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Abstract

Systems biology methods often result in large lists of “interesting” genes for
a given biological context. The functional impact of such lists is usually
assessed by identifying associated signaling pathways. This is commonly
achieved with enrichment methods. However, these measures ignore the
topology of the underlying network and are biased towards large target
numbers. Thus, a novel proximity measure is proposed that is based on average distances between targets in signaling networks. It identifies pathways
in which the genes of interest lie in close proximity.
As an example for high-throughput data, the proximity score is applied to
experimentally validated microRNA targets in network representations of
KEGG signaling pathways. The identified microRNA-pathway associations
differ from those inferred with the conventionally used enrichment score.
The proximity measure reveals associations with a smaller number of targets. Additionally, a gene ontology analysis shows a specific function in cell
signaling for proximal associations. This indicates that both methods detect
alternative forms of microRNA control.
To make the new score available for the research community, the miTALOS
web application is created (http://mips.helmholtz-muenchen.de/mitalos/).
Integrating five different microRNA target prediction tools and two different signaling pathway resources (KEGG and NCI), miTALOS computes
microRNA-pathway associations with the proximity score and the standard enrichment method. As an additional feature, miTALOS considers the
tissue-specific expression signatures of microRNAs and target transcripts to
improve the analysis of microRNA regulation in biological pathways. Multiple microRNAs can be combined in a single analysis to highlight their
combinatorial effects.
Given the increasing amount of evidence that microRNAs have an important
impact on signaling pathways, the proximity measure is a useful tool to infer
systematical insights into microRNA-mediated regulation. miTALOS provides a substantial support to the research community by identifying tissue
specific microRNA-pathway associations. Moreover, the concept of proximity can serve as a powerful tool to identify patterns in signal transduction
beyond microRNA regulation, e.g. disease genes.
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Zusammenfassung
Die Methoden der Systembiologie liefern oft Listen von Genen, die in dem
untersuchten biologischen Kontext relevant sind. Die Funktion dieser Gene
lässt sich untersuchen, indem man zelluläre Signalnetzwerke identifiziert, die
von diesen Genen beeinflusst werden. Hierfür werden häufig EnrichmentMethoden verwendet, die jedoch die Netzwerktopologie außer Acht lassen
und eine Tendenz zu Netzwerken mit vielen Genen zeigen. In dieser Arbeit wird deshalb eine neue Proximity-Methode vorgeschlagen, die auf der
relativen Entfernung der Gene zueinander beruht. So werden Netzwerke
identifiziert, in denen die Gene in enger Nachbarschaft liegen.
Beispielhaft werden microRNA-Targets mit der neuen Proximity-Methode
in KEGG-Signalnetzwerken analysiert. Die Assoziationen, die so gefunden
werden, unterscheiden sich stark von der üblichen Enrichment-Methode.
Das Proximity-Maß bevorzugt Assoziationen mit deutlich weniger Targets.
Außerdem zeigt eine Gene Ontology-Analyse, dass die Gene in den proximalen Assoziationen, anders als beim Enrichment, mit Signaltransduktion
zu tun haben. Zusammengenommen zeigt dies, dass beide Methoden unterschiedliche Subklassen von Netzwerk-Assoziationen finden.
Die Webseite miTALOS (http://mips.helmholtz-muenchen.de/mitalos/) wird
entwickelt, um die neue Methode öffentlich zugänglich zu machen. Sie benutzt fünf verschiedenen Target-Vorhersageprogramme und bietet sowohl
KEGG als auch NCI-PID Netzwerke an. Assoziationen von microRNAs und
Netzwerken werden mit der neuen Proximity- und der Enrichment-Methode
hergeleitet. Zusätzliche Funktionen umfassen einen Filter für gewebespezifische Expression der microRNA-Targets sowie die gleichzeitige Analyse
mehrerer microRNAs, wodurch kombinierte Effekte verdeutlicht werden.
Eine Vielzahl von Untersuchungen hat den Einfluss von microRNAs auf die
zelluläre Signaltransdutkion festgestellt. Die Stärke der Proximity-Methode
liegt in der systematischen Analyse von Signalnetzwerk-Assoziationen, die
von der bisherige Enrichment-Methode nicht gefunden wird. miTALOS
stellt die neue Methode frei zur Verfügung und leistet dadurch einen wichtigen Beitrag zum Verständnis von microRNA-vermittelter Regulation der
Signaltransduktion. Das Konzept der Proximity-Methode lässt sich außerdem auf andere Genlisten anwenden und liefert wertvolle Ergebnisse über
die microRNA-Ebene hinaus.
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Chapter 1

Introduction
1.1

High-throughput data in systems biology

Over the last 20 years, high-throughput genomic, proteomic and bioinformatics methods found their way into biology. Many of those allow to gather
large sets of genes and proteins associated with a biological context.
The range of methods includes, but is not limited to: DNA [1] and microRNA [2] microarrays, Next-generation sequencing [3], Chromatin immunoprecipitation followed by sequencing (ChIP-Seq) [4], Computational
microRNA target prediction and Computational prediction of proteinprotein interactions [5].
The ever increasing amount of data has to be processed to give insight into
biological problems. These methods constitute the experimental basis of
systems biology and are applied to a wide range of biological systems. Microarrays, for example, can be used to compare mRNA levels in healthy
cells with malignant tumor cells. The result is a list of genes that are differentially expressed. Similarly, the other technologies can be used to obtain
large lists of genes or proteins that show correlation with the biological process of interest. The interpretation of such data is challenging, because our
knowledge of genes, proteins and their functions is by far not sufficient.
High throughput technologies provide a valuable basis for addressing this
challenge, but further efforts are necessary to infer biological insights from
large lists of potentially relevant genes.
The aim of this thesis is to put lists of “interesting” genes in a biological
1
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context based on the comprehensive public knowledge of interactions and
pathways within the cellular system. The focus is on microRNA targets
which are mapped onto signaling pathways to analyze their biological function.

1.2

Systematic description of cellular functions

A gene must have a function - while this seems to follow common sense,
the actual deduction of this function presents a very challenging task. One
of the highest obstacles is the enormously wide range of different molecular
functions that a single element of the cell can potentially carry out.
A transcription factor, for example, binds DNA. As an effect, it enhances
transcription of a handful of genes via binding to a certain region of the
DNA. The proteins, that are encoded by those genes, might alter different properties of the cell, e.g. the response to external stimuli. So what
is the function of this transcription factor? Is it a DNA binding protein
or a ”biological input enhancer”? This example shows the difficulties in
describing functions of proteins: There are multiple levels that have to be
accounted for, from the actual molecular interaction up to cellular responses
and organismic phenotypes.
To deal with this complexity, researchers have developed a hierarchical classification to describe all the functional levels of a gene or protein. The gene
ontology (GO) project aims at a standardization of gene and gene product
attributes and provides a controlled vocabulary of terms for describing gene
product characteristics and gene product annotations [6]. This ongoing international effort started in 1999 and GO annotations for many genes and
gene products are available today. While the GO is one of the most comprehensive database of functional gene annotation, others can also be used
to assess the functional impact of large data sets. The Disease Ontology [7]
was developed to annotate the human genome with disease related terms.
Online Mendelian Inheritance in Man (OMIM)1 is a long running database
that aims at collecting the genetic basis of diseases. It also provides annotated gene lists based on their catalogue of human diseases. Both offer a
robust basis to associate lists of genes with diseases.
The second and even more challenging issue is the daunting number of in1

Online Mendelian Inheritance in Man, OMIM. McKusick-Nathans Institute of Genetic Medicine, Johns Hopkins University (Baltimore, MD). World Wide Web URL:
http://omim.org/
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Pathway
Interaction
Process
Compund
Primary
Meta

Table 1.1: Overview of public interaction databases. They can be classified
as focusing on pathways or molecular interactions, biological processes or
single compounds such as proteins and primary or meta databases [8, 9].

teractions between the elements of a cell. A fine-tuned ensemble of proteins,
small molecules and non-coding RNAs (ncRNAs) forms the complex regulatory network that guides cellular functions. Following the idea of the
’omics’ projects, the whole set of molecular interactions was named interactome [10]. The parts of this interaction network control each other and
behave in a complex dynamic fashion [11, 12], which includes a wide range
of recurring regulatory motifs such as small scale feedback loops [13] or large
scale patterns composed of many elements [14].
The enormous knowledge of functional interactions is made available by a
large number of databases. In general, they can be classified as databases
that focus on single interactions or aim at sub-structuring the interactome in
pathways or signaling cascades. Some databases focus on single components,
e.g. proteins and protein-protein interaction, while others address biological
processes such as glucose metabolism or apoptosis and incorporate different
classes of elements. Additionally, there are primary databases and metadatabases that aggregate data from other sources. An overview of some
relevant databases is given in Table 1.1 (for a review see [8] and [9]).
The pathway database of Kyoto Encyclopedia of Genes and Genomes
(KEGG) [15], Pathway Interaction Database of the National Cancer Institute (NCI-PID)[16] and Reactome [17] stand out among the pathway-centric
databases: They offer a representation of a wide range of signaling events
and biological processes, they are manually curated, do not include predictive data and were freely available when the analyses for this thesis have been
conducted. Data can be obtained in standardized formats such as BioPAX
[18] and PSI-MI [19] (NCI-PID and Reactome) or a well documented own
format (KEGG), guaranteeing easy processing of the complete data sets.
3
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Unfortunately, the way how each database represents functional elements
in a pathway and builds interactions between them varies greatly. While
KEGG uses direct connections between functional elements like proteins
and small molecules, Reactome favors intermediate modification nodes and
bases its pathways on biochemical transition and transportation. Therefore, the annotation of interactions is also different. KEGG uses simple
terms like activation, inactivation and phosphorylation. Reactome offers
additional interactions such as transport, complex formation and recruitment of co-factors. The annotation of proteins is also handled differently.
KEGG emphasizes the general functional relationships and thus aggregates
protein families in single nodes. Reactome, on the other hand, is more strict
and shows different states of a protein as single nodes. A protein phosphorylation, for example, is made up of the unphosphorylated educt, the
phosphorylated product and ATP/ADP. Data representation of NCI-PID is
similar to Reactome. The differences are shown in Figure 1.1 for the MAPK
signaling cascade.

4
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A

B

Figure 1.1: Parts of the MAPK/RAF signaling cascade as displayed by
Reactome (A) and KEGG (B). Both cartoons use a simplified view of the cell
with an outer boundary (A and B) and a nucleus (A) or a node for the DNA
(B), respectively. While KEGG uses direct connections between functional
elements like proteins and small molecules, Reactome favors intermediate
modification nodes and bases its pathways on biochemical transition and
transportation. The annotation of proteins is handled strictly by Reactome:
If a complex is present, the parts building the complex are shown as well.
KEGG emphasizes the general functional relationships and thus aggregates
protein families in single nodes (e.g. the fibroblast growth factor receptor
(FGFR) family which consists of four different isoforms).

5
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1.3

Existing algorithms for analysis of highthroughput data

Enrichment analyses are commonly used to associate data produced by highthroughput methods with annotation and pathway databases. They map
groups of genes or proteins onto annotated lists and determine whether the
observed annotation for a group is significant in the context of a background
set [20]. Different kinds of annotations can be used, e.g. signaling pathways
[21, 22], gene ontology [23, 24] or submodules of signaling pathways [25].
Enrichment methods are easy to perform, allow to address a wide range of
biological problems and deliver robust mappings of gene lists onto public
annotation databases. They thereby offer a first glimpse of the functional
basis on a global level. Gene Set Enrichment Analysis (GSEA), for example,
is used to analyze microarray data based on prior knowledge [26]. It allows
to cluster the data and find relevant sets of differentially expressed genes.
Many recent studies employ GSEA in different fields of biology such as B-cell
lymphoma[27], genetics [28] and metabolic syndrome [29]. This highlights
the use of enrichment methods, but the simplifying approach is their major
downside. They are based on the sheer number of genes in a pathway or
functional annotation and do not take small scale functional aspects into
account. When a certain list of genes is enriched in a specific pathway, the
actual impact of those genes remains unclear. It depends on the functional
interactions of each gene and the overall network structure. Enrichment
methods are a useful first step in the analysis of large data sets but further
steps are necessary to elucidate their functional in a more detailed way.
Additionally, they are biased towards large numbers of targets and fall short
in detecting alternative forms of regulation.
If a large proportion of a given gene list lies in a pathway and therefore
this gene set is enriched, the pathway is not necessarily related to this gene
set. Their localization and structural features have to be taken into account
to deduce functional impact. A microRNA, for example, might have many
targets within a certain pathway [30]. If they are non-essential genes, their
down-regulation does not have an impact on the overall output. Additionally, microRNAs have been shown to only fine tune protein abundance under
physiological conditions [31] and multiple successive targets might be necessary to really switch off a certain output signal. Similarly, a pathway is more
likely to execute a functional role in a disease if the pattern of disease-genes
in this pathway indicates a significant alteration of the output and thus a
real functional impact of this pathway.

6
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Figure 1.2: Example of typical scale-free signal transduction pathway. It
has a general top-to-bottom structure that is typical for cellular signaling
networks. The topmost node could be a cell surface receptor and the bottommost ones could represent transcription factors. The rhombical nodes
have many connections and are pathway hubs. The orange nodes show a
group of nodes that lie in close proximity. Given the network structure,
the higher impact of such clusters on the output of the pathway is obvious
compared to the blue set of scattered nodes.

Cell signaling networks and pathways share some topological features:

• They integrate multiple input signals and have different outputs facilitated by sub-parts of the pathway. Despite feedback loops and similar
network modules, there is a general flow of information from top to
bottom.
• They are reported to be scale-free [32], that is the fraction of nodes
with k connections decreases following a power low for growing k. This
feature is considered to benefit the robustness of biological networks
[33].
• They exhibit small-world features [34], which means most nodes in the
network can be reached from every other by few steps. Additionally,
the number of steps required to connect two randomly chosen nodes
increases logarithmically with a growing number of nodes.
• Some elements of the pathway have a higher impact on the output
than others. Among those are pathway hubs [35], which have many
connections, and bottlenecks [36], which are nodes that have many
shortest paths going through them.
7

CHAPTER 1. INTRODUCTION

In a typical cellular signal transduction network with the features described
above, a significant impact on the overall output can be achieved by targeting several elements of this pathway in close proximity. Figure 1.2 illustrates
the combined effect, if several nodes in close vicinity are targeted. In many
cases microRNAs merely fine tune the protein level of their target. When
looking at signaling pathways and their output, a significant alteration might
be more likely if several upstream nodes are targeted simultaneously. Additionally, it has been reported that microRNAs target genes that itself
regulate each other and therefore appear next to each other in a pathway
[37].
Taken together, genes that lie in close proximity in a signaling network
are a meaningful basis to assume significant association with the respective
pathway. Therefore, a novel proximity measure is developed that is based
on the average shortest pathlengths between a set of genes in a pathway.
It takes network structure into account and shifts the focus from the sheer
number of targets to topological features of signaling pathways.

1.4

MicroRNAs

MicroRNAs are small endogenous RNAs that play an important role in the
regulation of many cellular processes [38]. They decrease protein abundance
[31] by reducing translational efficiency and mRNA levels [39]. Relative importance of the mechanisms remains unclear, even though a recent study
indicates that microRNAs predominantly act to decrease target mRNA levels [40].
The RNA-induced silencing complex (RISC) comprising a microRNA, the
Argonaut (AGO) protein and other co-factors, is able to bind a specific
mRNA and mediates mRNA destabilization and degradation. Under physiological conditions, microRNAs alter the level of active mRNAs but are
most likely not able to switch it off completely, thus having only a mild
effect on the corresponding protein level [41]. Even though more and more
details of the RISC-mRNA interaction are uncovered, the exact mechanism
how microRNAs lead to a decreased translation remains unclear.
The mRNA-RISC interaction is usually guided by the seed region of the
microRNA, a 7-mer from nucleotide 2 to 8, which is mostly complementary
to the interaction site at the mRNA. Interaction does not always require
perfect base pairing and 6-mers and 8-mers have also been described [42].
It has been shown that microRNAs target sites are located in the 3’ un8
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translated region (3’-UTR) of their target mRNAs and similar sites in the
5’-UTR are not functional [43]. Recently, however, high-throughput studies
of microRNA-mRNA binding revealed that a significant proportion of target sites is located within coding regions and introns [44]. This is supported
by several studies highlighting functional interactions outside the 3’-UTR
[45, 46] and large-scale computational analysis of interactions in the coding
region [47].
The actual number and distribution of functional microRNA targets also remains controversial. Microarray analysis revealed that microRNAs are able
to down-regulate large numbers (more than 100) of transcripts [48]. Early
studies based on computational analysis of seed pairing sites indicated that
most mammalian mRNAs are potential targets of microRNAs [49, 50]. Potential interaction, however, is not necessarily functional. Several databases
collect experimentally validated microRNA targets [51, 52, 53], but global
analyses of microRNA mediated regulation of biological processes is so far
based on computational target prediction (reviewed in [54]). Most computational approaches take seed pairing into account and extend their scoring methods with conservation. Recently, promising experimental methods
emerged to fill the gap and find global, functional mRNA-microRNA interactions have been established. They are based on extraction of Ago-RNA
complexes followed by sequencing [44, 55].
Beside global interaction maps, ongoing efforts are put into understanding the principles of microRNA regulation of cellular signaling [25, 56, 30].
Pathways with enriched tissue-specific microRNA targets are associated with
apoptosis, proliferation or development [21] and microRNAs prefer specific
regulatory motifs, highly connected scaffolds and downstream network components such as transcription factors [25]. MicroRNAs have a huge impact on all kinds of biological processes including disease phenotypes [57].
With ever increasing performance of target prediction and methods to find
microRNA-mRNA-associations, microRNAs are prime candidates for global
analyses based on enrichment and the newly developed proximity measure.
Indeed, many recent studies analyze the effect of microRNAs on the networklevel, e.g. in p53 signaling [58, 59] and Delta/Notch signaling [60].

9
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1.5

Structure and Rationale

As pointed out above, high-throughput methods have emerged in genomics,
proteomics and bioinformatics. Those methods can be applied to any biological problem and often result in lists of “interesting” genes or proteins. Comprehensive annotation of the cellular interaction network and its substructures are available in the form of pathway databases such as KEGG, NCIPID and Reactome. MicroRNA targets as an example of high-throughput
data that can be obtained experimentally and computationally are mapped
onto pathways to put them in a biological context and infer their putative
function. Enrichment methods are employed for this purpose, but they usually neglect the interactions of the analyzed elements. In this work, a novel
proximity measure is proposed that is independent of pathway size and takes
network structure into account. It is based on the average shortest distance
of genes in a pathway.
The first part focuses on experimentally defined microRNA targets based
on high-throughput sequencing of RNAs isolated by immunoprecipitation of
crosslinked Ago-RNA complexes (HITS-CLIP) [61]. The dataset is analyzed
in detail with the enrichment and proximity measure. Both methods are
compared to show advantages of the proximity method.
In the second part, miTALOS, a web application that was partially developed previously, is presented and refined [21]. It maps predicted microRNA
targets onto signaling networks with both enrichment and the new proximity
approach and makes microRNA based regulation of signaling pathways available to the research community. In this thesis, the data set is analyzed on
a global scale and the differences between the two methods are highlighted.
Two comprehensive case studies have been conducted to show miTALOS’
rich feature set and biological significance of the proximity method.
In the third part, the proximity score is extended towards larger interaction
networks to further increase and test its biological significance. Robustness
is discussed and disease related genes are analyzed as an example for different
lists of interesting genes.

10

Chapter 2

Materials and Methods
In this study, pathways were extracted from the pathway database of Kyoto
Encyclopedia of Genes and Genomes (KEGG) [15], Reactome [17] and Pathway Interaction Database of the National Cancer Institute (NCI-PID)[16].
All have been freely available for academic use during the work on this thesis. Recently, KEGG moved from the Kanehisa Labs at Kyoto University
to NPO Bioinformatics Japan, a non-profit organization founded to further
curate and advance the KEGG database. As of July 1st 2011, the KEGG
FTP server is only available via paid subscription1 . All data used in this
thesis was downloaded previously.

2.1
2.1.1

Pathways & Graphs
Pathway databases: KEGG, Reactome, NCI-PID

KEGG pathways are classified as metabolic and non-metabolic. The nonmetabolic data set was downloaded from the formerly public KEGG FTP
server for mouse and human. The data is available in the KEGG markup
language (KGML), a XML like data format developed by KEGG. The data
files were read with a custom parser and translated into graphs as defined
by the internal graph model (see Section 2.1.2). Due to its custom data
format and the non-standard representation of pathways, KEGG lacks interoperability with other databases.
1

Further details on the transfer can be found at genome.jp/kegg/docs/plea.html
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From Reactome2 , the complete available data set of 62 pathways was downloaded for mouse and human. The data was obtained in the BioPAX format, a standard language to represent biological pathways at the molecular
and cellular level and to facilitate the exchange of pathway data [18]. The
developers of BioPAX offer Paxtools, a Java library specially designed for
accessing and manipulating data in BioPAX format3 . Paxtools was used to
parse the pathways and translate them into the internal graph model.
NCI-PID comprises 130 curated human signaling pathways and also offers
322 pathways imported from Reactome and BioCarta4 . The 130 curated
pathways were downloaded in the custom XML data format and read with
a custom parser. The data is also offered in the BioPAX format.

Differences in data representation
KEGG, NCI-PID and Reactome handle pathway representation differently
and use different data formats. KEGG pathways comprise nodes for small
molecules and proteins with direct interactions. KEGG focuses more on the
functional interactions than strict data representation. Protein nodes can
consist of a single protein or a group of proteins (e.g. a receptor family).
There is no controlled vocabulary describing the nature of nodes with multiple proteins. Unlike the other databases, KEGG does not describe protein
complexes. Interactions are directed and classified (activation, inhibition,
phosphorylation, expression, binding/association, indirect effect, dissociation). Additional pathway elements are links to other pathways and global
nodes such as DNA. Reactome favors intermediate modification nodes and
thus presents the data as bipartite graphs of pathway elements and modifications. The pathways are based on biochemical transition and transportation. Reactome offers a larger vocabulary of interactions including
additional terms such as transport, complex formation and recruitment of
co-factors. Proteins and complexes are handled more strictly: If several
proteins form a complex, each component is present as input to a complex
formation reaction. In general, data representation follows the same principles as Reactome. NCI PID offers the most information for nodes and
interactions and describes pathways even more stringent than Reactome.
Complexes are defined as nodes of proteins associated with properties such
as active or inactive.
Additionally, the level of external ID annotation provided by each database
2

Available at http://www.reactome.org/
Available at http://www.biopax.org/paxtools.php
4
Available at http://www.biocarta.com
3
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Figure 2.1: Class diagram of internal graph representation. Classes from
the JUNG API are shown in blue, custom classes in orange. Dotted lines
depict implementation of superclasses, solid lines required subclasses. An
object of type PathwayGraph consists of Edge and Vertex.
varies greatly. KEGG has a gene-centric annotation and maps all nodes to
Entrez Gene IDs while NCI and Reactome focus on the protein level and
annotate the nodes with UniProt IDs.

2.1.2

Internal graph model

Internal graph representation of the pathways was implemented with the
Java Universal Network/Graph Framework version 2.0.1 (JUNG). JUNG is
licensed under the GPL and available free of charge. It allows to build a
large variety of different graphs (directed and undirected, weighted) with
customized nodes and edges. Basic graph analysis algorithms such as shortest paths are available.
Pathways from the databases were stored in a custom internal graph model
(see Figure 2.1) based upon the unweighted SparseMultigraph class of
JUNG. The node types are ’protein’, ’complex’ consisting of proteins and
’small molecules’. When present in the source database, modification nodes
were used to generate bipartite graphs of pathway elements and modification nodes. The graphs were constructed with directed edges and transformed into undirected graphs to calculate the proximity score. Shortest
pathlengths for pairs of nodes were calculated with the respective JUNG
algorithm.

13
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The main difference in data formats and databases is the representation of
modifications. Interactions between nodes can be direct, and therefore the
object representing the edges holds additional information about the type
of interaction. The use of modification nodes is more common, though. Elements of the pathway are never connected directly. Instead, a modification
node lies in between and edges link the input and output nodes with the
modification. This forms a bipartite graph with the node types ’pathway
element’ and ’modification’. Information about the type of interaction is
stored in the modification node. While the graph gets more complex this
way, it allows to display complex interactions such as a biochemical conversion of a metabolite that is catalyzed by an enzyme and regulated by
another protein.
In general, pathways are transformed into undirected graphs (see Figure
2.2). Small molecules that do not take place in biochemical conversions
as either input or output are discarded (e.g. Calcium ions). If present,
the direction of interactions is stored in the graph, but not considered for
proximity calculation. Unconnected pathway elements can be discarded, e.g.
all single nodes or everything but the largest connected component.
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A

B

Figure 2.2: a) An exemplifying signaling pathway from KEGG. Rectangles
represent pathway proteins and solid links stand for molecular interactions,
like phosphorylation, (denoted with +p and -p), activation, or inhibition.
The pathway is converted into an undirected protein-centered network b),
where unconnected fragments have been removed. The colored nodes (orange and blue) are genes of interest, e.g. microRNA targets.
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2.2
2.2.1

Association of gene lists to pathways
Enrichment

Enrichment methods are commonly used to map sets of genes or proteins
to biological pathways. They assume that a pathway and its down-stream
signal are altered off if a microRNA targets many elements of a pathway.
In this study, enrichments were performed on pathways extracted from
KEGG, NCI-PID and Reactome. The enrichment score E for a group of
genes or proteins in a specific Pathway i is calculated as



Ei = log2

TPi /PPi
TPn /PPn



(2.1)

where TPi is the number of targets in pathway i, PPi is the unique number
of all elements in pathway i, TPn is the unique number of all targets in all
pathways and PPn is the unique number of all elements in all pathways. The
significance is obtained by Fisher’s exact test [62]

pEnrichment =

(a + b)!(c + d)!(a + c)!(b + d)!
a!b!c!d!n!

(2.2)

where
a = TP i
b = PP i − TP i
c = TP n − TP i
d = PP n − (a + b + c)
Correction for multiple testing is achieved with the Bonferroni method (similar to [63]) or Benjamini-Hochberg method [64].

2.2.2

Proximity score

To analyze the distances between targets in a pathway, the proximity P is
defined as the average shortest pathlengths between all targets. The shortest
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distance dxy is computed for all pairs of elements x and y with x 6= y and
therefore

P =

n
X
1
dxy
n x,y=1;x6=y

(2.3)

The proximity score can be condensed into a real number in [0, 1] via

Pcondensed = 1 −

n
X
1
α−dxy
n x,y=1;x6=y

(2.4)

In both cases, a smaller P means that the targets are closer together. If a
target gene is present in multiple nodes within a pathway, for every pairwise
distance dxy only the node yielding the shortest distance is considered.
If two nodes are not connected, the shortest pathlengths is defined as ∞.
In order to obtain significantly proximal data sets, P is compared to a null
model of random samplings on the same pathway, where the same number
n of elements is drawn randomly and Psampling is calculated in the same
manner as P . The p-value is obtained by

pP roximity =

number of random samplings with Psampling ≤ P
total number of samplings

(2.5)

Correction for multiple testing is achieved with the Bonferroni method (similar to [63]) or Benjamini-Hochberg method [64].
Alternatively, a z-score is calculated as often done in network biology (see
e.g. [65, 66]). For that, the null model mean µsampling and the standard
deviation σsampling are calculated and z is

zP roximity =

P − µsampling
σsampling

Associations with |z| > 2 are considered to be significant [65, 66].
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2.2.3

Mapping of genes onto pathways

For enrichment analyses, unique lists of all genes in a pathway and all pathways in the given data set were used. For the proximity analysis, mapping
becomes more complex. A graph has a finite number of nodes with a varying
number of genes associated with it. Nodes might not be associated to genes
at all or represent large groups of proteins (such as a family of receptors).
A gene can be associated to several nodes.
Two different approaches were used to map genes onto pathways:
• The node-centric mapping considers all nodes that are associated to
a given gene. Thus the number of genes mapped onto a pathway
and the number of resulting nodes for the proximity analysis do not
correlate but are dependent on the graph structure and annotation.
Each gene that is present in the pathway must have at least one node
and therefore the number of nodes is equal or higher than the number
of target genes. This has the advantage that all relevant nodes are
taken into account but discards the fact that some genes which are
overrepresented in a pathway could alter the analysis.
• The gene-centric mapping addresses this problem. For every pairwise
calculation of shortest pathlength, only the nodes yielding the shortest
distance are considered. If two genes only have one node, the result
is similar to the node-centric mapping. If several nodes are present,
the result changes. In general, this method leads to average shortest
pathlengths for genes rather than graph representations of genes.
The mapping is also influenced by the type of annotation used in the respective graph database. All data sets analyzed in this thesis consist of genes.
Some pathway databases annotate nodes as proteins and thus the gene list
has to be translated into associated proteins for a meaningful mapping. All
mappings are done with data provided by the UniProt database5 [67]).

2.2.4

Guided reduction of target sets

Given the generally high probability of false positives in the analyzed data
sets (most importantly in microRNA target prediction), the importance of
a single target in large group is debatable. Thus, the target set can be
5

Downloads are available at http://www.uniprot.org/downloads
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reduced by some targets without impact on the biological significance of the
pathway association. To facilitate this, for every target x in a given pathway
the mean distance mdx to all other targets Y = {y1 , ..., yn } with x 6∈ Y is
calculated as:

mdx =

n
1X
dxyn
n y=1

(2.7)

The target x with the highest mdx is then removed and the proximity is
calculated for the new target set, that contains one target less. The guided
reduction of target sets is executed either until a certain threshold is reached
(e.g. a maximum of 10 % of the targets) or until a significant proximity score
is found.
Significance is obtained from random samplings as explained in Section 2.2.2.
For n − 1 targets after a guided reduction step, the average shortest pathlengths is compared to a random sampling of n − 1 targets that do not
undergo a reduction.

2.2.5

Combinatorial reduction of target sets

In addition to the guided reduction, a combinatorial reduction of target sets
can be performed. For n targets in a given pathway, all possible combinations of {n − 1, n − 2, ..., 2} targets are used to calculate a proximity score.
This leads to a combinatorial explosion and is only computable for n − 1
and n − 2 in small target sets.
This effect can be circumvented by a semi-guided approach. The proximity
for all combinations of n − 1 targets is calculated. Then for the best hit, the
proximity for all combinations of (n − 1) − 1 targets is calculated.
Both methods can be computed until a certain threshold is reached or until
a significant proximity score is found.

2.2.6

Network construction from PPI

STRING is a database of known and predicted protein interactions (PPI).
The interactions include direct (physical) and indirect (functional) associa-
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Table 2.1: Association counts and data sources. The table shows the number of pair-wise proteinprotein associations processed for STRING (version
8.3), listed separately for three important model organisms as well as for
the database as a whole. The associations are counted non-directionally,
i.e. protein pairs AB and BA are counted only once. Identical associations
reported by different sources are counted separately under each source, unless they can be traced to the very same publication record and have been
imported from primary interaction databases (in case several such databases
agree on an interaction, it is arbitrarily counted for only one of them). Figure taken from [68].

tions6 .
To build a meta-network of all protein-protein interactions in a cell, the complete data set of STRING version 8.3 was downloaded. Only the combined
confidence score was considered for a PPI.
An undirected unweighted graph following the internal graph model was
constructed of all PPIs above a threshold in combined confidence score.
Nodes represent proteins, modification nodes are not used. Only the largest
connected component was used for further analyses. It contains about 95%
of all PPIs if a combined confidence score of 0.95 is used as threshold.
6

Available at http://string-db.org/
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2.2.7

Workflows

The methods described above have been combined to different workflows
depending on the pathway and data source.

MicroRNA-pathway associations for mouse brain, pathway associations for disease genes: The mapping of microRNA targets on pathways was gene centric. UniProt IDs were used for both KEGG and Reactome. Significance was obtained with the z-score zP roximity for proximity
and the p-value pEnrichment for enrichment, respectively. pEnrichment is corrected with the Bonferroni method.

miTALOS: The mapping of microRNA targets on KEGG pathways was
node centric and UniProt IDs were used. Significance of proximity score was
calculated with the p-value pP roximity and the p-value pEnrichment for enrichment, respectively. In the global analysis, correction of p-value is achieved
with the Benjamini-Hochberg procedure for enrichment and proximity.

2.2.8

Gene ontology analysis with DAVID

The functional annotation clustering performed with the DAVID software7
is described in detail by Huang et al. [69].

7

Available at http://david.abcc.ncifcrf.gov/
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Figure 2.3: Schematic overview of the miTALOS data sources. Pathways
are taken from KEGG and NCI. Tissue data is based on the gene expression
atlas presented by Su et al. [70]. All data is stored in a database. Random
samplings, which are the null model for proximity calculation, are precomputed and also stored in the database. This enables a very fast calculation
of results for every given input.

2.3

miTALOS: Implementation and data source

miTALOS is a web application that maps predicted microRNA targets onto
signaling networks with both enrichment and the new proximity approach
and makes microRNA based regulation of signaling pathways available to
the research community [71]. miTALOS is implemented in JAVA EE version
5. Server side features are based on Servlets and Java Server Pages (JSPs)
according to the JAVA EE specification. Client side functionalities exceeding
HTML capabilities (AJAX) are implemented in JavaScript employing the
JQuery JavaScript library version 1.4.4. miTLAOS runs on a Tomcat 6.0.18
Servlet Container. miTALOS uses a MySQL database to store pathways
from KEGG and NCI and tissue specific expression data from the tissue
atlas. MicroRNA predictions and random samplings for all pathways are
precomputed with an independent JAVA application and stored in separate
database tables (see Figure 2.3). The database structure allows to update
pathways and microRNA targets independently.
Human and mouse microRNAs were extracted from the miRBase database
[72], which is a collection of published microRNA sequences and annotation.
As there is strong evidence that microRNAs can act in concert with each
other, miTALOS also provides a list of predefined microRNA clusters. microRNA clusters are defined as a set of microRNAs, where each member is
having at least one other member of the same cluster within 5kb distance
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according to chromosomal locations. Chromosomal positions of all human
and mouse microRNAs were obtained from the miRBase database.
miTALOS uses several target prediction methods to infer microRNA target
transcripts: TargetScan [49], RNA22 [73], PicTar [74], PiTa [75], TargetSpy
[76]. Sethupathy et al. showed that the intersection of prediction tools
can yield improved specificity with only a marginal decrease in sensitivity
relative to any individual algorithm [77]. miTALOS can handle this issue
by generating intersections from at least two prediction methods.
MicroRNAs and their corresponding target transcripts show a highly tissuespecific expression pattern. The tissue atlas provided by [70] is used to filter
potential microRNA targets in a specific tissue. The human and mouse data
was downloaded from the NCBI Gene Expression Omnibus (GEO) and the
processed data was used. The predicted microRNA target transcripts are
mapped on the tissue atlas and considered a transcript as expressed in a
specific tissue, if either one replicate has a present call or both show at least
a marginal call, similar to the method used by [78].
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Results
3.1

MicroRNA-pathway associations for mouse
brain

Even though the predictive capabilities of different prediction tools have
been tested and compared thoroughly [77], the prediction always suffers from
a high false positive rate and fails to distinguish functional microRNA targets [79]. Recently, experimental methods have been established to find functional mRNA-microRNA interactions on a global scale. They are based on
immunoprecipitation of crosslinked Argonaut-RNA complexes followed by
high-throughput sequencing (HITS-CLIP) [44]. The method was extended
to include biochemical modifications in the RNA that allow to differentiate between actual protein-RNA linkage and co-precipitated but unrelated
RNA (PAR-CLIP) [55]. Both methods yield positions of mRNA-microRNA
interactions and thereby possible microRNA targets.
HITS-CLIP was first applied to cells from the mouse brain. Chi et al. [44]
report that crosslinking of the miRNA-Ago complex reduces false-positive
rate compared to computational target prediction algorithms and conventional Ago-immunoprecipitation. They calculate a specificity of 93%, a
false-positive rate of 13-27% and a false-negative rate of 15-25% for the
HITS-CLIP approach, based on comparison to a genome wide systematic
analysis of the seed sequences of miR-124 [80, 81, 82]. This exceeds target
prediction algorithms by far and thus HITS-CLIP is a solid basis to infer
global microRNA-pathway association. Unlike databases with experimentally validated microRNA targets, HITS-CLIP delivers the complete target
set of the 20 most abundantly expressed microRNAs in mouse brain, which
24

A
microRNA
mmu-let-7
mmu-miR-101
mmu-miR-124
mmu-miR-125
mmu-miR-138
mmu-miR-15
mmu-miR-153
mmu-miR-17
mmu-miR-181
mmu-miR-19
mmu-miR-193
mmu-miR-21
mmu-miR-221
mmu-miR-26
mmu-miR-27
mmu-miR-30
mmu-miR-34
mmu-miR-344
mmu-miR-708
mmu-miR-9

number of target
transcripts
964
548
1152
442
512
769
373
439
638
428
381
275
230
520
993
523
549
275
429
1194

B

let-7
miR-9
miR-15
miR-17
miR-19
miR-21
miR-26
miR-27
miR-30
miR-34
miR-101
miR-124
miR-125
miR-181
miR-193
miR-221
miR-344
miR-708
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Aldosterone-regulated sodium absoption
Basal cell carcinoma
B cell receptor signaling
Cell cycle
Gap junction
GnRH signaling
Leukocyte transendothelial migration
Long-term potentiation
MAPK signaling
Olfactory transduction
Pancreatic cancer
Pathways in cancer
Phosphatidylinositol signaling
Regulation of action cytoskeleton
Renal cell carcinoma
Tight junction
Toll-like receptor signaling
VEGF signaling
proximal

distal

Table 3.1: a) Overview of the microRNAs analyzed in the HITS-CLIP data
set. b) MicroRNA-pathway associations (MPAs) in mouse brain with an
absolute proximity score |z|P roximity > 2. The proximity score is calculated
as the z-score of the average shortest pathlength of microRNA targets in
a signaling network, compared to randomly selected targets. MPAs with
zP roximity < −2 are called proximal (orange), those with zP roximity > 2
distal (blue). Many microRNAs exhibit both proximal and distal target
pattern, while pathways favor only one.

is necessary for a global network analysis as conducted in this thesis. The
targets are mapped onto KEGG pathways and analyzed with the proximity
method. The results were published and are currently in revision1 .

3.1.1

Global comparison of enrichment and proximity

The HITS-CLIP data set contains targets for 20 microRNA from mouse
brain. 2852 transcripts were identified as targets with an average of 581
targets per microRNA. Interestingly, this indicates that most transcripts are
targeted by more than one microRNA (on average by 4.3). The distribution
of targets varies greatly between 230 and 1194 (see Table 3.1a).
The proximity analysis was carried out with gene-centric mapping that is
supposed to highlight the interdependencies of the actual genes rather than
their node-representation in the signaling pathway (see Section 2.2.3). To
further enhance the significance of the proximity measure, only the largest
1

Carsten Marr, Andreas Kowarsch, Martin Preusse, Rolf Backofen, and Fabian J. Theis
(2011): Beyond enrichment: Measuring microRNA-pathway associations in signaling networks. BMC Systems Biology. In revision.
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Figure 3.1: The KEGG olfactory signal transduction pathway. The red
receptor node represents several hundred different olfactory receptors. The
other 14 are individual proteins involved in downstream signaling. When
targets are chosen randomly to build the null model for this pathway, it is
very likely that all are located on the receptor node. Thus, a MPA will
have a proximity score zP roximity > 2 if already one target is not located
on the receptor node. In this case, the network structure does not allow to
calculate a meaningful proximity score.

connected component of each pathway was considered (see Section 2.1.2).
A single target that lies on an unconnected node might potentially alter the
proximity score to a large extent. Given the uncertainties in the HITS-CLIP
data set, a single target should not have such a high impact on the predicted
MPAs. Interestingly, only 89 of 119 pathways have largest connected component with at least two nodes (smaller components are inapt for the proximity
score). For large groups of unconnected nodes, the proximity score does not
have a biological significance. Filtering for the largest component therefore
yields a more useful set of pathways for the analysis. On average, the largest
connected component has a size of 17 nodes with “MAPK signaling” having
the largest (117 nodes). When only largest components with at least two
nodes are considered, the average number of nodes is 25. This data set is
considered for the proximity analysis.
The HITS-CLIP data was mapped on 119 KEGG signaling pathways from
mouse, resulting in 2380 possible MPAs. 863 MPAs have at least two targets
and thus qualify for the proximity analysis. Among those, 21 MPAs are
proximal (zP roximity < −2). Furthermore, 31 MPAs show a distal target
26
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pattern (zP roximity > 2). Since proximal and distal MPAs represent the
extremes of regulatory patterns they are mutually exclusive (see Table 3.1b).
However, two pathways (Gap junction and GnRH) appear in both distal and
proximal MPAs, though with different microRNAs associated (see Figure
3.2a). Taken together, 52 MPAs have a significant z-score (|z|P roximity > 2).
They cover 18 of the 20 microRNAs and 18 pathways.
12 of 31 distal MPAs lie in the Olfactory signal transduction pathway. A
closer look at this this pathway reveals a unique network structure (see
Figure 3.1). From the 15 nodes comprising the network, one represents
several hundred receptors (further on called the receptor node), involved
in the olfactory system [83]. The other 14 are individual proteins involved
in downstream signaling. When targets are chosen randomly to build the
null model for this pathway, it is very likely that all three are located on
the receptor node. An MPA will have a proximity score zP roximity > 2 if
already one target is not located on the receptor node. Thus, the network
structure of the Olfactory transduction pathway does not allow a meaningful
calculation of the proximity score. If this pathway is not taken into account,
the number of MPAs with a distal target pattern decreases by one third.
The results of the proximity analysis were compared with the wellestablished enrichment measure, which relies on the assumption that the
sheer number of targets indicates if a pathway is controlled by a microRNA.
Using the identical data sources as above, 25 enriched MPAs were found
(p < 0.05, Bonferroni corrected). Two of these 25 MPAs (miR-9 in MAPK,
miR-26 in Long-term potentiation) also exhibit proximal target patterns (see
Figure 3.2). To understand the differences in the associations, the number of
microRNA targets in proximal, distal, and enriched MPAs were compared.
Apparently, the two scores identify MPAs with very different target abundances: Typically, more than 10 targets are found in an enriched MPA (with
a median of 14), while the median number of targets in proximal and distal
MPAs is 7 and 3, respectively (see Figure 3.2b). Thus the established enrichment score misses, by construction, pathways with only very few targets.
The proximity score on the other hand fails for large target abundances, since
differences between proximal and distal patterns then disappear. However,
the majority of pathways shows only few targets (mean of 3.5), which is
covered by the proximity rather than the enrichment score. This indicates
that proximity and enrichment method discover distinct ways of microRNA
mediated signaling pathway control.
Interestingly, the proximal MPAs do not favor a certain pathway size. Pathways with a high number of nodes (e.g. MAPK signaling) are present as
well as pathways with less than average targets (e.g. Aldosterone-regulated
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A

B

Figure 3.2: a) 21 MPAs are proximal (zP roximity < −2), 31 distal
(zP roximity > 2), and 25 enriched. While proximal and distal patterns are
mutually exclusive, two MPAs (miR-9 in MAPK, miR-26 in Long-term potentiation) exhibit both enriched and proximal target patterns. b) Density
of number of pathway targets in significantly targeted pathways. While the
number of targets in enriched pathways is predominantly higher than 10
(white), proximally (red) and distally (blue) targeted pathways have mostly
less than 10 targets. Thus, the proximity concept identifies MPAs with only
few targets, as opposed to the enrichment concept, which per se favors many
targets. However, 95% of all HITS-CLIP MPAs have less than 11 targets.
sodium reabsorption). The enriched MPAs have a higher number of nodes
per pathway. This indicates that the score is not only biased towards large
numbers of targets, but also larger pathways.
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3.1.2

Case study: microRNA-21 and MAPK

Among the pathways with most proximal target patterns are the MAPK and
cell cycle pathways. Within the MAPK pathway, miR-21 proximally targets
the downstream cascades RAS-RAF1-MEK of the epidermal growth factor
(EGF) receptor. Based on these findings a pivotal role of miR-21 in MAPKbased signaling is predicted in brain. Indeed, Zhou et al. recently showed
that mmu-miR-21 effects the growth of glioblastoma cells by inhibiting the
MAPK pathway via EGFR [84]. The functional impact of the MAPK network in brain is backed by several studies indicating that this pathway is
a key mediator of EGF [85] and brain-derived neurotrophic factor signaling
[86, 87].
The MAPK pathway is also essential for growth-factor-induced cell-cycle
progression. Growth-factors induce MAPK pathway, which in turn activates
cyclin-dependent kinases (CDKs). CDKs are key regulatory proteins that
are activated at specific phases of the cell cycle. CDK4 and CDK6 are
essential for the transition from G1 phase to DNA replication. Four proximal
MPAs are found in the cell cycle pathway (see Table 3.1). Among those,
miR-124 targets CDK4, a member of the early cell cycle (G1 phase), and
two members of the G2/M phase (CDC25 and YWHAQ). Silber et al. [88]
showed that transfection of miR-124 inhibits proliferation of glioblastoma
cells by inducing a G1 cell cycle arrest, which is in line with the prediction.
This finding shows that alteration of miR-124 expression has a severe impact
on cell cycle progression, further indicating that MPAs inferred with the new
proximity score have a significant functional impact.
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Proximal
Distal
Enriched
Single
All

Table 3.2: GO analysis of proximal, distal, enriched and single targets of
HITS-CLIP microRNAs. Clusters of GO biological process terms associated
with the targets are identified using the Functional Annotation Clustering [6]
of the DAVID software [89]. See Table 3.3 for complete List of GO terms in
each cluster. The two top scored clusters for each class of MPA are shown in
dark and light grey respectively. While phosphorylation-associated functions
appear in all identified target patterns, underlining the assumption that
microRNAs target mostly intracellular components of signal transduction
networks [25], each pattern also exhibits a specific biological function (see
text for detailed discussion).

3.1.3

Gene Ontology analysis

Both proximity and enrichment score miss a specific target pattern: microRNAs with only a single target in a signaling pathway. From a functional
perspective, the regulation of an important pathway protein might suffice to
alter the dynamics of the associated pathway as a whole (see, e.g. [35, 36]
for the functional impact of single nodes on complex networks dynamics).
If all 2380 MPAs in our data are considered, 15% have only a single microRNA target. To study if these targets share specific properties, a GO
[90] analysis was conducted with DAVID [89] a tool that automatically clusters enriched and related GO terms [91]. The two top scoring groups of GO
process terms are shown in Table 3.2 for proximal, distal, enriched, and single targets. A phosphorylation cluster appears in all four groups, comprising
the biological processes protein amino acid phosphorylation, phosphorylation, phosphate metabolic process, and phosphorus metabolic process. This
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cluster shows up as the dominant cluster of all targets, which corroborates
earlier findings [25, 21], where microRNAs have been shown to predominantly target intracellular components of signal transduction networks. Cellular signaling is largely based on a chain of phosphorylation reactions from
a cell surface receptor down to a transcription factor that carries out the
actual biological action.
However, each class also exhibits a specific cluster of targeted processes:
Proximal microRNA targets appear predominantly in trans-membrane or
cell surface receptor associated processes. Apparently, the control of signal
transduction at the receptor level requires a coordinated regulation of a
few proximate proteins by a specific microRNA. Single targets are highly
associated with the regulation of cell death, the most important decision
a cell can make. This is remarkable, since it stresses the idea that pivotal
pathway proteins can be under specific microRNA control. Finally, distal
targets both participate in the regulation of cytoskeleton organization, a
biological process that is not directly related to signal transduction. The
same functional cluster emerges for enriched MPAs. Taken together, the
functional implications of distal MPAs, unlike proximal and single ones, are
debatable.

3.1.4

Comparison with microRNA target prediction

A comparison of the HITS-CLIP analysis with target prediction tools could
show that the computational tools actually find a useful target set on a
global level. Additionally, if the major tools exhibit similar patterns of
proximity, distality and enrichment, the new approach to target validation
of HITS-CLIP would be supported.
The proximity analysis was repeated for a recent TargetScan analysis on
the same KEGG data set. To come straight to the point, the exact MPAs
found for HITS-CLIP were not predicted for TargetScan. One has to consider the generally high false positive rate for target prediction and the fact
that HITS-CLIP gives better results but still fails to filter out actually functional microRNA-mRNA interactions. Additionally, HITS-CLIP uses brain
tissue and thus the results only apply to microRNAs in adult mouse brain.
Therefore, a difference in detail does not impair the general assessment of
proximity analysis based on target prediction. Indeed, if the hypothesis
of proximity as a general feature of microRNA mediated control of signal
transduction holds true, one would expect similar patterns of microRNA
targets.
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Proximal
n = 85

Distal
n = 34

Enriched
n= 5

Figure 3.3: Number of targets in significantly targeted pathways for microRNA target prediction by TargetScan. While the number in enriched
pathways is around 10 (white), proximally (red) and distally (blue) targeted
pathways have mostly less than 6 targets. This further strengthens the hypothesis that the proximity concept identifies MPAs with only few targets,
as opposed to the enrichment concept, which per se favors many targets.
The mean number of targets per MPA is 1.91 for all MPAs with at least one
target.

TargetScan contains predictions for 235 microRNAs, including the 20 analyzed in HITS-CLIP. Mapped on 119 KEGG pathways, this results in 27.965
possible MPAs. 6389 of those have at least one target and 2885 (roughly
10%) have at least two targets and can thus be analyzed with the proximity
approach. 85 MPAs are proximal (zP roximity < −2) and 34 MPAs show a
distal target pattern (zP roximity > 2). Interestingly, 7 of the distal MPAs
are in the Olfactory transduction pathway and 12 in ’Tight junction’. Both
pathways have a similar topology (a single node with many associated genes
in a small connected component) and can therefore not be analyzed with
the proximity measure. This reduces the result set for distal MPAs significantly and again points at the fact that this target pattern might not be of
biological significance.
The analysis further strengthens the hypothesis that proximity analysis detects a new class of MPAs and circumvents the bias of enrichment studies
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towards MPAs with many targets. For all MPAs with at least on target, the
mean number of targets per MPA is 1.91. The numbers for proximal and
distal target patterns resemble the overall mean while enriched MPAs favor
a significantly higher number (see Figure 3.3).
This is supported by a GO enrichment analysis with DAVID. Again, phosphorylation and signaling associated processes are found as the highest scoring cluster for all targeting patterns. All classes of target patterns show different second best scoring clusters. TargetScan does not completely resemble
the results for HITS-CLIP, but the second highest scoring cluster indicates
that the proximal target pattern is associated with signaling events. The
enriched pattern exhibits unrelated clusters (cell organization). Interestingly, the distal pattern for TargetScan seems to be related to transcriptional
events. This is the major difference in GO analysis between HITS-CLIP and
TargetScan and indicates that the distal pattern is associated with targets
on the transcription factor level.
In the HITS-CLIP analysis, pathways seemed to favor either proximal or
distal MPAs. With the larger data set of TargetScan and more significant
MPAs, this result was not confirmed. The overlap in proximal and distal
MPAs for single pathways was much bigger.
In summary, the TargetScan analysis does not overlap with HITS-CLIP in
terms of MPAs. HITS-CLIP still shows significant false-positive and false
negative rates and computational target prediction even higher ones. On
the other hand, the number of targets per microRNA and the number of
microRNAs a protein is targeted by is very similar to the data yielded by
HITS-CLIP. Thus, the similarities found in distribution of targets shows
that proximal and distal MPAs are not an artifact in the HITS-CLIP data.

3.1.5

Comparison with Reactome database

The analysis was repeated on the pathways of the Reactome database [17].
30 MPAs (out of a total of 20x67=1340 and 332 with at least 2 targets)
were identified, 21 proximal and 9 distal ones. After Bonferroni correction,
no significantly enriched MPAs remain. When comparing different pathway resources, one has to keep in mind how databases represent functional
elements and build interactions between them: While KEGG uses direct
connections between proteins and small molecules, the Reactome database
favors intermediate modification nodes and bases its pathways on biochemical transition and transportation. Given the completely different ways how
Reactome and KEGG represent the interaction data, even pathways from
33

CHAPTER 3. RESULTS

KEGG and Reactome with similar names (e.g. TGFbeta, VEGF, Wnt) are
not comparable in terms of microRNA associations. It is interesting to note
that the enrichment method fails to detect significant MPAs on a different
data set, while the proximity score still allows to identify MPAs.
Again, the mean number of targets in proximal MPAs (4.5) is similar to the
overall mean (3.7). The GO analysis revealed that the proximal MPAs again
favor biological processes related to cellular signaling: The two top scoring
DAVID clusters comprise the regulation of Rho and Ras mediated signal
transduction and phosphorylation, respectively. For the proximal MPAs,
both the number and the identified biological processes are comparable between the KEGG and Reactome analysis. However, differences occur when
enriched and distal MPAs are considered. In general, the proximity score is
also applicable for other pathway resources and the hallmarks of the proximity measure are found.
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HITS-CLIP
Cluster 1
Proximal protein amino acid
phosphorylation
phosphorylation
phosphate metabolic
process
phosphorus metabolic
process

TargetScan

Cluster 2
Cluster 1
enzyme linked receptor protein intracellular signaling
signaling pathway
cascade

Cluster 2
establishment of protein
localization

cell surface receptor linked
signal transduction
transmembrane receptor
protein tyrosine kinase
signaling pathway

protein amino acid
phosphorylation
phosphate metabolic
process

cellular macromolecule
localization
protein transport

phosphorus metabolic
process
protein kinase cascade

intracellular protein transport

phosphorylation

intracellular transport
protein localization
cellular protein localization
protein targeting

Distal

cytoskeleton organization

protein amino acid
phosphorylation

biological adhesion

actin cytoskeleton
organization
actin filament-based
process

phosphorylation

cell adhesion

phosphate metabolic process

cell-cell adhesion

Enriched protein amino acid
phosphorylation
phosphorylation

Single

phosphate metabolic
process
phosphorus metabolic
process
protein amino acid
phosphorylation
phosphorylation
phosphate metabolic
process
phosphorus metabolic
process

All

protein amino acid
phosphorylation
phosphorylation
phosphate metabolic
process
phosphorus metabolic
process

phosphorus metabolic process

cytoskeleton organization

phosphorylation

positive regulation of
transcription from RNA
polymerase II promoter
positive regulation of
transcription, DNA-dependent
positive regulation of RNA
metabolic process
positive regulation of
transcription
positive regulation of gene
expression
lamellipodium assembly

actin cytoskeleton organization protein amino acid
phosphorylation
actin filament-based process
phosphate metabolic
process
phosphorus metabolic
process
regulation of apoptosis
phosphorylation

blood vessel development

regulation of cell death

protein amino acid
phosphorylation
phosphate metabolic
process
phosphorus metabolic
process

vasculature development

phosphorylation

chordate embryonic
development
embryonic development ending
in birth or egg hatching
in utero embryonic development

regulation of programmed cell
death
negative regulation of
apoptosis
negative regulation of cell
death
negative regulation of
programmed cell death
blood vessel development
vasculature development
blood vessel morphogenesis
angiogenesis

protein amino acid
phosphorylation
phosphate metabolic
process
phosphorus metabolic
process

cell projection organization
cell projection assembly

blood vessel morphogenesis
angiogenesis

Table 3.3: Complete GO analysis of proximal, distal, enriched and single targets of HITS-CLIP and TargetScan microRNAs. Clusters of GO biological
process terms associated with the targets are identified using the Functional
Annotation Clustering [90] of the DAVID software [89]. The two top scoring clusters for each class are shown. For both HITS-CLIP and TargetScan
phosphorylation and signaling associated processes are dominant. This is in
line with previous studies indicating that microRNAs predominantly target
signaling cascades [25, 21]. All classes of target patterns show different second best scoring clusters. While TargetScan does not completely resemble
the results for HITS-CLIP, the findings indicate that the proximal target
pattern is associated with signaling events. The enriched pattern exhibits
unrelated clusters (cell organization). Interestingly, the distal pattern for
TargetScan seems to be related to transcriptional and translational events.
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3.1.6

Conclusion

The proximity score complements the computational toolbox to identify
microRNA-pathway associations. It is an alternative measure to the established enrichment score and based on the hypothesis that a functional
relationship is probable if the targets of a microRNA are proximal and linked
in a pathway rather than randomly distributed and unrelated. These two
measure present two different ways of inferring target-pathway associations.
Notably, the enrichment measure is unable to identify pathways with a small
number of targets. Vice versa, the proximity measure fails if a pathway contains a large proportion of targets. Refinements of the score would include
not just the largest, but also smaller connected component of a signaling
network. Moreover, one could account for the direction and the character of
the interactions, thus discrimination between, e.g., concatenated activations
and more complex target patterns. Finally, our score could be used to boost
target prediction by filtering out proximal patterns.
Applying the proximity score to a global set of experimentally validated microRNA targets, microRNA-pathway associations were identified that differ
from those inferred with the conventionally used enrichment score. This
finding indicates the existence of additional subclasses of microRNA pathway associations in addition to the enrichment of microRNA target pattern.
A gene ontology analysis revealed that proximal target patterns correspond
to a specific function in cell signaling.
Comparison to target prediction with TargetScan revealed similar patterns
of MPAs, indicating that target prediction is able to capture the full scope
of microRNA mediated pathway control. This further strengthens the hypothesis that proximity and enrichment detect mutually exclusive patterns
of microRNA action in signaling pathways. Comparison with an analysis
on the Reactome pathway database revealed similar target characteristics
for proximal MPAs. Extension of the proximity analysis on more pathway
databases and a more detailed comparison are interesting concepts for
Summarizing, the application of concepts from graph theory to signal transduction allows the identification of novel microRNA-pathway associations.
More generally, the concept of proximity can serve as a powerful tool to
identify patterns in networks beyond microRNA regulation in signal transduction. For drug targets in metabolic networks, disease genes in signaling
pathways, or other network medicine [92] approaches, the tool might generate useful hypothesis beyond the commonly used enrichment method.
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3.2

miTALOS

MicroRNAs have a huge impact on almost any biological process and the
significance of microRNA mediated regulation of signaling pathways has
been shown in a number of studies [93, 94, 95]. New microRNAs and new
functional implications for known ones are discovered constantly. MiRBase
[96], the major database collecting microRNA sequences, lists 1733 human
and 1178 murine microRNAs in its current release2 .
Many targets of microRNAs are known, but there is a large number of
potential targets that have not been analyzed yet. Researchers working with
microRNAs have to deal with this uncertainty. Given the comprehensive
knowledge of biological processes that is available via the pathway databases
described in section 2.1.1, a tool that associates microRNAs with this data is
needed. Therefore, I previously developed miTALOS, a web application to
infer microRNA-pathway associations based on predicted microRNA targets
(see Figure 3.4, 3.5 and 3.6). In this thesis, the application was refined for
publication, a case study was conducted and the miTALOS data set was
analyzed on a global scale. miTALOS is available at http://mips.helmholtzmuenchen.de/mitalos and was recently published3 .

3.2.1

Concept

miTALOS is a public web application that offers microRNA-pathway associations (MPA) based on enrichment and the novel proximity measure (see
section 2.2). miTALOS uses predicted targets of human and murine microRNAs as input. Five different prediction tools are available: TargetScan
[49], RNA22 [73], PicTar [74], PiTa [75] and TargetSpy [76]. As there is
strong evidence that microRNAs can act in concert with each other to affect a signaling pathway [97], miTALOS addresses this aspect through the
simultaneous analysis of multiple microRNAs or even predefined genomic
microRNA clusters. When multiple microRNAs are selected, the union of
targets is used in subsequent analyses (see Figure 3.4 and 3.5).
In addition, any intersection of all five prediction tools can be used. This
has been shown to yield increased specificity with only a marginal decrease
in sensitivity [77] and improves the predictive capacity of miTALOS sub2

MiRBase 17 was released in April 2011
Andreas Kowarsch, Martin Preusse, Carsten Marr and Fabian J. Theis (2011). miTALOS: Analyzing the tissue-specific regulation of signaling pathways by human and mouse
microRNAs. RNA.
3
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stantially.
It has already been shown that many microRNAs exhibit temporal and
tissue-specific expression patterns [98], destabilizing many transcripts to
further define tissue-specific transcript profiles [73]. However, microRNA
prediction algorithms do not take expression profiling of both microRNA
and mRNA levels into account. Therefore, functional analysis on the global
set of predicted targets may lead to wrong microRNA-pathway associations.
Based on the highly tissue-specific expression signatures of microRNAs and
target transcripts, tissue-specific gene expression has to be considered to
improve the analysis of microRNA regulation in biological pathways. To
facilitate this, miTALOS implements a tissue filter for both microRNA targets and genes in pathways. Expression data is obtained from the gene atlas
by Su et al [70]. This outstanding feature sets miTALOS apart from other
tools that aim at associating microRNAs with pathways.
Currently, only a few resources are available that link microRNAs and biological pathways. MiRDB [99] is an microRNA target prediction web resource that also provides precompiled information about single microRNA
regulators. MiRGator [100] offers functional annotation of microRNA targets, as well as mapping of single microRNAs in pathways. DIANA-mirPath
[101] integrates microRNA targets in KEGG [15] pathways and provides
three different target prediction tools. All web services do not offer the large
feature set of miTALOS. The tissue filter as well as the ability to combine
several target prediction tools improve the validity of microRNA-pathway
associations obtained by miTALOS.
The workflow is expanded by detailed visualization of microRNA targets in
pathways (see Figure 3.6). KEGG is well-known for its informative network
pictures. They are focused on the biological background and impact of each
pathway. miTALOS uses these pictures and indicates targeted nodes. NCI
PID graph visualization displays the comprehensive data set included in
each pathway (see section 2.1.1) and therefore produces large and confusing
pictures. Improved network visualizations generated with yFiles are used to
give a better overview of the pathways.
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Figure 3.4: Overview of the miTALOS web resource: After selecting a single
or multiple microRNAs (which can also be chosen from a list of predefined
genomic microRNA clusters) as input, the user can restrict the analysis to a
specific tissue and/or pathway. In addition, microRNA prediction methods
and output parameter such as p-value cutoffs can be defined.
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Figure 3.5: Overview of the miTALOS web resource: The result page shows
the identified microRNA-pathway associations. By default, miTALOS sorts
all pathways by an increasing enrichment p-value along with the names of
each microRNA’s target genes involved in either KEGG or NCI PID pathways. Multiple sorting options and links to disease-association are provided.
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Figure 3.6: Overview of the miTALOS web resource: microRNA target genes
in a given pathway are graphically annotated (highlighted in red boxes) in
the pathway map.
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Figure 3.7: Proximity vs. enrichment in signaling pathways. a) Density of
the number of targets in microRNA-pathway associations (solid line). While
the number of targets in significantly enriched (FDR < 0.01) pathway is
mainly between 10 and 20 (dotted line), significantly proximal (FDR < 0.01)
targeted pathways have 3 to 7 targets (dashed line). Thus proximity and
enrichment score identify two alternative forms of microRNA control. b)
As expected, the significant microRNA-pathway associations calculated by
enrichment and proximity are mutually exclusive. This finding underpins
the relevance of the proximity measure as a tool to find yet unknown ways
of microRNA mediated pathway control.

3.2.2

Global comparison of enrichment and proximity

miTALOS employs two methods to infer MPAs. The widely used and tested
enrichment method and the novel proximity measure geared towards network features. In contrast to the proximity measure, the enrichment measure
relies on the assumption that microRNA control on a pathway is mediated
by the number of targets. As there is evidence that microRNAs have a strong
impact on the signal transduction, the degree of downregulation often tends
to be quantitatively modest. A microRNA typically down-regulates most of
its target transcript by less than 50% [31]. This consideration suggests that
although many genes are predicted to be microRNA targets, only a fraction of these interactions will have an impact on biological responses and
phenotypes [102].
A global analysis of the distribution of microRNA targets was carried out to
assess the differences of enrichment and proximity. The complete dataset of
235 murine microRNAs and targets predicted by TargetScan was compared
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against 119 signaling pathways from KEGG. The pathways were not filtered
and also included unconnected nodes or small subgraphs of two or three
connected nodes. The result shows the highest microRNA target density for
1 to 8 targets per pathway (see Figure 3.7), reflecting 90% of all microRNApathway associations.
The enrichment method yields 265 significant microRNA-pathway associations (FDR < 0.01) among the 27.965 theoretically possible MPAs. The
average number of targets per pathway differs greatly from the unfiltered
data set. Significantly enriched MPAs have mainly between 10 and 20 target transcripts (see Figure 3.7). This result indicates that the enrichment
approach mainly focuses on a small subpart of microRNA-pathways associations that only reflects 7% of the total associations. Therefore, it can be
argued that the enrichment approach identifies signaling pathways having
in general transcripts under microRNA control.
Therefore, the basic hypothesis behind the enrichment concept might be
unsound: Often, it suffices for a microRNA to regulate a small subpart or
even a single transcript in order to influence the function of a whole pathway
[94, 95, 93]. This assumption is also affirmed by our finding reflecting that
microRNAs target in general a small amount of pathway proteins (Figure
3.7). In order to assess these signaling components of microRNA-mediated
control, the proximity measure calculates the proximity of microRNA targets in signaling pathways based on their relative distance. Employing
the proximity measure, a set of 125 significantly proximal (FDR < 0.01)
microRNA-pathway associations was obtained with a maximum density for
4 to 7 targets per pathway (Figure 3.7). Apparently, the two measures identify significant microRNA-pathway associations with very different target
abundances. Thus, proximity and enrichment scores identify two alternative forms of microRNA control. The proximity method (mean number of
microRNA targets per pathway (mtpp) = 5.90) is clearly shifted to a smaller
number of target transcripts compared to the enrichment method (mtpp =
15.31; p < 2.2−16 ). Comparing the proximity method with the distribution
of all microRNA-pathway associations (mtpp = 5.40) shows that the proximity based approach focused on microRNA-pathway associations that are
in general more common.

3.2.3

Case study 1: microRNAs in prostate cancer

Recent studies have supported that microRNA mutations or deregulations
are associated with various human cancers, indicating that microRNAs can
function as tumor suppressors and oncogenes [103, 104]. Up-regulated mi43
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croRNAs in cancers may function as oncogenes and promote cancer development by negatively regulating tumor suppressor genes and/or genes
that control cell differentiation or apoptosis. Down-regulated microRNAs
in cancers function as tumor suppressor genes and may inhibit cancers by
regulating oncogenes and/or genes that control cell differentiation or apoptosis. microRNA expression profiles may become useful biomarkers for cancer
diagnostics. In addition, microRNA therapy could be a powerful tool for
cancer prevention and therapeutics [105].
Prostate cancer is one of the most significant cancers and second leading
cause of cancer death among American men, exceeded only by lung cancer
[106]. In order to unveil the impact and interaction of microRNAs with the
important and altered signaling pathways in prostate cancer, a functional
functional analysis was performed with miTALOS using miR-106b-93-25,
miR-22, TargetScan, and the prostate expression profile as tissue filter. A
putative oncogenic function was proposed for the miR-106b-25 cluster and
miR-22 in prostate cancer [107, 108] (see Table 3.4). It was found that
miR-22 operates as a proto-oncogene in combination with c-MYC [109] and
plays an important role in retardation of tumor cells [110]. For cluster miR106b-25, recent studies proposed an anti-apoptotic role in prostate cancer
[111, 112].
One feature of miTALOS is the ability to use intersections of microRNA
prediction tools that can improve the target gene specificity. To highlight
the power of this feature, the intersection of TargetScan and PicTar was
used, which shows a good performance and achieved just slightly less sensitivity than either program individually [77]. Furthermore, the intersection
of PicTar and RNA22 was tested. The tools are based on different features
and thus illustrate the scope of miTALOS (for a complete list of identified
microRNA-pathway associations see Table 3.4).
Using miTALOS, a significant enrichment (p < 0.05) of microRNA target
genes in KEGG’s prostate cancer pathway was obtained independently by
the chosen prediction set. This pathway summarizes key molecular alterations in prostate-cancer in a combined pathway. The result shows that the
queried microRNAs have a strong impact on critical components of the phenotype of prostate-cancer. In addition, miTALOS identifies an enrichment
of target genes in actin cytoskeleton pathway indicating the association between the queried microRNAs and cell motility in prostate cancer. Cell
motility is a critical determinant of prostate cancer metastasis [113].
RHO/ROCK kinase induces reorganization of the actin cytoskeletal dynamics in several metastatic tumors [114]. [115] showed that a downregulation
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of ERK leads to increased cell migration. ERK and GRLFI were found to
be targeted by miR-106b-25 indicating the influence of the prostate related
microRNAs on the repression of ROCK and therefore the activation of cell
migration (see Figure 3.8a).
Furthermore, an association between miR106b-25, miR-22 and the MAPK
pathway was identified using TargetScan. IL-6 activates prostate cancer cell
proliferation via JAK-STAT [116] and MAPK [117] pathways (see Figure
3.8b). The association between JAK-STAT and the queried microRNAs
however was only found by an intersection based microRNA target sets
based on PicTar and RNA22, whereas no single prediction tool was able
to identify a significant relationship. This result shows that a search using
more the one prediction method leads to biologically relevant results.
Downregulation of AKT and DUSP leads to an activation of the MKK/JNK
cascade, which is involved in the tumor growth in prostate cancer [118].
MiTALOS identifies inhibitors such as AKT, DUSPs, and MAPKs targeted
by miR-106b-25 and miR-22. In addition, MAPK9 is a validated target gene
of miR-93 [119]. The result of miTALOS shows that central inhibitors of
the MAPK related proliferation are under microRNA-mediated repression,
which may facilitates tumor proliferation (see Figure 3.8b).
In addition, miTALOS links the queried microRNAs to the cell cycle and
Phosphatidylinositol pathways. In prostate cancer, PI3K/AKT signaling
cascade is activated to ensure cell survival and protection against apoptosis
[124]. It was shown that the Wnt signaling is involved in AKT activation
[125], which inhibits angiogenesis and tumor growth [126]. Moreover, there is
in vivo evidence that the ErbB family receptors activate the PI3K/Akt/NFkB pathway in prostate cancer cells [127]. miTALOS allowed to identify
these microRNA-pathway associations by using an intersection based microRNA target sets. Within these pathways, which are in crosstalk to the
PI3K/AKT signaling cascade, PI3K and AKT are targeted by the queried
microRNAs in the related pathways. This result supports the activation
of MAPK-related tumor growth and indicated the role of miR-106b-25 and
miR-22 as oncomirs (see Figure 3.8b).
The p53 pathway was only found by our new proximity method (p < 0.05).
P53 and cell cycle related pathways are active and involved in the lack of
cell cycle checkpoint arrests and p53-dependent apoptosis [121, 122]. DNA
damage results in a sharp increase of p53 protein that, in turn, can enhance
cell cycle arrest and apoptosis. Central players of cell cycle arrest are found
to betargeted by miR-106b-25 and miR-22 independently of the prediction
tool facilitating the inhibition of cell cycle arrest and apoptosis (see Figure
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3.8c). In addition, [123] showed that p21 is a direct target of miR-106b and
plays a key role in cell cycle progression.
The microRNA-mediated regulation of tumor proliferation, mobility and
anti-apoptotic behavior of the prostate cancer related miR-106b-25 and miR22 is summarized in a model illustrated in Figure 3.8. The functional analysis and inferred model indicate that the global effect of the up-regulated
microRNAs do not only depend on single central target genes but also on the
interaction of multiple components in the signaling pathways. The features
of miTALOS provide a substantial support to infer microRNA-mediated
regulation of signaling pathways in systematical manner.
Repeating the functional analysis by using miTALOS without the tissue
filter and also applying DIANA-mirPath on the cluster miR-106b-25 and
miR-22, the MPAs discussed above were not found. This result shows the
substantial increase of the novel proximity measure and tissue filter provided
by miTALOS to infer systematical regulation of microRNAs in signaling
pathways.
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Table 3.4: Enriched and proximal pathways identified by miTALOS using
different microRNA prediction tools and the prostate tissue filter. TS, TargetScan; PT, PicTar; R, RNA22. KEGG disease pathways for tissues other
than prostate are omitted. Genes lists target transcripts of miR-106b-25
cluster and miR-22. E shows the enrichment score, P the proximity score.
Bold scores are significant (p < 0.05).
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Figure 3.8: Model for central prostate cancer related processes and their
microRNA-mediated regulation. Solid framed transcripts are predicted targets by miR-106b-25 cluster and/or miR-22. Dashed framed transcripts
are validated microRNA target genes. Arrows indicates activation, dashed
lines inducement, and blunted arrows inhibition. a) RHO/ROCK (RHO
kinase) signaling regulates actin cytoskeletal dynamics in several metastatic
tumors [114]. ERK/MAPK regulates the actin cytoskeleton and contraction
required to drive cell motility, whereas a downregulation of ERK leads to
cell migration [115]. ERK and GRLF1 are targeted by miR-106b-25 b) IL-6
mediated cell proliferation via activation of the MAPK pathway. Downregulation of AKT and DUSP leads to an activation of MKK/JNK [120], which
is required for the growth of prostate carcinoma [118]. Inhibitors such as
AKT and DUSP are targeted by miR-106b-25 and miR-22 indicating the
oncomir character of the queried microRNAs. (c) Activation of the p53
pathway is induced by MAPK. The p53 pathway is actively involved in cell
cycle arrests and p53-dependent apoptosis [121, 122]. Central players of cell
cycle arrest are targeted by miR-106b-25 and miR-22. [123] showed that
p21 is a direct target of miR-106b and that its silencing plays a key role in
cell cycle progression by modulating checkpoint functions.
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Table 3.5: MicroRNAs associated with muscle tissue (according to [128]).

3.2.4

Case study 2: microRNAs in skeletal muscle regeneration

Since the physiological function of skeletal muscles is vitally important, quick
regeneration upon injury is indispensable. When the muscle is damaged, for
example due to intensive exercise or physical trauma, necrosis of muscle tissue is triggered by disruption of the sarcolemma. This process leads to an
efflux of muscle proteins and other myofibrillar components. Additionally
it has been shown that muscle degeneration is accompanied by a disturbed
calcium homeostasis [129, 130]. The increased calcium uptake activates calcium depended protein degradation by calpains, thus facilitating the cells
autolysis [131]. This process is accompanied by activation of inflammatory
cells such as macrophages and increase of cytokines and growth factors (e.g.
TNFα and IGF) in the surrounding tissue [132, 133]. The physiological process of muscle fiber degeneration is then counteracted by active regeneration.
This involves proliferation of usually quiescent mononuclear myogenic stem
cells, so called satellite cells, and subsequent differentiation into myofibers.
These newly generated cells then fuse with existing muscle fibers. This process is directed by chemotaxis, meaning that myogenic cells move towards
the damaged muscle fiber to repair it. The tissue formed by this process
is under normal conditions undistinguishable and functionally equivalent to
the previous muscle fibers (reviewed in [134]).
Several microRNA genes are specifically expressed or highly enriched
in skeletal and/or cardiac muscle (see Table 3.5). The expression of
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muscle-specific microRNAs microRNA-1, microRNA-133, microRNA-206,
and microRNA-208, appears largely regulated by well-established and evolutionarily conserved muscle transcriptional networks involving SRF, MyoD,
Twist, MEF2, and myocardin [128]. Most recently, microRNA-1 and
microRNA-133 were shown to play regulatory a role in apoptosis in rat
cardiomyocytes: microRNA-1 mediated a pro-apoptotic effect, while the effect of microRNA-133 was anti-apoptotic. Thus, in addition to their role
in regulating muscle cell proliferation and differentiation, microRNA-1 and
microRNA-133 also seem to play opposing roles in regulating muscle cell
apoptosis. The opposing effects of microRNA-1 and microRNA-133 during
apoptosis can be explained by the respective target genes: microRNA-1 reduced protein levels of HSP60 and HSP70, while microRNA-133 repressed
caspase-9 expression. Similar to microRNA-1, microRNA-206 has also been
shown to promote myoblast differentiation. microRNA-1 and microRNA206 are sharply upregulated during satellite cell differentiation and downregulated after muscle injury. microRNA-1 and microRNA-206 facilitate
satellite cell differentiation by restricting their proliferative potential. Pax7
was identified as one of the direct regulatory targets of microRNA-1 and
microRNA-206 [135].
MicroRNAs affect the process of muscle regeneration, which is deregulated
in several muscular disorders. Additionally, it has been shown that TNFα is
a key player in the regulation of the same process and inhibition of TNFα can
actively reduce muscle waste. Although many factors have been identified
which mediate the effect of TNFα, the exact mechanism remains illusive. Paroo et al demonstrated that MAPK/Erk signaling has a significant influence
on the overall miRNA expression via regulation of the miRNA processing
machinery [136]. TNFα utilizes several branches of MAPK/Erk signaling
to carry out its function. Taken together, this lead to the hypothesis that
TNFα affects muscle regeneration via alteration of miRNA expression.
One of the main ideas behind miTALOS is to provide researches in the
microRNA field a tool that allows to put microRNAs of interest in a broad
biological context. Additionally, miTALOS can find new links between yet
unconnected biological processes and thereby generate new hypotheses. To
show that miTALOS can actually provide this, an analysis of skeletal muscle
specific microRNAs was carried out for human.
The combined result of microRNA-1, microRNA-133 and microRNA-206
with TargetScan is shown in Table 3.6 (top scoring enrichment) and Table
3.7 (top scoring proximity). Interestingly, MAPK and other cytokines were
predicted to be targets and many pathways associated with cell growth and
apoptosis were associated with muscle specific microRNAs (see Table 3.6).
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This finding underlines the assumed functional link between the analyzed
microRNAs and MAPK signaling. Furthermore, the enrichment analysis
allows to identify missing links in the regulation loop of skeletal muscle
specific miRNAs. It has been shown that microRNA-206 is influenced by
TNF [137]. It was hypothesized that this mediated via the MAPK signaling
pathway. The large number of targets associated with MAPK indicates that
there is a regulation in both ways. This is supported by analyses of only
microRNA-206. For TargetScan, PITA and a combination of both tools, the
MAPK pathway is found significantly enriched.
As shown in Table 3.7, the proximity score confirms the association of skeletal muscle specific miRNAs with the MAPK signaling. Interestingly, TGFβ
signaling is found by enrichment (KEGG pathway) and proximity (NCI
pathway). This shows the use of a second pathway source to increase the predictive power of miTALOS. Indeed, it has been shown recently that TGFβ
regulates muscle differentiation via miRNA-206 [138, 139]. Interestingly,
the proximity analysis reveals the ’Wnt signaling pathway’ as being associated to the microRNAs. Myoblast differentiation is actually triggered by
Wnt signaling [140] via TGFβ. This gives rise to the hypothesis that microRNA based regulation of muscle regeneration also involves Wnt signaling.
In summary, miTALOS identifies cross-talk between several signaling pathways that act in concert to guide microRNA mediated regulation of skeletal
muscle regeneration.
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Table 3.6: Results for enrichment and proximity analysis of skeletal muscle
specific microRNAs performed with miTALOS. Results are sorted by the pvalue of the enrichment score. Only microRNA-pathway associations with
penrichment < 0.05 are considered.

Table 3.7: Results for enrichment and proximity analysis of skeletal muscle
specific microRNAs performed with miTALOS. Results are sorted by the
p-value of the proximity score. Only microRNA-pathway associations with
pproximity < 0.1 are considered.

52

CHAPTER 3. RESULTS

3.2.5

Conclusion

Integrating five different microRNA target prediction tools and two different signaling pathway resources (KEGG and NCI), miTALOS computes
microRNA-pathway associations with the novel proximity score and the
standard enrichment method. As an additional feature, miTALOS considers the tissue-specific expression signatures of microRNAs and target transcripts to improve the analysis of microRNA regulation in biological pathways. Multiple microRNAs can be combined in a single analysis to highlight
their combinatorial effects. A graphical visualization of microRNA targets
is provided to illustrate their respective pathway context.
Two case studies were performed to underpin the biological significance of
microRNA-pathway associations inferred with miTALOS. In a functional
analysis of prostate cancer-related miRNAs, the benefit of the novel features
to identify biological meaningful miRNA-pathway associations was shown.
In a second case study involving microRNAs in muscle regeneration, the
feature set of miTALOS was used to give further insights into a more specific
biological question. Here, the proximity measure was able to show a new
link in the analyzed regulatory elements and gave rise to a new hypothesis.
Given the increasing amount of evidence that microRNAs have an important
impact on signaling pathways, the proximity measure is a useful tool to
infer systematical insights into microRNA-mediated regulation. miTALOS
provides a substantial support to the research community by identifying
tissue specific microRNA-pathway associations.
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3.3
3.3.1

Extension of proximity measure
Robustness of proximity method

The motivation for the development of the proximity method is to find
microRNA-pathway associations in order to generate hypotheses for the
functional impact of microRNAs. To evaluate the predictive power of the
proximity score as well as the enrichment method, one would have to compare identified MPAs with random MPAs in terms of their biological function. Unfortunately, it is not possible to assess the biological function of
any microRNA-pathway association on a systematic scale. A possible, but
still biased approach would be a comprehensive text-mining of all published
microRNA-related studies, which is beyond the scope of this thesis.
While the HITS-CLIP method provides significant improvements compared
to computational target prediction, Chi et al. calculate a false-positive rate
of 13-27% and a false-negative rate of 15-25% for the HITS-CLIP approach,
based on comparison to a genome wide systematic analysis of the seed sequences of miR-124 [82, 81, 80]. To study the robustness of the proximity
method with respect to uncertainties in microRNA targets, 15% of all microRNA targets are replaced with random targets (sampled from UniProtKB
[67]) and the analysis is repeated as described above. The resampling was
performed 100 times.
On average, 19 proximal, 37 distal, and 17 enriched MPAs were found. While
it is interesting to note that the same number of proximal, more distal, and
less enriched MPAs were identified, the robustness of the proximity approach
has to be validated by comparing the actual MPAs of the original and the
resampled lists. On average, 12 out of 21 (57%) proximal, 24 out of 31 (77%)
distal and 14 out of 25 (56%) enriched MPAs were recovered. In all resamplings, the “Olfactory transduction” pathway is found in a large proportion
of the distal MPAs. This explains the larger recovery-rate of distal MPAs.
As described above, the unique network structure of this pathway does not
allow for a meaningful proximity calculation. The rate of re-identified MPAs
is similar for the proximity and the well-tested enrichment method. Even
though the proximity approach yields MPAs with less targets than the enrichment analysis, it is equally robust against noise in the microRNA target
data. Thus, the reliability of the proximity measure is sufficient to generate
functional, experimentally testable hypotheses.
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Figure 3.9: To analyze the impact of small numbers of targets on the overall
proximity analysis, single nodes have been removed iteratively based on
their average distance to all others (guided reduction of target sets). The
distribution of the ratio of targets when reaching a significant p-value for
proximal MPA p < 0.05 and initial targets is shown. Interestingly, many
proximal MPAs are identified when only 20% of the targets are removed.

3.3.2

Guided reduction of target set

MicroRNA target prediction, even though a valuable tool for global microRNA analysis, suffers from a high false positive rate. The tools predict
up to several hundred targets per microRNA and fail to differentiate between
functional and non-functional targets. Additionally, it is known that many
microRNA have strong impact on few targets while others are merely finetuned [141]. MicroRNAs exhibit different levels of affinity for their targets,
which could be explained with competitive inhibition by other transcripts
with similar binding sites or mRNA and pseudo-gene abundance [142, 79].
Even though the HITS-CLIP approach is a significant improvement and
allows further insights in functionality of microRNA-mRNA interaction, the
problem persists. The actual impact of microRNA on a single target cannot
be assessed on a global scale and biochemical approaches also yield targets
with a high false-positive rate [61]. The actual biological impact of a single
target among many in a signaling pathway is therefore debatable. This led
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to the hypothesis, that a reduction of the target set of a microRNA by few
targets still represents its biological function.
In order to assess how small numbers of nodes affect the overall outcome of
the proximity analysis, a guided reduction of the target set was performed.
For this, the proximity score and coresponding p-value is calculated. If the
p-value is larger than 0.05, the target with the largest average distance to all
others is removed and the score is calculated again. This was repeated for a
maximum of 5 removed targets or until only 4 targets are still present. One
could think of this method as an outlier detection with respect to proximity
or a simple clustering approach leading to one cluster of targets in close
proximity.
The analysis was performed for the TargetScan data set on KEGG pathways.
Interestingly, this led to a large number of proximal MPAs even when only a
small part of the targets was removed. Figure 3.9 shows the ratio of number
of targets when reaching a significant p-value and the initial number of
targets. One has to note, however, that no correction for multiple testing
was done, since the calculation was performed until a significant proximity
score for a single MPA was found. Still, the number of 1382 proximal MPAs
out of 27.965 was much higher than the number of proximal MPAs with an
uncorrected p-value < 0.05. This finding indicates that single outliers affect
the proximity score and that more potentially meaningful proximal MPAs
can be obtained.
Notably, the preference of targets participating in proximal MPAs for GO
terms associated with cellular signaling remains. The top scoring clusters of
GO terms contain phosphorylation events and MAPK signaling.

3.3.3

Construction of networks based on STRING

There are general concerns when using pathway databases. The boundaries between different pathways are somewhat arbitrary. A signaling pathway can be seen as a signaling cascade that is triggered by an extracellular
event and results in changes of gene expression. The pathways are of course
not separated from each other. Crosstalk of canonical pathways is evident
throughout many biological problems (e.g. development [143] and skeletogenesis [144]). Additionally, pathways share some of their elements. Some core
signaling players, such as MAPKs, appear in multiple pathways. Pathways
are a widely used tool to analyze and showcase cellular functions, but they
are mostly geared towards representation of a certain cellular phenomenon
or biological process. They may not be representative for the complete in56
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teractome. Additionally, when calculating the proximity score on signaling
pathways, there might be a bias towards certain network structures. It has
been shown that proximal MPAs involve many different microRNAs and
identify pathways with different sizes. Still, due to the similarity of signaling pathways it cannot be ruled out that the proximity method identifies
certain network features rather than microRNA related properties.
To address this issue, a large meta-network of protein-protein networks
was constructed from protein-protein interaction (PPI) data obtained from
STRING [68, 5], a protein-protein interaction database that aggregates information from other databases and adds predicted interactions (see Table
2.1 for an overview of data sources). Notably, it also includes genetic associations such as co-expression. For each interaction, a confidence score
is calculated that takes the kind of data source into account. A predicted
interaction that is not backed by other data sources has a lower overall confidence score than an interaction also found in other databases. Due to its
comprehensive data set, STRING can be considered as a meta-network of
the current knowledge of protein-protein interactions within the cell. Additionally, a node contains only very few identifiers. This prevents artifacts
such as the Olfactory transduction pathway. In Summary, it is a valuable
data source to build the largest possible network of the protein level of the
interactome.
The size of the network varies depending on the confidence score threshold, it
gradually grows when lowering the threshold. For 0.95, the network consists
of 3500 nodes, which is sufficient to prevent artifacts from network topology.
The TargetScan data set comprising 235 microRNAs used in Section 3.1 and
3.2 was mapped onto the PPI-network. This resulted in 235 theoretically
possible MPAs. As expected, there were targets in every MPA. Interestingly,
17 of 235 MPAs (8%) are significantly proximal, while no distal MPAs are
found to be distal. The proximal MPAs have on average 78 targets within
the PPI-network. This shows that proximity is evident in MPAs on a larger
scale and that it is not an artifact of signaling pathway structures.
This analysis extends the proximity score and moves from a pathway-centric
view to a more global clustering approach of microRNA targets in the cellular interactome.
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3.3.4

Disease genes

The proximity score is able to detect microRNA-pathway associations that
differ from the widely used enrichment methods. Several case studies were
carried out to underline the potential biological significance of the new score.
One has to assess, however, if the score is applicable to microRNAs only or
yields meaningful pathway associations for other lists of “interesting” genes.
In order to assess this, lists of disease associated genes obtained from the
Disease-Ontology project [7] were mapped on human KEGG pathways and
analyzed with the enrichment and proximity method.
In this study, the annotation of human genes with Disease-Ontology lite
(DOlite) was used [145]. The 11,961 hierarchical terms of the DiseaseOntology are condensed into 561 common diseases such as Colon cancer
or Alzheimer’s disease. This makes the results easier to comprehend and
interpret. On average, 27 genes are linked to each DOlite term with a maximum of 316 for Leukemia. This number is much smaller than the average
number of targets per microRNA.
To indicate if the proximity score is able to yield meaningful pathway associations beyond microRNA targets, the number of significant cancer pathways
for cancer DOlite terms was analyzed. 40 of the 561 DOlite terms are associated to various kinds of cancers. While different types of cancers differ
greatly in their molecular physiology, one would expect that cancer-specific
KEGG signaling pathways are found to be significantly associated to the 40
terms. 11 KEGG pathways are representations of signaling events involved
in different types of cancer (Pathways in cancer, Colorectal cancer, Pancreatic cancer, Endometrial cancer, Prostate cancer, Thyroid cancer, Bladder
cancer, Chronic myeloid leukemia, Acute myeloid leukemia, Small cell lung
cancer, Non-small cell lung cancer). They partly overlap with signaling
pathways such as MAPK, ErbB and Jak-STAT and shift the focus from the
general wiring of the signaling network towards those parts that are altered
in cancers. The meta-pathway “Pathways in cancer” contains most of the
signaling events of the more specific pathways.
The mapping of 561 diseases on 119 human KEGG pathways yields 66759
possible disease-pathway associations (DPA). None were found to be significantly enriched after correction of p-values. This is supposedly caused by
the small numbers of genes compared to microRNAs. Interestingly, 73 significantly proximal DPAs were found. Among those, 22 comprised DOlite
terms linked to cancer. 8 of 22 are associated to “Pathways in cancer”. 4 of
22 are associated to “MAPK signaling pathway”. MAPK signaling is known
to be altered in many types of cancer [146, 147, 148]. Interestingly, a signifi58
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cantly proximal DPA was found for Bladder cancer and TGF beta signaling.
A link between the disease and altered levels of TGF beta 1 was proposed
by Miyamoto et al. [149]. Additionally, the DOlite term Leukemia was
associated to the KEGG pathway ‘Acute myeloid leukemia. In summary,
14 out of 22 significantly proximal DPAs that comprise cancer are linked to
cancer related signaling pathways from KEGG.
Similar to the Reactome analysis of HITS-CLIP microRNAs, the proximity method detects significant pathway associations that are not detected
by enrichment. The cancer related diseases are associated to KEGG cancer pathways. While this is expected, it indicates that the new proximity
method yields meaningful pathway associations for a completely different
kind of gene list. It is important to note, however, that this is only a preliminary analysis that relies on the naming conventions of both KEGG and
DOlite.
A more detailed analysis of disease associated genes would proof useful in
order to assess the biological significance of pathway associations detected by
the proximity method. Disease genes would be prime candidates to extend
the method to metabolic pathways, since many diseases such as diabetes
involve changes in metabolism.
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Summary and Outlook
In this thesis, microRNA targets are mapped onto signaling pathways to
infer microRNA-pathway associations (MPAs) systemically. They are exemplary for high-throughput data made available by novel experimental
and computational methods. Next to the common enrichment method, a
novel proximity score was used to find meaningful MPAs. It is based on
the average shortest pathlengths between all targets in a pathway and thus
takes network structure into account. Both methods are used to generate
functional hypotheses for microRNAs.
In the first part, a microRNA target data set obtained with the biochemical
HITS-CLIP [61] method was analyzed in depth with respect to KEGG pathways. Comparison of enrichment and proximity method showed that both
identify distinct subclasses of MPAs. A literature based case study revealed
that the proximity score identified biologically meaningful MPAs. A comprehensive GO term analysis was conducted in order to identify biological
processes linked to the different target patterns. Targets in proximal MPAs
are more closely associated to cellular signaling while enriched and distal
MPAs show different classes of biological processes. This further characterizes the subclass of MPAs detected by the new method. The findings were
compared to computational target prediction with TargetScan [50] and an
analysis based on the Reactome pathway database [17] to check the results
for artifacts in the KEGG pathways or HITS-CLIP data, respectively. While
the actual MPAs were not recovered, an analysis of distribution of targets in
significant MPAs and GO terms revealed similar features for proximal and
enriched MPAs.
For future work, a more detailed analysis of different pathway resources
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and an extension of the method to more microRNA target sets obtained
with biochemical methods would be desirable. Examples are PAR-CLIP
data [55] and the BioCyc pathway database [150]. Taken together, this
could potentially highlight the predictive power of the proximity measure
if results can be confirmed and more literature-backed MPAs are identified.
Due to the well-studied role of microRNAs in signaling networks [25, 30],
metabolic pathways are not considered in this thesis. A comparative analysis
of proximity and enrichment in metabolic pathways could further strengthen
the proximity score as a general tool for network analysis.
In the second part, miTALOS [71], a web application to map predicted microRNA targets on signaling pathways is presented. It employs the enrichment as well as proximity method albeit with slightly different concepts in
mapping and calculation. The feature set of miTALOS, including combination of prediction tools, tissue filter and network visualization, was discussed
and two case studies were conducted showing how miTALOS can be used
to generate biologically meaningful hypotheses. A global analysis was conducted with the TargetScan data set used before and similar results were
found for distribution of targets in significant MPAs. miTALOS has a solid
user base with ca. 12 visits per day. The web service could be significantly
improved by adding more pathway resources. Most importantly, it would
be interesting to allow for input of different kinds of gene lists. This would
allow to analyze e.g. differentially expressed genes and disease associated
genes.
In the third part, the proximity measure is extended and tested. A robustness analysis considering the false-positive and false-negative rates of
the HITS-CLIP method revealed that proximity and enrichment perform
equally. While it is hardly possible to analyze the predictive power of the
proximity method, the robustness with respect to noise in the microRNA
target data is sufficient for a hypothesis generator. Another major issue with
the network-based proximity score is potential bias towards certain network
structures. To address this, a meta-network including ca. 3500 nodes based
on protein-protein interaction data was constructed and the TargetScan target set used in part one and two was analyzed with respect to proximity.
Interestingly, 19 microRNAs show significantly proximal target patterns.
The proximity score is retained on larger scales which indicates, that it is
actually a microRNA feature and not an artifact in signaling pathways. Subsequently, a guided reduction of target sets was carried out. This revealed
that in many cases single outlier impair the proximity analysis. A proximal target pattern emerges if one or two targets are removed. As discussed
briefly in part one and two, the proximity method could also be useful to
analyze other lists of interesting genes. If, for example, genes that are differ-
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entially expressed in a certain type of cancer are associated with a certain
pathway, this could lead to functional hypothesis for development of this
disease. In order to show that the proximity method is also applicable for
lists of disease genes, the Disease-Ontology lite [7, 145] was mapped onto
KEGG pathways. With the proximity method, cancer-specific KEGG pathways were found to be associated to DOlite terms linked with cancer. While
this is only a preliminary result, it shows that the method is useful for gene
lists beyond microRNAs. A more detailed analysis of disease genes could
generate new hypotheses for the molecular basis of common diseases.
It would be very interesting to combine the network construction and guided
reduction of target sets. In this thesis, a PPI-network with very high probability score was used. A further review of non-pathway interaction databases
and an improved method to integrate interactions could lead to a larger
meta-network representing the cellular interactome. When lists of interesting genes are mapped onto this network, a guided reduction of targets
in an iterative fashion would lead to clusters of targets within the interaction network. While this does not yield functional hypotheses as directly
as pathway-associations, a closer look at this clusters and their properties
could proof beneficial. Additionally, the existing methods for analysis of
pathway databases could be integrated in the new model.
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