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Abstract
Hematopoiesis is the process of blood cell production from somatic stem cells in higher eukaryotes.
Over the past four decades, tremendous progress in biological backgrounds and experimental access to the hematopoietic system have been made. Many regulatory factors involved in differentiation and lineage commitment have been identified, but the exact mechanisms maintaining blood
cell balance throughout the lifetime of an organism remain unknown. With the newly arising field
of systems biology, integrated approaches are becoming increasingly popular, combining known
biological mechanisms and experimental data with theoretical and computational methodology.
In this thesis, a top-down approach is presented that investigates the hematopoietic system on
different scales. First, mRNA expression data are examined and a qualitative regulatory model
of 55 factors involved in hematopoiesis is derived from the literature. This model is further narrowed down to a core regulatory network of myeloid development. The core network is further
examined by network-oriented approaches and boolean modeling providing an overview of the
regulatory processes during hematopoietic stem cell maturation. In order to perform quantitative simulations, the network is further reduced to the well-known two-player circuit of PU.1 and
GATA-1, which drive granulocyte-macrophage and megakaryocyte-erythrocyte development, respectively. Existing theoretical studies are reviewed and new approaches are presented, showing
a possibly important role of the cosuppressor pRB during lineage decision and stabilization.
Finally, a novel framework for the determination of PU.1 protein expression data based on fluorescently tagged proteins is introduced. First results of time-resoluted expression profiles of this
major differentiation factor promise an in-depth understanding of the lineage decision processes
and possibilities to backup or falsify theoretical models of stem cell maturation.
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Zusammenfassung
Hämatopoese beschreibt die Produktion von Blutzellen aus somatischen Stammzellen in höheren
Eukaryoten. In den letzten vier Jahrzehnten wurden maßgebliche Fortschritte hinsichtlich biologischer Hintergründe sowie experimenteller Methoden in diesem Forschungsgebiet gemacht.
Viele an der Differenzierung und Linienentscheidung beteiligte Faktoren wurden bereits identifiziert, die genauen Mechanismen der Aufrechterhaltung des Gleichgewichts zwischen den verschiedenen Blutzelltypen sind jedoch weitestgehend unbekannt. Mit dem neuen Gebiet der
Systembiologie haben integrierte Ansätze, welche biologische Mechanismen und experimentelle
Daten mit theoretischen sowie computergestützten Methoden verbinden, zunehmend an Bedeutung gewonnen. In dieser Arbeit wird ein Top-down Ansatz zur Untersuchung des hämatopoetischen Systems auf verschiedenen Ebenen vorgestellt. Zunächst werden mRNA Expressionsdaten analysiert und ein qualitatives, regulatorisches Modell mit 55 hämatopoetischen Faktoren
aus der Literatur extrahiert. Durch Einschränkung auf zentrale Faktoren wird dieses Modell
zu einem Kernmodell der myeloischen Zellentwicklung verfeinert. Um einen Überblick über den
Reifungsprozess hämatopoetischer Stammzellen zu erlangen, wird das Kernmodell mit netzwerkorientierten Ansätzen und boolescher Modellierung analysiert. Für die Erstellung quantitativer
Modelle wird das Netzwerk weiterhin auf einen regulatorischen Schaltkreis bestehend aus PU.1
und GATA-1 verkleinert. Die Wechselwirkungen zwischen diesen beiden Faktoren steuern die
Entscheidung zwischen der Granulozyten-Makrophagen bzw. der Megakaryozyten-Erythrozyten
Linie. Nach einem Überblick über bestehende Studien wird ein neuartiger Modellierungsansatz
präsentiert, in welchem dem Cosuppressor pRB eine entscheidende Rolle in der Linienentscheidung und -stabilisierung zugeschrieben wird. Abschließend wird ein auf Fluoreszenzmarkierung
basierendes System zur Bestimmung der Proteinexpression von PU.1 auf Einzelzellebene vorgestellt. Erste Ergebnisse der zeitaufgelösten Expressionsprofile dieses zentralen Differenzierungsfaktors versprechen tiefgehende Einblicke in die Linienentscheidungs-Prozesse und Möglichkeiten
zur Bestätigung oder Widerlegung theoretischer Modelle der Stammzellreifung.
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Chapter 1

Introduction
Blood is a body fluid comprising up to seven percent of the body mass in higher eukaryotes1 . It
is responsible for various essential tasks, like nutrient and oxygen transport as well as immune
defense processes. Some high-impact disease classes are associated with blood cells, including
leukemia, anemia, and atherosclerosis. A subtle balance of cell types with highly distinct functions must be maintained to retain homeostasis in the organism. This balancing requires complex
regulatory mechanisms and signaling processes in blood cell-producing tissues of the body. The
process of generating these mature blood cells from somatic stem cells is called hematopoiesis
(from Greek, haima = blood, poiesis = to make) and primarily takes places in the bone marrow
and thymus of adult individuals (the latter organ primarily being responsible for lymphocyte
maturation).
The study of hematopoiesis constitutes a field of research that has been established and intensively worked on for about 40 years [42, 47]. The development of experimental protocols for the
purification of hematopoietic stem cells and lineage-specific progenitor cells opened the door for
in-depth insights into differentiation and the underlying regulatory processes. As a system with a
well-known biological background and advanced experimental access, hematopoiesis is considered
as a paradigm for stem cell biology [77]. Theoretical studies investigating mathematical aspects
in the regulation of blood cell abundances accompanied biological works early on in this area of
research (cf. e.g. [62]). However, such studies were mostly based on abstracted population behavior of stem cells and did not incorporate any genetic details. The newly arising interdisciplinary
field of systems biology attempts to interconnect integrated biological knowledge with theoretical
and computational methodologies [108]. Novel strategies involving an interplay of experimental
and bioinformatics promise to provide insights into the blood cell production system that could
not be achieved by either one of the two disciplines alone. Several prototypical studies taking
this challenge have been published recently. These works were focused on different aspects of
the hematopoietic process, including multlineage priming [60], myeloid vs. red blood cell decision
[46] and neutrophil differentiation [16].
In this thesis, existing systems-oriented approaches with respect to the hematopoietic system
are applied and extended. A top-down approach is attempted by going from large-scale expression
profiling and qualitative modeling of regulatory interactions over detailed quantitative modeling
of a major regulatory regulatory circuit to the experimental determination of protein expression
for a single differentiation-specific factor (Figure 1.1). The overall aim of this work is to contribute
new knowledge, insights and testable hypothesis for the blood cell differentiation process and,
1 Fundamental

biological backgrounds in this chapter were extracted from two biology textbooks: [4, 10]
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in addition, to establish new mathematical and computational methodologies for the work with
such biological systems.
The following sections of this chapter give a detailed introduction into the different blood cell
types, stem cells, progenitors and the differentiation process. We discuss progresses in experimental cell purification and establishment of the blood cell maturation hierarchy and describe
possible mechanisms driving the differentiation process. At the beginning of Chapter 2, mRNA
transcription profiles of various maturated and immature blood cell types are compared. Overall
expression differences between the cell types are reflected back onto the differentiation hierarchy
and possible problems in cell purification protocols are revealed. Furthermore, we develop a
qualitative regulatory model of the hematopoietic system from which a core regulatory network
for myeloid development is extracted. Boolean modeling is employed to demonstrate that this
core network is capable of giving rise to four major blood cell lineages. In silico knockout and
perturbation experiments on the boolean model demonstrate robustness of the system and raise
new ideas and hypothesis for the differentiation process. In Chapter 3 the regulatory model is
further narrowed down to the PU.1-GATA-1 regulatory circuit that is responsible for the lineage
decision between red blood cells and non-lymphoid leukocytes, respectively. After a brief primer
on the mathematical modeling of biochemical systems, we review and discuss existing quantitative modeling approaches of this two-player regulatory circuit. A novel modeling approach is
presented that decidedly incorporates all known molecular reactions between the two genes and
their products. The activity of a cosuppressor (pRB) is predicted to have an important role in
the expression stochiometry of both players and, eventually, in the lineage decision or stabilization process. Chapter 4 introduces a new type of protein quantification technology based on a
transgenic mouse strain with fluorescently tagged endogenous PU.1 proteins. An image analysis
pipeline for movies of differentiating hematopoietic cells was developed in cooperation with the
hematopoiesis group at the Institute of Stem Cell Research, Helmholtz Zentrum München. We
discuss various findings in this dataset, including insights into lineage decision time-scales, fold
changes during differentiation, asymmetric cell division, differential regulation over the cell cycle
and cell-specific expression profiles. The final Chapter 5 summarizes the contributions of this
work and provides future directions for systems biology oriented studies in the hematopoietic
field based on the results provided herein.

1.1

Blood cell types

Mammalian blood compromises at least 10 phenotypically very distinct cell types. For an
overview of the different blood cells refer to Table 1.1. The most prominent function of blood
cells is the transport of oxygen, mainly performed by red blood cells (erythrocytes). Their red
color is due to hemoglobin, a protein containing a prosthetic iron group that binds molecular
oxygen. Mature mammalian erythrocytes have a characteristic biconcave disk shape and are
anucleate, i.e. they lack the cell nucleus and have no capabilities of further proliferation. Several
important disease patterns are associated with erythrocytes, including anemias (impaired oxygen transport capacity of the organism), malaria (parasites within these cells), and polycythemia
(non-physiologically increased amounts of red blood cells).
Hemostatis is the process of bleeding stoppage, a vital requirement for all blood-carrying
organisms. This process includes coagulation, describing clot formation of blood cells at damaged
blood vessels. The main cell type responsible for blood clotting is the platelet (thrombocyte)
which is a small, anucleate cell of discoid shape. Platlets have a relatively large surface that
facilitates a fibrin-mediated cell adhesion process called thrombocyte aggregation. Thrombocytes
are created by budding off from giant bone marrow cells called megakaryocytes that repeatedly

1.1. BLOOD CELL TYPES
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Figure 1.1: Sketch of our top-down approach for the modeling of hematopoiesis outlining the structure of
this thesis. First, we setup a large-scale qualitative model of regulatory interactions from the literature.
This network is then narrowed down to a core network of myeloid development, which is shown to
give rise to four mature blood cell lineages (granulocytes, macrophages, erythrocytes, megakaryocytes).
Quantitative modeling is applied to get mechanistic insights into the PU.1-GATA-1 lineage decision
switch between granulocytes/macrophages and erythrocytes/megakaryocytes, respectively. We evaluate
various decision-driving mechanisms based on literature models and our own approaches. Finally, an
image analysis pipeline for single-cell expression profiling of PU.1 based on fluorescently tagged proteins
is established. We analyze different aspects of the single-cell dynamics of this factor, e.g. regulation
kinetics, asymmetric cell division and lineage-specific behavior.
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CHAPTER 1. INTRODUCTION
Cell type
Erythrocyte
Platelet
Macrophage
Neutrophil granulocyte
Eosinophil granulocyte
Basophil granulocyte
B cell
T cell
Natural killer cell
Dendritic cells

Primary function
Oxygen transport
Wound healing
Remove dead material, stimulate lymphocytes
Defense against bacteria, fungi
Defense against parasites, allergic reactions
Allergic reactions
Antibody production
Antigen recognition, adaptive immune answer
Defense against tumors, virus-infected cells
Antigen presentation, B and T cell stimulation

Table 1.1: Overview of blood cell types and their primary functions in the organism. White blood cells
(leukocytes) are further subdivided into myeloid leukocytes and lymphoid leukocytes. Dendritic cells
can have both myeloid and lymphoid origins.

pass through the cell cycle without performing cytokinesis (i.e. cell division during mitosis).
Disturbed thrombopoiesis or defective platelets lead to diverse diseases, e.g. thrombocytopenia
and thrombocytosis (reduced and elevated platelet numbers) and various types of hemostasis
impairments.
The third major task of blood cells is their role in the immune defense system. Immune
defense describes a number of processes involved in the elimination of pathogens (including
bacteria, viruses and fungi) and endogenous malignant tissues like cancer cells. The blood cells
involved in immune defense processes are called white blood cells or leukocytes. The class of
leukocytes is further subdivided into lymphoid and non-lymphoid (myeloid ) white blood cells2 .
The non-lymphoid leukocytes are mostly involved in non-specific defense processes, also called
the innate immune system that does not rely on pathogen-specific antigens. They include the
class of granulocytes (named after staining granules in their cytoplasm) which compromises neutrophils for bacterial and fungal infections, eosinophils for parasites and allergic reactions as well
as basophils which are also primarily involved in allergic reactions. Besides granulocytes, there
are monocytes that are rapidly attracted to damaged tissues by chemotaxis and undergo morphological changes to turn into a macrophage. Similarly to granulocytes, macrophages destroy
malignant cells by phagocytosis (cellular ingestion) but are also involved in the stimulation of
lymphocytes to direct the antigen-driven (adaptive) immune answer.
Lymphocytes include three types of immune cells, T cells, B cells, and natural killer (NK)
cells. T cells recognize protein-bound antigens on cell surfaces and directly attack pathogens or
release stimulants for other leukocytes. B cells produce antibody proteins against antigens by
a process of genome rearrangements and clonal deletion by apoptosis. Antibodies interfer with
malignant cells by strongly binding to exposed antigens, leading to direct inhibition processes
or the attraction of NK cells and granulocytes. B cells eventually develop into memory B cells
which results in long-term immunities against certain pathogens. NK cells are also involved in
the recognition of tumor and virus-infected cells and attack by releasing toxic enzymes into the
cytoplasm of their target cells. The last class of immune defense cells are dendritic cells that
are characterized by a large cellular surface and typical shape. Dendritic cells can have both
myeloid and lymphoid origins, actually suggesting two different types of blood cells. However,
2 There is a common terminology confusion associated with the word ’myeloid’, which is also used to combine
the non-lymphoid leukocytes and both erythrocytes and thrombocytes. In this thesis the term is mostly used in
the latter sense and non-lymphoid leukocytes are referred to as the granulocyte-macrophage lineage.
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all dendritic cells behave similarly as antigen-presenting cells, interacting with and stimulating
B and T cells.
Leukemia (blood cancer) is an important leukocyte-associated disease class that significantly
drives research efforts in the whole blood stem cell area. All leukemia variants are characterized
by an impaired proliferation of immature blood cell progenitors and primarily affect leukocyte
development [10]. Various subclasses of leukemia (chronic/acute, lymphoid/myeloid) are distinguishable, each of which shows a unique molecular phenotype, differentiation behavior and
macroscopic consequence for the affected individual. Many of the major hematopoietic factors
driving differentiation are known to be involved in malignant impairments causing cancerous cell
types [97, 87]. Apart from the discovery of fundamental processes of somatic cell generation, the
understanding of leukemia as a high-impact disease class is a major goal of the research field.

1.2

Stem cells, progenitor cells and the maturation process

Hematopoietic stem cells (HSCs) continuously refresh the blood system over the whole lifetime
of an organism. They originate from the embryonal ventral mesoderm, the germ layer that
also gives rise to bones, muscles and the circulatory system3 . A common origin of blood and
blood vessel cells, the hemangioblast, was hypothesized but its existence has not yet been directly
proven. During embryonal development, hematopoiesis takes place at different sites (e.g. the yolk
sac and the placenta) in multiple, time-delayed waves. The primary function of this “primitive”
hematopoiesis is the production of red blood cells and is rapidly replaced by the adult “definitive”
hematopoiesis producing all types of blood cells mentioned above. Adult hematopoiesis primarily
takes place in the bone marrow which is located in the long bones, the pelvis, rips, skull, clavicles
and the vertebrae. Only 1 of ∼10.000 hematopoietic cells in the bone marrow is a real HSC, still
sufficient to generate the required amounts of mature blood cells [70].
The mouse species Mus musculus is commonly established as a model organism for studying
hematopoietic processes [56]. Mus musculus is a mammal very closely related to the human on the
one hand, and can be efficiently bred and genetically engineered on the other hand. Other studies
focus on human hematopoiesis, where the recovery of bone marrow cells comparably high as in a
mouse model is not possible, and zebrafish hematopoiesis [26]. The maturation process of an HSC
towards a mature blood cell passes through several subsequent stages. The original HSC is often
called long-term HSC (LT-HSC) which has all functional features of a real tissue stem cell (as for
example defined in Loeffler and Roeder [63]), most importantly unlimited self-renewal and lineage
potential for all blood cell types. Self-renewal describes the ability of producing another LT-HSC
by cell division. The lineage potential of a stem or progenitor cell is the set of mature blood
cells it can develop into by differentiation. LT-HSCs eventually turn into short-term HSCs (STHSCs), also called multipotent progenitors (MPPs), that still give rise to all blood cell lineages
but have limited self-renewal capacities (i.e. they loose multipotentcy and differentiate after a
sufficient amount of time). Blood progenitor cells as such are heterogeneous and the transitions
between different maturation stages are floating. Nevertheless, using phenotypic cell purification
approaches various classes of cells with diverse differentiation potentials have been identified.
For instance, Akashi et al. [2] identified a cell type based on a very specific cell-surface receptor
configuration that only gives rise to erythrocytes, megakaryocytes, granulocytes and macrophages
and was hence called the common myeloid progenitor (CMP). Similar approaches were used to
identify a common lymphoid progenitor (CLP by Kondo et al. [55]) and other progenitor cells
3 The origins of HSCs are excellently reviewed in Orkin and Zon [77] and further references therein. All
developmental facts involving HSCs in this section are taken from that review.
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Abbrev.
HSC
MPP
CMP
GMP
MEP
CLP
LMPP

Full name
hematopoietic stem cell
multipotent progenitor
common myeloid progenitor
granulocyte-macrophage prog.
megakaryocytes-erythrocytes prog.
common lymphoid progenitor
lymphoid-primed MPP

Lineage potential
all cell types
all cell types
granulo., macro., megakaryo., erythro.
granulo., macro.
megakaryo., erythro.
all lymphoid lineages
lymphoid lineages, granulo., macro.

Table 1.2: Overview of progenitor cell types with different lineage potentials.
granulo. = granulocytes, macro. = macrophages, megakaryo. = megakaryocytes, erythro. = erythrocytes

Figure 1.2: Alternative models of hematopoietic stem cell maturation. Left: Model proposed by Akashi
et al. [2] stating an early distinction of lymphopoiesis and myelopoiesis and a common origin for the
granulocyte-macrophage and the megakaryocytes-erythrocyte lineages. Middle: Alternative model originally proposed in Adolfsson et al. [1] based on the identification of a myeloid-lymphoid progenitor
without MegE potential. Right: Combined model with alternative myeloid differentiation pathways.

with restricted differentiation potentials like megakaryocytes-erythrocyte progenitors (MEPs) and
granulocyte-macrophage progenitors (GMPs).
While the existence of the CLP, the GMP and the MEP is not in doubt, the differentiation
processes towards these three progenitor types are heavily discussed. Figure 1.2 shows the
differentiation models currently proposed in the literature. With the identification of the CMP
(see above), a common origin of the GM and MegE lineage has been assumed. This model was
cast into revision by the identification of a progenitor cell with myeloid and lymphoid potential
that lacks the ability to generate the MegE lineage [1] (called the lymphoid-primed multipotent
progenitor, LMPP). A possible explanation for these inconsistencies could be a combined model
that contains alternative maturation pathways for the GM lineage (this combined model was
already proposed in the original LMPP publication). An overview of the different types of
hematopoietic progenitors and their respective lineage potentials is given in Table 1.2.
When studying maturation processes of hematopoietic stem cells the different models of
differentiation have to be kept in mind. Further progress in experimental studies will solve
contradictions and falsify or confirm existing models. In our large-scale modeling approach in
Chapter 2.1 we will refer back to the differention tree topologies and discuss whether some models
are more likely based on our results.

1.3. MECHANISMS DRIVING DIFFERENTIATION
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Figure 1.3: Possibilities of generating heterogeneous progenitor cell populations in order to promote
different blood cell lineages. A: Biochemical gradients in the stem cell niche could lead to spatially
dependent expression patterns in the cells. B: Cell-cell signaling for synergistic or antagonistic fate
decision provides another possibility of generating heterogeneous populations. C: Progenitor cells could
decide their fate based on purely intrinsic mechanisms, possibly aided by stochastic flucations in the
expression strengths of key regulatory factors. Different colors in the diagram indicate different states
of the regulatory program or different cell fates.

1.3

Mechanisms driving differentiation

The differentiation tree models above describe the topology of blood cell maturation but do not
provide any information of how and why lineage decisions are made. One important factor is certainly the protein class of cytokines, a group of signaling glycoproteins involved in the regulation
of cell growth and differentiation. For instance, erythropoietin activates JAK-STAT signaling
[113] and drives erythroid differentiation while G-CSF and M-CSF promote the granulocyte and
macrophage lineages, respectively [119]. Two general concepts of lineage decisions promoted by
cytokine signaling are under discussion. Instructive signals on progenitor cells cause changes in
regulatory programs towards a certain lineage. Permissive signaling, on the other hand, promotes a lineage by inducing apoptosis in those cells that are not committed to that lineage.
The question of instructive and permissive signaling is currently being addressed using the same
experimental system we employ in Chapter 4 [84].
The role of cytokines in the differentiation process still does not answer the question of how
different lineages occur in cells originating from a clonogenic HSC. It is intuitively clear that
some asymmetry or general heterogeneity between two daughter cells of a hematopoietic stem
cell must occur in order to give rise to different lineages. Basically, there are three possible
mechanisms of achieving such a heterogeneity (Figure 1.3).
A. The cellular environment in the bone marrow (called the stem cell niche) mainly provides
a signaling environment stabilizing stem cell maintenance and the differentiation process
[78]. The stem cell niche could, for instance, create a biochemical gradient, which in turn
causes alternative cell fates between differentially located cells.
B. Cell-cell signaling between progenitor cells has not yet been shown to play a major role in
hematopoietic stem cell maturation. However, synergistic or antagonistic signaling for a
given lineage between cells is a possible explanation for the promotion of different lineages
in the progeny of a single cell. Notably, slight asymmetries in the influence patterns would
be required for this mechanism.

8
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C. Asymmetries in the expression of lineage-promoting factors might also be due purely to
intrinsic mechanisms shaped by stochastic fluctuations. Inherent biochemical noise caused
by transcription/translation and gene regulation processes might cause deviations large
enough to drive the cell into a certain fate [15].

Decisions in the stem cell maturation process must be caused by one or a combination of
these factors. Intra-cellular mechanisms, cell-cell signaling and environmental factors describe
all possible factors influencing the gene regulatory programs of cells in general. While the environment is known to be essential to stabilize the differentiation process, it cannot be the exclusive
explanation. As the experiments further described in Chapter 4 show, multipotent progenitors
will differentiate on a medium with a specific but homogeneous cytokine configuration. An important heterogeneity-generating process in stem cell differentiation, that could be influenced by
all three mechanisms, is asymmetric cell division (ACD). HSCs have been postulated to induce
differentiation by producing one differentiating and one non-differentiating daughter cell during
division [91]. Extrinsic signals have been shown to be effective modulators of ACD during differentiation [114], but the exact mechanisms of ACD and its influence on directing differentiation
remain unknown.
The gene regulatory network underlying all cellular processes ultimately causes a cell to adapt
a certain lineage fate. All mechanisms discussed before must be projected onto and evaluated
in the context of this network. A number of regulatory interactions between important lineagedecisive factors have been experimentally unraveled over the past 20 years [77]. In addition,
recent findings suggest important roles of microRNA-mediated regulation of hematopoietic stem
cell differentiation and developmental processes in general [35].

Chapter 2

A large-scale picture of the
hematopoietic system
In this chapter we provide a general overview of regulatory mechanisms in the hematopoietic
differentiation process. First, a comparison of different mRNA expression datasets is presented.
Then we derive a qualitative regulatory network from the literature and apply a computational
modeling approach based on boolean logics that gives rise to the four myeloid blood cell lineages.

2.1

Transcriptome changes

In order to get a first impression of the processes and intracellular changes that take places during
blood cell differentiation, existing mRNA expression data sets were analyzed. We compared and
integrated different studies to map transcriptome changes to the (putative) differentiation trees
as shown in Figure 1.2. To our knowledge, such a combined comparison has not yet been carried
out for the hematopoietic system. We did not focus on results from the original publications
since (a) not all studies contained hierarchical clusterings as employed in our work, and (b) we
required a homogeneous methodological treatment of all datasets.
The results of our analysis could be used as a transcriptome “roadmap” at every stage of the
modeling and analysis process. We want to understand how much changes take place at which
branch of the tree and gain information about the regulatory processes and time scales during
blood cell maturation. Furthermore, the analysis might unravel inconsistencies in the experimental cell purification protocols that do not completely correspond for studies from different
labs.

Datasets and methods
We applied our analysis to five existing mRNA expression data sets from primary mouse hematopoietic cells. All measurements were created using the AffyMetrix platform on the Affymetrix
GeneChip Mouse Genome 430 2.0 microarray. The following studies were used:
1. Transcription profiling of HSC, CLP, CMP and GMP of wild-type mouse against a leukemic
mutant strain (Chen et al. [17]). For our work, only the wild-type samples were used.
2. Long-term hematopoietic stem cells (LT-HSC) against short-term hematopoietic stem cells
(ST-HSC) by Ficara et al. [32].
9
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3. Five progenitor cell types spread across the differentiation tree: MEP, GMP, CLP, erythrocyte progenitors and megakaryocyte progenitors (Pronk et al. [79]).
4. LT HSCs and mature blood cells, including erythrocytes, granulocytes, monocytes, B cells,
T cells and natural killer cells (Chambers et al. [14]).
5. A ’meta’ dataset was created by merging LT-HSC and ST-HSC measurements from the
above datasets and ST-HSC data generated by the hematopoiesis group at the Institute of
Stem Cell Research, Helmholtz Zentrum München in cooperation with the Laboratory of
Genetics and Physiology, NIDDK, NIH (unpublished data).

Already-processed datasets (1.-4.) were taken from the EBI ArrayExpress database1 . For
the creation of the meta dataset from different studies (5.), we normalized raw data using the
RMA algorithm implemented in the Bioconductor R package [37]. Different approaches of probe
set selection were tested: (a) all 45000 probes, (b) 1000 probes with the highest normalized
standard deviation over all samples, (c) probes of the genes from our qualitative model (see
Section 2.2), (d) the most significantly expressed genes/probes according to a SAM [103] (using
the Bioconductor implementation) and (e) a control of 500 randomly chosen probes. Averagelinkage clustering on correlation coefficients of the expression profiles was applied. All datasets
were clustered with all five probeset selection methods. A first clustering run was performed on
the original samples including technical replicates to verify that the replicates are closer to each
other than to all other samples. Actual transcriptome distance comparisons were then performed
on combined samples by calculating the replicate median for each cell type.

Clustering results
The first step in our analysis was to evaluate the different probe selection methods (a-e). Choosing
all probes at once was not suitable as the replicates of cell samples did not cluster together (data
not shown), probably an artifact of the large amount of moderately varying house-keeping genes.
Choosing 1000 probes with the highest normalized standard deviation turned out to cluster all
replicates together consistently (one exception, see below). We assume that we capture most
significant transcriptome changes using this method without biasing by prior knowledge of the
replication samples. The other three probe selection methods yield clustering trees of equal or
very similar topology (determined by visual inspection, not shown).
The results of the hierarchical clustering of expression profiles are shown in Figure 2.1. Since
the LT-HSC/ST-HSC study only consists of two cell types, we show all technical replicates to get
a better picture of the actual changes that take place between these two stages of hematopoietic
stem cells. For all other studies, the averaged sample clusterings are shown. It is to be noted
here that the correlation coefficients between the different studies are not comparable due to the
different sets of probes selected for each clustering.
In the Chen et. al study there is a clear transcriptional separation between GMPs/CMPs
and HSCs/CLPs. In fact, HSCs and CLPs are almost identical since the replicates do not
properly separate regardless of the clustering or probeset selection method (data not shown,
consistent with the clustering trees in the original publication). This implies that few changes
take place from the multipotent state to the state where only lymphoid potential remains within
the progenitor cells. Furthermore, large-scale transcriptome changes take place between the
pluripotent state and the CMP. CMPs in turn become GMPs by relatively few more changes.
These results render the differentiation tree idea of a common progenitor for the myeloid and
lymphoid lineage, which does not have any MegE potential, rather unlikely (cf. Figure 1.2).
1 http://www.ebi.ac.uk/microarray-as/ae/
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Figure 2.1: Hierarchical clusterings based on correlation of expression profiles of the 1000 probes with
the highest sample variance. The figure shows one clustering tree for each of the 4 datasets used in our
analysis. For the Ficara study, numbered replicates of each cell type are shown. Note that the distance
values are not comparable between clusterings as different sets of probesets were used for each analysis.

For the LT/ST-HSC comparison from the Ficara et al. dataset we observe two noteworthy
features in the clustering tree. First, the replicates of each cell type are rather heterogeneous
relative to the differences between ST-HSCs and LT-HSCs. On the other hand, there seem to be
significant differences on transcriptome level between these two related types of stem cells. This
shows that even for the step from a somatic stem cell with unlimited self-renewal abilities to a
differentiating multipotent cell-type with restricted self-renewal capacities, various genes have to
be regulated. Consistent with these functional changes, several processes involved in cell-cycle
control have been identified in the study. Furthermore, DNA repair and telomerase activity are
known to play essential roles in the maintenance of the LT state of HSCs [88].
Our clustering results of the Pronk et al. data are not fully consistent with the first hierarchical tree. The GMP in this clustering seems to be much closer to the CLP than in the first
clustering, an issue that still needs to be elucidated. Nevertheless, this tree shows that the GM
and ME progenitors are already transcriptionally very distinct. In addition, there seem to be
more changes from the MEP to the monopotent megakaryocyte progenitor than to the erythrocyte progenitor (also stated in the original publication). This suggests a phenotypically more
distinct megakaryocyte progenitor in comparison to the MEP and the erythrocyte progenitor.
The Chambers et al. study compared hematopoietic stem cells with mature blood cell types.
The clustering tree shows a clear separation of different blood cell lineages. All lymphoid cell
types fall into one cluster suggesting a similar functional activity in comparison to myeloid
leukocytes. Interestingly, equal types of T cells do not cluster but rather the activation stage
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Figure 2.2: Hierarchical clustering of hematopoietic stem cell samples from different studies. Both
long-term (LT) and short-term (ST) hematopoietic stem cells are included. This figure reveals the
inconsistencies and problems that still exist in the experimental stem cell sorting and purification process.
Long-term and short-term samples are not separated and samples from different studies mix up into the
same clusters.

(naive/activated) of those cells seems to dominate the transcriptional state. From all cell types,
the erythrocytes seem to have accumulated the largest transcriptome changes from the LT stem
cell state.
An important concern in the comparison of results from different studies is the difference of
purification protocols especially for the distinct types of HSCs. The situation is illustrated in
Figure 2.2 where we analyze the meta dataset of integrated samples of LT- and ST-HSCs from
different studies. Apparently, there is no clear separation between LT and ST stem cells and
even replicates from both types are mixed up in the clustering. In each of the involved studies,
slightly different purification approaches for HSC cell types were employed. Different identities
and phenotypic profiles of multipotent hematopoietic cells are still subject to recent studies, as
for example described in Wilson et al. [110]. This is an important aspect which has to be kept
in mind when dealing with data of cell types with common names from different studies.

2.2

A qualitative model

The next step after getting a global overview of the transcriptional changes during the differentiation process is to establish a regulatory model from the literature that drives this process. The
result of this initial working step is a qualitative model that contains important entities of the
system of interest but does not account for detailed quantifications of biochemical molecules or
parameters. All regulatory interactions can then be digested in a top-down manner to understand
smaller modules the system is constructed of.
In order to create a qualitative model of the regulatory interactions in hematopoiesis we
generated a list of 55 important players (50 protein-coding genes and 5 miRNAs) involved in
myeloid and lymphoid differentiation as well as stem cell maintenance. This list is based on
protein-coding genes and microRNAs mentioned in recent reviews and key papers about hematopoietic differentiation (including but not limited to [58, 47, 77, 59]). The proteins in the list
are transcription factors, receptors and signal transducers and proposed to exhibit regulatory
functions in the hematopoietic differentiation process. The next step was to extract known reg-

2.2. A QUALITATIVE MODEL

13

Figure 2.3: Regulatory network of hematopoietic genes derived from manual and automatic literature
research containing 55 factors and 204 interactions. Each edge represents an activatory or inhibitory
influence stated in the literature. The network contains transcription factors, microRNAs, receptors and
representatives for signaling pathways (e.g. STAT3).

ulatory interactions between these genes and their products from the literature. We carried out
an extensive manual literature research aided by the EXCERBT 2 and Genomatix Bibliosphere 3
[90] textmining systems. Great care was taken for each interaction by inspecting the respective
paper or abstract to avoid false positive interactions in our model. Obviously, a text mining
and literature research approach can never be exhaustive, i.e. a number of possibly important
mechanisms might still be missing in our compilation.
The result of our literature research is a regulatory network consisting of 55 nodes and 204
directed edges, each of which represents one regulatory interaction (Figure 2.3). Each regulatory
interaction can be either positive or negative, i.e. representing an activatory or an inhibitory
influence. A list of references for the edges along with a matrix representation of the network
can be found in Appendix A. Motif analysis by the FANMOD software package [109] yielded
several well-known regulatory motifs. For instance, we found different types of feed-forward loops
and the bifan circuit (results not shown) which are known to be significantly overrepresented
2 http://mips.gsf.de/textmining/
3 http://www.genomatix.de/products/BiblioSphere/
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in regulatory networks [5]. We did not perform further computational analysis steps on this
network yet. For now, it served as a reference model to look up interactions between genes of
interest in the hematopoietic system.
Our regulatory network does not differentiate between different levels of regulation. For instance, the transcriptional downregulation of a gene is treated the same way as the inhibition of
activatory function of a transcription factor. Furthermore, the model may contain direct regulatory interactions (direct influence on promotor activity) as well as indirect influences mediated
by other factors.

2.3

The core regulatory network of myeloid development
in mouse

In order to gain further insights into the differentiation process, we needed to simplify the system by reducing the number of involved players. First of all we omitted the lymphoid lineage
completely and focused on the erythrocyte, megakaryocyte, granulocyte and macrophage mature
blood cell types for two reasons. First, the restriction to a certain branch of the differentiation
tree simplifies the system significantly. Second, the experimental setup presented in Chapter 4
currently only grows non-lymphoid hematopoietic cells. Our list of players was carefully narrowed down to 10 protein-coding genes and 2 microRNAs that play key roles in the differentiation
process according to the literature. The result is the subnetwork depicted in Figure 2.4 which
we will call the core regulatory network of myeloid development (short: core network). This
subnetwork is an exact projection of the large-scale network to this 12 factors except for one
indirect edge (GATA-1 ⇒ RUNX1 ⇒ C/EBPα) and one intentionally left out interaction (see
“missing links” below). This section describes the rationale for the nodes and edges in the core
network. Further sections of this chapter will analyze the overall dynamics and motifs in this
regulatory network.

Selection of factors for the core network
Our list of core factors is based on knowledge extracted from recent reviews and research articles
[58, 47, 77, 59] as well as the determination of upstream and downstream factors of PU.1 and
GATA-1. The regulatory switch created by these two players is commonly agreed to give rise to
the megakaryocyte-erythrocyte vs. granulocyte-macrophage decision and frequently addressed by
experimental and theoretical studies (this switch is further investigated in Chapter 3). Our model
contains a number of factors from various phases of the differentiation process, including early
factors (C/EBPα, GATA-2), intermediate factors (PU.1, GATA-1) as well as late, secondary
determinants (Gfi-1, EgrNab, EKLF, Fli-1, Fog-1). The role of these genes has been determined
by knockout, overexpression and expression profiling studies [58]. In addition, many of the genes
in our model are known to be involved in malignant cell transformations, e.g. acute myeloid
leukemia (AML) which is characterized by an unphysiological increase of immature myeloid
blood cells [97, 87]. Finally, we inserted two microRNAs and the early-acting nuclear factor
NFI-A, whose downregulation is a requirement for myeloid differentiation [59]. An overview
of the mRNA expression values for the ten transcription factors, based on the four expression
studies from Section 2.1, is given in Appendix B. The expression values for each cell type are in
general correspondence with the integrated literature knowledge.
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Figure 2.4: The core regulatory network of myeloid development consisting of 10 transcription factors
and 2 microRNAs. It includes early players (C/EBPα and GATA-1), MegE to GM decision factors
(PU.1 and GATA-2) as well as secondary fate determinants. Furthermore, a microRNA regulatory
circuit required for GM lineage differentiation is included. Autoactivatory influences are omitted in this
diagram. “Lineage activation” and “Lineage inhibition” denote the stimulation or blocking of lineagespecific promotors by a key regulator.

Literature evidence for the interactions in the core network
The following list provides motivations and literature references for all regulatory interactions
in the core network. All of these interactions are based on experimental observations and are
directly proposed in the respective publications.
• C/EBPα is known to be a major inducer of PU.1 during granulocyte-macrophage development and drives the CMP to GMP transition. It directly binds to a distal cis-regulatory
element upstream of the PU.1 promotor to stimulate PU.1 mRNA transcription [33, 115].
• C/EBPα has been proposed to drive granulocyte differentiation by inducing the secondary
determinant Gfi-1 [60]. This assumption is based on coexpression of the two players as well
as compatible activity of the counteracting lineage-decisive players (especially PU.1 for the
macrophage lineage).
• PU.1 activates the expression of Egr-2 and Nab-2 which interact with Egr-1 to promote the
macrophage lineage. This interaction has been shown by transient PU.1 overexpression in
primary mouse bone marrow cells [60]. Consistent with this publication, Egr-2 and Nab-2
are combined into a single node ’EgrNab’, assuming an integrated behavior in our model.
• The transcription factors Egr-2/Nab-2 and Gfi-1 mutually repress each other’s expression.
This result has been shown in the same study as the EgrNab activation by PU.1 [60].
The switching circuit created by this group of transcription factors probably provides the
lineage decision between the macrophage and granulocyte lineage, respectively.
• Gfi-1 represses PU.1-dependent transcription [24]. Since Gfi-1 is activated by C/EBPα, this
interaction stabilizes the granulocyte lineage decision by inhibiting the major macrophagepromoting transcription factor PU.1
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• PU.1 and GATA-1 mutually inhibit each other [81, 117] and constitute the MegE vs. GM
switch. Detailed explanations of the molecular mechanisms of protein association and
promotor binding for this interaction are given in Chapter 3.
• When differentiating into the granulocyte-macrophage lineage, PU.1 inhibits GATA-2 [105].
The mechanism is probably similar to the PU.1/GATA-1 interaction.
• GATA-1 constitutes an indirect inhibition of C/EBPα mediated by RUNX1 (the latter
player is not displayed in the core network). GATA-1 targets RUNX1 for phosphorylation, probably turning it into a regulatory active state [29]. RUNX1 dominantly represses
the transcriptional activity of C/EBPα by influencing its DNA binding affinity [99]. Conclusively, GATA-1 stabilizes the megakaryocyte/erythrocyte lineage decision by indirectly
downregulating a central myeloid transcription factor.
• GATA-2 is expressed in immature hematopoietic progenitor cells and activates GATA-1
to drive differentiation towards the MegE lineage [74]. GATA-1 in turn recruits one of
its cofactors, FOG-1, that is required for the activation of many MegE-specific GATA-1
target genes [48, 106]. Finally, GATA-1 and FOG-1 synergize to downregulate GATA-2,
which pushes the differentiation process towards maturated cells [74]. This mechanism is
discussed in further detail in Chapter 3.3.
• GATA.1 has been shown to be crucial for the expression of the erythrocyte lineage factor
EKLF [23] and the megakaryocyte transcription factor Fli-1 [7], serving as a general inducer
of the MegE lineage.
• EKLF and Fli-1 repress each other’s transcriptional activity on erythrocyte- and megakaryocyte-specific promotors, respectively [95]. This mutual inhibitory circuit creates the decision switch in the MegE lineage.
• C/EBPα induces human hsa-mir-223 during granulocyte differentiation. It replaces NFI-A
at the hsa-mir-223 promotor, rendering the suppressed promotor active. Hsa-mir-223 in
turn targets the NFI-A mRNA causing translational repression, a required process for
myeloid differentiation [31].
• PU.1 and hsa-mir-424 comprise a similar interaction with NFI-A as C/EBPα and hsa-mir223. NFI-A is expressed until PU.1 induces hsa-mir-424 expression that antagonizes the
activity NFI-A [86]. Again, the downregulation of NFI-A has been shown to be a required
step for monocyte maturation.
• The required downregulation of NFI-A by two microRNA regulatory circuits was discovered
in human hematopoiesis and has not yet been proven to exist in mouse. However, due to
the full conservation of microRNA mature sequences and almost-complete conservation of
the corresponding 3’ UTRs of the NFI-A transcripts, we assume a conserved regulatory
mechanism in mouse with the same functional relevance (see Figure 2.5). It is still to
be determined whether both microRNAs are regulated similarly in both organisms. The
murine homolog of hsa-mir-424 is called mmu-mir-322.

Missing links and possible inconsistencies in our model
Obviously, the model we propose here to drive myeloid differentiation is not complete. The initial
factors upregulating C/EBPα and GATA-2 are not captured, we simply assume their activation
during early hematopoietic development. Furthermore, the exact function of NFI-A and how the
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Figure 2.5: Sequence comparison of human and mouse NFI-A 3’ UTR target sites for mir-223
and hsa-mir-424/mmu-mir-322, respectively. Mismatches in the microRNA mature sequence or
putative matching 3’UTR sites are colored red. Human microRNA to target gene relations are
experimentally validated [31, 86]. We assume a homolog circuit in murine hematopoiesis due to
the almost-perfect conservation of both target sites and microRNA mature sequences.

disruption of its downregulation blocks maturation is not yet clear. Finally, some microRNAmediated regulatory interactions that have been determined in recent studies (reviewed in [35])
are not integrated yet. It is not apparent whether those microRNAs are downstream of our
core network and directly promote a single lineage, or whether they are actually involved in
decision processes. Despite missing information in our network, we argue that the analysis of
our network of 12 regulatory factors already provides valuable insights into hematopoietic stem
cell differentiation.
Apart from missing information, one link found in the literature was left out in our network.
In the context of a virus-induced erythroleukemic cell line, PU.1 has been shown to stimulate
expression of the erythroid factor Fli-1 [94]. We assume this cross-lineage interaction to be the
relevant malignant transformation in those cells and that this activation is most probably not
present in normal hematopoietic cells.

2.4

Regulatory motifs in the core network

An important question after the assembly of the core network from individual edges is what
overall dynamics and functions this system can provide. Furthermore, what information can we
extract from the topology of the network and what computational modeling tools can we apply
for further insights?
The network topology of our core regulatory network as such already provides details about
the differentiation process. A striking feature of this network is the existence of many interesting
and recurring regulatory motifs despite the small number of nodes in the graph. In addition,
14 out of 22 interactions are inhibitory influences. Transcriptional repression is known to play
a major role in developmental processes [20]. This section discusses some of the motifs in our
network and their supposed dynamics during differentiation.
The most abundant motif with 4 occurrences is the mutual inhibition switch as depicted
for the PU.1 - GATA.1 switch in Figure 2.6A. Two gene products inhibit the promotor or
the transcriptional activity of the respective other gene. This circuit is known to generate a
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Figure 2.6: Regulatory motifs in the core network. A: Mutual inhibitory switch mediating the decision
between the granulocyte-macrophage and erythrocyte-megakaryocyte lineages, respectively. B: Circuit
regulating the lineage decision of granulocytes and macrophages containing an incoherent feed forward
structure and a mutual inhibition. C: MicroRNA upregulation by competitive binding of C/EBPα with
the repressor NFI-A. D: Megakaryocyte-erythrocyte switch activated by GATA-1. E: Differentiationpromoting circuit consisting of a feed-forward loop, an autoregulation and a negative feedback. The
merging edge of GATA-1 and FOG-1 towards GATA-2 suggests a known AND logic for this interaction
(i.e. both factors are required to exhibit inhibition, cf. Ohneda and Yamamoto [74]).

toggle-like behavior of the involved factors (cf. e.g. Gardner et al. [36]). It is intuitively clear
that only one of the genes can be active at any given time. When both genes become initially
expressed, only one of them can win and induce the promotors of its lineage. In the case of the
PU.1 - GATA-1 switch this ensures that only the megakaryocyte-erythrocyte or the granulocytemacrophage lineage can be promoted, but not both differentiation pathways at the same time.
The autoactivation of both players plays another important role in the decision process, the
underlying mechanisms and resulting dynamics are extensively discussed in Chapter 3.
The myeloid-specific genes C/EBPα, PU.1, Gfi-1 and the combined gene group EgrNab
constitute a regulatory circuit that decides between the granulocyte and macrophage lineages
(Figure 2.6B). C/EBPα initially activates PU.1 to strengthen the GM lineage against the MegE
lineage but later on turns into its antagonist for the G vs. M decision. Apart from the mutually
inhibitory circuit between the secondary determinants Gfi-1 and EgrNab, there is a so-called
incoherent feed forward loop [66] from C/EBPα to PU.1. C/EBPα activates Gfi-1 which is known
to downregulate the transactivatory function of PU.1. This provides an elegant possibility for a
time-delayed repression where C/EBPα functions as a primary activator of the GM lineage but
is also involved in further lineage decisions downstream in the differentiation process.
NFI-A downregulation by microRNAs is a required step for myeloid differentiation as already
described above. The regulatory circuit shown in Figure 2.6C creates a bistable system where
C/EBPα acts as the input signal that causes the system state to switch. It activates mir-223
which in turn starts to suppress its suppressor. A similar mechanism is seen for PU.1 and
mir-322 (hsa-mir-424) where the microRNA is not initially repressed but rather expressed at a
non-functionally low basal level.
The direct activation of both antagonistic players for the MegE lineage by GATA-1 (Figure
2.6D) is another possibility to direct late fate decisions by secondary determinants. GATA-1
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performs the initial activation of Fli-1 and EKLF which, after exceeding a certain threshold,
start to antagonize each other for a stable lineage decision. While similar motifs have been
shown to provide memory effect dynamics [5], this circuit clearly provides an enforced binary
switch (i.e. a decision has to be made if the mutual inhibitions are potent enough).
Another type of time-dependent dynamics is generated by the GATA-2, GATA-1, FOG-1
regulatory circuit as displayed in Figure 2.6E. GATA-2 indirectly downregulates itself via a
negative feedback mechanism through a feed-forward loop over GATA-1 and FOG-1. GATA-2
downregulation is a required step for stem cell differentiation. Notch signaling, for instance,
sustains GATA-2 expression and subsequently inhibits the stem cell maturation process [57]. This
subnetwork is further discussed and quantitatively modeled in Chapter 3.3, revealing remarkable
feedback dynamics not visible in discrete modeling approaches.
It is to be noted that our network is a non-deterministic model. That is, even though
we know that a certain switch is activated during the differentiation process, our model does
not tell us which lineage will be activated. The actual mechanisms that “tip in” the system
into the right direction remain to be unraveled. Most certainly, cytokine-dependent signaling
plays an important role in these decision processes. For instance, the cytokines GM-CSF, GCSF and M-CSF are known to promote and stabilize the myeloid lineage at different levels of
differentiation [64]. Here, the mechanisms described in Section 1.3 might play important roles.

2.5

Boolean modeling of the core network

In order to understand the possible dynamics of our core network, a computational modeling approach is necessary. Quantitative modeling of a network with 12 players is beyond feasibility due
to the very limited amount of information about actual input functions, interaction parameters
and factor concentrations. Instead, we applied a discrete modeling technique by converting the
core network into a boolean regulatory network. In this kind of interaction network each player
can be either on or off and interactions are modeled as boolean functions. The application of
boolean methodology to biological systems has been established over almost four decades [38, 98].
Recently, it was successfully applied to T cell signaling [89, 111], cell cycle control [30, 25] and
embryonal segmentation in Drosophila [3].
In our approach, multiple inputs to a factor were modeled by a ’one activator and no inhibitors’ logic. A gene is on if and only if at least one of its activators is on and all of its
inhibitors are off. Some exceptions of this rule are implemented in our system: (i) For the interaction of GATA-1, FOG-1 and GATA-2 we used an AND logic, which is explicitly described
in the literature [74]. (ii) The PU.1 repression by Gfi-1 is not implemented in the system since
Gfi-1 blocks the transcriptional activity of PU.1 as a transcription factor rather than reducing
its expression. (iii) The inhibition of mir-223 by NFI-A is left out since this type of competitive
binding (by C/EBPα in this case) cannot be properly modeled in a boolean manner. Furthermore, we do not know whether the mir-223 promotor is active in the absence of both NFI-A
and C/EBPα (i.e. its inhibitor but also its known activator). The boolean system performs the
assumedly correct behavior if we do not incorporate this interaction. Finally, C/EBPα has no
input in our model and GATA-2 has no upstream activator. Both players are first expressed
during early hematopoiesis [69, 112] which is not directly considered in this approach. The core
network translates into a system of boolean equations as shown in Table 2.7.
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C/EBPα
GATA-2
PU.1
GATA-1
FOG-1
EKLF

=
=
=
=
=
=

true ∧ ¬ GATA-1
true ∧ ¬ (GATA-1 ∧ FOG-1)
(PU.1 ∨ C/EBPα) ∧ ¬GATA-1
(GATA-1 ∨ GATA-2) ∧ ¬PU.1
GATA-1
GATA-1 ∧ ¬Fli-1

Fli-1
Gfi-1
EgrNab
NFI-A
mir-223
mir-322

=
=
=
=
=
=

GATA-1 ∧ ¬EKLF
C/EBPα ∧ ¬EgrNab
PU.1 ∧ ¬Gfi-1
¬mir-223 ∧ ¬mir-322
C/EBPα
PU.1

Figure 2.7: System of boolean equations describing the core regulatory network. C/EBPα and GATA-2
are regulated upstream and considered to be under activatory influence. ∧ = logical AND, ∨ = logical
OR, ¬ = logical NOT, true = constant activatory input.

Update rules and the state-transition graph
Given a certain boolean state of the system at timepoint t, how do we determine the followup state at t + 1? The first possibility is a synchronous update rule, where a new state is
derived by evaluating the boolean equations of all species at once. Conversely, when applying
an asynchronous update rule the state of only one player is updated in each step. The order of
updating plays an important role when using asynchronous updating as shown in Fauré et al. [30].
For the boolean simulation of our core regulatory network, synchronous updating is not
suitable since the mutual inhibitory motifs lead to artificial oscillations. Furthermore, we did
not perform a time-course simulation of the system as there is no reasonable relation between
time steps in this boolean model and the real biological time scale. Instead, we created a socalled state-transition graph for the asynchronous update rule. This graph describes all possible
trajectories through the state space and gives an overview of the general capabilities of the
system. Each node in the state transition graph represents one state in the system, e.g. a vector
of on/off for the regulatory factors whereas each edge stands for one switching player. The
state transition graph of our boolean model contains 4 steady states, i.e. states that fulfill all
boolean equations in the system and have no follow-up states. Figure 2.8 displays a subgraph
of the state transition graph starting from an early hematopoiesis state where only C/EBPα
and GATA-2 are active. The larger size of the erythroid-megakaryocytic branch is an artifact of
possible events on the GM side despite commitment to the MegE lineage. This feature of the
state space has no direct biological implications. Interestingly, all 4 steady states are reachable
from the start state and directly correspond to the 4 maturated lineages of the core network.
Both the initial state and the stable lineage-associated steady states can be confirmed by mRNA
expression values from the studies used in the beginning of this chapter (Appendix B).

Robustness analysis
An in silico implemention of a biological system provides the possibility to attempt system
perturbations with only little effort (assuming the system is properly modeled). In the case of
our myeloid core network both nodes and edges of the network can be altered. The knockdown
of a regulatory player could in vivo or in vitro be caused by functionally relevant mutations
or by the affecting of both cis- and trans-regulatory influences. Destruction of key regulatory
promotor sequences, coding sequence mutations that render the gene product nonfunctional or
interference by small RNAs are possible mechanistical effects. Regulatory interaction knockouts,
on the other hand, correspond to specific mutations that affect, for instance, the binding affinity
of a transcription factor to the promotor region of its target gene.
We performed systematic player and interaction knockouts for our core regulatory network by
perturbing the equations in the boolean model. Players are knocked out by setting the respective
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Early
Macrophage
Granulocyte
Megakaryocyte
Erythrocyte

→
→
→
→
→
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Active factors
C/EBPα, GATA-2
C/EBPα, PU.1, EgrNab, mir-223, mir-322
C/EBPα, PU.1, Gfi-1, mir-223, mir-322
GATA-1, FOG-1, Fli-1
GATA-1, FOG-1, EKLF

Figure 2.8: State-transition graph of our boolean system with asynchronous updating. Each square in
the diagram represents one state where each player is either on or off. The Early state represents a
premature differentiation state in hematopoiesis where only C/EBPα and GATA-2 are active. Each
of the colored squares at the bottom represents a state where the respective lineage-specific players of
one cell type are on. The PU.1 and GATA-1 dominated regions that correspond to the GM and MegE
lineages, respectively, are marked by dashed rectangles.

boolean equation to the constant value off whereas interaction knock-outs are performed by
removing the involved player from the respective equation. An important issue here is to avoid
the creation of artificial activation functions by the deletion of the primary activator. Consider
the following abstract boolean interaction:
A = B ∧ ¬C
Knocking out the B → A activation yields
A = ¬C
resulting in the activation of A by the downregulation of C which does not correspond to the
real dynamics performed by this circuit. In our network, this situation is e.g. given for EKLF =
GATA-1 ∧ ¬Fli-1 where the knockout of the essential upregulation of EKLF by GATA-1 would
result in the activation of EKLF when Fli-1 is off. In these cases we simply considered a total
knockout of the affected player due to the missing primary activation.
To evaluate the consequences of our in silico perturbation experiments we again determined
the steady states of the resulting boolean systems. For each perturbation we checked how many
of the 4 original steady states (corresponding to the 4 blood cell lineages) are still present and how
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many new steady states appeared. Furthermore, the steady states of all perturbation experiments
were examined manually to get a contextual overview of the effects on the system. The results of
this robustness analysis are shown in Table 2.1. Our analysis reveals many well-known as well as
some new knockout effects and implications. The primary activators C/EBPα, PU.1, GATA-2
and GATA-1 are responsible for the GM and MegE lineages, respectively. Since the lineagespecific steady-states are defined by the activation of secondary determinants in our system
(Gfi-1, EgrNab, EKLF and Fli-1), these players’ knockouts obviously deplete the corresponding
lineage. The microRNAs mir-223 and mir-332 compensate each other in our system as both have
the ability to downregulated the early hematopoietic transcription factor NFI-A. On the contrary,
the original publications describing both microRNA interactions show that missing inhibitory
activity of both regulators independently leads to a differentiation block [31, 86]. This issue still
needs to be resolved experimentally and there is no apparent answer given in the existing studies.
The edge knockout experiments produced some interesting results apart from obvious consequences to the system. (1) The autoregulation of PU.1 is actually not required in this type
of model whereas we need the GATA-1 autoregulation to maintain activity once its activator
GATA-2 is downregulated. (2) Both mutual inhibitions between GATA-1 and PU.1 are not
needed to maintain the steady state as both lineage stability-related inhibitory interactions are
compensated by C/EBPα and GATA-2. (3) If the feedback loops towards the upstream players
−
−
(GATA-1 → C/EBPα, PU.1 → GATA-2) are impaired the system may adapt an undecided, premature state where factors of both lineages are active. (4) As mentioned above, both microRNAs
compensate for each other’s activity which is not in concordance with the current view of this
small RNA interactions.
Another type of robustness analysis is a variation of the initial state. The fact that the system
contains no steady states except the 4 biologically relevant ones already provides significant
evidence for a robust system. Furthermore, there are no cycles in the state transition graph,
i.e. all 212 = 4096 states fall into one ore more of these steady states. The attractor basins of
all 4 steady states are almost equally large: 2560 states lead to erythrocyte, megakaryocyte and
granulocyte states, and 2816 states lead to the macrophage-associated state (the difference is an
artifact of the asymmetric activation circuit around PU.1 and C/EBPα). These findings show
that every state is equally “likely” in our model and give another evidence for insensitivity to
perturbations.
Possible extensions of the robustness check could include the rewiring or sign-switching of
regulatory interactions. However, such alterations would represent very specific and directed
perturbations of the system and their biological relevance is doubtful. Therefore, we focused
on functional knockouts of genes and interactions as well as state perturbations as frequently
occurring events of control disturbance.
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Factor K.O.
PU.1
C/EBPα
GATA-1
GATA-2
EKLF
Fli-1
Gfi-1
EgrNab
FOG-1
NFI-A
mir-223
mir-322

O
2
2
2
2
3
3
3
3
2
2
2
2

N
0
0
0
0
0
0
0
0
2
2
2
2

Interaction K.O.
+

PU.1 → PU.1
+

C/EBPα→ PU.1
−

GATA-1 → PU.1
−

GATA-1 → C/EBPα
+

GATA-1 → GATA-1
+

GATA-2 → GATA-1
−

PU.1 → GATA-1
−

GATA-1 → GATA-2
−

Fog-1 → GATA-2
−

PU.1 → GATA-2
+

GATA-1 → EKLF
+

GATA-1 → Fli1
−

EKLF → Fli1
−

Fli1 → EKLF
+

C/EBPα→ Gfi1
−

Gfi-1 → EgrNab
−

EgrNab → Gfi1
+

PU.1 → EgrNab
+

GATA-1 → Fog1
−

mir223 → NFI-A
+

C/EBPα→ mir-223
−

mir-322 → NFI-A
+

PU.1 → mir-322
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Comment
Absence of the myeloid lineage
Absence of the myeloid lineage
Absence of the MegE lineage
Absence of the MegE lineage
Absence of erythrocytes
Absence of megakaryocytes
Absence of granulocytes
Absence of macrophages
GATA-1 MegE cofactor missing, GATA-2 not down
No further consequences in our model
Probable diff. block in myeloid lineage, but compensation by mir-322
Probable diff. block in myeloid lineage, but compensation by mir-223

O

N

Comment

4

0

No effect in this model

2

0

Absence of the myeloid lineage

4

1

Indirect effect over C/EBPα, extra unphysiological state

2

2

Incomplete inhibition of myeloid lineage

2

0

MegE lineage not stable

2

0

Absence of MegE lineage

4

0

Indirect effect over GATA-2 compensates

4

0

FOG-1 performs GATA-2 inhibition

4

0

GATA-1 performs GATA-2 inhibition

2

2

no GATA-2 downregulation in myeloid lineage

3

0

Absence of erythrocytes

3

0

Absence of megakaryocytes

3

0

Absence of erythrocytes

3

0

Absence of megakaryocytes

3

0

Absence of granulocytes

3

0

Absence of granulocytes

3

0

Absence of macrophages

3

0

Absence of macrophages

2

2

GATA-1 MegE cofactor missing, GATA-2 not down

4

0

mir-322 compensates via PU.1

2

2

mir-223 not upregulated, mir-322 compensates via PU.1

4

0

mir-223 compensates via C/EBPα

2

2

mir-322 not upregulated, mir-223 compensates via C/EBPα

Table 2.1: Effects of in silico knockouts in the boolean model of our myeloid core network. Top:
Knockdown effects of each factor in the network. Bottom: Knockout of regulatory interactions in the
network. For each perturbation we calculated how many of the original 4 steady states were kept intact
(O) and how many new steady states arose in the mutation model (N). Possible effects and implications
+
−
are given in the ’Comments’ column. → = activation, → = inhibition
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2.6

Conclusion

In this chapter we approached the hematopoietic system in a top-down manner from transcription profiling over a large-scale model of 55 factors down to a core model of 12 factors. Our
transcriptome-wide similarity analysis of hematopoietic progenitor and mature cells provided a
general overview of the regulatory changes during the differentiation process. It revealed the
amount of transcriptional changes that take place on the branches of the differentiation tree and
pointed out experimental problems. Obviously, the amount of mRNA expression changes do not
directly reflect proximity in the differentiation tree, but less changes indicate a higher probability
of related progenitor cell types. These information are valuable for the attempt to understand the
processes and mechanisms involved in fate decision and can be utilized as a reference “roadmap”
of stem cell maturation.
A qualitative model was setup by literature mining including the majority of important
differentiation factors currently listed in the literature. Possible further works on this large
network could include (i) the elucidation of indirect interactions by determining transitive edges,
(ii) mapping of the full network onto the differentiation tree with respect to the differentiation
time-scale, (iii) analysis of the global dynamics constituted by this system e.g. using boolean
modeling.
We extracted a subnetwork from this large-scale model that we called the core regulatory
network of myeloid development. The global topology of the core network is characterized by a
straight-forward design to drive the differentiation process towards the mature blood cell lineages
and contains known regulatory modules. The early transcription factors C/EBPα and GATA-2
induce the primary GM to MegE switching players PU.1 and GATA-1. These in turn activate
secondary lineage switches to decide between the granulocyte and macrophage or megakaryocyte
and erythrocyte lineages, respectively. Further mechanisms provide means to downregulate or
reuse early hematopoietic factors for later processes. Finally, two microRNA regulatory circuits
drive differentiation by downregulating the progenitor-specific transcription factor NFI-A.
Boolean modeling provided further insights into the general capabilities of this 12 player
network. When starting from a physiologically relevant state, the system has to differentiate and
it will fall into one out of four states. Each of these states corresponds to a regulatory setup
driving a single blood cell lineage. Intuitively, the occurrence of 4 lineages was expected due to
the presence of two layers of binary switches. On the other hand, this modeling approach shows
that a collection of experimentally validated interactions indeed gives rise to the behavior we
require from the myeloid differentiation process.
An in silico robustness analysis of our boolean network generated new questions and functional propositions in the core regulatory network. It helped to understand the dynamics of
hematopoietic stem cell differentiation on the one hand, while creating testable hypotheses and
revealing knowledge inconsistencies on the other hand. Further fine-tuning of the regulatory interactions and incorporation of missing interactions will get our model closer to the real biological
processes and yield deeper explanations of the maturation process.

Chapter 3

Quantitative modeling
3.1

From qualitative to quantitative modeling

The discrete modeling techniques presented in Chapter 2 were primarily intended to understand
the large-scale behavior of the hematopoietic system. Such modeling approaches describe the dynamics of single factors only to a certain extent. For example, a mechanism that has increasingly
gained interest in the field over the past decade is the concept of multilineage priming. Early hematopoietic progenitors like MPPs express factors from multiple lineages at intermediate stages
[45, 60], a feature that cannot be properly captured by a boolean modeling approach. Important
mutual inhibitory switches like the PU.1-GATA-1 circuit show priming behavior and strongly
depend on the stochiometry of both transcription factors [12, 6]. To understand how such regulatory circuits work, what influences play a role and how mutual interactions are established
on a molecular basis, we need a modeling framework allowing for continuous value variables and
parameters. Analogously to qualitative modeling which was the focus of our work in Chapter
2, this approach is termed quantitative modeling (i.e. we actually quantify molecule abundances
and activities in the system). Another important property of quantitative models is the availability of realistic time-scales. Provided that the system parameters are set to reasonable values
and units, time-course simulations can generate a close resemble of real molecule changes in the
cell.
In this chapter we will first introduce ordinary differential equations as a tool for the description of quantitative models. Then we propose a simple quantitative model for a differentiationpromoting circuit of GATA-2, GATA-1 and FOG-1. The rest of the chapter discusses molecular
details and mathematical implementations of the PU-1-GATA-1 lineage decision switch by various modeling approaches.

3.2

Modeling of biological systems by ODEs

When describing the quantitative evolution of a (bio-)chemical species, it is often straight-forward
to formulate this mechanism as a change over time. The simplest example of such a mechanism
is exponential decay (also known as first-order decay) that applies for radioactive isotopes for
25

26

CHAPTER 3. QUANTITATIVE MODELING

instance. The concentration decrease for a fixed time unit is dependent on the absolute concentration of the species at that time1 :
ẏ = −λy
(3.1)
λ is called the decay rate and is directly antiproportional to the half-life of that species as
t1/2 = ln(2)/λ. The differential equation above can be solved analytically, which yields
y(t) = y0 e−λt
The solution of equation (3.1) is dependent on an initial value y0 at t = 0, as the change over time
does not incorporate absolute values (initial value problem). For a simple differential equation
as the exponential decay, an explicit analytical solution can be formulated and the resulting
algebraic equation(s) describe the change over time of the involved species. This is not possible
even for slightly more complex equation systems consisting of more than one variable, like the
Michaelis-Menten kinetics for example [104]. Algorithms for numerical solving are used instead
which efficiently compute the time course of a system of differential equations from a given initial
condition. For our work, we used a variable-order solver for stiff differential equations (ode15s)
implemented in MATLAB [93].

Biochemical networks and mass action kinetics
Quantitative biological models are commonly implemented as systems of differential equations
and have long been established especially for biochemical reaction systems and regulatory networks [51]. Such models usually consist of time-independent, first-order ordinary differential
equations (ODEs) defined as equation systems of the form
y˙i = Fi (y1 , ..., yn )
where y˙i is the first derivative of the i-th variable and Fi are input functions defining the actual
change over time dependent on absolute values of all species. ’First-order’ indicates the existence
of only first derivatives in the differential equation system. For mass-action kinetics, the input
functions directly follow from the list of reactions which makes it straight-forward to setup such
a system. In regulatory networks, on the other hand, the exact mechanisms are often not known,
requiring for abstractions of regulatory input functions using generalized functions. Simple and
intuitive input functions can be achieved by logical approximation [38]. The influence of one
species on another is either on or off, dependent on a given threshold parameter. We formulate
logical approximative input functions as


1, if x ≥ θ
1, if x ≤ θ
sa (x, θ) :=
si (x, θ) :=
(3.2)
0, else
0, else
The first equation sa represents an activatory step function whereas si can be understood as an
inhibitory function (assuming 0 if x passes the threshold θ).

Hill functions
Step functions as described above only provide a discrete description of the regulatory mechanisms between two factors. A class of functions that incorporates cooperative binding of transcription factors in a continuous manner are the so-called Hill functions. Hill functions are
1 We

abbreviate time derivatives dy by ẏ
dt
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Figure 3.1: Activatory (left) and inhibitory (right) Hill functions for θ = 0.5 and various Hill coefficients
n. This parameter resembles the binding cooperativity. For n = 1 we get the Michaelis-Menten kinetics
formula, for n → ∞ the function converges to a discontinuous step function. Activatory Hill function:
ha (x, θ, n) := xn /(θn + xn ), inhibitory Hill function: hi (x, θ, n) := θn /(θn + xn )

sigmoidal input functions between 0 and 1 and can be directly derived from Michaelis-Menten
kinetics with multiple factor binding [41, 5]. Activatory Hill functions are defined as
ha (x, θ, n) :=

xn
θ n + xn

(3.3)

The parameter θ describes the x-value of half-maximal activation whereas n defines the “steepness” of the curve representing the sensitivity of the input function. Analogously, we can define
an inhibitory Hill function that monotonously decreases for growing values of x:
hi (x, θ, n) :=

1
θn
=
n = ha (θ, x, n)
θ n + xn
1 + xθn

(3.4)

Figure 3.1 exemplarily shows different types of Hill functions. For increasing values of n the curves
become steeper, leading to step functions as in equation (3.2) for n → ∞. For n = 1, activatory
Hill functions are identical to the Michaelis-Menten kinetics formula. Hill functions and other
bounded step functions are a common tool in the modeling of gene regulatory interactions [5, 51].

Multiple input factors
Another important issue in the modeling of gene regulatory networks are multi-dimensional input
functions. If a player is influenced by more than one factor, how do we combine the input functions of the involved factors? This issue has recently been addressed experimentally by Kaplan
et al. [50]. In terms of modeling, a straight-forward approach originating from boolean methodology is to formulate multiple inputs in an AND or OR gate fashion. Consider a monotonous
input function s bounded between 0 and 1 (e.g. a Hill function), then we can define:

and

AN D(x1 , x2 ) = s(x1 ) · s(x2 )

(3.5)

OR(x1 , x2 ) = 1 − (1 − s(x1 )) · (1 − s(x2 ))

(3.6)

The function described in equation (3.5) shows the characteristics of a boolean AND gate projected onto a continuous function. Due to the multiplicative combination, this function assumes 1
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if and only if both input factors are 1. The case of an OR gate is a little more complicated.
A function is required that assumes 1 if either one of both factors is 1 or both players at once.
This functionality can be achieved by a formulation as seen above in equation (3.6). We previously described a methodology for extending boolean functions to continuous input functions in
Wittmann et al. [111].

Steady states, stability and bifurcation points
When analyzing dynamical systems we are often primarily interested in the states into which the
system falls for given initial conditions. These states are called steady states or equilibria and
characterized by a time derivative of zero for all species in the system. Formally, in a system
with n species and differential equations F1 , ..., Fn , a state (y1 , ..., yn ) is a steady state iff
∀1 ≤ i ≤ n : Fi (y1 , ..., yn ) = 0
Obviously, a system can have more than one solution for this equation system. The space of
states that lead into a certain steady state is called the attractor basin of that steady state. As
most biochemical system (and in particular regulatory networks) contain first-order decay terms
due to mRNA and protein degradation, these systems are always bounded and exhibit one or
more states fulfilling the equation above (exceptions are oscillatory systems which will not be
discussed here).
Steady states can be further subdivided into stable and unstable steady states. For an unstable
steady state the equation above holds but even minimal perturbations from this point will drive
the system away from that state. Unstable steady states generally have no direct biological
relevance since real systems never exhibit an exact point value. The stability of a steady state
can be determined from a linearization of the dynamical system by calculating the eigenvalues
of the Jacobian. This method will be not described in further detail in this thesis.
The last notion we need to introduce in order to understand the mathematical modeling
approaches in the rest of this chapter is the concept of bifurcation. When varying a certain
parameter in the system, a steady state may eventually switch from stable to unstable or a single
stable steady state may split up into two stable steady states. These points of the parameter space
are called bifurcation points and might harbor important biological implications. They provide a
theoretical means for the stabilization or destabilization of certain biochemical states in the cell
e.g. during the differentiation process. Examples for stable and unstable steady states, attractor
basins and bifurcation analysis will be given in the model sections below. For an extensive
introduction into bifurcation and stability analysis, we point the reader to Izhikevich [49].

Quasi steady-state and quasi equilibrium
Processes in biochemical systems take place on strongly varying time-scales. For instance,
protein-protein or protein-DNA binding is much faster than the biosynthesis of a protein. Taking
into account these time-scales, we can often simplify systems of ODEs by reducing the number
of equations (adiabatic elimination). We distinguish two concepts, quasi steady-state and quasi
equilibrium approximations, resulting in different reformulations of the original equation system [40].
An example for a quasi steady-state approximation is the coupled reaction of mRNA transcription and subsequent protein synthesis. Formulated as an ODE system we get
ṁ = β1 − α1 m,

ṗ = β2 m − α2 p
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where m is the mRNA abundance, p is protein, β1 , β2 are production rates and α1 , α2 are firstorder decay rates. As mRNA turnover is faster than protein synthesis we assume the mRNA
amount to always be in equilibrium with respect to the protein concentration, leading to the
following simplifications:
ṁ = 0 ⇔ m =

β1
α1

⇒

ṗ = β2

β1
− α2 p
α1

(3.7)

We are left with only one differential equation that still contains all 4 rates parameters. Quasiequilibrium approximations are also based on different time-scales of biochemical processes but
can only be applied to reversible reactions. The basic assumption is a persistent equilibrium in
terms of the law of mass action (exemplarily shown for a second-order binding reaction):
k

1
*
A+B −
)
−C

k2

→ k :=

AB
k1
=
k2
C

On a slow time-scale, the reaction is assumed to be in equilibrium and the ratio of A · B and
C will be constant. The reaction-specific parameter k is called kinetic constant or association
constant in the case of a binding reaction.

3.3

The GATA-2, GATA-1, FOG-1 regulatory circuit

An important feature of a gene regulatory network driving stem cell differentiation is the ability
to force progression towards maturated cell types. As a first approach to quantitative modeling
of hematopoiesis with a simple mathematical formalism, we will focus on the regulatory circuit
involving GATA-2, GATA-1 and FOG-1 (Figure 3.2A). This module creates a one-way street
effect by enforcing a switch of expressions from one dominating gene to another dominating
gene. GATA-2 induces the expression of GATA-1, which in turn causes the downregulation of
GATA-2 via a delayed negative feedback loop [74]. Consistently, GATA-2 has been identified as
a gatekeeper for immaturity in hematopoietic progenitor cells [69]. Dissecting the circuit into
its components reveals that it consists of three well-known regulatory motifs: (1) a coherent,
negative feed forward loop from GATA-1 to GATA-2, (2) GATA-1 positive autoregulation and
(3) the negative feedback loop of GATA-2 through the other two genes.
We implemented the interaction between the three players as a system of ordinary differential
equations based on simple step-function kinetics as described in Section 3.2.
˙
G2
=
˙
G1
=
Ḟ

=

p1 · (1 − AN D(G1, F )) − G2
p2 · OR(G1, G2) − G1
p3 · sa (G1) − F

All equations consist of a weighted regulatory function and a first-order decay term. Maximum
production rates are given as p1 , p2 and p3 . The input functions AN D, OR and sa are defined in
equations (3.5), (3.6) and (3.2), respectively. In this model, we assume a synergistic cooperation
of GATA-1 and FOG-1 to inhibit GATA-2 (leading to an AND logic, cf. [74]) and a GATA-2independent autoregulation of GATA-1 (manifested as an OR logic). Typical time courses of
this system are displayed in Figure 3.2B. GATA-2 is active at the beginning of the simulation.
It upregulates GATA-1 which in turn stimulates the production of its cofactor FOG-1. After
both FOG-1 and GATA-1 exceed a certain activity threshold, the negative feedback loop kicks
in and downregulates GATA-2. Interestingly, all three aforementioned regulatory motifs are
required to exhibit the observed behavior. First of all, the negative feedback loop of GATA-2
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Figure 3.2: A: Regulatory circuit containing GATA-2, GATA-1 and FOG-1. This subnetwork contains a
negative feedback loop. a positive autoregulation and an incoherent feed-forward loop. B: Time courses
for two parameter settings. Hill functions (n = 4, θ = 0.5) were used as input functions. For the left
plot, GATA-1 and FOG-1 production and decay rates are 4-fold lower than for the right plot resulting
in a shorter response time. The dashed lines indicate the point of GATA-2 repression to a half-maximal
level. The difference for the two plots in suppression latency is around 3 fold.

is obviously required, otherwise no downregulation of GATA-2 would take place. Secondly,
GATA-1’s autoregulation is needed to achieve the memory effect here, so GATA-1 can stay
active after the downregulation of its primary activator. If the GATA-1 autoregulation is absent
or very weak, the system will assume an oscillatory behavior caused by the negative feedback loop.
Finally, the feed-forward loop with AND logic is required to delay the downregulation of GATA-2
sufficiently long. The latency of downregulation can be tuned by the production rates of GATA-1
or FOG-1 or, equivalently, by the activation thresholds of their effect on GATA-2. According
to our model, the cell has different means to control strength and time-scale of the negative
feedback from GATA-2 onto itsself and the subsequent dominance takeover by GATA-1. The
maturation-promoting could also be observed in a discrete model (e.g. boolean), so the benefit of
our quantitative modeling approach is the analysis of response times of GATA-2 downregulation.

3.4

The PU.1 - GATA-1 lineage switch

Even implementations of simple quantitative regulatory models require a significant number of
parameters and knowledge about the underlying regulatory interactions. At this point, it does
not seem feasible to quantitatively implement a system of the size of our qualitative hematopoietic model in the former chapter. The tremendous amount of possible model justifications and
parameters renders the handling of large systems very difficult and calls the usefulness of such
analysis into question. Therefore, mathematical modeling in the hematopoietic system primarily
focused on small circuits within this system. The functioning of a small, important module of
a regulatory network might still provide useful information for the understanding of the whole
differentiation process. A prominent regulatory circuit in the hematopoietic system is the lineage
decision switch of PU.1 and GATA-1 (Figure 3.3). The switch is a major regulator of myeloid
differentiation and serves as a paradigm for other dual lineage decision processes. Our interest in this regulatory circuit is further motivated by the availability of single-cell PU.1 protein
expression data (cf. Chapter 4).
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Figure 3.3: The genetic switching circuit created by PU.1 and GATA-1. Both factors perform mutual
inhibition and autoregulation. PU.1 promotes the granulocyte-macrophage lineage whereas GATA-1 is
responsible for the megakaryocyte-erythrocyte lineage.

PU.1 induces factors specific for the myeloid lineage (granulocytes and macrophages) whereas
GATA-1 is responsible for the megakaryocytic and erythroid program. Both factors antagonize
each other, which leads to a stable lineage decision once either one of both players becomes
dominant and downregulates the respective other factor. Furthermore, both transcription factors stimulate the promotors of their own genes (autoregulation), which provides another interesting aspect for this regulatory circuit (for detailed descriptions and references, see section
below). Since inhibition and autoactivation are rather phenomenological descriptions of those
interactions, we are interested in the actual mechanisms that create this behavior and how such
mechanisms can be incorporated into a mathematical model.
We use a small system to reduce the complexity of our model, and a reasonable justification
for the extraction of a small circuit from a densely connected network is required. From Chapter 2
we know that both PU.1 and GATA-1 have known upstream regulators acting as initial activators
during the differentiation process. How can we leave these factors out and still gain biologically
relevant information? The idea is that other influences are in fact implemented in the system as
constant influences. For instance, a parameter representing the basal production rate of a factor
can be interpreted as the integrated influences of all upstream factors. The study of our 2 player
network in the constant context of the whole regulatory network then gives us information about
functionality of this regulatory module.

Molecular details of the PU.1-GATA-1 interaction
GATA-1 is a transcription factor of the GATA-sequence binding family containing two functionally relevant domains: an N-terminal transactivation domain (TAD) responsible for promotor
induction after DNA binding and a C-terminal DNA-binding domain consisting of two zincfinger subdomains [67]. Both domains are also known to mediate protein-protein interactions
[102]. During hematopoiesis, GATA-1 is a critical activator of the erythrocyte and megakaryocyte
lineages and its knockdown leads to lethal impairments of red blood cell production [76, 34].
PU.1 (gene name Sfpi1 ) belongs to the group of ETS transcription factors and is essential for development of the granulocyte-macrophage lineage [92]. Like GATA-1, it contains an
amino-terminal TAD as well as an C-terminal DNA-binding domain (ETS domain) [53, 54]. A
subdomain termed β3/β4 within the PU.1 ETS domain physically interacts with a number of
proteins [71], including the critical PU.1 cofactor cJun [8]. Both PU.1 and GATA-1 proteins bind
to the promotors of their own genes and act as autostimulatory transcription factors [101, 75].
For GATA-1, a palindromic binding site within its own promotor has been identified [100]. Along
with the self-association of GATA-1 proteins to form homodimers [22], this suggests a binding
cooperativity of at least 2 for the autostimulation.
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GATA-1 and PU.1 have been shown to antagonize each other’s transactivatory function. The
biochemical details of this interaction were subject to several independent experimental studies.
GATA-1 inhibits PU.1 activity by competing with cJun for the β3/β4 domain in PU.1’s ETS
domain [117, 73]. The DNA binding domain of GATA-1 is not required for PU.1 repression,
which further strengthens the idea of an indirect transactivational inhibition mediated by a
protein-protein interaction.
For the repression of GATA-1 by PU.1 different, partially contradictory results have been published. One hypothesis states that PU.1 binds GATA-1’s zinc fingers via its β3/β4 subdomains
(which is in fact the same protein-protein interaction as for the PU.1 repression by GATA-1).
GATA-1 binds DNA and assembles an activatory complex despite PU.1, but the bound GATA-1
complex has significantly lowered transcriptional activity [81]. Later studies showed that the
PU.1 TAD domain is utilized to recruit the cosuppressor pRB while bound to the GATA-1 DNA
complex. Aberration of this physical interaction depletes the inhibition capabilities of PU.1 on
GATA-1 [82]. Transcriptional repression is achieved by specific H3 histone methylation at GATA
target sites. Furthermore, the PU.1 repressor complex does not assemble at GATA target sites
without the presence of GATA-1 [96]. The opposing hypothesis for the PU.1-GATA-1 inhibition
is a structurally different protein complex mediated by the PU.1 N-terminal region (TAD domain) and the GATA-1 zinc fingers [118]. The study proposes this protein complex to have a
significantly impaired DNA binding affinity, which implies that PU.1 does not affect GATA-1’s
stimulatory function on the promotor but rather its DNA binding capabilities. The discrepancy
between the two hypothesis still needs to be unraveled. The possibility of both mechanisms
acting at the same time might be considered since both propositions are based on sensitive and
accurate experimental procedures.
The PU.1 and GATA-1 proteins, their mutual interaction and the role during blood cell
differentiation seem to be highly conserved across various taxa. Identical hematopoietic roles
have been identified in human [61] and zebrafish [83]. These results again strengthen the potential
of Mus musculus as a valuable model organism for hematopoietic processes in human.
An important implication for the modeling of both factor’s expression values by the mechanisms described above is their required dependence on the autoregulatory interaction. Both
factors do not bind to regulatory elements of the respective other promotor but rather inhibit
the transactivatory function of their antagonist. A reduction of expression by these mechanisms
can only be achieved if a significant part of the expression of each factor is due to the autoregulatory function. Some studies in fact stated that the actual expression of PU.1 and GATA-1 is
not downregulated by the overexpression of the other factor [73, 118]. This would argue for an
indirect mechanisms by which both players silence each other to stabilize their lineage program.
Quantitative modeling of a system with only these two players could not produce any biologically
meaningful results. However, the essential autoregulation of both players along with the proven
interference of both players with the opponent’s activatory function leads to the conclusion that
both players do influence each other’s expression strengths. Furthermore, reviews and experts
in the field (personal talk) confirm this assumption.

3.5

Existing quantitative modeling studies for the PU.1GATA-1 switch

Before presenting our own modeling approach, we will focus on 4 recent studies that proposed
mathematical models for the PU.1-GATA-1 lineage switch. We will briefly mention the mathematical formalisms and biological motivations of each study and discuss the behavior and mech-
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anisms in the light of known biochemical interactions. Possible inadequacies are pointed out to
motivate our quantitative model in the subsequent section.

3.5.1

Model by Roeder and Glauche

The first mathematical model of the PU.1-GATA.1 switch was proposed in 2006 by Roeder and
Glauche [85]. They created a set of biochemical reactions involving protein-protein interactions
and promotor binding based on literature knowledge. Two papers by Zhang et al. [117, 118] are
referenced that studied PU.1-GATA-1 protein binding and competition of GATA-1 with the cofactor cJun. The mechanisms of autoregulation, complex binding and mutual repressive promotor
binding were assumed to be symmetric, leading to the following set of simplified mechanisms:
• PU.1 and GATA-1 bind to their own promotors to stimulate the expression of their own
genes (specific transcription)
• Both factors also bind the respective other promotor and weakly activate the other factor’s
promotor (unspecific transcription)
• The proteins create heterodimers that bind to both promotors to create a repressive structure (competitive inhibition)
Applying quasi steady state assumptions (cf. Section 3.2) and some algebraic reformulations,
this reaction list yields a symmetric system of ordinary differential equations:
sy 2 + uku x2
sx2 + uku y 2
−
x,
ẏ
=
−y
1 + x2 + ku y 2 + kr xy
1 + y 2 + ku x2 + kr xy
where s is the specific transcription rate, u is the unspecific transcription rate, ku is the ratio
of equilibrium constants between unspecific and specific promotor binding and kr is the ratio
of equilibrium constants between repressor complex and activator complex binding. The variables x and y represent PU.1 and GATA-1 in no specific order (as the system is intentionally
symmetrical).
Two key results can be extracted from this theoretical study. First, for sufficiently high
unspecific transcription rates u a stable, nonzero steady state arises corresponding to the multilineage priming state. Second, the specific transcription rate s serves as a bifurcation parameter
to rapidly switch from monostable regime (the priming state) to a bistable regime where only
either one of the two lineages can exist. Phase planes of the system from both regimes are
displayed in Figure 3.4.
Importantly, the model from this study is based on molecular mechanisms but still incorporates assumptions that do not correspond to the current knowledge of the PU.1-GATA-1
interaction. The real system is not symmetrical as we will see in Section 3.7. Furthermore, there
is no evidence for an unspecific activation by which both players slightly activate their opponent.
The simplifications were built into the model so analytical solutions for the steady states can
be found. To this extent, the study provides a novel mathematical framework and theoretical
insights into to the circuit, but significant adaptions have to be made to correspond the dynamics
to the real switching behavior during differentiation.
ẋ =

3.5.2

Model by Huang et al.

The second theoretical study of the PU.1-GATA-1 switch has been published in 2007 by Huang
et al. [46]. This group employed a rather different approach to the modeling of the circuit compared to the Roeder group. They used activatory and inhibitory Hill functions as abstracted
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Figure 3.4: Phase planes for the Roeder and Glauche [85] study, containing trajectories for various initial
values. A: For low specific transcription rates s, a single non-zero stable state exist that corresponds
to multilineage priming. B: With increasing values of this parameter, the system undergoes bifurcation
and the central states divides into two separating steady states. Each of these states corresponds to the
decision for either one of the two lineages. Parameters are u = 1, ku = 1, kr = 0.1. Circles indicate
stable steady states.

regulatory input functions (see equations (3.3) and (3.4)) for autoregulation and mutual interactions, and an OR logic implemented as additive influences was employed. The following
system of system of differential equations containing an activatory term, an inhibitory term and
a first-order decay term was formulated:
x˙1 = a1
x˙2 = a2

θn
xn1
+ b1 n b1 n − k1 x1
n
+ x1
θb1 + x2

n
θa1

n
xn2
θb2
+
b
1
n + xn
n + xn − k2 x2
θa2
θb2
2
1

or using our notation of activatory and inhibitory Hill functions:
x˙1 = a1 · ha (x1 , θa1 , n) + b1 · hi (x2 , θb1 , n) − k1 x1
x˙2 = a2 · ha (x2 , θa2 , n) + b2 · hi (x1 , θb2 , n) − k2 x2
a1 , a2 are activatory coefficients, b1 , b2 inhibitory coefficients, θa1 , θa2 , θb1 , θb2 the respective Hill
function thresholds and n is the assumed binding cooperativity.
A major difference with respect to the Roeder study is the existence of a bistable and a
tristable regime. In the parameter subspace of the tristable regime, the supposed priming state
coexists with the lineage-associated steady states. Two mechanisms are examined that drive
the system from monostability to bistability or from tristability to bistability (termed supercritical and subcritical pitchfork bifurcations). Sample phaseplanes and bifurcation diagrams for
symmetrical parameter combinations are shown in Figure 3.5. Huang et al. identified several
system parameters as possible bifurcation parameters to switch between tristability and bistability. Decreasing autoactivation and increasing decay rates can drive the system from tristability
to bistability whereas an increasing strength of the mutual inhibitory influence can switch from
monostability to bistability.
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Figure 3.5: Phase planes for the Huang et al. [46] model. A: Tristable state containing a priming
state along with both winning states (parameter a = 1). B: Bistable state created by the decrease of
autoactivation (a = 0.5). Further parameter settings: n = 4, θ = 0.5, b = 1, k = 1. Possible lineage
decisions from the priming state to a winning state could be achieved by both parameter changes and
expression changes of both factors. Circles indicate stable steady states.

A point of criticism in the Huang model is the additivity of regulatory terms in the differential
equations. Mutual inhibition is modeled as a decrease of basal activity (due to the decreasing
Hill function). However, from the molecular mechanisms listed in section 3.4 we know that both
factors interfere with the other player’s transactivatory function. This suggests a manifestation
of inhibition as a reduction of autoregulatory stimulation rather than basal promotor activity.
Hence, we propose that a multiplicative influence of the inhibition term towards the autoregulation term should be closer to the real biochemical mechanisms (both autoregulation and absent
inhibition are required). Whether this wiring gives rise to a reasonable dynamic behavior still
needs to be checked and is beyond the scope of this thesis.

3.5.3

Model by Chickarmane et al.

A study providing new insights into topological features of the differentiation switch beyond PU.1
and GATA-1 was recently published by Chickarmane et al. [18]. The main result of their work
is the non-requirement of binding cooperativity to generate bistability and a non-zero priming
state. Their idea was to implemented a third (yet unknown) player between PU.1 and GATA-1
besides the mutual inhibition that is activated by one factor and inhibits the other one (Figure
3.6A). Furthermore, they incorporated FOG.1 and C/EBPα as downstream and upstream players
in the network and investigated their role in the stability of lineage decision. A mathematical
formalism very similar to the Roeder et al. study (see above) was employed to define ordinary
differential equations. However, the molecular details of the PU.1-GATA-1 interaction were not
directly implemented but rather incorporated in an abstract manner.
We will not go into more detailed discussion of this modeling approach but one interesting
aspect is yet to mention. Our qualitative modeling from Chapter 2 contains a possible candidate
for the unknown player of this study. GATA-1 indirectly inhibits C/EBPα over RUNX1, and
C/EBPα in turn is the activator of PU.1. The situation is illustrated in Figure 3.6B. Even
though activatory signs are switched it appears promising to investigate this interaction in the
light of the results from the Chickarmane study.
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Figure 3.6: A: Excerpt from the Chickarmane et al. model [18] for the PU.1-GATA-1 lineage decision
switch. Introducing a third, yet unknown player between PU.1 and GATA-1 provides bistability and
priming behavior without the need for cooperative promotor binding. B: Interaction between GATA-1,
C/EBPα and PU.1 from our qualitative model. The topology is strikingly similar to A and C/EBPα
could fulfill the role of X in this modeling approach. It is yet to be investigated whether the sign switch
(first inhibition, then activation) for the middle player still gives rise to the same dynamical behavior.

3.5.4

Model by Bokes et al.

Bokes et al. [9] employed another modeling formalism to avoid the requirement for cooperative
binding while sustaining bistability and priming behavior. Their concept was to include the
heterodimer created by PU.1 and GATA-1 as a third player in the dynamical system. Autoregulation was implemented by the Michaelis-Menten formula. The decay rate and dissociation
constant of the heterocomplex could then serve as a bifurcation parameter to drive the system
from priming to either one of the two lineage-associated states. In Section 3.6 we will see that
an independent decay of such a complex is intuitively and mathematically required for PU.1 and
GATA-1 to have any effect on the other player through this complex. Noteably, this study did
not incorporate any promotor complex related inhibition mechanisms into the model but provided important insights into the dynamics of competitive inhibition mediated solely by protein
complexation.

3.6

First step: PU.1 and GATA-1 form a heterodimer

None of the existing modeling studies of the PU.1-GATA-1 circuit implemented an accurate
representation of the known molecular mechanisms between both genes and their products.
Furthermore, all models were asymmetric for the sake of simplicity. In the following sections we
overcome this drawbacks and implement mathematical models on known molecular mechanisms.
The only interaction between PU.1 and GATA-1 is the complexation of their respective
proteins, hence our first step to the molecular modeling of their interplay was to solely incorporate
this physical binding process. Assuming a constant production rate and first-order decay for
proteins, the system consists of five reactions:
ka

−*
P +G)
−C
kd

sp

dp

sg

dg

∅ −→ P, P −→ ∅
∅ −→ G, G −→ ∅
P and G represent the PU.1 and GATA-1 proteins, C is the corresponding heterodimer, ka and
kd are the kinetic rates of complex association and dissociation, sp and sg are synthesis rate
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functions and dp and dg represent first-order decay rates. Note that mRNA transcription and
protein translation are combined into one step as shown in equation 3.7. Applying the law of
mass action, we get the following set of differential equations:
Ṗ

= sp − ka P G + kd C − dp P

Ġ = sg − ka P G + kd C − dg G
Ċ

= ka P G − kd C

Considering that protein binding is a much faster process than protein production and decay, we
assume the complex concentration to be in quasi steady-state (see Section 3.2). Setting Ċ = 0
yields
kd C = ka P G ⇔ C =

ka P G
kd

Substituting into the original equations we get:
Ṗ

= sp − dp P

Ġ = sg − dg G
That is, the complex formation has no effect on either one of the two players and can be pictured
as a dead end in the mass flow network. The same effect can be seen when simulating without the
quasi-equilibrium approximation, where the complex influences the timing but not the steady
state of both players (results not shown). Just by the reaction system described in this first
approach it is impossible to achieve mutual inhibition between the two players. The situation
changes if we also introduce a decay term for the complex:
Ċ = ka P G − kd C − dC C
Applying the equilibrium assumption Ċ = 0 again we calculate:
C=

ka P G
kd + dC

It follows that
1
sp − ka P G 1 +
1 + dkCd

!

Ṗ =

ka P G
sp − ka P G + kd
− dp P =
kd + dC

1
sg − ka P G 1 +
1 + dkCd

!

Ġ =

ka P G
sg − ka P G + kd
− dp G =
kd + dC

− dp P
− dg G

With a complex decay reaction incorporated into the model both proteins do influence each
other. The complex association and dissociation rates as well as the decay rate regulate the
strength of this effect. With this second model we are very close to the study of Bokes and King
(see Section 3.5.4) who also implemented a protein complex with a first-order decay term and
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identified the same critical parameters. The synthesis terms sx representing the autoactivatory
interaction, however, still need to be defined.
As we have already seen in Section 3.5, multistability of the system plays an important role
in the existing modeling approaches. Furthermore, a major point of argumentation in the Bokes
and King study was the non-requirement for cooperative binding, i.e. a stochiometry >1 for the
transcription factors in DNA binding reactions. They employed an autoregulatory activation
term based on Michaelis-Menten kinetics. Interestingly, multistability cannot be exhibited when
implementing autoactivation as a simple set of promotor binding and catalytic protein production
reactions (shown for GATA-1):
G + Gpf

Gpb

Gpf → Gpf + G
Gpb → Gpb + G
where Gpf and Gpb represent free and bound GATA-1 promotors, respectively.
Obviously, the rate of the third reaction has to be larger than the for the second reaction
in order to achieve reasonable autoactivation. Craciun et al. [21] published a formalism providing a necessary condition for multistability in mass-action reaction networks. We applied this
methodology to the reaction system consisting of the three autoactivatory reactions for each
player as described above, protein binding and decay. The necessary multistability condition of
the theorem from the Craciun work is true for this reaction system, proofing the non-capability
of this model to exhibit more than one stable steady state. The graph-based approach for
proving monostability is outlined in Appendix C. This finding poses the question whether cooperative binding is absolutely required for multistability in our setup or, alternatively, how
Michaelis-Menten kinetics can be pictured mechanistically for the PU.1-GATA-1 mutual interaction. Significant differences between mechanistic modeling and abstracted regulatory functions
in this system demonstrate that the consideration of molecular details for modeling is indeed an
unavoidable step for certain regulatory wirings.

3.7

A model incorporating PU.1 and GATA-1 repressive
DNA complexes

Modeling of the PU.1-GATA-1 circuit by implementing protein binding only already provided
first insights into the possible dynamics of this lineage decision switch. However, Section 3.4
showed that the interaction is much more complex and primarily controlled by the formation of
regulatory DNA-protein structures. The next step is thus the formulation of a reaction system
based on all known chemical interactions for the two players. For our work, we adopt the hypothesis of a single PU.1-GATA-1 complex with differential regulatory effects on both promotors
and omit the idea of a second, structurally different protein complex that does not bind the
DNA. We have seen that the roles of basal transcription rates, active promotor transcription
rates, mutual inhibition and autoactivation strengths have been extensively studied. A novel
element in this work is the existence of the cosuppressor pRB that binds to the PU.1-GATA-1
complex on the GATA-1 promotor [82] (Figure 3.7). The GATA-1 promotor is assumed to be
active when PU.1 but not cosuppressor pRB has bound. With this cosuppressor activity, our
regulatory circuit topology is is asymmetric in contrast to all previous studies. The major focus
of our dynamical system analysis will be on the role of this cosuppressor in PU.1 and GATA.1
expression regulation and, consequently, in the hematopoietic differentiation process.
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Figure 3.7: Mutual inhibition between PU.1 and GATA-1. Both proteins form repressive DNA complexes
interfering with autoregulation of the opposite factor. PU.1 requires the cosuppressor pRB for GATA-1
repression [82]. Note that no cooperative binding is displayed in this figure.

3.7.1

Model formulation

Again, we start with a set of generalized synthesis reactions and first-order decay reactions:
sp

∅ −→ P,
sg

∅ −→ G,

dp

P −→ ∅
dg

G −→ ∅

where dp and dg are constant decay rates and sp and sg are protein synthesis functions dependent
on the current promotor states and corresponding transcription rates for each promotor state.
Furthermore, we have a set of reversible binding reactions between proteins and DNA. Let
Gpf , Gpb , Gpc , Gpr be the promotor states free, bound (by GATA-1), complexed (by GATA-1 and
PU.1) and repressed (+ PU.1 cosuppressor), respectively. Analogously, the PU.1 promotor can
assume the states Ppf , Ppb , Ppc corresponding to free, bound (by PU.1) and complexed (by PU.1
and GATA-1). Binding reactions are considered to be in equilibrium due to the much faster
time-scale of binding processes compared to protein synthesis and decay (cf. quasi equilibrium
in Section 3.2). This yields the following list of reactions along with the respective equilibrium
constants (law of mass action):
G + G + Gpf

Gpb

=⇒ K1 =

G + G + P + P + Gpf

Gpc

=⇒

Gpc

Gpr

=⇒ K3 =

P + Ppf

Ppb

=⇒ K4 =

P + G + Ppf

Ppc

=⇒ K5 =

K2 =

Gpb
G2 · Gpf
Gpc
2
G · P 2 · Gpf
Gpr
Gpc
Ppb
P · Ppf
Ppc
P · G · Ppf

Note that sequential binding is neglected, that is protein complexation and DNA binding steps
are combined into single reactions. We implemented two GATA-1 binding sites and one PU.1
binding site, the minimal model of known transcription factor binding sites from the literature.
Other schemes could be imagined here, e.g. dimer binding for both proteins or heterodimer
binding to both sites at the GATA-1 promotor (G + P + Gpf
Gpc as implemented by Roeder
and Glauche [85]).
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The equilibrium equations can be rearranged to get promotor state concentrations dependent of
the protein concentrations and free promotor states:
Gpb

=

K1 · G2 · Gpf

Gpc

=

K2 · G · P · Gpf

Gpr

=

Gpc · K3 = K3 · K2 · G · P · Gpf

Ppb

=

K4 · P 2 · Ppf

Ppc

=

K5 · P · G · Ppf

To formulate differential equations for PU.1 and GATA-1, we need to establish how much each
promotor state contributes to the protein production for given concentrations of the proteins.
The synthesis functions are constructed as sums of the state-specific production rates weighted
by the relative abundance of each promotor state. Let s by the synthesis function of a protein,
D = {D1 , D2 , ...} a set of relative promotor state abundances and ri the production rates for
each promotor states. We can write s as
P|D|
ri Di
s = Pi=1
|D|
i=1 Di

(3.8)

Now let rgf and rgb be the GATA-1 synthesis rates for the free and bound (active) promotor,
respectively. Analogously, we define rpf and rpb as the PU.1 synthesis rates. Applying formula
(3.8) to our system, implementing the decay reactions and canceling out Gpf and Ppf we get

Ġ =
Ṗ

=

rgf + rgb K1 G2 + rgb K2 GP
− dg G
1 + K1 G2 + K2 GP + K3 K2 GP
rpf + rpb K4 P 2
− dp P
1 + K4 P 2 + K5 P G

(3.9)

Note that synthesis rates of 0 are implied for the repressed promotor states in both proteins.
That is, the terms for the repressed GATA-1 promotor and the bound PU.1 promotor in the
numerator are neglected.

3.7.2

Bistable regimes

After setting up the quantitative model we analyzed the system to get insights into switching behavior and the mutual interaction between PU.1 and GATA-1. All former modeling approaches
described in the literature elaborate multistability of the dynamical system as an important
feature required for switching and stable lineage decisions. Accordingly, we determined bistable
regions in the parameter space for our model in equation (3.9). Analytical calculation of the
zeros of this equation system is technically possible but practically unfeasible. Due to the asymmetry of the system the resulting analytical solutions are too large for reasonable analysis steps.
Instead, we randomly sampled parameter vectors for our system from predefined ranges for each
parameter. The parameter set consists of three groups that have no scale connections and can
thus be sampled scale-independently from each other: (1) The binding constants that exhibit
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Figure 3.8: Example for a parameter setting giving rise to bistability in our model. The attractor basins
for both steady states are independent of the PU.1 value (horizontal separation in the plot). The PU.1
fold change between both winning states is only ∼2 fold.

their effect through ratios with other binding constants, (2) the promotor activity rates that
determine the actual time-scale and (3) the dimensionless decay rates.
The parameter scan yielded only few constellations that give rise to bistability (30 out of
∼ 2 · 107 parameter combinations). Furthermore, all of these parameter settings exhibit PU.1
fold changes in the range 1.0-2.2 which is arguably not high enough compared to real data (cf.
Chapter 4.3.1). The attractor basin separators only depend on GATA-1 (Figure 3.8), which
could provide an interesting new mechanism in the system. Independent of the PU.1 expression
level, GATA-1 could enforce the MegE lineage after being pushed above a certain threshold.
However, due to the aforementioned incompatibilities of bistable regimes in this system with our
perceptions and data of the real regulation process, we dropped the idea off multistability and
sought after further explanations of differential expression between the two factors.

3.7.3

Switching dynamics

After neglecting the bistability approach, we asked whether reasonable switching behavior can
still be achieved by variation of activity of the cosuppressor pRB. This could establish our proposed role of pRB in lineage decision and stabilization process. We identified a reasonable setting
of parameters that allows a continuous transition between either one of the two winning states
and the priming state by adjusting the cosuppressor binding affinity (Figure 3.9). The parameter
vector contains symmetrical values for both proteins. Active promotors are 3-fold stronger than
free promotors, PU.1 to GATA-1 protein affinities are assumed to be high and the decay rates
are moderate. With increasing values of the cosuppressor affinity, the inhibition of GATA-1 by
PU.1 becomes more potent and the GATA-1 steady state concentration drops while PU.1 is
upregulated. Conversely, if the cosuppressor does not bind the PU.1-GATA-1 complex on the
GATA-1 promotor, GATA-1 is synthesized unhindered and the PU.1 steady state concentration
decreases. Both PU.1 and GATA-1 steady states saturate with respect to the cosuppressor affinity, representing the GM and MegE winning states, respectively. The model predicts a PU.1
fold change of ∼9.5 between MEP and GMP which is in close correspondence to the real protein
concentrations determined by experimental single-cell analysis (cf. Chapter 4.3.1).
To check whether this regulatory behavior we observe in our model depends on very specific
parameter setting, we performed a robustness analysis by alterating the remaining 10 parameters.
Each parameter was shifted from 10 fold decrease to 10 fold increase of the original parameter
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Figure 3.9: Role of the pRB cosuppressor binding affinity in our quantitative model. A: Steady states of
PU.1 and GATA-1 for varying values of the cosuppressor affinity K3 (log scale). A continuous transition
from maximal expression to minimal expression can be seen. B: Projection of Figure A onto the phase
plane of PU.1 and GATA-1. C: Phase planes with trajectories for three settings of the binding affinity:
K3 = 106 (left), K3 = 8 (middle), K3 = 10−6 (right). Circles indicate stable steady states. Other
parameters: K1 = 5, K2 = 30, K4 = 5, K5 = 30, rgf = 1, rgb = 3, rpf = 1, rpb = 3, dg = 1.5, dp = 1

value. As a measure of robustness we again checked the maximum possible PU.1 fold change
for varying values of the suppressor affinity. Our results show that this fold change is rather
insensitive to parameter perturbations in the system (Figure 3.10). Only protein complex to DNA
binding and GATA-1 active promotor production rates show rapidly growing fold changes for
increasing parameter values. This is a consequence of lower PU.1 steady state values converging
to 0. The third parameter with a high PU.1 fold change sensitivity is the GATA-1 decay rate.
In this case the increase is mainly due to rapidly increasing upper steady state values of PU.1
due to missing inhibition by GATA-1.
It is to be noted that our cosuppressor binding reaction does not contain the cosuppressor
molecule itself. Its concentration can, however, be easily integrated by substituting the original
affinity constant (C = cosuppressor pRB):
Gpc + C

Gpr

=⇒ K30 =

Gpr
Gpc C

=⇒

Gpr
= K30 C
| {z }
Gpc

(3.10)

orig. K3

That is, the affinity parameter in our model can be understood as a multiplicative combination
of the real affinity parameter and the concentration of pRB in the cell. Our approach only
investigates the current state of that pRB interaction, which is compatible with the general idea
of analyzing steady state behavior instead of actual time courses.
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Figure 3.10: Parameter sensitivity of the maximum possible PU.1 fold change (which is ∼ 9.5 for our
standard parameter settings). Each parameter was varied on log scale from 10 fold decrease to 10 fold
increase. A moderate sensitivity of the fold change is observed except for complex to PU.1 promotor
binding, GATA-1 active production rate and GATA-1 decay.
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Implications and experiment proposals

What do we learn from the finding that a cosuppressor activity plays an essential role in the
balance of steady state concentrations between PU.1 and GATA-1 in silico? As mentioned
earlier in this chapter, the central developmental factor pRB fulfills the cosuppressor role and is
absolutely required for the PU.1-mediated repression of GATA-1, a feature inherently captured
in our quantitative model. A possible role of pRB could be the initial desuppression of GATA-1
which would be in concordance with an pRB mRNA downregulation from HSC towards CMP
(microarray data, not shown). Alternatively, it could serve as the actual switch between lineages
(requiring subsequent theoretical studies to determine the switching behavior of this player).
It might serve as one of the ’tip-in’ factors mentioned in the introduction and our qualitative
model. A further experimental evidence of pRB activity for the promotion of the GM lineage
is the stimulation of pRB activity by GM-CSF and G-CSF signaling [107]. Finally, pRB might
be a decision-unspecific factor in the densely connected regulatory network around PU.1 and
GATA-1 required for the proper functioning of the differentiation process.
To verify whether the molecular interaction between the two lineage-decisive players is indeed
balanced by binding activity of pRB to the PU.1 complex, experimental validation in multipotent
progenitor cells could be attempted. The switching behavior analysis in combination with equation (3.10) predict both the specific pRB to PU.1 binding affinity and the pRB concentration to
be central parameters for the mutual PU.1-GATA-1 interaction. Both entities could be altered
by genetic assays to establish or falsify our proposed role in the regulation process.

3.8

Conclusion

In this chapter we started with a brief overview of mathematical concepts for the modeling of
biological networks. Ordinary differential equations systems were presented and necessary tools
(e.g. quasi steady-state/equilibrium approximations and bifurcation analysis) were introduced.
A simple modeling framework for the interaction between GATA-2, GATA-1 and FOG.1 was
created. This regulatory circuit provides a simple but elegant solution to drive the differentiation
process towards maturated cells in the erythroid/megakaryocyte lineage. The cell switches from a
GATA-2 dominated state in the pre-erythroid differentiation stage to a GATA-1 controlled state
which is directly stabilized as a consequence of the wiring of this circuit. Production strength
and activation thresholds balance the system and determine the duration of GATA-2 expression.
Next, we described the molecular interactions between PU.1 and GATA-1 in detail and reviewed existing theoretical modeling studies on this circuit. All earlier works primarily focused
on multistability as a feature required for stable lineage decision. Different mathematical frameworks were employed to approximate the molecular interactions between both factors. Each
study identified one or more paremeters as a regulator for bifurcation that could drive the cell
into either one of the two lineages. Notably, none of these works used all known experimentallyvalidated interactions described in the literature.
Finally, we presented our own modeling approach that overcomes this drawback and makes
use of all information currently available for the biochemical details of PU.1, GATA-1 and their
mutual interaction. Using quasi-equilibrium approximations and mass-action kinetics, we derived a system of two differential equations from the supposed underlying chemical reactions.
Bistability turned out not to be a proper switching mechanism in our system, so we had to focus
on other features of the dynamical system in order to make use of our model. We showed that the
binding affinity constant of the PU.1 cosuppressor pRB can regulate the steady state dynamics
of PU.1 and GATA-1. The pRB factor was not contained in the qualitative model in Chapter 2
as it is assumed to only affect the actual lineage-decisive players, a feature that was decidedly
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Mechanistic regulation
Heterodimer
Cosuppressor pRB
Asymmetric
Rely on multistability
PU.1 fold change

Roeder
x
x

Huang

x

x

Chickarmane

Bokes
x

x
?

x

Our model
x
x
x
x
x

Table 3.1: Comparison of models from the literature and our own modeling approach. Explanations of
row labels: (a) Mechanistic regulation: Whether known biochemical mechanisms were implemented in
the model. (b) Heterodimer: Implementation of the PU.1-GATA-1 protein complex (c) Cosuppressor
pRB: Implementation of the cosuppressor pRB, (c) Asymmetric: Whether the model is (artificially)
symmetric or asymmetric, (e) Rely on multistability: Whether multistability of the system is supposed
to be a major force of lineage decision. (f) PU.1 fold change: Whether reasonable parameter combinations
can reproduce the PU.1 fold changes we observe in Chapter 4. For the Chickarmarne study we could
not precisely determine whether proper PU.1 fold changes are possible.

not incorporated in our qualitative approach. Notably, our model is the only one that correctly
reflects known PU.1 fold changes between the undifferentiated and both committed progenitor
states, respectively. A comparative overview of all modeling approaches is given in Table 3.1.
Cosuppressor activity as a novel aspect of the molecular interaction in the lineage decision
circuit could be confirmed or falsified experimentally by overexpression or knock-down experiments. A role of pRB in the dynamics of switch-like circuits would provide new mechanistic
insights of lineage-decision processes in general.
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Chapter 4

PU.1 single-cell expression
profiling
Data generated by conventional expression analysis experiments represent the average over a
population of cells. This holds for mRNA microarrays, qRT-PCR, and other commonly used
quantification methods. Population averages mask the dynamics of the single cell and blur signals
in cell samples with heterogeneous expression states. For instance, if an increasing expression for
a certain gene over time is observed, it is unclear whether all cells gradually upregulate expression
or whether single cells rapidly switch from off to on (Figure 4.1). Thus conventional expression
measurements are not suitable to backup a dynamic model of transcription factor interactions.
Single-cell data, however, can overcome this problem and provide accurate descriptions of the
dynamics of regulatory players during the differentiation process. The additional tracking of
cell divisions reveals mother-cell/daughter-cell relationships and provides novel insights into the
stability of fate decisions over the progeny of a differentiating cell. Finally, protein concentration
data on single-cell level allow us to tackle questions beyond fate decision, e.g. the behavior of
protein synthesis over the different phases of the cell cycle.
As described in previous chapters of this work, the transcription factor PU.1 is essential
for the promotion of the granulocyte/macrophage lineage and antagonizes GATA-1 to stably
inhibit the megakaryocyte/erythrocyte lineage. The purification, culturing and observation of
hematopoietic cells allowing for PU.1 read outs gives us the opportunity to watch PU.1 changes
in vitro and learn about its role as a lineage decision factor.

4.1

The PU.1-YFP mouse model

In order to track the expression changes of single cells over time, a means for the detection of
protein levels is required that leaves the cells intact and in place. Fluorescence-tagged proteins
provide such a construct and allow for the observation of cells in vitro. Mouse models are
commonly used for such purposes since genetic engineering by DNA injection into fertilized eggs
or mouse embryonal stem cell alteration is well-established [11]. Importantly, the biological
systems under investigation — in our case the hematopoietic system — should be highly similar
to the human counterparts and allow the transfer of results for medical purposes or fundamental
research in humans, for instance. Still, the generation of transgenic animals is an elaborate and
time-consuming task, limiting the number of genetically engineered mice currently available for
studying.
47
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Figure 4.1: A: Two scenarios of increasing expression over time, e.g. after a differentiation stimulus.
In the first case, all cells concurrently upregulate the expression in a gradual manner. The second case
corresponds to a multistable system, where expression changes take place rapidly and for each cell the
expression is virtually either on or off. B: A population-wide measurement of expression values cannot
distinguish between these two very distinct regulation dynamics. This figure is adapted from Chang
et al. [16] who demonstrated switching behavior for a differentiation marker in neutrophil maturation.

The group of Claus Nerlov (EMBL) generated a PU.1-YFP transgenic mouse in the course
of their studies (originally mentioned in a Wnt signaling study [52]) which was later handed to
the ISF, HMGU1 . A YFP tag was C-terminally appended to the protein coding sequence at the
endogenous Sfpi1 locus (gene name of PU.1, chromosome 2). YFP stands for yellow fluorescent
protein, a variant of the green fluorescent protein (GFP). GFP is a peptide consisting of 238
amino acids emitting optical radiation at a certain wavelength (i.e. color) after being triggered
by a light stimulus. Remarkably, even though PU.1 is a central factor of hematopoiesis and is
involved in many protein-DNA and protein-protein interactions, homozygous PU.1-YFP mice
have no noteworthy altered phenotype. Their vital functions, hematopoietic progenitor fractions
and the blood panel show no significant changes compared to wild-type mice (results from the
original publication and unpublished data from the ISF). Previous studies on PU.1 expression
relied on reporter constructs (see e.g. Arinobu et al. [6]), which cannot provide the same level of
molecular relevance as the tagging of an endogenous protein.

4.2

Data and methods

This section describes the experimental techniques for imaging of PU.1-YFP hematopoietic cells,
the automatic intensity detection process, quality control techniques and data analysis methods.

4.2.1

Sample preparation, imaging and single-cell tracking

All experiments were performed in the hematopoiesis group of the ISF. Bone marrow was extracted from femur and tibia of ∼12 weeks old homozygous PU.1-YFP transgenic mice. Hematopoietic cells were pre-processed and purified as described in Hoppe [44]. Multipotent progenitors
+
+
were extracted by FAC sorting as Lin cKit Sca-1 CD34 Flt3 cells. Several hundred MPP cells
were grown on plastic slides under stable pH conditions in SFEM medium at 37 ◦ C for 7 days.
An Epo, IL3, IL6, SCF, Tepo cytokine mixture was used to enforce the differentiation into
megakaryocyte-erythrocyte and granulocyte-macrophage lineages. A Zeiss Axiovert 200 imaging
1 Institute
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robot took phase-contrast pictures (showing the whole cells) every ∼2 minutes and fluorescent
pictures at the respective YFP wavelength every ∼15 minutes. Since the camera can only partially cover the full growing plate, the region was subdivided into 36 (3x12) overlapping image
windows (so-called positions). A 7-day PU.1 movie consists of 173.213 phase-contrast and 24.264
fluorescent images. Since PU.1 is a nuclear transcription factor, the fluorescent images show cell
nuclei only.
The hematopoiesis group employs a custom software called Timm’s Tracking Tool (TTT) to
manually track single cells in the movie over time and record cell divisions, apoptosis events and
cell motility. The tracking of a single starter cell and all of its progeny is termed a tracking tree.

4.2.2

Image processing

We developed a pipeline for the automatic determination of single cell expression profiles from
all fluorescence images in PU.1-YFP movies. A flowchart of the image analysis pipeline is depicted in Figure 4.2. The following paragraphs provide detailed descriptions for each step of
the processing pipeline. For illumination correction, cell detection and intensity determination
we used algorithms from the CellProfiler MATLAB toolbox [13], a software suite for automated
processing of cell microscopy images.

Figure 4.2: Flowchart of the image analysis process. Steps tagged with (ISF) are performed by the
hematopoiesis group at the Institute of Stem Cell Research. 1: Multipotent progenitor cells (MPPs) are
extracted from PU.1-YFP mice (ISF). 2: Phase-contrast and fluorescent images are taken over 7 days
(ISF). 3: Single cells and progeny are manually tracked by visual inspection (ISF). 4: Cell locations and
YFP intensities are determined by the automatic image analysis pipeline. 5: Intensities are mapped
back onto the tracked cells to get single-cell PU.1 time courses. 6: All detected cells are analyzed
independently from the tracks for overall statistics.
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Figure 4.3: Illumination correction. A: Artificially generated microscopy image with unequal illumination. Although all circles have the same brightness, decreasing intensity values must be assigned from
the left to the right. The correction function resulting from determination of the image background and
the corrected image are shown in the second and third picture, respectively. B: Real correction function derived from images in our dataset, color-coded from red (bright) to blue (dark). The decreasing
illumination towards the corners of the picture is clearly recognizable.

Illumination correction
The illumination throughout the field of view in a microscopy image is typically not constant.
This leads to non-comparable intensity values between areas of different illumination within the
same image. To correct for this bias, an illumination correction algorithm was applied to all
images before further analysis. This algorithm first computes a correction function based on the
minimum pixel intensities in a square range of 60 pixels (the algorithm works almost equally well
for values between 30 and 120 pixels). The correction function is then subtracted from the original
images, making them suitable for object detection and intensity measuring. The illumination
correction process is illustrated in Figure 4.3. Our correction method was systematically tested
on artificial images with ’cells’ of known intensities and different artificial illumination effects.
The largest observed error was a deviation of around 1% for images with very strong illumination
differences (data not shown).
Cell detection
The next step in our image analysis was the identification of actual cell boundaries in the
illumination-corrected images. Cell detection methods are generally subdivided into two steps:
(1) image segmentation by distinguishing between background and foreground (cell) pixels and
(2) aggregation of foreground pixels to cell identities.
For cell pixel detection, a CellProfiler -internal algorithm called the background method turned
out to produce the best results with an acceptable tradeoff between a moderate number of false
positives and no false negatives (evaluated by visual inspection of processed images from various
timepoints over the movie using all methods). This method computes an adaptive signal/background threshold by determining a distribution of the local pixel intensities in each image. The
mode of this distribution is assumed to be the background and the threshold is set to twice this
intensity value. Obviously, the background method will hardly work for overcrowded images with
many cells. Consequently, the detection quality drops around day 5 of the experiment. However,
since no other method was able to handle these types of images, we employed the background
method for high-quality detections in the early part of the movie. The process of cell shape
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Figure 4.4: Cell detection process. Left: Illumination-corrected input image. Middle: Cell boundaries
detected by our algorithm. Right: Cell boundaries projected onto the input image. The two marked
cells have slightly separated nuclei due to an imminent cell division. The detection as a single cell is
correct in this case.

detection from the set of foreground pixels will not be described in further detail here. Briefly,
the algorithm is based on a watershed image segmentation method. An illustrative example of
the cell detection process is shown in Figure 4.4.
Intensity & Expression determination
After determining the boundaries of all cells in each fluorescence image, we calculated the PU.1
expression value for each cell. Pixel intensities between 0 (black, no signal) and 1 (white, maximum signal) are summed up, resulting in an absolute intensity value for each cell. Assuming
linear additivity of fluorescence signals, this value should be directly proportional to the amount
of PU.1 protein in the respective cell. Possible biases due to autofluorescence are not yet accounted for.
Mapping fluorescence intensities to tracked cells
After acquiring a list of detected cells and the corresponding intensity values for each image of
the movie, we developed an algorithm to map these intensity values back to the manually tracked
cell coordinates. Since we do not have complete accordance of the detected cell coordinates and
the tracked cell coordinates (due to inaccuracies of the manual tracking process), we established
a distance-limited nearest neighbor algorithm for the mapping process. The algorithm assigns
detected cell coordinates to mapped cell coordinates such that no closer detected cell can be
assigned to each tracked cell. No assignments above a certain distance threshold are performed.
A detailed pseudocode of the algorithm is given in Algorithm 1. The result of this mapping step
is a PU.1 time-course for each cell and its tracked progeny.
Outlier correction
Despite careful adjustment of the nucleus detection algorithms, a base level of technical noise
is unavoidable. Outliers in the expression time course can occur due to various reasons: (1) a
nucleus might fall below the detection threshold such that the tracked cell cannot be assigned a
value, (2) the tracked cell might be assigned to the wrong detected nucleus, (3) spatial artifacts
and pixel errors in the camera lead to erroneously high values. To correct for such outliers, we
implemented a correction step that preprocesses the time courses before further analysis. Time
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Algorithm 1: Mapping tracked cells to the identified nuclei of our image analysis.
input : Cell coordinates from tracking and nucleus coordinates from image analysis
output: Assignments of tracked cells to detected nuclei
T ← list of all tracked cells for the current timepoint
I ← list of detected nuclei from image analysis for the same timepoint
θ ← a threshold (in pixels) above which no assignments are made
A←∅
toCheck ← T
while toCheck 6= ∅ do
toCheck 0 ← ∅
//assign tracked cells to detected nuclei
foreach t in toCheck do
d ← closest detected nucleus to which t has not yet been assigned to
if distance(t, assign) > θ then
Output t as unassigned
else
add (t, d) to A
end
end
//find multiple assignments
foreach d in I do
C ← cells in A assigned to d
if |C| > 1 then
remove all assignments to d but the closest one
put newly unassigned cells into toCheck 0
end
end
toCheck ← toCheck 0
end
Output assignments in A

points with no assigned intensity are interpolated by the mean of the preceding and succeeding
timepoint. Intensity values deviating more than 50% from the mean of the two neighboring time
points are replaced by that respective mean value (multiple outliers in a row are handled as one
outlier).
Automated pipeline
All steps of the nucleus detection and quantification process were assembled into a fully-automated
movie processing pipeline. This provides easy access to the processing functionality for further
movies with PU.1-YFP cells or other cells with fluorescence-tagged proteins. The calculation of
a single position (∼ 670 images over 7 days) takes about 2 hours on a single Intel Xeon 2GHz
core, summing up to 2 · 36 = 72 hours of CPU time for a whole movie. The pipeline is easily
parallelizable and can be distributed on computation clusters and spread over multiple cores.
Mapping tracked cells to detected intensities and outlier correction are postprocessing steps that
can be performed in the order of one minute.
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4.2.3

Quality control

The illumination correction described above only eradicates effects based on linear dependencies between the background and the cells. That is, if the background is twice as bright in a
certain region, the cells in that region are also assumed to be twice as bright. To test whether
spatial intensity differences are still present after linear illumination correction, we performed an
experiment with industrially manufactured fluorescence beads (see Appendix D). These beads
have a constant intensity allowing for quality control pictures in the current microscopy setup.
The results show a ∼1.5 fold decay of the fluorescence signal towards the border of the picture.
This proves that non-linear effects between foreground and background play a role in our experimental setup and not all effects can be corrected for by the current illumination correction
process. However, for the cell nucleus fluorescence pictures the intensity drop towards the edges
appears neglegtable. The overall signal strength of the PU.1-YFP cells is approximately 50-100
fold weaker than for the fluorescent beads and the linear illumination correction seems adequate
here.
For upcoming PU.1 movies, bead images will be created (in a different lane of the plate)
over the whole the movie for continuous quality control throughout the movie. Alternatively, a
fluorescent fluid was tested which provides smooth signals over the complete field of view and
hence does not rely on dense coverage of the plate with beads. Based on these spatial intensity
distribution images another illumination correction function accounting for non-linear effects will
be calculated.

4.2.4

Data & analysis methods for this work

FACS analysis
During the purification of MPP cells from primary mouse bone marrow cells by FACS (fluorescentactivated cell sorting), the following well-established phenotypic fractions were measured.
-
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1. MPPs as Lin cKit Sca-1 CD34 Flt3 : 478 cells
-

2. CMPs as Lin cKit Sca-1 CD34 FcgR : 961 cells
3. MEPs as Lin cKit Sca-1 CD34 FcgR : 918 cells
4. GMPs as Lin cKit Sca-1 CD34 FcgR : 2042 cells
PU.1 expression values for all cells were obtained during sorting.
Expression values and cell annotations
The image analysis pipeline generated a total of 2,744,520 detected nuclei with assigned PU.1
expression levels for the single movie used in this work. Using the tracking tool, 18 trees including
243 cell divisions and 555 total tracked cells were generated. Most tracking was performed for
the first 4 days of the experiment (Figure 4.5) as the lineage decision was expected to take
place during this period. Lineage commitments were sparsely annotated based on morphological
features (e.g. endomitosis for megakaryocytes) and FcgR expression as a sign for granulocytemacrophage commitment.
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Figure 4.5: Distribution of tracking density over the 7 days. The frequency grows from the beginning
up to ∼75h due to exponential cell growth. Only few trackings were performed after this timepoint.

Mean calculation
We assume that not the absolute abundance but the relative concentration of a transcription
factor is relevant for its regulatory activity. As the amount of DNA in the nucleus is constant, this
relative concentration determines the probability that a certain transcription factor binds to the
DNA. In order to determine the concentration of PU.1 in a single cell, we need to calculate the
mean intensity per volume unit of the nucleus. Dividing the absolute intensity by the measured
cell size in pixels is not sufficient since (a) we cannot account for the three-dimensional cell shape
and (b) the cell boundaries are often not optimally defined2 .
Different geometric volume approximations based on the 2D area of the nucleus were attempted (e.g. sphere approximation). None of these methods produced reasonable results, as
time-courses generally had an upwards or downwards trend over all cells. At this time, we cannot reliably determine the exact volume of a cell in our experiment. Instead, we employed a
biological assumption based on cell divisions. Each cell and its nucleus should double their size
over the cell cycle and the same should hold true for non-changing proteins in the nucleus. Any
deviations from this duplication of absolute protein amount provides a signal of change in expression or morphology and cell size (Figure 4.6). We will refer to the values from this calculation
as the relative doubling signal.
Asymmetric cell division
Unequal distribution of PU.1 into the daughter cells after cell division was determined by comparing the absolute PU.1 signals of the mother cell and both daughter cells. As a quality control,
we required the sum of the daughter cells’ intensities to be close to the value of the mother cell.
Only divisions with a deviation of less than 10% for this sum were used (leaving 160 out of 243
division events). This comparison was performed on intensities without outlier correction. To
assign statistical significance of eventual effects on daughter cells, we investigated the 50 division
events with the highest and lowest deviation from 50%, respectively. A Wilcoxon rank sum test
was calculated on the differences of regression slopes of both daughter cells’ time courses.
PU.1 levels over the cell cycle
To compare PU.1 levels of all tracked cells over the cell cycle all life time-scales were normalized
to the unit interval. Only cells with a life time between 15h and 24h were used to exclude
2 This effect has no significant influence on the absolute intensity values as the variable pixels have nearbackground values.
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Figure 4.6: Illustration of the relative doubling signal. Assuming that a cell duplicates its size over the
lifetime, any protein amount deviations from this hypothesis denote an actual change. Positive values
mean a relative increase of the concentration whereas negative values indicate a relative decrease. In the
exemplary case shown in this plot, the actual concentration of the protein in the cell does not change.
The time-course originates from a real, non-differentiating cell in our experiment.

time-dependent effects (leaving 69 cells for the analysis). Mean and error curves were calculated
by taking the average value and standard deviations of all 69 cell for 1.000 equally-spaced steps
between 0 and 1. The life span was subdivided into 3 intervals (0-0.30, 0.30-0.65, 0.65-0.9) by
visual inspection, resembling the three cell phases G1, S and G2. The range 0.9-1.0 was left out
due to general inaccuracies near the cell division events. For each cell, median slopes of the
intensity curves were calculated in all intervals. Statistically significant differences between the
intervals were assigned by boxplotting and Wilcoxon rank-sum tests.

4.3
4.3.1

Results & Discussion
Analysis of PU.1 signals on population level

Considering our top-down investigation of the hematopoietic system and especially the quantitative modeling approaches, the first intuitively occurring question is when and how strong the
PU.1 protein changes during differentiation. A very precise determination of the fold changes
between different lineages can already be obtained from the FACS data. In our setup, this technique is primarily used to sort MPPs as starter cells for the movie. FACS inherently provides
quantifications of fluorescent signals on arbitrary wave-lengths (like YFP) for various types of
progenitor cells (Figure 4.7A). A difference of ∼0.5 on log10 scale in PU.1 can be observed between the peaks of MEP and MPP populations and MPP and GMP populations, respectively,
implying a ∼3-fold absolute protein difference from MPP to either one of the two lineages. This
result is in accordance with the findings of [87], who showed that a PU.1 downregulation as small
as 5-fold already produces significant shifts in the differentiation potentials of hematopoietic cells
causing acute myeloid leukemia.
FACS analysis of the primary hematopoietic cells (originally used for MPP sorting) reveals
heterogeneities in the CMP population. This fraction actually shows two populations resembling a snapshot between MPP and MEP/GMP with fold changes of ∼1.5 and ∼2.5 into either
direction, respectively (Figure 4.7B). This indicates that the original CMP cell population is
actually downstream of the real CMP and consists of two subpopulations of already-committed
+
cells. Supporting this hypothesis, Arinobu et al. [6] identified a GATA-1 MPP as a new CMP
upstream of the original CMP population.

56

CHAPTER 4. PU.1 SINGLE-CELL EXPRESSION PROFILING

Figure 4.7: PU.1-YFP intensity histograms for different progenitor cell types determined by FACS
analysis of primary hematopoietic mouse cells. A: Comparison of MEPs, MPPs end GMPs. The
diagram shows a clear separation of PU.1 levels between all three cell populations. Distribution peak
differences between MEP/MPP and MPP/GMP are ∼3 fold on linear scale. B: Heterogeneity of CMP
population, consisting of two subpopulations presumably committed to the MegE and GM lineages,
respectively.

Figure 4.8: Analysis of all cell nuclei detected by the image analysis pipeline. A: Progression of average
PU.1 intensity, standard deviation of the signal and cell count over time. The arrows indicate the
tendency towards larger PU.1 signals and the two-fold increase in standard-deviation between 35h and
75h. Red bars indicate the approximate timepoints where cell detection quality drops significantly due
to overcrowding of cells on the plates. B: Histograms of PU.1 signals for days 1-6. Two populations
emerge over time that correspond to MPP and GMP cell populations. The leftmost peaks at day one and
two represent false positive predictions occurring due to low detection thresholds caused by very sparse
images at the beginning of the movie. These false positives are also marginally visible at the beginning
of the cell count plot in A. The large peak of cell count at ∼105h is a technical artifact (probably lights
turned on in the movie room).

4.3. RESULTS & DISCUSSION

57

Analyzing all detected nuclei from our image processing pipeline, we can add a time component to the population view of PU.1 levels in differentiating cells (Figure 4.8). Our results
show an increasingly disperse PU.1 population with a fold change of ∼2.5 between the two peaks
of the distribution. This is in correspondence with the results from FACS analysis (MPPs and
GMPs) described above. A general tendency towards increasing PU.1 values is observed, probably due to uneven lineage decisions favoring GM differentiation under the current experimental
setup. Remarkably, the time-course diagram shows a two-fold increase in standard deviation of
the distribution between 35h and 75h during the movie, suggesting that most lineage decisions
take place during this time period. Furthermore, the distribution peak present at the beginning
of the movie does not vanish, probably demonstrating the presence of MPPs, i.e. undecided cells,
during the whole experiment.
The MEP population is currently not clearly visible in our data, which appears to be a
technical problem associated with autofluorescence in the cells. Autoflourescence constitutes a
lower boundary of intensity values for this movie that unfortunately lies above the MEP PU.1
expression level. Further improvements in the experimental setup of PU.1-YFP movies will have
to solve this problem. Fold-change values for MPP to MEP from FACS analysis will serve as
a reference of expression changes that have to be present in the time-courses during transition
towards the MegE lineage. Note that the presence of MPPs during the whole experiment (see
above) is influenced by this technical issue, since possibly present MEPs show similar signal
intensities as the MPPs.

4.3.2

Expression dynamics and switching behavior

Despite the apparent technical issues still present in our experimental setup, we attempted to
extract generalized information from the time-course data we generated for the tracked trees.
The 3-fold upregulation of PU.1 during GM differentiation can be confirmed in the data. The
switching period between 35h and 75h observed in the analysis of all cells is hardly detectable
in the time-courses, probably due to the relatively small amount of trees. Nevertheless, some
obvious switching events can be observed in the time-courses (example in Figure 4.9A). PU.1
upregulation seems to happen fast on the order of a few hours. Statements about the kinetics of
PU.1 downregulation can currently not be made due to the aforementioned technical problems
of a lower intensity boundary. Another differentiation-relevant feature is the clear change of regulation patterns during a single cell life. Some cells are highly proliferative with quickly growing

Figure 4.9: Exemplary single-cell time-courses. A: Putative switching event after cell division. A clear
deviation from PU.1 doubling over the cells’ life times can be observed. B: Branch of a tree showing
high proliferative cells that rapidly switch into another, probably differentiated state at ∼90h.
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Figure 4.10: Asymmetric cell division. A: Two-sided (left) and one-sided (right) histograms of PU.1
distribution for each division in our dataset. The distribution is symmetric with a mean of 0.5 , indicating
non-directed asymmetry in the PU.1 distribution. B: Sample time-courses of mother and daughter cells
for the 6 highest asymmetric division events. No qualitative differences of the daughter cells are apparent.

amounts of PU.1 over the cell cycle and abruptly switch into another (possibly differentiated)
state of low proliferation and constant PU.1 levels (Figure 4.9B).

4.3.3

Asymmetric cell division

In Chapter 1.3 we already introduced the process of asymmetric cell division as a possibly
relevant means of generating heterogeneities during stem cell differentiation. With single-cell
time-course data we gained the opportunity to investigate asymmetric distribution of the PU.1
protein during cell division and the effects on the respective daughter cell fates. Figure 4.10A
shows the distribution of relative PU.1 levels in the child cells for all 160 cell divisions passing
the quality threshold (see methods in 4.2.4). There is no apparent bias towards an directed
unequal distribution of the PU.1 protein in our dataset. The relative child cell levels are evenly
distributed around 0.5 with a supposedly normal distribution. Nevertheless, slight inequalities
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Figure 4.11: Analysis of expression strengths over the cell cycle. A: Normalized mean curve with
standard deviation over all 69 analyzed cells. Vertical gray lines indicate the three supposed cell phases.
B: Average numerical derivatives of normalized means (A), emphasizing strongly varying expression
strengths between the phases. C: Box plot of median derivatives between the three phases. Nonoverlapping notches of the central boxes indicate significantly different medians.

as observed in our results could already affect the fate decision by destabilizing the priming
state or pushing the cell into either one of the two lineages. To test whether asymmetric cell
division indeed has an effect on cell fates, we manually investigated the 6 cell divisions displaying
the highest unequal PU.1 distributions to the daughter cells (Figure 4.10B). For all investigated
cases no considerable differences in the child cell time courses could be observed. Note that these
6 divisions happen at late timepoints of the movie (>60h) where we consider the cells to be
already committed (see section 4.3.1). The Wilcoxon rank sum test on daughter cell deviation of
strong vs. weak asymmetric divisions was insignificant (p = 0.204). Taken together, these results
suggest that blood cell lineage decision with respect to the PU.1 protein level is not regulated or
affected by asymmetric cell division. Existing asymmetries appear to be neglectable stochastic
fluctuations since neither the fate decision nor the stability of commitment into a certain lineage
is affected.

4.3.4

Varying expression strengths over the cell cycle

Previous cell cycle gene expression studies were focused on the switch between proliferative
and dormancy states of hematopoietic stem cells (cf. e.g. Dooner et al. [27]). The effects of
possibly varying synthesis rates of major differentiation-regulating factors during the cell cycle
and possible effects on fate decisions have not been addressed yet. Overlaying the time courses
of all cells fully captured in our tracking trees (i.e. cells that are not the starter cell and divide
during the tracking tree) we were able to investigate general tendencies of PU.1 expression over
the cell cycle phases.
Our analysis results show a clear separation of PU.1 expression into two phases of high expression and a phase of low expression in between (Figure 4.11). Wilcoxon rank sum tests are
highly significant for phase 2 vs. phase 1 and phase 2 vs. phase 3, respectively (p ≈ 10−13 and
p ≈ 10−11 ). Phase 1 and phase 3 show no significant differences (p = 0.57). We propose high
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Figure 4.12: Megakaryocyte lineage restriction. A: Relative doubling signal of megakaryocytic cell along
with its sister and mother cell (apparently differentiating into the GM lineage). The cells becomes apoptotic after around 45 hours of lifetime. B: Endomitosis event as a definite evidence for megakaryocyte
maturation.

expression stages corresponding to the G1 and G2 phase of the cell cycle whereas a moderate
expression is present during the S phase. It could be hypothesized that the expression of regulatory factors stagnates during the synthesis phase where the cell is busy with DNA synthesis and
growth. Future works will show if and how these differential expression patterns influence the fate
decision process and how the PU.1 cell cycle behavior correlates to other major hematopoietic
factors (e.g. GATA-1).
We are aware that the scaling of cell timecourses of different lifetimes to the unit interval is
not a very clean solution for the comparison of different cell cycle phases. The G2 phase and
especially the S phase are considered to be rather constant, whereas the G1 phase can have a
variable duration [19]. The restriction of cells living between 15h and 24h only partially reduces
this systematic bias. However, our results already show a clear signal for differential expression
during the life time of a cell and further fine-tuning with respect to real cell cycle phase lengths
can only improve the strength of this finding.

4.3.5

Restricted megakaryocyte lineage

Cases of absent proliferation and subsequent apoptosis on separated branches were observed in
several differentiation trees. Closer inspection of these cells revealed consistently downregulated
PU.1 expressions at the lower detection boundary, suggesting a megakaryocyte-erythrocyte lineage fate. All of these PU.1 inhibition-associated apoptosis events take place during the first
two cell generations and make up 7 of 13 total recorded apoptosis events in the dataset. In
addition, some of these cells already showed subsequent endocytosis events, a morphological feature of maturing megakaryocytes (Figure 4.12). In combination with a remarkably low amount
of megakaryocytic cells (non-published data from the ISF) these results suggest unfavorable experimental conditions for the megakaryocyte lineage. The commitment to this cell type seems
to take place very early (in this experimental setup) and quickly leads to a non-proliferative,
apoptotic cell state.

4.4. CONCLUSION
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Figure 4.13: Example of PU.1 downregulation during macrophage differentiation. A: Relative changes
of GM committed cells with sudden downregulation of PU.1 in the second generation of this partial tree.
B: Schematic representation of PU.1 downregulation in the tree. The four cells of the second generation
are annotated as macrophages by visual inspection. C: Morphological changes during macrophage
differentiation.

4.3.6

Putative PU.1 downregulation during macrophage maturation

Only few precise annotations for certain blood cell lineages are present in the tracking trees,
mainly due to missing in-depth tracking into late time points of the movie (which was not the
focus of the first tracking work). However, the dataset contains macrophage-lineage annotations
for several cells based on adhesive cell behavior and a characteristic morphological and brightness change of the cells in the phase contrast images. For most of these annotated macrophages
we observe a low PU.1 level which is preceded by an increased expression in earlier cell generations (Figure 4.13). These preliminary results indicate a (regularly) high PU.1 expression
during monocyte lineage commitment, but downregulation of this player while maturating into
a macrophage. To the best of our knowledge, this finding has not yet been reported in the
literature.

4.4

Conclusion

Single-cell data are required to overcome restrictions of common profiling methods based on populations of cells. Here, we introduced a novel computational method to determine single-cell PU.1
protein expression profiles employing a transgenic PU.1-YFP mouse model. A fully automated
intensity detection pipeline was implemented and evaluated in collaboration with the hematopoiesis group at the ISF to extract fluorescence intensity values from movies of differentiating
hematopoietic cells.
Some technical problems still have to be overcome on both the experimental and the data
processing side. Correction for uneven illumination needs to be refined based on experimental
determination of spatial biases. Solutions for this purpose are currently being developed in the
project. The cell detection method is not yet suitable for very densely packed images with many
cells, other algorithms and parameter settings could be systematically tested here. Moreover,
we showed that low PU.1 values in the range of MEP PU.1 expression cannot be captured in
the current experimental setup (which can also be confirmed visually). Growth conditions in the
current medium do not seem to be optimal as megakaryocyte maturation appears to be impaired.
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In further collaboration with the hematopoiesis group, we will continuously improve all steps of
the profiling process leading to cleaner data and more interpretable results.
Interesting new findings could be made despite the technical issues present in the dataset used
for this work. Our results show a three-fold upregulation of PU.1 expression during commitment
to the GM lineage, which is compatible with the accurate measurements from FACS analysis.
Remarkably, a significant amount of multipotent progenitor cells appears to be present during
all stages of the experiment. This finding is based on a non-vanishing central peak in the PU.1
histogram that corresponds to the PU.1 level in MPP cells. However, this has to be reevaluated
again with a dataset compromising precise measurements for low intensity values.
We reported various results on single-cell level, including obvious switching events and strong
changes in proliferation behavior. Asymmetric cell division was investigated in terms of PU.1
protein distribution and found to be (a) non-directed and (b) not affecting any lineage decisions.
Already the relatively small number of cell divisions we could use for this analysis provided
statistically significant results. Expression strengths over the cell cycle appear to happen in
three stages of differential expression. Refinement of the cell cycles phases based on literature
knowledge and experimental information will help to improve this signal. In particular, the
hematopoiesis group at the ISF currently develops viruses that integrate into genomes of hematopoietic cells and provide visual markers for the current cell cycle phase. These techniques will
be correlated with our results to get a precise picture of PU.1 expression behavior over the cell
cycle. Our data contains evidence for a new maturation-specific feature, the downregulation of
PU.1 during macrophage differentiation (after the monocyte state). One specific attempt for
this macrophage maturation behavior is the application of machine learing algorithms to the
automatically detected cells in combination with the original images. If a classifier was trained
to identify macrophages based on morphological features (which appear to be very distinctive),
many expression samples for macrophages could be generated and the PU.1 downregulation
robustly confirmed.
In addition to its current usage, our detection software provides the opportunity of intentionally inaccurate tracking to the experimental group. As the mapping algorithm will assign tracked
cell to the closest detected nucleus (if set correctly), the TTT user does not have to precisely
position the tracking point for every picture of the movie. This provides a speed increase of 10- to
20-fold for the tracking process whilst preserving the same high single cell identification quality.
Furthermore, with increasing time resolution in the movie, automatic tracking algorithms could
be developed based on the clean set of nucleus coordinates overtime. It is to be noted, however,
that automatic cell tracking is a sophisticated task and most current approaches primarily focused on manual tracking [28]. In addition, some groups have already extensively worked on the
development of automatic tracking algorithms (cf. e.g. [80]). A robust implementation of automatic tracking for hematopoietic cells could increase the production of time-resoluted single-cell
expression profiles by several orders of magnitude.
The methods developed in this work are well-suited to be used on future data sets. Further
movies and an increasing amount of tracking data (manually or automatically generated) will
strengthen our existing hypothesis and generate more direct evidence of switching events in
differentiating cells. The evaluation of FcgR signals and other lineage annotations will allow us
to correlate PU.1 expression to the exact timing of the lineage decision process. In addition, a
GATA-1 fluorescence tag mouse is currently being created in the hematopoiesis group. With a
double mutant PU.1 and GATA-1 fluorescent cell model, we will be able to watch the complete
lineage decision circuit operating over time. This will significantly increase our capabilities of
reflecting experimental data to theoretical models and, ultimately, to understand the molecular
mechanisms and dynamics of this functional module.

Chapter 5

Summary & Outlook
Hematopoiesis is an essential process in higher organisms and has been subject to experimental and theoretical research over 40 years. Recent developments in experimental methods for
the hematopoietic system, in particular single-cell tracking technologies, strengthen its role as
a paradigm for stem cell biology. Close collaboration of experimental groups and theoretic bioscientists in the sense of a systems biology approach can lead to a deeper understanding of the
differentiation and maturation processes. In this work, we focused on hematopoiesis from a
systems-oriented perspective and contributed both new methodology and knowledge. We gathered data and information from various sources to setup models on different scales in close
cooperation with an experimental group at the Institute of Stem Cell Research. A top-down
approach was applied by going from large but coarse models including many players down to the
detailed investigation of only few players.
We began with an integration of mRNA expression data projected onto current views of the
blood cell differentiation hierarchy and revealed that large changes on transcriptome level take
place during the maturation process. The idea of an exclusive existence of a common leukocyte
progenitor is less likely based on our clusterings of the transcription profiling datasets. We also
pointed out problems in the current cell purification protocols, especially for the different types
of long-term and short-term hematopoietic stem cells.
We developed a qualitative regulatory network from integrated literature knowledge and
applied simple boolean methodology. The main regulatory factors in this network suffice to
give rise to all blood cell lineages in the myeloid differentiation pathway, that is granulocytes,
macrophages, megakaryocytes and erythrocytes. Future works could extend and refine this regulatory network, determine decision-controlling factors (e.g. cytokines and signaling) or attempt
quantitative modeling (e.g. by automatic conversion of the discrete model into a quantitative one
[111]). In silico knockouts in the boolean model showed many expected but also some unexpected
results. For instance, the role of two microRNAs as lineage-promoting factor appears to be determined from the original literature, but turns out to harbor controversies on closer inspection.
Careful selection of predicted effects could generate new testable hypotheses for experimental
assays.
After discrete modeling, we established quantitative models of the PU.1-GATA-1 lineage decision switch between the granulocyte-macrophage and the megakaryocyte-erythrocyte lineages,
respectively. We reviewed existing modeling studies and provided a new approach based on
known biochemical reactions and mass-action kinetics. Even for a regulatory circuit constituted
by only two players, the concrete mathematical implementation of regulatory interactions turned
out to be of major importance. Different modeling frameworks, input functions and assumptions
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create significantly different explanations for the lineage decision process. Our work identified
the cosuppressor pRB as a possibly important factor for the balancing of PU.1 and GATA-1.
Follow-up studies in quantitative modeling of this switch could concentrate on mechanistic details instead of implementing abstract input functions. The aim of such modeling approaches
should not be parameter fitting with respect to correct reflection of experimentally measured
time courses. Instead, the extraction of single, plausible hypothesis that are compatible with the
neglection of surrounding factors should be the major motivation.
Finally, we presented a novel image analysis pipeline for single-cell protein expression profiling
of the PU.1 transcription factor using a mouse model with a fluorescently tagged PU.1 peptide.
After describing the methodology of image analysis and quality control we discussed the results
of a single PU.1 movie containing images of differentiating MPPs over seven days. Precise
PU.1 measurements from FACS analysis were used to validate fold changes in the measured
fluorescence intensities. Upregulation from MPP towards GMP is well covered in the PU.1YFP image data. Low PU.1 values as for the MEP fraction, however, can currently not be
measured due to problems with autofluorescence in the experimental setup. The analysis of PU.1
levels over time proved that the cells tend to commit to the GM lineage and that the decision
probably takes places on day 2 and 3 of the experiment. Furthermore, we presented different
features of single-cell PU.1 expression, e.g. differential regulation over the cell cycle and an
apparent downregulation during macrophage maturation. Future improvements in experimental
techniques, image detection, processing algorithms and quality control promise high-quality PU.1
single-cell data for upcoming movies. The establishment of a GATA-1 fluorescently tagged mouse
model will allow to monitor the complete PU.1-GATA-1 regulatory circuit in living cells.
An important aspect in the analysis of regulatory processes nowadays is the influence of
microRNAs. This class of small, regulatory RNAs has been found to be essential in developmental
processes [35]. Recent studies focused on microRNA expression profiling [116, 68] or unraveled
very specific microRNA-target interactions involved in lineage stabilization [65]. Future works
will extend the set and clarify the role of microRNAs in hematopoietic stem cell lineage decision
and stabilization.
Population dynamics in hematopoietic development, i.e. the quantitative evolution of different lineages over time, has been subject to theoretical studies from early days of the field and still
receives constant attention [62, 39]. Such studies primarily focus on the underlying mechanisms
giving rise to certain cellular ’pedigrees’ (equivalent to the trees we saw in Chapter 4). The combination of our acquired knowledge about the regulatory interactions during differentiation with
the unique data we receive from single-cell imaging may lead to new mechanistical understanding
of lineage-specific blood cell abundances. In particular, the PU.1 protein expression values and
the FcgR signal as a sign for GM commitment will provide another level of detail in the light of
cell division trees. A further possibility of measuring the population dynamics of hematopoietic
cells would be a time-resoluted FACS experiment. By continuously measuring the amount of
different progenitor cells (MPPs, GMPs etc.) over time, we could get a clear picture of lineage
balances under in vitro conditions.
Another aspect that was not treated in this thesis are possible spatial regulatory effects due
to cell-cell signaling and the stem cell niche. As described in Chapter 1.3, these mechanisms
provide important means for the generation of heterogeneities in differentiating cells and might
lead to the ’tip’ into a certain lineage during maturation. Population-driven lineage decisions by
emergent, self-organizing cell pools would be a biologically reasonable and theoretically appealing
mechanism. Some studies into this direction exist but do not account for spatial effects (cf. e.g.
Nakajima and Kaneko [72]). We started the development of a two-dimensional, agent-based
cellular automaton for the investigation of coherent or incoherent lineage influence between cells
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(i.e. decided cells drive neighboring cells into the same or the opposite lineage). Eventually, this
approach has the potential to elucidate complementary facets of the differentiation process.
Stochasticity of dynamical systems is a feature not covered by the common, deterministic
modeling techniques. Molecular noise can be sufficient to drive a cell into a certain state [15],
e.g. from a stem cell state to a non self-renewing state or from an undecided state into a certain
lineage. Simulating random fluctuations in existing discrete or continuous models could yield
explanations for lineage decision without parameter changes or further influences. In addition,
such a framework could provide another evaluation criterion for quantitative models: For our
ODE systems, the attractor landscape of the state space was entirely neglected and we solely
focused on the stable steady states. In noisy systems, however, the stability of a steady state
might be compromised by a relatively small attractor basin. This sheds a new light on the
discussion of stability in quantitative biological systems.
The ultimate goal of theoretical and experimental research in the hematopoietic field is a
precise map of the mechanisms that regulate or dysregulate the production of blood cells. Instead
of phenomenological descriptions of the differentiation process, one has to seek for the precise
intracellular interactions driving this complex system. This would be of tremendous value for
both fundamental research and clinical practice in the treatment of leukemia and other bloodrelated diseases.
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Appendix A

References for the 55 factor
regulatory network
The following list provides PubMed IDs for all interactions in Figure 2.3.
+

PU.1 → PU.1:
−

PU.1 → GATA-1:
?

PU.1 → SCL:
−

PU.1 → GATA-2:
?

PU.1 → FLT-3:
+

PU.1 → GMCSF:
+

PU.1 → MCSF:
−

PU.1 → C-Kit:
+

PU.1 → FLI-1:
+

PU.1 → Egr-1:
+

PU.1 → Egr-2:
+

PU.1 → Nab-2:
+

PU.1 → mir-424:
+

PU.1 → EBF:
+

PU.1 → Id2:
+

PU.1 → C/EBPe:
−

GATA-1 → PU.1:
+

GATA-1 → GATA-1:
+

GATA-1 → FOG-1:
+

GATA-1 → NF-E2:
+

GATA-1 → SCL:
−

GATA-1 → GATA-2:
+

GATA-1 → RUNX1:
−

GATA-1 → STAT3:
+

GATA-1 → EpoR:
−

GATA-1 → C-Kit:
+

GATA-1 → FLI-1:
+

GATA-1 → EKLF:
+

GATA-1 → mir-144:
+

GATA-1 → mir-451:

10411939

−

FOG-1 → GATA-2:
−

10411939

FOG-1 → GATA-3:

16298389

C/EBPa → PU.1:

10411939

C/EBPa → C/EBPa:

15032574

C/EBPa → PAX5:

+
+

−
+

7565736

C/EBPa → GCSF:

10080908

C/EBPa → GMCSF:

+
+

15611261

C/EBPa → MCSF:

9858537

C/EBPa → Gfi-1:

16923394

C/EBPa → mir-223:

17116688

C/EBPa → C/EBPe:

+
+
+

+

16923394

SCL → NF-E2:

18056638

SCL → RUNX1:

+

+

16464566

SCL → C-Kit:

11869688

SCL → HEB:

17562868

SCL → E2a:

10411939

SCL → Notch1:

10411939

GATA-2 → PU.1:

14499119

GATA-2 → GATA-3:

10744751

GATA-2 → STAT3:

−
−
+

−
+

−
−

9786909

GATA-2 → Epo:
+

14695898

GATA-2 → EKLF:

17725493

SCA-1 → C-Kit:

15673499

FLT-3 → PU.1:

+

−
−

8585944

FLT-3 → C/EBPa:

16024808

FLT-3 → STAT3:

10523830

FLT-3 → GCSF:

8195185

FLT-3 → GMCSF:

+
+
+

+

18303114

FLT-3 → MCSF:

18303114

GATA-3 → PU.1:

−
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−

12432220

GATA-3 → C/EBPa:

15261525

GATA-3 → GATA-2:

18026136

GATA-3 → IL-3:

2006196

GATA-3 → Epo:

16407117

GATA-3 → IL-7R-alpha:

10080908

GATA-3 → Gfi-1:

7565736

PAX5 → PU.1:

9632776

PAX5 → FLT-3:

16923394

PAX5 → Aiolos:

16325577

PAX5 → EBF:

1793448

PAX5 → Notch1:

16763211

PAX5 → IRF8:

18184866

RUNX1 → PU.1:

+
+

−

−
+

−
−
+
+

−
+

?

−

12239153

RUNX1 → C/EBPa:

15193261

RUNX1 → GATA-3:

9507011

RUNX1 → IL-3:

17698635

RUNX1 → GMCSF:

10411939

RUNX1 → MCSF:

11283251

RUNX1 → IL-7R-alpha:

15673499

RUNX1 → cJun:

−
+

−
+
+
+

−

16684536

RUNX1 → mir-17-5p-20a:

18448565

RUNX1 → EBF:

15963860

RUNX1 → Bmi-1:

17356133

Ikaros → FLT-3:

+

−

?

+

16446383

Ikaros → Aiolos:

16418395

Ikaros → C-Kit:

16418395

Ikaros → IL-7R-alpha:

16418395

STAT3 → PU.1:

16418395

STAT3 → C/EBPa:

12027437

STAT3 → C/EBPb:

?
?

+
+
+

17088084
12217316
16174104
18202227
12027437
17272506
10688639
16618805
18209069
17101802
1247982
18209069
17994017
17894555
12835475
10023677
8545124
9632776
17646406
15156182
18771937
15361869
17823240
15032574
17383641
15032574
15032574
11889125
15664994
16014896
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STAT3 → Id2:
+

IL-3 → GATA-1:
+

IL-3 → STAT3:
−

IL-3 → EpoR:
?

IL-3 → cJun:
+

IL-3 → Egr-1:
+

IL-3 → C/EBPe:
+

GCSF → C/EBPa:
+

GCSF → GATA-3:
+

GCSF → STAT3:
+

GCSF → FLI-1:
+

GMCSF → PU.1:
+

GMCSF → STAT3:
+

GMCSF → IL-3:
+

GMCSF → Egr-1:
−

GMCSF → IRF8:
+

MCSF → STAT3:
+
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+

MCSF → Egr-2:
+

Epo → GATA-1:
+

Epo → SCL:
+

Epo → STAT3:
+

Epo → EpoR:
−

Epo → C-Kit:
+

Epo → cJun:
+

Epo → Egr-1:
+

EpoR → GATA-2:
+

EpoR → STAT3:
+

EpoR → Egr-1:
+

Elf1 → SCL:
?

Elf1 → GMCSF:
+

Elf1 → FLI-1:
+
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−

C-Kit → E2a:
−

IL-7R-alpha → PAX5:
−

IL-7R-alpha → EBF:
+

SP1 → GATA-1:
+

SP1 → GMCSF:
+
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+

SP1 → Epo:
+
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+

SP1 → C-Kit:
.
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+

SP1 → Egr-1:
+

15967790

cJun → PU.1:

9195960

cJun → GMCSF:

2844574

cJun → MCSF:

+
+

−

8395533

cJun → IL-7R-alpha:
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cJun → Egr-1:

+

−

15009071

cJun → Egr-2:
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cJun → C/EBPb:
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cJun → E2a:

+

−
+

15664994

cJun → RelB:
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FLI-1 → GATA-1:

+

+

12896880

FLI-1 → FLI-1:

9195960

FLI-1 → EKLF:

10379842

FLI-1 → Egr-1:

−
?

+

8530445

FLI-1 → LMO2:

18342552

EKLF → FLI-1:

−

+

8657134

Egr-1 → Nab-2:

17312150

Egr-1 → Gfi-1:

−
+

1864967

Egr-1 → Id2:

16204311

Egr-1 → Id3:

7744799

Egr-2 → cJun:

9195960

Egr-2 → Egr-1:

10995753

Egr-2 → Nab-2:

1374312

Egr-2 → C/EBPb:

+

−

−

−
+

−

7601253

Egr-2 → Gfi-1:

14636892

Nab-2 → Egr-2:

9419420

Nab-2 → Gfi-1:

−
−

−

17597020

NFI-A → mir-223:

18627790

C/EBPb → C/EBPa:

9786909

C/EBPb → cJun:

+

−

−

10780882

C/EBPb → RUNX2:

17606295

C/EBPb → Egr-2:

15994290

C/EBPb → EBF:

12482503

C/EBPb → Id2:

−
+

+

−

14532123

Gfi-1 → PU.1:
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Gfi-1 → C/EBPa:

18195733

Gfi-1 → GATA-3:

7811231

Gfi-1 → STAT3:

?

−
+

−

9819371

Gfi-1 → IL-7R-alpha:

14741200

Gfi-1 → Egr-1:

−

−

9642254

Gfi-1 → Egr-2:

12239153

Gfi-1 → Nab-2:

−

9109500

?

Gfi-1 → Gfi-1:

16888099

−

12446786

Gfi-1 → C/EBPe:

8524292

mir-223 → NFI-A:

9988737

mir-424 → NFI-A:

17442952

mir-17-5p-20a → RUNX1:

18281687

EBF → PU.1:

18490512

EBF → C/EBPa:

12215258

EBF → PAX5:

7862133

EBF → EBF:

−
−

−

−
+

+
+

−

17446175

EBF → Id2:

12556498

E2a → GATA-1:

17606295

E2a → FLT-3:

12556498

E2a → PAX5:

9010223

E2a → IL-7R-alpha:

15994290

E2a → Gfi-1:

12556498

E2a → EBF:

−
+

+

+

+

+

−

17641395

E2a → Tcf-1:

16923394

Notch1 → PU.1:

+

−

17631285

Notch1 → GATA-1:

17878368

Notch1 → GATA-2:

14757751

Notch1 → GATA-3:

18203138

Notch1 → MCSF:

18203138

Notch1 → cJun:

16054051

Notch1 → RUNX2:

16923394

Notch1 → EBF:

8668170

Notch1 → E2a:

16923394

Notch1 → RelB:

+

+

+

−
−
−
−
+

−

16325577

Id2 → PU.1:

15110775

Id2 → PAX5:

1289698

Id2 → E2a:

−

−

−

17579210

Id3 → E2a:

18396140

Bcl11a → PAX5:

17060461

Bcl11a → EBF:

15809228

IRF8 → PU.1:

17197705

IRF8 → EBF:

16888099

Tel → STAT3:

17272506

Tel → IL-3:

11060035

Tel → EpoR:

+
+

−
+

−
?

+

−

18390712

Tel → FLI-1:

16923394

Mll → GATA-3:

16923394

LMO2 → GATA-2:

16923394

+

?

17244686
18771937
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18176567
17060461
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17101802
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18941177
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Factors on the left hand side represent the regulators and factors on the top side are regulated.
+ = activation, - = inhibition, ? = unknown regulatory function. A regulatory interaction
is labeled unknown if no clear direction is stated in the respective paper. These interactions
were left out in the motif analysis. Examples: C/EBPα activates PU.1, PU.1 inhibits GATA-2,
RUNX1 inhibits C/EBPα etc.
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Appendix B

mRNA expression in the core
network

Figure B1: mRNA expression values (log scale) for all 10 transcription factors in the core network from the four expression profling studies from Chapter 2.1. (1) C/EBPα is expressed at
basal levels during early hematopoiesis and further upregulated during the CMP to GMP transition. (2) GATA-2 is also expressed in an early state and continuously downregulated during
maturation. As an erythroid player it still exhibits a higher value in the MegE lineage than
in the GM lineage. (3) PU.1 continuously increases from HSC/MPP over CMP to GMP. It is
significantly inhibited in the MegE lineage but not completely depleted. (4) GATA-1 is turned
off in HSCs and the lymphoid lineage and becomes initially upregulated in the CMP state. It
is further activated strongly in the MegE lineage and again repressed during GM commitment.
(5) FOG-1 is highly correlated with GATA-1, probably due to the direct activation of FOG-1 by
GATA-1. (6) EKLF is the major erythroid-promoting factor and thus continuously upregulated
over CMP, MEP and the erythrocyte monopotent progenitor. It is strongly repressed in the
megakaryocyte lineage relative to the MEP. (7) Fli-1, in contrast to EKLF, is not upregulated
during the CMP and MEP state and becomes initially activated during megakaryocyte lineage
commitment. (8) Gfi-1 promotes the granulocyte lineage and hence upregulated during the GMP
and granulocyte progenitor but strongly inhibited in the monocyte lineage. Furthermore, Gfi-1 is
upregulated in the HSC where it is known to preserve the self-renewing, quiescent state [43] (this
fact is not incorporated in our modeling approaches). (9) Egr-1 was chosen as a representative
for the monocyte-promoting TF group Egr-1, Egr-2 and Nab-2. It is primarily upregulated in
the monocyte lineage but also in HSC state. (10) NFI-A is sustained in CLP but downregulated in the myeloid and MegE lineage. The variation is not very large, probably due partially
to microRNA-mediated translational repression which shows little effect in mRNA expression
analysis.
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Appendix C

Graph-based proof of
monostability

Figure C1: Graph-based proof of monostability of the model presented in Section 3.6 based
on Craciun et al. [21]. The diagram shows a species-reaction graph for the molecular model
consisting only of autoactivation and heterodimer binding. Each circle represents a species and
each rectangle a reaction. Equally colored edges represent so-called c-pairs and indicate pairs of
edges that belong to the same side of a specific reaction. Decay reactions are excluded as they
create dead ends in the graph that are not contained in any cycles (see below). The theorem
of Craciun et al. is based on cycles in this graph. The system cannot exhibit multistability if
two necessary conditions are fulfilled: (1) Each cycle contains an odd number of c-pairs or each
arc has stochiometry 1. (2) No cycle with an even number of c-pair splits another c-pair, i.e.
the cycle contains only one of the two corresponding arcs. By computational examination of
the cycles in this graph we see that both conditions are fulfilled and thus the system is proven
to be monostable. For cooperative binding to the promotor, the first subcondition does not
hold. Note that the condition is necessary but not sufficient, i.e. we cannot say anything about
multistability for this case.
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Appendix D

Fluorescent beads quality control

Figure D1: Excerpt from a bead image. Each industrially-manufactured fluorescent bead should
have the same intensity. Five images were taken containing 8516 detected beads.
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Figure D2: Histogram of measured bead intensities. The distribution is narrow and nearly
symmetrical, indicating homogeneous fluorescence intensities for the beads.
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Figure D3: Spatial distribution of mean intensity values over the microscope field-of-view. Red
indicates a high intensity whereas blue stands for lower intensities. The diagram shows a significant intensity drop towards the border of the image caused by uneven illumination of the
fluorescence lamp. The effect appears to be rather independent of the vertical coordinate and
the horizontal center is around 800. This image is strikingly similar to Figure 4.3B, emphasizing
that foreground and background underlie the same spatial illumination effects.

Figure D4: Horizontal distance from x = 800 against measured intensities for all measured cells
(not beads) in the PU.1 movie. Regression lines are shown in black. The intensity drop towards
the border is small and thus the spatial effects appear to be neglectable for cell measurements.
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