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Chapter 1

Introduction

1.0.1 Background

The normal cell

The human body comprises trillions of small units called cells. Cells are the building
blocks of the human body, with the ability to grow, replicate and die. The center
of eukaryotic cells is the nucleus. Functions of the nucleus are to store hereditary
information in the chromosomes and to coordinate vital cell activities like growth,
metabolism, protein synthesis, replication and death. The nucleus of a normal human
cell contains two copies of each of the 22 autosomal chromosomes and 2 sex chromo-
somes. Chromosomes consist of tightly coiled double-helix shaped DNA, wrapped
around histones. Strands of a DNA molecule are made up of four nucleotide bases:
adenine (A), thymine (T), guanine (G) and cytosine (C). Functional units of the DNA
molecule are called genes. Human cells contain about 25000 protein-coding genes.

Another molecule that plays a crucial role in the cells is RNA. This is a single-
stranded molecule, containing nucleotide bases A, G, C and uracil(U) instead of
T. Information stored in the DNA is transferred via these RNA molecules. The
process in which an RNA molecule is synthesized using DNA as a template, is called
transcription. During transcription several types of coding and non-coding RNA
molecules are expressed from DNA, all of them together forming the transcriptome.
In this thesis besides DNA the following RNA molecules were further investigated:

• Messenger RNA (mRNA). These molecules convey the information stored in
DNA outside the nucleus into the cytoplasm, where they are translated into
proteins.

• microRNA (miRNA). These molecules represent a major class of non-coding
RNA molecules, meaning they are not translated into proteins. miRNAs are
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small (about 22 nucleotides in length) molecules that bind to mRNAs by (par-
tial) complementarity thereby inhibiting translation of these mRNAs into pro-
teins or inducing mRNA degradation/destabilization. miRNAs are becoming
more and more recognized as major players in both normal cellular regulation
and disease.

(Epi)genetic alterations in the cell

During cancer development, epigenetic and genetic abnormalities occur on the level
of the genome resulting in an altered transcriptome. Accumulation of (epi)genetic
alterations in cancer cells can result in permanent activation of oncogenes and in-
activation of tumor suppressor genes. Oncogenes stimulate cell growth and prevent
cell differentiation. Aberrant expression of oncogenes in tumor cells promote tumor
formation. Tumor suppressor genes in the normal cell slow down cell division, repair
DNA mistakes, initiate differentiation, and induce cell death if necessary. Aberrant
silencing of tumor suppressor genes in cancer cells therefore also promotes tumor
formation.

Epigenetic changes alter gene expression without changing the DNA sequence.
One of the best known mechanisms is DNA methylation. DNA methylation is the
process where a methyl (CH3) group is added to the cytosine within CpG dinu-
cleotides. These CpG dinucleotides are enriched in specific regions of the genome,
so-called CpG islands, which are often overlapping with promoter regions of genes.
DNA hypermethylation of promoter regions alters accessibility of the DNA for tran-
scription factors usually resulting in gene silencing.

Genetic abnormalities comprise changes to the DNA sequence, including muta-
tions, structural and non-structural chromosomal aberrations. Mutations involve al-
terations in DNA sequence bases, which can lead to modification in the amount and
structure of the resulting protein product, thereby influencing its function. Structural
chromosomal aberrations appear as a rearrangement of parts of the genome usually
without affecting the total amount of DNA. On the other hand, non-structural aber-
rations result in DNA copy number alterations where more than 2 copies (gain) or
less than 2 copies (loss) are observed for specific parts of the genome. Abnormalities
on the DNA level (genome) may be reflected on the RNA level, ultimately affecting
protein synthesis.
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Cervical cancer and the human papillomavirus (HPV)

Cervical cancer is the fourth most commonly diagnosed cancer among females world-
wide [56]. The incidence of cervical cancer is highest in developing countries, where
nearly 90% of cervical cancer deaths occur, due to the absence of population based
screening programs. Cervical cancer is caused by a persistent infection with high-
risk types of the human papillomavirus (HPV) and develops via well-recognizable
precancerous lesions. HPV is a double-stranded sexually transmitted DNA virus be-
longing to the Papillomaviridae family, which comprise more than 150 different types
infecting either the skin or the mucosae lining the anogenital, respiratory and upper
digestive tract. Among the mucosa-infecting HPV types, 15 are classified as high-risk
types and are associated with cervical cancer. Together, HPV16 and HPV18 cause
approximately 70% of all cervical cancers. It is widely accepted that the involvement
of high-risk types of HPV together with specific (epi)genetic modifications in the host
cell genome, drive cervical carcinogenesis.

Viral oncogenes E6 and E7 are directly associated with chromosomal instabil-
ity (reviewed in [207]). They encode proteins able to reactivate the cellular DNA
replication machinery in non-dividing infected cells. Through direct and indirect in-
teractions with cell cycle control and apoptosis mechanisms of the host cell, E6 and
E7 can force non-dividing differentiating cells to start viral DNA replication, as il-
lustrated in Figure 1.1. Aberrant expression of E6 and E7 in basal dividing cells of
the epithelial layer results in uncontrolled cell cycling which in turn induces genetic
instability. Viral oncogenes E6 and E7 are directly associated with chromosomal
instability causing DNA damage, centrosome abnormalities and chromosomal seg-
regation defects [45, 115]. In addition, viral oncogenes were shown to increase the
activity of enzymes responsible for DNA methylation. Hence, hypermethylation is a
frequent event during HPV-induced transformation. The mechanisms behind aber-
rant E6 and E7 expression in dividing cells are still not completely elucidated. One
potential mechanism involves integration of the viral genome in the genome of the
infected cell, resulting in loss of regulation of the viral genes. However, it remains
unclear whether viral integration is a cause or consequence of chromosomal instability
[132].

Model system for HPV-induced transformation

The development of cancer, as a genetic disease, is a complex and dynamic biological
process. To better understand cervical cancer development and obtain more insight
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B  A 

Fig. 1.1 Effect of cellular events where E6 binds to p53 inducing its degradation, while
E7 binds the Rb gene product and causes that transcription factor E2F becomes
unbound and free to induce the viral replication in A. Later this lead to B where cell
cycle activation together with appopthosis cause uncontrolled proliferation.

in the genes involved, we need to find ways to reduce the complexity of this process for
analytical purposes. To address the complexity of cervical carcinogenesis we make use
of a longitudinal in vitro system consisting of two cell lines immortalized with HPV16,
and two with HPV18 (Figure 1.2). In this model distinct stages of transformation
can be recognized (extended lifespan, immortalization, and anchorage independence
(reviewed in [165]) and this model was previously shown to faithfully mimic cervical
precancerous lesions morphologically and (epi)genetically [71, 166, 206]. All 4 cell
lines originate from the same parental cells, which are transfected with HPV and
cultured over time, thereby eliminating inter individual heterogeneity. During con-
tinuous culturing, cell lines become independent from each other, acquiring different
modifications on the (epi)genetic level.

A major drawback to the use of cell lines in general is the absence of the micro-
environment, including surrounding stromal– and immune cells and their secreted
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Fig. 1.2 The experimental layout. Colors indicate how time points are distributed
over the stages of HPV-induced transformation.

factors. However, there are also several advantages to the use of cell line models,
including the availability of high-quality pure material and, as mentioned before,
the elimination of inter-individual differences. Most importantly, carcinogenesis in
general is a dynamic biological process and our cell line model allows us to study
the underlying kinetics over time. In this way we are able to model the order and
temporal involvement of the identified alterations.

1.0.2 Data generation and analysis

To obtain a comprehensive overview of the molecular alterations involved in HPV-
induced transformation all four cell lines were assayed for DNA copy number and
m(i)RNA expression at eight consecutive moments in time, which were distributed
over the distinct stages of transformation, as is illustrated in Figure 1.2. mRNA and
miRNA expression levels were measured with and without demethylating treatment
(5-aza-2’-deoxycytidine (DAC)). This treatment results in global DNA demethylation
of the cells enabling us to indirectly measure DNA-methylation mediated silencing of
genes during HPV-induced transformation on the transcriptome level.

Genome-wide high-throughput molecular profiling was performed using microar-
rays. The microarray technique appeared two decades ago [144], just after completion
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of sequencing of the whole human genome, and allowed for rapid developments in the
field of biomedical research. This high-throughput technique allows for simultaneous
measuring of thousands of predefined oligonucleotide sequences, representing either
the human genome or transcriptome. Currently microarrays are being replaced by
next generation sequencing, as a promising technique for measuring both the genome
and transcriptome. This new sequencing technique offers several advantages com-
pared to microarrays [199]. It is not limited to known genomic sequences, allows for
better quantification at the lower and upper (no limit) end of the spectrum, and shows
less experimental noise. Although sequencing provides several advantages over mi-
croarrays, the latter still represents a widely used and easy-to-use laboratory method
for which various validated data analysis pipelines and interpretation tools are avail-
able. For the purpose of our study both techniques were suitable. As we had more
experience with microarray data analysis we chose that method, however, in principle,
all tools developed in this project can be extended to deal with sequencing data as
well as illustrated in Chapter 2 [111] and further discussed in Chapter 7 (Discussion).
Distinct levels can be recognized in the analysis of genomic and transcriptomic time
series : 1) Experimental design, 2) Preprocessing, and 3) Statistical analysis. These
steps will be discussed below.

Experimental design

To accurately and precisely measure the effect of interest using microarrays in our cell
line model, we need to have a proper design of the experiment. Measuring in parallel
such a large number of biological sequences, has consequences for the design of the
experiment. A proper design makes sure that questions of interest can be answered,
under the given conditions. Additionally, to have informative results, we need to
be able to separate uncontrolled variation (noise) in the microarray experiment from
actual differences between the conditions. In our experiments this is achieved by
applying the principles of microarray design: blocking, balancing and randomization
of the samples. All these techniques are essential to get trustworthy results.

• Blocking: In the micorarray experiment undesirable variability between con-
ditions are higher among slides, while it is presumed to be (more) homogeneous
within slides. The blocking principle suggests to form a homogeneous set of
experimental runs, called blocks, to protect against this foreseeable source of
variability. Within a two-sample study blocking assigns samples from both con-
ditions (i.e. treated and untreated) to the same block. This ensures that the
group effect can be disentangled from the slide effect, as the group effect can
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Fig. 1.3 Illustration of the 8 slides from the double-channel (green and red) mRNA
gene expression experimental design. Name of the sample indicates cell line (FK16A,
FK16B, FK18A and FK18B), time point (T1 to T8) and treatment (DAC + treated
and - untreated samples). For better illustration all cell lines are represented by
different colors.

be estimated from the ‘within-slide contrast’.
• Randomization: Microarray hybridizations are carried out sequentially. Dur-

ing this period experimental conditions may change. For instance, due to chang-
ing weather conditions affecting the chemistry. Suppose we would deal with a
two-sample study in which we hybridized all samples of one condition first fol-
lowed by those of the other condition, any effect due to the treatment would
be confounded with time. The order in which hybridizations are carried out is
randomized. In such a randomized experiment an estimate of the group effect
is no longer associated with time. Moreover, randomization ensures the validity
of the statistical inference in the analysis of the experiment.

• Balancing: Balancing ensures that the comparison of interest is not con-
founded with the position on the slide. It requires that each factor setting
is represented equally within each block: each position has an equal number
of replicates of all levels. This ensures contrasts/effects can be estimated opti-
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slide array 1 array 2 array 3 array 4 array 5 array 6 array 7 array 8

1 FK18B T3 + FK16A T8 - FK18A T1 + FK16B T7 - FK18A T1 - FK16B T7 + FK18B T3 - FK16A T8 +

2 FK16B T5 - FK18A T2 + FK18B T8 - FK16A T4 + FK18B T8 + FK16A T4 - FK16B T5 + FK18A T2 -

3 FK18B T1 + FK18A T4 + FK16A T7 + FK16B T8 - FK16A T7 - FK16B T8 - FK18B T1 - FK18A T4 +

4 FK18A T7 - FK18B T5 + FK16B T3 - FK16A T1 + FK16B T3 + FK16A T1 - FK18A T7 + FK18B T5 -

5 FK16B T4 + FK16A T3 - FK18A T6 + FK18B T2 - FK18A T6 - FK18B T2 - FK16B T4 + FK16A T3 +

6 FK18A T8 - FK16B T1 + FK16A T5 - FK18B T6 + FK16A T5 - FK18B T6 - FK18A T8 + FK16B T1 +

7 FK16A T2 + FK16B T6 - FK18B T4 + FK18A T5 - FK18B T4 - FK18A T5 + FK16A T2 - FK16B T6 +

8 FK16A T6 - FK18B T7 + FK16B T2 - FK18A T3 + FK16B T2 + FK18A T3 - FK16A T6 + FK18B T7 -

Fig. 1.4 Illustration of the 8 slides from the single-channel miRNA gene expression
experimental design. Name of the sample indicates cell line(FK16A, FK16B, FK18A
and FK18B), time point (T1 to T8) and treatment (DAC + treated and - untreated
samples). For better illustration all cell lines are represented by different colors.

mally.
For DNA copy number we did not need to apply blocking, randomization and

balancing as DNA was previously found to be sufficiently stable under varying ex-
perimental conditions [23]. As we used dual-channel arrays, we made sure that on
every slide a reference sample was present in both channels. In addition, reference
samples were obtained from the parental cells from which the cell lines were derived.
Using the parental cells as a reference eliminates the detection of DNA copy number
variation between two normal individuals.

For mRNA (double channel) and miRNA (single channel) expression analysis
we did apply blocking, randomization and balancing (Figure 1.3 and Figure 1.4).
One slide contains either 4 dual channel arrays (mRNA) or 8 single channel arrays
(miRNAs). Each slide included material from all 4 cell lines (randomization), both
treated and untreated samples were hybridized together in one array (block), and
time points and positions on the slide were balanced. As the platform used for
mRNA detection was a dual-channel platform, conditions, time points and cell lines
were also blocked, randomized and balanced over the two channels.
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Data preprocessing

After performing the microarray experiment, following the above described experi-
mental design, raw data were generated. A very important first step in the analysis
of the data from microarrays is preprocessing. Data generated from the microarray
experiment comprise true biological signal and experimental artifacts. The experi-
mental or technical artifacts are induced by systematic and experimental variation,
while true biological signal consists of "wanted" variation among cell lines and time
points. Hence, preprocessing aims to remove experimental artifacts to make different
samples comparable. The main steps discerned in preprocessing of microarray data
are 1) background correction, 2) normalization and, for DNA copy number analysis,
3) segmentation, which are explained in detail below.

• Background correction: Intensities obtained as the result of measuring sam-
ples using oligonucleotide microarrays comprise foreground and background sig-
nal. The initial step in preprocessing of gene expression data is transformation of
the intensities into quantities without background signal. The foreground mea-
surement contains the true biological signal. On the other hand, background
intensities may be influenced by unspecific sources, such as auto-fluorescence of
the array surface, non-specific binding, printing errors, scratches, and dust par-
ticles. Hence, background correction methods intend to estimate and remove
signal induced by these sources.

• Normalization: Normalization intends to remove experimentally induced vari-
ation. Normalization makes log2 ratios of different hybridizations comparable
by reducing experimental bias between (hybridizations) and within (red and
green fluorescent signals) arrays. Removal of experimental artifacts while pre-
serving the true biological signal has significant impact on the identification of
differently expressed genes.

• Segmentation (only for DNA copy number analysis): The segmentation
algorithm divides the genome into non-overlapping segments with equal DNA
copy numbers. Segments are separated by break points. Break points repre-
sent locations between two adjacent segments with different relative DNA copy
number. Modeling of the DNA copy number with segment lines reduces the
noise, improves detection of aberrations and makes the identification of break
points more obvious see [186].

DNA copy number data: The first preprocessing step of DNA copy number data
is normalization. Ratios of samples from cell lines and reference were subjected to
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median normalization [184]. After applying median normalization data are centered
such that the median value becomes zero. A profile of one normalized sample is
illustrated in left panel of Figure 1.5. The next step in the preprocessing of DNA
copy number data is segmentation. Procedures include circular binary segmentation
(CBS) algorithm [124]. Figure 1.5 shows an example of a segmented profile, where
part of the probes were removed in order to highlight the segmentation line.

Fig. 1.5 DNA copy number profile of one sample. The left panel represents the profile
after normalization, while the right panel after segmentation.

mRNA gene expression data: The preprocessing of mRNA gene expression data
comprised background correction and normalization. Background correction was per-
formed using the R package limma, the RMA method based on convolution model
described in [137, 154]. As the demethylating treatment is expected to result in
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overall higher gene expression values we need to take treatment into consideration
while normalizing the data. Hence, normalization is applied separately for treated
and untreated samples. Normalization of the samples between arrays was performed
using a robust quantile method, which incorporates calibration using weighted quan-
tile normalization employing Huber’s psi function and variance stabilization via log2

transformation. Figure 1.6 illustrates the density plot of the sample intensities before
normalization. There are clusters of samples with higher intensities probably due to
technical variation. After applying normalization density plots in Figure 1.6 indicated
that samples are comparable, enabling us to continue with further analyses.

Fig. 1.6 Density plot of the intensities, where each line represents one sample. The
left panel illustrates arrays before normalization, while the right panel represents the
arrays after the normalization.

miRNA gene expression data: Preprocessing of miRNA gene expression data es-
sentially follows the same steps as for mRNA gene expression data. Due to a different
labeling strategy where only one fluorophore is incorporated per miRNA molecule,
intensities before preprocessing were quite low. Because the distribution of back-
ground intensities among the samples was uniform, subtracting background signal
could obstruct identification of differential gene expression by production of negative
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Fig. 1.7 The left panel illustrates a density plot of the miRNA arrays before normal-
ization, where each line represents one sample. The right panel represent the arrays
after normalization.

expression values. Therefore, this step in preprocessing was omitted. In Figure 1.7
density plots of the miRNA samples are illustrated before and after normalization.
To facilitate downstream analyses, replicates of the same probe were averaged.

DNA methylation data: Preprocessing of DNA methylation data was performed
applying a pipeline for Infinium HumanMethylation450K BeadChip data proposed
by [180]. This preprocessing pipeline takes the different chemistry underlying type I
and type II probes present on this platform into account by employing a subset quan-
tile normalization approach. The method returns normalized Beta values that are
representative of the percentage of methylation for that particular CpG dinucleotide.

1.0.3 Statistical analysis

To gain more insight into the sequential order of molecular events necessary for cervi-
cal carcinogenesis we performed a longitudinal, multi-level molecular characterization
of HPV-transformed cell lines. However to analyze the obtained data in an integrative
manner, novel statistical methodology is required. Over the years many statistical
methods for analysis of time-course omics data have been proposed. They often focus
on a single molecular level. Moreover, many lack a clear functionally motivated sta-
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tistical model. Hence, we developed temporal integrative statistical methodology for
multilevel time-course molecular data. The statistical methodology developed here
can be applied to the multilevel time-course molecular datasets of other cancer types
and model systems.

The methodology presented in this thesis analyses the data with respect to two
different statistical units of interest: the unit of a single gene and the unit of a
group of genes that shares a known biological function, called pathways. Univariate
statistical methodology is developed to perform integrative temporal differential gene
expression analysis of the single gene unit. On the other hand, pathways are groups
of genes from different genomic locations, which work together. Pathway analysis
requires development of novel multivariate methodology to identify temporal and
contemporaneous interactions among genes.

Differential expression analysis

Knowledge of differentially expressed genes may improve our understanding of the
molecular basis underlying the mechanism of carcinogenesis. The problem of iden-
tifying differentially expressed genes is commonly addressed, both from the static
and temporal perspective. The static view-point focuses on identifying differentially
expressed genes between two conditions, while the temporal viewpoint studies the
changes in the gene expression over time. Due to the fact that the regulation of gene
expression is a dynamic process it is more appropriate to address this problem from
the temporal perspective.

Many statistical models have been developed to address the problem of temporal
differential expression analysis from microarray experiments. The first method [118,
149] used ad-hoc approaches to select genes as differentially expressed based on the
criterion that at least two consecutive time points are above a chosen fold change.
This approach uses an arbitrary threshold dependent on the baseline expression levels,
which may not be appropriate for all genes. Methods like SAM [183] try to overcome
this problem employing modified version of t-test. Another popular method is LIMMA
[156] which uses an empirical Bayes estimate of the variance for each gene, while the
differential expression analysis is performed using a classical t-test, through dividing
the time domain into two groups. All these methods are not applicable given the
design of our experiment.

A range of more sophisticated statistical methods were developed over the years,
which can be divided in three groups. Several of these methods extend the empirical
Bayes framework to time series analysis [48, 50, 98, 176]. Alternative approaches pro-
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posed by [13, 72, 171] involve univariate spline-based methods, which fit a smoothed
curve to the longitudinal data and detect differential expression employing a statistical
test. Finally, BATS combines these two approaches. It employs gene-wise functional
modeling to explain temporal differential gene expression, which is implemented in
a hierarchical Bayesian framework. All these methods perform temporal differential
expression analysis taking into account only a single (mRNA gene expression) molec-
ular level. Integration of omics data may enhance the investigation of the genomic
mechanisms involved in carcinogenesis.

Integrating multilevel molecular data may significantly improve temporal differ-
ential expression analysis, allowing for an effective way to pool the information across
multiple datasets. For example DNA copy number is linked to mRNA expression
levels. This relationship can be incorporated in differential gene expression analy-
sis, identifying genes with significant variation in expression levels associated with
copy number changes. These genes represent potential tumor suppressor genes and
oncogenes involved in the carcinogenic process. Hence, we developed a method which
relates these two molecular levels over time. The method estimates the amount of
the variation in expression levels induced by copy number abnormalities over time,
selecting better candidates through significance analysis.

Analysis of the dynamics within the pathway

Currently in the literature the understanding of cancer complexity is moving from
the gene level to pathways. This results in increasing interest in the reconstruction
of gene regulatory networks. Over the years various methods were developed for
dynamical gene regulatory network reconstruction. The methods of [159] (TV-DBN),
[92] (G1DBN), [135] (EBDNB) model the data by a dynamic Bayesian network. Other
methods use mutual information as a measure of dependencies between two genes at
different time delays [222] (TimeDelay-ARACNE), [109] (MRNET), [53] (CLR)). The latter
methods are computational approaches, lacking a solid statistical model. Alternative
approaches involve vector autoregressive models, which aim to capture linear inter-
dependencies among gene expression levels in order to reconstruct time-series chain
graph ([25] (simone), [1] (SparseTSCGM)). The method proposed by [25] reconstructs
a regulatory network parametrized only by autoregressive model parameters and the
innovations (errors) are assumed independent. On the other hand, [1] addressed the
problem of the full likelihood of the first-order vector autoregressive model, estimat-
ing both temporal and contemporaneous interactions. Lasso regularized regression
performs estimation and models selection simultaneously, allowing a sparse solution.



15

Such an approach is not always an advantage, especially when more accurate rep-
resentations of the parameters are required [189]. Parameter estimation followed by
support determination may allow better performance with respect to the inclusion/ex-
clusion of edges. Moreover, it may better determine individual partial correlation or
precision estimates after sparsification.

In this thesis, high-dimensional data from time-course experiments are modeled us-
ing vector autoregressive process, where the model parameters are estimated through
ridge penalized likelihood maximization. Imposing ridge penalties results in non-
sparse autoregressive and precision model parameter estimates. To determine edges
of main interest post-estimation significance analysis is employed ([49, 172]). Esti-
mation may be improved by incorporating prior knowledge on both autoregressive
and precision parameters in order to obtain less biased estimates. In the Chapter
4 the methodology is further extended to answer related biological questions. One
of the extensions comprises multilevel molecular integration analysis which allows to
reconstruct pathways from DNA copy number, mRNA and miRNA gene expression
data. Another may be the identification of differences in the dynamics of particular
molecular pathways between distinct groups/classes of longitudinal samples (e.g. cell
lines affected with HPV16 and HPV18).

Finally, the presented methodology is employed to obtain a dynamic view of the
(epi)genetic changes of measured HPV-transformed keratinocyte cell lines (see Chap-
ter 5). To capture the temporal variation in the m(i)RNA gene expression is related
univariately to the DNA copy number changes using the methodology presented in
Chapter 2. This analysis identified around 33% of m(i)RNAs to be differentially ex-
pressed over time, partially attributable to abnormalities in DNA copy number. The
same methodology is used to model the association between miRNA and mRNA over
time in order to identify miRNA targets. Based on enrichment analysis three well-
known pathways are identified to be enriched within the set of genes that exhibited
DNA copy number related differential expression. These three pathways are further
scrutinized by the multivariate analysis of Chapter 3 to obtain a picture of the dy-
namics within the pathways. This yielded putative regulators and regulatees for each
pathway. These genes may provide novel biomarkers for early detection of cervical
cancer as well as potential therapeutic targets.
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1.0.4 Outline of this thesis

The thesis is divided in six chapters, which are briefly summarized here.

Chapter 2: tigaR: integrative significance analysis of temporal differential gene
expression induced by genomic abnormalities

In this chapter we propose the methodology to improve temporal differential gene
expression in terms of the sensitivity, specificity and reproducibility, as well as to
allow more relevant biological questions to be addressed. Our method is extended to
incorporate concordant relationship between DNA copy number and gene expression
molecular levels. Hence, the method allows us to identify not only consistently al-
tered genes over time, but also to assess whether this is caused by DNA copy number
abnormalities. Spatial structure is taken into account inducing dependency between
genomic neighboring features. Estimation of the model parameters is performed using
an empirical Bayes. This allows us to borrow information over the genes and from
neighboring features, resulting in more stable estimates. All this allows us to have
a broader overview of abnormalities at multiple molecular levels, as well as to have
a better selection of potentially interesting genes. By modifying the link function
our method can handle count RNA-seq data as well. Illustration of the methodology
is performed on HPV-induced transformation (microarray) and head & neck cancer
(RNA-seq) data.

Chapter 3: Ridge estimation of the VAR(1) model and its time series chain graph
from multivariate time-course omics data

Chapter 3 studies network reconstruction of both temporal and contemporaneous
interactions among genes using the first-order vector auto-regressive (VAR(1)) pro-
cess. It is argued that employing regularization based on ridge penalization is better
or at least equally good as popular approaches [1] using lasso penalty. Methodol-
ogy allows to incorporate prior knowledge on non-existent interactions among the
genes providing less biased estimates of the temporal and contemporaneous interac-
tions among the genes. Several down-stream analyses for exploiting the reconstructed
time-series chain graph are presented: node statistics, impulse response analysis, mu-
tual information analysis, path decomposition and motifs illustration. Finally, we
illustrate our method on the data from the aforementioned HPV-induced transforma-
tion experiment mapped to the p53 signaling pathway, known to be altered due to
HPV E6-induced p53 degradation (from KEGG repository).
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Chapter 4: Ridge estimation of network models from time-course omics data
In this chapter methodology proposed in the Chapter 3 is extended in several

directions, to address further biological questions, employing more complex vector
autoregressive models. First, a VAR(2) model is considered, where we use an addi-
tional time point to explain the current one. Second, in order to reconstruct regulatory
networks of multilevel molecular data, VAR(1) model is extended with time-varying
covariates, eg. DNA copy number and miRNA gene expression data. Finally, reg-
ulatory networks can differ in distinct sample groups (i.e. HPV16 versus HPV18).
This can be identified assuming a VAR(1) model per group of samples augmented,
with fused ridge penalty. Methodology from both Chapter 3 and Chapter 4 is imple-
mented in R-package ragt2ridges freely available from CRAN. We present detailed
illustration of the package on the data from the cell line experiment mapped to the
p53 signaling pathway (from KEGG repository).

Chapter 5: Comprehensive molecular profiling of HPV-induced transformation over
time

To obtain a longitudinal overview of (epi)genetic alterations and resulting changes
in gene expression involved in HPV-induced transformation, we obtained chromoso-
mal, mRNA and miRNA expression profiles at 8 different time points in 4 individual
HPV-transformed keratinocyte cell lines arising from the same parental cells. In-
terestingly, unsupervised hierarchical clustering highlighted the role of chromosomal
alterations in the acquisition of anchorage independence. tigaR analysis (Chapter 2)
revealed that around 1/3rd of differentially expressed m(i)RNAs over time is directly
related to DNA copy number changes. Subsequent pathway analysis showed that fo-
cal adhesion (KEGG hsa04510), TGF-beta signalling (KEGG hsa04350), and mTOR
signalling (KEGG hsa04150) were enriched within these copy number related differ-
entially expressed genes. Employing the methodology described in the Chapter 4,
ID1 and PITX2 were identified as main regulators of the altered TGF-beta signalling
pathway, BRWD3 and NF2 for mTOR signaling, while PIGT and DAPP1 for focal
adhesion pathway. In addition, we showed that tigaRs can also be used to identify
miRNA targets by modelling miRNA-mRNA interactions over time. The validity of
this approach is shown by functional validation experiments.

Chapter 6: Aberrant methylation-mediated silencing of microRNAs contributes to
HPV-induced anchorage independence

In this chapter we set out to investigate the contribution of methylation to miRNA
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expression changes related to the acquisition of anchorage independence. Methodol-
ogy developed in Chapter 2 was not used as we noticed that effects of the demethylat-
ing treatment were substantially varying per cell line and per time point. Therefore,
the ranking analysis was employed instead on the delta values between treated and
untreated cells per time point and cell lines and integrated these results with results
from the Illumina 450K Infinium methylation assay. Using this pipeline we identi-
fied hsa-mir-129-2/-137/-935/-3663/-3665 and -4281 miRNAs potentially silenced by
methylation, for which we could validate hsa-mir-129-2/-137/-3663 and -3665. Inter-
estingly, mature miRNAs derived from epigenetically silenced genomic locations were
found to alter cell viability and the ability of cells to grow anchorage independently.
This further supports the validity of our model system and indicates that molecular
changes identified over time in these cells represent functionally relevant events.
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