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Abstract
In this thesis we analyze regulatory motifs of microRNA-mediated regulation with a special

focus on signaling pathways. MicroRNAs are a large class of post-transcriptional regulators

that bind to the 3’-untranslated region of messenger RNAs and alter their expression. They

play a critical role in many cellular processes and have been linked to the control of signaling

pathways. With the identification of thousands of microRNAs, the future challenge is to unveil

their biological functions.

Within this thesis, we first study the regulatory role of microRNAs from a general perspec-

tive. Using more than three hundred studies, we show that the integration of data only from

cell culture studies is in conflict to conclusions drawn from patient studies. In addition, we link

disease-associated microRNAs to signaling pathways to unveil their regulatory pattern. On a

global scale, we identify a core set of signaling pathways, which are enriched by microRNA

target genes across human diseases. More locally, we identify significantly different patterns

for disease-associated microRNAs and genes based on their cellular location and process role.

Second, we introduce a novel measurement for the detection of functional microRNA-

pathway associations. Usually, the impact of microRNA control is assessed by identifying

pathways with enriched targets. However, this approach ignores the features provided by bio-

logical networks. We propose a novel measure that takes the network topology into account.

Defining the proximity score, we identify novel microRNA-pathway associations that differ

from those usually inferred with the enrichment score. Finally, we integrate our novel ap-

proach into the miTALOS web server that provides novel features for the identification of

microRNA-pathway associations.

Third, we analyze the regulatory role of microRNAs on the dynamic of phosphorylation

processes. We initially study a linear signaling cascade to analyze the differences between a

system with and without microRNA regulation. Then, we use a full model of the gp130-STAT

pathway and show that pre-induced microRNAs change the overall ratio of pSTAT3/STAT3

expression.

Finally, we present a novel framework for the analysis of multi-scale biological data. Matrix

factorization techniques are well suited for the analysis of multi-layered temporal responses

induced by signaling pathways. We extend this technique by integrating prior knowledge to

link genes and microRNAs along an underlying network. We are able to define a graph-delayed

correlation function and to use this framework as constraint to the matrix factorization task to

set up our graph-decorrelation algorithm GraDe.
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Zusammenfassung
In dieser Dissertation werden regulatorische Motive von microRNAs mit einem speziellen

Fokus auf Signalwege untersucht. MicroRNAs bilden eine Klasse von posttranskriptionalen

Regulatoren, die an den 3’-untranslatierten Bereich der messenger RNAs binden und die Ex-

pression beeinflussen. Sie spielen eine zentrale Rolle in vielen zellulären Prozessen und wer-

den mit der Kontrolle von Signalwegen in Verbindung gebracht. Mit der Identifikation von

Tausenden von microRNAs ist die Erforschung der biologischen Funktionen eine zukünftige

Herausforderung.

Zuerst untersuchen wir die regulatorische Rolle von microRNAs aus einem generellen Blick-

winkel. Durch die Verwendung von mehr als dreihundert Studien zeigen wir, dass die Ergeb-

nisse von Zellkulturstudien im Widerspruch zu Patientenstudien stehen. Des Weiteren verknü-

pfen wir krankheitsrelevante microRNAs und Signalwege, um die regulatorische Rolle von mi-

croRNAs zu untersuchen. Global gesehen identifizieren wir eine Kernmenge an Signalwegen,

die eine signifikante Anhäufung an microRNA-Zielgenen zeigt. Detailliert betrachtet finden

wir unterschiedliche Muster für krankheitsrelevante microRNAs und Gene bezogen auf deren

Position und Rolle in Prozessen innerhalb der Signalwege.

Zweitens stellen wir eine neue Methode zur Identifizierung von microRNA-Signalweg-Ver-

bindungen vor. Normalerweise werden microRNA-Signalweg-Verbindungen durch eine sig-

nifikante Anhäufung von microRNA-Zielgenen identifiziert. Der Nachteil dieser Methode ist,

dass sie keine Informationen der biologischen Netzwerke verwendet. Daher stellen wir eine

neue Methode vor, die die Netzwerkstruktur berücksichtigt. Durch die Definition eines Prox-

imity Wertes finden wir eine neue Klasse von microRNA-Signalweg-Verbindungen, die sich

von den durch die Standard Enrichment Methode identifizierten Verbindungen unterscheidet.

Schließlich stellen wir den miTALOS Webservice vor, in den wir neben anderen Besonder-

heiten auch die Proximity Methode integriert haben.

Drittens analysieren wir den Einfluss von microRNAs auf die Dynamik von Phosphorylier-

ungs-Prozessen. Wir untersuchen die Rolle von microRNAs in einer linearen Signalkaskade,

erweitern dieses Model später zu dem gp130-STAT Signalweg und zeigen, dass die Reduktion

von STAT3 vor der Stimulation zu einer Veränderung des pSTAT3/STAT3 Verhältnisses führt.

Schließlich stellen wir eine neue Methode zur Analyse von biologischen Daten vor. Matrix-

faktorisierungs-Methoden sind ideal geeignet für die Analyse von mehrschichtigen und zeitli-

chen Antworten, die durch Signalwege erzeugt werden. Wir erweitern diese Methode und inte-

grieren Vorwissen über Regulationsprozesse, um Gene und microRNAs durch das Netzwerk zu

verbinden. Dadurch können wir eine Graph-Dekorrelationsfunktion erstellen und diese mit der

Matrixfaktorisierung verbinden, was uns dann erlaubt unseren Graph-Dekorrelationsalgorith-

mus GraDe zu entwickeln.
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unconnected fragments have been removed. The colored nodes (or-
ange and blue) are targets of the illustrative miRNAs miR-x and miR-y
with three targets each. While the number of targets is equal for the
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different: miR-x targets an interconnected core of the pathway, while
the targets of miR-y are spread over the whole pathway. (C) The prox-
imity score is calculated for each miRNA and as a z-score. Here, the
average shortest path length between all targets (1.0 for miR-x, 4.7 for
miR-y) is compared to a null model of 3 randomly chosen targets (dot-
ted line). We call the targets of a miRNA proximal, if their z-score
(defined as the deviation from the null model mean in units of the stan-
dard deviation) is below -2 (red shaded area), and distal, if the z-score
is larger than 2 (blue shaded area). . . . . . . . . . . . . . . . . . . . 80
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2), 31 distal (P>2), and 25 enriched MPAs. Two MPAs (miR-9 in
MAPK, miR-26 in Long-term potentiation) are both exhibit enriched
and proximal target patterns (B) Density of number of pathway targets
in significantly targeted pathways. While the number of targets in en-
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5.4 GO analysis of proximal, distal, enriched and single targets of HITS-
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5.6 Proximity vs. enrichment in signaling pathways. Density of the
number of targets in miRNA-pathway associations (solid line). While
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5.7 Model for central prostate cancer related processes and their miRNA-
mediated regulation. Framed transcripts in red are predicted targets
by miR-106b-25 cluster and/or miR-22. Framed transcripts in blue are
validated miRNA target genes. Arrows indicates activation, dashed
lines inducement, and blunted arrows inhibition. (A) RHO/ROCK
(RHO kinase) signaling regulates actin cytoskeletal dynamics in sev-
eral metastatic tumors (178). ERK/MAPK regulates the actin cytoskele-
ton and contraction required to drive cell motility, whereas a down-
regulation of ERK leads to cell migration (302). We found ERK and
GRLF1 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 (62), which is required for
the growth of prostate carcinoma (244). We found inhibitors such as
AKT and DUSP targeted by miR-106b-25 and miR-22 indicating the
oncomir character of the queried miRNAs. (C) Activation of the p53
pathway is induced by MAPK. The p53 pathway is actively involved
in cell cycle arrests and p53-dependent apoptosis (30; 235). We found
central players of cell cycle arrest targeted by miR-106b-25 and miR-
22. (108) showed that p21 is a direct target of miR-106b and that its si-
lencing plays a key role in cell cycle progression by modulating check-
point functions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
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A stimulation of a receptor leads to the consecutive activation of a
down-stream protein kinase, which in turn can phosphorylate a pro-
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xix



List of Figures

6.2 Illustration of the pathway shutdown and recovery. Starting from a
steady-state level at 100% of the pathway signal, we reduce the signal
strength to a new steady state level at 50% by either alter the mRNA
or miRNA expression of the kinase or inhibitor. The shutdown time
is defined by the time until the signal is reduced to 75%. Recover the
pathway signal from its new steady-state level at 50%, we measure
then the time until the signal reach again 75% of its original strength
and define this as recovery time. . . . . . . . . . . . . . . . . . . . . 104

6.3 Shutdown and recovery time of a pathway signal. (A) Shutdown
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6.5 Model of the gp130-STAT3 pathway. Stimulation of the gp130 re-
ceptor with IL-6 activates JAK1. The active JAK1 in form of phos-
phorylated JAK1 (pJAK1) leads to an activation of STAT3. The active
transcription factor STAT3 (pSTAT3) is transported into the nucleus
and altered gene expression and activates the negative feedback protein
SOCS3. MiRNAs inhibit the translation process of the JAK1, STAT3,
and SOCS3 by decreasing the corresponding mRNA levels. . . . . . . 108
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6.10 Impact on the signal dynamic by altering STAT3 expression. We
iteratively alter STAT3 protein and mRNA expression before the IL-
6 stimulation. (A) shows the pSTAT3 expression by setting STAT3
mRNA and protein from 100% to 10% of the initial concentration. (B)
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7.3 Illustration of GraDe. For the bifan motif in A we take 6 genes
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the eigenvalues of the decomposition in GraDe. In D we plot the
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1 Introduction

In 1993, Lee, Feinbaum, and Ambros discovered that the gene lin-4 encodes a pair
of short RNA transcripts instead of proteins that regulate the timing of larval devel-
opment by translational repression of lin-14 (156). They postulated a regulation of
lin-14 based on sequence complementarity between lin-4 and a unique pattern within
the 3’-untranslated region of the lin-14 messenger RNA (mRNA). Seven years later
a second microRNA (miRNA), let-7 was discovered (219). Since these discoveries,
thousands of miRNAs have been identified in organisms from viruses to human and
define a new research field in the area of post-transcriptional regulation. Nowadays,
miRNAs are commonly described as small endogenous RNA molecules (∼21-25 nu-
cleotides (nt)) that regulate gene expression by either targeting one or more mRNAs
for translational repression or cleavage. Although the discovery of miRNAs was over
ten years ago, we have just begun to understand the scope and diversity of these reg-
ulatory molecules. Within this thesis, we analyze and present regulatory motifs and
mechanisms of miRNA regulation with a special focus on signal transduction path-
ways. Signaling pathways and miRNAs share common principles, which make the
study of their interaction highly interesting. The effectiveness of signaling pathways
relies on their capacity to control the expression of genes and therefore the resulting
proteins in time and space. Within this thesis, we study these two mechanisms from
a general perspective to a detailed model of a regulatory interaction of miRNAs and
the gp130-STAT pathway. In Chapter 3 and 4, we analyze the regulatory pattern of
disease-related miRNAs, followed by introducing a novel approach for the detection
of functional miRNA-pathway associations in Chapter 5. Increasing the granularity of
our analysis, we study the potential complexity of the miRNA-signaling network rela-
tionship by a quantitative mathematical model in Chapter 6. Finally, we present a novel
approach for the large-scale analysis of biological data, which is beyond the simple ex-
ploratory clustering of ’omics’ data. Our graph-decorrelation algorithm (GraDe) can
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be applied to study the multi-layered and temporal responses of signaling pathways.
Moreover, GraDe offers a natural way to integrate different kind of available data, e.g.
to analyze combined miRNA-mRNA expression data.

1.1 Overview of this thesis

In this thesis, we analyze of regulatory motifs of miRNA-mediated regulation in sig-
naling pathways. To unveil these regulatory motifs we combine various methods from
different fields of science covering bioinformatics, mathematical biology and molecu-
lar biology.

Chapter 2 gives an overview of biological mechanisms, which are covered in this
thesis. In the first part, we introduce the transcriptome and its regulation starting from
transcriptional to miRNA regulation, followed by an overview of state of the art tech-
nologies to measure the transcriptome. Further, we introduce the concepts of cellular
communication and signal transduction with a special focus on the gp130-Stat path-
way, which is one of the central pathway covered in this thesis. We then give a brief
overview about quantitative models in Systems Biology and finally an introduction
about latent variable models.

In Chapter 3, we investigate the influence of differentially regulated genomic miR-
NAs on diseases from a larger-scale statistical point of view. Data for the analyses
was retrieved from our novel manually curated database PhenomiR (226). Within this
study, we focus on the differences in observed miRNA expression pattern between cell
cultures and living organisms. Cell lines have been established in life sciences as easy
to manipulate model systems for the study of all kind of cellular processes. However,
studies using both in vitro and in vivo systems have shown that results, especially in
cancer, do not always correlate. Previous studies observed differences in gene expres-
sion patterns between cell lines and their fresh-frozen tissue counterparts. With respect
to the discrepancies between cell cultures and living organisms mentioned above, we
questioned whether cell cultures are reliable disease models for the analysis of dif-
ferential miRNA expression. Using PhenomiR data from more than one hundred cell
culture studies and more than two hundred patient studies, we found that depending
on disease type, integration of independent information from cell culture studies are in
conflict to conclusions drawn from patient studies. These observations and the results
of our study show that the potential of cell cultures to investigate miRNA expression
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in diseases is limited. As a consequence, the suitability of cell cultures has to be ver-
ified for each disease and cell line before using such data as tool for the prognosis of
diseases in human beings.

While creating the PhenomiR database, we identified individual studies, which did
not investigate the impact of single deregulated miRNAs but miRNA genomic clusters.
We then asked whether the impact of miRNA clusters on diseases is only restricted to
a few examples or if miRNA clusters significantly correlate to the pathobiology of dis-
eases? Using the comprehensive dataset from our PhenomiR database, we identify for
the first time in a systematic analysis that deregulated miRNA clusters are significantly
overrepresented in the majority of investigated diseases, compared to singular miRNA
gene products. These experimental findings and the systematic correlation of miRNA
cluster deregulation on human disease strongly support the idea that a coordinated reg-
ulatory effect is a general attribute of miRNA clusters. The pivotal role of miRNA
clusters in miRNA-based gene silencing found in human diseases suggest that effec-
tive treatment of various diseases may require a combinatorial approach to target not
singular miRNAs but rather miRNA clusters.

Chapter 4 studies the regulatory role of miRNAs on signal transduction pathways
from a statistical point of view (145). Starting with a general analysis of the interaction
of miRNAs and phenotypic observations in Chapter 3, we further focus in this thesis
on the regulatory role of miRNAs in signal transduction pathways. Various studies
indicate that miRNAs can function as tumor suppressors or even as oncogenes when
aberrantly expressed. To study general aspects of these regulatory mechanisms, we set
up a multipartite graph consisting of miRNAs, proteins, diseases, and signaling path-
ways in a tissue-specific manner. We analyze the impact of disease-associated miRNAs
on human signaling pathways from two perspectives. On a global scale, we identify
a core set of signaling pathways with enriched tissue-specific miRNA targets across
diseases. The functions of these pathways reflect the affinity of miRNAs to regulate
cellular processes associated with apoptosis, proliferation or development. To illustrate
the robustness of our result, we compare our result with findings for different miRNA
prediction tools as well as randomization procedures. Using this procedure, we pro-
vide evidence that cancer and non-cancer related miRNAs show no significant different
patterns. To unveil the interaction and regulation of miRNAs on signaling pathways
more locally, we compare the cellular location and process type of disease-associated
miRNA targets and proteins. While disease-associated proteins are highly enriched
in extracellular components of the pathway, miRNA targets are preferentially located
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in the nucleus. Moreover, targets of disease-associated miRNAs preferentially exhibit
an inhibitory effect within the pathways in contrast to disease proteins. This chapter
provides systematical insights into the interaction of disease-associated miRNAs and
signaling pathways and uncovers differences in cellular locations and process types of
miRNA targets and disease-associated proteins. With this chapter, we apply the com-
monly used enrichment score to infer functional miRNA-pathway associations. This
technique takes only the number of miRNA target genes into account to infer func-
tional interactions. We improved this approach by integrating features provided by
biological networks and present a new approach in the next chapter.

In Chapter 5, we introduce a novel measurement for the detection of functional
miRNA-pathway associations (182). Usually, the functional impact of miRNA con-
trol is assessed by identifying pathways with enriched targets. The standard procedure
quantifies the proportion of targets of a miRNA in the specified pathway among the ex-
pected proportion of targets, inferred from the overall set of proteins. The underlying
assumption of enrichment analysis is that miRNAs are believed to have many targets,
which are only weakly regulated. However, this does not apply to the case where it
is functionally sufficient for a miRNA to regulate a small sub-part or even a single
transcript, e.g. a bottleneck or a pathway hub in a pathway. Therefore, to predict the
impact of a miRNA on a specific pathway, the mere knowledge of the target transcripts
is mostly not sufficient: miRNAs are promiscuous regulators, with often hundreds of
targets. The challenge for computational biology in this context is: How can one in-
fer signaling pathways under miRNA control from a large number of miRNA-target
transcript relationships? We therefore propose a novel measure that is independent of
pathway size and which takes network topology into account. We calculate average
distances between targets of a single miRNA in signaling networks. Via comparison
with random targets, we define a proximity score and identify pathways with proximal
and distal target patterns. We apply the proximity score to experimentally validated
miRNA targets in network representations of KEGG signaling pathways and identify
miRNA-pathway associations that differ from those inferred with the conventionally
used enrichment score. A gene ontology analysis reveals that each target pattern cor-
responds to a specific function in cell signaling. In addition to the statistical analysis,
we developed the miTALOS web resource (146), which provides insight into miRNA-
mediated regulation of signaling pathways. As a novel feature, miTALOS considers
the tissue-specific expression signatures of miRNAs and target transcripts to improve
the analysis of miRNA regulation in biological pathways. MiTALOS identifies poten-
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tial pathway regulation by (i) an enrichment analysis of miRNA target genes and (ii) by
using our novel proximity score to evaluate the functional role of miRNAs in biologi-
cal pathways by their network proximity. Moreover, miTALOS integrates five different
miRNA target prediction tools and two different signaling pathway resources (KEGG
and NCI). A graphical visualization of miRNA targets in both KEGG and NCI PID sig-
naling pathways is provided to illustrate their respective pathway context. We perform
a functional analysis on prostate cancer related miRNAs and are able to infer a model
of miRNA-mediated regulation on tumor proliferation, mobility and anti-apoptotic be-
havior. MiTALOS provides novel features that accomplish a substantial support to
systematically infer regulation of signaling pathways mediated by miRNAs.The appli-
cation of concepts from graph theory to signal transduction allows the identification of
novel miRNA-pathway associations to promote functional hypothesis on miRNA con-
trol. We surmise that the concept of proximity can serve as a powerful tool to identify
patterns in signal transduction beyond miRNA regulation, like disease genes or drug
targets.

So far, we analyzed the regulatory control of miRNAs on signal transduction path-
ways from a general perspective. In Chapter 6, we study the impact of miRNAs
on pathway dynamics using two different dynamical pathway models (147). In a
first model, we study a signaling cascade to analyze the differences between a sys-
tem without miRNA regulation and a pathway cascade targeted by miRNAs. Alter-
ing the pathway readout from a steady state level, we are able to show that miRNAs
decrease the time of dimming the signal, where the recovery time of the systems is
unaltered. In further analysis, we adapt this signaling cascade to a full model of the
gp130-STAT3 pathway by integrating receptor activation as well as negative feedback.
We obtain time-series data of IL-6 stimulation in primary mouse hepatocytes, which
were done by the group of Dr. Klingmüller at the DKFZ in Heidelberg. We study the
phospho-dynamics as well as the impact of miRNAs on the pSTAT3/STAT3 ratio in
the cytoplasm. We are able to show that a model integrating miRNA influence on the
pathway results in reliable turnover rates compared to model without miRNAs. Using
the miRNA model, we show that a pre-induced decrease of STAT3 changes the over-
all ratio of pSTAT3/STAT3 in the cell. Moreover, this effect results in a time shift of
the maximal pSTAT3 concentration in the cytoplasm. Finally, the model reveals that
induced miRNAs based on active pSTAT3 have no influence on the pathway dynamics
in primary hepatocytes based on IL-6 stimulation. Our results presented in this chapter
indicate that miRNA regulation as an additional layer of transcriptional control allows
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the cell to alter the signal transduction and recovery in context specific manner.

In Chapter 7, we introduce a novel framework for the analysis of activated signaling
pathways in large-scale biological data. External stimulations of cells by hormones,
cytokines or growth factors activate signal transduction pathways that subsequently
induce a re-arrangement of cellular gene expression. The analysis of such changes
is complicated, as they consist of multi-layered temporal responses. While classical
analyses based on clustering or gene set enrichment only partly reveal this informa-
tion, matrix factorization techniques are well suited for a detailed temporal analysis.
In signal processing, factorization techniques incorporating data properties like spa-
tial and temporal correlation structure have shown to be robust and computationally
efficient. However, such correlation-based methods have so far not been applied in
bioinformatics, because large-scale biological data rarely imply a natural order that al-
lows the definition of a delayed correlation function. We therefore develop the concept
of graph-decorrelation. We encode prior knowledge like transcriptional regulation,
protein interactions, miRNA regulation or metabolic pathways in a weighted directed
graph. By linking features along this underlying graph, we introduce a partial ordering
of the features (e.g. genes) and are thus able to define a graph-delayed correlation func-
tion. Using this framework as constraint to the matrix factorization task allows us to set
up the fast and robust graph-decorrelation algorithm GraDe (144). The first section of
this chapter gives an overview of the mathematical concept. We then demonstrate the
applicability of GraDe by two toy examples. Furthermore, we introduce G-MA pro-
cesses, which we used to evaluate the performance of GraDe. Finally, we present three
biological studies with different experimental settings and goals to illustrate the ver-
satility of GraDe: (i) The cytokine interleukin IL-6 mediates the production of acute
phase proteins by hepatocytes and promotes liver regeneration (63). In order to un-
veil the multi-layered temporal gene responses in these processes, we measure gene
expression in IL-6 stimulated mouse hepatocytes by a time-course microarray exper-
iment. The experiment were done by the group of Dr. Klingmüller at the DKFZ in
Heidelberg. Applying GraDe with a literature based gene regulatory network, we are
able to infer associated biological processes as well as the dynamic behavior of IL-6 re-
lated gene expression. In addition, we find that the estimated factors are robust against
the high number of false positives contained in large-scale biological databases. (ii)
We apply Grade to microarray data from a stem cell differentiation experiment (16).
In contrast to other factorization techniques, it finds a structured and detailed separa-
tion of known biological processes. (iii) Finally, we apply GraDe to combined mRNA
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and miRNA data, which were measured in collaboration with the group of Dr. Götz
at the Helmholtz Zentrum München. We use information about gene regulation and
miRNA target genes to link mRNA and miRNA in a regulatory network. Applying
GraDe, we are able to identify a core regulatory network of the differentiation process
in glutamatergic neurons from high-throughput data (175).

In Chapter 8, we summarize and conclude the individual projects described in the
thesis. Furthermore, we give an outlook on possible further projects.

1.2 Main scientific contributions

The main scientific contributions of this thesis have been published in the following
peer reviewed publications, which are sorted by the corresponding chapters. Some of
these projects lead to further collaborations and resulting publications are also cited
within this thesis.

Chapter 3

• Ruepp A, Kowarsch A, Schmidl D, Buggenthin F, Brauner B, Dunger I, Fobo G,
Frishman G, Montrone C, Theis FJ: PhenomiR: a knowledgebase for miRNA ex-

pression in diseases and biological processes. Genome Biology 2010, 11(1):R6

• Ruepp A, Kowarsch A, Theis FJ: PhenomiR: MicroRNAs in human diseases and

biological processes. MicroRNA Expression Profiling: Methods and Protocols.
Series: Methods in Molecular Biology, Springer, 2011

Chapter 4

• Kowarsch A, Marr C, Schmidl D, Ruepp A, Theis FJ: Tissue-specific target anal-

ysis of disease-associated miRNAs in human signaling pathways. PLoS one 5(6),
2010

Chapter 5

• Kowarsch A, Preusse M, Marr C, Theis FJ: miTALOS: analyzing the tissue-

specific regulation of signaling pathways by human and mouse miRNAs. RNA
17(5), 2011
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• Marr C, Kowarsch A, Preusse M, Backofen R., Theis FJ: Beyond enrichment:

Measuring miRNA-pathway associations in signaling networks. submitted

Chapter 6

• Kowarsch A, Schmidl D, Braun S, Bohl S, Merkle R, Klingmüller U, Theis FJ:
MicroRNA-mediated regulation has an impact on the dynamic behavior of the

JAK-STAT pathway. Manuscript in preparation

Chapter 7

• Kowarsch A, Blöchl F, Bohl S, Saile M, Gretz N, Klingmüller U, Theis FJ:
Knowledge-based matrix factorization temporally resolves the cellular responses

to IL-6 stimulation. BMC Bioinformatics, 11(1), 2010

• Blöchl F, Kowarsch A, Theis FJ: Second-order source separation based on prior

knowledge realized in a graph model. In Proc. LCA/ICA 2010, Lecture Notes
of Computer Science, Springer, 2010

• Lutter D, Walcher T, Lerch M, Röh S, Kowarsch A, Götz M, Ninkovic J, Theis
FJ: A Bayesian approach to infer boolean models for neuronal progenitor cell

differentiation. Manuscript in preparation

1.3 Further scientific projects and collaborations

Besides the main scientific contributions, which are described in this thesis, I have
worked on various projects and collaborations that lead to further peer-reviewed pub-
lications that are not described in this thesis:

• Jungraithmayr TC, Hofer K, Cochat P, Chernin G, Cortina G, Fargue S, Grimm
P, Knueppel T, Kowarsch A, Neuhaus T, Pagel P, Pfeiffer KP, Schäfer F, Schöner-
marck U, Seeman T, Toenshoff B, Weber S, Winn MP, Zschocke J, Zimmerhackl
LB: Screening for NPHS2 Mutations May Help Predict FSGS Recurrence after

Transplantation. Journal of the American Society of Nephrology 22, 2011

• Raia V, Schilling M, Böhm M, Hahn B, Kowarsch A, Raue A, Sticht C, Bohl
S, Saile M, Möller P, Gretz N, Timmer J, Theis FJ, Lehmann WD, Lichter P,
Klingmüller U: Dynamic Mathematical Modeling of IL13-induced Signaling in
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Hodgkin and Primary Mediastinal B-cell Lymphoma Allows Prediction of Ther-

apeutic Targets. Cancer Research 70(22), 2010

• Konopka W, Kiryk A, Novak M , Herwerth M, Parkitna JR, Wawrzyniak M,
Kowarsch A, Michaluk P, Dzwonek J, Arnsperger T, Wilczynski GM, Merken-
schlager M, Theis FJ, Köhr G, Kaczmarek L, Schütz G: miRNA loss enhances

learning and memory in mice. Journal of Neuroscience 30(44), 2010

• Balluff B, Elsner M, Kowarsch A, Rauser S, Meding S, Schuhmacher C, Feith
M, Herrmann K, Röcken C, Schmid RM, Höfler H, Walch A, Eberl MP: Clas-

sification of HER2/neu status in gastric cancer using a breast-cancer derived

proteome classifier. Journal of Proteome Research 9(12), 2010

• Kowarsch A, Fuchs A, Frishman D, Pagel P: Correlated mutations: a hallmark

of phenotypic amino acid substitution. PLoS Computational Biology 6(9), 2010
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2 Background

2.1 The transcriptome: Transcription and non-coding
RNAs

Transcription specifies the process of creating a complementary ribonucleic acid (RNA)
copy of a specific deoxyribonucleic acid (DNA) sequence. The resulting transcriptome
is the total set of transcripts in a cell. In contrast to the genome, which is roughly fixed
for a cell, the transcriptome varies with environmental conditions. The description of
the transcriptome is essentially limited to the characterization of the transcription prod-
ucts of annotated genes. These products are mainly coding messenger RNAs (mRNAs)
and known stable non-coding RNAs (ncRNAs), such as tRNAs, small nuclear RNAs
(snRNAs) and small nucleolar RNAs (snoRNAs). However, the level of complexity
began to increase, with the discovery of interfering RNAs such as small interfering
RNAs (siRNAs) and microRNAs (miRNAs). In the following section, we give an
overview of the transcription process and its corresponding control mechanisms.

2.1.1 Transcription

Whenever a specific RNA is need within a cell, a complementary RNA copy of a
specific DNA sequence is generated. This process is called transcription and the DNA
helix is used as a template. In living organisms, DNA usually exists of two long strands
in the shape of a double helix. One strand is called "sense" if its sequence is the same
as that of the complementary RNA copy. The sequence on the opposite strand is called
"anti-sense". In both eukaryotes and prokaryotes, the function of produced anti-sense
RNA sequences is unknown. The DNA helix double strand is organized to a complex
called chromatin. The packaging of the DNA into condensed chromatin makes it inac-
cessible to DNA transcription, replication, recombination or repair. The chromatin is
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built of DNA, histone and non-histone proteins, subdivided into nucleosomes. The nu-
cleosome itself is composed out of an octamer of four core histones (H2A, H2B, H3,
H4) that are wrapped around 147 base pairs of DNA. The accessibility of a specific
DNA region is controlled by the structure of the chromatin. Histone modifications and
nucleosome remodeling have an enormous influence on the transcription of the DNA.
Histones can be modified through at least eight different ways (143), which all have
influence on transcriptional activity. In general the chromatin structure controls the
transcription activity on a basal level. Therefore, it controls the accessibility of the
DNA, thus coding and noncoding RNAs. These two principles of the design of the
DNA are fundamental to understand the whole process of transcription.

The transcription process starts by binding of the RNA polymerase to the "open"
DNA on a specific region on the DNA defined as core promoter sequence. Promoter
regions are found, in eukaryotes, between -30 and -90 base pairs upstream from the
start of a transcript that can be either a coding mRNA or a ncRNA. For the binding of a
RNA polymerase, various specific transcription factors are needed. This is a complex
process in eukaryotes as the eukaryotic RNA polymerase does not directly recognize
the core promoter sequences. Rather a collection of transcription factor proteins me-
diates the binding of RNA polymerase and the initiation of transcription. Beside the
regulatory role of the chromatin structure, this is a first layer of a regulatory mecha-
nism. General transcription factor (GTF) proteins are required by the RNA polymerase
to bind to the DNA and to initiate the transcription. Further transcription factor pro-
teins can promote or block the recruitment of RNA polymerase either alone or with
proteins in a complex, catalyze the acetylation or deacetylation of DNA or recruit co-
activator or co-repressor proteins. Approximately 5-10% of all mammalian proteins
are involved as regulators of gene transcription (283). After RNA polymerase bind-
ing, the DNA is unwound by breaking hydrogen bonds between complimentary nu-
cleotides. The template strand of the DNA is then used for RNA synthesis. In further
proceeds, RNA polymerase traverses the sense strand and uses base pairing comple-
mentarity with the DNA template to create a RNA copy. As the RNA polymerase
traverses the DNA from 3’ to 5’ the newly formed RNA is an exact copy of the 5’ to 3’
coding strand, except that thymines are replaced with uracils and the RNA molecules
are composed of a ribose (5-carbon) sugar where DNA has deoxyribose. An important
difference between DNA replication is that transcription produces multiple copies of
the DNA template by simultaneous binding of multiple RNA polymerases. Finally,
the transcription is terminated, the new transcript is cleaved and the 3’-end undergoes
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the process of polyadenylation by adding around 250 adenosine residues to the end to
form the poly(A)-tail.

2.1.2 mRNA

The chemical copy of the specific DNA segment is a mRNA molecule, which in turn
encoded a protein product. The genetic information is encodes in the sequence of nu-
cleotides of the purine bases adenine and guanine, and the pyrimidines thymine and
cytosine. In a first progression step called transcription, RNA polymerase makes a
copy of specific DNA segments to mRNA. This process is similar in eukaryotes and
prokaryotes. One notable difference is that prokaryotic RNA polymerase is associated
with mRNA processing enzymes during transcription so that processing can quickly
proceed after the start of transcription. The unprocessed product of the transcription
is called pre-mRNA, which is rapidly progressed containing different kind of modifi-
cation such as 5’ and 3’ end as well as the splicing process. The 5’-end of precursor
messenger RNA is modified by adding a RNA 7-methylguanosine cap (5’-cap) shortly
after the start of transcription. A second step called polyadenylation occurs also imme-
diately after transcription. The mRNA fragment is cleaved through an endonuclease
complex associated with RNA polymerase. After the cleavage, around 250 adenosine
residues are added to the free 3’-end at the cleavage site generating the poly(A)-tail.
Polyadenylation is important for transcription termination, export of the mRNA from
the nucleus, and translation.

The human genome project encoded a smaller than expected number of genes. This
surprising observation has renewed interest in alternative pre-mRNA fragments. These
alternative fragments are generated by the splicing process, a mechanism to generate
a complex proteome from a limited number of coding transcripts. In fact, alternative
splicing affects the expression of 60% of human genes. In order to understand this
important process, one has to go one step back and has a closer look on the structure of
already modified pre-mRNA. The coding sequences of eukaryotic genes are in many
cases separated into small pieces of coding segments, called exons, which are separated
by a non-coding sequences, so-called introns. Alternative splicing is the process, which
reconnects the exons of a pre-RNA in multiple ways. This process leads to different
mRNAs, which in turn will be translated into different protein isoforms and therefore
greatly increases the diversity of proteins that can be encoded by the genome. In
humans, approximately 95% of multi-exonic genes are alternatively spliced (206).
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2.1.3 non-coding RNA

RNAs can be split into two subtypes: mRNAs, which are translated in protein and ncR-
NAs, which are functional RNA molecules that are not translated into proteins. The
term non-coding RNAs include several highly functionally important RNAs such as
long ncRNAs, miRNAs, piRNAs, ribosomal RNA (rRNA), siRNAs, snoRNAs, and tR-
NAs. Until now, the number of ncRNAs, which are present within the human genome
is unknown. Table 2.1 summarized the most important ncRNAs but there exist thou-
sands of longer transcripts and most of whose functions are unknown. These ncRNAs
can be summarize as a hidden layer of internal signals, which control various levels of
gene expression.

Name Function

long ncRNA non-protein coding transcripts longer than 200 nucleotides
miRNA putative translational regulatory gene family
piRNA Piwi-interacting RNA linked to transcriptional gene silenc-

ing of retrotransposons
rRNA RNA component of the ribosome
siRNA short interfering RNA involved in the RNA interference

(RNAi) pathway
snoRNA most known snoRNAs are involved in rRNA modification
tRNA transfers a specific active amino acid to a growing polypep-

tide chain

Table 2.1: Overview of non-coding RNA molecules. Overview of the most important ncR-
NAs in eukaryotes.

The biological role of ncRNAs is diverse. The functions range from highly conserved
across most cellular life to more ncRNAs specific to one or a few closely related
species. Most of the highly conserved ncRNAs are involved in the protein translation
process. First discovered in prokaryotes, ncRNAs mainly regulate mRNA translation
and its stability. More than 60 ncRNAs involved in these functions were identified
during the last years in Escherichia coli (185). Commonly, ncRNAs, which are co-
expressed with mRNAs, will be cleavaged after transcription. In prokaryotes, ncRNAs
are not the major class of genomic output, where in general 80-95% of transcripts are
protein-coding sequences. In higher organisms, the proteome is much more stable as
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well as the number of protein-coding genes, which varies by less than 30% between
Caenorhabditis elegans (which has only approximately 103 cells) and humans (approx-
imately 1014 cells). Eukaryotes have a far more developed RNA processing and sig-
naling system than prokaryotes, which leads to much more sophisticated pathways of
gene regulation and complex genetic mechanisms such as post-transcriptional control,
DNA methylation, chromatin modification or imprinting.

Infrastructural ncRNAs have been studied for a long time and have well-described
functions. This class of ncRNAs includes tRNAs, rRNAs, spliceosomal uRNAs or
snRNAs and the common snoRNAs. Both translation and splicing process requires
ncRNAs not only for recognition of RNA substrates, but also for its own process.
Regulatory RNAs function in most mediated by base-pairing with complementary se-
quences in other RNAs and DNA forming RNA:RNA and RNA:DNA complexes. One
of the most well characterized examples of regulatory RNA sequences is the untrans-
lated regions (UTRs) of mRNAs by forming secondary structures that bind regulatory
proteins or other small RNA molecules, such as miRNAs.

MicroRNA biogenesis

MiRNAs are endogenous, non-protein coding, approximately 22-nucleotide (nt) long
RNA molecules that have recently emerged as post-transcriptional regulators. It has
been reported, that miRNAs control diverse aspects of biology, including developmen-
tal timing, differentiation, proliferation, cell death, and metabolism (70; 138). Analyz-
ing the human genome, more than 60% of human protein coding genes are predicted to
contain miRNA binding sites within their 3’-untranslated regions (UTRs) (237). Up to
now, more than 1400 human miRNAs were detected (82). Their diversity and number
suggests that a vast number of normal and pathological outcomes may be controlled,
at least in part, through miRNA-mediated repression. In this section, we would like
to introduce miRNA biogenesis, function and post-transcriptional control of mRNA
transcripts mediated by miRNAs.

MiRNAs are located in diverse regions of the whole genome including both protein
coding and non-coding transcription areas. Approximately 50% of miRNAs are de-
rived from non-coding RNA transcripts, while approximately 40% are located within
the introns of protein coding genes, called intronic miRNAs. Most of the miRNAs
are transcribed by RNA polymerase (RNA pol) II and will be modified right after the
transcription by a 5’-cap and a poly-A-tail at the 3’-end, which is similar to the mRNA
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transcription (158). Co-expression of mRNA and miRNA is achieved by embedding
the miRNA sequence within the intron of a coding mRNA transcript. Rarely, embed-
ded miRNAs can also be located with the 3’-UTR of an mRNA and will be transcribed
by read-through transcription (196). Figure 2.1 illustrates the miRNA biogenesis and
gives an overview about the important steps in the miRNA biogenesis.

The splicing of intronic primary miRNA (pri-miRNA) mediated by Drosha has no
effect on the host gene splicing or stability. This indicates that protein-coding tran-
scripts could give independently rise to both miRNA and mRNA transcripts (196). A
recent work suggests that the presence of a miRNA within an intron may enhance pro-
cessing of the miRNA by extending the time of pri-miRNA association with chromatin
(211). The location of a miRNA in an intron does not necessarily lead to coexpression
of the host gene and miRNA. Microarray analysis of mRNA and miRNAs reveal that
only approximately 50% of intronic miRNAs are strongly co-expressed with their cor-
responding host gene (11). The difference in host gene and miRNA expression could
occur through differential miRNA processing or through alternative promoter usage
(47). Various studies indicate that 25-33% of intronic miRNAs are transcribed from
independent promoters leading to an independent expression pattern (205). Finally,
many miRNAs are encoded in the genome as clusters, which can range from 2 to 19
miRNA hairpins encoded in tandem in close proximity.

One third of miRNAs are encoded in the genome as clusters within a range of 5kb.
Analysis of polycistronic miRNA transcripts indicates that clustered miRNAs can de-
rive from a single transcript (11). In Chapter 3, we study the role of miRNA cluster in
human disease and show their pivotal role in miRNA-based gene silencing in human
diseases. The majority of miRNA genes are transcribed by the same RNA polymerase
as protein coding genes. Moreover, the epigenetic control of miRNAs is similar to
protein coding genes. The transcription of the pri-miRNA undergoes two cleavage
steps to generate the mature miRNA. The first cleavage is mediated by the RNase III
enzyme Drosha within the nucleus. In general, the transcribed pri-miRNA could be
several thousand nucleotides long. Drosha cleaves at the base of the stem to generate a
60-100 nt hairpin RNA. A subset of miRNAs has been identified, which by-passes the
Drosha cleavage and defines the set of ’mirtrons’. These miRNAs are embedded within
short introns and the ends of the pre-miRNA hairpin are determined by the 5’ and 3’
splice sites of the intron (225). Spliced pri-miRNAs are translocated from the nu-
cleus into the cytoplasm through interaction with exportin-5. Export to the cytoplasm
pre-miRNA is released from exportin-5. After translocation into the cytoplasm, the
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Figure 2.1: The current model for the biogenesis and post-transcriptional suppression of
microRNAs and small interfering RNAs. The nascent primary microRNA (pri-
miRNA) transcripts are first processed into 70-nt pre-miRNAs by Drosha inside
the nucleus. Pre-miRNAs are transported to the cytoplasm by Exportin 5 and are
processed into miRNA:miRNA* duplexes by Dicer. Dicer also processes long
dsRNA molecules into siRNA duplexes. Only one strand of the miRNA:miRNA*
duplex or the siRNA duplex is preferentially assembled into the RNA-induced
silencing complex (RISC), which subsequently acts on its target by translational
repression or mRNA cleavage, depending, at least in part, on the level of comple-
mentarity between the small RNA and its target. ORF, open reading frame. Figure
adopted from (92).
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pre-miRNA is cleaved near the terminal loop by the RNase type III protein Dicer gen-
erating an approximately 22-nt double-stranded miRNA. Cleavage by Dicer results in
an unstable double-stranded miRNA containing an active strand (miRNA) and the pas-
senger (miRNA*) strand. RLC is then responsible for unwinding the double-stranded
miRNA, which leads to a degradation of the passenger strand. The single-stranded
miRNA is then loaded into the RISC complex. Similarly to the control miRNA ex-
pression levels, the miRNA-mediated repression is highly regulated by diverse factors.
Following maturation, the mature miRNA is loaded onto Ago proteins and associates
with additional proteins to form the RISC complex. Regulation of Dicer, RISC or
Ago protein expression results in an auto-regulation of expressed mature miRNA tran-
scripts. Finally, the impact of expressed miRNAs can also be altered indirectly by
modification of the mRNA target site. For example, mRNA binding factors, which
interfere with the interaction of miRNA with target sites, have been reported.

2.1.4 Post-transcriptional control

Gene expression is regulated at multiple levels and within cells these differences in
post-transcriptional control have to be coordinated. A first layer of transcriptional reg-
ulation is provided by chromatin arrangement and due to the activity of transcription
factors, which lead to differentially transcribed genes. Transcript turnover and trans-
lational control are two integral parts of gene expression. Moreover, modifications of
the mRNA transcript are powerful mechanisms to influence the gene expression: (i)
The capping process changes the 5’-end of the mRNA transcript to a 3’-end by a 5’-5’
linkage. This process protects the mRNA from 5’ exonuclease, which degrades RNA.
In addition, the 5’-cap modulates the ribosomal binding for the initiation of the trans-
lation. (ii) Transcribed mRNA (pre-mRNA) contains of exons that will make up the
mRNA product, but which are interrupted by non-coding introns in the DNA and in
the initial pre-mRNA transcript. The splicing process removes the introns and joins
the exons, which is mediated by the spliceosome, a macromolecular ribonucleopro-
tein complex that assembles on the pre-mRNA in a series of complexes (117). (iii)
Poly-adenylation of the 3’-tail of the pre-mRNA. The addition of poly-(A)-tail acts as
a buffer to the 3’ exonuclease in order to increase the half-life of mRNA. (iv) RNA-
editing is the molecular process in which the information content in an RNA molecule
is altered through a chemical change in the base sequence. RNA-editing is observed in
tRNA, rRNA, and mRNA molecules of eukaryotes but not prokaryotes. In this section,
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we will briefly discuss the main mechanisms of post-transcriptional control with strong
impact on the composition of the transcriptome and gene expression.

RNA transport and localization

Localization of mRNAs is a widespread post-transcriptional mechanism for protein
synthesis. This process is involved in the generation of cell polarity, asymmetric seg-
regation of cell fate determinants and germ cell specification. The key elements during
RNA localization are actin and microtubule filaments. Active transport of mRNAs
along cytoskeletal filaments is the major localization mechanism in most cells (265).
Although we do not know what fraction of the transcriptome is controlled by local-
ization, recent reports from yeast suggest that in this simple unicellular eukaryote lo-
calized mRNAs make up >1% of expressed genes (180). In general, localized RNAs
are characterized by signals that can generally be found in the 3’-untranslated region
of mRNAs. These signals are recognized by RNA-binding proteins that are part of
the localization machinery. Both the protein sequence and the structure of the RNA
signal are important for the localization process, but so far no consensus signals have
been identified (110). Similar to the diversity of the signals, different mechanisms that
have been proposed for mRNA localization including mRNA transport, retention and
site-specific degradation/protection (137). In general, every RNA is exported from the
nucleus and has to pass the nuclear membrane via the nuclear pore complexes. So far,
this process is poorly understood, but the nuclear RNA export is highly selective and is
mainly mediated by a protein family termed exportins (karyopherins). These exportins
depend on the activity of a small co-factor, which are able to recognize and process
only completely processed mRNAs. The main recognition signals are cap-binding,
poly-A-tail and further binding of transport proteins.

For miRNAs, the nucleus export process is well studied. Drosha-processed pre-
miRNAs are transported by a heterotrimer of Exportin5 and Ran. After passing the
nuclear pore complexes, the Ran-GTP complex is hydrolyzed to Ran-GDP, which in
turn leases the pre-miRNAs. Unbound pre-miRNA in the cytoplasm binds to Dicer,
an RNase III enzyme, which cuts the double stranded pre-miRNA generating a 22
nucleotide miRNA duplex. One strand is incorporated into RISC, whereas the other
miRNA-strand is degraded (26).
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RNA degradation or turnover

The mRNA turnover process is an important aspect of mRNA physiology. The mRNA
turnover plays a main role in controlling the gene expression both is setting the basal
level of gene expression and as a site of regulatory responses (209). Second, the
mRNA turnover process recognizes and degrades aberrant mRNAs, thereby increas-
ing the quality control of mRNA biogenesis (179). The stability of human mRNA is
estimated to control the mRNA level of about 5-10% of all genes (18). Studies in sev-
eral organisms indicate that the majority of mRNA transcripts are stable (216; 291).
Within these studies, it appeared that the half-life of each mRNA transcript is related
to its physiological role. For example, housekeeping genes mostly have long mRNA
half-lives. In contrast, transcripts that are only required for specific process in the cell,
e.g. cell cycle, during development, growth, differentiation or in response to external
stimuli, often have short half-lives. So far, two pathways of mRNA decay have been
identified in eukaryotic cells. The mRNA degradation usually starts with the deadeny-
lation of the poly-(A)-tail at the 3’-end of the mRNA. After deadenylation, decapping
enzymes remove the 5’-cap of the mRNA and therefore expose the transcript for di-
gestion by a 5’→3’ exonuclease. Alternatively, mRNAs can also be degraded in a
3’→5’ direction mediated by the exosomes. Finally, mRNA degradation is initiated
by endonuclease cleavage either by sequence-specific endonuclease or in response to
miRNAs.

Whereas the framework of miRNA biogenesis is established, factors involved in
miRNA degradation remain unknown (217). Recent studies from plants and nematode
worms indicate that miRNA degradation is mediated by both 5’→3’ and 3’→5’ ex-
onucleases (119). In addition, modifications of the miRNA 3’-end mediated by methy-
lation or non-templated nucleotide addition have a severe impact on the stability of the
miRNA. For detailed review about the molecular mechanism of miRNA degradation
see (119; 217).

Transcriptional control mediated by microRNAs

The discovery of the abundance of miRNAs raised the question how they regulate their
mRNA target transcripts. Initial evidences for miRNA target recognition came from
the observation of the first miRNA lin-4 that has a sequence complementarity to mul-
tiple conserved sites within the lin-14 mRNA (157). Based on this and further findings
the miRNA-mRNA interaction is given by a short perfect match complemented by im-
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perfect matches in close vicinity. This region is defined as the seed sequence and is
considered to be a 6-8 nucleotides (nt) long substring within the first 8 nt at the 5’-end
of the miRNA (163). This feature regards to be the most important feature for target
recognition by miRNAs in mammalians (10). A central feature of current miRNA tar-
get prediction approaches is the evolutionary conservation of miRNA target sites. But
there is evidence that non-conserved miRNA target patterns are highly common (8).
Several new features were detected and tested for their suitability of miRNA target
prediction. In order to mention the most favored features: Extensive previous work
revealed that 7-8 nt at the 5’-end of the miRNA are very important for target recog-
nition. A recent work proposed that the majority of functional target sites are formed
by less specific seeds of only 6 nt (56). The structural accessibility of miRNA target
site, and the number of multiple target sites in close proximity have also been reported
to be highly predictive for functional miRNA target sites. So far mostly miRNA tar-
get recognition is based on prediction methods but the upcoming of new large-scale
technologies for the exact detection of miRNA targets will identify the important fea-
tures for target recognition. Two recent works provided a technology to generating
a miRNA:mRNA interaction map that contains the absolute chromosomal positions
of miRNA seed positions within mRNA transcripts (37; 89). Moreover, these tech-
nologies will also improve the understanding of the interaction between miRNAs and
mRNAs.

2.1.5 Measuring the transcriptome

The study of the transcriptome can be described as the measurement of the activity of
thousands of genes or miRNAs at once, to create a global picture of cellular function.
These profiles are often obtained using high-throughput techniques based on DNA mi-
croarray technology. Beside this well-established technique, a new technology known
as next-generation sequencing was introduced in the 21st century. In this section, we
would like to give an overview about the principles of these technologies and will
discuss the applicability as well as the main issues and restrictions.

Gene expression using microarrays

The main principle of the microarray technology is the use of a labeled sample, called
"target", which is immobilized on a solid surface on an array and hybridized in par-
allel to a large number of DNA sequences. Using this principle, tens of thousands of
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transcript can be detected and quantified simultaneously. During the last decade, this
technology was developed further. Although many different microarray supplier are on
the market, the most commonly used microarray technologies can be divided into two
groups: complementary DNA (cDNA) and oligonucleotide microarrays. Figure 2.2
gives a schematic overview of probe array and target preparation for spotted cDNA mi-
croarrays and high-density oligonucleotide microarrays. Microarray probes for cDNA
arrays are usually generated by polymerase chain reaction (PCR) from cDNA libraries
or clone collections and are printed onto glass slides or nylon membranes. Probes are
then organized in so-called spots, complementary to nucleotide sequences of known
transcripts. Typical cDNA array consist of more than 30,000 cDNAs on the surface
of a conventional microscope slide (234). Probes for oligonucleotide arrays are syn-
thesized in situ, either by photolithography onto silicon wafers or by ink-jet technol-
ogy. Moreover, pre-synthesized oligonucleotides can also be directly printed onto the
glass slides. A first advantage of the oligonucleotide arrays is that there is no time-
consuming handling of cDNA resources. Second, the much shorter oligonucleotide
probes can be designed to cover a unique part of a given transcript, which allows
a better detection of closely related genes or splice variants. Third, oligonucleotide
probes have less specific hybridization and reduced sensitivity. Another important dif-
ference between high-density oligonucleotide arrays and cDNA arrays is the target
preparation. For both types, mRNA from cells or tissues is extracted and translated
into cDNA. Followed by a labeling step, the cDNA is hybridized on the surface of the
array and can be detected by phospho-imaging or fluorescence scanning. Based on
the high reproducibility of oligonucleotide arrays, an accurate comparison of signals
between separate arrays is guaranteed. For cDNA arrays, the process of girding is not
accurate enough to allow precise comparison between different cDNA arrays. One
of the biggest differences between cDNA and oligonucleotide microarrays is the use
of either one target cDNA or in case of the cDNA arrays mRNAs from two different
cell populations or tissues. In this case, mRNAs from two different cell populations
or tissues are labeled each in a different fluorescent dye (either Cy3 or Cy5), mixed
and hybridized to the same array. This procedure results in a competitive binding of
the target to the same probe. After hybridization and washing, the array is scanned
using two different wavelengths corresponding to the two dyes and the intensity of the
same spot in both channels is compared. This procedure results in a ratio of transcript
levels for each gene. Due to different signal strength of the two dyes, one cDNA array
experiment normally includes two arrays in which the dyes are swapped for the two
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Figure 2.2: Schematic overview of probe array and target preparation for spotted cDNA
microarrays and high-density oligonucleotide microarrays. (A) cDNA mi-
croarrays. Array preparation: inserts from cDNA collections or libraries are am-
plified using either vector-specific or gene-specific primers. PCR products are
printed at specified sites on glass slides. Through the use of chemical linkers,
selective covalent attachment of the coding strand to the glass surface can be
achieved. Target preparation: RNA from two different tissues or cell populations
is used to synthesize single-stranded cDNA in the presence of nucleotides labeled
with two different fluorescent dyes (e.g. Cy3 and Cy5). Both samples are mixed in
a small volume of hybridization buffer and hybridized to the array surface result-
ing in competitive binding of differentially labeled cDNAs to the corresponding
array elements. High-resolution confocal fluorescence scanning of the array with
two different wavelengths corresponding to the dyes used provides relative signal
intensities and ratios of mRNA abundance. (B) High-density oligonucleotide mi-
croarrays. Array preparation: sequences of 16-20 short oligonucleotides are cho-
sen from the mRNA reference sequence of each gene, often representing the most
unique part of the transcript in the 5’-untranslated region. Light-directed, in situ
oligonucleotide synthesis is used to generate high-density probe arrays containing
over 300,000 individual elements. Target preparation: polyA+ RNA from differ-
ent tissues or cell populations is used to generate double-stranded cDNA carrying
a transcriptional start site for T7 DNA polymerase. During in vitro transcription,
biotin-labeled nucleotides are incorporated into the synthesized cRNA molecules.
Each target sample is hybridized to a separate probe array and target binding is
detected by staining with a fluorescent dye coupled to streptavidin. Signal inten-
sities of probe array element sets on different arrays are used to calculate relative
mRNA abundance for the genes represented on the array. Figure adopted from
(234). 23
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mRNA target probes. A whole dye-swap experiment will compensate the dye effect as
the Cy5 fluorescent dye typically leaves less signal than the Cy3.

The biggest limitation of the microarray technology comes from the fact that only
genes can be detected and measured, which are represented on the array. However,
not all genes or transcripts are known yet or sequences are wrongly identified dur-
ing genome annotation. Moreover, the high throughput technologies lack in accuracy
compared to single expression methods such as quantitative PCR (Q-PCR). One of the
main imprecisenesses of the microarray technology is caused by cross-hybridization
of mRNA transcript to a "wrong" probe. Furthermore, probes designed from genomic
expressed sequence tags (ESTs) may be incorrectly associated with a transcript of a
specific gene. Since a particular probe is mainly designed to match parts of the cod-
ing sequence, alternative splice forms of a single gene can not be determined. Finally,
microarray methods detect only the expression level of mRNA transcripts. As these
are subjects to post-transcriptional regulatory mechanisms the measured mRNA level
does not give information about corresponding protein expression level.

Measuring microRNA expression

In contrast to mRNA profiling technologies, measuring miRNA expression has to take
into account the difference between mature miRNAs and their precursors, and finally
should also distinguish between miRNAs that differ by as little as a single nucleotide
(246). For microarrays, either synthetic oligonucleotides or cDNA fragments are used
as capture probes. An ideal probe should have high specificity and high affinity. It
has been shown that the sequences of mature miRNAs have unequal melting tem-
peratures and therefore sample labeling and probe design is a major challenge for
miRNAs. For example, the melting temperatures of miRNAs vary between 45 ◦C
and 74 ◦C. In case of a hybridization temperature (e.g. 55 ◦C) set for the entire ar-
ray, probes with a lower melting temperature will yield lower signals, whereas probes
with higher melting temperatures will produce impaired nucleotide discrimination and
lower specificity. Castoldi and co-workers (34) developed a locked nucleic acid mod-
ified capture probe, which can elevate thermal duplex stability. Another approach is
20-O-(2-methoxyethyl)-modified oligoribonucleotides that can detect newly identified
validated or predicted miRNA candidates. In addition, probes for miRNAs have to
be complementary to the sense and antisense strands of miRNAs. Moreover, different
control probes are also required, which include exogenous and endogenous positive
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controls and negative controls. These control probes are used for normalization and to
provide reference points for quality control.

Beside array technologies, a variety of methods and tools have been developed for
miRNA expression profiling. As hybridization of miRNA samples onto an array re-
quire a large amount of total RNA, a PCR based approach was developed to address the
issue in case of access to only a small and limited amount of RNA. The PCR technique
starts with a reverse transcriptase (RT) reaction. The resulting small RNA fraction-
ation will be polyadenylated, followed by a standard RT protocol. This method has
two advantages, as the total amount of RNA is much less compared to the array tech-
nology and second it can be applied for a rapid detection of miRNAs and precursors.
Compared to the array technology the costs are much higher.

Over the past four years, massively parallel DNA sequencing platforms have become
widely available and making the sequencing capacity of a genome center available for
even small research institutes. This new technology, called Next-generation sequenc-
ing, is rapidly evolving and is a new effective approach for the comprehensive analysis
of genomes, transcriptomes and interactomes. For further information and an overview
of profiling strategies, we would like to recommend these two reviews: (140; 294). In
the following section we would like to introduce this new technology and the applica-
bility of expression profiling of mRNAs and miRNAs.

Next-generation sequencing of RNA

Next-generation sequencing (NGS) technologies include a number of methods that
can be broadly summarized by template preparation, sequencing, imaging, and data
analysis. In the following, we will discuss these steps for different sequencing plat-
forms. For template preparation, in general NGS methods randomly break genomic
DNA into smaller pieces from which either fragment templates or mate-pair templates
are created. A common principle among NGS technologies is that the template is im-
mobilized to a solid surface. The adventure of this immobilization is that thousands of
sequencing reactions can be performed simultaneously. As fluorescent detection ap-
proaches are not designed to detect single events, NGS technologies require an ampli-
fication of the templates. The two most common methods are emulsion PCR (emPCR)
(52) and solid-phase amplification (64). The advantage of emPCR is the amplifica-
tion of the template in a cell-free system, which avoids the loss of genomic sequence.
After the successful amplification and enrichment of emPCR beads, millions of reads
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can be immobilized based on the platform either in a polyacrylamide gel on a stan-
dard microscope slide (Polonator) (241), chemically crosslinked to an amino- coated
glass surface (Life/APG; Polonator) (130) or deposited into individual PicoTiterPlate
wells (Roche/454) (154). Such an amplification can produce 100-200 million spatially
separated template clusters (Illumina/Solexa) and provides free ends, which can be
hybridized to a universal sequencing primer. Beside the clonally amplified methods,
some NGS approaches use single-molecule templates, which are more straightforward
and requires less starting material (<1 µg) than the amplified methods (3-20 µg).

The sequencing step is fundamentally different between clonally amplified and single-
molecule templates. Clonal amplification results in a population of identical templates
and each of them have undergone the sequencing process. During the imaging process
the observed signal is a consensus signal of all probes of an identical template for a
particular sequence cycle. The addition of multiple probes in a given cycle can result
in leading-strand dephasing, which increases fluorescence noise, causing base-calling
errors and shorter reads (58). For NGS methods based on single-molecule templates,
dephasing is not an issue, therefore requirement for cycle efficiency is relaxed. For
these techniques, deletion errors may occur owing to quenching effects or no signal
will be detected due to incorporation of probes. The sequencing process itself consists
of alternating cycles of enzyme-driven biochemistry and imaging-based data acquisi-
tion. In most cases, the sequencing relies on synthesis. The enzyme driving synthesis
can be either a polymerase or a ligase. Data acquisition can be done by imaging of
the full array at each cycle (e.g., of fluorescently labeled nucleotides incorporated by a
polymerase).

Global advantages of next-generation sequencing strategies relative to array-based
sequencing is the much higher degree of parallelism than conventional capillary-based
sequencing. As the size of one single sequencing spot can be around 1µm, millions of
sequencing reads can potentially be obtained in parallel by imaging the surface area.
Moreover, the planar surface can be enzymatically manipulated by a single reagent
volume, in practice, reagent volumes in microliter-scale are essentially amortized over
the full set of sequencing features on the array. This results in a dramatically lower
costs for DNA sequencing. But nevertheless, NGS techniques also have several disad-
vantages. The most prominent, which is valid for all new platforms, is the read-length
that is currently much shorter than conventional sequencing reads. Second, the raw
accuracy of base-calls generated reads are at least tenfold less accurate than base-calls
generated by Sanger sequencing. These limitations open an interesting research field
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for Bioinformaticians to develop new algorithms, which address these issues. Table 2.2
gives an overview of current NGS technologies and their features. For further informa-
tion about NGS technologies, we would like to refer to following reviews (192; 240).

Platform Library/
template
preparation

NGS chem-
istry

Read
length
(bases)

Run
time
(days)

Gb per
run

Machine
cost (US$)

Pros cons Biological applications

Roche/454
Titanium

Frag, MP/
emPCR

PS 330* 0.35 0.45 500,000 Longer reads
improve
mapping in
repetitive
regions; fast
run times

High reagent
cost; high er-
ror rates in
homo- poly-
mer repeats

Bacterial and insect
genome de novo assem-
blies; medium scale (<3
Mb) exome capture;
16S in metagenomics

Illumina/
Solexa

Frag, MP/
solid-phase

RTs 75 or
100

4‡,
9⨿

18‡
35,

540,000 Currently
the most
widely used
platform in
the field

Low mul-
tiplexing
capability of
samples

Variant discovery
by whole-genome
resequencing or whole-
exome capture; gene
discovery in metage-
nomics

Life/APG
SOLiD 3

Frag, MP/
emPCR

Cleavable
probe SBL

50 7‡,
14⨿

30‡,50 595,000 Two-base
encoding
provides in-
herent error
correction

Long run
times

Variant discovery
by whole-genome
resequencing or whole-
exome capture; gene
discovery in metage-
nomics

Polonator MP only/
emPCR

Non- cleav-
able probe
SBL

26 5⨿ 12⨿ 170,000 Least ex-
pensive
platform;
open source
to adapt
alterna-
tive NGS
chemistries

Users are
required to
maintain
and qual-
ity control
reagents;
shortest
NGS read
lengths

Bacterial genome re-
sequencing for variant
discovery

Helicos
Bio-
Sciences
HeliScope

Frag, MP/
single
molecule

RTs 32* 8‡ 37‡ 999,000 Non-bias
repre-
sentation of
templates for
genome and
seq-based
applications

High er-
ror rates
compared
with other
reversible
terminator
chemistries

Seq-based methods

Pacific Bio-
sciences

Frag only/
single
molecule

Real-time 964* N/A N/A N/A Has the
greatest
potential
for reads
exceeding
1kb

Highest er-
ror rates
com-
pared with
other NGS
chemistries

Full-length transcrip-
tome sequencing;
complements other
resequencing efforts
in discovering large
structural variants and
haplotype blocks

Table 2.2: Comparison of next-generation sequencing platforms. *Average read-lengths.
‡Fragment run. ⨿ Mate-pair run. Frag, fragment; GA, Genome Analyzer; GS,
Genome Sequencer; MP, mate-pair; N/A, not available; NGS, next-generation se-
quencing; PS, pyrosequencing; RT, reversible terminator; SBL, sequencing by liga-
tion; SOLiD, support oligonucleotide ligation detection. Table adopted from (192).

2.2 Cellular communication and signal transduction

The ability to respond to environmental stimuli belongs to the basic properties of life.
Thus, organisms ranging from simple prokaryotes to humans are cognitive systems
(181). The processing of complex amounts of information requires a regulatory net-
work of switching devices based on the laws of mathematical logic, which are able
to adapt and learn (3). In an organism, such networks can be found at any level of

27



Background

detail. First, an organism is organized in a network of (specific) cells. Second, macro-
molecules between and within these cells form a second regulatory network. Third,
these networks define smaller sub-networks of interacting proteins that define the low-
est level.

Within the organism, signal processing is mainly mediated by proteins. Proteins
are ideal candidates, due to their structural flexibility and capability to interact with
each other. These properties make them efficient switching elements of a complex
information-processing network. By interacting with each other they establish "neu-
ral networks" of logical gates that are in principle able to process any kind of logical
information (181). The processing of information within these networks is based on
protein communication mediated by short and long-range interactions. Short-range
effects are mediated by direct contacts using specific binding domains, while long-
range interactions are transmitted by signaling molecules, including proteins, small
peptides, amino acids, steroids, retinoids, lipid derivatives, and even gases. Signal-
ing molecules can be exchanged either via direct cell-cell interaction or through the
interplay between signaling cells secreting specific molecules. A group of secreted
signal molecules are cytokines (secreted glycoproteins), which are not able to cross
the plasma membrane and therefore bind to receptor proteins that are located integral
in the membrane. Based on this principle, extracellular received signals are converted
into a series of biochemical reactions that in turn builds a signal transduction pathway.
The most important biochemical process, which is responsible for signal maintenance
within these signaling cascades is alteration of the phosphorylation state of certain
proteins. The binding of the ligand on the extracellular region induces conformational
changes within the receptor, thus activating either an intrinsic kinase domain of the re-
ceptor or a receptor-associated kinase. Upon this event, a series of proteins is modified,
e.g. by phosphorylation, transporting the signal to a certain cellular compartment. In
case of a transport to the cell nucleus, such proteins can modify gene expression by ei-
ther initiation or suppression of the transcription process. With this process, metabolic
processes, growth, differentiation, protein synthesis, or secretion processes are con-
trolled and coordinated.

JAK-STAT signaling

In this thesis, we study the interaction of miRNAs and signaling pathways. Within
Chapter 6 and 7, we special focus on the analysis of the JAK-STAT pathway. Here,
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we introduce the biological background of this pathway. The pathway is triggered
by several ligands and their cognate receptors, for example, growth hormones, such
as epidermal growth factor (EGF), tyrosine kinases (RTK), such as the EGF receptor
(EGF-R), SRC or ABL as well as G-protein-coupled receptors (GPCR) (24). Different
cytokine families including the INF or Interleukin-6 (IL-6) are the major activators
of JAK-STAT signaling cascade (232). After receptor re-organization the pathway is
activated upon cytokine stimulation and phosphorylate tyrosine residues within the
cytoplasmic domain of the receptor providing docking sites for Janus kinase (JAK)
and Signal Transducer and Activator of Transcription (STAT) proteins. Binding to the
receptor, STAT proteins become tyrosine-phosphorylated by JAK proteins. Activated
STAT proteins dissociate from the receptor, dimerize and then are translocated to the
nucleus where they can act as transcription factors to modulate gene expression (134).
Figure 2.3 illustrates the main JAK-STAT cascade activated by the IL-6 via the gp130
receptor.

The JAK protein family includes JAK1-3 and the tyrosine kinase 2. JAK1 is the
dominant kinase in IL-6-induced signaling, as cells lacking JAK1 are highly impaired
in signal transmission. Prior to cytokine binding to gp130, JAK proteins are already
associated at the receptor. Ligand-induced receptor oligomerization triggers auto- and
trans-phosphorylation of JAK proteins, which in turn also involve other kinases such
as SRC and RTKs. Activated JAK induces signal transduction by phosphorylation of
STAT proteins and receptor tyrosine residues. Studies revealed that the JAK kinases
do not seem to exhibit specificity for a particular STAT protein (46; 139). The speci-
ficity for STAT phosphorylation seems to be determined by specific docking sites for
STAT proteins at the receptor site (218). STAT protein transduces the signal from
the membrane to the nucleus and directly alters gene expression as transcription fac-
tor. The STAT protein family includes STAT1-6, whereas STAT5 is differentiated into
STAT5A and 5B. IL-6 activates JAK-STAT cascade, mainly triggers STAT3 and to mi-
nor extent STAT1. For the activation of STAT3 by JAK1, STAT has to associate with
the gp130 receptor unit. These protein-protein-interactions as well as other functions
of STAT proteins are mediated by different domains, which are conserved within the
STAT family. As uncontrolled signaling activity mediated by cytokines can lead to the
development of cancer, signal termination at multiple control points is an essential part
of signal transduction. In JAK-STAT signaling, three major groups of proteins can sup-
press the signaling cascade: protein tyrosine phosphatases (PTPs), protein inhibitors
of activated STATs (PIAS) and suppressors of cytokine signaling (SOCS). In contrast
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Figure 2.3: IL-6-JAK1-STAT3 signaling pathway. IL-6-induced receptor oligomerization
and conformational changes of the receptor induce transactivation of associated
JAK1 by auto-tyrosine phosphorylation. Activated JAK1 phosphorylates tyrosine
residues of the cytoplasmic domain of gp130, providing binding sites for STAT3.
STAT3 molecules become tyrosine-phosphorylated by JAK1, dissociate from the
receptor and dimerize. STAT3 dimers are potentially phosphorylated on serine
residues and translocate to the nucleus where target gene expression is altered.
After dephosphorylation, the dimers dissociate and monomeric STAT3 re-enters
the cytoplasm. Induction of SOCS represents a negative feedback loop for STAT3
activity. In addition to SOCS proteins, downregulation of gp130 signaling is me-
diated by recruitment of protein tyrosine phosphatases including SHP-2. Figure
modified from (176).

to the constitutively expressed phosphatases, such as PIAS family, the SOCS protein
family is a transcriptionally induced negative feedback. The SOCS protein family
includes SOCS1-7 and the cytokine inducible SH2 domain-containing protein (CIS).
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After signal induction upon cytokine stimulation, the expression of SOCS/CIS genes
is rapidly induced. The inhibitory function of SOCS proteins is mediated via different
protein-protein interactions. Binding of the SH2 domain to phosphotyrosine residues
of the receptor inhibits the signal transduction by a competitive binding with STATs to
the receptor leading to inhibition of STAT phosphorylation. The CIS protein prevents
the activation of STAT5 by competitively binding to the Epo receptor (296). A direct
protein interaction of SOCS with JAK negatively regulates JAK-STAT signaling by
preventing STAT phosphorylation (198).

MicroRNA control in signaling pathways

As previously described, miRNAs are integral elements in the post-transcriptional con-
trol of gene expression. Within this thesis, we analyze the regulatory role of these
elements within signal pathways. A specific question hereby is the effect of miRNA-
mediated regulation of the mRNA expression level on the pathway and therefore pro-
tein level. Signaling pathways and miRNAs share common features, which make the
study of their interaction highly interesting. The effectiveness of signaling pathways
relies on their capacity to control the expression of genes and therefore the result-
ing proteins in time and space. Two main principles are used here to achieve this
result: context-dependent transcriptional activation and repression. Repression medi-
ated by miRNAs lead to a target gene expression, which is turned on exclusively in
the presence of signal but kept repressed in its absence. This is mainly achieved at
the transcriptional level, which is similar to the same responsive element on a gene
promoter switching from repression to signal-dependent activation. An interesting
question hereby is, whether the transcriptional control is sufficient to explain tight
signaling regulation. One can argue that a cell is only challenging between an on or off
situation. Much more frequently, cells have to distinguish between a real signal and
stimulation that is too weak or transient. Here, miRNAs could be crucial for signal
interpretation: by dampening positive mediators of signaling cascades, miRNAs may
raise the threshold for pathway activation, restricting it only to appropriate zones of
competence (106). Although the main function of miRNAs is the repression of gene
expression, miRNAs can also act as signal activators. By targeting signal suppressors,
context-specific miRNA activation can lead to a pathway activation (278).
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A B

Figure 2.4: MicroRNAs in signaling crosstalk and coordination. (A) miRNAs can serve
as mediators of crosstalk between signaling pathways. On the left, signal A in-
duces the expression of a miRNA to negatively regulate signal B. On the right is
a different example, with miRNAs enabling positive crosstalk between transform-
ing growth factor-β (TGFβ) and AKT signaling. In glomerular mesangial cells,
TGFβ induces the expression of miR-192, which represses the transcription factor
zinc finger E-box-binding homeobox 2 (ZEB2). This results in the derepression
of miR-216a and miR-217, enabling them to inhibit phosphatase and tensin ho-
mologue (PTEN), which leads to enhanced AKT activation. In these cells, this
pathway triggers cell survival, extracellular matrix deposition and hypertrophy, all
classic features of diabetic nephropathy. (B) miRNAs as signaling coordinators.
A single miRNA can act simultaneously on two signaling pathways to coordinate
their biological effects in a tissue or cell (upper diagram), as exemplified by miR-
203-mediated regulation of skin tissue homeostasis (lower diagram). By antago-
nizing both WNT signaling (at the level of the transcriptional cofactor lymphoid
enhancer-binding factor 1 (LEF1)) and p63 activity, miR-203 may have a general
role in skin regeneration and self-renewal. Figure adopted from (106).

Beside the repression or activation of signal transduction, miRNAs also have the reg-
ulatory capacity to interconnect distinct signaling pathways. Figure 2.4 summarize
these functions of miRNAs. The robustness of biological systems is a highly studied
research field and miRNAs have been proposed to contribute to robustness by several
mechanisms: balancing and buffering. For example, miRNAs can target both an acti-
vator and an inhibitor of the same pathway. Within the Nodal pathway, miR-430 targets
both the Nodal homologue Squint and its inhibitor, Lefty (40). In case, miRNAs target
the agonist-antagonist pair, this regulation leads to a reduction of their expression level
(dampening effect), or regulates their relative levels to achieve an optimal signaling
strength (balancing effect). Moreover, a buffering effect can be attained by limiting
undesired signaling fluctuations.
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Signaling pathways are highly interconnected and the flow of information may be
controlled by many feedback loops (106). Recent works predict that miRNAs are
crucial elements for the regulation of these networks (3; 99; 272). Within this thesis,
we focus in Chapter 5 on this topic and present a novel approach to detect functional
miRNA-pathway associations by taking the network topology into account (146; 182).
We already described that miRNAs can act as repressor or activator of signals. In case
of a coherent feedback loop in which the miRNA and its target are oppositely regulated
by the same signal, miRNAs may act as stabilizer to fine tune the expression pattern of
its target genes and repress it in cells where the expression is not desired.

Another interesting type of feedback pattern is defined by a miRNA that is negatively
regulated by its own target (positive feedback). This double negative configuration is
similar to toggle switches and can be used to convert a transient signal into a longer-
lasting cellular response. Recent studies have reported several examples of miRNAs
in toggle switches (85).

We introduced the biological interaction of miRNAs and signal transduction path-
ways. Using this knowledge, we will study in Chapter 6 the miRNA-mediated regu-
lation of signaling pathway by analyzing the impact on the phosphorylation dynamic.
Illustrating the complexity of the miRNA-signaling network relationship, it is diffi-
cult to escape the prediction that any reductionist approach will greatly benefit from
the guidance of quantitative mathematical modeling. The involvement of miRNAs in
feed-forward and feedback motifs makes miRNAs ideal reagents in the hands of sys-
tems biologists to offer insights into the physical properties of signaling pathways,
something that could not be reached by intuition alone (106).

2.3 Models in Systems Biology

System-level understanding, the approach defined as systems biology, requires a shift
in the notion of "what to look for" in biology (135). The pure identification of all
genes and proteins in an organism is like generating a list of all parts. While such
a list provides a catalog of the individual components, by itself it is not sufficient to
understand the complexity underlying the organism. We need to know how these parts
are assembled to form and regulate complex biological networks. A few years ago, a lot
of effort was put into the generation of gene-regulatory networks and their biochemical
interactions. Such networks provide limited knowledge of how changes to one gene
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of a system may affect another gene, but can only provide limited understanding of a
particular network. A system-level understanding of a biological system can be derived
from insight into four key properties, which are presented by (135):

(i) System structures. These include the network of gene interactions and biochem-
ical pathways, as well as the mechanisms by which such interactions modulate
the physical properties of intracellular and multicellular structures.

(ii) System dynamics. How a system behaves over time under various conditions can
be understood through metabolic analysis, sensitivity analysis, dynamic analy-
sis methods such as phase portrait and bifurcation analysis, and by identifying
essential mechanisms underlying specific behaviors. Bifurcation analysis traces
time-varying change(s) in the state of the system in a multidimensional space
where each dimension represents a particular concentration of the biochemical
factor involved.

(iii) The control method. Mechanisms that systematically control the state of the cell
can be modulated to minimize malfunctions and provide potential therapeutic
targets for treatment of disease.

(iv) The design method. Strategies to modify and construct biological systems hav-
ing desired properties can be devised based on definite design principles and
simulations, instead of blind trial-and-error.

So how can we systematically study complex biological processes? Mathematical
modeling and computer simulations may help us to understand the dynamic and com-
plexity of a system. Moreover, we can define a prediction by using these models, which
can help us to find properties of the system. How can we define a model?
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Figure 2.5: Hypothesis-driven research in systems biology. A cycle of research begins with
the selection of contradictory issues of biological significance and the creation of
a model representing the phenomenon. Models can be created either automati-
cally or manually. The model represents a computable set of assumptions and
hypotheses that need to be tested or supported experimentally. Computational
"dry" experiments, such as simulation, on models reveal computational adequacy
of the assumptions and hypotheses embedded in each model. Inadequate mod-
els would expose inconsistencies with established experimental facts, and thus
need to be rejected or modified. Models that pass this test become subjects of
a thorough system analysis where a number of predictions may be made. A set
of predictions that can distinguish a correct model among competing models is
selected for "wet" experiments. Successful experiments are those that eliminate
inadequate models. Models that survive this cycle are deemed to be consistent
with existing experimental evidence. While this is an idealized process of sys-
tems biology research, the hope is that advancement of research in computational
science, analytical methods, technologies for measurements, and genomics will
gradually transform biological research to fit this cycle for a more systematic and
hypothesis-driven science. Figure adopted from (135).

In a broad sense, a model is an abstract representation of a (biological) process that may
explain properties of this process. Biological and biochemical reaction networks can
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be represented by a graphical sketch, but the same network can also be described by
a system of differential equations, which then captures the dynamic of the underlying
system. Systems biology models are often based on physical properties, for instance
thermodynamic dynamic or Michaelis-Menten kinetic. One has to keep in mind, that
the mathematical models are tailored systems to describe the underlying system as
close as possible. For model generation, one has to consider the trade-off between a
highly complex system, which in-depth describes a biological process but has many
parameters to estimate, whereas a simpler model could be sophisticated enough to
describe the process. George Box coined the phrase of "essentially, all models are
wrong, but some are useful" (22).

2.3.1 Quantitative modeling

The era of the discovery and analysis of large interaction networks developed the con-
cept of systems biology, which is now being applied to study complex biological net-
works. Starting with concepts from the graph theory, systems biology approaches tried
to understand biochemical networks by determining the connection information within
these networks. While cells are highly dynamical systems, new approaches to study
these systems involve the creation of models that take into account the move and func-
tion in time. Now, the era of large-scale dynamical models of biochemical networks
arise and to solve current questions in biology. Therefore, the most common way is
the analysis of a dynamical network by describing a model with a set of differential
equations. This approach has been extensively used to study protein and/or gene inter-
actions, as well as small molecules like ncRNAs. One of the advantages of continuous
modeling via differential equations is the precision and realistic description of molec-
ular interactions. A deterministic modeling approach tries to describe a quantitative
model with ordinary differential equations (ODEs):

dxi

dt
=

∑
j

fj(x), i = 1 · · ·Nx, j = 1 · · ·Nf (2.1)

with x the vector of state variables, fj(x) defines the rate equations, Nx the number of
total states, and Nf the number of rate equations. Rate equations fj(x) can be linear
and nonlinear functions of the state vector x. In order to model pathway dynamic,
one has to describe enzyme dynamic over time. One of the simplest and best under-
stand models for enzyme kinetics is Michaelis-Menten kinetic. The Michaelis-Menten
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equation describes the rates of irreversible enzymatic reactions by reaction rates of the
concentration of the substrate.

xi(t) =
Vmax[S]

Km + [S]
(2.2)

with xi(t) defining the current reaction rate at time point t, Vmax the maximum reaction
rate, Km the inverse of enzyme affinity and [S] the substrate concentration. We apply
this formula to an enzymatic reaction, which is assumed to be irreversible, and the
product does not bind to the enzyme.

E + S ⇄ ES → E + P (2.3)

where k1 defines the reaction E + S → ES and k−1 = E + S ← ES and k2 the
reaction ES → E + P . Using this reaction, we obtain for v0 = k2[ES], Vmax = k2E0

and Km = k−1 + k2/k1.

The Hill equation is an extension of Michaelis-Menten kinetics. It describes the
fraction of macromolecules saturated by ligand as a function of the ligand concentra-
tion. It can be used to determine the degree of cooperativeness of the ligand binding to
the enzyme or receptor molecule.

Θ =
[L]n

(KA)n + [L]n
(2.4)

with [L] describing the free ligand concentration, KA is the dissociation constant and
n defines the Hill coefficient. A Hill coefficient of 1 indicates completely independent
binding, n > 1 indicate positive cooperativity, while n < 1 indicate negative coopera-
tivity. The Hill coefficient was originally devised by the cooperative binding of oxygen
to Hemoglobin (97).

Beside these two possibilities to describe the dynamic of protein or gene interac-
tion, the law of mass action is a widely used principle to describe complex biological
systems. The law of mass action explains the behaviors of solutions in dynamic equi-
librium. Mass action can be described with two features: (i) the composition of a
reaction mixture at equilibrium and (ii) the kinetic. Guldberg and Waage (84) intro-
duce this concept by studying kinetic data and propose that chemical equilibrium is a
dynamic process in which rates of reaction for forward and backward reactions must
be equal.
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In Chapter 6, we will use a quantitative model to study the impact of miRNAs on the
signal dynamic by setting up two models based on ODEs. For modeling the protein,
gene and miRNA reaction, we use Michaelis-Menten and mass action kinetics.

2.4 Latent variable models

In the context of blind source separation (BSS), latent variable models attracted much
attention in the signal processing community over the last decades. These techniques,
try to recover latent variables from underlying sources of observed mixture models.
Blind source separation defines a set of algorithms, which separates a set of signals
from a set of mixed signals, without information about the source signals or the mix-
ing process. Blind signal separation relies on the assumption that the source signals do
not correlate with each other. Signals may be either statistically independent or decor-
related. BSS thus separates source signals into a set of signals, such that the regularity
of each signal is maximized and the regularity between the signals is minimized.

In order to illustrate the concept of BSS, a classic example is the "cocktail-party
problem": where a number of n people are talking simultaneously in a room and there-
fore, acting like k(k ≤ n) sound sources. The clutter of conversations are recorded
by m microphones, which are spread throughout the whole room. Due to the differ-
ent distances between speakers and each microphone, every recorded signal is then a
weighted mixture of the conversations. Several approaches have been proposed for
the solution of this problem. Successful approaches are principal component analy-
sis and independent component analysis, which work well when the records are free
of delays or echoes. To extract both the individual speakers (source signals) and the
mixing process from the recorded (mixed) signals, we assume that the mixing process
should be instantaneous and linear. The recorded signals x1(t), . . . xm(t) by time t

can be formulated by a linear combination of the weighted source signals at time t by
s1(t), . . . sn(t):

x1(t) =a11s1(t) + a12s2(t) + · · ·+ a1nsn(t)

...

xm(t) =am1s1(t) + a2ms2(t) + · · ·+ amnsn(t).

(2.5)

where aij denotes the mixing coefficients by weighting speaker sj in signal xj . Now,
we can aggregate the m recorded signals into a mixture matrix X ∈ Rm×l. Finally,
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we write the upper equations in matrix representation, which results in the well know
linear mixing model:

X = AS. (2.6)

First, we assume that the mixing matrix A has to be full rank. Moreover, we center all
data (X) to mean zero. It is obvious that the matrix decomposition (2.6) has an infinite
number of solutions, so further assumptions have to be made.

In the following, we introduce matrix factorization techniques that are used in this
thesis. These techniques have a multitude of relevant applications in biological and
biomedical signal processing (17; 104; 267).

2.4.1 Independent component analysis

One common technique is the independent component analysis (ICA). This approach
assumes that the underlying sources are statistically independent. Statistical indepen-
dence of the resulting sources is the strongest constraint compared to other requirement
such as decorrelation, which we will discuss later on. The first step of almost all ICA
algorithms is the data whitening. The whitening process is a decorrelation method
that converts the covariance matrix of samples into the identity matrix I . This process
transforms the input matrix closer towards white noise. This can be expressed by:

Xw = Λ− 1
2ΦT (2.7)

where Φ is the matrix with the eigenvectors of the covariance matrix and Λ is the
diagonal matrix of corresponding eigenvalues. In general the matrix decomposition
has an infinite number of solutions, but in case the mixing matrix has full column rank
and at least one of the sources has a Gaussian distribution, we achieve a unique solution
of the matrix decomposition (28; 268). The latter implies that the number of mixtures
is at least as large as the number of sources. A unique solution means in this context a
unique modulo scaling and permutation.

In general, ICA identifies independent components by maximizing the statistical in-
dependence of the estimated components. The independence can be defined by: (i)
Minimization of Mutual Information and (ii) Maximization of non-Gaussianity. The
family of Minimization-of-Mutual information algorithms uses measures like Kullback-
Leibler Divergence (151) and maximum-entropy, whereas the Non-Gaussianity fam-
ily of ICA algorithms uses kurtosis and negentropy. Inferred from the central limit
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theorem, maximizing non-gaussianity is a way to reveal the independent underlying
sources. This property can be quantified by the fourth-order cumulants, the kurtosis,
which is a measure of the peakedness of the probability distribution of a real-valued
random variable:

k =
E(x− µ)4

σ4
(2.8)

The second measure is the negentropy, which is used as a measure of distance to nor-
mality. In case a signal has a normal distribution, negentropy is always nonnegative
and vanishes if and only if the signal is Gaussian. Negentropy is defined as

J(x) = S(φx)− S(x) (2.9)

with S(φx) being the differential entropy of the Gaussian density with the same mean
and variance as x and S(x) is the differential entropy of x. In the ICA, negentropy can
be understood as the information that can be saved when representing x in an efficient
way. Robust approximations of negentropy instead of kurtosis enhance the statistical
properties of the resulting estimator. The two widely used ICA algorithms are based
on non-Gaussianity. JADE is based on the approximation of the joint diagonalization
of the fourth-order cumulants (31). The second approach, called FastICA is based on
a fixed-point iteration scheme that maximizes negentropy (103).

2.4.2 Principal component analysis

Beside the strongest constraint of statistical independence sources, a second approach
based on the decorrelation requirement is called principle component analysis (PCA)
(212). PCA is based on a unique decomposition of correlated signals into a number of
uncorrelated random variables. This technique transforms multivariate data into a new
orthogonal basis, where the first new basis vector refers to the direction with the largest
data variance. The first principal component (PC) is defined by a vector y1 such that
the linear combination s1 := yT1 X has maximum variance. As we are only interested
in the direction of y1, we require |y1| = 1. PC1 is then defined as

Cs1 = CyT1 X = yT1 CXy1 = yT1 VTDVy1 (2.10)

with VTDV being the eigenvalue decomposition of the data covariance. With V be-
ing orthogonal, also |Vy1 | = 1 and we obtain the maximum variance when y1 is the
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unit vector. s1 is the eigenvector to the largest eigenvalue D11 of CX. We obtain
the second PC by getting the orthogonal vector to PC1, which has then the second
largest variance. Analogously, we identify all n PCs. The orthogonality of eigenvec-
tors implies then the decorrelation of the different principal components at the end.
In contrast to ICA, the matrix decomposition into decorrelated PCs is unique except
for scaling. PCA calculates the first two moments (mean and variance) of the data by
taking the data variance as a measure for information content. Therefore, PCA is often
used for dimensionality reduction. Given a feature space xi ∈ RN, we find a mapping
y = f(x) : RN → RM with M < N such that the transformed feature vector yi ∈ RM

preserves most of the information in RN. An optimal mapping y = f(x) will be one
that results in no increase in the minimum probability of error and is in most the cases
a non-linear function.

2.4.3 Second-order methods using structural information

Finding repeating patterns in a biological data set is of frequent interest. In this sec-
tion, we present the mathematical background of a novel approach, which is later on
described in Chapter 7. In signal processing, various matrix factorization techniques
have been developed that employ intrinsic properties of data such as repeating patterns
(12; 270; 271). These methods are based on delayed correlations that can be defined
as data having temporal or spatial structure. Time-delayed correlations quantify the
similarity of a signal with itself after a time shift τ . For instance, the time-delayed cor-

relation matrix of a centered, wide-sense stationary multivariate random process x(t)
is defined as

(Cx (τ))ij := E
(
xi(t+ τ)xj(t)

⊤) . (2.11)

where E denotes expectation. Here, off-diagonal elements detect time-shifted correla-
tions between different data dimensions. Given l features, e.g. genes and/or miRNAs,
aggregated in a data matrix X, the cross-correlation matrix can be easily estimated
with the unbiased variance estimator. For τ = 0 this measure reduces to the common
cross-correlation.

CX =
1

l − 1
XX⊤. (2.12)

These approaches solve the matrix factorization problem by considering only in-
dependent random variables, where the samples in particular have no intrinsic order.
However, the experimentally generated quantitative data sets we face in bioinformatics

41



Background

rarely imply a natural order which allows the definition of a generic kind of delayed
correlation. In the following, we introduce a technique that use the temporal structure
of the sources instead of taking into account higher-order moments. In order to deal
with biological data, we generalize this concept by introducing prior knowledge that
links features (e.g. genes and/or miRNAs) along a pre-defined underlying network.
Integrated information may be of qualitative (e.g. interaction) as well as quantitative
nature (e.g. interaction strength, reaction rates).

We will then use these information obtained in a time-delayed covariance matrix as
constraint to the blind-source-separation problem. We try to find a factorization such
that all time-delayed cross-covariances vanish. Therefore, CS(τ) has to be diagonal for
all τ . Using this assumption, the time-delayed correlation matrices of the observations
is defined as

C
G

X(τ) =

{
AC

G

S (τ)A
⊤ + σ2I, τ = 0

AC
G

S (τ)A
⊤ τ ̸= 0

. (2.13)

A full identification of A and the covariance matrix is not possible because the linear
mixing model for the input data matrix X ∈ Rm×l is given by

X = AS+ ε . (2.14)

The linear mixing model defines them only up to scaling and permutation of columns.
We can take advantage of the scaling indeterminacy by requiring our sources to have
unit variance, i.e. C

G

S (0) = I. As we assumed white data X̃, we see that AA⊤ = I, i.e.
A is orthogonal. Since the sources are assumed to be uncorrelated and with Equation
(2.13) we obtain

CX(0) = AA⊤. (2.15)

After whitening our observations, the factorization in Equation (2.13) represents an
eigenvalue decomposition of the symmetric matrix C

G

X(τ). The reason why we fo-
cused on the symmetrized correlation matrix is, because then the eigenvalue decom-
position is well defined and also simple to compute. If we assume that C

G

S (τ) has
pairwise different eigenvalues, the spectral theorem guarantees that A is uniquely de-
composition determined by X except for permutation. In addition to this result, we see
that the unmixing matrix U for a fixed choice of τ can be easily obtained by calculating
the eigenvalue decomposition of CX(τ).

We can subsume this procedure to the AMUSE (Algorithm for Multiple Unknown
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Signals Extraction) algorithm (195; 271). AMUSE can be summarized by:

(i) Data transformation: y := Cx where C defines the whitening transformation

(ii) Select a τ and compute the eigenvalue/eigenvector decomposition

Applying AMUSE, it is often the case that the eigenvalue decomposition turns out to
be the most problematic step, but choosing a different τ may often solve this issue.
The performance of AMUSE is known to be relatively sensitive to additive noise and
the numerical estimation by a finite amount of samples may lead to a badly estimated
autocorrelation matrix (269). In order to improve the performance of AMUSE, more
than on time lag can be considered, which is used in SOBI (12), TDSEP (301), or
TFBSS (65).

In Chapter 7, we extend and modify the procedure of AMUSE to biological data.
Hereby, we use prior knowledge to introduce a temporal structure to the data. Applying
our graph-decorrelation algorithm (GraDe), we are able to extract biological ’signals’,
which can be interpreted as active signal pathways or processes. Furthermore, we show
that our novel approach is able to handle multi-scale data.
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3 Deregulated microRNAs from
multiple disease studies

3.1 Background

MicroRNAs (miRNAs) are approximately 22-nucleotide endogenous RNAs predicted
to regulate the expression of most mammalian genes (68). Since the discovery of miR-
NAs in Caenorhabditis elegans, the influence of these regulatory RNAs on cellular
processes has been established in a large variety of metazoa (83). Accordingly, in-
dividual studies as well as large-scale endeavors have detected a growing number of
miRNAs (14; 152), up to 695 in human according to miRBase release 12.0 (82). A
proteome study that investigated the influence of the abundance of a single miRNA on
cells found that the mode of regulation occurs through modulation of protein expres-
sion rather than as a binary off-switch (8).

However, the potential of deregulated miRNA expression to cause severe impair-
ments has already been demonstrated in the early days of miRNA research (227). In
2004, it was shown that deregulated miRNA expression is associated with human dis-
eases such as lung cancer (261). One year later, Lu et al. (172) analyzed miRNA
expression in cancer types and observed that miRNA profiling is a more reliable indi-
cator for cancer than mRNA expression profiles. In the meantime, additional studies
have demonstrated that miRNAs are significant indicators for specific diseases and
can, for example, be used to create decision trees differentiating cancer types solely
by miRNA expression profiles (223; 277). In recent years, deregulated expression of
miRNA has also been found to be associated with human diseases such as cardiomy-
opathy, muscular disorders and neurodegenerative diseases (55; 93; 105). The samples
used for these studies stem from biopsies of patients or cell cultures, which are used
as easily tractable experimental models. Besides diseases, miRNAs are also known to
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have functional roles in eukaryotic organisms. MiRNA-mediated gene silencing was
shown to be involved in a number of cellular processes, such as cell growth, larval
development and B-cell differentiation (8; 23; 36).

Due to the increasing amount of data in miRNA research, several resources have
been established, covering topics such as experimentally validated miRNA targets (Tar-
base (208)), and prediction of miRNA targets (TargetScan (163), PITA (127), PicTar
(149)) or serving as miRNA repositories (miRBase (82)).

In order to provide a comprehensive overview of differentially regulated miRNA
expression data in diseases and general biological processes, we generated the Phe-
nomiR database. We aim at high data quality by manual annotation by experienced
biocurators. PhenomiR provides an in-depth annotation of the studies, not only in-
cluding information like the mode of miRNA expression (up or down) and the miRNA
detection method, but also data such as the quantitative fold-change of miRNA expres-
sion, the sample size and the origin of the samples (patients or cell culture) analyzed
(Figure 3.1), which are not available from any existing resource. This comprehensive
repository allows for the first time a large-scale statistical analysis of aspects such as
genomic localization of deregulated miRNAs or the influence of sample origin. Using
PhenomiR data from cell culture studies and patient studies, we found that, depending
on the disease type, independent information from cell culture studies is in conflict
with conclusions drawn from patient studies. Furthermore, a systematic analysis of 94
diseases shows for the first time that deregulated miRNA clusters are significantly over-
represented in the majority of investigated diseases (approximately 90%) compared to
singular miRNA gene products.

3.2 Results and Discussion

3.2.1 Database contents

In recent years, a wealth of studies published in the scientific literature has investi-
gated deregulation of miRNA expression in diseases and other biological processes.
PhenomiR provides a repository that offers all the scattered information about miRNA
expression in a structured and uniform format. This allows users to perform individual
queries for specific miRNAs and diseases as well as to use the complete dataset for
large-scale statistical analyses. All information in PhenomiR is extracted from pub-
lished experiments and has been manually curated. The literature reference for each
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Figure 3.1: Overview of the PhenomiR web page, the search options, search results and
a database entry.

database entry is annotated as a PubMed identifier and is hyper-linked to PubMed in the
web frontend. Each individual entry of the database refers to an instance of a publica-
tion describing a specific disease or bioprocess (Figure 3.1). Currently, PhenomiR doc-
uments data from 296 articles that describe 542 studies. This dataset includes 11,029
data points, each representing one deregulated miRNA in an experiment.

A design principle of PhenomiR is to use well-established ontologies and resources.
As miRBase is the primary resource for miRNA annotation and nomenclature, we use
the miRBase identifiers and nomenclature for annotation of miRNAs. In order to en-
able convenient analysis of the dataset, miRNA designations from previous nomencla-
ture releases were mapped to miRBase release 12.0. For annotation of diseases we use
information from the Online Mendelian Inheritance in Man (OMIM) Morbid Map (4).
The OMIM Morbid Map is an alphabetical list of diseases described in OMIM, includ-
ing their corresponding cytogenetic locations. In contrast to disease vocabularies like
Disease Ontology (DO) or Medical Subject Heading (MeSH) disease categories, the
widely popular OMIM classification scheme contains additional information about the
disease, such as clinical features, population genetics and genes that are experimentally
shown to be involved in the respective disease. If no appropriate OMIM disease term
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is available for the annotation of a disease (currently the case for 20.7% of studies), we
introduce additional terms like ’dermatomyositis’ and ’thyroid carcinoma, medullary’.
In addition to the OMIM terms, PhenomiR annotates Morbid Map-associated higher-
level disease classes, such as cancer or cardiovascular, which were introduced by Goh
et al. (77). In this system, each annotated disease from the Morbid Map is associated
with one of 22 disease classes. miRNA expression analyses of biological processes
are predominantly performed for developmental processes and responses to conditions
like folate starvation. For the annotation of biological processes we assign terms from
Gene Ontology (GO) (7). Cell lines or tissues (Figure 3.2) that were used as samples
in the analyses are annotated using the Brenda Tissue Ontology (BTO) (35).

Figure 3.2: Overview of a PhenomiR entry structure.
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In addition to the sample information, PhenomiR provides the experimental methods
used for miRNA expression analyses: to a large extent, expression studies of miRNAs
have been performed with microarrays (29%) of all miRNA phenotype correlations.
Other methods, such as RT-PCR (47%) and Northern blot (10%), are also used to re-
confirm the results for selected miRNAs (Figure 3.3A). Information about differential
expression of miRNAs in PhenomiR is given as the qualitative attributes ’miRNA over-
expression’ or ’miRNA downregulation’. In most articles (75%) authors also publish
quantitative results. This information allows discrimination between marginally and
significantly deregulated miRNAs. If such information is available, quantitative data
(as fold-change) are additionally annotated in PhenomiR. Data content from miRNA
expression studies curated in PhenomiR show a high heterogeneity in the amplitude
of fold-change and the available measurements. Studies like that of Nikiforova et al.
(201) present only few values considered to be significant by the authors, whereas
in an analysis of melanoma and neural system tumor syndrome 222 values are pre-
sented (298). Accordingly, the extent of maximum miRNA deregulation lies in a range
from 1.42-fold in a renal cell carcinoma study (78) to 5,997-fold for acute lymphoblas-
tic leukemia (233). Therefore, we do not set arbitrary thresholds for the numbers of
deregulated miRNAs or the fold-changes but present the data as they are provided
by the scientists, leaving possible filtering and thresholding or weighting to any later
analysis.

A B

Figure 3.3: Fraction of annotated miRNA detection methods and diseases in PhenomiR.
(A) Distribution of detection methods for all disease entries in PhenomiR. (B)
Distribution of disease entries in PhenomiR.

In case studies containing analyses of putative target genes from significantly dereg-
ulated miRNAs, verified target genes are annotated. The annotation includes gene
name and identifier of the target gene, the effect on gene product expression (up- or
down-regulation) as well as the mechanism of regulation, for example, transcriptional
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repression or translational inhibition (Figure 3.1).

A survey about the PhenomiR dataset reveals that cancers are by far the most thor-
oughly investigated diseases (81%) followed by muscular (4.3%) and cardiovascular
(4.1%) disorders (Figure 3.3B). The largest number of cancer studies is devoted to
leukemia (16.7%), colorectal cancer (10.6%) and breast cancer (9.5%).

PhenomiR is the largest publicly available resource of miRNA deregulation in dis-
eases and biological processes, providing 11,029 data points (miR2Disease: 2,663
data points) and 572 miRNAs (miR2Disease: 347 miRNAs) as of September 2009.
Out of 542 PhenomiR entries, 90 provide information about miRNA expression in
biological processes such as cardiac muscle development or eye development, which
are not available from any other existing database. In comparison to resources like
miR2Disease (111) and HMDD (173), PhenomiR provides comprehensive experi-
ment information such as fold-change of miRNA dysregulation, cohort information
and study design. Moreover, we particularly focused on the thorough use of ontolo-
gies, which are invaluable for in-depth statistical analysis and further exploitation of
the data as shown in the analyses below. Especially in publications presenting all data
on deregulated miRNAs, fold-change information allows a threshold to be set in order
to separate marginally from significantly deregulated miRNAs. Cohort information
specifies the number of patients analyzed in a study and thus determines the statistical
significance of the data. Data from cell culture studies and patient studies are identi-
fied by the study design information. Without this information the first data analysis
shown below would not have been possible. Finally, to our knowledge, manually an-
notated data about differential miRNA regulation in bioprocesses are not found in any
other publicly available database. PhenomiR is freely accessible and the data can be
downloaded as tab-delimited text files. New content releases for PhenomiR will appear
every half year.

3.2.2 Search options and predefined datasets

In order to obtain an overview of the PhenomiR dataset, the web page links to three
lists that display: all entries; all diseases; and all annotated miRNAs (Figure 3.1). In
addition, statistical information about the number of database entries, most frequently
annotated miRNAs, and so on are provided on the front page. Currently, 567 different
miRNAs were found to be deregulated in at least one entry.

For queries, PhenomiR offers two search options, a ’General search’ as well as a
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’Specific search’ (Figure 3.1). The ’General search’ performs simultaneous queries
across several attributes like ’miRNA name’, ’disease’ or ’gene name’. This is opti-
mized for searches where comprehensiveness rather than specificity is required. The
results can be displayed either as respective entries or associated miRNAs. The ’Spe-
cific search’ allows the selection of individual annotated attributes shown in a pull-
down menu. Additionally, specific searches can be combined by using the logic op-
erators AND, OR and NOT. As in the ’General search’, results can be displayed as a
list of database entries. Another way to depict the results is to generate a list of all
miRNAs found in any of the corresponding studies. Results of both search options are
linked to the respective entries.

To demonstrate the additional value of the comprehensive annotation in PhenomiR,
we investigated the influence of differentially regulated genomic miRNAs on diseases
from a large-scale statistical point of view.

3.2.3 Differences between disease-associated microRNA expression
in patients and cell lines

Cell lines have been established in life sciences as easy to manipulate model systems
for the study of cellular processes. However, studies using both in vitro and in vivo

systems have shown that the results from each - for example, in cancer - do not al-
ways correlate. In previous studies differences in gene expression patterns between
cell lines and their fresh-frozen tissue counterparts have been observed (124). Accord-
ingly, analysis of DNA copy number alterations between cell lines and fresh tissue
revealed recurring deviations in cell lines (80). Cell cultures are also frequently used
to investigate differential miRNA expression in cellular systems. In PhenomiR, we
have collected 119 in vitro studies of miRNA expression in various diseases revealing
implications for the prognosis of diseases. With respect to the discrepancies between
cell cultures and living organisms mentioned above, we asked whether cell cultures are
reliable disease models for the analysis of differential miRNA expression.

In order to analyze the concordance of in vivo and in vitro data, we extracted disease
information from PhenomiR with sufficient miRNA annotation for both study designs.
We first compared the consistency of miRNA annotation within each disease for both
in vivo and in vitro experiments. This was done by means of an intra-consistency score,
defined as the fraction of miRNAs showing a concordant expression pattern within a
disease annotated by at least two experiments. In a second step, we computed the
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cross-consistency score between in vivo and in vitro data as the fraction of miRNAs
showing the same expression pattern between these two study designs. Figure 3.4
shows the obtained consistency scores for 15 diseases that had sufficient data coverage
in PhenomiR. Only 6 out of 15 diseases (glioblastoma, ovarian cancer, hepatocellu-
lar carcinoma, colorectal cancer, gastric cancer and chronic myeloid leukemia) show
the expected high cross-consistency (73 to 100%) between in vivo and in vitro exper-
iments. On the other hand, we found six diseases (pancreatic cancer, non-Hodgkin
lymphoma, neural system tumor, lung cancer, breast cancer and prostate cancer) with
only moderate cross-consistency scores (51 to 61%). Analyzing the corresponding
in vivo and in vitro data, we obtained high intra-consistency scores, which indicate a
high homogeneity within these experiments. However, the resulting cross-consistency
scores are rather low, implying limited relevance of in vitro experiments for those dis-
eases. Finally, we also found three diseases (squamous cell carcinoma, (AML) and
cervical cancer) with low cross-consistency (24 to 38%), revealing severe discrep-
ancies between cell culture experiments and patient studies. High intra-consistency
scores corroborate the significance of this observation and exclude the possibility that
the results stem from different experimental conditions.

Figure 3.4: Comparison of consistencies in expression profiles between in vivo and in vitro
experiments.

These findings could possibly arise as an artifact of the selection of cell cultures or
subtypes of diseases investigated in the published studies. Indeed, this is not the case,
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as can be seen from the example of AML. AML is, according to the (FAB) classifica-
tion system, divided into eight subtypes, M0 through to M7, based on the type of cell
from which the leukemia developed and its degree of maturity. All AML cell culture
studies have been performed with NB-4 cells and HL-60 cells, which are both from
the M3 subtype (promyelocytic or acute promyelocytic leukemia). In contrast, patient
studies from different AML subtypes are annotated in PhenomiR. For our analysis,
data from the respective patient studies has been pooled in order to obtain a statisti-
cally sufficient amount of data. However, comparison of cell culture studies with data
from Saumet et al. (228), which also analyzed patients with AML from the M3 sub-
type, confirm that our findings hold true for similar AML subtypes. In cervical cancer
the two patient studies did not classify specimen according to the World Health Orga-
nization classification or the Bethesda System. However, the three different cell lines
that were used for in vitro studies exhibited consistent results (100%). In conclusion,
these two examples show that our findings are not distorted by the origin of the samples
that were used in the studies.

Recent studies have shown that miRNA expression profiles have a high prognostic
potential in disease classification and that it is even possible to build decision trees
in order to differentiate cancer tissue origins (223; 277). However, our large-scale
analysis including data from more than 413 surveys has shown that data from in vitro

and in vivo studies correlate for diseases like pancreatic cancer and ovarian cancer,
but display significant inconsistencies in squamous cell carcinoma and cervical cancer.
Discrepancies between experimental results from organisms and cell cultures could
occur for two reasons. Most notably, the cell line immortalization process has been
implicated as a source of cytogenetic changes (112). In addition, multiple growth
passages, to which commercially available cell lines are routinely subjected, have been
shown to be associated with random genomic instability (190). These observations and
the results of our study show that the potential of cell cultures in the investigation of
miRNA expression in diseases is limited. As a consequence, the suitability of cell
cultures has to be verified for each disease and cell line before using such data as a tool
for the prognosis of diseases in human.
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3.2.4 MicroRNA clusters are significantly overrepresented in most
investigated diseases

While creating the PhenomiR database we found individual studies that investigated
the impact of not only deregulated single miRNAs but also miRNA clusters, such as
miR-17-92, miR-106b-25 and miR-222-221, on diseases, especially cancer (131; 191).
Using the comprehensive dataset from our PhenomiR database we asked whether the
impact of miRNA clusters on diseases is restricted to only a few examples or whether
miRNA clusters significantly correlate with the pathobiology of diseases. According to
release 12.0 of miRBase, 695 miRNA genes have been detected in the human genome
so far. Analysis of the genomic distribution of miRNAs shows that it is strongly biased
towards neighborhoods on chromosomes. Given a maximum distance of 5 kb, about
34% of human miRNAs appear as miRNA clusters of at least two members, leading
to 62 miRNA clusters. Microarray profiling of miRNAs has shown that neighboring
miRNAs within a distance of up to 50 kb are frequently co-expressed (11). It can be
assumed that miRNA clusters are not only often jointly expressed but also act in a
concerted way on interrelated cellular functions (131).

First, we systematically analyzed the homogeneity of expression patterns within
miRNA clusters. In order to determine the concordance of expression, we excluded
those clusters from further analysis having less than half of all miRNAs annotated in
PhenomiR, leading to 47 remaining clusters. The clusters are denoted as exhibiting a
homogeneous expression pattern if all annotated miRNAs are either up- or downreg-
ulated. In total, disease-associated clusters revealed homogeneous expression patterns
for 77% of all annotated diseases, which confirms the hypothesis of co-expression of
miRNA clusters. For example, cluster mir-221-222 shows a consistent expression pat-
tern in 93% of the diseases.

As some of the investigated diseases show an extremely unidirectional expression
pattern - that is, almost all annotated miRNAs are either upregulated or downregulated
- we might find homogeneous patterns even by chance. In order to take this effect
into account, we created a null model by randomly linking miRNA expression patterns
(10,000 times within each disease). In total, 23 clusters (50%, P-value < 0.05) showed
a significantly higher homogeneity pattern in all annotated diseases compared to that
expected by chance. These clusters exhibit a homogeneous expression pattern in at
least 87% of all annotated diseases.

To investigate the association of miRNA clusters with human diseases, we estimated
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the enrichment of miRNA clusters in disease-associated miRNAs. Analysis from ar-
ticles restricted to only a few miRNAs could introduce an overestimation of disease
association with miRNA clusters. In order to avoid this bias, we chose only data from
patient studies using miRNA microarrays, since microarrays are standardized tools that
aim to cover the most comprehensive dataset of known miRNAs. For the estimation of
cluster enrichment we used a (LOD): we calculated the fraction of disease-associated
miRNAs within a cluster for each disease and divided this number by the background
frequency of 34% (Figure 3.5). We found enrichment for 46 out of 52 (88.5%) dis-
eases (P-value = 6.1−3). Within these 46 diseases, miRNAs located in clusters are, on
average, 1.4 times (LOD = 0.58) enriched compared to random. However, it may be
argued that polycistronic miRNA loci are more likely associated with diseases because
multiple combinations of miRNAs could possibly generate a phenotype, that is, only
one miRNA of a cluster may act as the causative while the others act as ’bystanders’.
In order to address this question, we considered miRNA clusters as single loci and
calculated the enrichment of polycistronic miRNA loci for each disease (see Materi-
als and methods). We found that polycistronic loci are, on average, 3.5 times more
disease-associated than expected by chance, whereas differentially expressed single
miRNA loci are not enriched in diseases. In conclusion, both analyses show a sig-
nificant enrichment of clustered miRNAs in diseases regardless of whether the single
miRNA members are used for the analysis or the cluster is viewed as one locus. Thus,
it is highly unlikely that only one miRNA of a cluster is associated with a disease.
Indeed, experimental analyses show that different miRNAs from miRNA clusters act
synergistically (131; 141). miRNA cluster members are, on average, 1.4 times (LOD
= 0.58) enriched compared to random. Green points depict enriched diseases (at least
LOD = 0.15 for lung cancer). Black points indicate diseases without enrichment com-
pared to random and red points depict disorders with few deregulated cluster members.
These results show that deregulation of miRNA clusters in diseases is obtained not just
in a few examples but appears to occur systematically in the vast majority of human
diseases investigated in our analysis. Although studies of miRNA expression in dis-
eases are dominated by various types of cancer (Figure 3.3), comparable results are
found if cancer and non-cancer diseases are examined separately. The lower deregu-
lation of single miRNAs is probably due to the fact that miRNAs do not act as binary
off-switches but rather modulate protein expression (8). For instance, the response to
altered miR-223 expression on the human proteome indicates that, for most interac-
tions, miRNAs act as rheostats to make fine-scale adjustments to protein
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Figure 3.5: miRNA cluster enrichment in human diseases. For each disease the log-odds
(LOD) score is plotted. There is an enrichment of miRNA cluster members for 46
diseases (88.5%).

output (8). As shown above, deregulation of miRNA clusters affects expression of
several miRNAs at the same time. A concerted action of several miRNAs on a com-
mon target or pathway has a much higher potential to influence cellular processes. In
fact, for several specific clusters such a synergistic regulatory effect has been shown.
Overexpression of miR-200 miRNA clusters in NMuMG cells hindered epithelial-
mesenchymal transition by enhancing E-cadherin expression through direct targeting
of ZEB1 and ZEB2, which encode transcriptional repressors of E-cadherin (141). In
gastric cancer, two miRNA clusters, miR-106b-93-25 and miR-222-221, were found
to suppress different cell-cycle inhibitors (191). Such results are further corroborated
by in silico analyses of target genes of members of miRNA clusters (290). These ex-
perimental findings and the systematic correlation of miRNA cluster deregulation with
human disease shown here strongly support the idea that a coordinated regulatory ef-
fect is a general attribute of miRNA clusters. The pivotal role of miRNA clusters in
miRNA-based gene silencing found in human diseases suggests that effective treat-
ment of various diseases may require a combinatorial approach to target not singular
miRNAs but rather miRNA clusters.
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3.3 Materials and Methods

3.3.1 Comparison between in vivo and in vitro experiments

To evaluate the expression consistency of miRNAs in vivo, we first allocated all in vivo

expression profiles in PhenomiR to the corresponding diseases. Within each disease,
these entries were grouped by miRNAs and all groups containing less than two entries
were discarded. Subsequently, we checked for consistent expression profiles - that is,
all entries for a specific miRNA must show the same expression (either down- or up-
regulation) to be counted as consistent. The intra-consistency score forin vivo or in

vitro experiments is defined for every disorder to be the fraction of miRNAs with con-
sistent expression patterns throughout all allocated entries of a group and all miRNAs
involved in the disease. For the estimation of the cross-consistency score we grouped
all miRNAs with consistent expression profiles in both study designs (in vivo and in

vitro) for that specific disease. Additionally, we added those miRNAs to the groups
that contained only one entry in the in vivo and in vitro experiments, respectively. The
cross-consistency score for comparison of in vivo and in vitro experiments was then
calculated as the fraction of miRNAs showing a consistent expression pattern com-
pared to the total number of miRNAs for each disease.

3.3.2 Human microRNA cluster data

A miRNA cluster is defined as set of miRNAs in which each member has at least
one other member of the same set within 5 kb according to chromosomal locations.
Chromosomal positions for all human miRNAs were obtained from miRBase (release
12.0). In total, we obtained 62 human miRNA clusters containing, in sum, 240 of 695
(34%) human miRNAs in miRBase.

3.3.3 Analysis of homogeneous expression patterns within
microRNA clusters

For the systematic analysis of coexpression of miRNA clusters, we considered all miR-
NAs associated with the particular diseases. miRNAs not belonging to any cluster and
miRNAs of clusters of which at least half the members are not associated with the
appropriate disease were discarded. For clusters containing only two members, both
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miRNAs had to be present. In total, we obtained 47 unique clusters. We defined a clus-
ter to be homogeneous if all present members (which is at least half of all members)
show the same expression pattern (either all up- or all downregulated). For each unique
cluster we thereafter computed the homogeneous-fraction, that is, the fraction of co-
expression throughout all obtained disease entries, and calculated a P-value for this
fraction by the following sampling approach: for every disease entry the expression of
all its associated miRNAs was distributed randomly within these miRNAs for 10,000
times, keeping the distribution of up- and downregulated miRNAs constant for each
step. For each sampling step the homogeneous fraction over all disease entries was
computed, which yields the P-value as the number of sampled homogeneous fractions
exceeding the original homogeneous fractions divided by 10,000.

3.3.4 Enrichment analysis of microRNA clusters in human diseases

For this part of the study only data from microarray experiments were taken into ac-
count in order to avoid a bias introduced by expression experiments investigating only
a few miRNAs by, for example, RT-PCR. To measure the enrichment of cluster miR-
NAs compared to single miRNAs in human diseases, we set up a sampling algorithm
based on log-odds (LOD) scores: for each disease, d, we calculated the number of
cluster miRNAs, xd, and the number of non-cluster miRNAs, yd. The LOD score for
disease d is then computed by:

LODd = log2
xd/(xd + yd)

xoverall/(xoverall + yoverall)
(3.1)

where xoverall denotes the number of the 240 human cluster miRNAs and yoverall de-
notes the number of the 455 human miRNAs not contained in any cluster as obtained
from miRBase (release 12.0). Note that xoverall and yoverall take into account all known
human miRNAs, not just those annotated in PhenomiR. It can be easily seen that the
LOD score for the enrichment of miRNAs not contained in any cluster computes to
-LODd, where d is again the disease index. A positive LOD score indicates enrich-
ment for cluster miRNAs compared to non-cluster miRNAs in a specific disease. For
evaluation of the hypothesis of enrichment of cluster miRNAs throughout all human
diseases we randomly shuffled the genomic position of all miRNAs in each disease
100,000 times and computed the fraction of cases where the number of sampled pos-
itive LOD scores was at least as high as the number of positive LOD scores obtained
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from the data. In addition, we considered miRNA clusters as single loci and calculated
the enrichment of polycistronic miRNA loci by a LOD score: for each disease d we
calculated the number of polycistronic miRNA loci, xd, and the number of single miR-
NAs, yd. xoverall denotes the number of the 62 human polycistronic miRNA loci and
yoverall denotes the number of the 455 human miRNAs not contained in any cluster as
obtained from miRBase (Release 12.0).

3.4 Conclusions and Outlook

Within this study, we focus on the differences in miRNA expression pattern between
cell cultures and in vivo organisms. Cell lines are well suited systems for studying all
kinds of cellular processes. However, studies using both in vitro and in vivo systems
have shown that results, especially in cancer, do not correlate. Comparing data from
more than three hundred studies, we show that depending on the disease type, integra-
tion of independent data from cell culture studies is in conflict to conclusions drawn
from patient studies. Therefore, our result provides evidence that cell culture studies
are not well suited to investigate the expression profiles of disease-associated miR-
NAs. In addition, we show in a systematic analysis that deregulated miRNA clusters
are significantly overrepresented in the majority of investigated diseases, compared to
singular miRNA gene products. The systematic correlation of miRNA cluster deregu-
lation on human disease strongly supports the pivotal role of miRNA clusters in human
diseases as effective treatment of various diseases. In the next chapter, we further study
the regulatory role of disease-associated miRNAs. Therefore, we link miRNA expres-
sion data obtained from patient studies to signaling pathways. We set up a multipartite
graph consisting of miRNAs, proteins, diseases, and signaling pathways. Using this
framework, we analyze first in a global and later on in a more local manner the regula-
tory motifs of miRNA-mediated regulation in signal transduction pathways.
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4 The role of disease-associated
microRNAs in signaling pathways

4.1 Background

While there is evidence (48; 202; 259) that miRNA expression and maturation is in-
duced by signaling pathways, miRNAs also emerge as regulators of signaling proteins.
In zebrafish, miR-9 has been shown to regulate several components of the FGF signal-
ing pathway, and thus controls neurogenesis in the midbrain-hindbrain domain during
late embryonic development (160). In another recent example in fruit fly (125), miR-8
has been identified to target both a transmembrane protein and a transcription factor of
the WNT signaling pathway. Ricarte-Filho et al. (220) showed that the RET-pathway
is mediated by let-7, which inhibits the activation of the RET/PTC-RAS-BRAF-ERK
cascade exemplifying the direct influence of a single miRNA on a submodule of a sig-
naling pathway. Given the generally large number of miRNA targets (162) it is natural
to assume that many miRNAs regulate not only a single important pathway protein,
but rather coordinate protein levels on a pathway-wide scale. Altered miRNA lev-
els might then result in inaccurate target protein levels, consequently fallacious signal
transduction, and potentially a disease phenotype.

From this perspective, it is intriguing to observe that medical sciences increasingly
focus on the impact of miRNA-mediated regulatory control on diseases, especially in
cancer: miRNAs are intensively used as diagnostic and prognostic disease markers
(27), and even appear in first clinical trials (42). Given the linkages between signaling
pathways and miRNA regulation on the one hand, and miRNAs and disease pheno-
types on the other, we aim to unveil the connection between phenotypes, pathways and
miRNA-mediated regulation.

Here, we analyzed the tissue-specific regulatory patterns of disease-associated miR-
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NAs in signaling pathways on different scales. Globally, we investigated the enrich-
ment of disease-associated miRNAs on different pathways, and more locally, on the
cellular location and process type of target proteins. We used manually annotated data
from hundreds of patient studies to estimate the impact of disease-associated miRNAs
on signaling pathways. We identified a core set of pathways, homogeneously enriched
throughout nearly all diseases. Most of these pathways have been associated with cell
growth, proliferation, and apoptosis. However, deregulation of signaling pathways
can be induced by diverse factors. Point mutation of central signaling cascade proteins
(115) have a severe impact on the information flow as well as any change in the expres-
sion pattern of cis or trans regulators. We thus compared the cellular localization and
process type of signaling proteins that are miRNA targets with proteins that have been
identified as disease-associated. In the following, we show that in contrast to disease
proteins, miRNA targets are significantly enriched as inhibitors within the nucleus.

target 
prediction

tools

diseases

pathways

proteins

microRNAs

PhenomiR

tissue
atlas

KEGG disease

NCI PID

tissues

Figure 4.1: Illustration of the interactions between diseases, tissue, annotated disease-
associated miRNAs, proteins, and human signaling pathways The multipartite
graphs consists of five sets of nodes and links between them, established by dif-
ferent data resources: 165 miRNAs from the PhenomiR database with annotated
deregulation in 63 diseases, 4907 target transcripts, predicted by TargetScanS and
filtered by the tissue atlas, 79 signaling pathways with constitutive proteins as
given by the NCI PID database, and finally the subset of disease proteins as pro-
vided by the KEGG DISEASE database.
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4.2 Results

We captured the different entities of our investigation in a multipartite graph. The
graph consists of five sets of nodes representing the entities miRNAs, proteins, tis-
sue, diseases, and pathways and links between but not within the set of nodes. Links
are given by a prediction tool and four databases. miRNAs (as provided by the miR-
Base database (81)) are linked to diseases and corresponding tissue via the PhenomiR
database (226), a manually curated database containing disease-associated miRNAs
in human disorders. miRNA target transcripts are determined by TargetScanS (162)
a prediction tool that shows a high performance on different miRNA target data sets
(91). In addition, we used the tissue atlas provided by Su et al. (257) to filter potential
miRNA targets for a specific disease and a given tissue. We unified the set of mRNA
transcripts and corresponding proteins to a set of nodes denoted simply as proteins.
This set is linked to signaling pathways via the National Cancer Institute Pathway In-
teraction Database (NCI PID) (230), containing 79 human pathways together with its
constituting components. Finally, disease proteins are identified by their Kyoto En-
cyclopedia of Genes and Genomes (KEGG) DISEASE annotation (121) (see Methods
for a detailed description of the materials used). Figure 4.1 summarizes the entities and
connections used. Notably, similar results were obtained with other miRNA prediction
tools and a different set of disease genes, as provided by OMIM (90).

4.2.1 MicroRNAs induce a core set of signaling pathways across
diseases and tissues

We first analyzed the connection between diseases and signaling pathways, mediated
by disease-associated miRNAs. In order to project the properties of the multipartite
graph onto a disease-pathway correlation, we calculated the enrichment of disease-
associated miRNA targets in a particular pathway. We used the tissue annotation in
PhenomiR to filter for expressed miRNA targets, as given by the tissue atlas of Su
et al. (257). For a particular disease and a specific pathway, we computed the log
odds ratio (LOD score) by dividing the relative number of associated miRNA targets
in this pathway and tissue with the expected number, based on the relative number of
associated miRNA targets in all signaling pathways given a specific tissue. Disease-
pathway interactions with no targets (white fields in the heatmap Figure 4.2A) were
excluded from further analyses (see Methods for a detailed description). We obtained
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Figure 4.2: Impact of disease-associated miRNAs on signaling pathways Enrichment for a
particular disease and pathway was calculated by a LOD score. A positive score
indicates an enrichment of miRNA targets for a disease-pathway interaction. Neg-
ative scores indicate depletion. A: Heatmap of miRNA target enrichment for a
particular disease and pathway. Pathways and diseases are ordered by hierarchical
clustering using Manhattan distance and ward clustering. B: Boxplot of disease-
pathway associations ordered according to hierarchical clustering along the path-
ways. Red fields indicate an enrichments and blue a depletion. White fields indi-
cate that no miRNA targets were found for this disease-pathway association.
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a matrix of LOD scores, where each entry indicates the enrichment or depletion of
tissue-specific targets of disease-associated miRNAs in the respective signaling path-
way. We ordered this matrix according to a hierarchical clustering along the disease
axis and pathway axis, respectively. Two features of the resulting heatmap are remark-
able: First, dividing the hierarchical clustering of the signaling pathways into 3 major
sub-clusters, we found one cluster (cluster 2; mean LOD = 0.55 , variance = 0.008)
showing a high enrichment throughout all diseases (see Figure 4.2A). We define this
cluster as the core set of signaling pathways highly enriched with disease-associated
miRNA targets. The remaining clusters show a high variance (cluster 3; mean LOD
= 0.21, variance = 0.02) and a common depletion of miRNA targets (cluster 1; mean
LOD = -0.36, variance = 0.07). Second, the 63 diseases split into two clusters with
high and low miRNA-pathway associations. Within the larger of the two clusters, the
enrichment of miRNA targets is homogenous. Moreover we performed a multi-scale
bootstrap resampling approach (relative sample sizes of bootstrap replication of 20%)
(245) to test whether clusters 1 - 3 are robust against variation in the data. We can
reject the hypothesis that the clusters do not exist with a significance level α < 0.05
indicating that the clusters 1 - 3 may stably be observed by increasing the number of
observations. All signaling pathways located in the core set are given in Table 4.1.
The functions of these pathways reflect the affinity of miRNAs to regulate cellular pro-
cesses associated with apoptosis, proliferation or development, as we will outline with
three examples. (i) The PDGFa pathway, for example, promotes cell migration, prolif-
eration, and survival (94; 165; 224; 286). PDGF expression has been demonstrated in
a number of different solid tumors, from glioblastomas to prostate carcinomas. Its bi-
ological function varies from autocrine stimulation of cell growth to subtler paracrine
interactions involving adjacent stroma or vasculature (75). (ii) It was recently reported
that let-7 has an influence on the RET-pathway by effecting the cell growth and dif-
ferentiation of papillary thyroid cancer (220). Ricarte-Filho et al. (220) concluded
that let-7 inhibited the activation of the RET/PTC-RAS-BRAF-ERK cascade exem-
plifying the direct influence of a single miRNA on a submodule of a signaling path-
way. (iii) The Reelin pathway has been directly correlated with tumor aggressiveness
(214; 236; 279). Evangelisti et al. (59) linked this pathway for the first time to cancer
by showing the inhibition of Reelin by miR-124a.

The pathways with the highest negative enrichments based on disease-associated
miRNA targets, are the IL-23 mediated pathway (playing a pivotal role in autoimmu-
nity (188)) and BRAD1, which is associated with cell survival and cell death (107).
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Pathway Median LOD miRNA Z-scoreTargets Z-scorePathways

Rhodopsin 0.76 miR-154 8.69 6.58
Botulinum 0.61 miR-29b 8.58 8.10
TGFBR 0.61 miR-216a 12.20 7.10
BMP 0.60 miR-224 9.37 7.93
IGF1 0.59 miR-375 9.39 8.12
VEGFR3 0.57 miR-422a 8.29 7.89
EphrinB/EPHB 0.57 miR-422a 11.44 8.06
PDGFa 0.56 miR-383 7.20 7.59
MET 0.55 miR-422a 10.96 7.61
EphrinA/EPHA 0.53 miR-136 8.31 8.15
RET 0.52 miR-422a 9.04 7.24
VEGFR1 0.51 miR-422a 11.72 7.82
REELIN 0.51 miR-197 7.76 6.86
TRKR 0.49 miR-335 12.94 7.88
mTOR4 0.47 miR-375 7.23 7.44
EPO 0.43 miR-134 6.75 8.00

Table 4.1: Core set of signaling pathways with highly enriched miRNA targets. The Me-
dian LOD score is calculated over all diseases for a particular pathway. miRNA is
the most enriched single miRNA within the corresponding pathway. Z-scoreTargets

was calculated by comparing the median LOD score with the obtained score by a
random sampling of miRNA targets. Z-scorePathway was calculated by comparing
the median LOD score with the obtained score by a random sampling of pathway
proteins.

Although we found a core set of pathways across diseases, differences between dis-
orders can arise due to different expression levels of the respective miRNAs. The
PDGFa pathway for example shows high enrichments across diseases independent of
the miRNA prediction tool. We found miR-144 to be highly enriched in the PDGFa
pathway. Analyzing the expression profile, we found miR-144 down-regulated in can-
cer, but up-regulated in Parkinson disease and idiopathic Myelofibrosis. Predicted
targets of miR-144 are SRF, a transcription factor activated by PDGFa, and FOS that is
thought to have an important role in signal transduction, cell proliferation and differen-
tiation (21; 25; 203). This finding shows that although different diseases are associated
with the same signaling pathway, differences in the effects of the stimulated pathways
can be induced by complementary expression profiles of miRNAs.

As the PhenomiR data set is dominated by cancer-related diseases (60%), we di-
vided the set of diseases into a subset of cancer and non-cancer related miRNAs to
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study differences between both groups. We found 14 out of 16 pathways of the global
core set also in the cancer-specific core set. The core set for the non-cancer related
pathways contains 12 pathways that were also found by the global data set, but we also
identify also two non-cancer specific pathway enrichments such as the KIT pathway
and the NFκB pathway, that is involved in the expression of genes associated with
development, cell death, and immune response (19; 38; 76; 213).

4.2.2 Robustness analysis of the core set of signaling pathways

In order to ensure that our results are not artifacts of the chosen prediction tool, we
analyzed the data with four other prediction tools: PicTar (149), Miranda (114), Tar-
getSpy (255), and RNA22 (194). Different features like conservation of the seed region
or binding energies are taken into account to predict miRNA-transcript interactions in
each tool. Based on these differences the overlap between the target sets from different
tools is generally rather low (238). We define for each tool the core set of signaling
pathways, which are highly enriched by miRNA targets and compare these list with
our core set listed in Table 4.1. The result shows that the signaling pathways in our
core set are mostly consistent with different prediction tools. We found 8 out of 16
pathways within the core set of at least 3 different prediction tools.

In order to test the significance of these pathways, we performed a randomization
approach, by comparing the median LOD score of these pathways with the median
scores obtained by two random samplings. We first sampled 10.000 times pathway
proteins keeping the pathway size constant, second, we generated 10.000 times a ran-
dom miRNA predictor by sampling for each miRNA the corresponding targets. Finally,
we calculated a z-score to estimate the significance of each pathway within the core
set. We obtained high z-scores for the pathways within the core set independent of
the sampling approach (see Table 4.1). The mean z-score for all pathways is 12.51
(Z-scoreTargets) and 7.65 (Z-scorePathways), respectively.

The enrichment of miRNA targets is summarized in the boxplot in Figure 4.2B,
where the distribution of LOD scores for each pathway is shown. The median LOD
scores and their variance for the set of signaling pathways are significantly negatively
correlated (Pearson correlation coefficient CP = −0.37, p = 7 · 10−3). In contrast to
depleted pathways, highly enriched pathways are homogeneously targeted by miRNAs
across diseases. This indicates that disease-associated miRNAs in human disorders
target a core set of signaling pathways irrespective of the specific disease and tissue.
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We ensure that the LOD scores are not trivially biased by the pathway size (CP =
-0.032, p = 0.83). We noticed that the pathway enrichment is significantly negatively
correlated with the number of miRNAs with targets in this pathway (CP = -0.31, p =

0.0010), with up to 159 targeting miRNAs in the SMAD2 pathway.

4.2.3 Interaction of disease-associated proteins and microRNA
targets

Much effort has been invested in understanding the mechanisms underlying the com-
plex network of factors contributing to human diseases. Databases like OMIM (90),
KEGG DISEASE (121), or HGMD (253) link dysfunctional proteins and genetic mu-
tations to human disorders. In order to focus on already confirmed gene-disease inter-
actions, we used the KEGG DISEASE database to study similarities and differences
to miRNA targets in signaling pathways. In the following, we analyzed 23 diseases
that are both annotated in KEGG DISEASE and PhenomiR (see Methods). In this
subset, we analyzed 365 KEGG DISEASE proteins located in the NCI PID signal-
ing pathways and identified 123 (33.7 %) proteins as miRNA targets. The current
estimation for the amount of miRNA targets in the human genome lies between 30 -
35% (162; 68). This implies that there is no higher rate of miRNA targets in the set
of disease proteins than expected. In order to study the interplay of disease proteins
and miRNA targets, we compared their mapping to NCI PID pathways (see Figure
4.1). We found that typically, disease-affected proteins are widely distributed over
pathways for a particular disease. Focusing on pathways showing a high fraction of
disease-associated proteins, we found no correlation of miRNA target enrichment and
the fraction of disease-affected signaling proteins. These findings imply that disease-
affected proteins and disease-associated miRNA targets do not prefer a common set of
signaling pathways. To elucidate those differences, we changed the scale of our inves-
tigation and compare the localization and process type of disease-associated miRNA
targets and disease proteins.

4.2.4 MicroRNA targets are preferentially located in the nucleus in
contrast to disease proteins

To question whether miRNA targets and KEGG DISEASE proteins differ with respect
to their cellular location and process type annotation, we divided the set of signaling
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proteins according to their NCI PID annotation into four groups: extracellular region,
cell membrane, intracellular region, and nucleus. We then estimated the fraction of
miRNA targets as well as disease proteins for each group and calculated the LOD
enrichment scores (see Methods for a detailed description). Surprisingly, we found
opposing patterns of cellular localization for disease-associated proteins and miRNA
targets (see Figure 4.3A). Deregulated miRNAs preferentially target nuclear proteins
(LOD = 0.57, p = 0.020), while disease-associated proteins in the nucleus are un-
derrepresented (LOD = -0.41, p = 0.032). Therefore, miRNA targets are almost
twice more frequently located in the nucleus as compared to disease proteins. Fur-
thermore, proteins located in extracellular region are only weakly controlled (LOD =
-0.81, p = 4.9 · 10−3) by miRNAs. Disease associated proteins showing again a com-
plementary result compared to miRNA targets (LOD = 0.44, p = 0.068), being more
than twice more frequently located in the extracellular region. Proteins located in the
cell membrane or intracellular region show no significant differences and enrichments
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Figure 4.3: Analysis of cellular location and process type distribution for miRNA targets
and disease proteins A: Signaling proteins are divided into four different cellu-
lar location groups (extracellular region, cell membrane, intracellular region, and
nucleus) based on their NCI PID annotation. We calculated the enrichment of
miRNA targets and disease proteins by a LOD score. We found an opposing pat-
terns of cellular localization for disease-associated proteins and miRNA targets.
B: Process type information obtained by the NCI PID database was used to divide
signaling proteins into three different groups, activators, inhibitors, and ambiva-
lent proteins (annotated as both activators and inhibitors). The result indicates
again complementary patterns for miRNA targets and human disease proteins. *
indicates significant enrichment obtained by Fisher’s exact test (p = 0.05).
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for miRNAs or disease-associations. Comparing these results with the subset of cancer-
related miRNAs we obtained the similar finding of a preferred target location in the
nucleus. This result shows that preferred location is not based on a disease-specific
set but a common pattern, valid for cancer as well as non-cancer related miRNAs. We
repeated the location analysis with different prediction tools and obtained similar re-
sults for miRNA targets. Analyzing miRNA targets located in the nucleus by Gene
Ontology, we found 50% of those genes involved in transcriptional regulation. In ad-
dition, we used the OMIM database to select disease-associated genes and found again
a opposite pattern of cellular localization for OMIM and miRNA targets.

4.2.5 In contrast to disease proteins, microRNA targets frequently
exhibit an inhibitory effect

We sorted the set of signaling proteins into three different groups according to their
process type annotation: activating proteins, inhibiting proteins and proteins that can
act as either activators or inhibitors, further on denoted as ambivalent. We then counted
the number of miRNA targets as well as disease proteins for each group in our signal-
ing pathways and calculated the LOD score. The result shows again a complementary
pattern: As shown in Figure 4.3B, targets of disease-associated miRNAs are prefer-
entially inhibitors (LOD = 1.62, p = 1.2 · 10−4), whereas only 6 disease-associated
proteins (LOD = -2.08, p = 1.5 ·10−5) show a inhibitory effect. miRNA targets are en-
riched almost 14 times more in inhibiting proteins compared to disease proteins show-
ing a complementary focus. Ambivalent proteins show a strong under-representation
for miRNA targets (LOD = -0.96, p = 7.3 · 10−5), whereas disease-affected proteins
are significantly enriched (LOD = 1.26, p = 3.6 · 10−9). For activators, we found a
significant under-representation for both disease proteins (LOD = -0.75, p = 1.0 ·10−4

), and miRNA targets (LOD = -0.60, p = 2.7 · 10−3), respectively. Again, we found
the same result for cancer and non-cancer related miRNA targets indicating a common
pattern. Notably, the enrichment of process types of disease proteins remains for the
OMIM data set.

4.3 Discussion

In order to study the role of disease-associated miRNAs in pathways, we applied a thor-
ough statistical analysis to a multipartite graph consisting of miRNAs, proteins, dis-
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eases, tissue and signaling pathways. We investigated enrichment of disease-associated
miRNAs globally on different pathways by considering of tissue-specific transcript ex-
pression, and more locally, on the cellular location and process type of target proteins.

We found that the amount of regulatory control mediated by disease-associated miR-
NAs differs from pathway to pathway. For the majority of diseases, a homogeneous
enrichment profile of miRNA targets throughout all pathways emerged. From our anal-
ysis of the constituting multipartite graph, we found that pathways are heterogeneously
targeted by miRNAs. However, the core set of pathways appear to be homogeneously
enriched by miRNA target genes throughout the majority of diseases, since many dis-
eases are linked to a large number of miRNAs. So far, almost two third of the currently
known miRNAs are linked via large-scale expression analysis to a phenotype. It is
obvious that beside the phenotype responsible miRNAs, many miRNAs are detected
as deregulated in human diseases but are not functionally linked to the phenotype.

What could be the biological function of a core set of globally enriched pathways?
We showed that these pathways are targets of numerous deregulated miRNAs. One
possible hypothesis is that these pathways could serve as disease sensors, transferring
the information of erroneous cellular functions via deregulated miRNAs to important
output proteins, like cell cycle checkpoints. From this perspective, it is intriguing that
most top enriched pathways are associated with apoptotic, proliferation or develop-
mental processes (116). Entries in the PhenomiR database obtained by patient studies
are more than 60% cancer-related diseases. Alterations in the expression or function of
genes controlling cell growth and differentiation are considered to be the major cause
of cancer. Notably, degenerative disorders like Alzheimer or Parkinson disease shows
a similar pathway profile compared to cancer-related phenotypes, although often with
different direction of miRNA expression.

Presumably, the impact on signaling pathways for disease-associated proteins and
miRNA targets differs. However, there might be an interaction between the disease-
associated miRNAs and proteins to mediate deregulation of signaling pathways. It
would be interesting to evaluate whether a given disease emerges due to protein dereg-
ulation caused by mutations with a successive deregulation of miRNAs, or due to
deregulated miRNA levels, leading to pathogenic protein levels in turn. For a subset of
miRNAs, located in the intron of a host gene, an examination of a common phenotypic
effects is possible. Recently, we showed that intronic miRNAs support the regulatory
effect of their host genes (174). Here, we find one disease-associated miRNA-target
pair with a common phenotype: both the host gene PTK2 and its intronic miRNA miR-
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151 are annotated with lung cancer in KEGG DISEASE and PhenomiR, respectively.
In this case, the impact on the associated signaling pathways via correlated mir-151
and PTK2 deregulation is probably controlled by a single promoter. To unveil interac-
tions between miRNAs and pathway proteins on a systems level, a much more precise
knowledge of miRNA transcriptional regulation is needed.

We analyzed the subcellular location and process type behavior of disease-associated
proteins and miRNA targets. Our result on the preferred cellular locations of miRNA
targets shows an enrichment of proteins in the nucleus. This finding is in line with a
study by Cui et al. (44), who obtained a similar result for the localization of miRNA
targets on a much smaller set of signaling networks and miRNAs in mammalian hip-
pocampal CA1 neurons. In addition, we found that disease-associated proteins often
constitute the initial players of signaling networks and thus show an opposite pattern
to miRNA targets. The deregulation of a single proteins at the cell surface receptor
can have a severe impact on the whole signaling information flow stimulated by the
receptor. For example, for growth factor receptors, the activation under normal condi-
tions promotes cellular survival, whereas over-expression promotes tumor cell growth
(1). Therefore, cell surface receptors are well suited as drug targets, as diminishing
the signal through these receptors has the potential to normalize cellular behavior. The
deregulation of a single protein in the intracellular region or the nucleus might influ-
ence only a subpart of the signaling network.

A large fraction (50%) of miRNA targets located in the nucleus are involved in
transcriptional regulation. It was shown that transcription factors like MYC, JUN, or
FOS, have a short mRNA lifetime based on their RNA stability (118; 293). Within
these studies the importance of the 3’ untranslated region for the mRNA stability was
mentioned. Thus, miRNAs presumably tune RNA stability in a tissue or stage depen-
dent manner. Deregulated miRNAs changing the stability of transcription factors of a
signaling pathway may then lead to malfunction of different cellular processes (98).
Motivated by the affinity of miRNAs to regulate with associated pathways apoptosis,
proliferation or development (138), we suppose that the regulation of stability extends
to proteins with short half-lives that are required only for limited time in, e.g. cell
cycle, growth, or differentiation.

In a recent study, Legewie et al. (159) introduced a set of signal inhibitors with
a short mRNA and protein lifetime that are transcriptionally induced upon stimula-
tion. These rapid feedback inhibitors (RFIs) are thought to tune the signal transduction
cascades, allow for swift feedback regulation and establish short latency phases af-
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ter signaling induction. As we found an enrichment of inhibitory proteins targeted
by miRNAs, the question arises, if RFI proteins are potential miRNA targets. Using
the TargetScanS prediction tool we were able to confirm 18 out of 19 (95%) RFIs as
miRNA targets (p = 0.023). We thus assume that the short mRNA lifetime of RFIs
can be attributed to the degradation activity promoted by miRNA binding. Inhibit-
ing proteins are preferentially located in the nucleus, whereas activating or ambivalent
proteins are randomly distributed in the cellular regions. Interestingly, disease proteins
showed a frequent association with ambivalent process type. We assume that for am-
bivalent proteins, deregulation of the expression levels imparts a more severe effect on
signaling cascades as compared to activators or inhibitors alone.

4.4 Materials and Methods

In this section, we give a detailed overview about the resources and methods, which
were used to interconnect the different entities shown in Figure 4.1.

4.4.1 Human signaling pathway data

Human signaling pathway data was obtained from the National Cancer Institute Path-
way Interaction Database (NCI PID) (230), which is a manually curated collection of
biomolecular interactions and key cellular processes assembled into signaling path-
ways. NCI PID holds 128 pathways including 47 sub-networks. We combined all
subnetworks with their parent networks to the set of signaling pathways. In addition,
we kept all pathways that have more than one predicted miRNA target gene, leading
to a final data set of 79 human signaling pathways containing 1573 unique human
proteins. The database also provides information on subcellular location terms from
the Gene Ontology Consortium. We used this information to divide all subcellular
locations into four different groups: extracellular region, cell membrane, intracellular
region and nucleus. Finally, location information for 1083 proteins containing 135
extracellular region, 344 cell membrane, 373 intracellular region and 231 proteins lo-
cated in the nucleus were obtained. In addition, we extracted process type information
for each biological process, which can be input, output, positive or negative regulator.
In total, there are 1120 interactions of which 765 are activating, 74 inhibiting and 281
proteins acting as activators as well as inhibitors.
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4.4.2 Disease-associated microRNAs

Human disease-associated miRNAs were obtained from the PhenomiR database (226).
PhenomiR is a manually curated collection of miRNA-disease associations, containing
a total of 11029 miRNA expression-phenotype relations collected from 542 different
experiments. We used patient study data only and obtained 486 disease-associated
miRNAs in 83 different diseases including up to 5 subtypes per disorder. For each
disease, we take only those miRNA into account, that have at least one target in the
specific tissue annotated by PhenomiR and obtained finally 165 different miRNAs in
63 diseases-tissue combinations.

4.4.3 MicroRNA target prediction

Hausser et al. (91) analyzed different features of miRNA targets and showed within
their work that TargetScanS has a good performance on different data sets. We used
TargetScanS as the main prediction tool but to handle the issue of the unknown reli-
ability of miRNA prediction tools we used several other prediction tools like PicTar,
intersection of PicTar and TargetScanS, Miranda, RNA22, and TargetSpy to confirm
our results. We used for each method default parameter settings.

4.4.4 MicroRNA targets filtered by tissue expression

As miRNA expression is tissue-specific annotated in PhenomiR, we used the tissue
atlas provided by Su et al. (257) to filter potential miRNA targets in a specific tissue.
The data was downloaded from the NCBI Gene Expression Omnibus (GEO), and the
processed data was used. We mapped the predicted miRNA target transcripts 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 work of
McClintick et al. (186).

4.4.5 Human disease data

Human disease proteins were taken from the KEGG DISEASE database (121). It
associates 5 neurodegenerative disorders, 5 infectious and metabolic disorders and 13
different cancer diseases. Finally, we obtained 909 proteins from 23 different diseases,
which are also found in the PhenomiR database.
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4.4.6 Pathway profile

Pathway profiles were calculated for all diseases annotated in PhenomiR passing the
tissue filter. For each disease-pathway interaction we estimated the enrichment of
miRNA targets of disease i in pathway j defined by a log odds ratio (LOD score):

LODi,j = log2

(
Ti,j

Pj

/ ∑n
k=1 Ti,k∑n
k=1 Pk

)
where Ti,j is the number of miRNA targets for all disease-associated miRNAs in dis-
ease i and pathway j; Pj is the number of proteins in pathway j;

∑n
k=1 Ti,k is the

number of miRNA targets for all disease-associated miRNAs in disease i over all path-
ways;

∑n
k=1 Pk: is the number of proteins over all pathways. We use these LOD scores

to build up a heatmap using Manhattan distance function and ward clustering. A posi-
tive value indicates an enrichments and a negative a depletion. Whenever we identified
no target for a particular disease-pathway interaction Ti,j = 0 and therefore the result-
ing LOD score i,j is −∞. As commonly done, we excluded all cases with Ti,j = 0

for calculating the mean and quantiles for each pathway. In addition, these cases were
also excluded from the clustering taking the reduced dimensions into account.

4.4.7 Cellular location analysis

We used the subcellular location annotation of the NPI PID database to estimate the
miRNA target enrichment. The enrichment was calculated by the logarithm of base 2
of the odds ratio (LOD score) and its significants was obtained by Fisher’s exact test.

4.4.8 Process type analysis

In addition to the subcellular location, the NPI database provides information about
specific process types of proteins in signaling processes. We used this information to
analyze the interaction between inhibiting as well as activating proteins in signaling
processes. Within this analysis we calculated the enrichment of miRNA targets as
well as KEGG DISEASE proteins for different process types. The enrichment was
calculated by the logarithm of base 2 of the odds ratio (LOD score) and its significants
was obtained by Fisher’s exact test.
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4.5 Conclusions and Outlook

The usage of hypergraphs for a proper representation of interconnected entities in sys-
tems biology has recently been acknowledged (136). Here, we applied a thorough
statistical analysis not only to bipartite but to a multipartite graph consisting of miR-
NAs, proteins, diseases, and signaling pathways in a tissue-specific manner. Using this
framework, we uncover the impact of disease-associated miRNAs on human signaling
pathways. From a global perspective, we identify a core set of signaling pathways with
enriched tissue-specific miRNA targets across diseases. In addition, we divide the set
of disease-associated miRNAs into cancer and non-cancer sets and find no significant
difference for both groups. The resulting core set reflects the affinity of miRNAs to
affect central cellular processes. More locally, we show that disease-associated miR-
NAs and proteins prefer different cellular locations and process types. This chapter
provides systematical insights into the interaction of disease-associated miRNAs and
signaling pathways and uncovers differences in cellular locations and process types
of disease-associated miRNAs and proteins. In the following chapter, we focus on
the theoretical aspects of inferring functional miRNA-pathway associations. We will
introduce a novel approach, which use the signal network structure to improve the
inference of miRNA-pathway interactions.
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5 Beyond enrichment: Measuring
microRNA-pathway associations in
signaling networks

5.1 Background

Cellular signaling pathways act as information processing devices: They integrate di-
verse inputs and compute, based on the states of the signaling molecules, a cellular
output. This output often crucially depends on the precise levels of the involved sig-
naling proteins. miRNAs, a large class of post-transcriptional regulators that predomi-
nantly decrease mRNA levels (86), have been shown to optimize and fine-tune protein
abundances in signaling pathways (for a review, see (106)). High-throughput methods
like the HITS-Clip protocol (37), target prediction tools like the TargetScan algorithm
(162), and databases of validated targets (100; 207; 287) deliver evidence for miRNA-
transcript interactions. Unfortunately, to predict the impact of a miRNA on a specific
pathway, the mere knowledge of the target transcripts is mostly not sufficient: miRNAs
are promiscuous regulators, with often hundreds of targets. The challenge for compu-
tational biology in this context is: How can one infer signaling pathways under miRNA
control from a large number of miRNA-target transcript relationships? The standard
procedure to filter potentially functional miRNA-pathway associations (MPAs) from
this mass of interactions is to calculate an enrichment score (see (43; 145; 290) for ex-
amples). To that end, one divides the proportion of targets of a miRNA in the specified
pathway by the expected proportion of targets, inferred from the overall set of proteins.
However, this measure only works if a considerable number of targets can be found -
for single or few targets in a pathway, it fails. From a functional perspective, it might
suffice for a miRNA to regulate a small sub-part or even a single transcript in a path-
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way. To assess these aspects of miRNA-mediated control on signal transduction, we
here introduce the proximity score P, which takes the topology of the underlying sig-
naling network into account. It is based on the shortest paths between miRNA targets
in a signaling pathway and identifies proximal and distal regulatory patterns, where the
targets are either more closely connected or more outspread than expected by chance.

Currently, only few resources are available that link miRNAs and biological path-
ways. MiRDB (280) is a miRNA target prediction web resource that also provides
precompiled information about single miRNAs regulators. MiRGator (199) offers
functional annotation of miRNAs targets as well as mapping of single miRNAs in
pathways. DIANA-mirPath (207) integrates miRNA targets in KEGG (121) pathways
and provides three different target prediction tools.

It has already been shown that many miRNAs exhibit temporal and tissue-specific
expression patterns (153), regulating many transcripts to further define tissue-specific
transcript profiles (61). However, miRNA prediction algorithms do not take expres-
sion profiling of both miRNA and mRNA levels into account. Therefore, functional
analysis on the global set of predicted targets may lead to wrong miRNA-pathways
associations. Based on the highly tissue-specific expression signatures of miRNAs and
target transcripts, tissue-specific gene expression has to be considered to improve the
analysis of miRNA regulation in biological pathways. We have therefore developed
miTALOS, an interactive tool that integrates tissue and pathway filters to restrict the
functional analysis as first publicly available resource. MiTALOS performs an en-
richment and proximity analysis of predicted target genes in signaling pathways. The
widely applied enrichment analysis uses the number of target genes in a specific signal-
ing pathway to infer miRNA-pathway associations (89; 145; 290). As the enrichment
analysis focuses on the whole signaling pathway as a set of genes without taking its
topology into account, sub-cascade specific relations between miRNAs and pathways
are ignored. In order to cover these interactions, miTALOS provides a second ap-
proach based on the network proximity of miRNA targets. As there is strong evidence
that miRNAs can act in concert with each other in order to affect a signaling pathway
(109), miTALOS addressed this aspect through the simultaneous analysis of multi-
ple miRNAs or even predefined genomic miRNA clusters. In addition, target genes
and miRNAs are linked to external databases to offer additional information. Finally,
graphical visualization of the miRNA targets in a given pathway allows functional in-
sights into miRNA dependent regulation of signaling pathways.
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5.2 Results and Discussion

We consider a data set of miRNA targets in mouse brain, based on high-throughput
sequencing of RNAs isolated by immunoprecipitation of crosslinked Ago-RNA com-
plexes (Argonaute HITS-CLIP, see http://ago.rockefeller.edu, (37)). In
contrast to target prediction tools with only a limited degree of accuracy (see (8; 237)
for a experimental validation), here a miRNA-transcript relation is only present if
miRNA and transcript are expressed, if the argonaute protein is bound to the transcript,
and if the transcript contains the miRNA seed. Chi et al. (37) claim that crosslinking of
the miRNA-Ago complex reduces false-positive rate compared to computational tar-
get 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 (122; 177; 281). Unlike databases with
experimentally validated miRNA targets, HITS-CLIP delivers the complete target set
of the 20 most abundantly expressed miRNAs in mouse brain, which is necessary for
a global network analysis as conducted in this study. Mapped on the proteins in the
signaling pathways provided by KEGG (121), each pathway is on average regulated by
16 out of 20 miRNAs with varying number of targets, resulting in a densely connected
miRNA-pathway network.

We filter miRNA targets in KEGG signaling pathways with distinct regulatory pat-
terns by introducing the proximity score P . It explicitly takes the topology of the
signaling network into account by calculating the average shortest path length between
all miRNA targets in a pathway. For each miRNA-pathway association (MPA), we
calculate the z-score by considering 104 randomly generated samples as a null model.
Here, for a miRNA, the same number of targets is chosen randomly from the path-
way, giving rise to a null model mean µ and standard deviation σ, from which the
proximity score is calculated as P = (l − µ)/σ (see Figure 5.1C). We further analyze
MPAs with |P | > 2 , as is conventionally done in network biology (see, e.g. (9; 193).
The networks are inferred from the respective KEGG signaling pathways (see Figure
5.1A) as follows: Based on the KEGG Markup Language (KGML) pathway files of
119 signaling pathways, we convert each pathway to a network, where a node repre-
sents a protein, a protein complex, or a protein family, and each molecular interaction
or relation is represented as a link. Since we are interested in the topological distance
between targets, we take the emerging networks as undirected. To avoid artifacts from
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Figure 5.1: Proximity score for miRNA target patterns in signaling pathways. (A) An
exemplifying signaling pathway. Rectangles represent pathway proteins and solid
links stand for molecular interactions, like phosphorylation, (denoted with +p and
-p), activation, or inhibition. We convert this pathway into an undirected protein-
centered network (B), where unconnected fragments have been removed. The
colored nodes (orange and blue) are targets of the illustrative miRNAs miR-x and
miR-y with three targets each. While the number of targets is equal for the two
miRNAs, the regulatory patterns in the network are considerably different: miR-x
targets an interconnected core of the pathway, while the targets of miR-y are spread
over the whole pathway. (C) The proximity score is calculated for each miRNA
and as a z-score. Here, the average shortest path length between all targets (1.0 for
miR-x, 4.7 for miR-y) is compared to a null model of 3 randomly chosen targets
(dotted line). We call the targets of a miRNA proximal, if their z-score (defined as
the deviation from the null model mean in units of the standard deviation) is below
-2 (red shaded area), and distal, if the z-score is larger than 2 (blue shaded area).

fragmented graphs, we only consider the largest connected component of the networks
and the targets therein (see Figure 5.1B).

5.2.1 MicroRNAs have a proximal and distal target pattern in
signaling pathways

We identify 52 MPAs (out of a total of 20x119=2380 and 863 with at least 2 targets)
with |P | > 2. They contain 18 out of the 20 most abundantly expressed miRNAs in
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Figure 5.2: miRNA-pathway associations (MPAs) with an absolute proximity score |P | >
2. We calculate the proximity score P as the z-score of the average shortest path-
length of miRNA targets in a signaling network, compared to randomly selected
targets. MPAs with P < −2 are called proximal, those with P > 2 distal. We find
that many miRNAs exhibit both proximal and distal target patterns.

mouse brain, and 18 out of 89 pathways with a largest connected component of at least
2 nodes (smaller components are inapt for the proximity score). Since proximal and
distal MPAs represent the extremes of regulatory patterns the sets of the 21 proximal
(P < −2), and the 31 distal (P > 2) MPAs are mutually exclusive (see Figure 5.2).
However, two pathways (Gap junction and GnRH) appear in both distal and proximal
MPAs, though with different miRNAs associated. Among the pathways with most
proximal target patterns we find 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 find-
ings we predict a pivotal role of miR-21 in MAPK-based signaling in brain. Indeed,
Zhou et al. (300) recently showed that mmu-miR-21 effects the growth of glioblas-
toma cells by inhibiting the MAPK pathway via EGFR. The functional impact of the
MAPK network in brain is backed by several studies indicating that this pathway is a
key mediator of EGF (53) and brain-derived neurotrophic factor signaling (210; 295).
The MAPK pathway is also essential for growth-factor-induced cell-cycle progression.
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Growth-factors induce MAPK pathway, which in turn activates cyclin-dependent ki-
nases (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. We find 4 proximal MPAs in the cell cycle pathway (see Figure 5.2).
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. (249) showed
that transfection of miR-124 inhibits proliferation of glioblastoma cells by inducing
a G1 cell cycle arrest, which is in line with our prediction. This finding shows that
alteration of miR-124 expression has a severe impact on cell cycle progression, further
indicating that MPAs inferred with our proximity score have a significant functional
impact. The pathway with most (12) distal targets patterns is ’Olfactory transduction’.
A closer look at this this pathway reveals a unique network structure. From the 15
nodes comprising the network, one represents several hundred receptors (further on
called the receptor node), involved in the olfactory system (49). The other 14 are indi-
vidual 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 P > 2 if already one target is
not located on the receptor node. Thus, the network structure of the Olfactory trans-
duction 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.

5.2.2 Enriched targeted pathways represent only a small subclass

We compare the results of our proximity score with the well-established enrichment
measure, which relies on the assumption that the sheer number of targets indicates if
a pathway is controlled by a miRNA. Using the identical data sources as above, we
find 25 enriched MPAs (p < 0.05, Bonferroni corrected, similar to (51)). Two of these
25 MPAs (miR-9 in MAPK, miR-26 in Long-term potentiation) also exhibit proximal
target patterns (Figure 5.3A). To understand the differences in the associations, we
compare the number of miRNA targets in proximal, distal, and enriched MPAs in
Apparently, the two scores identify MPAs with very different target abundances: We
find typically more than 10 targets 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 5.3B). Thus the established enrichment score misses, by construction, pathways
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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 show only few targets, which is covered by the
proximity rather than the enrichment score.

Figure 5.3: Proximal, distal, and enriched MPAs. (A) We find 21 proximal (P<-2), 31 distal
(P>2), and 25 enriched MPAs. Two MPAs (miR-9 in MAPK, miR-26 in Long-
term potentiation) are both exhibit enriched and proximal target patterns (B) Den-
sity 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.

5.2.3 MicroRNA target pattern corresponds to a specific function
in cell signaling

Both scores miss a specific target pattern: miRNAs with only a single target in a sig-
naling 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. (8) for the functional impact of single nodes on complex networks’ dynamics). If
we consider all 2380 MPAs in our data, we find 15% with only a single miRNA target.
To study if these targets share specific properties, we conduct a gene ontology (GO)
(7) analysis with DAVID (101) a tool that automatically clusters enriched and related
GO terms (102). The two top scoring groups of GO process terms are shown in
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Figure 5.4: GO analysis of proximal, distal, enriched and single targets of HITS-CLIP
miRNAs. We identify clusters of GO biological process terms associated with
the targets, using the Functional Annotation Clustering (7) of the DAVID software
(101). 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 miRNAs target mostly
intracellular components of signal transduction networks (44), each pattern also
exhibits a specific biological function.

Figure 5.4 for proximal, distal, enriched, and single targets. A ’phosphorylation’ clus-
ter appears in all four groups, comprising the biological processes ’protein amino acid
phosphorylation’, ’phosphorylation’, ’phosphate metabolic process’, and ’phosphorus
metabolic process’. This cluster shows up as the dominant cluster of all targets, which
corroborates earlier findings (44; 145), where miRNAs have been shown to predomi-
nantly target intracellular components of signal transduction networks. However, each
class also exhibits a specific cluster of targeted processes: Proximal miRNA targets
appear predominantly in trans-membrane or cell surface receptor associated processes.
Apparently, the control of signal transduction at the receptor level requires a coordi-
nated regulation of a few proximate proteins by a specific miRNA. 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 pivotal pathway proteins can
be under specific miRNA control. Finally, distal and enriched targets both participate
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in the regulation of cytoskeleton organization.

5.2.4 miTALOS: Workflow of the functional analysis

The miTALOS web resource provides insight into the tissue-specific regulation of sig-
naling pathways mediated by miRNAs. First, a single or multiple miRNAs can be
analyzed by miTALOS, whereby the input data can also be selected from a list of pre-
defined genomic miRNA clusters (Step 1; see Figure 5.5a). Several studies indicated
that not only deregulated single miRNAs but also miRNA clusters, such as miR-17-92
(131), miR-106b-25 and, miR-222-221 (191), have a strong impact on signaling trans-
duction and corresponding phenotypes. It is well established that many miRNAs are
limited in their expression to certain stages in development, tissues, and cell types (10).
To address this issue, miTALOS is the first resource that provides an additional tissue
filter (Step 2). We mapped the predicted miRNA target transcripts on the tissue atlas
data from (256) providing the expression patterns for 79 human and 61 mouse tissues.

MiTALOS offers two different resources of signaling pathways. All non-metabolic
human and mouse pathways were integrated from KEGG (121). For the analysis of
human miRNA regulation, we also included pathway information from the National
Cancer Institute Pathway Interaction Database (NCI PID) (230). In addition to the
tissue filter, miTALOS also provides a pathway filter to restrict the functional analy-
sis. MiRNA target transcripts are obtained from five different prediction tools: Tar-
getScanS (162), RNA22 (61), PicTar (149), PiTa (127), TargetSpy (255). Due to im-
perfect base pairing and the short length of binding sites, prediction of miRNA target
genes often yields false positive target genes. It has already been shown that the in-
tersection of the prediction tools can yield improved specificity with only a marginal
decrease in sensitivity relative to any individual algorithm (238). To address this is-
sue, miTALOS provides the ability to generate intersections from 2-5 prediction tools
(Step 3; see Figure 5.5A). By default, miTALOS presents miRNA-pathway associa-
tions having a p-value < 0.05. An intuitive option menu allows the user to modify all
parameters (enrichment, proximity cutoffs and p-values).

The result web page lists all identified miRNA-pathway associations (see Figure
5.5B). MiTALOS sorts all pathways by increasing enrichment p-value along with the
names of each miRNA’s target genes involved in either KEGG or NCI PID path-
ways. Target genes are linked to the Universal Protein Resource (Uniprot) (6). Mi-
TALOS also links queried miRNAs to disease-associations obtained from the Phe-
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A
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Figure 5.5: Overview of the miTALOS web resource. (A) After selecting a single or multi-
ple miRNAs (which can also be chosen from a list of predefined genomic miRNA
clusters) as input, the user can restrict the analysis to a specific tissue and/or path-
way. In addition, miRNA prediction methods and output parameter such as p-value
cutoffs can be defined. (B) The result page shows the identified miRNA-pathway
associations. By default, miTALOS sorts all pathways by an increasing enrich-
ment p-value along with the names of each miRNA’s target genes involved in
either KEGG or NCI PID pathways. Multiple sorting options and links to disease-
association are provided. (C) MiRNA target genes in a given pathway are graphi-
cally annotated (highlighted in red boxes) in the pathway map.

nomiR database (226), which is a manually curated database of differentially regu-
lated miRNA expression in diseases and other biological processes. The result page
also provides multiple sorting options for the user. Finally, miRNA target transcripts
located in a given pathway are graphically annotated onto the pathway map (see Figure
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5.5C), which is also linked to the result page.

MiTALOS uses a MySQL database to store pathways from KEGG and NCI and
tissue specific expression data from the tissue atlas. MiRNA predictions and random
samplings for all pathways are precomputed and stored in separate database tables.
The database structure allows to update pathways and miRNA targets independently.
The integration of external resources such as miRBase, KEGG, NCI or target pre-
diction tools is automated and will be updated whenever these resources have a new
major release. Calculation of the enrichment and proximity score is performed on-
the-fly and makes use of the precomputed data. We are thereby able to offer highly
responsive computation of miRNA-pathway associations based on the most recent bi-
ological knowledge. MiTALOS is based on Java EE and running on a Tomcat servlet
container. The business logic is implemented with servlets and additional Java libraries
while Java ServerPages are used to present the data. AJAX capabilities are added with
jQuery, a comprehensive JavaScript library.

5.2.5 Identification of microRNA-pathway associations

MiTALOS analyzes miRNA-mediated regulation of signaling pathways using two dif-
ferent approaches. A first approach uses the number of miRNA targets in a specific
signaling pathway to calculate an enrichment score, as widely applied in various appli-
cations (89; 145; 168; 290). The enrichment score assumes that miRNAs target specific
signaling pathways to influence specific functions of the cell by the sheer number of
target transcripts. The enrichment score is then defined as the fraction of target genes
compared to the expected number of target genes in a given pathway. The signifi-
cance is obtained with Fisher’s exact test (66), corrected by the Benjamini-Hochberg
procedure (13) (see Material and Methods for a detailed description).

Signaling pathways often have different cascades activated by different stimuli. As
the enrichment method focuses on the whole pathway, sub-cascade specific relations
between miRNAs and signaling pathways are ignored. To cover these miRNA-pathway
associations, we developed a second approach based on the network proximity of
miRNA targets in signaling pathways. We assume that miRNAs target signaling cas-
cades in a proximal manner. To reveal signaling pathways with proteins that function
in a proximal manner and are targeted by the same miRNA, we introduce the proximity
measure. We determine the distances between all pairs of targets in the corresponding
signaling pathway. For each target, the minimal distance is chosen and the proximity
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score is defined as the mean of all minimal distances (see Material and Methods for a
detailed description).

5.2.6 Difference between microRNA enriched and proximal
pathways

In contrast to the proximity measure, the enrichment measure relies on the assumption
that miRNA control on a pathway is mediated by the number of targets. As there is
evidence that miRNAs have a strong impact on the signal transduction, the degree of
downregulation often tends to be quantitatively modest. A miRNA typically down-
regulates most of its target transcript by less than 50% (8). This consideration suggests
that although many genes are predicted to be miRNA targets, only a fraction of these
interactions will have an impact on biological responses and phenotypes (164). Ana-
lyzing the distribution of the number of targets in signaling pathways (KEGG pathways
and TargetScanS), the result shows the highest miRNA target density for 1 to 8 targets
per pathway (see Figure 5.6) reflecting 90% of all miRNA-pathway associations.

Applying the enrichment method, we obtained 265 significant miRNA-pathway as-
sociations (FDR < 0.01). We analyzed the number of targets in significantly enriched
pathways and obtained mainly between 10 and 20 target transcripts per signaling path-
way (see Figure 5.6). This result indicates that the enrichment approach mainly focuses
on a small subpart of miRNA-pathways associations that only reflects 7% of the total
associations. Therefore, it can be argued that the enrichment approach identifies sig-
naling pathways having in general transcripts under miRNA control. Therefore, the
basic hypothesis behind the enrichment concept might be unsound: Often, it suffices
for a miRNA to regulate a small subpart or even a single transcript in order to influence
the function of a whole pathway (125; 160; 220). This assumption is also affirmed by
our finding reflecting that miRNAs target in general a small amount of pathway player
(Figure 5.6).

In order to assess these signaling components of miRNA-mediated control, we in-
troduced the proximity measure that calculates the proximity of miRNA targets in
signaling pathways based on the distance of the miRNA targets in a pathway. Using
this method, we obtained a set of 125 significantly proximal (FDR < 0.01) miRNA-
pathway associations. This set of miRNA-pathway associations has the highest density
for 3 to 7 targets per pathway (Figure 5.6). Apparently, the two measures identify sig-
nificant miRNA-pathway associations with very different target abundances. Thus,
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proximity and enrichment scores identify two alternative forms of miRNA control.
The proximity method (mean number of miRNA targets per pathway (mtpp) = 5.90)
is clearly shifted to a smaller number of target transcripts compared to the enrich-
ment method (mtpp = 15.31; p < 2.2−16). Comparing the proximity method with the
distribution of all miRNA-pathway associations (mtpp = 5.40), shows that the proxim-
ity based approach focused on miRNA-pathway associations that are in general more
common.
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Figure 5.6: Proximity vs. enrichment in signaling pathways. Density of the number of tar-
gets in miRNA-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 miRNA control.

5.2.7 Case study: microRNAs in prostate cancer

Recent studies have supported that miRNA mutations or deregulation are associated
with various human cancers indicating that miRNAs can function as tumor suppres-
sors and oncogenes (189; 297). Prostate cancer is one of the most significant cancers
and second leading cause of cancer death among American men, exceeded only by
lung cancer (200; 252). In order to unveil the impact and interaction of miRNAs with
the important and altered signaling pathways in prostate cancer, we performed a func-
tional analysis with miTALOS using miR-106b-93-25, miR-22, TargetScanS, and the
prostate expression profile as tissue filter. A putative oncogenic function was proposed
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Pathway Genes TS TS & PT PT & R
E P E P E P

LIS1 MAP1B, NDEL1,
PAFAH1B1, VLDLR

1.96 0.43 2.55 0.44

Cell cycle CCND1, CCND2,
CDC23, CDC27,
CDKN1A, CDKN1C,
E2F1, E2F3, EP300,
RBL1, RBL2, TP53,
WEE1, YWHAZ

0.93 0.60 1.35 0.69 1.66 0.67

Endocytosis CSF1R, DAB2,
ERBB3, F2R, LDLR,
LDLRAP1, NEDD4L,
PDCD6IP, PDGFRA,
RAB11FIP1,
RAB11FIP5, RAB5B,
SMURF1, VPS4B

0.87 0.83 0.92 0.69 2.08 0.69

PI3K CALM3, IMPA2,
OCRL, PIK3R1,
PIP4K2A, PIP4K2B,
PIP5K1C, PTEN,
SYNJ1

0.84 0.19 0.73 0.18 1.99 0.43

Prostate cancer AKT3, CCND1,
CDKN1A, CREB3L2,
E2F1, E2F3, EP300,
MAPK1, PDGFRA,
PIK3R1, PTEN,
SOS1, TCF7L1, TP53

0.78 0.51 1.03 0.61 1.78 0.50

Table 5.1 continued on next page
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Pathway Genes TS TS & PT PT & R
E P E P E P

MAPK AKT3, CDC42, CRK,
DUSP10, DUSP5,
HSPA8, MAP3K11,
MAP3K2, MAP3K5,
MAP3K8, MAPK1,
MAPK14, MAX,
NTRK2, PDGFRA,
PPP3R1, RAPGEF2,
RPS6KA1,
RPS6KA2,
RPS6KA4,
RPS6KA5, SOS1,
TGFBR2, TP53

0.63 0.38 0.69 0.36 0.26 0.47

Neurotrophin AKT3, CALM3,
CDC42, CRK,
IRS2, MAP3K5,
MAPK1, MAPK14,
NTRK2, NTRK3,
PIK3R1, RPS6KA1,
RPS6KA2,
RPS6KA4,
RPS6KA5, SOS1,
TP53, YWHAZ

0.60 0.29 0.07 0.37 0.23 0.35

Table 5.1 continued on next page
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Pathway Genes TS TS & PT PT & R
E P E P E P

Actin cytoskele-
ton

ARPC5, CDC42,
ERK, F2R,
FGD1, GRLF1,
ITGA10, ITGA5,
ITGA6, MYH9,
PDGFRA, PFN2,
PIK3R1, PIP4K2A,
PIP4K2B, PIP5K1C,
PPP1R12A, SLC9A1,
SOS1, TIAM1, VCL

0.56 0.52 -0.19 0.41 -0.03 0.50

Long-term MAPK, PPP2CA -1.28 0.09
p53 CCNG2, CDKN1A,

PTEN, TP53
-0.13 0.13 0.51 0.17 0.62 0.17

Circadian CLOCK, NPAS2 2.32 0.15 3.32 0.14
Wnt PPP2CA, PPP3R1,

NFAT5, FBXW11,
FZD7

0.43 0.60 0.90 0.61 0.33 0.67

Nfat EGR3, RNF128,
KPNA2

0.85 0.46 1.43 0.43 3.31 0.43

Smad2 KPNA2, RBBP7 -0.45 0.32 0.55 0.32 2.42 0.32
Jak-STAT CCND1, CCND2,

STAM2, STAT3,
AKT3, SPRY4

0.51 0.21 0.78 0.22 1.72 0.23

ErbB AKT3, CDKN1A,
ERBB3

-0.01 0.36 0.24 0.28 0.98 0.17

Table 5.1: Enriched and proximal signaling pathways. The table shows enriched (p < 0.05)
and proximal (p < 0.05) pathways identified by miTALOS using different predic-
tion tools and the prostate tissue filter. TS, TargetScanS; PT, PicTar; R, RNA22.
KEGG disease pathways for tissues other than prostate are omitted. Genes listed
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).

for the miR-106b-25 cluster and miR-22 in prostate cancer (5; 215). It was found that
miR-22 operates as a proto-oncogene in combination with c-MYC (215) and plays an
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important role in retardation of tumor cells (289). For cluster miR-106b-25, recent
studies proposed an anti-apoptotic role in prostate cancer (69; 120).

We performed a functional analysis with miTALOS using the miR-106b-25 cluster,
miR-22, prostate tissue filter, and TargetScanS (see Table 5.1). One feature of miTA-
LOS is the ability to use intersections of miRNA prediction tools that can improve
the target gene specificity. We therefore also applied miTALOS using the intersec-
tion of TargetScanS and PicTar, which shows a good performance and achieved just
slightly less sensitivity than either program individually (238). Furthermore, we used
the intersection of two prediction methods (PicTar and RNA22), which are based on
different features, to illustrate the scope of miTALOS (for a complete list of identified
miRNA-pathway associations see Table 5.1).

Using miTALOS, we obtained a significant enrichment (p < 0.05) of miRNA target
genes in KEGG’s prostate cancer pathway 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 miRNAs 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 miRNAs and cell motility in prostate cancer. Cell motility is a
critical determinant of prostate cancer metastasis (50). RHO/ROCK kinase induces
reorganization of the actin cytoskeletal dynamics in several metastatic tumors (178).
Zohrabian et al. (302) showed that a downregulation of ERK leads to increased cell
migration. We found ERK and GRLFI targeted by miR-106b-25 indicating the in-
fluence of the prostate related miRNAs on the repression of ROCK and therefore the
activation of cell migration (see Figure 5.7a). Furthermore, we identify an associa-
tion between miR106b-25, miR-22 and the MAPK pathway. IL-6 activates prostate
cancer cell proliferation via JAK-STAT (274) and MAPK (243) pathways (see Figure
5.7B). Downregulation of AKT and DUSP leads to an activation of the MKK/JNK
cascade, which is involved in the tumor growth in prostate cancer (244). 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 (197). The result
of miTALOS shows that central inhibitors of the MAPK related proliferation are un-
der miRNA-mediated repression, which may facilitates tumor proliferation (see Figure
5.7B).

In addition, miTALOS links the queried miRNAs to the cell cycle and Phosphatidyli-
nositol pathways. In prostate cancer, PI3K/AKT signaling cascade is activated to en-
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Figure 5.7: Model for central prostate cancer related processes and their miRNA-
mediated regulation. Framed transcripts in red are predicted targets by miR-
106b-25 cluster and/or miR-22. Framed transcripts in blue are validated miRNA
target genes. Arrows indicates activation, dashed lines inducement, and blunted
arrows inhibition. (A) RHO/ROCK (RHO kinase) signaling regulates actin cy-
toskeletal dynamics in several metastatic tumors (178). ERK/MAPK regulates
the actin cytoskeleton and contraction required to drive cell motility, whereas a
downregulation of ERK leads to cell migration (302). We found ERK and GRLF1
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 (62), which is required for the growth of prostate carcinoma (244). We
found inhibitors such as AKT and DUSP targeted by miR-106b-25 and miR-22
indicating the oncomir character of the queried miRNAs. (C) Activation of the
p53 pathway is induced by MAPK. The p53 pathway is actively involved in cell
cycle arrests and p53-dependent apoptosis (30; 235). We found central players
of cell cycle arrest targeted by miR-106b-25 and miR-22. (108) 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.

sure cell survival and protection against apoptosis (247). It was shown that the Wnt
signaling is involved in AKT activation (292), which inhibits angiogenesis and tumor
growth (60). Moreover, there is in vivo evidence that the ErbB family receptors acti-
vate the PI3K/Akt/NF-kB pathway in prostate cancer cells (79). Using miTALOS, we
identify these pathways, which are in crosstalk to the PI3K/AKT signaling cascade. In
addition, we found PI3K and AKT targeted by the queried miRNAs in the related path-
ways. 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 5.7B).
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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 check-
point arrests and p53-dependent apoptosis (30; 235). DNA damage results in a sharp
increase of p53 protein that, in turn, can enhance cell cycle arrest and apoptosis. We
identify central players of cell cycle arrest targeted by miR-106b-25 and miR-22 in-
dependently of the prediction tool facilitating the inhibition of cell cycle arrest and
apoptosis (see Figure 5.7C). In addition, Ivanovska et al. (108) showed that p21 is a
direct target of miR-106b and plays a key role in cell cycle progression.

We summarized the miRNA-mediated regulation on tumor proliferation, mobility
and anti-apoptotic behavior of the prostate cancer related miR-106b-25 and miR-22 in
a model illustrated in Figure 5.7. The functional analysis and inferred model indicate
that the global effect of the up-regulated miRNAs do not only depend on single cen-
tral target genes but also on the interaction of multiple components in the signaling
pathways. We were able to show that the features of miTALOS provide a substan-
tial support to infer miRNA-mediated regulation of signaling pathways in systematical
manner.

5.2.8 Functional microRNA-pathway associations

MiRNAs play a pivotal role in the regulation of signal transduction pathways. Dif-
ferent aspects of this control have been analyzed and discussed, e.g. miRNAs as
noise-buffering devices in networks (96) or their influence on motif dynamics (288).
However, the identification of regulatory miRNAs in pathways has, up to now, been
only addressed with the enrichment score, which ignores the underlying topology and
is biased to pathways with many targets. In contrast to the enrichment measure, the
proximity score explicitly uses the network topology inscribed in the wiring of sig-
naling pathway, with a bias to only few targets. The two measures discern different
regulatory patterns and can thus be seen as complementary tools. The functional im-
plications of proximal and distal patterns have to be discussed. For proximal patterns
(see Figure 5.2), links between the observed MPAs and functional aspects are well
documented in the literature. At the same time, our GO analysis reveals that proxi-
mal targets are predominantly related to receptor signal transduction (see Figure 5.4),
indicating that this pattern indeed controls signal transduction pathways in a specific,
pathway independent manner. Many distal MPAs however appear to be an artifact of
the unique network structure of the Olfactory transduction pathway. Interestingly, it
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has been shown with a Dicer knockout that miRNAs are dispensable for mature olfac-
tory neurons (39). Our GO analysis (Figure 5.4) reveals that distal targets are mostly
associated with the cytoskeleton, a biological process that is not directly related sig-
nal transduction, and the same functional cluster emerges for enriched MPAs. Taken
together, we assume that the functional implications of distal MPAs, unlike proximal
ones, are debatable. Finally, we also analyze pathways with single targets. Theoretical
studies show that the regulation of single important proteins can have a dramatic ef-
fect on the network dynamics (see, e.g. (8)). From this perspective, it is interesting to
realize that MPA with single targets are specifically linked to the ’regulation of apop-
tosis’ (see Figure 5.4). Note that all these results are, due to the HITS CLIP resource,
restricted to miRNA control in mouse brain. Our proximity score complements the
computational toolbox to identify miRNA-pathway associations. It is an alternative
measure to the established enrichment score and based on the hypothesis that a func-
tional relationship is probable if the targets of a miRNA 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. Re-
finements of our 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 acti-
vations and more complex target patterns. Finally, our score could be used to boost
target prediction by filtering out proximal patterns.

5.3 Material and Methods

5.3.1 MicroRNA data

Human and mouse miRNAs were extracted from the miRBase database (82), which
is a collection of published miRNA sequences and annotation. As there is strong evi-
dence that miRNAs can act in concert with each other, miTALOS also provides a list
of predefined miRNA clusters. MiRNA clusters are defined as a set of miRNAs, where
each member is having at least one other member of the same cluster within 5kb dis-
tance according to chromosomal locations. Chromosomal positions of all human and
mouse miRNAs were obtained from the miRBase database.
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5.3.2 MicroRNA target prediction

The miTALOS web resource uses several target prediction methods to infer miRNA
target transcripts: TargetScanS (162), RNA22 (61), PicTar (149), PiTa (127), Target-
Spy (255). Sethupathy et al. (238) showed that the intersection of the prediction tools
can yield improved specificity with only a marginal decrease in sensitivity relative to
any individual algorithm. MiTALOS can handle this issue by generating intersections
from at least two prediction methods. Hausser et al. (91) analyzed different features
of miRNA targets and showed that TargetScanS has the best performance on different
data sets. Therefore, TargetScanS was defined as the default prediction method for
miTALOS and used for the case study.

5.3.3 Tissue expression profiles

MiRNA and their corresponding target transcripts show a highly tissue-specific ex-
pression pattern. We used the tissue atlas provided by (257) to filter potential miRNA
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. We mapped the
predicted miRNA target transcripts 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 (186).

5.3.4 Signaling pathways

For the functional analysis of miRNA-pathway associations, miTALOS offers two dif-
ferent resources of signaling pathway. All non-metabolic pathways for human and
mouse were integrated from KEGG (121). The KEGG Pathway database is a col-
lection of manually curated pathway maps for various genomes. For the analysis of
human miRNA regulation, we also included signaling pathway information from NCI
PID (230). NCI PID is a manual collection of biomolecular interactions and key cel-
lular processes assembled into signaling pathways. The database is curated by Nature
Publishing Group editors and reviewed by experts in the field.
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5.3.5 Enrichment score

The identification of miRNA-pathway associations by miTALOS is obtained using two
different approaches. A first approach use the number of target genes in a specific path-
way to calculate an enrichment score. Here, we assume that miRNAs target specific
pathways to influence specific functions of the cell by the sheer number of target tran-
script. Calculating the enrichment of targets TPi in a pathway i with Pi proteins leads
to an enrichment score E, which has been used in previous studies:

E =
TPi/Pi

TP/P
.

where TPi is the number of targets in pathway i, Pi is the number of all proteins in
pathway i, TP is the number of all targets in all pathways and P the number of all
protein in the KEGG or NCI PID pathways. The significance is obtained by Fisher’s
exact test (66), corrected by the Benjamini-Hochberg procedure (13).

5.3.6 Proximity score

We assume that some miRNAs target signaling cascades in a proximal manner. To
reveal pathways with proteins that function in a proximal manner and are targeted by
the same miRNA, we introduce a proximity measure P . Let us consider a pathway i

with Pi proteins and TPi targets of a specific miRNA, we can determine the distances
dxy between all TPi(TPi − 1)/2 pairs of targets x, y (x ̸= y) in the corresponding sig-
naling pathway. To condense this set of distances for a miRNA pathway pair into a real
number in [0, 1], we calculate the minimal distance for each target x. The proximity
score P is then defined as the mean of all minimal distances < dxy > as the power of
base α. The proximity score P is the defined as:

P = 1− < α−dxy >xy .

The base α can be chosen appropriately to ensure a reasonable separation of the dis-
tances occurring in the network. Based on the observed distance scores, we chose α

= 1.1. In order to obtain significant miRNA-pathway associations we perform random
sampling. For each pathway i and specific number of targets, we randomly choose
10.000 times miRNA targets and calculate the corresponding proximity scores P .
These samplings are then used to calculate the p-values by counting the number of
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proximity scores that are less than the original score divided by 10.000. Final p-values
were then corrected by the Benjamini-Hochberg procedure.

5.4 Conclusions and Outlook

Within this Chapter, we link miRNAs and signaling pathways with a novel proximity
measure going beyond the common enrichment approach by incorporation the topol-
ogy of the underlying network. Applying the proximity score to a global set of ex-
perimentally validated miRNA targets, we identify miRNA-pathway associations that
differ from those inferred with the conventionally used enrichment score. This find-
ing indicates the existence of additional subclasses of miRNA pathway associations in
addition to the enrichment of miRNA target pattern. A gene ontology analysis reveals
that proximal target patterns correspond to a specific function in cell signaling. Sum-
marizing, the application of concepts from graph theory to signal transduction allows
the identification of novel miRNA-pathway associations. Furthermore, we presented
the miTALOS web server that provides novel features for the functional analysis of
miRNA-mediated regulation in biological pathways. MiTALOS offers two different
methods and pathway resources to identify signaling pathways altered by the expres-
sion of miRNAs. The two measures provide significant miRNA-pathway associations
for two alternative forms of miRNA control. As miRNAs and their target genes show
highly tissue-specific expression signatures, miTALOS provides a tissue filter. This is
a novel feature in contrast to already existing resources, where the functional analysis
is corrupted by targets that are not expressed in the tissue under consideration. In a
functional analysis of prostate cancer related miRNAs, we showed the benefit of the
novel features to identify biological meaningful miRNA-pathway associations. Given
the increasing amount of evidence that miRNAs have an important impact on signal-
ing pathway regulation, miTALOS provides a substantial support to infer systematical
insights of miRNA-mediated regulation. More generally, we think that the concept of
proximity can serve as a powerful tool to identify patterns in networks beyond miRNA
regulation in signal transduction. For drug targets in metabolic networks or disease
genes in signaling pathways, our tool might generate useful hypothesis beyond the
commonly used enrichment method. In the following chapter, we study the regulatory
role of miRNAs not from a large-scale point of view but rather analyze the impact of
miRNAs on the the dynamic of phosphorylation processes in signal pathways.
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6 Mathematical models of
microRNA-mediated regulation in
signaling pathways

6.1 Background

Inhibition of miRNA biogenesis clearly reveals that miRNAs are essential for diverse
cellular processes ranging from proliferative, differentiation to apoptosis (138). Var-
ious studies showed that miRNA expression and maturation is induced by signaling
pathways (48; 202; 259), more importantly it was shown that miRNAs emerge as
regulators of signaling proteins. In zebrafish, miR-9 has been shown to regulate sev-
eral components of the FGF signaling pathway, and thus controls neurogenesis in the
midbrain-hindbrain domain during late embryonic development (160). In another re-
cent example, Ivanovska and colleagues (109) showed that miR-106b has a severe
impact on the tumor cell proliferation by targeting p21. In fruit fly, miR-8 target both
a transmembrane protein and a transcription factor of the WNT signaling pathway and
hereby antagonizes the pathway at multiple levels (125). The work of Ricarte-Filho et
al. (220) indicated that let-7 inhibits the activation of the RET/PTC-RAS-BRAF-ERK
cascade exemplifying direct influence of a single miRNA on a pathway cascade.

Despite these studies, the functions of miRNAs within cells remain largely un-
charted. Uncovering the function of individual miRNAs is challenging: First, each
miRNA has numerous targets that have diverse functions. Second, miRNAs have a
strong impact on the signal transduction, the degree of downregulation often tends to
be quantitatively modest (106). A miRNA typically down-regulates most of its target
transcripts by less than 50% (8). This consideration suggests that although many genes
are predicted to be miRNA targets, only a fraction of these interactions may have an
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impact on biological responses and phenotypes (164).

In this chapter, we analyze the impact of miRNAs on pathway dynamics studying
two different models. In a first model, we use a signaling cascade to study the differ-
ences between a system without miRNA regulation to a pathway cascade targeted by
miRNAs. Altering the pathway readout from a steady state level, we are able to show
that miRNAs decrease the time of dimming the signal, where the recovery time of the
systems is unaltered. In further analysis, we adapt this cascade to a full model of the
gp130-STAT3 pathway by integrating receptor activation as well as negative feedback.
We observe time-resolved data after IL-6 stimulation in primary mouse hepatocytes.
Using this time-series data, we study the phospho-dynamics as well as the impact of
miRNAs on the pSTAT3/STAT3 ratio in cytoplasm. Therefore, we analyze the effect of
known miRNA regulation on JAK1 and STAT3. We are able to show that a model in-
tegrating miRNA influence on the pathway results in reliable turnover rates compared
to model without miRNAs. Using the miRNA model, we show that a pre-induced de-
crease of STAT3 changes the overall ratio of pSTAT3/STAT3 in the cell. Moreover,
this effect results in a time shift of the maximal pSTAT3 concentration in cytoplasm.
Finally, the model reveals that induced miRNAs based on active pSTAT3 have no in-
fluence on the pathway dynamics in primary hepatocytes based on IL-6 stimulation.

6.2 Results and Discussion

6.2.1 Dynamical modeling of microRNA-mediated regulation on
protein phosphorylation

The main objective of this section is to study the post-transcriptional regulation of
signaling cascades by miRNAs. In order to get a first understanding of the miRNA
regulation on signaling transduction pathways, we consider a signaling cascade. Stim-
ulation of a receptor leads to the consecutive activation of a protein kinase (see Fig-
ure 6.1). The signal output of this activation is the phosphorylated kinase, which in
turn activates the readout protein that elicits a cellular response (e.g., activation of a
transcription factor). The signal is terminated by an inhibitor, which inhibits the ac-
tivation in a non-competitive manner. This general scheme is representative of many
signaling pathways, for example, growth factors such as PDGF, EGF or IL-6, which
lead to activation of many cytokine receptor systems, regulate growth, survival and
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differentiation. Signals can be terminated by protein-tyrosine, serine-threonine phos-
phatases or degradation. In contrast to expressed phosphatases, proteins such as SOCS
family are transcriptionally induced negative regulators. The SOCS protein family
includes SOCS1-7 and the cytokine inducible SH2 domain-containing protein (CIS).
After cytokine stimulation, the expression of SOCS/CIS genes is rapidly induced via
the gp130-STAT3 pathway displaying a classical example of negative feedback loops
(275).

Stimulus

P-KinaseKinase

InhibitormRNA

mRNA Protein P-Protein

miRNA Inhibitor

mRNA

miRNA Kinase

Figure 6.1: General model of miRNA regulation in a phosphorylation cascade. A stimu-
lation of a receptor leads to the consecutive activation of a down-stream protein
kinase, which in turn can phosphorylate a protein that elicits a cellular response,
e.g. activation of a transcription factor. The signal is terminated by an inhibitor,
which inhibits the activation in a non-competitive manner. MiRNAs inhibit the
translation process of the kinase and inhibitor by decreasing the mRNA levels. In
order to study the differences in gene and miRNA-mediated regulation, we shut-
down the pathway signal either by upregulating the miRNA Kinase (Kin down
miRNA) or downregulating the miRNA Inhibitor (Inh down miRNA). Altering
the mRNA levels, we shut down the signal by increasing the inhibitor (Ind down)
or decreasing the kinase (Kin down).

The schematic representation (Figure 6.1) is transferred into an ordinary differential
equation (ODE) model following mass action kinetics mostly. For model simplifica-
tion, we use Michaelis-Menten kinetics for all phosphorylation reactions (see Material
and Methods for a detailed description). We randomly select turnover rates for all mR-
NAs and proteins between 1h and 24h, as well as between 8h and 24h for miRNAs
regulating the kinase and inhibitors to cover the common range of signaling-related
mRNAs, proteins and miRNAs (15; 159; 187). Obtaining a set of turnover rates, we
first determine the steady-state of the system, in a next step we then shut down the
pathway signal to 50% either by altering the kinase or the inhibitor concentration. Fi-
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nally, we recover the system by turning off the introduced regulation on the kinase or
inhibitor. To compare both scenarios either of gene regulation or miRNA regulation
we calculate the time to shutdown the signal to 75% (shutdown time). Based on the re-
sulting new steady-state level of 50% we calculate then the recovery time of the signal
to reach again a signal strength of 75% (see Figure 6.2).

Figure 6.2: Illustration of the pathway shutdown and recovery. Starting from a steady-
state level at 100% of the pathway signal, we reduce the signal strength to a new
steady state level at 50% by either alter the mRNA or miRNA expression of the
kinase or inhibitor. The shutdown time is defined by the time until the signal is
reduced to 75%. Recover the pathway signal from its new steady-state level at
50%, we measure then the time until the signal reach again 75% of its original
strength and define this as recovery time.

MicroRNAs align the pathway shutdown speed

To analyze the impact of miRNAs on the pathway signal, we compare the signaling
cascade regulated by miRNAs with the same cascade by changing the gene production
of the kinase and inhibitor. To study the influence of the turnover rate, we sample
10.000 different turnover rates for mRNA and proteins. After determination of the
initial steady-state of the signal cascade for each set of turnover rates, we either alter
the kinase or inhibitor by changing the gene production or miRNA impact to shutdown
the pathway signal to 50% (see Figure 6.2). Figure 6.3 shows the obtained shutdown
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Figure 6.3: Shutdown and recovery time of a pathway signal. (A) Shutdown time of the
pathway signal either by regulating the inhibitor via mRNA expression (Inh down)
or miRNA (Inh down miRNA) or the kinase via mRNA expression (Kin down) or
miRNA (Kin down miRNA). (B) Recovery time of the pathway signal either by
regulating the inhibitor via gene regulation (Inh rec) or miRNA (Inh rec miRNA)
or the kinase via gene regulation (Kin rec) or miRNA (Kin rec miRNA).

time for the four different regulation mechanisms. The result shows that the shutdown
time for the pathway by altering the inhibitor (Inh down) is much faster compared to
the kinase (Kin down). This result is in line with a previous work (159), which shows
the same effect for a single protein phosphorylation. On average, the shutdown is three
times slower via the kinase compared to the inhibitor. This strong difference could be
explained by the different regulation. To shutdown the signal via the kinase, the kinase
has to be degraded whereas the inhibitor concentration has to be increased. Therefore,
the time difference can be explained by an in general faster production process.

Comparing the differences for kinase and inhibitor regulated by miRNA, we show
that both mechanisms result in similar shutdown speed (average difference less than
four minutes). To shut down the signal via the inhibitor either the inhibitor concentra-
tion has to be increased or the miRNA concentration has to be decreased. Interesting,
the fast production speed compared to the very slow miRNA degradation has no ef-
fect on the shutdown time. These results show that altering the pathway signal via
the kinase or the inhibitor has an extreme effect on the response time of the path-
way. Moreover, we are able to show that altering the pathway by miRNA-mediated
regulation clear this time difference. One explanation could be that differences in the
steady-state level are responsible for a fast shutdown even via miRNA degradation.
Another explanation could be some dependencies in the turnover rates. Analyzing the
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A B C

Shutdown via miRNA regulation

of the Kinase or Inhibitor

Recovery via miRNA and mRNA 

regulation of the Inhibitor

Recovery via miRNA regulation

of the Kinase or Inhibitor

Figure 6.4: Correlations between parameter. (A) Correlation between miRNA turnover of
the Inhibitor and the Kinase. The blue color indicates a time difference in the
shutdown via miRNA regulation of the inhibitor or the kinase by less than 10
minutes, whereas red shows a faster shutdown via the inhibitor and green via the
kinase, respectively. (B) Correlation between the protein and mRNA turnover
rate of the inhibitor. The blue color indicates a difference in the recovery time of
the system via the miRNA or gene regulation of the inhibitor between 10 and 20
minutes. Red indicates less than 10 and green more than 20 minutes, respectively.
(C) Correlation between the miRNA and protein turnover rate of the kinase. The
blue color shows a difference in the recovery time of less than 15 minutes between
gene or miRNA regulation, whereas red indicates a time delay via gene regulation
of more than 15 minutes and green a delay via miRNA, respectively. The turnover
rate is given in hours.

turnover rates in respect to the time differences between a shutdown via miRNA regu-
lation of the kinase or inhibitor, we identify a correlation between the turnover rate of
the inhibitor’s miRNA and kinase protein (see Figure 6.4A). The blue color indicates a
time difference of less than 10 minutes, whereas a faster shutdown via the inhibitor is
indicated in red and green via the kinase, respectively. We obtain a similar correlation
between the turnover rate of the inhibitor’s miRNA and other turnover rates indicating
that a fast miRNA turnover allows a fast shutdown via the inhibitor.

Pathway recovery is unaffected by microRNA regulation

After reducing the pathway signal to 50%, we measure the recovery time of the path-
way to reach again 75% of the steady state level. Figure 6.3B shows the average re-
covery time for the four different regulation mechanisms. One result is that compared
to the shutdown behavior, the recovery time showed a more homogenous pattern. We
obtain almost no time difference between a system altered either by miRNA regulation
of the inhibitor or a gene regulation of the kinase. Moreover, the time average differ-
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ence in the recovery time between miRNA or gene regulation of the inhibitor is around
15 minutes. Figure 6.4B shows the turnover rate for the mRNA and protein turnover of
the inhibitor. We are able to show that a fast degradation of the mRNA leads to a faster
recovery time via gene regulation, whereas a turnover rate of > 15 hours indicates a
faster regulation via miRNAs.

We obtain the largest time difference of the recovery time between miRNA regula-
tion of the inhibitor and kinase (see Figure 6.3B). Analyzing the turnover parameter,
we identify a strong dependency of the protein kinase turnover rate. Figure 6.4C shows
the correlation for this parameter with the kinase miRNA turnover, which is represen-
tative for the other turnover rates. Blue indicates a difference in the recovery time of
less than 10 minutes, whereas red indicates a delay via miRNA regulation of the kinase
and green via the inhibitor, respectively. A fast protein kinase turnover results in no
time differences in the recovery time, whereas a more stable protein leads to a time
delay in the recovery.

In summary, we are able to show that alteration in the concentration of signal trans-
duction proteins and transcripts via gene or miRNA regulation has a severe impact on
the signal maintenance and shutdown. Changes in the intracellular pool of signal trans-
duction activators or inhibitors lead either to a fast signal shutdown via the inhibitor
or a slow signal repression via the activator. We are able to show that an increase in
miRNA concentration also leads to a shutdown but we are not able to identify any dif-
ference in the shutdown time. This result indicates that a context dependent regulation
of either the signal transduction activator or inhibitor has a strong impact on changes
in the signal transduction. Moreover, we show that gene or miRNA regulation lead to
similar recovery times. We identify specific turnover rate ranges, which lead to a con-
text specific increase or delay in the recovery time. This analysis shows that miRNA
regulation an addition layer of transcriptional control allows the cell to respond in
context specific manner. In the next section, we extended this signaling cascade to a
whole pathway model for further analysis of these mechanisms in the context of signal
dynamic and maintenance.

6.2.2 Mathematical modeling of gp130-STAT3 signaling including
microRNA regulation

The gp130-STAT3 pathway is triggered by several different ligands and their corre-
sponding receptors. Beside, growth hormones, the major activators of the gp130-
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STAT3 pathway are members of different cytokine families including INF, IL-6 or EPO
(232). In primary mouse hepatocytes, IL-6 mediates two major responses. First, hep-
atocytes start to produce acute phase proteins upon infection-associated inflammation.
These proteins include complement factors to destroy or inhibit growth of microbes.
Second, IL-6 promotes liver regeneration and protects against liver injury [19]. Upon
binding to its cell surface receptor, IL-6 activates the receptor associated Janus tyro-
sine kinase (JAK) 1 and signal transducer and activator of transcription (STAT) 3. The
latent transcription factor STAT3 is phosphorylated and translocated to the nucleus af-
ter activation. Subsequently STAT3 alters gene expression and activates the negative
feedback protein SOCS, which leads to a shutdown of the signal at receptor level.

We translate the gp130-STAT3 pathway, schematized in Figure 6.5, into an ODE
model using mass action kinetics mostly. For model simplification, we used Michaelis-
Menten kinetics for all phosphorylation and dephosphorylation processes (see Material
and Methods for a detailed description). We introduce miRNA regulation into this sys-
tem by modeling the mRNA:miRNA interaction for JAK1, STAT3 and SOCS3. Free
miRNA in the cytoplasm can bind to free mRNA and therefore form the mRNA:miRNA
complex. Due to technical limitation to resolve the effect of each single miRNA on
these mRNAs, we model the miRNA regulation by combining miRNAs to a whole
miRNA regulation process.

Stimulus

P-Jak1Jak1

Socs3

mRNA

mRNA

mRNA

miRNA Jak1

miRNA Stat3

Stat3 P-Stat3

miRNA Socs3

Figure 6.5: Model of the gp130-STAT3 pathway. Stimulation of the gp130 receptor with IL-
6 activates JAK1. The active JAK1 in form of phosphorylated JAK1 (pJAK1) leads
to an activation of STAT3. The active transcription factor STAT3 (pSTAT3) is
transported into the nucleus and altered gene expression and activates the negative
feedback protein SOCS3. MiRNAs inhibit the translation process of the JAK1,
STAT3, and SOCS3 by decreasing the corresponding mRNA levels.

Primary mouse hepatocytes were stimulated with 1nm lL-6 and protein and phospho-
protein concentration for gp130, JAK1, STAT3 and SOCS3 were measured by quanti-
tative immunoblotting, normalized using calibrator or normalizer proteins as described
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in (231). These measurements were done in the group of Dr. Klingmümller at the
DKFZ in Heidelberg. MRNA concentrations are measured by RT-PCR for mJAK1,
mSTAT3 and mSOCS3. Finally, we used Illumina next-generation sequencing to mea-
sure the miRNA concentration in hepatocytes before and after IL-6 stimulation. These
data were used to calibrate the model and estimate kinetic parameters. Parameters dis-
tributions were estimated using a Markov chain Monte Carlo (MCMC) approach (222).
For each measurement, we assume a normal-distributed error, whereas deviations of
the measured data were fitted within the model (see Material and Method).

log-likelihood = 779.63

Degrees of freedom = 24

Figure 6.6: Best fit of the model without miRNA influence. Predicted time-course of the
gp130-STAT pathway proteins and mRNAs obtained by the pathway model with-
out miRNA influence. The solid line illustrate the best fit and the dashed line show
the two-times standard-deviation of the estimated experimental error.

Influence of microRNAs on mRNA turnover rates

To analyze the effect of miRNAs on the signal dynamics in gp130-STAT3 signaling,
we first fit a model without miRNA regulation to the data. In this model, degradation
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of mRNA is only modeled by a single turnover rate, which summarize all degrada-
tion processes, e.g. decay or even miRNA effects. We estimated parameters using an
MCMC approach to fit the model to the experimental data with independent random
initial parameter guesses. Figure 6.6 shows the best fit obtained by this model. The
gp130-STAT3 model without miRNAs is sufficient in describing the data but estimated
turnover rates for mJAK1, mSTAT3 are less than 1 minute, which not supports previ-
ous work (87). For mSOCS3 we obtain a turnover rate of 7.61 minutes, which is in
line based with previous work (285) (see Table 6.1 for all turnover rates obtained by
both models).

Protein/gene Model Half-life (Model) Half-life (Literature)

PJAK1
without 0.86 h ∼3.2 h (248)

with miRNA 8.4 h

JAK1
without 0.39 h ∼3.2 h (248)

with miRNA 4.3 h

mJAK1
without 3.3−5 h ∼10.3 h (239)

with miRNA 11.5 h

PSTAT3
without 2.6 h ∼4.0 h (129; 248)

with miRNA 3.4 h

STAT3
without 0.6 h ∼4.0 h (129; 248)

with miRNA 3.0 h

mSTAT3
without 3.6−5 h ∼7.1 h (239)

with miRNA 2.4 h

SOCS3
without 0.14 h ∼0.25 h (285)

with miRNA 0.16 h

mSOCS3
without 0.15 h ∼0.25 h (285)

with miRNA 0.24 h

Table 6.1: Estimated half-life of proteins and mRNAs based on the two gp130-STAT3
models. Protein/gene defines the corresponding protein or gene within the gp130-
STAT3 pathway. The capital P defines the phosphorylated protein and the m in
lower case the mRNA transcript. Without defines the model without miRNA reg-
ulation and with miRNA the miRNA-extended model. Half-life shows the turnover
rates in hours.

The resulting kinetic parameters indicate that a single turnover rate is not able to
capture the degradation processes in a biological manner. One explanation could be
that the time-course behavior favors a rapid degradation process to well fit the model
to the data. On the other side, a more complex turnover using miRNA and mRNA
degradation could be able to capture this issue. Therefore, we integrated miRNA-
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mediated mRNA degradations into the model. MiRNA influence is modeled by a
production, turnover, and mRNA:miRNA forming process. Moreover, we model an
mRNA:miRNA complex, which decrease free mRNA and miRNA in the cytoplasm.
We do not model mRNA:miRNA release, as this process is stable and on a large time-
scale compared to the observed time points (169; 183). Obviously, mRNA transcripts
have several different miRNA target sites and could be therefore regulated by different
miRNA simultaneously. As we do not know the exact number of miRNAs regulating
the different gp130-STAT3 transcript, we summarize different miRNAs for a specific
transcript into a single miRNA term.

The miRNA-extended model was fitted to the same time-series data as the model
without miRNA regulation. Figure 6.7 shows the best-fit for the miRNA-extended
model. To compare both models (without miRNA and miRNA-extend), we use the log-
likelihood ratio test (D=0.042, p > 0.99). The result shows that the smaller model with-
out miRNA regulation is not significant better than our miRNA-extended model, Fur-
thermore, we are able to capture the dynamic moments of pJAK1, pSTAT3 and SOCS3,
as well as the expression pattern of JAK1 and STAT3 using the extended model. The
model indicates that IL-6 promotes a rapid increase of pJAK1 and pSTAT3. JAK1
and mRNA expression of JAK1 (mJAK1) show no increase in expression, whereas we
obtain an increase in expression for mSTAT3, but a constant level for STAT3. Phos-
phorylated STAT3 is transported into the nucleus and activates mRNA expression of
SOCS3 (mSOCS3). The model fits the delayed activation pattern of mSOCS3, which
results in a similar pattern for SOCS3. This transmission of activation is supported by a
rapid protein and mRNA turnover of < 10 minutes, which we obtain by our model (see
Table 6.1). The obtained turnover rates for JAK1 (> 260 min) and STAT3 (> 180 min),
respectively for the miRNA-extended model. These predicted turnover rates are in line
with previous work (129; 248) and show the improvement of the miRNA-extended
model. As we model the miRNA-mediated regulation as the total miRNA influence,
we are not able to infer the parameter directly from miRNA data. To obtain miRNA
expression, we fit the initial expression of miRNAs within each run. The model pre-
dicts a constant expression pattern for JAK1-related miRNAs and a slight decrease of
STAT3-related miRNAs. For mSOCS3, the model predicts no miRNA regulation by
setting the mRNA:miRNA binding parameter c8 to 0.
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MiRNA expression profiles confirm model predictions

In order to confirm the predicted miRNA expression levels, Illumina next-generation
sequencing was used to obtain a time-course profile of expressed miRNAs. The ob-
tained expression profiles confirm three findings of the miRNA-extended model: (i)
mJAK1 and mSTAT3 are under miRNA regulation, (ii) experimentally verified miRNA-
target interactions show the predicted time-course expression pattern, predicted by the
miRNA-extended model and (iii) we found no expressed miRNA targeting mSOCS3.
In hepatocytes the turnover rate of mSOCS3 is < 10 minutes. Moreover, the typical
activation time of IL-6 is less than 1 hour. Therefore, one can argue that neither a
gene regulation via changes in transcription factor expression nor a miRNA expression
change is as slow to have a severe impact on SOCS3 expression during this time. Al-
though, a rapid turnover seems to be the optimal regulation process for a rapid feedback
loop such as SOCS3 to shut down the intracellular signal.
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Figure 6.7: Best fit of the miRNA-extended model. Predicted time-course of the gp130-
STAT pathway proteins, mRNAs and miRNAs obtained by the miRNA-extended
model. The solid line illustrate the best fit and the dashed line show the two-times
standard-deviation of the estimated experimental error.

112



6.2. RESULTS AND DISCUSSION

Using the set of highly expressed miRNAs, we identified several experimentally val-
idated interactions with STAT3. The miRNA expression profiles for STAT3 related
miRNAs show a constant expression pattern with a decrease after 1h, which is in line
with our model predictions. Based on these profiles, we can exclude a negative feed-
back mechanism accomplished by miRNAs, but rather miRNAs could be responsible
to prevent expression over-bursts of mSTAT3. This mechanism was recently described
as a common function for miRNAs (204). JAK1 shows a similar expression profile as
STAT3. Using the set of experimentally validated miRNA interaction, we identified
several miRNAs, which target both Jak1 and Stat3. This finding indicates that JAK1
and STAT3 are regulated by the same miRNA. In future, we will alter the miRNA ex-
pression levels of these miRNA candidates to study the resulting changes in JAK1 and
STAT3 expression in vitro, as well as the resulting effects on the pathway dynamic.
So far, our miRNA extended model confirms the measured miRNA expression and
identified mRNA and protein turnover rates, which comply with literature data. In the
following, we will use this model to study the impact of changing miRNA expression
on the phospho-dynamic after IL-6 stimulation in mouse hepatocytes.

6.2.3 JAK1-related microRNAs have a severe impact on signal
dynamic and strength

To study the impact of JAK1-related miRNAs on the pathway dynamic, we analyze two
scenarios: Case (i) JAK1-related miRNAs are expressed as a feedback of active STAT3,
which results in a downregulation of JAK1; Case (ii) alteration in the expression profile
of pre-induced miRNAs results in changes in JAK1 and STAT3 expression (see Figure
6.8). In a recent work Dai and coworkers (45) showed that miR-17 is induced by
STAT3, which is among the highly expressed miRNAs in primary hepatocytes. In order
to analyze the effect of STAT3 induced miRNAs, we altered the miRNA-extended
model by linking the production rate to the pSTAT3 concentration.

Figure 6.7 shows the result of the best fit and indicates that a PSTAT-coupled in-
crease of JAK1-related miRNAs has no effect on the phosphorylation of pJAK1 and
pSTAT3. As expected, we see a decrease in expression of mJAK1 based on strong
increase of miRNAs during 20 to 40 minutes. An explanation for the stable phospho-
rylation process is its speed. Even a fast miRNA regulation process is too slow to have
a severe impact on the phospho-cascade. Moreover, we observe a phosphorylation
peak around 20 minutes, whereas pSTAT3 activated feedbacks like SOCS3 or JAK1
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Figure 6.8: Modification of the gp130-STAT3 pathway. In order to study various cases
of miRNA-mediated regulation, we modify the original miRNA-extended gp130-
STAT3 pathway model. Case (i) illustrates the linkage of miRNA Jak1 expression
to active P-Stat3. For case (ii) we increase the miRNA Jak1 expression before
IL-6 stimulation. Case (iii) illustrates the linkage of miRNA STAT3 expression
to active P-Stat3 therefore describing a direct positive feedback loop, whereas we
increase the miRNA Stat3 expression before IL-6 stimulation for case (iv).

miRNAs have an expression peak around 30 to 40 minutes. This activation pattern is
too late to alter the phosphorylation of pJAK1 and pSTAT3. In summary, we were able
to show that JAK1-related miRNA activated by the transcription factor STAT3 have
no impact on the phosphorylation of pJAK1 and pSTAT3 during the IL-6 stimulation.
In a further analysis, we study the effect of pre-induced miRNAs. Therefore, we use
the miRNA-extended model and decrease the expression of mJAK1 and JAK1 at time
point 0h. This procedure simulates an increase of miRNA expression levels before IL-
6 stimulation. We decrease the expression of mJAK1 and JAK1 to 30% of the original
initial condition. The resulting simulation of the miRNA-extended model indicates a
decrease of pJAK1 and pSTAT3 expression of 37% (see Figure 6.9). In addition, we
observe a time delay in the activation peak for pJAK1 and pSTAT3 of 13%. This result
indicates that a decrease in mRNA expression, induced by miRNAs, leads to a decrease
of pJAK1 expression in a similar amount. Moreover, this illustrates that the saturation
level of pJAK1 is already reached in the normal system and alteration of JAK1 has
therefore a severe impact of the signal dynamic and strength.
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Figure 6.9: Impact on the signal dynamic by altering JAK1 expression. We iteratively
alter JAK1 protein and mRNA expression before the IL-6 stimulation. (A) shows
the pJAK1 expression by setting JAK1 mRNA and protein from 100% to 10% of
the initial concentration. (B) shows the pSTAT3 expression and (C) SOCS protein
expression predicted by the miRNA-extended model. The x-axis shows the time
in hours and the y-axis the concentration of the corresponding protein.

6.2.4 Simulation of STAT3-related microRNAs identify a low level
of activated STAT3

To study the impact of STAT3-related miRNA, we again study two scenarios: Case
(iii), miRNAs regulating mSTAT3 are expressed as a feedback of active STAT3, which
results in a downregulation of STAT3. Case (iv) alteration in the expression profile of
pre-induced miRNAs results in changes in STAT3 expression. To analyze the effect
described in case (iii) we modified the miRNA-extended model by linking the produc-
tion rate to the pSTAT3 concentration (see Figure 6.8). This case study confirms the
findings for JAK1-related miRNAs. Again, we do not observe any effect on the phos-
phorylation of pJAK1 and pSTAT3. As expected, we also see a decrease in expression
of mSTAT3 based on strong increase of STAT3 miRNAs during 20 to 40 minutes.
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Figure 6.10: Impact on the signal dynamic by altering STAT3 expression. We iteratively
alter STAT3 protein and mRNA expression before the IL-6 stimulation. (A)
shows the pSTAT3 expression by setting STAT3 mRNA and protein from 100%
to 10% of the initial concentration. (B) shows the SOCS3 protein expression.
The x-axis shows the time in hours and the y-axis the concentration of the corre-
sponding protein. (C) Resulting pSTAT3/STAT3 ratio for setting STAT3 mRNA
and protein from 100% to 1% of the initial concentration (x-axis). Y-axis shows
the relative ratio compared to the original pSTAT3/STAT3 ratio.

These findings complete the overall result that an increase in miRNA expression in-
duced by pSTAT3 has no effect on the phosphorylation processes in IL-6 dependent
activation of gp130-STAT3 in mouse hepatocytes. As we detected several STAT3-
related miRNAs in the expression profiles of mouse hepatocytes, we next study the
influence of pre-induced miRNAs. Again, we use the miRNA-extended model and de-
crease the expression of mSTAT3 and STAT3 to 30% of the original initial condition at
time point 0h. The simulation of the miRNA-extended model indicates a decrease of
expression of 49% for pSTAT3 (see Figure 6.10A). SOCS3 has half of its expression
level compared to an unaltered system (see Figure 6.10B). Compared to the JAK1 in-
ference by miRNAs, we obtain no time delay for pSTAT3 and only a small delay of 3%
for SOCS3. The results show that the amount of downregulation of STAT3 before stim-
ulation is not complete transferred after the stimuli. A combination of two factors can
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be promote this outcome: first, the saturation level of pSTAT3 in the original system is
not reached and second, the pJAK1 concentration is not altered by STAT3-related miR-
NAs. In this case free STAT3 can be phosphorylated by the gp130 receptor and pJAK1.
To study the saturation level of pSTAT3, we analyze the ratio between pSTAT3/STAT3.
Therefore, we iteratively reduce the concentration of mSTAT3 and STAT3 before IL-6
stimulation up to 1% of the initial value. We identify then the maximal concentration
of pSTAT3 and calculate the pSTAT3/STAT3 ratio. Figure 6.10C shows the obtained
ratio values for 100% to 1% of the original mSTAT3 and STAT3 concentration. We
obtain an increase in relative pSTAT3 concentration for a reduced initial start value
of up to 18%, followed by a sharp decrease in relative pSTAT3. This finding indi-
cates that only 20% of STAT3 proteins are activated by phosphorylation. This finding
can explain our observation of a reduction of 50% for pSTAT3 while STAT3 was set
to 30% of the initial concentration. Moreover, we argue that these results show that
STAT3 regulation via miRNAs has no severe impact on the overall pSTAT3 activation
but rather miRNA regulation prevent of pSTAT3 and STAT3 expression overshooting.

6.3 Material and Methods

6.3.1 Mathematical model

For the analysis of the miRNA influence on the dynamics of the signaling cascade we
set up two different models. Model 6.1 reflects a signaling cascade schematized in
Figure 6.1, whereas Model 6.2 represents the gp130 receptor pathway stimulated by
IL-6. Within this model, we integrated miRNA influence on central pathway position
such as JAK1, STAT3, and SOCS3 to study the impact on the signal dynamic.

Signaling cascade

We set up a mathematical model of non-linear ordinary differential equations (ODEs)
in order to analyze the impact of miRNAs on a signaling cascade. Therefore, we de-
fine a signaling cascade by taking one protein-kinase, one protein-inhibitor and one
readout protein. Upon receptor stimulation [R], the protein kinase (e.g. JAK1), which
is translated from its mRNA, is phosphorylated. The readout protein that elicits a cel-
lular response (e.g., activation of a transcription factor STAT3) will then be activated
by the protein kinase. In order to suppress or turn out the signal, we added an inhibitor
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(e.g. SOCS3) to the system, which inhibits the activation of the readout protein by a
non-competitive inhibition. The non-competitive inhibition, phosphorylation as well
as the dephosphorylation is modeled by Michaelis-Menten Kinetics. For the remaining
model we use mass action kinetics. Equation 6.1 shows the final model and all param-
eters. In order to study the differences between a miRNA-environment and a system
without miRNAs, we used the model described in Equation 6.1. For a system without
miRNAs, we turn off the miRNA influence by setting c6, and c8 to 0.

d[P−Kinase]
dt

= a1[R][Kinase]
KI+[Kinase]

− b1[P −Kinase]− v1[P−Kinase]
KIII+[P−Kinase]

d[P−Protein]
dt

= a2[Protein][P−Kinase]

(KII+[Protein])
(
1+

[Inhibitor]
K2

) − b2[P − Protein]− v2[P−Protein]
KIV +[P−Protein]

d[Kinase]
dt

= a3[mKinase]− b3[Kinase]− a1[R][Kinase]
KI+[Kinase]

+ v1[P−Kinase]
KIII+[P−Kinase]

d[Protein]
dt

= a4[mProtein]− b4[Protein]− a2[Protein][P−Kinase]

(KII+[Protein])
(
1+

[Inhibitor]
K2

) + v2[P−Protein]
KIV +[P−Protein]

d[Inhibitor]
dt

= a5[mInhibitor]− b5[Inhibitor]
d[mKinase]

dt
= a6 − (b6 + c6[miRKinase])[mKinase]

d[mProtein]
dt

= a7 − b7[mProtein]
d[mInhibitor]

dt
= a8 − (b8 + c8[miRInhibitor])[mInhibitor]

d[miRKinase]
dt

= a9 − b9[miRKinase]− c6[miRKinase][mKinase]
d[miRInhibitor]

dt
= a10 − b10[miRInhibitor]− c8[miRInhibitor][mInhibitor]

(6.1)

gp130-STAT3 model

In addition, to the signaling cascade, we study the impact of miRNAs on the gp130-
STAT3 pathways, especially on the IL-6 stimulated gp130 receptor. In this setting, we
slightly adapt the model 6.1. Figure 6.5 shows a schematic illustration of the gp130
receptor pathway. The activation of the kinase JAK1 is modeled by an active receptor
gp130 and a non-competitive inhibition by SOCS3. The activation of the negative
feedback loops of SOCS3 is modeled by the parameter a8 and the concentration of
[P −STAT3], in which a8 comprises the nuclear import of activated P-STAT3. Again,
we study the impact of miRNAs in the gp130-STAT3 pathway, we distinguish between
two alternative models (’without miRNAs’ and a miRNA-extended model). In case of
the ’without miRNA’ model, we set c6, c7 and c8 to 0 in order to turn off the miRNA
influence on the system.
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d[P−JAK1]
dt

= a1[R][JAK1]

(KI+[JAK1])
(
1+

[SOCS3]
K1

) − b1[P − JAK1]− v1[P−JAK1]
KIII+[P−JAK1]

d[P−STAT3]
dt

= a2[STAT3][P−JAK1]

(KII+[STAT3])
(
1+

[SOCS3]
K2

) − b2[P − STAT3]− v2[P−STAT3]
KIV +[P−STAT3]

d[JAK1]
dt

= a3[mJAK1]− b3[JAK1]− a1[R][JAK1]

(KI+[JAK1])
(
1+

[SOCS3]
K1

) + v1[P−JAK1]
KIII+[P−JAK1]

d[STAT3]
dt

= a4[mSTAT3]− b4[STAT3]− a2[STAT3][P−JAK1]

(KII+[STAT3])
(
1+

[SOCS3]
K2

) + v2[P−STAT3]
KIV +[P−STAT3]

d[SOCS3]
dt

= a5[mSOCS3]− b5[SOCS3]
d[mJAK1]

dt
= a6 − (b6 + c6[miRJAK1])[mJAK1]

d[mSTAT3]
dt

= a7 − (b7 + c7[miRSTAT3])[mSTAT3]
d[mSOCS3]

dt
= a8[P − STAT3]− (b8 + c8[miRSOCS3])[mSOCS3]

d[miRJAK1]
dt

= a9 − b9[miRJAK1]− c6[miRJAK1][mJAK1]
d[miRSTAT3]

dt
= a10 − b10[miRSTAT3]− c7[miRSTAT3][mSTAT3]

d[miRSOCS3]
dt

= a11 − b11[miRSOCS3]− c8[miRSOCS3][mSOCS3]
(6.2)

In order to study the cases of PSTAT3 dependent miRNAs, we modify the model by
linking the miRNA production rates to the P-STAT3 concentration:

d[miRJAK1]
dt

= a9[PSTAT3]− b9[miRJAK1]− c6[miRJAK1][mJAK1]
d[miRSTAT3]

dt
= a10[PSTAT3]− b10[miRSTAT3]− c7[miRSTAT3][mSTAT3]

(6.3)
where a9 is the production rate of miRJAK1, b9 the turnover rate, and c6 the mRNA:miRNA
binding factor of miRJAK1 and mJAK1. For miRSTAT3, a10 defines the production
rate, b10 the turnover rate, and c7 the mRNA:miRNA binding factor.

6.3.2 Parameter estimation

For the signaling model, we used a simulated annealing approach (133) to obtain the
parameter. Parameter for phosphorylation and dephosphorylation were adapted from
(128). Production rate for miRNA was set to 5 times the mRNA production rate,
similar to (161). Turnover rates for proteins and mRNAs were set between 1 and 24
hours. miRNA turnover were set between 8 and 24 hours. We sample 10.000 turnover
rates for proteins, mRNAs and miRNAs and determine the steady-state level of the
system. Simulated annealing is then used to obtain the new production parameter
for either mRNAs or miRNAs to shutdown the pathway signal to 50% based on the
original steady-state level.
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For the gp130-STAT3 model we used a Markov chain Monte Carlo approach (222)
to first estimate parameters for three submodules containing either all JAK1, STAT3
or SOCS3 reactions. Based on these first parameter distributions, we define parame-
ters prior based on the MCMC results for all parameters except miRNA related ones.
Finally, we combine the three submodules into one whole gp130-STAT3 model and
using a simulated annealing approach with normal distributed prior weights for the
parameter. We then minimize the error of the sum of weighted residuals between the
measurements and the model trajectory. For each measurement we assume a normal-
distributed error, whereas deviations of the measured data error were fitted within the
model.

6.3.3 Quantification of (phospho)-proteins

Cytosolic extracts of 2x106 hepatocytes were prepared. Lysates were then centrifuged
and supernatants were used as cytosolic fraction for immunoprecipitation. For quan-
tification of recombinant proteins, a dilution series of the respective recombinant cali-
brator protein and a BSA standard series were separated by SDS-PAGE. Randomized
quantitative immunoblotting data was processed using GelInspector software (231).
The addition of normalizers allowed for quality control and normalization of the raw
data. The following normalizers were used: GST-gp130 for gp130 and pgp130, GST-
JAK1 for JAK1 and pJAK1, GST-STAT3 for STAT3 and pSTAT3 as well as SBP-
SOCS3 for SOCS3. Immunoprecipitation was performed with an equivalent of 2x106

cells by adding target-specific antibody and Protein A sepharose to the lysate. For
computational data normalization, recombinant calibrator proteins were added to im-
munoprecipitations.

6.3.4 Quantification of mRNA transcripts

Quantitative two-step RT-PCR was performed using a LightCycler 480 in combination
with the hydrolysis-based Universal ProbeLibrary platform. In general, qRT-PCR am-
plifications were performed in 96-well format according to the manufacturer’s manual.
Crossing point values were calculated using the Second Derivative Maximum method
of the LightCycler 480 Basic Software. PCR efficiency correction was performed for
each PCR setup individually based on a dilution series of template cDNA (170). Rela-
tive concentrations were normalized using HPRT as a reference gene (260; 276).
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6.3.5 llumina next-generation small RNA sequencing

In the analysis, we stimulate hepatocytes with 1 nM IL-6 for 1 h, 2 h and an unstimu-
lated control (0 h) each performed in duplicates. For each time point total RNA from
2x106 primary hepatocytes was isolated using the RNeasy Mini Kit. RNA from all
plates was extracted in parallel according to the manufacturer’s instructions for ad-
herent cells. To eliminate traces of DNA, on-column digests using the RNAse-Free
DNAse Set were performed. Finally Small RNA Sample Prep Kit was used to ex-
tract small RNA. For data processing miRanalyzer (88) was used to extract miRNA
time-course data.

6.4 Conclusions and Outlook

Within this chapter, we analyze the post-transcriptional regulation of signaling path-
ways by miRNAs. We first study a signaling cascade, which is representative of many
signaling pathways. We show that alteration of signal transduction proteins and tran-
scripts via gene or miRNA regulation has a severe impact on the signal maintenance
and shutdown time. Changes in the expression of signal transduction activators or
inhibitors leads either to a fast signal shutdown via the inhibitor or a slow signal re-
pression via the activator. We show that gene or miRNA regulation leads to similar
recovery times of the signal. We identify specific turnover rate ranges, which lead to a
context specific increase or delay in the recovery time. Extending the pathway model
to a whole model of the gp130-STAT3 pathway, we study the impact of miRNAs on
the signal dynamic after IL-6 stimulation. We calibrate the model to time-course data
from primary mouse hepatocytes and predict a global miRNA influence for JAK1 and
STAT3, which is validated by miRNA expression profiles. Moreover, we can show that
IL-6 induced miRNAs have no influence on the signal dynamic, whereas pre-induced
changes in miRNA expression lead to an alteration of the pSTAT3/STAT3 ratio having
a strong impact on the signal dynamic. These analyses show that miRNA regulation
as an addition layer of transcriptional control allows the cell to alter the signal trans-
duction in context specific manner. In future work, we will experimentally confirm our
prediction made by the gp130-STAT3 model. Therefore, we will use siRNA knock-
down experiments to alter JAK1 or STAT3 expression. From a theoretical point of
view, we can extend the model in two directions. First, we can refine and extend the
model to describe the receptor binding complex and the STAT3 nucleus transport in
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more detail. Second, one can use different mathematical approaches such as stochas-
tic differential equation to analyze the stochastic fluctuation of chances in mRNA and
protein expression during the active signaling pathway. In the next chapter, we present
a novel unsupervised method to analyze multi-scale data. Using this approach, we are
able to study the multi-layered and temporal responses of active signaling pathways.
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7 Unsupervised method for the
analysis of multi-scale data

7.1 Background

With the availability of high-throughput ‘omics’ data, more and more methods from
statistics and signal processing are applied in the field of bioinformatics (262). Direct
application of such methods to biological data sets is essentially complicated by three
issues, namely (i) the large-dimensionality of observed variables (e.g. transcripts or
metabolites), (ii) the small number of independent experiments and (iii) the necessity to
take into account prior information in the form of e.g. interaction networks or chemical
reactions.

While (i) may be tackled by targeted analysis, feature selection or efficient dimen-
sion reduction methods, the issue of low number of samples (experiments) may hinder
the transfer of methods. For example, with cDNA microarrays, the number of genes
(p) is usually much larger than the experiment size n (number of arrays). Quantita-
tive data from experiments are often classified as small-n-large-p problems (142) and
algorithms that are currently being developed are tailored for such kind of data. De-
tailed prior information is in general best handled by Bayesian methods (73), which
are however not straight-forward to formulate in small-n-large-p problems.

Here, we focus on the unsupervised extraction of overlapping clusters in data sets
exhibiting properties (i-iii). If applied to gene expression profiles acquired by mi-
croarrays or metabolic profiles from mass spectrometry, we can interpret these clus-
ters as jointly acting species (cellular processes). While partitioned clustering based
on k-means (263) or hierarchical clustering (54) has been successful in some do-
mains and is often the initial tool of choice for data grouping, overlapping clusters
are better described by fuzzy techniques (71) or linear models (126). Focusing on
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the latter, we can essentially summarize these techniques as matrix factorization al-
gorithms. Constraining the factorization using e.g. decorrelation, statistical indepen-
dence or non-negativity then leads to algorithms like principal component analysis
(PCA), independent component analysis (104) and nonnegative matrix factorization
(155), respectively. Although such methods are successfully applied in bioinformatics
(167; 229; 266), they partially run into issues (i-iii) as described above. In particular, it
is not clear how to include prior knowledge, which has been a quite successful strategy
in other contexts (258). A first step towards this direction is network component anal-
ysis (NCA) (20; 166). It integrates prior knowledge in form of a multiple-input motif
to uncover hidden regulatory signals from the outputs of networked systems. Hence,
it focuses on the estimation of single gene’s expression profiles, not in a linear decom-
position of a data set into overlapping clusters. NCA poses strict assumptions on the
topology of this predefined network, which makes it hardly applicable to mammalian
high-throughput ‘omics’ data. Moreover, feedbacks from the regulated species back
to the regulators are treated only as ‘closed-loops’, without explicitly modeling the
feedback structure.

To overcome these constraints, this contribution provides a novel framework for the
linear decomposition of data sets into expression profiles. We present a new matrix
factorization method that is computationally efficient (i), able to deal with the low
number of experiments (ii) and includes as much prior information a possible (iii). In
order to achieve computational efficiency coupled with robust estimation, we use de-
layed correlations instead of higher-order statistics. In signal processing, this strategy
has been shown to be advantageous (12; 271) for two reasons: such methods use more
information from the data without over-fitting it, and they are second order and there-
fore computationally efficient. This is crucial for the application to microarray data,
since dimensionality tends to be high in this environment.

However, delayed correlations can usually not be computed in the case of biologi-
cal high-throughput experiments such as in microarray samples. While time-resolved
experiments may provide correlations, the number of temporal observations are com-
monly too small (<10) for the estimation of time-delayed correlations.

Hence, we instead pose factorization conditions along the set of genes or other bi-
ological variables. We link these variables using prior knowledge e.g. in the form
of a transcription factor or protein-protein interaction (PPI) network, metabolic path-
ways or via explicitly given models. Using this information enables us to define a
graph-decorrelation algorithm that combines prior knowledge with source-separation
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techniques, for illustration see Figure 7.1. In case of gene expression analysis the input
of GraDe are the expression data and an underlying regulatory network. After applying
GraDe, we obtain two matrices, a mixing and a source matrix. We interpret the sources
as the biological processes and the mixing coefficients as their time-dependent activi-
ties. Hereby, the extracted sources group the genes’ expression that can be explained
by the underlying regulatory network, e.g. different responses of a cell to an external
stimulus.

Figure 7.1: GraDe: Graph-decorrelation algorithm. In cells, various biological processes
are taking place simultaneously. Each of these processes has its own character-
istic gene expression pattern, but different processes may overlap. A cell’s total
gene expression is then the sum of the expression patterns of all active processes,
weighted by their current activation level. The GraDe algorithm combines a matrix
factorization approach with prior knowledge in form of an underlying regulatory
network. The input of GraDe is the transcriptional expression data, where obser-
vations can be different conditions or a time points, and the underlying regulatory
network (prior knowledge). GraDe decomposes the observed expression data into
the underlying sources S and their mixing coefficients A. Analyzing time-course
microarray data, we interpret these sources as the biological processes and the
mixing coefficients as their time-dependent activities. Observations indicate their
expression behavior either in the different conditions or time-points and activity
their activation strength. We further filter process-related genes by taking only the
genes with the strongest contribution in each process. Finally, we test for enrich-
ment of cellular processes (GO) and biological pathways (KEGG).

We demonstrate the applicable of GraDe on three examples: (i): The cytokine inter-
leukin IL-6 mediates the production of acute phase proteins by hepatocytes and pro-
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motes liver regeneration (63). In order to unveil the multi-layered temporal signaling
pathway responses, we measure gene expression in IL-6 stimulated mouse hepatocytes
by a time-course microarray experiment. Applying GraDe with a literature based gene
regulatory network, we are able to infer associated biological processes as well as the
dynamic behavior of IL-6 related gene expression. In addition, we find that the esti-
mated factors are robust against the high number of false positives contained in large-
scale biological databases. (ii): We apply Grade to microarray data from a stem cell
differentiation experiment. In contrast to other factorization techniques, GraDe finds
a structured and detailed separation of known biological processes. (iii): We apply
GraDe to combined mRNA and miRNA data using information about gene regulation
and miRNA target genes to link mRNA and miRNA in a regulatory network. Applying
GraDe, we are able to identify a core regulatory network of the differentiation process
in glutamatergic neuros from high-throughput data.

7.2 Results and Discussion

The activation of gene regulatory processes upon external stimulations induces a re-
arrangement of cellular gene expression patterns. Matrix factorization techniques are
currently explored in the analysis of such multi-layered and overlapping temporal re-
sponses. In the following, we propose an algorithm that incorporates prior knowledge
as a constraint to the factorization task (see Figure 7.1).

7.2.1 Matrix factorization incorporating prior knowledge

In signal processing, various matrix factorization techniques have been developed that
employ intrinsic properties of data to decompose them into underlying sources (12;
271; 270). These methods are based on delayed correlations that can be defined for
data having a temporal or spatial structure. For instance, the time-delayed correlation

matrix of a centered, wide-sense stationary multivariate random process x(t) is defined
as

(Cx (τ))ij := E
(
xi(t+ τ)xj(t)

⊤) , (7.1)

where E denotes expectation. Here, off-diagonal elements detect time-shifted corre-
lations between different data dimensions. For τ = 0 this measure reduces to the
common cross-correlation. Given l features, e.g. genes, aggregated in a data matrix X,

126



7.2. RESULTS AND DISCUSSION

e.g. mRNA expression data, the cross-correlation matrix can be easily estimated with
the unbiased variance estimator:

CX =
1

l − 1
XX⊤. (7.2)

However, the experimentally generated quantitative data sets we face in bioinformat-
ics rarely imply a natural order like which allows defining a generic kind of delayed
correlation. We therefore generalize this concept by introducing prior knowledge that
links features (e.g. genes) along a pre-defined underlying network. This network may
be large-scale, but can be also an explicitly given small-scale process. Moreover, inte-
grated information may be of qualitative (e.g. interaction) as well as quantitative nature
(e.g. interaction strength, reaction rates).

Graph-delayed correlation

We encode prior knowledge in a directed, weighted graph G := (V , E , w) defined on
vertices V ∈ {1, . . . , l} corresponding to our features. The edges E are weighted with
weights w : E → R. These are collected in a weight matrix W ∈ Rl×l, where wij

specifies the weight of edge i→ j. Note that our weights may be negative, and G may
contain self-loops. For any vertex i ∈ V , we denote by S(i) := {j|(i, j) ∈ E} the set
of successors of i, by P (i) := {j|(j, i) ∈ E} its predecessors.

The graph G introduces a partial ordering on the l features. We use the weight matrix
W as propagator for an activity pattern x ∈ Rl of our features and define the G-shift

xG of x as the vector with components

xG
i :=

∑
j∈P (i)

Wji xj . (7.3)

Recursively, we define any positive shift xG(τ) (see Figure 7.2). For negative shifts
we replace predecessors P (i) by successors S(i), which formally corresponds to a
transposition of the weight matrix W. Using the convention of trivial weights for non-
existing edges of G, we can extend the above sum to all vertices. Gathering available
m experiments (rows) into a data matrix X ∈ Rm×l, we obtain the simple, convenient
formulation of a G-shifted data set

XG(τ) =

{
XWτ τ ≥ 0

X(W⊤)τ τ < 0
. (7.4)
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A B C

Figure 7.2: Illustration of the G-shift. Illustration of the G-shift in the unweighted graph G
shown in (A). We start with an initial node activity x depicted in (B). We use the
graph as propagator for the time evolution of this pattern: after one positive shift
we achieve the activity pattern xG(1) in (C).

After mean removal, we may assume that each row of X is centered. Then, in
analogy to the unbiased estimator for cross-correlations in Equation 7.2, we define the
graph-delayed (cross)-correlation

CG
X(τ) :=

1

l − 1
XG(τ)X⊤ =

1

l − 1
(XWτX⊤) . (7.5)

Note that our definition includes the standard time-delayed correlation by shifting
along the line graph 1→ 2→ . . .→ l − 1→ l.

The graph-delayed correlation is only symmetric if the used graph shows this fea-
ture which is, for instance in regulatory networks, rarely the case. For our following
derivations, a symmetric generalized correlation measure however will turn out to be
very convenient. In the remainder of this section, we will therefore use the symmetrized

graph-delayed correlation

C
G

X(τ) =
1

2

(
CG

X(τ) +CG
X(τ)

⊤) . (7.6)

Enforcing the symmetry property is strategy has been often applied in the case of
temporally or spatially delayed correlations. It has also been demonstrated that sym-
metrization stabilizes the estimation of the cross-correlations from data (104). More-
over, it can be shown that asymptotically using either normal or symmetrized correla-
tions end up giving the same eigenvectors (12).
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Factorization model

The linear mixing model for the input data matrix X ∈ Rm×l is given by

X = AS+ ε . (7.7)

Here, the matrix of source contributions A ∈ Rm×n (m ≥ n) is assumed to have full
column rank. The sources S ∈ Rn×l are uncorrelated, zero-mean stationary processes
with nonsingular covariance matrix. We allow for a noise term ε ∈ Rm×l, which is
modeled by a stationary, white zero-mean process with variance σ2. We assume white
unperturbed data X̃ := AS (possibly after whitening transformation). In other words,
we interpret each row of X as linear mixture of the n sources (rows of S), weighted
by mixing coefficients stored in A. Without additional restrictions, this general linear
blind source-separation problem is underdetermined.

Here, we assume that the sources have vanishing graph-delayed cross-correlation
with respect to some given graph G and all shifts τ . Formally, this means that C

G

S (τ)

is diagonal. We observe

C
G

X(τ) =

{
AC

G

S (τ)A
⊤ + σ2I, τ = 0

AC
G

S (τ)A
⊤ τ ̸= 0

. (7.8)

Clearly, a full identification of A and S is not possible, because Equation (7.7) de-
fines them only up to scaling and permutation of columns: Multiplication of a source
by a constant scalar can be compensated by dividing the corresponding row of the
mixing matrix by the scalar. Similarly, the factorization implies no natural order of the
sources. We can take advantage of the scaling indeterminacy by requiring our sources
to have unit variance, i.e. C

G

S (0) = I. With this, as we assumed white data X̃, we see
that AA⊤ = I, i.e. A is orthogonal. Thus, the factorization in Equation (7.8) repre-
sents an eigenvalue decomposition of the symmetric matrix C

G

X(τ). If additionally we
assume that C

G

S (τ) has pairwise different eigenvalues, the spectral theorem guarantees
that A – and with it S – is uniquely determined by X except for permutation. The
reason why we focused on the symmetrized instead of the simple graph-delayed corre-
lation matrix was precisely that we wanted to have a symmetric matrix, because then
the eigenvalue decomposition is well defined and also simple to compute.

However, we have to be careful, because we cannot expect C
G

X(τ) to be of full rank.
Obviously, we require more features than obtained sources (l ≫ m), hence in general
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rank(X) = m. If G contains an adequate amount of information, rank(W) is of order
l and since l ≫ m, rank(C

G

X(τ)) is essentially determined by (the upper bound) m.
Hence, when analyzing high-throughput biological data linked by underlying large-
scale networks, we can extract as many sources as observations are available.

The GraDe algorithm

Equation (7.8) also gives an indication of how to solve the matrix factorization task
in our setting. The first step consists of whitening the no-noise term X̃ = AS of the
observed mixtures X. The whitening matrix can be easily estimated from X by diag-
onalization of the symmetric matrix C

G

X̃(0) = C
G

X(0) − σ2I, provided that the noise
variance σ2 is known or reasonably estimated. If more signals than sources are ob-
served, dimension reduction can be performed in this step. Insignificant eigenvalues
then allow estimation of the noise variance, compare (12). Now, we may estimate the
sources by diagonalization of the single, symmetric graph-delayed correlation matrix
C

G

X(τ). This procedure generalizes AMUSE (271), which employs standard autocor-
relation, to the extended definition of graph-correlation.

The performance of AMUSE is relatively sensitive to additive noise. Moreover, the
estimation by a finite amount of samples may lead to a badly estimated autocorrelation
matrix (270). To alleviate these problems, algorithms like SOBI (12) or TDSEP (301)
extend this approach by joint diagonalization of multiple autocorrelation matrices, cal-
culated with a set of different time-delays. In a similar manner we jointly diagonalize
multiple G-autocorrelation matrices obtained from G-shifts with different lags. This
approximative joint diagonalization can be achieved by a variety of methods. We use
the Jacobi-type algorithm proposed in (32), since we later compare GraDe’s perfor-
mance to the classic SOBI algorithm.

Altogether, we subsume this procedure in the graph-decorrelation algorithm (GraDe).
At http://cmb.helmholtz-muenchen.de/grade an implementation is freely
available. When shifting along the line graph, GraDe with a single lag reduces to
AMUSE, and GraDe with multiple shifts corresponds to SOBI. In summary, the input
of GraDe is (i) a expression matrix X ∈ Rm×l containing m experiments and l genes
and (ii) a weight matrix W ∈ Rl×l containing the prior knowledge. We obtain a mix-
ing matrix A ∈ Rm×n (m ≥ n) and a source matrix S ∈ Rn×l. In the case of gene
expression data analysis the sources can be interpreted as biological processes and the
mixing coefficients as their time-dependent activities.
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Including prior knowledge into the source-separation task may introduce bias in the
patterns that are pre-defined and, in turn, the analysis and results obtained. It is im-
portant to note that annotation of biological knowledge is biased and under permanent
change. Therefore, when using gene regulatory networks as prior knowledge one has
to keep in mind that this information is subject to annotation bias. Thus the density of
connections in certain regions of the network might be higher due to the fact that these
parts are better explored. In the case of classification problem, recent studies have
shown that methods can be improved in terms of classification accuracy by including
prior knowledge into the classification process (113). These methods benefit from the
fact that genes are not treated as independent. Hence, most of these methods are based
on the hypothesis that genes in close proximity, which are connected to each other,
should have similar expression profiles. The same assumption may be transferred to
source-separation methods. Applying standard methods like ICA or PCA, implies the
assumption that all data points, i.e. in our setting the expression levels of different
genes are sampled i.i.d. from an underlying probability density. This assumption is
obviously not fulfilled, since the genes’ expression values are the read-outs of differ-
ent states of a complex dynamical system: Genes obey dynamics along a transcription
factor network. Instead of ignoring the genes’ dependencies, we here proposed to ex-
plicitly model them using prior knowledge given within a gene-regulatory network.
Therefore, one of the key advantages of GraDe is to overcome the assumption of the
independencies. Applying GraDe to time-course expression data (see section Valida-

tion of the time-dependent signals), we will show that including prior knowledge into
the source separation task leads to an improvement compared to fully-blind methods
like PCA. Finally, we believe that with increasing quality and amount of biological
knowledge, methods incorporating prior knowledge will increase in performance as
well.

7.2.2 Illustration of GraDe

In order to illustrate GraDe, we analyze two toy examples. We first focus on a bifan
structure shown in Figure 7.3A and assume to have six genes from the time-courses of
expression levels depicted in Figure 7.3B. For data generation, the system is simulated

131



Unsupervised method

by ordinary differential equations:

dxi(t)

dt
= −γixi(t) +

∑
j∈P (i)

fji (xj(t)) . (7.9)

where we model interactions by sigmoidal Hill functions. In this case, one input x1 is
active until time-point 10, when it is turned off and instead production of x2 is switched
on. Consequently, x3 peaks at time 10, but also x4 shows an early activation due to
low expression of its inhibitor. Applying GraDe (with the known bifan topology, but
without access to the underlying ODE system), we find that three sources are sufficient
to explain the data (Figure 7.3B). From the extracted sources and their time-courses
(shown in Figure 7.3E and 7.3D) we see that the strongest source s1 represents the
externally controlled inputs and the network topology: the source couples x1 and x3,
and in opposite direction x2 and x4. Therefore, GraDe is able to recover the two
processes. Source s2 has the lowest contribution to the total expression values and
is needed for fine-tuning the combined dynamics, as we obtain an early activation
of x4 due to low expression of its inhibitor. Consequently, the source s2 is active at
time-points 2 and 4, i.e. immediately after the switching operations. Source s3 again
reflects the crossover inhibitions, accordingly its time-course is flat. This source groups
the input of the network, which could be linked e.g. to pathway stimulation. For
our second example we use the funnel structure in Figure 7.3F, where we defined
the expression values for three different input conditions (Figure 7.3G). Eigenvalues
and the factorization obtained by GraDe are visualized in Figure 7.3H-J. Source s1

again reflects the network topology, by grouping the cascade genes, while s2 allows
the reconstruction of the last condition. As we expect, GraDe are able to recover the
two independent inputs. Applying GraDe to two different toy examples, we are able to
show that GraDe is applicable both time-course as well as conditional experiments. In
both cases, GraDe identifies the different responses and inputs of the system.

7.2.3 Evaluation on artificial data

In order to evaluate GraDe, we generated random mixtures of artificial G-decorrelated
signals. A common way to create standard-autocorrelated signals are moving average

(MA) models (104): For a white noise process ε and real coefficients θ1 . . . θq, a MA(q)
model x is defined by xt = εt + θ1εt−1 + · · · + θqεt−q. In our notation, we interpret
this MA signal x as a weighted sum of G-shifted versions of ε, shifted q times along
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Figure 7.3: Illustration of GraDe. For the bifan motif in A we take 6 genes (dots) from the
simulated time-courses in B and apply GraDe: C shows the eigenvalues of the
decomposition in GraDe. In D we plot the time-courses of the extracted sources
s1...s6, hence the curves are the columns of the mixing matrix. From C we see
that only the first three sources are relevant, which are visualized as heat-map E.
For our second example F we assume to know expressions in different conditions
as shown in G. The factorization by GraDe is visualized in subfigures H to J.

the line graph G. Therefore, for an arbitrary graph G we define a q-th order G–MA(q)

model as
x = ε+ θ1ε

G(1) + θ2ε
G(2) + . . .+ θqε

G(q) (7.10)

Any G-MA(q) process is equivalent to a G-MA(1) process with a modified graph.

In a first simulation, we used directed Erdös-Rényi random graphs (57) with mean
connectivity 17.5 and random weights in (−1, 1) to generate m = 2 G–decorrelated
G-MA(1) signals with l = 5000 samples. Data were normalized to unit variance and
mixed with a random mixing matrix. We added Gaussian uncorrelated noise of vari-
able strength σ and applied GraDe (without noise estimation) with one and 30 shifts,
respectively. Reconstruction quality was estimated using the Amari-index that quan-
tifies the deviation between the correct and the estimated mixing matrix (41). From
Figure 7.4A we see that for G-MA(1) processes GraDe with a single-shift performs
well in the low-noise setting, in contrast to multiple shifts. This is a consequence
of the complex short-distance, but vanishing long-distance autocorrelation structures.
When performing multiple shifts, each lag is weighted equally, which deteriorates the
algorithm’s performance.

Accordingly, as shown in Figure 7.4B, GraDe with multiple shifts outperformed
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Figure 7.4: Performance on artificial data: Mixtures of (A) two G-MA(1) processes with
random graphs G, (B) mixtures of two G-MA(20) processes with signed line
graphs. The plots show the dependence of median Amari–indices on the noise
level σ over 1000 runs. We compare GraDe with one and 30 shifts, in (b) in
addition SOBI with 30 shifts.

single–shift GraDe when applied to higher order G–MA processes. We generated G–
MA(20) processes of sample size l = 1500 with a signed line graph, where the edges
had weights ±1 with equal probability. The unsigned line graph used by SOBI was
not sufficient to reconstruct these signals in a proper way, whereas GraDe with the true
graph separated them even using a single shift only. However, similar to the behavior
in the standard-autocorrelation case, here multiple shifts dramatically enhance GraDe’s
robustness against additive noise.

7.2.4 IL-6 mediated responses in primary hepatocytes

In liver, the cytokine interleukin IL-6 mediates two major responses. First, it induces
hepatocytes to produce acute phase proteins upon infection-associated inflammation.
These proteins include complement factors to destroy or inhibit growth of microbes.
In addition, IL-6 promotes liver regeneration and protects against liver injury (63).
IL-6 regulates several cellular processes such as proliferation, differentiation and the
synthesis of acute phase proteins (72). Upon binding to its cell surface receptor, IL-6

activates the receptor associated Janus tyrosine kinase (JAK) 1 - signal transducer and
activator of transcription (STAT) 3 - signal transduction pathway. The latent transcrip-
tion factor STAT3 is translocated to the nucleus after activation and subsequently alters
gene expression.

To identify the biological responses to IL-6 in a time-resolved manner, we stimulated
primary mouse hepatocytes with 1 nM IL-6 up to 4 hours and analyzed the changes
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in gene expression by microarray analysis. In a first approach, we extracted all genes
that were significantly regulated compared to time point 0h. In total, we obtained 121
genes and applied k-means clustering to detect groups within this set. Based on this
approach, we could not identify any time-resolved responses upon IL-6 stimulation.
Due to the small number of significantly regulated genes, we decided to employ a
genome-wide approach using GraDe to resolve the cellular responses upon IL-6 in
more detail.

A B

Figure 7.5: Result of GraDe. This figure illustrates the decomposition of the time-course
microarray experiment on IL-6 stimulated hepatocytes with GraDe. As underlying
network we used interactions from the TRANSPATH database (see Methods). (A)
shows the time-courses of the four extracted sources, centered to time point 0 h.
The x-axis shows the measured time-points and the y-axis the contribution of the
mixing matrix. In (B), we plot the strength of the eigenvalues (EV) of the resulting
sources. All four extracted sources have significant contributions.

GraDe discovers time-dependent biological processes upon IL-6 stimulation

Using GraDe, we linked all 5709 expressed genes along a gene regulatory network
derived from the TRANSPATH database (see Methods). We obtained four graph-
decorrelated gene expression sources (GES), which we labeled from 1 to 4 according
to their decreasing eigenvalues (Figure 7.5B). We see that dimension reduction and
with it noise level estimation were not possible in our case. The estimated mixing
matrix is shown in Figure 7.5A. The matrix of source contributions contains positive
and negative components. We partitioned a source into submodes that contain either
the negative signals or the positive signals, respectively. We selected all genes in the
positive submodes by choosing a threshold ≥ 2 as well as all genes in the negative
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submodes with a threshold ≤ -2, respectively. These sets were subsequently used for
GO enrichment analysis using a p-value < 0.05 after correction by False Discovery
Rate.

Differentially expressed genes within GES 1 display an immediate strong increase in
expression following IL-6 stimulation. After peaking at one hour, expression decreases
to elevated levels compared to untreated samples. Significantly enriched GO-Terms
within this GES correspond to responses triggered by external stimuli and inflamma-
tion (see Table 7.1). In liver, upon infection- or injury-associated inflammation IL-6

mediates production of acute phase proteins (APP) by hepatocytes as represented by
the GO-Term "(acute) inflammatory response" (e.g. Saa4, Fgg, Pai1). Angptl4 is a
positive acute phase protein (171) showing a strong increase in expression during the
first hour after stimulation followed by a decrease after two hours. GraDe reconstruct
the expression pattern by the mixing of the four different source time-patterns GES 1

to 4. We identify Angptl4 in GES 1 and 3 having a source contribution ≥ 2. The com-
bination of both GESs showing perfectly the strong increase after IL-6 (GES 1) and
the induced decreased after 2 hours (GES 3). The GO-Term "(external) stimulus" in-
cludes genes of the JAK-STAT signaling pathway like STAT3 as well as several genes
encoding for signaling components such as Hamp, Cepbd and Osmr. These entities
represent regulatory processes like negative feedbacks as well as secondary signaling
events. Genes with negative contribution in GES 1 were associated with metabolic
processes like "L-serine biosynthesis" or "fructose metabolic processes". This is in
line with the function of IL-6 as a priming factor, mediating the conversion of quies-
cent hepatocytes from G0 to G1 phase of the cell cycle during liver regeneration (63).
It can be argued that down-regulation of genes associated with metabolic processes is
due to the transformation of differentiated metabolically active hepatocytes into pro-
liferative cells. The down-regulated metabolic functions at least partially take place in
mitochondria. Accordingly, parts of the glycolysis pathway were down-regulated in
primary hepatocytes.

GES 2 shows a slight decrease after stimulation followed by a late-phase increase
in expression. We identify several biological processes associated with "cell cycle and
division" within this GES. A representative gene of GES 2 is the cell cycle inhibitor
Cdkn1b. Its reduction of expression corresponds to the induction of cell cycle pro-
gression and in particular to the transfer from G0 to G1. These characteristics are
further supported by the negative contribution of Cdkn1b in GES 3. Analyzing genes
with a positive contribution in GES 2 only, we found, in addition to involvement in
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early cell cycle events, genes showing an association with (programmed) cell death
and apoptosis. It was already indicated that IL-6 promotes liver regeneration and pro-
tects against liver injury by inducing anti-apoptotic and survival genes (63; 254). GO-
Terms corresponding to genes found in GES 2 having a negative contribution are more
heterogeneous. Within the top GO-Terms we identified several biological functions
associated with the IL-6 stimulus. Based on the induction of the acute inflammatory
response, coagulation factors were activated. Moreover, several genes associated with
gene translation were found. In addition, genes associated with metabolic processes
are represented by this GES.

The time course behavior of GES 3 shows a delayed activation subsequent to stim-
ulation with IL-6. We identified several GO-Terms associated with "cell cycle" and
"cell division" similar to GES 2. However, GES 3 includes mainly genes related to late
events in the cell cycle, i.e. during G2 and M phase (e.g. Gmnn, Mcm2, Plk2). Wee1 as
a main regulator of Cdc2 displays a negative contribution to GES 3, hence indicating
Wee1 down-regulation and subsequent progression through the G2-M check point. In
addition, we identify Ccnb2 a late cell cycle genes, which repression leads to cell cy-
cle arrest in the G2 phase. The time-course expression pattern, shows a strong increase
after IL-6 stimulation followed by a decrease after two hours. We identify Ccnb2 in
GES 1 and GES 3 perfectly reconstruct the strong increase after the stimulation and the
inactivation after two hours. The IL-6-induced priming phase is characterized by the
activation of the latent transcription factor STAT3. This immediate response induces
the expression of early responsive genes like the transcription factor AP-1 (282) sub-
sequently inducing a secondary gene response leading to transcription of cyclins A-E,
p53, and the cyclin dependent kinase P34-cdc2 (2).

Applying KEGG pathway enrichment, we found the cell cycle, with DNA repli-
cation in particular, and p53 pathway enriched within this GES. Interestingly, IL-6

stimulation alone is not sufficient to efficiently induce proliferation of primary mouse
hepatocytes in vitro. Hence, despite the persistent re-organization of the induced gene
expression profile and the induction of early cell cycle players such as cyclin A, addi-
tional stimuli may be necessary to initiate a strong proliferative response of primary
mouse hepatocytes.

GES 4 shows the lowest eigenvalue. It has a strong increase in expression following
the IL-6 stimulus. GO-Term enrichment reveals several biological processes found in
GES 1 − 3 like coagulation, translation, acute phase, and response of the stimulus.
Genes having a negative contribution in GES 4, indicating a decrease in expression
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after the stimulus, are again associated with metabolic processes. Both, GES 3 and
4 imply that hepatocytes stimulated with IL-6 show affection for division causing a
down-regulation of genes associated with the metabolic processes.

Source Mode Biological process

1
positive (external) stimulus, inflammatory response
negative (fructose) metabolic process

2
positive early cell cycle and division
negative metabolic process, apoptosis

3
positive late cell cycle and division
negative -

4
positive translation, coagulation
negative (protein) metabolic process

Table 7.1: Main biological processes in response to IL-6. Summary of the main biological
processes in hepatocytes regulated as response to IL-6. Mode indicates genes with
significant positive (≥ 2) or negative (≤ −2) contribution to the source. The main
biological processes found for the corresponding group of genes are given in the
last column.

Validation of the time-dependent signals

In order to evaluate our findings, we compared the outcome of GraDe with standard
methods. As there is no established matrix factorization technique that incorporates
prior knowledge, we employed PCA (221), k-means clustering (123) and FunCluster
(95), a clustering method that incorporates Gene Ontology information into the clus-
tering task.

To test the biological findings obtained by GraDe, we applied a similar approach as
proposed by Teschendorff et al. (266). We first asked how well biological pathways
can be mapped to the inferred submodes or clusters. For GraDe and PCA, we selected
in each submode the genes having an absolute source contribution above 2 standard-
deviations. The average number of selected genes in each submode ranges from 75
to 280. For k-means clustering, we infer 8 clusters on a subset of the top 15% most
variable genes to ensure that the average number of selected genes is comparable to
GraDe and PCA.
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To evaluate the mapping of pathways to submodes or clusters we applied the path-
way enrichment index (PEI). For each submode or cluster we evaluated significantly
enriched pathways by using a hypergeometric test (see Methods). The PEI is then
defined as the fraction of significant pathways mapped to at least one submode or clus-
ter. The PEI for each method is shown in Figure 7.6. We find that the PEI is higher
for GraDe compared to PCA, k-means clustering or FunCluster indicating that GraDe
maps submodes closer to biological pathways.

Figure 7.6: Pathway enrichment. Result of the pathway enrichment analysis. For each
method applied to our data set, we plotted the pathway enrichment index (PEI).
This index gives the fraction of KEGG pathways found enriched in at least one
submode or cluster (see Methods). GraDe obtained a much higher PEI than PCA
or k-means clustering. This indicates that sources obtained by GraDe map much
closer to biological pathways.

In addition, we validated the time-dependent responses upon IL-6 stimulation in
more detail by searching for enriched GO-Terms. Applying PCA, we found that the
first principle component (PC) contains 99% of data variance. GO-Term enrichment
analysis revealed that PC 1 contains genes linked to (blood) coagulation and hemosta-
sis. A second major response after IL-6 is the activation of cell cycle or cell division.
We found an enrichment of these biological processes in PC 2 and PC 4. PC 2 shows
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a decreased time-course behavior after the stimulation. Genes linked to cell cycle and
corresponding pathways have a negative contribution in PC 2 indicating an increased
time-course expression pattern after IL-6 stimulation. This finding is analogous to
GraDe, where we find cell-cycle pathways in GES 1 and 3 showing also an increas-
ing expression pattern after the stimulation. With GraDe we identified several genes
that are associated with metabolic processes showing a down-regulation after stimulus.
PCA covers these biological processes by two components PC 2 and PC 3, where PC
3 shows a strong increase and PC 2 a decrease of expression after the stimulus (see
Figure 7.7A). The direct response of IL-6 was found in PC 4, but we identified only
acute inflammatory response. Moreover, PCA grouped cell cycle (negative mode) and
the direct response (positive mode) into PC 4 and was not able to separate the cell
cycle processes into the early (e.g. Cdkn1b) and late (e.g. Mcm2) responses after IL-6

stimulation.

Focusing on the results of the k-means clustering, we obtained an enrichment of
cell cycle processes in cluster 3 (see Figure 7.7B). This cluster shows only a marginal
increase in expression after the stimulus and therefore does not reflect the strong activa-
tion of cell cycle found by GraDe and PCA. Genes associated with metabolic processes
are grouped in cluster 5, which has a constant expression level after IL-6 stimulus.
Hence, k-means clustering failed to infer a cluster associated to the downregulation of
metabolic processes upon IL-6. Cluster 4 shows a characteristic time-course pattern
after IL-6 stimulation, but we were not able to reveal any significant biological pro-
cesses associated to IL-6. Altogether, k-means clustering neither identifies the direct
response upon IL-6 nor the separation between early and late cell cycle genes.

Comparing the result of FunCluster, we also identify a set of co-regulated genes
associated with cell cycle (Cluster 3; see Figure 7.7C). Genes grouped in this cluster
show an increase in expression after the stimulus. However, FunCluster was also not
able to separate the early and late cell cycle processes, observed by GraDe. Genes
associated with metabolic processes are grouped in cluster 5, showing a decreasing
expression pattern after one hour of stimulation. Therefore, FunCluster also identifies
the downregulation of metabolic processes indicating that IL-6 reduces expenditures
for the energy metabolism. However, FunCluster was not able to identify the primary
response of IL-6 mediating the production of acute phase proteins (APP) by hepato-
cytes. Moreover, FunCluster also did not find any significant processes related to the
JAK-STAT related genes, such as Stat3, Hamp, Cepbd and Osmr, showing an increased
expression pattern.
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These results show that the decomposition obtained by GraDe provided much more
detailed biological insights than PCA, k-means clustering or FunCluster. PCA was
able to identify three main biological processes upon IL-6 stimulus. However, it failed
to give a correct time-resolved pattern of these biological processes, whereas sources
from GraDe reproduce the characteristic time-course behavior of the IL-6 response.
Moreover, GraDe reveals a much more structured and time-resolved result, which al-
lows assigning each source to a different main process.

A B

C

Figure 7.7: Result of PCA, k-means clustering and FunCluster. (A) illustrates the result
of PCA for the time-course data of IL-6 stimulated hepatocytes. The x-axis cor-
responds to the measured time-points and the y-axis gives the centered (to time
point 0h) contributions of the mixing matrix. The result of the k-means cluster-
ing is shown in (B). The x-axis shows the measured time-points and the y-axis
shows the fold-change values of the centroids at that time-points. (C) shows the
result of FunCluster. The plot shows the mean expression of the different cluster
and the bars indicates the standard deviation at a particular time-point. The x-axis
shows the measured time-points and the y-axis shows the relative expression at
that time-points.
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Robustness analysis

Detailed knowledge about gene regulation is often not available and far from com-
plete. Therefore, the quality of a large-scale gene regulatory network is not perfect. In
order to test the effect of network errors on the output of GraDe, we performed two
robustness analyses. Starting with our TRANSPATH network, we generated random-
ized versions by either shuffling the network content or adding random information
(see Methods). By shuffling edge information of the gene regulatory network between
0.1 and 100% of all original edges, we simulated a loss of information. To quantify
robustness, we employed the Amari-index, which measures the deviation between two
mixing matrices. We obtained significantly low Amari-indices for up to 3% reshuffled
edges within the gene regulatory networks (mean Amari-index = 3.83, p = 0.034),
whereas a complete randomization of the network results in an Amari-index of 9.63
(see Figure 7.8B). This shows that the quality of the regulatory network has of course
a strong influence on the output of the GraDe algorithm. It is obvious that GraDe
depends on the regulatory network, and replacing gene interaction through random
information will lead to loss of the signals.

We ran a second robustness analysis by adding random information to the existing
gene regulatory network. This is important because we expect large-scale networks ex-
tracted from literature to contain many false-positives. Significantly low Amari-indices
were obtained by adding up to 13% random information (mean Amari-index = 3.94,
p = 0.046) to the network (see Figure 7.8B). This result shows that GraDe is able to
detect the signals even after adding a large amount of probably wrong information to
the network. The tolerance of the algorithm to the second randomization strategy is
much higher, as here no correct information is destroyed. Overall, with both random-
ization procedures we were able to prove that GraDe is robust against a reasonable
amount of both, false positives and missing information.

In addition, we analyzed the noise effect of gene expression data by randomly choos-
ing between one and three replicates for each time point. We found significantly low
Amari-indices (mean Amari-index = 4.16 p = 0.026) by comparing the 95% quan-
tile of the resulting Amari-index with a random sampling. Thus, GraDe is also robust
against biological noise.
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Figure 7.8: Robustness analysis. Robustness analysis: We evaluated the robustness of GraDe
against errors in the underlying graph. To this end, we compared the mixing matrix
that we extracted with the TRANSPATH network with those obtained based on
perturbed versions. For this comparison we use the Amari index (see Methods).
The boxplots show Amari-indices obtained with (A) a network rewiring approach
and (B) when adding random information to the network. The x-axis shows the
amount of information randomized (in %), the y-axis gives the obtained Amari-
index. ∗ indicates significant 95% quantiles compared to a random sampling (p-
value ≤ 0.05). We see that GraDe is robust against a reasonable amount of wrong
information.

7.2.5 A microarray experiment on stem cell differentiation

The regulation of gene expression is essential to proper cell functioning. The first step
of gene expression is mRNA transcription. Here, a copy of a gene from the DNA to
messenger RNA (mRNA) is made, encoding a chemical "blueprint" for a protein prod-
uct. Microarrays are the state-of-the-art technology for the genome-wide measurement
of these transcript levels. They are known to be quite noisy, and the still high costs
keep the number of replicates small. This makes gene expression analysis a particular
challenge for machine learning. Matrix factorization techniques are currently explored
as unsupervised approaches to such data (229). Here, the extracted gene expression
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sources (GESs) can be interpreted as distinct biological processes, which are active on
a level quantified in the mixing matrix. Applying GraDe, we require that biological
processes that can be explained by the underlying network are not split up between
different GES.

In the following, we interpret a microarray experiment investigating the crucial
role of the transcription factor STAT5 during hematopoietic stem cell differentiation.
STAT5 is strongly activated in 30% of patients with acute myelogenous leukemia
(AML) (132). The cytokine GM-CSF activates STAT5 and controls the differentiation
of progenitor cells (GMPs) into granulocytes and macrophages, two types of white
blood cells. AML cells are mostly from the granulocyte lineage, hence it is important
to elucidate the role of STAT5 upon GM-CSF stimulation.

In (132), both normal and STAT5-knockout GMPs were stimulated with GM-CSF
or left unstimulated. RNA from these four samples was measured with microarrays.
Data are available at GEO under accession number GSE14698. We used 1601 dif-
ferentially expressed genes for further analysis (t-test on stimulated vs. unstimulated
gene expression significant with a p-value< 0.05).

To interconnect these genes we used the known gene–gene interactions that are col-
lected in the database TRANSPATH (150). Applying GraDe, we preferred a single
shift, as multiple shifts may lead to an accumulation of errors in the interaction net-
work. We obtained four GES (Figure 7.9A). We selected genes in the GES that were
expressed above the threshold ±2 and mapped these sets onto biological processes by
performing Gene-Ontology (GO) enrichment analysis.
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Figure 7.9: GraDe result and robustness analysis: The heatmap (A) shows the mixing ma-
trix (centered to C1). Conditions C1–C4 correspond to stimulated/unstimulated
GMPs (C1-C2) and STAT5–ko cells (C3-C4). (B): Eigenvalues of the four GES.
(C) Amari-indices for the randomized networks against the fraction of randomized
edges (in %). The ∗ indicates significant Amari-indices.
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GraDe separates GM-CSF and STAT5 dependent processes

The sources extracted by GraDe separate GM-CSF and STAT5 dependent biologi-
cal processes. Figure 7.9A shows that the contribution of GES 1 differs between
stimulated and unstimulated GMPs, but also between wild-type and STAT5–ko. En-
riched GO–Terms correspond to responses triggered by external stimuli, activation or
regulation of signal transduction as well as responses to STAT5 such as the MAPK
or JNK signaling cascades. This is line with previous work (242). In addition, we
found processes linked to cell differentiation, the primary response to GM-CSF stim-
ulation (132). GES 2 separates stimulated and unstimulated cells, independently of
STAT5 condition. Consequently, we identified biological processes linked to immune
response. GM-CSF is an important hematopoietic growth factor for enhancing im-
mune responses and is known to recruit and activate antigen-presenting cells (148). It
also has profound effects on the functional activities of various circulating leukocytes,
which are involved in defense processes (242).

Genes in GES 3 can be linked to telomere organization and maintenance. Telom-
erase activity is reported to be nearly 3-fold higher in GM-CSF stimulated cells (67).
Telomere length is a critical factor in determining the replicative potential of mitotic
cells. The accelerated telomere shortening due to excessive replication may hint at
hematopoietic stem cell premature aging.

GES 4 has a different contribution in stimulated and unstimulated STAT5–knockouts.
Similarly to GES 2, we found several processes linked to immune responses. Addition-
ally, GES 4 contains genes associated with the activation of macrophages or myeloid
leukocytes. GM-CSF is involved in the generation of granulocytes and macrophages,
responsible for non-specific defense processes.

Applying PCA or ICA (104) to the data, we found only in two sources significantly
enriched GO–Terms. Note that we cannot employ SOBI since a gene’s position on
the microarray chip is completely arbitrary. PCA extracted a source linked to immune
response and aggregates various biological processes in a second one. We obtained
a similar result performing ICA with JADE (31), which also separates the immune
response from other biological processes. Thus, GraDe finds a much more structured,
detailed response than fully blind approaches.
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Robustness to graph errors

The quality of the employed regulatory network is not perfect. It may contain false
interactions and is far from complete. To analyze the robustness of GraDe, we random-
ized between 0.5 and 100% of the edges in the TRANSPATH graph. In each step we
reshuffled 10.000 times the corresponding percentage of edges using degree-preserving
rewiring (284). Applying GraDe with these graphs we obtained new factorizations. We
used the Amari index to quantify changes and determined a p-value to detect signif-
icantly low changes. This p-value was calculated by comparing the 95% quantile of
Amari-indices for each randomization step with Amari-indices for normally distributed
random separating matrices. We obtained significantly low (p < 0.05) Amari-indices
for up to 6% of rewired edges (Figure 7.9C). Thus, the underlying graph has obviously
a strong influence on, but we showed that GraDe is robust against a reasonable amount
of graph errors.

7.2.6 Differentiation of glutamatergic neuros: Combined analysis
of mRNA and microRNA data

Stem cell differentiation is the development of a stem cell to a fully differentiated
cell. The definition of a stem cell includes two properties: (i) Self-renewal, denote
the ability to maintaining the undifferentiated state while go through cell division. (ii)
Potency, denote the capacity to differentiate into specialized cell types. Embryonic
stem cells are derived from the epiblast tissue of the inner cell mass. Embryonic stem
cells are pluripotent and differentiate during development to all derivatives of the three
primary germ layers: ectoderm, endoderm and mesoderm. In this application, mouse
embryonic stem cells were stimulated with retinoic acid after day 4 (CA4d). After day
6 (CA6d), cells were restimulated with retinoic acid, which leads after day 9 to radial
glia cells. After day 15, stem cells derived neuronal progenitor cells differentiated into
glutamatergic neurons The whole procedure is summarized in Figure 7.10.

During the differentiation process both mRNA and miRNA expression was mea-
sured at five different developmental stages. The goal of the analysis is to define a
small regulatory network around Pax6, a transcription factor playing a important role
in the differentiation process. We apply GraDe with the underlying regulatory net-
work to the combined mRNA and miRNA data. To interconnect genes we used known
gene-gene interactions that are provided by the TRANSPATH database (150). For the

146



7.2. RESULTS AND DISCUSSION

Figure 7.10: Workflow of the measured mRNA and miRNA data: The cellular aggregates
(CA) were treated with retinoic acid twice between measurements 1 & 2 and 2 &
3 to induce neuronal differentiation. After measurement 3 on day 8, cells were
put on a different plate where they differentiated into radial glia cells. The last
measurement was performed more than 6 days later at the fully differentiated
neuronal state. CA8d indicates in red is the crucial differentiation process since
it is after full induction of neuronal fate by retinoic acid and ∼1-2 days before
glia stage, which are already neuronal progenitors. Figure provided by (174).

interaction of miRNAs and genes, we used TargetScanS and PicTar prediction tools.
We obtain five GES and the resulting strength of the Eigenvalues (see Figure 7.11B).
Based on the Eigenvalues we choose the top three GESs to analyze Pax6 related genes
and miRNAs. Figure 7.11A shows the time-course behavior of the resulting Sources.

Pax6 has the strongest eigenvalue in GES3, but will be also represented by a negative
contribution of GES1, which results in total to the obtained time-course illustrated in
Figure 7.12A. To set up a small regulatory model centered by Pax6, we first extracted
all miRNAs targeting Pax6. Using TargetScanS and PicTar we identify six miRNAs,
which are expressed at least one time point. Next, we maintain only those miRNAs
having an absolute source contribution ≥ 1.5. This filter steps results in miR-129-5p
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Figure 7.11: This figure illustrates the decomposition of the mouse embryonic stem cell
differentiation experiment. As underlying network we used interactions from
the TRANSPATH database and miRNA target prediction using TargetScanS. (A)
shows the time-courses of the top three extracted sources, centered to time point
CA4d. The x-axis shows the measured time-points and the y-axis the contribu-
tion of the mixing matrix. In (B), we plot the strength of the eigenvalues (EV) of
the resulting sources.

and miR-300. To extend this model, we then identify transcription factors (TFs), which
either regulate Pax6 or the identified miRNAs. One important transcription factor is
Sp1, which has an high impact on the regulation of Pax6 (299). Based on miRNA
target prediction, we identify miR-495, which is (i) located in the miR-300 genomic
cluster and (ii) target Sp1 and (iii) has a source contribution ≥ 1.5 for GES 3. We
therefore include miR-495 into our set of miRNAs to include miRNA regulation on
PAx6 and Sp1. In order to further extend the model by transcription factors we ap-
plying a transcription factor binding sites prediction approach using the MatInspector
software (33). MatInspector returns a results a large database of transcription factors
for different locations within the transcription factor binding sites. For further analysis,
we used only those transcription factors having a score of 1, which can be translated
as a perfect hit of the resulting transcription factor matrix to the binding site. We fil-
tered for predicted transcription factor for Pax6, miR-129-5p, miR-300 and miR-495
and having a source contribution of ≥ 1.5. Reducing the set of transcription factors
to those, results in regulatory genes showing a strong (graph)-correlated expression
pattern with either Pax6 or identified miRNAs. Figure 7.12A shows all interaction
and regulation, which are either literature based (known edges) or predicted (putative
edge). The minimal model containing all target genes and regulation transcription fac-
tors is shown in Figure 7.12B. The resulting model can then used for network inference
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methods using prior knowledge. Lutter et al. (175) developed a novel approach based
on Bayesian inference of boolean networks to construct gene regulatory models from
combined mRNA and microRNA (miRNA) expression data. In order to determine an
’a priori model’ space, the resulting model obtained by GraDe, TF and miRNA target
prediction is used. Sample from this boolean model space and the likelihood for each
model is estimated to predict the measured gene expression profiles. The discrete mod-
els comprised multiple instances of weighted, directed gene-interactions, where nodes
represent either genes or miRNAs and the edges the various regulatory interactions.
Using a parallel optimization method based on evolutionary computing, we obtain an
approximation to a maximum posterior of our model space.
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Figure 7.12: The resulting regulatory model of the mouse embryonic stem cell differenti-
ation process. (A) Connectivity matrix of all interaction and regulation, which
are either literature based (known edges) or predicted (putative edge). (B) The
regulatory model based on the Bayesian inference of boolean networks approach.

We used GraDe to analyze combined data set of mRNAs and miRNAs from a high-
throughput experiment. Applying GraDe on the mouse embryonic stem differentiation
data, we identify a set of genes and miRNAs, that have strong (graph)-correlated time-
course pattern compared to Pax6, a central player in the differentiation process. In a
first step, we filtered genes and miRNAs based on their graph-correlation and second
we used miRNA target and transcription factor binding site prediction to finally con-
nect the selected set of differentiation player in a small regulatory model. The result
of this application shows that GraDe can successfully applied to multi-scaled data and
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infer beside large-scale relations also small scale networks.

7.3 Material and Methods

7.3.1 IL-6 stimulated mouse hepatocytes

RNA probes from primary mouse hepatocytes were assessed with the Bioanalyzer
2100 (Agilent) to ensure that 28S/18S rRNA ratios were in the range of 1.5 to 2.0
and concentrations were comparable between probes. For each time point, 4 µg of
total RNA were used for the hybridization procedure using the One-Cycle Target La-
beling Kit (Affymetrix). Fluorescence intensities were acquired with the GeneChip
Scanner 3000 and the GCOS software (Affymetrix). GeneChip Mouse Genome 430
2.0 Arrays (Affymetrix) were used in the analysis comprising stimulations with 1 nM
IL-6 for 1 h, 2 h, 4 h and an unstimulated control (0 h) each performed in tripli-
cates. As a probe level model (PLM) for microarray data an additive-multiplicative
error model was used. Data processing was performed using the Limma toolbox (251)
provided by Bioconductor (74). The RMA approach was used for normalization and
background correction. Probe sets were filtered out by the genefilter package. A gene
was considered as expressed if the signal was above 100 (unlogged data) for at least
one time point. Finally, we obtained a data set of 5709 genes. Significantly regu-
lated genes compared to time point 0 h were determined by using the LIMMA (Linear
Models for Microarray Data) method (250). The Limma toolbox uses the moderated
t-statistics to identify significant regulated genes. Moreover the moderated t-statistics
is advisable for a small number of arrays (273; 250). A gene was determined as sig-
nificant regulated if the p-value was < 0.05 after multiple testing correction by the
Benjamini-Hochberg procedure (13). Raw data are available at GEO with accession
number GSE21031.

7.3.2 Gene Regulatory network

In order to link genes along an underlying network we used the TRANSPATH database
(150) that provides detailed knowledge of intracellular signaling information based on
changes in transcription factor activity. We searched for direct gene or protein inter-
actions within the TRANSPATH database using the terms: transactivation, increase of
abundance, expression, activation, DNA binding, increase of DNA binding, transre-
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pression, decrease of abundance, decrease of DNA binding, and inhibition.

7.3.3 Principle component analysis

For principle component analysis (PCA) we performed an eigenvalue decomposition
of the covariance matrix of the data set X . Thereby we obtained a decomposition
into an orthonormal source matrix S and an orthogonal mixing matrix A. We applied
PCA to the same set of expressed genes as GraDe and also inferred four sources.
We defined for each component two submodes by grouping genes with a threshold
≥ +2 standard-deviations and a second set of genes having a source weight of ≤ −2
standard-deviations.

7.3.4 k-Means clustering

In order to ensure a fair comparison of k-means clustering with GraDe and PCA, we
first applied a gene selection step to provide that all methods selected an approximately
equal number of genes, as proposed in (266). We ranked all expressed genes according
to their expression variance across the time-course and then selected the top 15% vari-
able genes. Having the selected genes, clustering was then performed using k-means
clustering (123), where k was set to 8 in order to match the same number of submodes
inferred by GraDe and PCA.

7.3.5 FunCluster

In addition to k-Means clustering, we also include a clustering method which incor-
porates Gene Ontology information into the clustering task. We use the FunCluster
method, which performs functional analysis of gene expression data (29; 95). Fun-
Cluster detects co-regulated biological processes through a specially designed cluster-
ing procedure involving biological annotations (GO and KEGG) and gene expression
data. We apply the FunCluster implementation provided within the R environment
(264) and using standard parameters.

7.3.6 Enrichment analysis

For gene sets grouped in sources obtained by GraDe and PCA or k-means clusters we
performed an enrichment analysis to determine significantly enriched biological pro-
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cesses and pathways. For biological processes we performed a Gene Ontology (28)
term enrichment analysis, which was carried out with the R package GOstats (74).
For pathway enrichment analysis we used non-metabolic pathways that are manually
curated by KEGG (121). Pathway enrichment was also evaluated with the GOstats
package. To correct for multiple testing, we used the Benjamini-Hochberg procedure
(13) and called an association significant if the p-value was less than 0.05. To evaluate
the mapping of pathways to submodes or clusters we applied the pathway enrichment
index (PEI), as proposed by (266). For each submode or cluster we evaluated the
significance of enrichment of a set of genes in a particular pathway by using a hyper-
geometric test. A pathway association was considered as significant if the p-value was
below 0.05 after multiple testing correction using the Benjamini-Hochberg procedure.
The PEI was then defined as the fraction of significant pathway mapped to at least one
submode or cluster.

7.3.7 Robustness analysis

Robustness analysis was performed by two network randomizations. The gene regu-
latory network is interpreted as a weighted bipartite graph, i.e. a graph with two sets
of nodes (regulators and regulated genes). Weighted edges indicate interactions either
activating or inhibiting. First, we randomized existing edge information within the net-
work between 0.1 and 100%. In each step we shuffled 10.000 times the corresponding
amount of edges using a degree-preserving rewiring (184; 284). Applying GraDe with
the resulting networks we obtained new factorizations. To compare the original and
new results in a quantitative way, we used the Amari-index (41). For each step we took
the 95% quantile of the random sampling and calculated a p-value by comparing this
quantile to Amari-indices obtained comparing normally distributed random separat-
ing matrices and the original mixing matrix. In a second randomization approach, we
added 10.000 times new information (edges) between 0.1 and 100% of the original net-
work content and calculated the 95% quantile of the resulting Amari-indices. Again,
the p-value was calculated by comparing each quantile with a random sampling.

For analysis of robustness against noise we randomly chose between one and three
replicates for each time point and ran GraDe. For each run, we calculated the Amari-
index. Again, we compared the 95% quantile of the resulting distribution with a ran-
dom sampling to obtain the corresponding p-value.
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7.4 Conclusions and outlook

Matrix factorization techniques provide efficient tools for the detailed analysis of large-
scale biological and biomedical data. While underlying algorithms usually work fully
blindly, we propose to incorporate prior knowledge about gene, miRNA or even pro-
tein regulation encoded in a graph model. This graph introduces a partial ordering in
data without intrinsic (e.g. temporal or spatial) structure, which allows the definition
of a graph-autocorrelation function. Using this framework as constraint to the matrix
factorization task, we develop a second-order source separation algorithm called graph-
decorrelation algorithm (GraDe). First, we demonstrate applicability of GraDe by two
different toy examples (time-series and condition experiments), which reflects the com-
mon experimental designs. Furthermore, we introduce G-MA processes, which we
used to evaluate the performance of GraDe. These processes are theoretically very
interesting and need further investigations in upcoming projects. In order to show the
robustness and applicability of GraDe for biological data, we discuss three different ap-
plications in this thesis. We demonstrate the robustness against noise in the underlying
prior network. Moreover, we show within these applications that GraDe obtains many
more reliable results compared to clustering and even standard matrix factorization ap-
proaches. These results indicate that the integration of prior knowledge into the matrix
factorization task improves the inference of biological findings in large-scale data. In
future work, we will investigate whether GraDe can be used for model selection when
given different alternative underlying graphs of small-scale models. Furthermore, we
are interested in using the concept of GraDe to analyze single signaling pathway re-
sponses in large-scale biological data. Within the European Research Council grant
latent causes in molecular networks, we will work on a Bayesian formulation of the
non-linear source separation problems, which is used in GraDe.
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8 Conclusions and Outlook

Since the discovery of miRNAs around ten years ago, enormous efforts have been made
to study and unveil the regulatory role of these molecules. One important research field
was the identification of miRNA target genes. Various studies proposed several fea-
tures, which seem to be important in characterizing miRNA target genes. With the
resulting identification of thousands of potential miRNA targets genes, the challenge
is now to further unveil their biological functions and the corresponding regulatory
role of the miRNAs. In the last years, new large-scale approaches, such as Hits-Clip
or Par-Clip have been developed, which are able to identify the transcriptome-wide
miRNA-binding sites on mRNAs. Decreasing the number of false positive target genes
will help to clear the picture and will lead to further findings. A future challenge will
be the systematical identification of all miRNAs affecting and regulated by cell sig-
naling. Although we are far from this goal, the experimental tools are definitively in
place, including the capacity to screen for miRNAs that contribute to discrete signal-
ing events using unambiguous and pathway-specific readouts in cultured cells or other
model systems (106). Many disorders, such as heart disease, autoimmunity and cancer
arise from defects in signal transduction networks. Recent studies identified miRNAs
as important members of signaling networks acting either as backups of post transcrip-
tional control or as important control instances of feed-forward and feedback loops.
Located at these central and important switching points they confer the robustness of
the networks. Therefore an intensive study of the regulatory role of miRNAs on these
networks may lead to novel drug targets in the future. The goal of this thesis was to
study the regulatory motifs of miRNA-mediated regulation in signaling pathways. We
presented novel findings first from a general perspective in Chapter 3 and 4. To im-
prove the inference of functional miRNA-pathway associations, we presented a novel
approach in Chapter 5. In Chapter 6, we showed the results of a detailed mathemati-
cal model to unveil the regulatory role of miRNAs on the pathway dynamic. Finally
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in Chapter 7, we presented a novel approach to study the responses of active signal
transduction network in large-scale biological data.

8.1 Disease-associated microRNAs and their role in
signaling pathways

Our analysis of deregulated miRNAs linked them to various diseases starting from
neurodegenerative disorders to cancer. For this study, we used the novel manually cu-
rated database PhenomiR. First, we study the difference of disease-related miRNAs
and their corresponding expression patterns between cell cultures and living organ-
isms. Our analysis reveals that especially in cancer expression profiles between in
vitro and in vivo systems do not correlate. The result indicates that depending on
disease type, integration of independent information from cell culture studies are in
conflict to conclusions drawn from patient studies. These observations and the results
of our study show that the potential of cell cultures to investigate miRNA expression
in diseases is limited. As a consequence, the suitability of cell cultures has to be ver-
ified for each disease and cell line before using such data as tool for the prognosis of
diseases in human beings. Analyzing the PhenomiR database, we identified several
studies, which did not investigate the impact of single deregulated miRNAs but rather
groups of miRNAs organized in genomic clusters. Linking these genomic clusters to
phenotypes, we identify for the first time that deregulated miRNA genomic clusters
are significantly overrepresented in the majority of investigated diseases compared to
single miRNA genes. The pivotal role of miRNA clusters in human diseases suggests
that effective treatment of various diseases may require a combinatorial approach to
target not singular miRNAs but rather miRNA clusters. In order to further study the
role of disease-related miRNAs, we analyze their role in regulating signal transduction
pathways. Therefore, we set up a multipartite graph consisting of five sets of nodes
and links, established by different data resources. Using a thorough statistical analysis
of a multipartite graph consisting of miRNAs, proteins, diseases, and signaling path-
ways in a tissue-specific manner, we link diseases via miRNAs on signaling pathways
and uncover the impact of disease-associated miRNAs on human signaling pathways.
Further improvements in the accuracy of miRNA target prediction will lead to more
detailed findings. In addition, novel techniques such as our proximity measurement
will help to better understand the functional relation between signaling pathways and
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their regulation through miRNAs.

8.2 Inferring functional microRNA-pathway
associations

In this thesis, we present a novel approach to link miRNAs and signaling pathways
using our proximity measure. This technique goes beyond the common enrichment
approach by incorporating the topology of the biological networks. Applying the prox-
imity score to a global set of experimentally validated miRNA targets, we identify
functional miRNA-pathway associations that significantly differ from those inferred
with the conventionally used enrichment score. We are able to identify additional
subclasses of miRNA pathway associations in addition to the enrichment of miRNA
target patterns. Using gene ontology annotation, we show that proximal target pat-
terns correspond to a specific function in cell signaling. We were able to show that the
application of concepts from graph theory to signal transduction allows the identifica-
tion of novel miRNA-pathway associations. In addition, we presented our novel web
server miTALOS that provides novel features for the functional analysis of miRNA-
mediated regulation in biological pathways. MiTALOS offers two different methods
to identify functional miRNA-pathway associations. The two measures provide signif-
icant miRNA-pathway associations for two alternative forms of miRNA control. As
miRNAs and their target genes show highly tissue-specific expression signatures, mi-
TALOS provides a tissue filter. This is a novel feature in contrast to already existing
resources, where the functional analysis is corrupted by targets that are not expressed
in the tissue under consideration. In a functional analysis of prostate cancer related
miRNAs, we showed the benefit of the proximity score and novel features provided by
miTALOS to identify biological meaningful miRNA-pathway associations. We think
that the concept of proximity can serve as a powerful tool to identify patterns in net-
works beyond miRNA regulation in signal transduction. For drug targets in metabolic
networks, disease genes in signaling pathways, or other network medicine approaches,
our novel measurement might generate useful hypotheses beyond the commonly used
enrichment method. One possible extension is the application for user specific gene
or protein lists. In case of a large-scale analysis, one is interested in linking functional
annotation to a (large) list of genes or proteins of interests. So far, functional annota-
tion for e.g. highly expressed or process related genes is commonly obtained using the
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enrichment method. Applying our novel proximity measure to these data, we suggest
to infer novel functional relations, which are beyond the simple enrichment feature.

8.3 Modeling microRNA-mediated regulation of
signaling pathways

The research area of post-transcriptional regulation obtained new impulses after the
discovery of miRNA molecules. Within this thesis, we study the regulatory role of
these small molecules from a dynamical point of view. We first analyze a signaling
cascade, which is representative of many signaling pathways. We show that alteration
of signal transduction proteins and transcripts via gene or miRNA regulation has a
severe impact on signal maintenance and shutdown. Changes in the expression of
signal activators or inhibitors lead either to a fast signal shutdown via the inhibitor or
to a slow signal repression via the activator. In addition, our results indicate that gene
or miRNA regulation induces similar recovery times of the signal. In summary, our
analysis shows that miRNA regulation as an addition layer of transcriptional control
allows the cell to alter the signal transduction in context specific manner. In future
work, other highly representative signaling patterns, such as scaffold proteins or even
pathway crosstalks, can be analyzed to further unveil the role of miRNAs on the signal
transduction dynamic.

Our miRNA-model of the gp130-STAT3 pathway can be extended into two direc-
tions. From a theoretical point, we can use a more complex model, which may describe
the receptor binding complex in more detail, the nucleus transport or the negative feed-
back loop. Moreover, one could use a stochastic modeling approach instead of ODEs
to capture the fluctuations of mRNA and protein expression during signal transduction.
The most critical point is the modeling of miRNA regulation. First of all, one could
integrate the mRNA:miRNA complex and its release. Here, further biological knowl-
edge is needed to understand the biological principles of this complex and its impact
on mRNA cleavage and inhibition of protein translation. From the biological point of
view, miRNA regulation can be extended in different ways. Further investigation of the
miRNA biogenesis, especially of the regulatory mechanism of miRNAs, is necessary.
So far, we model miRNA impact on mRNA expression by combining miRNAs to a
single miRNA regulation process. In case of explicit knowledge of single miRNAs we
could extend the pathway model by integrating the corresponding single miRNAs. Fi-

158



8.4. USING BIOLOGICAL KNOWLEDGE TO INFER FUNCTIONAL
RELATIONSHIPS

nally, one important perspective is the experimental validation of our prediction made
by the gp130-STAT3 model. To confirm these results, we will use siRNA knockdown
experiments to alter JAK1 and STAT3 expression. Using these experiments, we are
then able to study the importance of the PSTAT3/STAT3 ratio for the efficiency of
signal transduction within gp130-STAT3.

8.4 Using biological knowledge to infer functional
relationships

Matrix factorization techniques provide efficient tools for the detailed analysis of large-
scale biological and biomedical data. In Chapter 7, we present a matrix factorization
algorithm that incorporates prior knowledge about gene, miRNA or even protein reg-
ulation encoded in a graph model. This graph introduces a partial ordering in data
without intrinsic (e.g. temporal or spatial) structure, which allows the definition of a
graph-autocorrelation function. Using this framework as constraint to the matrix fac-
torization task we developed the second-order source separation algorithm GraDe. We
proved identifiability in our factorization model, where we posed constraints that are
based on the novel concept of graph-delayed correlations. Starting with proof for arti-
ficial data, we also demonstrated the applicability as well as robustness of the proposed
approach within three studies. The methodological strength of the proposed approach
is two-fold: first, it naturally arises from a network approximation of the general ODE
model of gene regulation. Second, instead of ignoring the sample dependencies in bi-
ological high-throughput data by assuming i.i.d. samples, we explicitly model them.
For further work, various extensions of our GraDe algorithm can be considered. So
far, we used large-scale biological networks to obtain prior knowledge and link mR-
NAs and miRNAs. Beside the large-scale applications, GraDe can be used for e.g.
model selection. Using different (ODE) models, the concept of graph-autocorrelation
could be used to select the ’best’ model that is able to infer the data. Therefore, new
methods for model selection based on the concept of graph-decorrelation have to be
developed. Furthermore, GraDe could be used to identify pathway specific responses
in the data. The idea of Principle Pathway Analysis is to distinguish between active and
inactive pathways in biological data, e.g. after a cell stimulus. New concepts to evalu-
ate the outcome of the resulting pathway autocorrelation based on a non-linear source
separation have to be developed. Finally, GraDe can be used to derive gene-regulatory
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or signaling models based on multivariate biological data. However any model only
approximates reality. In case of a failing model, the question is how we are able to
refine the model using this experimental knowledge. In signal processing, namely the
blind identification of hidden (latent) variables in a mixing model technique, which
is able to solve this problem. The concept of graph-autocorrelation can here be used
to develop new approaches. Finally, a fully Bayesian formulation of the non-linear
source separation problems, which is used in GraDe, may allow an alternative way of
the efficient but crucial inclusion of prior biological information. Within the European
Research Council grant latent causes in molecular networks, new approaches dealing
with these topics will be developed over the next years.
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