of the subjects, we examined the 
genomic patterns for each cluster. Here, it became clear that there is a strong 
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difference in methylation patterns between cluster 1 and cluster 2, with a very 
strong trend towards hypermethylation in cluster 1. This might imply a stronger 
impact of arsenic exposure on the epigenome and could correlate to some of the 
SNPs that can alter DNA methylation. Although the obtained genomic profiles show 
differences, it is important to gain insights into their role in arsenic exposure. 
Therefore, the arsenic-gene interactions from CTD are used to highlight curated 
gene-arsenic interactions [34]. 
 

 

Figure 5.1 A: Consensus map of the cluster results for the 150 NMF simulations. These results show 
two clusters, in which cluster 1 has 13 members and cluster 2 has 44 members. B: Distribution of 
exposure levels within the two clusters. Here we see that both clusters contain a mixture of exposure 
levels, which could indicate that their susceptibility to arsenic exposure is placing them together in one 
cluster.  

On the transcriptome, the selected genes by multi-layer NMF play various roles in 
the VEGF signaling pathway, MAP kinase pathway, signaling by receptor Tyrosine 
kinases and Valine, Leucine, and isoleucine degradation (Supplementary table 
5.1). From this set of 603 genes, 84 genes are known to interact with arsenic (CTD 
[34]), including FMOD, CCL2, GFM1, GATA4, SLC39A12, ENPP3, HERC2, 
C20orf151, WNT7B, and AJAP1. Most of these genes are protein-coding genes 
and perturbation of these genes could have a downstream effect such as the WNT 
signaling pathway (WTN7B), IL-17 signaling pathway (CCL2 and FOSB), 
inflammation (CCL2) [38], cardiovascular disease (FMOD and GATA4) [39, 40], 
DNA repair (HERC2) [41], and diabetes (CCL2 and GATA4) [42, 43]. On the 
epigenome, 13172 DNA regions stratify cluster 1 and cluster 2. Of these DNA 
regions, 1916 DNA regions map against the currently known arsenic - gene 
interactions and could be important for arsenic exposure. The genes associated 
with these DNA regions are involved in transcriptional regulation as well as other 
vital cellular processes [44–46]. Finally, a combined effect is present on both the 
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transcriptome and epigenome for a set of genes known to interact with arsenic. A 
hypomethylation and consequently a higher gene expression of FMOD, CCL2, 
GFM1, GATA4, ENPP3, and FOSB in cluster 1, whereas the opposite is observed 
in cluster 2. 
 
To study the relation between SNP risk allele scores and the cluster results, we 
investigated the distribution of all risk allele scores within a cluster (Figure 5.2). 
Here, it becomes apparent that no clear pattern arose within one cluster. This 
indicates that the obtained clusters, although they contain exposure-related 
features, cannot be used to investigate the role of SNPs and the subject’s 
susceptibility to arsenic exposure. Exploratory analysis of the meta data showed 
no association with skin disease, digestive tract disease, respiratory disease, or 
cardiovascular disease. Furthermore, no link exists between Body Mass Index 
(BMI), social-economic status, residential proximity, and the two clusters. 
 

 
Figure 5.2 SNP risk allele distribution: for every cluster member we calculated the total risk allele score 
by taking the sum of each individual SNP risk allele score. The total risk allele scores (y-axis) are 
visualized to gain a better understanding of the risk allele score. 

Since our results show two clusters with no relation to arsenic exposure or SNP 
risk allele score, we performed a semi-supervised multi-layer NMF approach to 
investigate whether this approach is more helpful for clustering subjects based on 
their susceptibility to arsenic exposure. Therefore, a new input data set is derived 
from the transcripts and DNA regions identified with two linear mixed models 
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(individual model for the transcriptome and epigenome) as an input for the multi-
layer NMF method. 
 
Semi-supervised multi-layer NMF: improving cluster prediction to identify arsenic 
exposure effect 
In the previous analysis, the results showed that unsupervised multi-layer NMF can 
extract different DNA methylation and gene expression profiles. The obtained 
clusters show a mixture of exposure groups, which can be due to different 
susceptibility to arsenic exposure or to the fact that the profiles do not relate to 
arsenic exposure. We hypothesize that by using previously identified single-layer 
arsenic exposure signals, we improve our integration approach because irrelevant 
signals are removed. Moreover, by integrating SNP-associated genes and DNA 
regions the clusters might show susceptibility-related signals to arsenic exposure. 
To integrate these confounding variables, the output generated by two Linear Mixed 
Models (LMMs) [17] are used as input for the multi-layer NMF. Two case studies 
were defined (Table 5.1, case studies 1 and 2) and their output has been compared 
against the baseline simulation. Filtering the input data with the LMM features does 
improve the cluster stability only for case study 1 (Gene FDR, DNA regions p-value) 
compared to the baseline simulation (Figure 5.3). Although the silhouette score 
increased, it does not reach the threshold ≥ 0.7 and only the solution for k=2 is 
stable. In case study 2, with the most stringent selection criteria, it becomes clear 
that the FDR selection of both transcripts and DNA regions results in a decrease in 
the stability of the different clusters (Figure 5.3, case study 2). A more stringent 
selection did not improve the clustering and possibly removed patterns containing 
explanatory features. 
 
We hypothesized that one of the advantages of performing a semi-supervised 
multi-layer NMF approach is that the features should relate to arsenic exposure. 
The features should reflect profiles that relate to the impact of arsenic exposure for 
the obtained clusters. However, it does not improve the cluster stability and does 
not lead to more clusters identified. This could be because the signal related to 
arsenic exposure in both omics layers is not that strong, or because the sample 
size is too small. Therefore, an additional simulation will be performed with the M-
value for DNA methylation. 
 
Comparison between M-value and β-value and cluster estimation 
Multi-layer NMF depends on the patterns in the input data to identify the number of 
clusters hidden in the data. Therefore, it is of importance to upgrade the “visibility” 
of these patterns in our data sets. As mentioned previously, the M-value is 
suggested to generate higher statistical power, and therefore we expect the 
transition of the β-value to the M-value to increase the identified clusters. 
 
Since M-values are presented by a dual bell-shaped curve, centered around zero 
(i.e. a negative M-value means hypomethylation, a positive M-value means 
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hypermethylation), it is necessary to transform these onto a nonnegative scale. To 
keep the important information on hypo- and hypermethylation, the DNA 
methylation matrix is separated into two matrices: one matrix DNAhyper (ℝ ) and 
one matrix DNAhypo (ℝ ). By calculating the absolute values for the DNAhypo matrix, 
important information on hypo- and hypermethylation is saved. This approach also 
results in two sparse matrices, which could improve the multi-layer NMF method. 
 
For each case study (Table 5.1, multi-layer NMF with M-values), the multi-layer 
NMF method for a different number of k clusters and calculated the silhouette score 
(Figure 5.3). These results highlighted the influence the effect of integrating the M-
value for DNA methylation values as well as applying a semi-supervised multi-layer 
NMF approach. Overall, an increase in the silhouette score for the different k 
clusters is observed compared to the baseline simulation, indicating we can 
distinguish more subgroups in our data.  

 

Figure 5.3 Silhouette score over a range k from 2 to 5 for all case studies. An optimal silhouette score 
for k=2 is reached for all three simulations. Baseline simulation consists of the variance filtered genes 
and DNA regions. Case study 1 consists of the FDR selected genes and p-value selected DNA regions 
(β-value). Case study 2 consists of the FDR-selected genes and DNA regions (β-value). Case study 3 
has the same filter as the baseline simulation but with M-values for DNA methylation. Case study 4 
consists of the FDR selected genes and p-value selected DNA regions (M-value). Case study 5 consists 
of the FDR selected genes and DNA regions (M-value). 

Here, it becomes clear that the FDR selection criteria for both the transcriptome 
and epigenome lead to less stable identified clusters (case study 5). This is in line 
with case study 2 and might highlight again the risk of removing valuable features 
from the data that drive the clustering of the cohort data. Therefore, the M-value 
could be a better distribution in the case of the Pakistani cohort since the multi-
layer NMF method could find more patterns hidden in the data. These results also 
indicate that we can apply an unsupervised multi-layer NMF approach because the 
overall performance of case studies 3 and 4 are similar. 
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Omics integration to study the effect of chronic arsenic exposure on gene 
expression and DNA methylation 
The previous results indicate that by using the M-value for DNA methylation and 
log2(intensities) for gene expression values, more subgroups can be identified 
within our population that are affected differently by arsenic exposure. Therefore, 
we carried out one final simulation where the input data sets is defined by the DNA 
methylation as M-values and gene expression as log2(intensities). A stable solution 
is found for k=6, for which the silhouette score lies above the threshold of 0.7. The 
results contained six clusters with their associated explanatory features (Figure 
5.4A), with a mixture of exposure levels within each cluster (Figure 5.4B). In each 
cluster, there is a mixture of sex, age, and social-economic status and thus those 
factors do not drive the clustering. The patterns within the transcriptome and 
epigenome, and potentially the SNPs, are the driving power behind the clusters. 
 
To deepen our understanding of the genomic profiles of these clusters, we 
extracted the features on the epigenome and transcriptome based on the multi-
layer NMF results. Here, the top 1000 transcripts and DNA regions are selected to 
investigate the biological drivers behind the clustering. 
The top 1000 transcripts contain 155 genes known to interact with arsenic and thus 
provide some validation in the identified patterns. Pathways associated with these 
genes are immune system, Cytokine-cytokine receptor interaction, signal 
transduction, signaling pathways regulating pluripotency of stem cells, PI3K-Akt 
signaling pathway, signaling by Rho GTPases, innate immune system, and Rho 
GTPase effector (Supplementary table 5.2).  
 
Alterations in the DNA methylation patterns occur not only on multiple 
chromosomes but also in different DNA regions. Hyper- and hypomethylation of the 
different DNA regions happen both at the primary transcription and the transcription 
start sites, thus affect gene expression in different ways. Pathway analysis showed 
that the methylated genes are related to potential interesting processes 
(Supplementary table 5.3). These pathways represent different signaling pathways 
including Cytokine – Cytokine receptor interaction, chemokine signaling pathway, 
NF-kappa B signaling pathway, Toll-like receptor signaling pathway, and the mTOR 
signaling pathway. Note that the pathways related to the immune system and the 
cytokine-cytokine receptor interaction are both found in the pathways associated 
with the feature genes and feature DNA regions. However, there is only a small 
overlap in the epigenetic and transcriptomic features: AKT1, MRPS17, and 
PRKAR1B for the hypomethylated genes and CD86, and GBP5 for the 
hypermethylated genes. 
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Figure 5.4 A: Consensus map for the six clusters obtained by integrating the epigenome and 
transcriptome. A green border highlights the clusters. B: The exposure groups per cluster. For each 
cluster, the exposure group of a member is retrieved and summed to gain an exposure group profile per 
cluster. 

To study the interactions between methylated DNA regions and genes, we 
constructed a genomic interaction network. In this network, different communities 
are present containing feature genes and DNA regions related to signal processes, 
immune system processes, as well as metabolic-related processes (Figure 5.5). 
This information provides us with some guidance in identifying potential interesting 
genes and methylated DNA regions. Here, the most interesting processes are 
selected concerning arsenic exposure. Signaling pathways are important 
processes that regulate a variety of cellular processes and the disruption of those 
pathways can have adverse effects. The metabolic processes are of interest 
because arsenic exposure is associated with diabetes and cardiovascular diseases 
and the underlying metabolic alterations in cholesterol and vitamin and cofactors 
metabolism can lead to the development of those diseases. 
 
When we analyze the SNP distribution (Figure 5.6), no significant difference is 
observed in the SNPs profiles. For most of the clusters, the presence of 
homozygote (+), homozygote (-) or heterozygote scores for the seven SNPs are 
equal over the clusters. 
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Figure 5.6 SNP distribution for the six clusters: for each cluster, we visualized the counts per allele type 
(homozygote positive, heterozygote, and homozygote negative). Note there is a strong mixture of the 
different allele types per cluster. 

Discussion  
It is known that to detect a small effect size, a large sample size is needed. 
Increasing the sample size is not always possible, especially if the data is already 
collected but also because field studies to gather material are time-consuming and 
costly. Therefore, increasing the signal with a computational approach such as 
identifying significant entities related to exposure before applying an omics 
integration technique would be one way to overcome the small effect size and high 
sample size. Here, we investigated different ways to improve omics integration in a 
small sample size cohort by adding extra selection steps before applying the multi-
layer NMF approach.  
 
To study the effect of data reduction by an additional filtering step, multiple case 
studies are defined. In the case studies, we tested if an a priori data selection based 
on LMMs is useful to increase the arsenic-exposure patterns in our data set and 
whether the β-value or M-value is a more appropriate measure for DNA methylation 
in our workflow. These different case studies provided us with valuable information: 
i) a priori feature filtering with too stringent criteria does not improve the multi-layer 
NMF approach, and ii) performing an omics integration strategy with M-values for 
DNA methylation resulted in more clusters detected. The sparsity in the M-value 
matrices might be of importance because the silhouette scores do not improve if 
the M-values are shifted into the positive range (data not shown). The power of the 
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M-value might thus be stored within the positive and negative values of the M-value 
distribution. 
 
The semi-supervised multi-layer NMF approach did not provide us with any 
additional information compared to the baseline simulation. The maximum number 
of clusters detected is equal for both unsupervised and semi-supervised multi-layer 
NMF. Moreover, our results showed the effect of a too stringent a priori selection. 
Hence, the silhouette score decreased, and we are not capable of extracting more 
information from the data. The translation of DNA methylation values from a β-value 
to an M-value did improve the predictive power of the multi-layer NMF method. The 
integration of DNA methylation M-values in combination with gene expression 
values did result in more detected subgroups in our data. Not only did the number 
of clusters increase, an increase in the silhouette score and thus in cluster stability 
is observed. Furthermore, the use of the M-value does seem to improve the omics 
integration in such a way that it is not necessary to perform a semi-supervised multi-
layer NMF. 
 
The integration of the DNA methylation and gene expression data, with M-values 
for methylation, resulted in six clusters. These six clusters show different genomic 
profiles that stratify the subjects into the six clusters. Here, the top 1000 ranked 
features per omics layer are selected to understand which features are driving the 
clustering. The pathways associated with the gene and DNA regions relate to 
different signaling pathways. This is in agreement with known alterations in cellular 
signal transduction by arsenic exposure [47]. The alteration of cellular responses 
to hormones and growth factors and the inability to transduce signals might result 
in long-lasting pathological effects [48].  
 
Various communities are present within our genomic interaction network related to 
signaling pathways, Golgi transport processes, mRNA transformation processes, 
metabolic processes, and innate and adaptive immune system. Moreover, some of 
the communities, and thus the pathways, are connected via protein-protein 
interactions. The interaction between the Golgi transport processes and signaling 
pathways might indicate that changes in signaling pathways, due to arsenic 
exposure, will also affect secretion by the Golgi apparatus. This link has already 
been proposed in the development of many diseases, including neurological 
disorders [49] and cancer cell metastasis [50] and disruption due to arsenic 
exposure might be associated with those diseases. 
 
In the past decade, studies linked arsenic exposure to inflammatory cytokines in 
urothelial cell models and urine [51], the thymus [52], and human lymphocytes [53]. 
In the genomic interaction network, eight genes are identified to play a role in 
cytokine – cytokine receptor interactions and might be vital in the response to 
arsenic exposure. CXCL9 is an important inflammatory gene and shares many 
protein-protein interactions with CXCR2, CXCL3, CXCR1, CCL4, and CCR1. 
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These interactions are all between chemokines and connect chemokine sub-
families CXC (chemotactic for neutrophils) and CC chemokines (chemotactic for 
monocytes and some lymphocytes) [54]. DNA methylation can induce an 
imbalance or dysregulation of the cytokine-cytokine receptor interactions and 
several methylated regions are found related to the CXC and CC chemokine family 
(CCL1, CCL3L1, CCR1, CCL4, CCL18, CXCR1, CCL4L1, CCL4L2, CCL3L3, 
CXCR6, and CXCR2). Furthermore, different interferon alpha units (IFNA4, IFNA7, 
IFNA10, and IFNA16), another class of cytokines, show different methylation 
patterns and could indicate a role for methylated interferon-alpha units in this 
pathway with relation to arsenic exposure. The interferon-alpha subunits play a vital 
role in both the innate and adaptive immune response [55]. 
 
Previous studies [17, 56–58] related arsenic exposure with multiple signaling 
pathways. In a Bangladesh cohort [56], arsenic exposure resulted in methylation of 
the NFkB signaling pathway and inflammatory responses. NFkB is an essential 
transcription modulator of chemokines CXCL3, CXCL9, and CCL4 [59]. Research 
suggests a potential role for interferon-gamma and alpha genes [60] to interact with 
the NFkB signaling pathway. This could be of interest since we identified multiple 
interferons in our genomic interaction network. The central role for the NFkB 
signaling pathway, chemokines, and interferon genes could be an important 
mechanism underlying the adverse effects of arsenic exposure. 
 
Disruption of metabolic pathways can lead to the development of diseases, 
including arsenic-related diseases cardiovascular disease, and diabetes. In vitro 
experiments show that arsenic inhibits key regulators of lipid homeostasis and as 
a result disrupts cholesterol clearance [61]. Here, the genes APOE, APOA2, SCD1, 
and LRP12 play a potentially pivotal role in the six clusters (Figure 5.4A). APOE is 
a protein involved in lipid transport, atherosclerosis but also associated with 
neurodegenerative disorders [62]. It can modulate various cellular functions, 
including the functions of macrophages, suppress T-cell proliferation, inhibit the 
proliferation of smooth muscle cells but can also interact with cytokines [62]. SCD1, 
a stearoyl CoA desaturase 1, catalyzes the production of fatty acids, and alterations 
in SCD1 can lead to various effects on cellular function [63]. High SCD1 expression 
correlates with obesity and insulin resistance, whereas low expression is protective 
against those diseases [63, 64]. SCD1 is involved in the regulation of inflammation 
and stress in various cell types including macrophages, endothelial cells, and 
myocytes [63]. Furthermore, the complete loss of SCD1 leads to atherosclerosis, 
dermatitis, and intestinal colitis [65]. These interactions could connect alteration in 
metabolic processes with immune-related processes. 
 
Our results give new insights into the perturbations of biological processes due to 
arsenic exposure. However, our results differ from the supervised single omics 
results with respect to the obtained groups. Whereas the single omics LMM 
strategy is a supervised method that identifies features related to low, medium, and 
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high arsenic exposure, our method is an unsupervised strategy that finds clusters 
based on the transcriptomic and epigenetic patterns. Since similar expression 
patterns are observed within a cluster, we might have to reconsider using the 
exposure levels as a label and take susceptibility into account. It might also be that 
arsenic exposure could introduce a dose-related and dose-independent effect. 
Therefore, a comparison is made to calculate the overlap in genes and DNA regions 
from the LMM and multi-layer NMF results. The LMM and multi-layer NMF features 
share 81 transcripts, as well as 310 unique transcripts (LMM output) and 122 
unique transcripts (multi-layer NMF) that are known to have a relation with arsenic 
(CTD arsenic - gene interactions [66]). On the epigenome, 66 DNA regions overlap 
between the LMM and multi-layer NMF output, whereas there are 300 unique DNA 
regions (LMM output) and 173 unique DNA regions (multi-layer NMF) for which the 
corresponding gene shared interaction with arsenic (CTD arsenic – gene 
interactions [66]). These results indicate that the two approaches are 
complementary and can both help us to unravel arsenic-related disease onset. 
 
There are some limitations to the current study. To start, the sample size is rather 
small and therefore we cannot perform a GWAS study to measure all possible 
polymorphisms. In our case, the risk allele score is only calculated for seven SNPs 
since other SNPs are not measured. Although the investigated polymorphisms 
have been selected based on their role in arsenic metabolism, they do not directly 
relate to the other biological processes affect by arsenic metabolism. Furthermore, 
the small sample size makes it harder to detect the arsenic-related patterns in our 
data set, especially since subjects could have a different response to arsenic 
exposure. To overcome this problem, redundant features are removed and DNA 
methylation values are expressed by the M-value. The M-value showed to be more 
discriminative between groups, and as a result, more different patterns could be 
identified within our data. These groups show changes in methylation and gene 
expression related to key signaling processes, immune response, and metabolic 
processes that might explain the adverse health effects of arsenic exposure.  
 
Conclusion 
When dealing with a small data set to apply omics integration, the use of the DNA 
methylation M-value can improve the number of detectable clusters. By using the 
M-value instead of the β-value, more cluster are identified.. This integration of the 
transcriptome and epigenome lead to a genomic interaction network with 
communities related to several important processes including signaling pathways, 
mRNA translation processes, Golgi transport, metabolic transport, and innate and 
adaptive immune processes. Moreover, their association with arsenic exposure as 
well as their relationship with cardiovascular disease and diabetes makes these 
communities highly relevant. These different genomic profiles do not correlate to 
exposure level and might be driven by susceptibility to arsenic exposure. However, 
we are unable to detect a possible relation between the SNP risk allele scores and 
the integrated omics data.  
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To study and understand the mechanisms and characteristics of exposure-induced 
toxicity or cancer development, a robust analysis utilizing computational methods 
is crucial to understand the induced perturbations. As discussed earlier in this 
thesis, a single-omics data set will only capture information of one type of 
biomolecules and thus represents a small subset of the biological cascade. 
Therefore, we need to integrate multiple layers of information to provide a systemic 
understanding of exposure-induced toxicity or cancer development. It is intuitive to 
integrate omics datasets: various omics measurements derived from one biological 
system draw the complete picture of that system. Modern molecular research has 
revealed important insights, not only within one layer of information but also 
between multiple integrated omics layers by studying the interactions. However, 
human genomes are complex, and incorporating different layers of biological data 
to predict phenotypes is not straightforward. This is highlighted by the fact that 
omics integration is already an ongoing line of research since the nineties [1,2]. 
Therefore, we explored different strategies to integrate omics data sources as well 
as to integrate known information to increase our understanding of these complex 
systems. 
 
There are different strategies to integrate multi-omics data, including knowledge-
to-knowledge integration, data-to-knowledge integration, and data-to-data 
integration. Each integration approach has its advantages and disadvantages. 
Knowledge-to-knowledge integration integrates knowledge across different omics 
layers to gain a better understanding of a system but does not integrate new data. 
Data-to-knowledge integration does integrate new data but does integrate this data 
on an existing model. This approach relies existing mathematical models, which is 
are always available in the field of toxicogenomics. A data-to-data approach does 
integrate the different omics layers without a priori knowledge and is driven by the 
patterns in the data. We hypothesized that a data-to-data-driven approach will give 
novel insights in a biological system compared to a knowledge-based approach 
since our knowledge of biology is mostly hidden in our data. However, as we will 
discuss later, we will combine the data-to-data-driven approach with a knowledge 
integration step because existing knowledge could enhance our understanding of 
the observed results. 
 
To perform a data-to-data approach, there are different classes of algorithms one 
can select: matrix factorization, correlation-based, Bayesian methods, network-
based methods, multiple kernel learning, and multi-step analysis. Because of the 
huge amount of options, selecting the best algorithm can be a challenge. One of 
the most important choices is to choose either an unsupervised or a supervised 
data integration method. An unsupervised data integration method will learn the 
patterns from the data, whereas a supervised data integration method relies on a 
label, as guidance for finding patterns in the data. We have used an unsupervised 
data integration method since we did not want to rely on a label to learn structures 
within our data, but also because strong labels representing a clear phenotypic 
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endpoint are not always available in exposure studies. This leaves us with three 
unsupervised learning classes: matrix factorization, correlation-based and 
Bayesian methods. To integrate our omics data sets, we want to perform a 
simultaneous omics integration approach that reduces the dimension of the data 
(thus removes irrelevant features) and stratifies the subjects into clusters. 
Therefore, we have looked at matrix factorization techniques and selected the 
nonnegative matrix factorization (NMF) method as our mathematical model for 
omics integration. NMF has been proven to not only extract patterns from single 
omics layers [3–5] but also from multiple omics layers with an integrated NMF 
approach [6,7]. One major advantage of NMF is that it can handle imbalanced data 
sets. This is important because, with the current omics techniques, we can measure 
tens of thousands of probes, but it is unfeasible to measure the same number of 
samples. Furthermore, by setting constraints on our matrix calculations, we can 
combine omics data sets that have a different underlying data distribution. As one 
of the constraints for our model, we have set the Kullback-Leibler divergence as an 
error function instead of the classical error function. The Kullback-Leibler 
divergence (KL divergence) is based on log-differences, whereas the standard 
error function minimizes the Euclidean distance, which is based on square-
differences [8]. The KL divergence measures the distance between distributions 
and decreases when the distance between our predicted distribution and real data 
is decreasing. The KL divergence is shown to perform well in biological research 
[9,10] and the translation to a multi-layer divergence is beneficial for the current 
NMF tool. 
 
The multi-omics NMF method will provide us with a list of features, in our case, 
transcriptomic features and epigenetic features. After extracting patterns from the 
data, the next challenge is to gain relevant biological information from those 
patterns. Here, we have applied a combination of a data-to-data approach (multi-
layer NMF) and the data-to-knowledge approach by constructing genomic 
interaction networks. We build these genomic interaction networks from the 
features identified by the multi-layer NMF method (data-to-data), and curated 
information from different databases (knowledge-to-data). A genomic interaction 
network is a great way to analyze genomic relationships but also to visualize these 
important interactions. These networks represent snapshots of a cellular system 
and capture transitions between different states due to perturbations induced by 
gene mutations, disease development, or environmental factors including 
compound exposure. 
 
In chapter 2.1, we developed a network visualization tool to visualize dynamic 
changes in biological networks. Here, we focused on integration dynamic changes 
on the two building blocks of a network: nodes and edges. In a dynamic biological 
system, we observe changes in expression of biomolecules. We visualized this 
change in expression on a node by applying a color transition based on the 
expression value. This way, we can study the effect of an increase or decrease in 
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expression values over time or state. However, these changes are not the only 
important ones happening in a cellular system. Interactions between biological 
entities can appear or disappear and this gives important information as well. 
Therefore, we have also integrated a visualization to capture dynamic edges in our 
networks. Both phenomena are important since the high expression of one node 
could lead to a downstream effect in the network, whereas a disappearing 
interaction might influence other gene-gene or protein-protein interaction. 
Furthermore, we have integrated another data-to-knowledge approach in which we 
link node information (genes) to different databases such as Genecards and NCBI 
but also pathway and disease information. By highlighting this information on a 
node, the user can directly link alterations of that node to pathways or diseases. 
Knowledge integration is important since the interpretation of a network heavily 
relies on the interpretation by the user [11]. By allowing the user to study dynamic 
effects, highlight connected nodes, and providing information about each node, we 
help to improve the clarity and completeness of the network. One of the major 
challenges in network visualization is the high number of edges and/or nodes. 
These very dense networks, also called hairball networks, are difficult to analyze 
because they contain too much information. DynOVis tried to overcome this 
problem by visualizing the network in 3D. However, this seems not a solution to the 
hairball problem since it adds complexity to the analysis of the network. Whereas 
we can see the full network in 2D, our field of view is limited in 3D which makes it 
harder to study patterns in a network. DynOVis could benefit from additional 
modules with novel network representation algorithms. Furthermore, a stand-alone 
version like the program Cytoscape could improve the overall performance. 
 
In chapter 2.2, we developed an API framework to construct genomic interaction 
networks, in which we used the transcriptomic and epigenetic features as the 
building blocks for these networks. These genomic interaction networks store 
information about the relationships within an omics layer (relation between genes) 
but also the relation across omics layers (DNA methylation and genes). This 
approach allowed us to analyze the downstream effect of hypo- or hypermethylated 
genes. For example, a hypermethylated transcription factor cannot transcriptionally 
activate its target, and thus transcriptional silencing could be observed. The 
interactions within the genomic interact networks are important since we use them 
to gain a better understanding of our multi-omics model. Therefore, we have 
defined a set of rules to filter out trivial interactions. We only add interactions if they 
are curated or have a confidence score above a threshold (threshold = 0.7). A high 
confidence score reflects the high probability of an interaction happening in our 
cells and thus, if they are perturbed, can explain a phenotypic endpoint. This 
selection criterion does reduce the number of noncausal interactions and increases 
causal relationships between the different entities. 
 
In this thesis, we proposed an omics integration workflow that applies an NMF 
method to extract relevant omics patterns, which we further integrate with our 
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genomic interaction networks. In our work, we show that it is beneficial to combine 
data-to-data with existing knowledge to increase our understanding of a biological 
system. First, we tested this workflow on cancer in vitro data sets to identify if our 
workflow can simultaneously detect transcriptomic and epigenetic patterns that 
translate into a genomic interaction network. We used two in vitro cancer cell line 
data sets because these data sets are widely applied to test new methods.  
 
First, we applied our omics integration workflow to identify transcriptomic and 
epigenetic patterns in the NCI-60 human tumor cell line data (chapter 3.1). The 
combination of the transcriptome and epigenome resulted in four clusters build with 
different genomic profiles. One of those clusters showed a strong profile for 
melanoma cell lines, in which we identified melanoma-enriched genes related to 
drug resistance. These findings are of interest because melanoma is the most 
aggressive form of skin cancer with a poor prognosis due to resistance to 
conventional chemotherapy [12]. In our genomic interaction network, we identified 
a central role for MITF, a transcription factor amplified in 20% of melanoma cases 
that results in a reduced 5-year survival [13]. MITF is a member of the IRF4-ABCB5-
MITF axis in our network, thus showing a possible relation between the three genes 
that all are associated with drug resistance in melanoma.  
 
The results described in chapter 3.1 showed that with a multi-omics integration 
approach in combination with network analysis and knowledge integration, we 
could extract new information that increased our understanding of cancer cell lines. 
This case study showed that our proposed omics integration network can help us 
to gain a better understanding of the role between the transcriptome and 
epigenome. However, this data set is rather small and only contains nine tumor 
types. Therefore, it was of interest to identify if we could extract genomic profiles in 
data sets that contain more samples but also more different tumor types (chapter 
3.2). The 2019 Cancer Cell Line Encyclopedia (CCLE) contains many samples 
derived from various tumor types. In this study, we were capable of separating 
clusters based on their DNA methylation and gene expression profiles across a 
wide range of cell lines derived from multiple human cancer types, and we have 
identified potential candidate genes that characterize cancer cell lines of the type 
for lymphoid and hematopoietic neoplasms.  
 
In the lymphoid and hematopoietic neoplasms cancer cell lines, we identified 
multiple methylated DNA promoter regions that affect transcriptional activation of 
EGFR, which might affect the protein-protein interactions with the oncogenes FGR 
and PTK2. The DNA hypermethylation of EGFR could be of interest since this gene 
is linked to drug resistance [14]. DNA hypermethylated of YAP1 is a second 
important characteristic because hypermethylation did lead to low gene expression 
and consequently no transcriptional activation of JAG1. Although YAP1 has tumor-
suppressive characteristics, it is relevant to highlight that reversing the methylation 
status of YAP1 may lead to YAP1 transcriptionally activating the oncogene JAG1. 
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Finally, we could identify a potential dysregulation of the CD28-CD86-CTLA4 axis 
in the different lymphoid neoplasm cancer cell lines. Our current insights show that, 
although assumed different, B and T cell lymphomas potentially share similar 
genomic alterations. These key alterations are important to understand the 
development and progression of lymphoid and hematopoietic neoplasms. 
 
The work in chapter 3 showed that we can retrieve valuable insights in the genomic 
profiles for the two in vitro cancer cell line data sets. Our unsupervised omics 
integration approach does extract relevant patterns on the transcriptome and 
epigenome describing different clusters within a data set. In chapter 4 and chapter 
5, we will use in vivo data to investigate the possible effect of compound exposure 
on the transcriptome and epigenome.  
 
In chapter 4, we investigated the role of persistent organic pollutants and heavy 
metals on the transcriptome and epigenome of subjects from two population 
studies: the Northern Sweden Health & Disease Study (NSHDS) cohort and the 
EPIC-Italy cohort. Persistent organic pollutants (POPs) and heavy metals are toxic 
compounds with established adverse effects on human health. We applied a multi-
layer nonnegative matrix factorization method to integrate gene expression and 
DNA methylation profiles with blood levels of POPs including PCBs, DDE, and 
HCB, as well as of lead and cadmium to study the adverse health effects. We could 
stratify the subjects into three clusters based on their omics profiles (combined 
cohort: EPIC-Italy and NSHDS cohorts) and found distinct exposure profiles for 
DDE and lead. It became clear that POPs and heavy metal exposure are involved 
in various biological processes including signaling processes, immune-related 
processes, DNA repair, mRNA translation, and mRNA transcription. Due to a 
possible cohort-specific effect, we performed two additional simulations, one for 
each cohort. The simulation on the NSHDS cohort revealed a potential sex-specific 
exposure-response of male gamete formation in the Swedish males, as well as a 
sex-specific exposure-response of cytochrome P450 genes and bile acid synthesis 
in the Swedish females. In the EPIC-Italy cohort, we identified methylation 
differences for sex-specific CpG sites associated with lead exposure, which might 
point towards a sex-specific exposure-related effect. These CpG sites are 
associated with mantle cell lymphoma and thus could connect lead exposure with 
the onset of this disease. 
 
The data from the NSHDS and EPIC-Italy cohorts in chapter 4 showed why an 
unsupervised learning method is important. Data for gene expression and DNA 
methylation is measured in blood taken from healthy individuals. In this case, there 
are no clear disease/healthy labels since all subjects are considered healthy at the 
start of the study. Thus, we needed to apply a computational method that can 
‘blindly’ learn patterns from the data to understand exposure-related health effects. 
We hypothesized that we need a large data set to capture exposure-related 
patterns and therefore we combined the NSHDS and EPIC-Italy cohorts. The 
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combination of these two cohorts did introduce a potential problem: cohort bias in 
the data. Therefore, we have applied an additional filtering step before we integrate 
the omics layers. Filtering methods rely on the characteristics of the variables and 
are a powerful tool to eliminate irrelevant, redundant, or constant features. This is 
important in most biological studies because there are many features we can 
measure, and not all of them relate to the phenotype we would like to investigate. 
To remove the cohort-specific bias, we performed another filtering step: Analysis 
Of Variance (ANOVA) univariate test. ANOVA assumes a linear relationship 
between the variables and the outcome (i.e. gene expression and cohort) and is 
well-suited for continuous variables with a binary target. We applied an ANOVA 
filtering to remove only those genes stratifying the subjects based on cohort and 
not on any of the other variables (For example exposure or sex). 
 
This study provides insights into exposure-related changes in the transcriptome 
and epigenome. By combining the EPIC and NSHDS cohorts, we were able to 
identify communities in our interaction network that relate to POP and lead 
exposure that could explain the development of certain diseases. In general, we 
could not identify clear epigenetic alterations that directly associate with observed 
changes in the transcriptome. However, the combination of the epigenetic and 
transcriptomic alterations provided us with genomic profiles that relate to the 
exposure profiles. 
 
We know that epigenetic mechanisms are not the only events that regulate 
transcription. It is now established that noncoding regulatory variants play a central 
role in the development of diseases [15]. Regulatory elements are non-coding DNA 
sequences that have a critical role in controlling gene expression [16] and therefore 
could be the knowledge gap in the connection between CpG methylation and gene 
expression. Genetic variants cannot only change gene expression but also the 
susceptibility of a subject to exposure. Because of their high prevalence in the 
general population, genetic variants that determine susceptibility to environmental 
exposures may contribute to the development of exposure-related diseases [17]. 
Genome-wide association studies (GWAS) have shown a polygenetic architecture 
within common disorders and have enabled researchers to identify genetic variants 
associated with diseases. This genetic architecture consists of the genetic 
phenotypic basis, including the epigenome, transcriptome, and its genetic variants. 
These genetic variants could have been of importance in chapter 4 since 
susceptibility to lead and POP toxicity depends on an individual’s variability 
determined by genetic variation due to polymorphisms. 
 
In chapter 5, we studied the role of certain polymorphisms in the transcriptomic 
and epigenetic response to arsenic exposure. These polymorphisms, in this case, 
single nucleotide polymorphisms (SNP), could explain the difference is 
susceptibility to arsenic exposure. We used our multi-layer NMF approach to 
integrate the transcriptomic and epigenetic data to identify clusters with different 
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risk allele scores for each SNP. We defined these risk allele scores by considering 
the polymorphisms for genes related to arsenic metabolism. 
 
During the integration of the omics data, we ran into problems with one common 
denominator: the sample size. The transcriptomics and epigenomics integrated did 
not result in cluster with a clear effect of arsenic exposure. As mentioned, we 
believed the sample size of this study could be a problem. To identify specific 
profiles on the transcriptome and epigenome, we need either a strong and 
distinguishable signal or an appropriate sample size to detect smaller signals. In 
chapter 4, we could reveal exposure-related effects within our data because of the 
large sample size. In chapter 5, the sample size might be too small and therefore 
our method identifies patterns not related to exposure. Here, it also becomes clear 
there is a potential difference between in vitro and in vivo data. In chapter 3, we 
could identify cancer-related profiles both in large (CCLE) and smaller (NCI60) 
cancer studies. One explanation is the different nature of the data: in vitro versus 
in vivo data. In vitro data, in most cases, has less sample variability that only occurs 
across and not within tissue types [18]. In vitro data contains a larger sample 
variability that can make it harder to identify phenotype-related alterations on the 
transcriptome and epigenome. This is even more problematic in data set with low 
sample sizes with smaller exposure-related effects. The identification and 
extraction of relevant patterns strongly depend on the signal-to-noise ratio (SNR). 
If the signal of the relevant markers, for example, CpG sites, is strong, we expect 
the multi-layer approach to identify the signal correctly. However, when the signal 
strength is low/moderate it could be possible that the relevant markers are lost 
within the noise 
 
The easiest solution is to increase the sample size, but this will automatically lead 
to higher experimental costs and is not always feasible. We explored different 
possibilities to enhance arsenic-related exposure patterns without increasing the 
sample size. In chapter 5, we investigated two approaches which we believed 
would increase the exposure-related patterns: i) semi-supervised multi-layer NMF, 
and ii) M value for DNA methylation. First, we tried the semi-supervised multi-layer 
NMF approach, in which we selected CpG sites and gene probes from two studies 
performed by Rehman et al. We hypothesized that this selection step would 
increase the arsenic-related patterns and thus would give clusters with different 
exposure and risk allele profiles. When we investigated the obtained clusters, we 
could not identify any exposure-related effects. This might be because the FDR 
selection is based on a linear model with predesigned groups based on arsenic 
levels in urine. The combination of the omics layers might not reflect those 
predesigned groups but might highlight other arsenic-related effects. 
 
With our second approach, we could identify more clusters by using M-values for 
DNA methylation instead of the commonly used β-values. Previous research 
suggested that the M-value stores more information and has a higher statistical 
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power [19,20]. This might be an important characteristic of the M-value, especially 
for studies with small sample sizes. Because the M-value can be positive or 
negative, the positivity constraint of NMF enforces us to split the M-value matrix 
into a matrix of positive M-values and a matrix of the absolute values of the negative 
M-values. The introduction of the two matrices introduces sparsity into our data, 
which is advantageous because sparsity can improve the interpretability of the 
patterns and thus dimension reduction and clustering. In cohort studies with a small 
sample size, it can therefore be beneficial to transform the β-values to M-values. 
 
The integration of the gene expression (log2(intensity) and DNA methylation (M-
values) resulted in six clusters. In the genomic interaction network, different 
communities are identified with transcripts and CpG sites explaining the different 
clusters. These communities are of interest because of their role in signaling 
pathways, mRNA translation processes, Golgi transport, metabolic transport, and 
innate and adaptive immune processes. One of the signaling pathways identified 
in our communities is associated with cytokines. Cytokines are important 
intracellular regulators and cell mobilizers involved in the innate and adaptive 
inflammatory response, cell growth, differentiation, angiogenesis, and 
homeostasis. Research identified a relation between arsenic exposure and 
inflammatory cytokines in urothelial cell models and urine [21], the thymus [22], and 
human lymphocytes [23]. Multiple interferon-alpha units (IFNA4, IFNA7, IFNA10, 
and IFNA16) show different methylation patterns and could indicate a relation 
between epigenetic aberrations of interferon-alpha units and arsenic exposure. The 
interferon-alpha subunits play a vital role in both the innate and adaptive immune 
response [24]. Finally, when we investigated if these clusters would have a different 
profile for the risk allele scores, we could not find a specific pattern.  
 
The lack of risk allele score patterns could be because of the small number of SNPs 
(n=7) present in our data set. The power to discover disease-associated variants 
depends on the number of risk loci, their frequencies, and effect size [25]. Most of 
our subjects carry the homozygote allele for two important genes involved in 
arsenic metabolism, As3MT, and GSTT1. GSTT1 is found to contribute to the 
observed variability in arsenic metabolism and GSTT1 null individuals may be more 
susceptible to arsenic exposure [26]. If we could perform a GWAS study, we could 
identify more SNPs and potentially a higher number of SNPs associated with 
arsenic exposure. For example, GSTO1, GSTO2, and PNP polymorphisms are 
associated with developing arsenic-induced skin lesions [27], something we cannot 
study in our population because data on those 3 genetic polymorphisms are absent. 
Here, the main problem is the sample size of our study. If certain SNPs do not occur 
frequently in a population, a sub selection of this population would result in a data 
set where we cannot observe SNP-related patterns. Increasing the sample size 
could result in a larger frequency of SNPs, and potentially lead to the discovery of 
disease-associated variants. 
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Chapter 4 and chapter 5 showed the importance of large omics data sets for data 
integration. If one of the layers is missing large chunks of information, omics 
integration by multi-layer NMF cannot improve our understanding of a biological 
system. During the design of a study, one should ask what they would like to 
achieve by integration omics layers, which omics layers are needed, and if it is 
feasible to obtain a large sample size.  
 
Furthermore, chapters 4 to 5 gave us insights into the performance of our 
integration strategy for population studies. In chapter 4, we combined two cohorts 
(EPIC-ITALY and NSHDS) because the criteria for subjects to take part in the study 
were similar. Moreover, by combining the two cohorts, we expected the statistical 
power to increase and potentially obtain patterns related to specific exposure 
profiles. Even more, it would be of interest to identify a common exposure-related 
effect in both cohorts. Previous research by Georgiadis et al [28] identified a weaker 
response in both the Italian cohort and the Swedish females on the epigenome. 
Espín-Pérez et al [29] identified a sex-specific effect on the transcriptome after 
combining the cohorts. Therefore, we hypothesized the complementary information 
on the transcriptome and epigenome could provide us with an integrated exposure 
profile. On the contrary, the model’s outcome predicted three clusters with a strong 
cohort effect, even after data filtering to remove transcripts or CpG sites associated 
with either one of the clusters. 
 
This could be because we introduced a new problem in chapters 4 and 5 compared 
to the in vitro data in Chapter 3:confounding variables. These confounding 
variables could influence the observed exposure-outcome effect. NMF is in 
principle an unsupervised method and therefore additional measures have to be 
applied to correct for those confounding variables. In chapter 4, we added a pre-
filtering step to remove confounding variables per omics layer. In the future, it might 
be worthwhile to investigate additional constraints on the multi-layer NMF method, 
especially on W and H, to correct for confounding variables in a multi-omics way. 
Here, the subject's metadata could be used in the objective function to account for 
confounding variables while minimizing the objective function. An alternative 
approach would be to use the subject’s metadata to initialize H, by creating a semi-
supervised multi-layer NMF approach. 
 
The case studies provided us with insights in the type of data multi-layer NMF can 
handle, as well as the usefulness of the genomic interaction networks. Multi-layer 
NMF is capable of extracting relevant profiles in case of in vitro data. From the 
obtained profiles, genomic interaction networks can be built to further unravel 
cancer biology. When we went made the transition from in vitro data to in vivo data, 
it became clear that our omics integration approach can only identify exposure 
profiles related to the strongest component in the mixture of compounds. Multi-layer 
NMF lacks the sensitivity to identify weaker patterns related to compounds with a 
lower exposure concentration. This lower exposure to a compound can still be of 
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interest since it can alter cellular biology over time. Therefore improving the 
sensitivity of our integration approach is vital. 
 
Limitations in linking the epigenome and transcriptome 
In the previously described studies, we observed different methylation and gene 
expression patterns and in most cases these patterns gave us a better 
understanding of the cellular processes. However, we could not always link the 
alterations on the epigenome with the transcriptome. In our results described in 
chapter 3, we could identify the relation between DNA hypermethylation and lower 
gene expression. In chapter 4 and chapter 5, we could not always identify a clear 
methylation effect on the transcriptome. One reason could be the fact that in vitro 
data is based on cell lines that show strong differences but also have a strong 
phenotypic endpoint. The in vivo data we used, from healthy subjects, is much more 
diverse, not only in general parameters as age, body mass index, and sex but also 
in their maternal DNA methylation as well as different exposure profiles. 
Furthermore, individual genetics can contribute to faster or slower development of 
a disease and therefore individuals are more sensitive to chemical exposure. 
During pre- and postnatal life, environmental factors (including dietary factors) in 
each tissue microenvironment interact with cellular genetic regulatory architecture 
and may modulate gene expression. When we consider all those effects, 
unsupervised learning methods can be too insensitive to extract chemical-induced 
patterns in different omics layers.  
 
Another complexity is to understand whether CpG site or CpG island is the most 
important epigenetic factor. We know CpG-poor regions often exhibit 
hypermethylation while CpG-dense regions often exhibit hypomethylation. If we 
only study CpG islands, we look at the dense regions and thus neglect a part of the 
genome methylation. CpG islands are mainly present in the promoter region of a 
gene (approximately 70%) and promoter methylation leads to gene silencing. When 
we look at CpG sites, we can study the methylation changes in all regions of the 
genome and thus gain more novel information. CpG sites outside the promotor 
region, thus in the gene body, are shown to have vital effects on transcription. 
Gene-body DNA methylation positively correlates with transcription thus not linked 
to gene silencing [30,31]. Because one gene can have a large number of 
associated CpG sites, it is hard to assess whether the interaction between one CpG 
site and a gene is important. It is vital to experimentally validate if an alteration in 
one CpG site would be the driver of a molecular event. 
  
Besides methylation in the gene body or promoter region leading to gene 
amplification or silencing, DNA methylation can also influence alternative splicing. 
In chapter 5, we did see that several CpG sites are differently methylated that are 
located on the primary transcript region. Whereas we measure every CpG site with 
the current techniques, the traditional microarrays are designed to measure the 
total level of expression of a gene without attempting to distinguish between 
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different splice forms [32]. To gain more knowledge of a biological system, we could 
also improve the experimental techniques we use to measure different omics 
layers. It is believed that RNA-sequencing is superior to micro-array techniques 
because it is a quantifiable technique. This makes it possible to accurately quantify 
changes in gene expression, gene discovery, differential use of promoters, and 
splice variants. The changes in gene expression are of interest but of even more 
interest are the differential use of promoters and splice variants. This could be the 
connection between the epigenome and the transcriptome that we are now missing 
and cannot study in full detail. 
 
Conclusion and future research 
Overall, the research conducted in this thesis provides novel insights into the 
relationship between DNA methylation and gene expression. By utilizing genomic 
interaction networks, we identified potential interesting biological processes altered 
by aberrations in DNA methylation and gene expression. The developed workflow 
to integrate omics layers, as well as the integration of existing knowledge, shows 
to be a promising approach to understand cancer-related or exposure-related 
features. This group of features, thus genes and/or DNA regions, altered in specific 
subsets of cancer cell lines or populations might be useful as potential markers to 
stratify cancer types or exposure-related adverse health effects. The main 
challenge, however, is to validate and integrate these findings into new studies to 
further understand their mechanistic and causal effect. Due to the complexity of a 
biological system, it is non-trivial to investigate the downstream effect of reversing 
hypo- or hypermethylation of one gene and other biological processes. The 
proposed interactions in our genomic interaction network might serve as guidance 
to study this downstream effect, but the validation of these interactions by in vitro 
experiments is of utter importance. The prediction of disease- or exposure-related 
patterns in combination with experimental validation could be the final step to 
increase our current knowledge of biological systems. 
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The primary goal of this thesis is to deepen our knowledge on the interaction 
between the transcriptome and epigenome. Although both layers have been well 
studied individually, their combined effect is not completely understood. In this 
thesis, we showed that the integration of the transcriptome and epigenome 
increased our understanding of mechanisms related to disease mechanisms and 
exposure-related effects. 
 
Omics technologies provide exciting data to study cellular mechanisms in much 
more detail. The abundance of biological data made data integration approaches 
increasingly popular and provided us with many computation methods [1]. 
However, biological interpretation remains a challenge, and improved 
computational tools are needed. One way to increase our understanding of a 
system is to use a data-driven approach and extract the relevant biomolecules. 
However, these approaches do not make us of valuable pre-existing knowledge 
available in many databases. Finally, since a biological system is not static, we 
should explore the options to visualize dynamic changes. In this thesis, we combine 
a data-driven technique with a knowledge-driven approach to create genomic 
interaction networks. The existing knowledge can help us answer important 
questions: what is the role of a biomolecule, is it associated with a disease, and in 
which pathway is it involved? This information, in combination with network analysis 
methods, helps us to identify important genes and their epigenetic status. To study 
a dynamic system, we developed DynOVis [2] to highlight gene expression 
changes on a network, to highlight the most affected genes over time or dose. To 
integrate the two omics layers, we have developed the tool GINBuilder to study the 
relationship between the epigenome and transcriptome. Both tools have been 
made freely available to the scientific community.  
 
The integration of the transcriptome and epigenome is not only important to study 
a disease mechanism but also, as our work shows, cellular characteristics. Cancer 
cell lines are important models for drug discovery and development. However, 
those studies are not always successful when translated to the clinic and failure 
rates in drug development are high [3]. Cancer cell lines can carry specific 
alterations that make them different from the type of cancer they try to mimic. 
Current research acknowledged the necessity to further look into the molecular 
characteristics of cancer cell lines [4]. In our research, we showed for two cancer 
cell line data sets that cell lines derived from the same tissue can show different 
transcriptomic and epigenomic profiles. We identified a potentially interesting event 
leading to a drug-resistant state of melanoma cells and proposed a marker for 
melanoma inhibition. In a subset of lymphoid neoplasms, we were able to identify 
epigenetic and transcriptomic changes that might contribute to drug resistance [5]. 
Moreover, we showed there is a potential dysregulation of an important signaling 
axis. These findings increase our understanding of those cancer cells and 
contribute to cancer research in general. Furthermore, they highlight the 
importance of understanding the characteristics of your cell model.  
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As previously mentioned, omics integration can help us to unravel exposure-related 
effects. This can increase our understanding of mechanisms leading to disease 
development but also provide us with potential biomarkers as early indicators of 
disease progression due to environmental exposure. Chronic exposure to 
persistent organic pollutants (POPs) and heavy metals have a major adverse health 
effect on humans [6, 7]. It is therefore vital to understand the relationship between 
exposure levels and transcriptomic and/or epigenetic changes. Identifying those 
exposure-related changes associated with disease-related processes could help 
us understand the underlying mechanisms and define possible biomarkers for early 
diagnosis. Our work emphasized important biological processes, including 
immune-related, signaling, and DNA repair processes affected by POPs and heavy 
metals. Furthermore, we identified a sex-specific effect, showing that it is vital to 
consider the relation between sex, exposure, and disease development. The 
biological signatures associated with exposure can be of interest to use as a 
potential marker or as a target to understand disease-related exposure.  
 
To further improve our understanding of the relationship between toxic exposure 
on either the transcriptome or epigenome, we performed an exploratory study to 
identify the effect of Single Nucleotide Polymorphisms (SNPs) on this relationship. 
One of the challenges we faced was the small population size of this study. We 
solved this problem by expressing DNA methylation as M-values instead of the 
golden standard β-values. This increased the overall signals in the data and is a 
worthwhile consideration for researchers working with small sample sizes. Although 
we could not identify a strong correlation between exposure-related effects and 
SNPs, our results indicated that exposure levels might not be the only driver of the 
adverse health effects. Different processes could be linked to arsenic exposure and 
cardiovascular diseases and diabetes. Those processes do not correlate to 
exposure and might be driven by susceptibility to arsenic exposure. Therefore, we 
believe it is worthwhile to further investigate the role of SNPs. Our work indicates it 
is vital to consider the sample size needed to detect variations in SNPs during the 
design phase of a study. 
 
Overall, we demonstrated that the integration of omics data with a combination of 
data-driven and knowledge-driven network integration can help us to further 
unravel the adverse health effects of a chemical compound as well as an 
understanding of important mechanisms in cancer cell lines. The framework can 
help to further elucidate disease and exposure-related effects on the transcriptome 
and epigenome in future studies. It can lead to the discovery of key components in 
disease development or early biomarker discovery.  
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