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1
I N T R O D U C T I O N

Cancer is not only one disease but rather a set of diseases that are caused by alter-
ations in the genome. Much like evolutionary processes that produce innovations
through the pressure of competition, individual cells in the human body are con-
stantly subjected to pressure in their microenvironment. When a cell acquires a
growth advantage, it will proliferate faster than its environment, giving rise to a
tumor. Untreated, the tumor will grow and interfere with the normal functioning of
the tissue it is located in or that of the surrounding tissues, ultimately leading to
death. Ever since the discovery that the genome of tumor cells is altered in various
ways and especially since the advent of sequencing technologies, studies have tried
to discern the multitude of molecular processes that are dis-regulated, hoping to �nd
a cure for cancer.
Unfortunately, a single cure for cancer was not found but instead, large-scale studies
involving thousands of patients found an astonishing heterogeneity of tumor cells on
the genomic level. The evolutionary mechanisms at play result in remarkably diverse
changes that transform cells into cancer cells by giving them capabilities to outgrow
neighboring cells, migrate to other tissues and elude programmed cell death. Con-
sequently, a different approach to cure cancer was proposed which focuses on the
development of targeted therapeutics that are administered after the tumor was se-
quenced, termed precision oncology. The goal is no longer to �nd a single cure for
cancer but rather a medication for each of its variants. Precision oncology requires a
thorough understanding of the processes that lead to the formation of cancer cells in
order to develop precise medication and link genomic alterations to an optimal drug
combination to prescribe.
The main workforce within a cell are proteins, and genes are the blueprints from
which they are made. A central goal in precision oncology is therefore the accurate
identi�cation of those genes linked to cancer. With the availability of large and diverse
data sets corresponding to various measurements within a cell, machine learning can
be used nowadays to predict an association for a gene with cancer malignancies. This
can in turn guide hypothesis-driven investigations of promising individual genes to-
wards a more comprehensive set of anti-cancer drugs, a more complete understand-
ing of cancer diseases and �nally a decreased mortality of patients.

thesis outline

In this thesis, I will present an explainable machine-learning method to predict cancer-
associated genes from different molecular readouts of the cell. Chapter 2 will provide
a brief background in gene regulation and the various ways by which cells regulate
the amount of protein from the roughly 20,000 genes in the genome and introduce
how these regulation programs are disturbed in tumor cells. We will discuss several
central ideas and hypotheses from cancer genomics and see that linking a mutation
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2 introduction

in the genome directly to a growth advantage of a cell is unsolved as of yet.
Chapter 3 will then present several experimental methods to provide large-scale ge-
nomic readouts for a bulk of tumor cells, such as gene expression or DNA methy-
lation. All of the experimental techniques presented here rely on sequencing, the
process of extracting the genomic sequence of a sample of cells.
In Chapter 4 we will learn about fundamental concepts and problems of machine
learning. At the end of the chapter, graph convolutional networks are introduced,
the core of EMOGI, my proposed method for the prediction of cancer-associated
genes. One of the key points that distinguish EMOGI from previous approaches con-
ceptually is its capability to integrate very different experimental readouts and the
possibility to explain EMOGI's decision-making. Chapter 5 will �nally explain how
graph convolutional networks are applied to genomic, epigenetic, transcriptomic and
proteomic data levels to predict cancer genes. The results of training EMOGI are val-
idated thoroughly on simulated and real-world data in Chapter 6. The power of the
proposed method is benchmarked exhaustively against other methods for the pre-
diction of cancer genes and validated on several independent cancer gene sets. The
robustness of EMOGI is evaluated in perturbation experiments and the major reasons
for the performance of the method are investigated by experiments where individual
data types are held out during training. Finally, Chapter 7 will investigate novel pre-
dictions made by EMOGI and discern distinct classes of cancer genes that go beyond
the classical de�nitions that describe cancer genes as more often mutated than ex-
pected by chance. The results are summarized and put into context in Chapter 8.



2
B I O L O G I C A L B A C K G R O U N D

All cells in the human body contain roughly the same genetic material and originate
from one stem cell. The information is encoded in a large molecule, the Deoxyribonu-
cleic acid (DNA) as a sequence of nucleotides. The ensemble ofDNA is referred to as
the genome and contains a building plan for the cell. In each human cell the genome
is split into 23 different chromosomes. The chromosomes reside in the cell nucleus
and are typically heavily compacted and very different in size. Speci�c regions of
the genome are genes. Those regions code for proteins which then perform a wide
variety of tasks in the cell such as replication, reacting to outside signals and many
more. Genes are read by specialized proteins in a process termed transcription. While
genes are believed to be the most important part of the genome, they make up only
around 2% of it [ 1].
One of the most fundamental and only partially answered questions in molecular
biology is how two cells with the same genome can give rise to completely different
cell types with distinct functions and shapes. A neuronal cell, for instance, is very dif-
ferent from a liver cell, suggesting different mechanisms for shaping cell types and
fates. Several additional layers of regulation on top of the genetic sequence modify
the expression of proteins in the cell in various ways. How the DNA is compacted
in the cell nucleus differs between cell types, exposing some genes more than others
to transcription. Small chemical modi�cations of the DNA sequence allow the gene
to be transcribed or prevent transcription. Many more layers regulate cell fate and
not all of them have been discovered, but what they have in common is that they
establish and maintain tissue-speci�c levels of proteins in the cells.

Misregulation of these complex processes of genetic and epigenetic regulation can
have negative in�uences on the dynamic and transient equilibrium of protein levels
within a cell and ultimately lead to a phenotype or disease. While rare genetic dis-
eases usually have one causal change in the genome (a mutation) that explains the
phenotype fully, complex diseases result from combinations of environmental factors,
genetic predispositions and mutations acquired throughout the patient's life. Cancer
among them is a set of complex diseases, which arise from mutations of the genome
but it is usually combinations of mutations that cause the phenotype. They can lead
to altered proteins or misregulation of protein levels and ultimately to a cell that
grows outside of the strict regulations within the tissue it is residing in. While it was
observed that cancer genomes typically divert from the original one, a full under-
standing of cancer diseases is lacking. This is due to the fact that a change in the
genome can produce a phenotype through various ways. When a cell is no longer re-
sponding to programmed cell death (apoptosis), for instance, multiple genes or their
proteins may be the cause for that and any of the multiple layers of regulation may be
responsible. Therefore, linking cancer phenotypes to genotypic changes is hard and
requires a deep understanding of regulation of protein expression in the cell.

3



4 biological background

2.1 dna , gene regulation & proteins

Most of the dry mass within a cell is protein [ 1]. Proteins drive almost all processes
in the cell and studying how many copies of which proteins are present at a certain
moment in the cell is crucial to understanding the molecular basis of these smallest
functional building blocks of the human body as well as the emergence of complex
diseases. But while only 1 - 2% of the genome code for proteins [2], much more of it
is needed to explain the �nal protein concentrations within the cell. In the following
section, we will see the fundamental principles of gene regulation in order to grasp
how small genomic changes can cause mis-regulations in diseases such as cancer.

2.1.1 The Central Dogma of Molecular Biology

The DNA of living organisms is a sequence of nucleotides consisting of a phosphate,
sugar and one of four different bases. The bases are adenine, cytosine, guanine and
thymine, abbreviated with their starting letters A, C, G and T. A and T bind to each
other as do C and G. Each of the four bases thus has a complement and theDNA
is present as a double helix in which every nucleotide forms a base pair with their
respective counterpart. Hence, the genetic code of one strand of DNA can be recon-
structed from the other strand. This fact is used during cell division when the two
DNA strands are isolated and the bases of the second strand are reconstructed one by
one from the �rst one (template strand). The same principle can be used by the cell to
detect small changes in the DNA by checking if the two strands match everywhere.
If not, the cell can try to repair the damage or trigger cell death to prevent the error
from having an effect. Roughly 30.000genes reside within the � 3 billion nucleotides
of the human genome. Figure 2.1 shows the layout of a typical human gene and while
most genes have the elements depicted here, this does not hold true for all genes. A

Figure 2.1: Typical layout of a gene. The promoter region contains TF binding sites and is
the place where transcription starts. Genetic alterations here have the potential
to change protein levels in a subtle way. The promoter region is followed by an
untranslated region (UTR) of variable length. The coding region (ORF) consists of
exons and introns. The introns are not translated to protein sequences but exons
can be skipped or spliced in different ways, providing yet another layer of reg-
ulation that increases the variety of proteins that can be assembled. Regulatory
regions like enhancers are located either upstream or downstream of a gene. As-
signing a set of regulatory regions to genes is an active area of research and has
not been solved yet [3, 4].

gene typically contains a promoter region where the transcription machinery is re-
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cruited to initiate transcription. The gene body contains exons and introns which are
transcribed into an Ribonucleic acid (RNA) molecule. Introns are less important for
the �nal protein sequence because the intronic sequences are removed as part of the
post-transcriptional modi�cation process from the newly synthesized RNA . Genes
are transcribed by the RNA polymerase II protein complex (Pol II). This protein com-
plex is recruited to the promoter region of a gene with the help of special proteins
called Transcription Factors (TFs) and initiates the transcription process. A TF is
a protein with the capacity to bind DNA and thereby in�uences the rate at which
transcription occurs and ultimately the number of messenger RNA (mRNA) copies
produced in a certain amount of time. Most proteins do not bind DNA , however, but
rather perform other functions in the cell [ 5].
The central dogma of molecular biology states that DNA serves as a template for
RNA and the latter serves as a template for proteins [6]. The transcription process
produces a single-stranded molecule, the mRNA . The mRNA is then exported from
the nucleus to the ribosome and translated into a protein (see Figure 2.2 for details).
A series of three nucleotides (a codon) code for one out of 20 amino acids, the pro-
teins' building blocks. Multiple codons can code for the same Amino Acid (AA) such
that it is possible for nucleotides to change without changing the AA sequence of the
protein. The �nished protein then either remains in the cytoplasm to act as an en-
zyme, structural protein and more. However, it can also go back to the nucleus to
act as a regulator of transcription ( TF). Proteins can bind to other proteins, DNA or
RNA , making the formation of feedback-loops possible where proteins regulate the
abundance of themselves or other proteins.

2.1.2 Regulation of Protein Abundance in the Cell

Cells are highly dynamic microenvironments and proteins are responsible for their
correct behavior. Therefore, the number of copies of a speci�c protein (protein abun-
dance or level) is subject to strict regulation. It is thus not surprising that some pro-
teins are transported back to the cell nucleus after translation to control the amount
of mRNA produced by their own gene or a set of target genes.
Different cell types have very different desired protein levels and most genes are not
transcribed at all in a speci�c cell type [ 7].
Many mechanisms of regulating protein abundance occur prior to transcription. The
promoter region can in�uence the expression of the gene through binding of TFs.
A TF binds to the promoter region, often by recognizing a speci�c sequence, the
so-called Transcription Factor Binding Site (TFBS) . Thereby it either increases or re-
presses the recruitment of the transcription machinery. The more Pol II is recruited to
the promoter region of the gene, the more mRNA transcripts are produced and the
more protein gets translated.
Although the DNA is a linear molecule, it folds in 3D and therefore regions that
might be far away from each other in the sequence are actually close in space. Distant
regulatory regions, termed enhancers and silencers, can in�uence the expression of
their target genes. They are thought to loop to their target genes and provide binding
sites in the DNA to which more regulatory proteins, such as TFs can bind. Therefore,
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TFs binding to the enhancer or silencer can help with the recruitment of the tran-
scription machinery in a similar way as if they were directly bound to the promoter
sequence of the gene. Enhancers positively regulate gene expression of their targets
while silencers reduce their expression.
Another mechanism for regulating gene expression is the compaction of the genome
within the cell. Some regions are very tightly packed, making entire regions of the
genome inaccessible. Which regions of the genome are accessible differs signi�cantly
between cell types [8].
After the production of mRNA , post-transcriptional regulatory mechanisms addition-
ally in�uence whether the mRNA is successfully exported to the ribosome and gets
translated there (see Figure 2.2). Small RNAs , called micro-RNAs can in�uence the
stability of speci�c mRNAs and either ensure that they are successfully exported or
degraded in the cell nucleus [ 9]. Therefore, post-transcriptional regulation describes
yet another layer for the cell to manipulate protein abundances in a �ne-grained and
highly speci�c manner.
And �nally, small chemical modi�cations to the DNA such as DNA methylation
can in�uence gene expression. DNA methylation describes the addition of a methyl
group to the DNA molecule. In mammals DNA methylation occurs almost exclu-
sively at Cytosine followed by Guanine (CpG) dinucleotides. In normal cells, the
DNA methylation landscape (often called methylome) is highly tissue-speci�c [ 10].
While around 75% of CpG sites are methylated in mammals [ 11], important regu-
latory elements and especially promoters surrounded by CpG islands are unmethy-
lated. These differences are usually very sharp and highly similar across cells of the
same cell type [10]. High DNA methylation in promoter regions was shown to have
a repressive effect on gene expression [12] in two different ways. First, TFs cannot
bind and transcription is hindered in highly methylated promoter regions [ 13], and
second, high DNA methylation can contribute to the formation of heterochromatin
where the DNA is so highly condensed that transcription cannot or only rarely occur.
The compaction process is caused by specialized proteins (MBD proteins) which then
recruit chromatin remodelers to the promoter region of a gene [ 14].
Unlike the methylation patterns in the promoter regions of genes, gene bodies were
associated with highly transcribed genes in the past [ 10, 14, 15]. The methylome is
established and maintained by specialized methyl-transferases, proteins that read,
write and remove methyl groups at CpG sites in the genome.
The exact concentration of a protein in a cell is highly dynamic and changes quickly

over time. It is often determined by multiple layers of regulation. How exactly abun-
dances are maintained and how they change over time is still unclear despite rapid
progress in sequencing technologies and new mechanistic insights.

2.1.3 Proteins Form Pathways

Proteins are the main building blocks of the cell and execute most of the cell's func-
tions [1]. They are responsible for cell stability (forming membranes, �laments and
microtubules), transportation of molecules within the cell, reaction to stimuli from the
outside and more. But not surprisingly, proteins rarely work alone and every protein
binds to other molecules [ 1], most often with high speci�city. Protein complexes, such
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Figure 2.2: Genesis and life cycle of proteins. DNA is transcribed into mRNA transcripts.
Transcripts get exported to the cytoplasm and get translated into proteins. The
proteins can either go back into the nucleus to act as regulators of transcription
(e.g. Transcription Factors ) or form protein complexes and perform tasks in the
cell.

as theRNA Polymerase II transcription machinery mentioned above, consist of more
than 10 individual proteins that assemble through non-covalent bonds [ 16]. Further-
more, long processes like the reaction to outside stimuli require a coordinated action
from multiple proteins or complexes. Signal transduction involves receptor proteins
that detect the signal and then pass it down to other proteins, causing a cascade at
the end of which the cell reacts to the signal by changing transcription rates of genes.
Cascades or modules of interacting proteins that pursue a certain goal in the cell,
such as signal transduction, cell death or growth, are called pathways. The pathway
for programmed cell death, for instance, involves several hundreds of proteins [ 17]
(GO term GO:0097190).
The de�nition of what constitutes a pathway is vague. They are either de�ned based
on the molecular function that they associate with or from unbiased studies of Protein-
Protein-Interaction (PPI) networks. In such networks, proteins that can bind to each
other are connected, forming an undirected graph that can be studied using mathe-
matical tools (more on PPI networks in chapter 3.5).
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Figure 2.3: Cancer development without treatment. Somatic mutations are acquired through
errors in cell division or external factors. Driver mutations give abnormal cells a
growth advantage, leading to the formation of a tumor. The cancer cells in the
tumor will develop further mutations, often at an accelerating rate, leading to the
formation of sub-clones with different oncogenic characteristics. At some point,
the cancer cells will become able to invade other tissues through the blood stream
and metastasize. This is where cancers will become lethal, even if the original
tumor was not in a survival-critical tissue.

2.2 cancer diseases

Cancer is the second most frequent cause of death worldwide with a death toll of
more than 8 million people per year and describes a set of diseases. It occurs when
cells are no longer following their normal programs and start to grow in an uncon-
trolled manner [ 18] (see Figure 2.3 for an overview over cancer progression). The
accumulation of such “rogue” cells is called a tumor and tumors can start growing
in any tissue of the body, giving rise to different tumor types. In their later stages,
tumors very often metastasize, invading neighboring and even distal tissues. If not
treated, tumors (metastasized or not) will at some point interfere with the normal
functions of organs such as the lung, liver or heart and cause death.
Cancer cells that no longer follow their de�ned programs have altered genomic se-
quences that lead to abnormal protein sequences or altered concentration of proteins
within the cell. Therefore, cancer is a set of diseases of the genome [19]. It is be-
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lieved to arise from the accumulation of somatic mutations at random locations in
the genome through the lifetime of a patient. A mutation is a small alteration of the
genomic sequence (often only one or very few bases) and somatic mutations char-
acterize those mutations not present from birth but acquired and therefore present
only in a subset of all the cells in an individual. Another form of more complex ge-
nomic rearrangements are Copy Number Aberrations (CNAs) which are mutations
of larger portions of the genome at once. Different classes of CNAs exist. A region can
be copied, for instance, leading to a duplication of the sequence within the genome
or can be removed from the sequence, leading to a deletion of that region [ 20–22].
The study of CNAs — or structural variation more generally — is an active topic of
research and a detailed description is beyond the scope of this thesis. Importantly,
CNAs can change the number of copies of a gene and in�uence gene expression
when a gene is located within a CNA , giving rise to the term.
The reasons why cells acquire mutations are diverse. They can arise during the divi-
sion of a cell when the exact genomic sequence is not correctly replicated but also
from external agents, such as compounds in tobacco, UV light or radiation. Most of
the mutations that occur in the genome do not have an immediate effect on the cell.
However, once they occur in important regulatory regions or genes, mutations have
the potential to change the cell's metabolism in various ways, the simplest being a
mutation that changes the mRNA product of a gene. This in turn might change the
translated protein sequence, potentially giving rise to an altered protein that does not
function correctly anymore.
As depicted in Figure 2.3, the accumulation of mutations in a cell continues. The
process often accelerates because crucial cell functions such asDNA repair, replica-
tion and programmed cell death are no longer functioning correctly until the cell
ultimately transforms into a cancer cell. Cancer cells are cells which grow outside of
the tightly regulated microenvironment of the surrounding tissue. In order to do so,
cancer cells must change the normal metabolism of the cell to no longer react to out-
side signals such as programmed cell death (apoptosis), divide more often than other
cells and acquire more energy to divide very often [ 23]. It is still unclear how exactly
the transformation process happens. Also, estimates on how many alterations are re-
quired for a cell to become cancerous vary greatly [ 22, 24–26]. Molecular pro�ling
has revealed that most somatic mutations in cancer genomes occur outside of genes
[27]. But due to the complex regulatory mechanisms, non-coding mutations can still
in�uence the expression of genes and hence aid the transformation of normal cells to
cancerous ones (tumorigenesis) [27, 28].
Despite the mutation generation process being random, the genomic alterations in
cancer cells carry much information about important elements for tumor progression
and initiation [ 25]. Cancer cells need a growth advantage over other cells in order to
form a tumor and metastasize. Genes that are more often mutated than one would
expect are probably associated with cancer or cancer-related cell functions [25, 29]
because the mutations would not be present so often if they did not confer a growth
advantage. Large-scale studies of cancer genomes such as those fromThe Cancer
Genome Atlas (TCGA) [30] have not only found mutations that occur in many pa-
tients but also several genes to be more often mutated than expected, giving rise to
the notion of cancer driver genes. Cancer driver genes are often de�ned as genes that,
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when mutated, increase the net cell growth in vivo [31]. Due to the complex nature of
gene regulation in humans, however, a gene is not required to carry a mutation to be
implicated in cancer diseases.

2.2.1 Personalized Medicine

The stochastic way in which mutations accumulate in a genome makes treatment of
cancers very hard. While some drugs speci�cally target hallmarks of cancer [ 23], oth-
ers speci�cally target proteins to reestablish normal cell functions. The later a tumor
is detected, the more diverse its mutational landscape has become [26, 32] because
once the cell has lost its genomic stability, mutations and genomic rearrangements
occur at a much higher rate. The different sub-populations within a tumor each have
their own vulnerabilities and resistance, hindering treatment [ 33].
The goal of personalized medicine is to sequence tumors and then decide on a treat-
ment based on the mutational composition of the tumor. Therefore, a deep under-
standing of cancer diseases as well as a plethora of very specialized drugs is needed
to cure patients. Examples of specialized treatments target HER2 overexpression in
breast cancers through kinase inhibitors and specialized antibodies [ 34] or target
the BCR-ABL fusion gene in Chronic Myeloid Leukemias through tyrosine kinase
inhibitors [ 35]. By now, personalized treatments for many cancer types are available
[36]. Most of the personalized cancer treatments target proteins that are either overex-
pressed, mutated or that are important for the growth of cancer cells but not required
in normal cells [ 37]. To develop a highly specialized battery of drugs, it is therefore
crucial to completely catalogue all genes with an association to cancer. Only then,
specialized treatment can be administered to restore normal cell functions, kill all
cancerous cells of a tumor and prevent relapse.

2.2.2 Finding Cancer Genes

Multiple studies have found cancer drivers in a hypothesis-driven way [ 38, 39] where
a gene was believed to have a speci�c function that relates it to cancer and that
association was tested in a laboratory. With the advent of mutation pro�ling data
for thousands of patients by TCGA or—more recently—the International Cancer
Genome Consortium (ICGC) Pan-Cancer Analysis of Whole Genomes (PCAWG)
[28], computational methods have emerged to statistically predict cancer driver genes
from molecular data sets [31, 40–44]. Early computational and experimental studies
for detecting cancer driver genes have focused on genes that are mutated more often
than expected by chance, leading to the discovery of EGFR, KRAS or MYC genes [19].

However, as seen in Section2.1.2, multiple layers of regulation can cause changes
in protein concentrations. Hence, over-mutated genes only explain a fraction of the
underlying causes of cancer [19, 25, 37]. While a few genes are highly mutated, there
often exists a “long tail” of the mutation rates that contains less frequently mutated
genes which nonetheless in�uence cancer progression [19]. This partly comes from
the organization of proteins in pathways and complexes (see Section 2.1.3 for details)
where the normal cell functions can be modi�ed or disabled by mutating any of the
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genes in the pathway. As a consequence, each of the genes within the pathway is only
mutated in a fraction of patients but the cellular function is disabled in all or many of
them. Different strategies have been adopted to account for that heterogeneity. One
way is not to consider different cancer types individually but rather in a joint analysis
(termed pan-cancer analysis) [30]. If somatic alterations are present in multiple can-
cer types, their statistical signi�cance is increased, allowing to distinguish passenger
and driver mutations even for rarely altered genes. The rationale behind pan-cancer
analyses is that there are common alterations across cancer types and that rationale is
supported by evidence in many cases. It was, for instance, shown in multiple studies
that tumor cells often exhibit stem cell-like behavior and reactivate the same devel-
opmental genes across different cancer types in order to outgrow neighboring cells
[45–48], justifying pan-cancer approaches especially for rare or understudied tumor
types.
Another orthogonal strategy that computational methods have started to adopt is
the incorporation of Protein-Protein-Interaction data into the algorithms [ 41, 44, 49].
This way, alterations in a protein complex or pathway can be aggregated and signif-
icantly mutated modules were shown to correspond to known cancer pathways [ 41,
42, 50].
Both of the above-mentioned causes for heterogeneity only partly explain the ge-
nomic landscapes of tumor cells, unfortunately [ 25, 51]. Regulatory regions such as
enhancers can regulate gene expression viaTFs and can equally be disrupted in can-
cer [28, 37, 52]. If binding sites of TFs are disrupted by a mutation, this can have an
effect on the expression of the target gene(s) of that regulatory region. As of yet, the
exact locations of regulatory regions determining the expression of a gene of interest
are not entirely known, making it hard to assess the exact consequences of mutations
occurring outside of genes despite recent efforts [52, 53]. On top of that, genomic data
of whole genomes of cancer patients only recently became available on a large scale
with initiatives such as PCAWG [28]. Therefore, to accurately understand the impact
of non-coding mutations in cancer, one has to decipher the complete set of regulatory
mechanisms because mutations can affect every layer of genome regulation.
Fortunately, it is possible to measure the abundance of mRNA in a cell experimen-
tally, making it possible to �nd putative cancer genes that are not mutated but
nonetheless show altered expression in tumor samples. Unlike the genome which
is the same across all cells (not counting somatic mutations), each cell type expresses
different genes at different levels in a highly dynamic fashion, making it harder to
quantify expression changes between tumor and normal samples [ 3, 54, 55]. Further-
more, mRNA expression is only an intermediate measure of the protein expression,
not accounting for post-transcriptional regulation through micro-RNAs (miRNAs) or
other mechanisms. Nonetheless, some of the variability in protein expression through
non-coding mutations and epigenetic aberrations can be explained through mRNA
expression and multiple studies have found cancer genes that are overexpressed but
rarely mutated [ 56–59]. One of the prototypical examples of such a gene is the tran-
scription factor family of MYC genes which are rarely mutated but often ampli�ed
(targeted by a copy number duplication event) and overexpressed. Due to their role
as TFs, MYC overexpression leads to increased expression of target genes, many of
which play important roles in cell proliferation [ 20, 37, 60]. As was observed already
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for somatic genomic lesions, several genes were observed to be recurrently expressed
differently in different cancer types [ 37]. Following the rationale from above, a pan-
cancer approach therefore is expected to help identify genes that are only differently
expressed in a small part of the cohort, and that would be missed by investigating
single cancer types.
Lastly, alterations of the genome are not the only changes in cancer cells. Epigenetic
aberrations can in�uence gene expression and provide yet another mechanism of
how cancer cells corrupt normal cell functions. DNA methylation, introduced in the
previous section, is signi�cantly altered in cancer genomes [ 61]. Mutations in readers
or writers of methyl groups at CpG sites (or mutations in their regulatory regions)
cause changes in the methylome. It has been observed in multiple cancers that the nor-
mally sharp patterns of DNA methylation are dissolved. This phenomenon of global
hypo-methylation is accompanied by a local hyper-methylation of selected CpG is-
lands [61, 62] and silences multiple genes. The broad changes of the methylome in
cancers most often lead to the deactivation or activation of cancer driver genes [ 10,
12, 62, 63] and hence, measurements of DNA methylation are important features
for the identi�cation of cancer driver genes. In colorectal cancers, for instance, up
to 800 genes are transcriptionally silenced through aberrant DNA methylation com-
pared to normal adjacent tissues [64–66]. As for genomic lesions and differential
expression, many cancer-associated genes were reported to show differential methy-
lation patterns across multiple cancer types and especially that cancer cells show stem
cell-like behavior with certain developmental genes frequently being reactivated in
cancer cells [45, 47, 48, 67]. While the DNA methylation landscape is highly tissue-
speci�c, differentially methylated promoter regions are enriched for developmental
genes across multiple cancers [46]. Therefore, a pan-cancer approach is likely to give
a stronger signal of differentially methylated promoter regions compared to analyses
of individual cancer types and expected to better recapitulate the activation and/or
maintenance of the core pluripotency network through aberrant DNA methylation.

2.3 computational methods to predict cancer genes

To date, a plethora of computational tools has emerged to predict cancer-associated
genes but often adopt very different de�nitions of cancer genes. MutSigCV [ 40] and
20/ 20+ [31] are representatives of methods that predict cancer genes based on so-
matic mutations accumulated within the gene body. They follow the rationale that
genes which harbor frequent driver mutations confer a growth advantage to the cell
and the main focus of the methods is to distinguish driver mutations from random
passenger mutations. MutSigCV, for instance, constructs a sophisticated background
model that accounts for gene length and nucleotide composition for the prediction
of driver genes. 20/ 20+ is then even capable of differing between Tumor Suppressor
Genes (TSGs) and oncogenes from the distribution of mutations within a gene.
More recently, computational methods have started to model the heterogeneity caused
by pathways and other protein interactions through the use of PPI data. HotNet, Hot-
Net2 and hierarchical HotNet [ 41, 42, 68] attempt to �nd modules of frequently mu-
tated genes within PPI networks and found them to correspond to important cancer
pathways. Such methods often aim to identify entire modules instead of single genes,
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following the idea that the exact gene that is altered may vary from patient to patient
but the cellular function does not [ 69]. Recent advances further account for node de-
gree biases in the HotNet algorithms through specialized normalization [ 70].
All of the above-mentioned methods only use mutation data for their predictions. Re-
cently, predictive methods have started to incorporate different omicslevels in their
predictions, often using Machine Learning (ML) for that [ 44, 49]. ModulOmics [ 49],
for instance, solves a linear integer programming problem to predict modules of can-
cer genes from genetic, transcriptomic and protein interaction data and regulatory
information about TFs. And LOTUS [ 44] integrates mutations alongside PPI infor-
mation and leverages a supervised ML approach to predict oncogenes and TSGs
separately.
Finally, several methods have been developed to solve similar problems, such as
grouping samples based on molecular pro�les to identify subtypes of cancers or
predict survival and severity of patients [ 71]. While these problems are also highly
relevant, they are not in the scope of this thesis.

2.4 summary

Cancer is a set of highly complex diseases originating from genomic alterations (mu-
tations, structural variation and even chromosome duplications). Tracing all genomic
changes to a phenotype is theoretically possible but requires a rather complete un-
derstanding of gene regulation. The �nal level of a protein within a cell depends on
many factors and a complex regulatory landscape that is not completely understood
as of yet. Cancer cells typically “hijack” many different regulatory mechanisms in an
evolutionary manner to gain growth advantages over neighboring cells. Mutations in
the readers or writers of epigenetic marks, for instance, can cause genome-wide al-
terations, activate oncogenes or inactivate tumor suppressor genes [62]. Non-coding
mutations can suppress or activate genes when occurring in regulatory regions of
those genes [27], and mutations in TFs can alter the expression of many target genes
simultaneously [ 37]. However, multiple molecular readouts such as epigenetic modi�-
cations and mRNA expression can be used to associate cancer phenotypes with genes
when the regulatory processes underlying the phenotype are not fully understood.
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E X P E R I M E N TA L T E C H N I Q U E S

We are drowning in information and starving for knowledge.

— John Naisbitt [ 72]

We have now seen that it is hard to decipher the regulatory mechanisms and dy-
namics that control the highly different levels of protein abundances in all cells of a
human body with the same underlying genome. This chapter will brie�y introduce
experimental methods to not only sequence the genome but also directly measure
intermediate products that help �nd mis-regulated cell states without having to fully
understand the regulatory landscapes that give rise to different cell types and protein
levels.

3.1 high -throughput sequencing

The DNA sequence is the most fundamental molecular readout because it is the same
across tissues and is not changing over time except for somatic mutations. Many ap-
proaches have been developed to sequence the genome or parts of it, starting with
Sanger sequencing [73], evolving to Microarrays [ 74] and now High Throughput Se-
quencing (HTS) (see [75] for a review of the history of DNA sequencing methods).
Today, HTS (or next-generation sequencing, NGS) is the most prominent way to se-
quence DNA in a sample (a bulk of cells). Different HTS sequencing methods exist
with Illumina dye sequencing being the most popular among them. An additional
overview of currently used next-generation sequencing approaches with their advan-
tages and disadvantages is given in Goodwin et al. [ 76].
In brief, most HTS methods work by �rst fragmenting the DNA molecule to obtain
many short nucleotide sequences, followed by a heavy ampli�cation of the same [ 77].
Once ampli�ed, sequencing uses only a single strand of the short DNA sequences
and reconstructs the second strand using polymerase as in normal cells. This en-
zyme reconstructs the second strand of the DNA sequence that is to be read, using
specialized nucleotides with �uorescent markers. Once one of such nucleotides is
attached to the newly synthesizing DNA strand, a camera takes a picture and uses
wavelengths and intensity to determine which nucleotide was just sequenced. High
throughput is achieved by performing the sequencing reactions massively in parallel.
To identify nucleotides with high accuracy, the same piece of DNA is heavily ampli-
�ed and then sequenced thousands of times [ 2]. The sequencing can be targeted to
regions of interest, such as exomes [78] (termed Whole Exome Sequencing (WES) )
or speci�c genes.
The results from HTS are short reads (typically � 150 nucleotides long) that have to
be mapped computationally to a reference genome (see Figure 3.1). While the reads
are relatively short, they are highly accurate (correct in � 99.9% of the cases), making
the detection of point mutations (one changed nucleotide) very reliable.
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Figure 3.1: Types of genomic alterations/rearrangements detectable through HTS. Different
types of genomic changes can be detected fromHTS. Point mutations show mul-
tiple reads with nucleotides being different compared to the reference genome.
Small insertions and deletions (indels) can be detected when multiple reads leave
out a part of the reference or have extra nucleotides added. Larger chromoso-
mal rearrangements, such as copy number changes can also be detected. Figure
adapted from [ 79].

3.2 mutation profi l ing

High throughput methods can be used to detect genomic alterations in tumor cells
and have become the state of the art in cancer genomics studies and clinical applica-
tions [28, 79]. Single Nucleotide Variants (SNVs) are derived from sequencing tumor
and normal samples in parallel to exclude germline mutations and other divergences
from the reference genome. The capacity to detect SNVs is highly dependent on
the sequencing depth, that is how many bases are sequenced compared to the num-
ber of bases in the starting material (� 3.2 billions for whole human genomes, � 30
millions for human exomes). Mutations are then called by computational tools that
count the number of reads showing the alteration and compare it to sophisticated
background models [ 80, 81] (see Figure 3.1). The challenges in calling mutations in
cancer genomes are that usually samples are not pure (immune cells, blood vessels
and other cells are mixed with tumor cells) and that different subpopulations in a
tumor can be mutationally very heterogeneous [ 19, 82]. This leads to mutations oc-
curring at low frequencies despite their importance in tumor formation, requiring
greater sequencing depth to distinguish them from experimental noise.
Next-Generation Sequencing (NGS) can also be used to detect structural changes in
cancer genomes, such as copy number changes and small indels [83] (see Figure 3.1
for an overview of genomic changes detectable from NGS read data). Again, the chal-
lenge in reliably detecting copy number aberrations in cancer genomes is a statistical
one and is usually tackled with computational methods that decide whether the reads
provide enough information about structural changes or not [ 20, 83, 84]. Paired-end
reads help with the ability to detect structural variation in cancer genomes [ 82]. For
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a review of the applications of NGS methods to detect mutations and chromosomal
rearrangements, see Meyerson et al. [79].

3.3 methylation profi l ing

DNA methylation describes the addition of methyl groups to the DNA molecule. In
humans, DNA methylation occurs almost exclusively at CpG dinucleotides. DNA
methylation represents the most extensively studied epigenetic modi�cation and has
been de�ned as a major hallmark of cancer [ 85]. As discussed in Section 2.1.2, the
DNA methylation landscape (the methylome) is controlled by proteins that read and
write methyl groups to the DNA . Somatic mutations in their genes (or regulatory
regions of them) can introduce aberrant methylomes in cancer cells.
The most common approach to measure DNA methylation is bisul�te treatment and
conversion. Upon treatment with bisul�te, unmethylated cytosines (C) are changed
to uracil during library preparation. Uracil (abbreviated U) is normally only present
in RNA molecules and is read as a thymine (T) during sequencing. After the bisul�te
treatment, NGS is performed and the read counts are used to compute the fraction
of cells in the sample in which the cytosine was methylated. The resulting average is
called � -value and ranges from 0% (the CpG site is methylated in none of the cells)
to 100% (the CpG site is always methylated). There are different experimental proto-
cols for measuring DNA methylation with speci�c advantages and drawbacks which
are reviewed in [ 86]. The most widely used platform that allows for a larger cohort
is the Illumina In�nium 450k Methylation array based on microarrays. It sequences
> 450,000 targeted CpG sites in the genome that were chosen to either lie in pro-
moter regions, gene bodies, regulatory regions or additional regions that have been
reported to be differentially methylated in the past [ 87, 88]. Each experiment with
that platform will give � -values for the exact same bases in the genome, allowing
comparison between different samples. However, that approach only covers 1% of
CpG sites in the genome [86].

3.4 gene expression quantif ication

Another shortcut to �nding mis-regulated genes and proteins in cancer — thereby by-
passing the complex mechanisms of gene regulation — is a readout of the numbers
of copies of a gene product (mRNA or protein). While the number of copies of a pro-
tein in a cell can be directly measured as well [ 89], this process is harder and usually
produces data for only some proteins [ 89]. However, the mRNA levels can be mea-
sured through NGS methods in a high-throughput manner, making this approach
widely used. The mRNA levels then serve as proximal measurements of protein ex-
pression, despite not acknowledging post-transcriptional regulation through various
mechanisms.
The number of copies of mRNA transcripts in a cell are measured using RNA se-
quencing (RNA-seq) [90]. This experimental protocol �rst extracts RNA in a cell and
fragments it. Then, the RNA is reverse-transcribed to complementary DNA (cDNA) ,
adaptors are added and the fragments are ampli�ed and subsequently sequenced
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with NGS (typically Illumina protocols but other approaches exist [ 91]). The result-
ing reads are mapped to a reference genome (if available) and the read counts for a
transcript serve as a measure ofmRNA abundance. Reads are typically further pro-
cessed to account for artifacts occurring during ampli�cation or adapter ligation and
�nal read counts are often expressed as Fragments Per Kilobase Million (FPKM) to
normalize for read length and sequencing depth. For an overview of different proto-
cols for RNA-seq , see the recent review by Stark et al. [54].

3.5 protein -protein interactions

In Section 2.1.3, we saw that proteins interact with other proteins or molecules such
as DNA or RNA and even organize in pathways to perform their function in the cell.
These interactions make it harder to �nd putative cancer genes because changes in
many proteins of a complex or pathway can cause the phenotype, no matter which
protein is affected by the change. Measuring how proteins interact in a cell gives an
approximation of pathways and complexes that are related to a speci�c protein of
interest. Interactions between proteins are believed to be a transient and dynamic
process that changes with different needs of the cell and any experiment �nding two
proteins interacting reports a snapshot of such a process. Therefore, experimentally
measured PPIs describe the possibility of two proteins interacting rather than an in-
teraction taking place in all cell types and at all times.
Experimental methods to �nd PPIs differ in two approaches. Binary methods like
Yeast Two-Hybrid (Y 2H) directly measure the interaction partners of a protein of in-
terest [92]. In that system, the �rst protein (bait) is fused to the DNA binding domain
of the yeast TF Gal4 while a second protein (prey) is fused to the activation domain of
the sameTF. When the reporter gene of Gal4 is subsequently expressed, the two pro-
teins interact. Conducting many of those experiments in parallel allows studying all
or most interaction partners of the protein of interest. In Y2H, only direct interactions
between two proteins of interest are measured and false positives are typically low.
However, the interactions are measured in a yeast host, thereby drastically changing
the environment.
Co-complex methods, on the other hand, like Tandem Puri�cation coupled to Mass
Spectrometry (TAP-MS) or co-immunoprecipitation, attempt to measure all the in-
teractions between the bait protein and its interaction partners at once. In TAP-MS , a
tagged protein is isolated along with all of its interaction partners from a solution by
immunoprecipitation and the resulting protein mix is then divided into smaller pep-
tides and subjected to mass spectrometry analysis. Co-complex methods also mea-
sure indirect interactions that originate because protein A interacts with protein B
and B with C and will then report a false interaction between A and C [ 93].
Nowadays, databases hold PPIs for a large variety of proteins such that an entire net-
work for an organism can be constructed. Such PPI networks usually contain inter-
actions from different platforms and experiments and meta-databases unify several
resources to produce high-con�dence interaction networks [ 94, 95].
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C O M P U TAT I O N A L B A C K G R O U N D

All models are wrong but some models are useful.

— George E. P. Box

In the previous chapters, we have seen that linking genotypic changes to cancer phe-
notypes is a great challenge. At the same time, intermediate measures of gene prod-
ucts or epigenetic marks can be obtained with modern sequencing technologies. In
order to detect cancer-associated genes without a complete understanding of genetic
regulation, we can use a computational approach that integrates different heteroge-
neous data sets to predict whether a gene is or is not associated with cancer pheno-
types.
In this chapter we will learn the computational prerequisites for EMOGI, an explain-
able multi-omics graph integration approach that uses such heterogeneous data types
to predict cancer-associated genes.

4.1 learning from data

ML describes a �eld of study operating at the intersection of computer science, statis-
tics, and engineering. Methods and algorithms assigned to the �eld of ML are able to
learn complex patterns from a given data set. “A computer program is said to learn
from experience E with respect to some class of tasksT and performance measure P,
if its performance at tasks in T, as measured by P, improves with experience E.” [ 96]
The task T is highly problem-dependent and can vary a lot, depending on the appli-
cation. A valid task could be the recognition of human faces in images [ 97], directing
the motors of a robot such that the robot walks without falling down [ 98] or the
detection of cancer genes from molecular data sets. The experienceE in modern data-
driven machine learning is usually represented by data points (or examples) in which
a data setX consists of individual data points xi . Data points are mostly represented
as vectorsxi 2 Rp where p denotes the number of features per data point. The terms
data points and feature vectors will be used interchangeably to denote xi throughout
this thesis. Mostly, learning algorithms have the entire data set X at their disposition
and designers of such algorithms can freely choose to learn from one example at a
time or from all at once.
The performance measure P describes a metric that de�nes how well the algorithm
is currently achieving its goal and when it should stop learning. The performance
measure is usually de�ned by the learning problem [ 99]. In the case of a robot that
is learning how to walk, performance could be described by the distance without
falling. In case of image recognition, on the other hand, performance might be ac-
cessed through expert-curated data where the algorithm's prediction is compared to
a label that was assigned by an expert to each image (a process called labeling). Most
often, a performance measure P can be derived more easily when many labeled data
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points are available. In computational biology, however, the performance measure is
often not an obvious choice because the goal is to generate knowledge which is only
useful when the domain of the application is not very well understood. In addition,
labels are often hard to come by in the �eld [ 100]. In some cases, experimental vali-
dation on a large scale can provide labels [101–103] but such studies are not always
available and often, the validations have to be done under slightly different condi-
tions than the application (use of cell lines instead of human tissues for knockdown
experiments, for instance).
Different learning algorithms have been developed for various types of applications.

Figure 4.1: Supervised & unsupervised learning. a In supervised learning, the learning al-
gorithm is provided not only with data points xi but also with labels y i that make
the learning easier. The labels take three different labels for three distinct classes in
this example. b For unsupervised learning, only the data points xi are given and
the algorithm has to distinguish the classes without any labels. In the example, a
distance metric (like the Euclidean distance) can be used to distinguish between
points that are close to each other and more distal points (the process is known as
clustering).

They can mostly be distinguished into supervised and unsupervised methods, de-
picted in Figure 4.1. Supervised methods are the focus of this thesis, although un-
supervised machine learning methods are used in Section 7.2. Supervised ML algo-
rithms use, in addition to the data points xi , a provided label (or target) y i , which
carries information on the true prediction outcome of a data point. This can be a class
label (an image contains a human face or not), a continuous value (the predicted ex-
pression level of a gene) or even a vector of values. Hence, supervised learning algo-
rithms learn a mapping from x to y, using the data set D = f(xi , y i gNi = 1 . In supervised
learning tasks, the performance measure can easily be de�ned as the divergence of
the algorithms prediction ˆy i from the true label y i .
Unsupervised methods, on the other hand, lack the label and therefore have to �nd
structure in the data itself. An example of unsupervised learning is clustering, where
the goal is to �nd groups of similar data points in an automated fashion, for instance
correctly inferring three groups of data points in Figure 4.1 b. Unsupervised learning
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is thought to be inherently harder and often require more assumptions about the
underlying data generation process [ 104].

Figure 4.2: Classi�cation and regression. The different problems of classi�cation and regres-
sion are depicted in two panels. a In classi�cation, the goal is to distinguish classes
of points. In a binary classi�cation setting, a hyperplane (a line in 2D and gener-
ally a p - 1-dimensional plane in a p-dimensional problem) serves as the decision
boundary between the two classes (depicted as black line). b In regression, the
goal is to �nd a function that minimizes the distances of blue points to the line
(distances are depicted as black lines for some points). Here, the data is assumed
to lie on a line with some added error (the problem is said to be linear).

Supervised learning problems can be further divided into classi�cation and regres-
sion problems. In classi�cation, the target value y i denotes a class label and there is
a discrete number of classes. The simplest setting, called binary classi�cation, distin-
guishes between two classes of data points. The concept of regression, on the other
hand, describes the problem of predicting continuous values. Predicting the future
value of a stock or the expression level of a gene are examples of regression problems.
Figure 4.2 depicts the conceptual difference between classi�cation and regression.
While the former requires �nding a decision boundary that separates the classes, the
latter has to �t a function through the data points in order to make predictions for
new data.

4.1.1 Linear & Logistic Regression

The two concepts of classi�cation and regression are closely related in the setting of
linear regression and logistic regression. Linear regression describes an algorithm for
�tting a line through data points such that the line is most probably the one that
generated the data. The optimal solution for a one-dimensional case is depicted in
Figure 4.2b. The x-axis shows the feature x1 of the problem, while the y-axis shows
the output y. To �nd a linear mapping between feature and output, linear regression
attempts to �nd a line that minimizes the distance of each data point to the line.
The assumption behind linear regression is that the data was generated by a linear
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process wherey = ax + b with some error e. The error e is denoted by the black lines
in Figure 4.2b and minimizing e corresponds to an optimal line that models the data
generation process.
Logistic regression, on the other hand, describes a classi�cation method, despite its
name. It uses the general idea of a linear regression and embeds it into a binary
classi�cation scenario. Here, the response variable y is a class variable, encoding the
membership of data points to either class 0 (orange) or class1 (blue).

Figure 4.3: Logistic regression classi�es by projecting the data on a weight vector w and
then applying a logistic function. a The binary classi�cation problem from Fig-
ure 4.2b is depicted again. The weight vector w is learned during the training
process. All data points are projected onto w. b The data points projected on w
are depicted on the x-axis while the class labels y (0 and 1, encoded by blue and
orange points) are depicted on the y-axis. A logistic function is applied to the pro-
jected points to assign probabilities to the data points. Dashed lines indicate the
decision boundary between the classes.

Fitting a linear regression through the data points similar to Figure 4.2a, however,
is not ideal because of a linear increase of certainty that the point belongs to class
1 (the y-axis in Figure 4.3a) and no meaningful range of the output data. Ideally, a
classi�cation method should output a probability that a point belongs to class 1 (the
orange points) and this probability should not increase linearly because the region
around the orange points should be assigned a probability close to 1. Only the region
close to the decision boundary should be ambiguous. Therefore, logistic regression
replaces the linear function f (x) = ax + b with the logistic function � (x) = ex

1+ ex ,
giving the logistic regression its name. The successful �tting of a logistic function
onto the one-dimensional data from before is depicted in Figure 4.3b. It assigns high
probabilities to the orange points and low probabilities to the blue ones. In between
there is a steep decrease in probability, such that the assigned probabilities around
the decision boundary vary a lot but stay stable in the well-de�ned regions.
Training a logistic regression model — and in fact, training most linear models — cor-
responds to �nding a weight vector w that projects the data to a lower-dimensional
subspace (the two-dimensional problem from Figure 4.3a is projected on a one-dimensional
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weight vector in Figure 4.3b). The projection of x onto w makes it possible to �nd a
simple decision boundary (dashed lines in Figure 4.3) that indicates a switch between
the two classes.
Unfortunately, there exists no closed-form solution to �nd the optimal parameters
of a logistic regression problem. Therefore, optimization is mostly done through
maximum-likelihood estimation. This procedure tries to �nd the parameters w of
a model such that the probability of observing the real data is maximized. For a
logistic regression problem, the maximum-likelihood estimate can be written as:

L (w) =
N 1Y

i = 1

Pr(xi ,w)
N 2Y

i = 1

�
1 - Pr(xi ,w)

�
(4.1)

where Pr(xi ,w) = � (wT x) = ew T x

1+ ew T x
and N1 denotes the number of data points for

class 0 while N2 denotes the number of data points for class 1. When we now com-
pute the log-likelihood (products are transformed to summations in the logarithm,
making calculations easier and alleviating numerical issues), we obtain:

log(L ) =
N 1X

i = 1

wT xi -
N 1X

i = 1

log
�
1+ ew T x i

�
-

N 2X

i = 1

log
�
1+ ew T x i

�

=
NX

i = 1

y i wT xi -
NX

i = 1

log
�
1+ ew T x i

�

In theory, setting the derivative of L to 0 will denote extreme points in the maximum-
likelihood estimation that denote optimal weights w. Due to the non-linear function
and the exponential, however, it is hard to obtain an analytical solution. Therefore,
gradient ascent is typically used to compute optimal weights iteratively by moving
in the direction of the gradient.

4.1.2 Gradient Ascent & Gradient Descent

Gradient descent and ascent are popular iterative optimization algorithms. Gradient
descent �nds extreme points of a function when the function is partly unknown but
differentiable.
Gradient descent operates by starting with an initial random guess of the parameters
w and computing the gradient of the function at that initial point. It then updates w
by taking a step into the direction of the steepest descent or ascent as indicated by
the gradient. This procedure is repeated until some criterion of convergence is met.
For the logistic regression, the gradient can be computed as:

r L =
NX

i = 1

�
y i xi -

ew T x i xi

1+ ew T x i

�
(4.2)

=
NX

i = 1

(y i xi - Pr(xi ,w)xi ) (4.3)

=
NX

i = 1

xi
�
y i - Pr(xi ,w)

�
(4.4)
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Figure 4.4: Different approaches for non-linear problems. The most straightforward solu-
tion to deal with non-linear classi�cation problems is to explicitly model a non-
linear function. Ensemble methods �t several weak classi�ers (typically linear
ones) that each solve a part of the problem. Together, the weak classi�ers can
model the problem as a whole. Finally, data transformations make the data linear
prior to using a classi�cation algorithm. Most often, data points are mapped to
very high-dimensional spaces to ensure linear separability.

The gradient descent algorithm now proceeds by updating w according to:

w = w - � r L (4.5)

until convergence. Gradient ascent replaces the minus sign with a plus sign to move
into the direction of the steepest ascent. This process is not guaranteed to yield an
optimal solution for arbitrary functions because the optimization can get caught in
local extrema. Many different variants of the gradient descent algorithm have been
developed, summarized in [ 105] with some variants converging faster or being able
to overcome small local extrema. For some functions, such as the loss function from
logistic regression, however, the results from gradient ascent are optimal and unique
[106] but even when this is not the case, results from gradient ascent or descent are
very useful in practice [ 99].

4.1.3 Non-Linear Problems

Many patterns in real-world data do not exhibit linear relationships. Especially in
highly complex systems such as cells, assuming linearity might not be justi�ed [ 100].
Different strategies have been developed for such scenarios (depicted in Figure 4.4).
The most straightforward idea is to �t another function, that is not a line, to the data
(a circle or ellipsoid for the setting in Figure 4.4). This strategy is used by several
algorithms [ 107, 108] but can have several drawbacks and often requires knowledge
of the data. Most high-dimensional data sets cannot be visualized easily, leaving the
choice of function classes open. Furthermore, the number of parameters to learn per
dimension can increase substantially, for instance when using polynomials. This in
turn can lead to problems like over�tting which will be discussed in Section 4.2.
Another approach for modeling non-linear problems is to use multiple linear classi-
�ers and take a consensus vote of the individual classi�ers in the end [ 109, 110]. This
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approach, termed ensemble learning, works very well in practice in domains where
the amount of data is limited because each “weak” classi�er focuses on a part of the
problem [ 108].
A third common strategy is to transform the data such that the problem becomes lin-
ear [111]. This strategy to handle non-linearity in data sets is most exhaustively used
by kernel methods [ 112–114]. Instead of solving the classi�cation problem in the orig-
inal space, they employ a transformation step to the data, trying to linearize it. After
the transformation step, the classi�cation problem can be solved by a linear classi�er.
While the choice of the transformation function is crucial but not straightforward, the
transformation often produces extremely high-dimensional spaces where linearity is
either guaranteed or very likely [ 111]. At the same time, the data transformation can
be achieved without ever computing the high-dimensional feature space through a
mathematical reformulation termed kernel trick. Kernel methods were applied very
successfully in various machine learning problems [ 106].
Each of the strategies has its advantages and disadvantages. To model a problem in
the original feature space, we had to �t more complex functions but such methods
are highly explainable (we can see what they learn and why predictions are made).
However, most data sets cannot be investigated visually, and therefore, an appropri-
ate function class is hard to �nd. At the same time, their increased �exibility requires
more weights to be trained. In addition, polynomial regression models are very sen-
sitive to outliers, reducing their capacity to generalize the model to unseen data.
Ensemble methods, on the other hand, often perform very well but when the deci-
sion boundary is highly complex, many weak classi�ers are required to successfully
model the problem. Therefore, they are often harder to apply in practice [ 106, 108].
The third option, which is based on data transformation, relies on manually designed
kernel functions to simplify the problem. Furthermore, kernel methods need to store
the entire kernel matrix 2 RN � N in memory, which does not scale well when they
are confronted with millions or billions of data points [ 99].

4.2 evaluating machine -learning models

The goal of ML models is to be able to extract meaningful patterns from a data set
in order to make predictions. The construction of a model usually involves a training
(or �tting) phase after which the model can make new predictions, such as predicting
expression levels of genes or human faces in images. Ideally, one would like to know
how well a model performs when it is confronted with new data points that are
similar to the training data. To do so, one can measure how accurately the training
data points were predicted after the training phase. However, a simple algorithm
that constructs a lookup table from the data would perform perfectly but still fail
with high probability in a real-world scenario.
To access the model's performance on future data, the available data set is usually
split into a training and test set. The test set can be used after the training phase to
assess the model performance on unseen data and hence acts as an estimate of what
results can be expected from the ML model in practice.
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Figure 4.5: Bias-variance tradeoff as a function of model complexity. More complex models
(those with more free parameters to optimize) tend to over�t the data (displayed in
the upper right corner on a binary classi�cation data set) while simpler models are
unable to adequately model the generative process. To obtain machine learning
models that work well on unseen data, a compromise between over�tting and
under�tting is sought. The concepts of over�tting and under�tting are directly
related to bias and variance.

4.2.1 Bias-Variance Tradeoff

Both, training and test error (the number of incorrectly classi�ed data points in the
respective data sets), have their own characteristics with regard to the complexity of
the used machine-learning model. The complexity of a model is given by the number
of parameters that are optimized during training. Highly complex models with many
parameters are prone to over�tting. That means, they overestimate the data genera-
tion process and start to model outliers extensively. Very simple models, on the other
hand, tend to underestimate the data generation process because they do not have
the capacity to model the problem correctly. As depicted in Figure 4.5, a linear model
is unable to properly classify the data due to the constraints in the underlying class of
functions (a line) while a very complex model �ts outliers, leading to a very “wiggly”
decision surface.
The expected error on unseen data can be formally written and decomposed into
bias and variance (see Section A.1 for a derivation of the bias-variance decomposi-
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tion). The bias measures how well the learning algorithm captures the relations in
the data while variance describes how extensively the model captures noise in the
data. Ideally, ML models generalizing well to unseen data would have minimal bias
and variance. Both, bias and variance, are directly related to the model complexity as
depicted in Figure 4.5 but also to the amount of training data. The more data points
available the more complex models can be trained without the risk of over�tting.
Models with minimal bias and variance are believed to be impossible and a com-
promise must be found [ 99, 106]. Finding the optimal balance between the two is
usually done by observing the training and test error as a function of model complex-
ity. When using iterative training procedures as gradient descent (described in the
previous section), the training time is often used as a proximal measure of complex-
ity and training is stopped when the test error starts rising again.
In situations where the amount of training data is scarce, model performance can of-
ten be increased by using domain knowledge. That is, by making assumptions about
the data that are true in practice and that lead to fewer weights in the model. Sec-
tion 4.4 introduces convolutions as an example of a method to encode basic assump-
tions about images into models, thereby reducing the complexity and ultimately the
number of parameters to train by orders of magnitude.

4.2.2 Performance Metrics

An ideal machine learning model generalizes well to unseen data. That capacity is
measured on a test set of data which was not shown to the model during training.
The metrics, used to �nally evaluate machine learning models, differ between prob-
lems. To see if model training converges (for iterative training procedures), the loss
is often assessed. The loss describes the quantity optimized by the training algorithm.
When the loss of a model starts to increase on the test set while still decreasing on
the training set, over�tting occurs. The most widely used metric for multi-class prob-
lems (more than two classes) is accuracy. This metric simply counts the fraction of
correctly predicted data points and is often more meaningful than the loss of the
model. In a binary classi�cation setting, accuracy requires the choice of a threshold
when the model's output are probabilities to assign a class to a data point. Most ML
models output a probability score for each class and data point. Hence, the choice of a
cutoff or threshold is required to assess accuracy in such cases. To alleviate problems
with thresholding, area under the curve (AUC) metrics are widely used in binary
classi�cation settings. Here, different types of errors are used as a function of the
threshold, and the integral under the resulting curve serves as a performance indica-
tor. The precision-recall curve is the most popular performance measure for binary
problems. It depicts recall (how many of the positive data points were found) on the
x-axis and precision (how many of these predictions are correct) on the y-axis for all
possible thresholds of the model (most often 0 to 1) and measures the integral under
the resulting curve. Such a metric is well suited for problems with class imbalance
(one class has more data points than the other) where other metrics often fail.
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4.2.3 Cross-Validation

Complex algorithms have many additional parameters that in�uence their perfor-
mance in practice like regularization, convergence parameters and model complexity
parameters. Such additional parameters which are not optimized during the train-
ing process are called hyper-parameters. Choosing them adequately is often not
trivial, yet their optimal values highly depend on the data set used. To tune the
hyper-parameters of a machine learning method, the training set is further split into
a training and validation set, reducing the amount of data left for training once more.
Cross-Validation (CV) refers to the process of iteratively training models on parts
of the data while dynamically changing the validation set. In 10-fold CV 9

10 of the
training data is used to train a con�guration (speci�c setting of hyper-parameters) of
the model while the 10th part is used for validation. Subsequently, nine additional
models are trained, each using the next 10th of the training set as validation set. Per-
formance of the 10 models is averaged to assess the quality of the con�guration. This
way, the validation set can be used in parts for training. CV exchanges computational
time for more usable training data.

4.3 neural networks

An Arti�cial Neural Network (ANN) is a non-linear, supervised machine learning
method that can be used for regression and classi�cation. It can be understood as
a hierarchical ensemble of logistic regression classi�ers that are trained together. To
simplify and visualize an ANN individual classi�ers (or units) are thought of as a
node in a network. Figure 4.7 depicts such a visualization along with the formula for
the classi�er. The framework for neural networks is very general and has inspired
many different algorithms and variants [ 99].
Typically, ANN s are organized in hierarchical layers. Layer l receives input from the
previous layer l - 1 and the �rst layer receives a data point as input as depicted in
Figure 4.8. Conversely, the last layer produces an output for the data point (a vector
of class probabilities in classi�cation problems or a vector of real values for regression
problems). Each layer is an ensemble of individual classi�ers (called units or neurons)
and traditionally logistic regressions are used as units.
Intuitively, neural networks adopt to non-linear data by combining two of the ideas
from Section 4.1.3 and Figure 4.4. On the one hand, each of the layers corresponds
to an ensemble classi�er that constructs several decision boundaries on the data set.
On the other hand, each layer transforms its input data in a way that facilitates the
overall learning problem. Figure 4.6 visualizes how ANNs solve a non-linear problem
by transforming the data until the problem becomes linear. By using the output from
the �rst ensemble learner (two logistic regression classi�ers on the left), the non-
linear xor-problem becomes suddenly linear because the orange points are linearly
separable on the right.
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Figure 4.6: How neural networks combine ensemble learning and data transformations to
solve non-linear problems. The results of two weak learners on the left are de-
picted in the middle. They transform the data until the problem becomes linear. A
third weak learner (depicted on the right) then separates orange and blue points.

4.3.1 Multiple Layers of Transformations

As presented in Section 4.1.1, a logistic regression transforms data points by project-
ing them on a weight vector w and then applying a logistic function to the projection.
This process is again depicted as in Figure 4.7 in a compact graphical notation along
with the mathematical formulation from Section 4.1.1. Such a compact representation
helps to visualize ANN s that wire multiple logistic regression units together. Multi-
ple units that receive the same input but learn individual weight vectors are called
layers. A layer of a neural network mathematically corresponds to the multiplication
of a weight matrix W with the data point x or even the whole data set X. This leads
to the layer-wise propagation rule:

H( l + 1) = �
�
W ( l ) H( l ) � (4.6)

where H( 0) = X. The number of columns of W ( l ) corresponds to the number of units
for that layer, and the number of rows corresponds to the dimensions of X (or the
input to layer l for that matter).
Multiple layers can be stacked on top of each other by using the output of layer l —

y = �
� pX

i = 1

w i xi
�

= �
�
wT x

�

Figure 4.7: Formula and graphical representation of an ANN unit. A unit in an ANN re-
ceives an input vector (x), projects it on the weight vector w, and then applies a
non-linear function on the projection. The left depicts the formula, corresponding
to the graphical representation on the right.
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denoted H( l ) — as input to layer l + 1. Figure 4.8 depicts such a neural network with
different unit sizes in more detail. Layers that are neither input nor output layers are
referred to as hidden layers (marked in green and red). Their role is to consecutively
transform the data such that it becomes linear at the output layer.

Figure 4.8: A complete neural network composed of two hidden layers with 3 and 4 units
each. The input vector x 2 Rp is “clamped” to the input units. It then �ows
through three layers of transformations until reaching the output layer (in blue).
The depicted ANN transforms x to a two-dimensional output vector. The weights
can be summarized as a weight matrix W ( l ) . At each unit a denotes the projection
wT x and h = � (a) corresponds to the unit's output.

The activation function � of an ANN does not have to be a logistic function and
does not have to be the same across all layers. In fact, logistic functions are not very
well suited for deep neural networks (those with multiple hidden layers) because they
saturate at 1 [115]. The most widely used activation function is the recti�ed linear
unit (ReLU) function [ 99, 116, 117], depicted in Figure 4.9 alongside other popular
activation functions. Importantly, the activation functions are the only introduction of
non-linearity into the data. Without them the whole formulation of a neural network
collapses to recurrent applications of weight matrices (and therefore linear functions).
This could be written as only one linear transformation, yielding a simple ensemble
classi�er without hierarchical structure.
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Figure 4.9: Popular choices for activation functions. The ReLU function is the currently most
widely used activation function. The non-linearity at 0 is explicitly treated in im-
plementations and set to zero. The sigmoidal activation function is often used for
the output layer in binary classi�cation. The hyperbolic tangent function (tanh) is
similar to the sigmoidal function but sometimes faster to evaluate.

Similar to most machine learning models, neural networks are trained through the
optimization of a performance measure P as de�ned in Section 4.1. In the context
of deep learning, the performance measure is most often called loss function with
popular choices for the loss function being the mean-squared error (MSE) or the
cross-entropy function [ 99] given by:

L = -
CX

c= 1

yc log(ŷc ) (4.7)

Training refers to the process of starting with a random initial guess for the weights
and iteratively minimizing the loss function through gradient descent, similar to the
procedure for training a logistic regression classi�er in Section 4.1.1. For that, ANN s
have to be fully differentiable, limiting the choice of activation functions. For a single
logistic regression training is relatively simple. For an entire network of such clas-
si�cation units, a key question is how the loss L can be used to compute partial
derivatives of all the weights in order for the Gradient Descent (GD) algorithm to
work. The answer is an algorithm called backpropagation. This algorithm is used
to train most neural networks (including those discussed throughout the thesis but
also most unsupervised variants such as generative adversarial networks, variational
autoencoders, transformer models and other state-of-the-art neural networks). It is
highly ef�cient and explained in more detail in the next section.

4.3.2 The Backpropagation Algorithm

Neural networks are almost exclusively trained with a form of the GD algorithm. It
regards the network as a function f (x; � ) that is differentiable and is parametrized by
� = fW ( 1) ,W ( 2) , : : : W ( l ) g. As seen in Section4.1.2, GD minimizes the loss function
in an iterative manner. For that, it requires the partial derivatives of the loss with
respect to the model parameters (see Equation4.5).
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The backpropagation algorithm computes the partial derivatives of the loss function
with respect to the individual weights in a neural network denoted by:

@L

@w( l )
ij

in an ef�cient manner. It makes use of the chain rule of calculus, thereby distributing
the gradient from the output layer to the last hidden layer and from there further
down the hierarchy. Let y = g(x) and z = f (y) = f (g(x)) . Then the chain rule states
that:

@z
@x

=
@z
@y

@y
@x

(4.8)

The calculations of the neural network from Figure 4.8 can be written by using the
layer-wise propagation rule from Equation 4.6 as:

ŷ = �
�

W ( 3) �
�
W ( 2) � (W ( 1) X)

� �
(4.9)

which is a nested application of functions.
The key idea in backpropagation is to compute the derivatives starting from the last
layer and to express them in terms of derivatives that were already computed in a
higher layer by using the chain rule.
In more detail, backpropagation starts by computing the derivative of the loss func-
tion with respect to the input for every unit in the network. Those derivatives, de-
noted � , can be expressed solely in terms of the above layers when using the chain
rule. Therefore they can be computed in a reversed layer-wise manner starting from
the output and going back to the input layer.
The derivative of the loss L for a unit i in layer l with respect to its input can be
regarded as the amount of error that the unit contributes to the overall loss. It can be
formulated as:
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= � 0(a( l )
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w ( l + 1)
ji � ( l + 1)

j (4.10)

where a = wT x denotes the projection of x on w, h = � (a) the output of a unit
and � 0 corresponds to the �rst-order derivative of the activation function � . From
Equation 4.10 it becomes immediately clear that the activation function � needs to be
fully differentiable. The derivative of the loss with respect to the output of the ANN
depends on the choice of the loss function, for instance � 0(y i - ŷ i ) for the mean-
squared error loss function where ŷ i = f (xi ) denotes the network output for data
point xi .
Once all � values are computed in the network, the partial derivative of the loss with
respect to a weight can be written as:

@L

w ( l )
ij

= h( l - 1)
i � ( l )

j . (4.11)

We have now seen how the partial derivatives of the loss with respect to each of the
weights can be computed ef�ciently. It requires additional storage for the � values at
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each unit but involves only pointwise products and can therefore execute very well
on SIMD architectures, such as Graphics Processing Units (GPUs) or Tensor Pro-
cessing Units (TPUs) . The derivatives for the activation functions are usually simple
and require linear computation time.
Backpropagation works very well in practice and can be scaled up to millions or bil-
lions of data points, only increasing training time but not memory requirements. This
is a fundamental difference to other popular non-linear machine learning algorithms,
such as kernel machines. It is believed to be the main reason why deep neural net-
works have shown great success in modern large-scale learning problems [99, 118].

4.4 convolutional architectures

A major drawback of the standard fully connected ANN presented so far is the high
number of parameters that have to be learned when the input is high-dimensional ( p
is large). In such a scenario, the �rst layer contains at least p weights even when only
using one unit in the �rst hidden layer. This behavior is often unacceptable because it
yields a highly complex model with the associated disadvantages, such as over�tting
(see Section4.2.1). Especially when working with images which are inherently high-
dimensional (the number of pixels), fully connected neural networks are unsuited.
As introduced in Section 4.2, a common strategy in such cases is the incorporation
of domain knowledge into the machine learning task to reduce the variance of the
model. The edges and their weights in an ANN can be wired arbitrarily, allowing for
very �exible connection patterns across layers.
In the case of images, patterns can be located in any area of the image and are usually
only spanning across parts of the image. Therefore, the local neighborhood of a pixel
is more informative for characterizing patterns than distantly located pixels.
These properties can be incorporated in a neural network by constructing units that
act as feature detectors. By using the same few weights at many locations of the image,
genomic sequence, or audio sample the unit has to �nd a pattern in the data rather
than partitioning the entire data space. In this process, referred to as weight-sharing,
a unit that slides over the input data point corresponds to a local feature detector
and its activation peaks when the pattern of interest is found in the data. This corre-
sponds to a common pre-processing strategy for image data that was used before the
era of deep learning, where Sobel-Feldman �lters [ 119] or other hand-crafted feature
detectors were used to �nd interesting patterns in the images. The location and in-
tensity of the detected features were used as input for a machine learning algorithm
[99, 120].
The sliding window approach can be mathematically written as a convolution opera-
tion widely used in image or speech processing.

4.4.1 Convolutions & The Convolution Theorem

The convolution operation is applied widely in the natural sciences but has gained
a slightly different meaning in machine learning than in other domains [ 99]. In ma-
chine learning a convolution applies a small discrete function w to a larger series of
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measurements x. w is often referred to as the kernel , x is the input and the result of
the convolution operation is denoted as the feature map . Typically, the kernel func-
tion is represented as a matrix and the entries in w are learned via backpropagation
while x denotes a data point.
The one-dimensional convolution operation can be written as:

c(i ) = ( x � w)( i ) =
kX

j

x(i )w(i - j ) (4.12)

but can be extended to sliding over two dimensions simultaneously for the use of
images or three dimensions for applications to video and other temporal data.
The convolution operation is characterized by the size of the kernel k. Figure 4.10
depicts a one-dimensional convolution operation and the corresponding architecture
of a neural network. Interestingly, convolutions are pointwise products of input and

Figure 4.10: Example of 1D-convolution between a 9-dimensional input vector and a 3-
dimensional kernel. The input vector x 2 R9 is convoluted with a kernel w 2 R3 .
Left: The sliding window approach uses the same weights for the whole sequence
x and forms an activation vector a that indicates “hits” of the pattern charac-
terized by w. Right: The same convolution operation as a neural network with
sparse connections and weight-sharing. The edge color indicates the weight.

kernel matrices in the frequency space. The frequency space is a common represen-
tation of high-dimensional data (typically images or audio) as a set of frequencies. It
is computed through the well-known Fourier transform. Without going further into
details of the Fourier transform, the convolution theorem states that the convolution
depicted in Figure 4.10 can be written as a pointwise multiplication in the frequency
space. Let F(x) denote the Fourier transform. Then the convolution theorem states
that:

(x � w) = F- 1 �
F(x) � F(w)

�
(4.13)

For neural networks, this theorem not only has runtime advantages when chaining
multiple convolution operations (through �rst transforming x to the frequency do-
main, applying multiple convolution operations and then re-transforming x to the
original domain) but can also help to extent convolutional architectures to domains
where Fourier transforms are de�ned but the convolution operation is not. An exam-
ple of such a domain are graphs which have no natural de�nition of a sliding-window
operator but a de�nition of a convolution operator, introduced in Section 4.5.2.
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4.4.2 Convolutional Neural Networks

A Convolutional Neural Network (CNN) uses hierarchies of convolutional layers
[120]. The convolution operation is implemented through the construction of a weight
matrix with the same values repeated in a speci�c order (called Toeplitz matrix)
which is multiplied by the input. It is then followed by a pooling operation where
the result of the convolution is shortened. Max-pooling, for instance, simply takes the
maximum value of 2 or 4 adjacent values and discards the others. Pooling helps to
shrink the size of the convolution results, thereby reducing the size of the layer out-
put compared to the input. The ensemble of convolution and pooling characterizes a
convolutional layer. Typically, several convolutional layers are followed by a variable
number of fully connected layers introduced in the previous section.
With the consecutive stacking of convolutional layers, a CNN introduces another bias
to the model. It not only assumes that the location of a pattern is less important (trans-
lation equivariance) but also that patterns are organized hierarchically. A human face,
for example, is made up of eyes and a mouth, which in turn have several character-
istics and are composed of simple edges and strokes in the image.CNN s have been
successfully used for image modeling tasks [97, 121] and have by now become the
de facto standard for image recognition problems [ 118]. Indeed, several studies have
found that the human brain processes images in a similar hierarchical fashion [ 118,
122, 123].
The huge success ofCNNs raises the question if convolutional architectures can be
applied to other domains where the input does not correspond to linear sequences
or regularly arranged pixels. Biological networks, for instance, are presumably orga-
nized in modules that in turn consist of sub-modules and ultimately protein com-
plexes. However, how to de�ne a convolution on a graph is not clear. The degree of
nodes (the number of nodes a node is connected with) differs substantially between
proteins [ 124–126]. In addition, there is no natural order of neighbors of a node [ 127,
128] so nodes cannot be treated as a sequence.

4.5 graph deep learning

Before going into the generalization of convolutions to graphs, we need basic knowl-
edge about graph theory. We will see how to formalize a graph as sets of nodes and
edges and how random walks provide a stochastic framework to examine neighbor-
hoods of nodes. From there, we will de�ne convolutions on graphs and see how we
can simplify them to work in the deep neural network framework.

4.5.1 Graph Theory

Graphs are one of the most fundamental data structures in computer science and the
core of many real-world applications [ 129].
We de�ne a graph G = ( V,E) as a pair of vertices (V) and edges (E). An edge connects
two vertices i and j can optionally have a weight w ij 2 R attached to it. Edges can be
directed or undirected. Vertices are also called nodes and throughout the thesis those
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two will be used interchangeably. A node i can be associated with attributes in the
form of a vector xi 2 Rp .
Mathematically graphs are often represented by their adjacency matrixA 2 (0,1)N � N .
An entry in A ij = 1 means that nodes i and j are connected while a 0 represents
no connections. If the edges in G are undirected A will be symmetric. If the edges
are weighted, A contains the weight instead of the boolean indicators for connections.
The degree of a node denotes the number of connections that the node has with other
nodes. The degree matrix D = diag (

P
j A ij ) contains the degree of each node on the

diagonal while all other entries are 0. Apart from the degree, many more metrics exist
to describe the position of a node inside the network. Many of them were originally
de�ned for social networks but are applied in different life sciences as well. Between-
ness centralityof a node i denotes the number of shortest paths in the graph that pass i
[130]. The core(sometimes referred to as k-shell) is another measure of centrality and
is determined iteratively by removing isolated nodes from the network. The longer a
node “survives” those iterations, the more central it is in the network and the higher
is its core [131].
In many real-world cases nodes have certain properties that describe them. For in-
stance, a social network, where people are represented by nodes, might contain other
characteristics of the individuals as vectors. Such a vector, in which each dimension
represents a node of the graph, is referred to as a signal x 2 RN on the graph and
the �eld of Graph Signal Processing (GSP) is concerned with analyzing the node
features with respect to the graph. Multiplying the adjacency matrix A and the sig-
nal x, for instance, smooths the signal over the graph by aggregating the signal from
neighboring nodes.

Spectral Graph Theory

Similar to the adjacency matrix, the laplacian matrix L of a graph is de�ned as:

L = I - D - 1
2 AD - 1

2 . (4.14)

The graph laplacian is a symmetric matrix when the graph is undirected. Therefore,
it has real-valued non-negative eigenvalues. When taking the intuition of a random
walker from above the eigenvectors of the graph laplacian denote those con�gura-
tions where making a step would change the distribution of the walker only by a
constant. In other words, the signal received by a node is equivalent to the signal
of the node itself. The graph laplacian deducts the incoming signal (the off-diagonal
entries contain negative values) while scaling the node signal by the degree. Hence,
the eigenvectors of the graph laplacian denote frequencies of the graph.
Formally, the eigenvectors associated with the eigenvalues form an orthonormal ba-
sis and the eigenvalues are nonnegative real values. The eigenvalues of the laplacian
have several interesting properties. For instance, the smallest eigenvalue is 0 when
the graph is connected. If not, it denotes the number of components in the graph.
The second-smallest eigenvalue solves the minimization problem

� 2 = min
x

xT Lx
xT x

=
X

( i ,j ) 2 E

�
xi - xj

� 2
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Figure 4.11: Different eigenvectors on the Minnesota road graph. The GFT produces eigen-
vectors sorted by their corresponding eigenvalues. The �rst eigenvectors capture
low frequencies and smooth patterns in a graph signal. The later eigenvalues
capture higher frequencies, analogous to the classical Fourier transform [138].

for the eigenvector x and its corresponding eigenvalue � 2 . This yields a partition of
the graph in two subgraphs and therefore describes the lowest frequency of G. In
a similar fashion, the larger eigenvectors describe higher frequencies in G. This is
visualized on the Minnesota road network graph where edges in the graph are roads
connecting landmarks in Figure 4.11.
We have now seen how solving the eigen-decomposition of G produces a basis of
frequencies of the graph G. This decomposition is called the graph Fourier transform
(GFT) and works analogous to the discrete Fourier transform.

4.5.2 Convolutions on Graphs

Since the successes ofCNN s on image processing problems, efforts have been made
to generalize them to non-regular grids, such as graphs [ 128, 132–137]. An image can
be regarded as a graph where each pixel corresponds to a node and edges denote
adjacent pixels. A biological network, however, does not have such a regular pattern
of connectivity, making it hard to formulate a convolution operator over such a graph.
Two main assumptions make CNN s so successful on many machine learning prob-
lems: First, transitional equivariance means that the exact location of a pattern in the
data is not important but the detection of the pattern is and second, local support
means that the detector of the pattern is much smaller than the input dimensions.
Together, those two assumptions allow for weight-sharing and make the number of
parameters to train independent of the dimensionality of the input [ 139]. To extend
convolutions to graphs, one has to construct an operator that preserves those assump-
tions.
Graph convolutions can generally be divided in spatial or spectral approaches. The
former tries to �nd a way to construct local neighborhoods of a graph, transform
them into matrices and then apply convolutions and pooling similar to standard
CNN architectures [127]. The latter makes use of spectral graph theory and the con-
volution theorem to formulate a convolution operation on graphs.
In Section 4.4.1 we learned how a convolution becomes a pointwise product in the
Fourier space of a function. This is possible because convolutions are linear operators
that diagonalize in the Fourier domain [ 132]. As introduced in the previous section,
the eigenvectors of the graph laplacian L (4.14) form a Fourier basis and the GFT
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therefore corresponds to an eigen-decomposition of L that transforms the graph to a
frequency domain over the nodes [ 140]. The GFT is de�ned as:

L = U�U T (4.15)

where U is the matrix of eigenvectors and � the diagonal matrix with the correspond-
ing eigenvalues. Equation 4.15 can be solved using eigen-decomposition or Singular
Value Decomposition (SVD) . Let x 2 RN be a signal on a graph G, corresponding
to a scalar value per node. x can be convoluted with a �lter w 2 RN in the frequency
domain of the graph by:

x � w = U
�

(UT x) � (UT w)
�

(4.16)

In this form the kernel w of a graph convolution learns to recognize patterns of
the nodes in the spectral domain. The �lter w is theoretically translation equivariant
due to the convolution theorem. However, w has to be N-dimensional and therefore
does not operate locally on regions of the graph, unlike a convolution on images or
speech. Furthermore, the number of parameters depends on the number of nodes in
the network. If the machine learning task is the classi�cation of nodes, the number
of parameters for a single graph convolution is at least as high as the number of data
points.
To construct localized �lters that operate only in a small region of the graph at a
time, polynomials with local support can be used [ 128, 133]. Here, a polynomial
(usually recursively de�ned Chebychev polynomials) is used to construct a �lter in
the vertex domain (prior to the transformation to the spectral domain). The degree of
the polynomial de�nes a local support around a graph node and is constructed using
only the nodes around a center node i . More speci�cally, a Chebychev polynomial of
degree K around a node i is guaranteed to have support over vertices that are at most
K hops apart from node i [141].
A Chebychev polynomial is recursively de�ned as:

Tk (L) = 2LTk - 1 - Tk - 2(L) (4.17)

with the anchors for recursion being T0(L) = 1 and T1(L) = L. Using such polynomials
of the laplacian, a graph convolution can be approximated by:

x � w �
KX

k = 0

� k Tk (L̃)x (4.18)

where � k 2 RK is a vector of Chebychev coef�cients and thus the learnable param-
eters of a graph convolution. L̃ = 2L

� max - I denotes a scaled version of the laplacian
where � max corresponds to the largest eigenvalue of L.

tThe Chebychev polynomial from Equation 4.18 is an approximation to the original
spectral convolution operator that is localized. That is, the number of parameters de-
pends on K and no longer on the number of nodes or features [ 128]. Furthermore, the
SVD of the laplacian is no longer needed which makes the method computationally
much more ef�cient and renders it usable for large graphs.
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4.5.3 Graph Convolutional Networks

Figure 4.12: Visualization of a graph convolutional layer as used by Graph Convolutional
Networks [ 133]. The �rst multiplication of L and X conducts a one-step random
walk for every feature independently. The result is linearly transformed by a
weight matrix. A GCN with one layer already greatly outperforms a fully con-
nected network [ 142].

An observation from studying CNN s shows that higher layers automatically ag-
gregate information from lower layers beyond the reach of the �lters (visualized in
Figure 4.13) even when no pooling is used [ 99]. This is because the result of a convolu-
tion contains information about nearby features, and therefore the next convolutional
layer will “see” larger neighborhoods. The same holds true for graph convolutions
and can be used to further simplify their formulation. By restricting K = 1 only the
�rst-order neighborhood of a node (direct neighbors only) is considered [ 133] and
larger neighborhoods are accounted for through multiple graph convolutional lay-
ers [142]. Furthermore, by simply setting � max to 2 the layer-wise propagation rule
of graph convolutional networks can be written independently of the polynomial
formulation. Neural networks are expected to learn the scaling of the laplacian auto-
matically through a bias term [ 133], justifying the approximation of � max . A graph
convolutional layer can then be de�ned through a graph convolution and a non-
linear activation function. The convolution operator from Equation 4.18 was de�ned
for only one-dimensional features but can easily be extended to multidimensional
features. The �nal simpli�ed propagation rule of a Graph Convolutional Network
(GCN ) [133] becomes:

H( l + 1) = �
�

L̃H( l ) W
�

(4.19)
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Figure 4.13: Size of the receptive �eld in CNNs and Graph Convolutional Networks
(GCNs). One unit in the output layer receives information from all neighbor-
ing nodes in the layer below (denoted hidden layer). The same effect holds for
the input layer. Almost the entire input layer is aggregated in a single output
unit, making the use of pooling not strictly necessary. This has to be taken into
consideration when designing GCNs.

where H( 0) = X 2 RN � p is a p-dimensional feature matrix and L̃ denotes the lapla-
cian from Equation 4.14 but replaces A with Ã = A + I (added self-connections). This
has the effect of aggregating the feature values of the node itself into the graph con-
volution.
The simpli�ed layer-wise propagation rule strongly resembles a fully connected prop-
agation rule from 4.6 only that it is multiplied by a normalized version of the adja-
cency matrix A. When interpreting the node features X as independent probability
distributions over the vertices, a GCN performs a one-step random walk prior to a
fully connected neural network layer. This procedure, known as laplacian smoothing,
already has broad applications and was shown to be successful also outside the neu-
ral network formulation [ 69, 142].
A GCN stacks multiple layers of graph convolutions. In contrast to CNN s, no fully
connected layers are used at the end [133]. Different architectures for GCN s have
been proposed within the last years [ 136, 142], some of them implementing strategies
for pooling [ 132, 139, 143]. However, pooling is not required to reduce the number
of parameters in the graph setting and not conclusively shown to yield a signi�cant
bene�t for GCN s.

Training Graph Convolutional Networks

In Section 4.3.2 we saw how neural networks can be trained with backpropagation
and gradient descent to minimize the classi�cation error of some given data set X
with respect to the labels y. For the GCN model training, we are confronted with a
graph from which it is hard to extract individual nodes for classi�cation. Usually, only
a small fraction of nodes carry a label while the majority of nodes are unknown. The
classi�cation goal of a GCN is to label the unknown nodes. Therefore, the loss func-
tion is computed only for the known vertices. This is a form of semi-supervised learn-
ing because the unknown nodes still in�uence the loss of the known ones through
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aggregation in the graph convolutions [ 133]. Semi-supervised learning is a hybrid of
supervised and unsupervised learning (depicted in Figure 4.1) where unlabeled data
points are used in combination with labeled ones in the learning procedure.

4.6 interpreting neural network decisions

Supervised machine learning is a powerful concept that enabled incredible progress
in multiple sciences [ 144, 145]. In research it is now more and more used as a tool to
gain insights into processes that are not fully understood [ 145–147].
Hence, it is often crucial that the underlying algorithms are somewhat transparent
in their decision-making process [ 148–151], giving rise to the �eld of explainable or
interpretable machine learning (nowadays often termed XAI for e Xplainable Arti�cial
Intelligence). Interpretable or explainable machine learning refers to �nding models
that allow users to understand what the model learned and why a certain prediction
was made. Though interpretability is a broad concept, it is commonly de�ned as
letting a user gain knowledge about the predictions made by the model [ 152]. As a
result, interpretation depends highly on the use case that can range from veri�cation
of successful training [ 150, 153, 154] to gaining knowledge about scienti�c problems
[155–157].
Interpretability can help to establish trust in a model, especially when there is no
gold standard veri�cation available as it is often the case in biology. When a model
can recapitulate some of the previously identi�ed mechanisms that connect input and
output, there is a good chance that successful learning is not only based on biases
and artifacts in the data but rather re�ects true underlying relationships.

4.6.1 Interpretable Machine Learning

Figure 4.14: Explanations of data points for linear and non-linear classi�cation boundaries.
The linear case yields the same explanations for all data points because they point
in the same direction away from the decision boundary. In the non-linear case
explanations can be very different for different data points due to the complex
decision boundary. (Figure inspired by [ 151])



42 computational background

Some machine learning models are intrinsically interpretable (such as most lin-
ear models, decision trees and small rule-based systems). This is because the model
learns a coef�cient for each of the features and the features with largest coef�cients
are the most important to the model. The interpretability comes from the model di-
rectly operating in the feature input space and the choice of an explicit function class
(linear functions). Furthermore, the decision boundary of a linear classi�er gives the
same importance to each feature for every single data point [ 151].
This changes when considering non-linear models. Such models typically do not oper-
ate directly in the feature space but transform the data as pointed out in Section 4.1.3.
As a consequence, each data point can have its own feature importance when using
non-linear models, visualized in Figure 4.14.
Unfortunately, complex problems usually require advanced non-linear models. Espe-
cially in deep neural networks individual weights no longer carry any meaning. As
a result, non-linear methods in general but neural networks in particular have been
labeled black boxes [158, 159]. Many different methodologies fall under the hood of
explainable machine learning [ 152, 159], and many of them are applicable to ANNs .
This thesis focuses on so-calledpost-hocinterpretation. The goal here is to query a
trained model on what it has learned about the data with respect to the problem to
solve.
Post-hoc interpretation of neural networks can be roughly divided into two different
processes. Model-centric (sometimes called dataset-level) interpretation aims to �nd
the features that are most important for the model with respect to the classi�cation
or regression problem that the model tries to solve. In CNNs model-centric interpre-
tation often refers to the visualization of convolutional �lters by various techniques
[160–162].
Attribution methods (or prediction-level interpretation approaches), on the other
hand, �nd important features for the classi�cation of a speci�c data point. While
for linear models the two types of interpretation are equivalent (see Figure 4.14 for a
visual intuition), this is not the case for non-linear models.
When classifying cancer vs. non-cancer genes, for instance, it is highly important to
know why a certain gene or data point was classi�ed as a cancer gene. Model-centric
feature interpretation would probably not yield much biological insight because ev-
ery feature might be important for some genes while no single feature dominates
classi�cation. Prediction-level interpretation, however, can overcome this limitation
and directly give information about why individual decisions were made.
Different attribution methods have been proposed within the last years [ 151, 158, 160,
163, 164], some of them being speci�c to ANNs while others are model-agnostic [ 164,
165].

4.6.2 Strategies for Prediction-Level Interpretation

Prediction-level interpretability methods can be grouped in three different approaches:
perturbation-based, gradient-based and local linear methods. Each of the three strate-
gies has its own advantages and drawbacks or is only applicable to a subset of ML
models.
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Figure 4.15: Different Approaches for Prediction-Level Explanations. (Left) Perturbation
methods such as Occlusion hide parts of the input and assess the output proba-
bility of the trained model to identify regions of the input that were important
for classi�cation. (Middle) Local linear models can be trained on a subset of data
points close to the point of interest. Such models are inherently interpretable and
locally faithful to the original model. (Right) Gradient-based methods exploit
differentiable models such as ANNs and apply a modi�ed version of the back-
propagation algorithm to identify relevant inputs. (Panel adapted from [ 166])

Perturbation-Based Interpretability

Perturbation-based interpretation methods attempt to change the input data point
in various ways and observe the classi�cation outcome. The occlusion or gray-box
method [ 160] covers parts of a scene systematically and assesses the change in the
prediction outcome. The Shapley value method [ 165] borrows random data points
from the training set and inserts a feature value from the data point of interest into
the borrowed data point.
The general methodology of perturbation-based interpretation methods is similar to
general feature selection where a model is trained on only a subset of features to
see which features are most informative for the classi�cation task [ 108]. The only
difference is that the models are not retrained but only speci�c data points are modi-
�ed to hide some of the input features (occlusion) or to replace one feature with the
value from another data point (Shapley values). Perturbation methods are often slow,
especially for high-dimensional feature spaces [167], but do not make any further
assumptions on the models.

Local Linear Models

Another strategy for the interpretation of non-linear ML models is the construction of
a local linear model that approximates the more complex non-linear one at the point
and surroundings of the data point of interest [ 164]. Local linear models are similar
to perturbation methods, but instead of masking parts of the input, they query the
model about data points close to the data point of interest. The different outputs of
data in close proximity are used to construct a linear model that approximates the
original one. The new local model is faithful to the original model in the surroundings
of the data point of interest but linear and hence interpretable. LIME [ 164] for instance
uses the coef�cients of the linear model as feature importance of the original one.
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