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Zusammenfassung

Zelluläre Entscheidungen, wie z. B. die Differenzierung von T-Helferzellen (Th-Zellen) in
spezialisierte Effektorlinien, haben großen Einfluss auf die Spezifität von Immunreaktionen.
Solche Reaktionen sind das Ergebnis eines komplexen Zusammenspiels einzelner Zellen,
die über kleine Signalmoleküle, so genannte Zytokine, kommunizieren. Die hohe Anzahl
der Komponenten, sowie deren komplizierte und oft nichtlineare Interaktionen erschweren
dabei die Vorhersage, wie bestimmte zelluläre Reaktionen erzeugt werden. Aus diesem
Grund sind die globalen Auswirkungen der gezielten Beeinflussung einzelner Zellen oder
spezifischer Signalwege nur unzureichend verstanden. So wirken beispielsweise etablierte
Behandlungen von Autoimmunkrankheiten oft nur bei einem Teil der Patienten. Durch
Einzelzellmethoden wie Live-Cell-Imaging, Massenzytometrie und Einzelzellsequenzierung,
können Immunzellen heutzutage quantitativ auf mehreren Ebenen charakterisiert werden.
Diese Ansammlung quantitativer Daten erlaubt die Formulierung datengetriebener Modelle
zur Vorhersage von zellulären Entscheidungen, allerdings fehlen in vielen Fällen Methoden,
um die verschiedenen Daten auf geeignete Weise zu integrieren und zu annotieren.

In dieser Arbeit werden quantitative Arbeitsabläufe und Methoden vorgestellt, die es
ermöglichen, datengetriebene Modelle zur Entscheidungsfindung von Immunzellen zu for-
mulieren. Um dies zu erreichen, wird zunächst ein kinetisch hochaufgelöster Transkriptom-
Datensatz analysiert, der im Labor von Prof. Max Löhning erzeugt wurde. Die Experimente
untersuchen die Differenzierung von naiven Th-Zellen unter polarisierenden Bedingungen
in verschiedene Effektor-Untergruppen. Aus den Daten lassen sich Differenzierungsmu-
ster, Bifurkationspunkte und wichtige Signaltransduktionswege ableiten. Ein einzigartiges
Merkmal des Datensatzes ist die kinetische Charakterisierung eines hybriden Phänotyps
mit gemischten Effektormerkmalen. Mithilfe eines linearen Regressionsmodells wird die
Genexpression des hybriden Effektorzelltyps als lineare Kombination der Genexpression
konventioneller Effektorzellen ausgedrückt. Die Analyse ermöglicht somit neue Einblicke
in die regulatorische Natur und die Transkriptionslandschaft gemischter Zellphänotypen.

Neben Methoden zur Charakterisierung von Differenzierungskinetiken wird in dieser
Arbeit untersucht, wie quantitative Modellformulierungen für die Proliferation und Dif-
ferenzierung von Immunzellen abgeleitet werden können. Um dies zu erreichen, wird eine
bereits etablierte Modellierungsmethode namens Response-Time-Modeling (RTM) verwen-
det, die zelluläre Zustandsübergänge als Wartezeitverteilungen modelliert, aber auch eine
Formulierung als gewöhnliche Differentialgleichungen ermöglicht. Zunächst wird das Mo-
dell auf konzeptionelle Th-Zell-Netzwerke angewandt. Es zeigt sich, dass die Form der
Wartezeitverteilung die Modelldynamik beeinflusst, sobald zelluläre Entscheidungen durch
Feedback reguliert werden. Anschließend wird das Modell verwendet, um die Robustheit
von verschiedenen Mechanismen zur Regulation von Zellproliferation zu vergleichen. Die
Ergebnisse dieser Analyse zeigen, dass eine Kombination aus Interleukin (IL)-2-abhängigen



und unabhängigen Mechanismen robuste Th-Zell-Reaktionen in heterogenen Umgebungen
gewährleisten kann. Anschließend wird ein erweitertes Modell formuliert, welches Prolife-
ration und Differenzierung in mehrere Effektorlinien vereint. Zur Annotation des Modells
werden die kinetischen Th-Zell-Daten aus dem Labor von Prof. Max Löhning zusammen
mit verfügbaren kinetischen Literaturdaten zur Th-Zell-Differenzierung analysiert. Das an-
notierte Modell wird anschließend verwendet, um Th-Zell-Dynamiken in chronischen und
akuten Entzündungen vorherzusagen. Durch Modellperturbationen wird ein kritischer Ent-
scheidungszeitraum aufgedeckt, in dem Th-Zellen am anfälligsten für Manipulationen sind.
Die Modellanalyse wird durch einen Einzelzell-Sequenzierungsdatensatz von Th-Zellen er-
gänzt, die aus einem in vivo Mausmodell für akute und chronische Virusinfektionen stam-
men. Es zeigt sich, dass ein erweitertes Modell sowohl die Eigenschaften diskreter zellulärer
Übergänge als auch die für Einzelzelldaten typische Heterogenität erfasst.

Im letzten Teil dieser Arbeit wird das Überleben von Plasmazellen analysiert, indem
verfügbare Daten mit einem quantitativen Modell der Apoptose kombiniert werden. Dazu
wird die populationsbasierte Überlebenskinetik eines in vitro Plasmazellmodells mit Pro-
teinmessungen etablierter intrazellulärer Regulatoren der Plasmazellapoptose kombiniert,
die in Zusammenarbeit mit Dr. Chang erstellt wurden. Ausgehend von einem minimalen
Apoptosemodell wird das Modell schrittweise ausgebaut, um mögliche Modelltopologien
zu untersuchen, die in unterschiedlicher Weise den Einfluss von Überlebensfaktoren und
Effektorcaspasen berücksichtigen. Es zeigt sich, dass die Annahme einer nicht-additiven
Kombination von Überlebensfaktoren zusammen mit Regulation durch Caspaseeffekte er-
forderlich ist, um alle verfügbaren Daten zu erklären.

Zusammenfassend liefert diese Arbeit quantitative Modellformulierungen für die Ent-
scheidungsfindung von Zellen im Immunsystem mit dem Schwerpunkt auf Lymphozyten-
proliferation, -differenzierung und -tod. Kapitel 1 fasst das aktuelle Wissen über die biologi-
sche Regulation von Immunzell-Entscheidungen zusammen und gibt einen Überblick über
entsprechende Modellierungsansätze. Kapitel 2 stellt einen hochauflösenden kinetischen
Datensatz vor, der zur Charakterisierung der kinetischen Muster während der Differen-
zierung verwendet wird. Ausgehend von diesem Datensatz wird ein quantitatives Modell
der Th-Zell-Differenzierung und -Proliferation vorgestellt, welches die Dynamik von Th
Zellen, inklusiver chronischer Zellzustände, gut beschreibt (Kapitel 3). Das Modell wird
anschließend auf der Grundlage verfügbarer Einzelzell-Sequenzierungsdaten erweitert, um
die Heterogenität der einzelnen Th-Zell-Subtypen zu berücksichtigen (Kapitel 4). Schließ-
lich werden in Kapitel 5 die Modellierungsansätze von Th-Zellen auf B-Zellen und ihre dif-
ferenzierte Form, die Plasmazellen, ausgeweitet. In diesem Szenario wird die Regulierung
von Zelltod und -überleben mit Hilfe eines intrazellulären Apoptosemodells untersucht.



Summary

Cellular decisions, such as the differentiation of T helper (Th) cells into specialized effector
lineages, largely impact the direction of immune responses. Such population-level responses
are the result of a complex interplay of individual cells which communicate via small sig-
naling molecules called cytokines. The system’s complexity, stemming not only from the
number of components but also from their intricate and oftentimes non-linear interactions,
makes it difficult to develop intuition for how cellular responses are actually generated.
Not surprisingly, the global effects of targeting individual cells or specific signaling path-
ways through perturbations are poorly understood. For instance, common treatments of
autoimmune diseases often work for some patients, but not for others. Recently devel-
oped methods such as live-cell imaging, mass cytometry and single-cell sequencing now
enable quantitative characterization of individual immune cells. This accumulating wealth
of quantitative data has laid the basis to derive predictive, data-driven models of immune
cell behavior, but in many cases, methods to integrate and annotate the data in a way
suitable for model formulation are missing.

In this thesis, quantitative workflows and methods are introduced that allow to formu-
late data-driven models of immune cell decision-making. To achieve this, a high-resolution
transcriptome time-course data set is analyzed that was generated in the lab of Prof. Max
Löhning. The experiments follow differentiation of naive Th cells under polarizing condi-
tions into different effector subsets. The data are used to derive general kinetic patterns,
bifurcation points and regulatory pathways during differentiation into effector lineages.
A unique feature of the data set is the kinetic characterization of a hybrid phenotype
with mixed effector characteristics. Using a linear regression model, gene expression of
the hybrid effector state is expressed as a linear combination of gene expression of con-
ventional effector cells. The analysis reveals novel insights into the regulatory nature and
transcriptional landscape of mixed cellular phenotypes.

In addition to deriving methods for characterizing differentiation kinetics, this the-
sis investigates how to derive quantitative model formulations for immune cell prolifera-
tion and differentiation. To achieve this, a previously established modeling method called
response-time-modeling (RTM) is employed that models cellular state-transitions in terms
of interevent-time distributions but also allows a convenient formulation based on ordi-
nary differential equations. First, the framework is applied to investigate fate-decision
scenarios in conceptual Th cell differentiation circuits. It is found that the shape of the
interevent-time distributions affects model responses once decisions are regulated trough
feedback. Afterwards, the framework is applied to compare minimal models of regulated
cell proliferation. The findings from this analysis suggest that a combination of inter-
leukin (IL)-2-dependent and independent mechanisms can ensure robust responses even
in heterogeneous environments. Combining the proliferation model with differentiation



into multiple effector lineages, the model is applied to a viral infection scenario. For model
annotation, the kinetic Th cell data from the Löhning lab are analyzed together with avail-
able kinetic literature data sets of Th cell differentiation, to estimate statistical properties
of the interevent-time distributions. In silico perturbations pinpoint a critical decision
window in which Th cells are most susceptible to manipulation. The model analysis is
further supplemented by a single-cell sequencing data set of Th cells obtained from an in
vivo mouse model of acute and chronic viral infection which highlights the heterogeneity
found within established Th cell lineages. It is found that an extended fate-decision model
captures the properties of discrete cellular transitions as well as the phenotypic diversity
found in the single-cell data.

In the last part of this thesis, the life and death decisions of plasma cells are ana-
lyzed by combining available data with a quantitative model of apoptosis. To achieve this,
population-based survival kinetics of an in vitro plasma cell model are combined with pro-
tein measurements of established intracellular regulators of plasma cell apoptosis generated
in collaboration with Dr. Chang. Starting from a minimal model of apoptosis, the model
is further extended, to investigate potential model topologies in the presence of survival
factors and caspase regulation. It is found that assuming differential, rather than additive
combination of survival factors together with caspase signaling is required to explain all
available data.

In summary, this thesis provides quantitative model formulations for the decision-
making of cells in the immune system with a focus on lymphocyte proliferation, differentia-
tion and death. Chapter 1 summarizes current knowledge on the biological regulation of Th
cell decisions and provides an overview on corresponding modeling approaches. Chapter 2
presents a high-resolution kinetic data set that is used to characterize kinetic patterns dur-
ing differentiation. Building on this data set, a quantitative model of Th cell differentiation
and proliferation is introduced that combines parameter estimates from high-resolution in
vitro data with sparse ex vivo data from chronic inflammatory conditions (Chapter 3).
The model is further extended by incorporating intra-cellular gene expression data that
captures the heterogeneity observed in a single-cell sequencing data set characterizing Th
cells during chronic infection (Chapter 4). Finally, Chapter 5 extends the modeling efforts
from Th cells to B cells and their differentiated form, plasma cells. In this scenario, the
regulation of cell death and survival is further investigated by means of an intracellular
apoptosis model.
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1. Introduction

1.1 A theoretical perspective on cellular decision making

Biological systems can be viewed at from multiple angles and across different scales. A
single cell for example, representing the smallest form of a living system, may be defined
as a discrete unit based on which multi-cellular organisms are built. Alternatively, one
could think of the same cell as a set of smaller sub-units that are fully defined by their
respective physicochemical properties. The latter reasoning, that biological processes can
be explained based on the rules of physics and chemistry, has fostered molecular biological
research throughout the 20th century and has provided scientists with a complex and
detailed picture of a cell’s functional and structural organization [1].

However, to understand how individual components act in concert resulting in robust
biological systems is not possible by simply characterizing individual parts, especially when
the interactions are of a non-linear nature [2, 3]. One way of approaching such complex,
non-intuitive systems is to derive formal mathematical descriptions and to use simulation-
based tools to test hypotheses. Such approaches have been successful in metabolic control
theory, which allowed prediction of emergent properties in metabolic networks, consti-
tuting one of the cornerstones of systems biology [4, 5]. Similarly, mathematical models
have been successfully used to analyze generic properties of network motifs in feedback-
regulated genetic circuits, signal transduction networks and cellular interaction circuits,
often borrowing concepts from other disciplines such as electrical engineering [6–9].

High-throughput data enables quantitative modeling

Fueled by an increase in computational power and development of high-throughput tech-
nologies, it is now possible to measure and integrate all sorts of data at an ever-increasing
depth. Within this “omics era” of systems biology, single-cell data cannot only be measured
for different species such as proteins and mRNA simultaneously but also across different
scales such as time and space [10–12]. This rapid development in methods for data genera-
tion naturally raises the need for methods to validate, annotate, integrate and interpret the
data. For some questions, hypothesis-free approaches such as machine-learning have been
successfully employed, for example to infer network topologies and causal links [13–15].

1



1. Introduction

However, the full potential of systems approaches becomes apparent only when experi-
ment, data analysis and models are combined to derive testable predictions and generate
new, mechanistic insight [1, 16]. Indeed, the recent emergence of quantitative single-cell
data not only allows unsupervised approaches but also opens the door for deriving quan-
titative, large-scale mechanistic models. This requires the development of new workflows
and methods to handle the diversity of new data types that have recently emerged.

This thesis aims to investigate the interactions and dynamics of cells in the immune
system by combining data analysis with mathematical modeling. A particular focus will be
laid on the regulation of cellular decisions such as differentiation, proliferation and survival,
which requires a concept of cell state or cell “type”.

Intrapopulation heterogeneity challenges canonical cell phenotypes

Historically, the characterization of cells are based on morphological descriptions and thus
rather reflect a qualitative understanding of cellular behavior. Paul Ehrlich, one of the
founding fathers of immunology, was the first researcher to distinguish different types of
blood cells based on histological stainings [17]. This qualitative line of thought is still
reflected in the widespread use of methods such as flow cytometry, that, while not strictly
qualitative, is mostly used for categorical classification of immune cells [18]. However, newly
developed methods such as live-cell imaging, mass cytometry and single-cell sequencing
enable to characterize individual cells in terms of quantitative properties. Application
of these methods has revealed substantial heterogeneity within previously established cell
types, raising the question of what a cell phenotype represents and how to best describe
different cellular states [14,15,19].

Systems approaches have helped to derive formal and conceptual models of cell state.
An appealing visual metaphor is that of a cell represented as a ball on top of a mountain,
which, upon activation rolls, down towards a local valley. In this scenario, the local valleys
represent final differentiation states of the cell, i.e. the cell’s fate, whereas the cell’s state is
defined by the current position on the mountain-range. This landscape concept, originally
proposed by Waddington several decades ago, can also be applied to explain more recently
discovered differentiation phenomena [20]. For example, Waddington’s landscape idea
is in line with the existence of “intermediate” cell states [21], corresponding to a local
minimum between two global minima, even though to expand this concept further, a
multi-dimensional landscape would be needed [22]. Also, more heterogeneous cell subtypes
can be implemented into the landscape concept by assuming a more rugged landscape with
multiple ridges [23]. However, the landscape concept is not without flaws. For example,
it assumes reversibility, i.e. cells who have already adopted a fate, can re-transition into
another state. While this plasticity in cell fate has been reported in some closely related
immune cell types, it does not apply to most cell-fate-decisions [22, 24].

Employing a more formal perspective, the state of the cell as a representation of the
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cell’s gene regulatory network can be described as a dynamical system in which one or
more attractors constitute stable cell fates [25]. Within this conceptual framework, the
attractors are robust in the sense that a cell in any given state will converge towards an
attractor for different initial conditions that put the cell within the basin of attraction for
the respective attractor. The same concept can also be employed to explain heterogeneity
in single-cell experiments that can be seen as a representation of cell state including ex-
perimental and biological noise. In this case, cells that cluster in dimensional embeddings
like t-distributed stochastic neighbor embedding (t-SNE) and Uniform manifold approxi-
mation and projection (UMAP) represent clustering around the attractor. Analogous to
Waddington’s landscape, the attractors represent the potential valleys in which the ball
could eventually end up in. Thus, concepts from dynamical systems theory are useful for
understanding complex systems even in the “omics” era of biological research.

Intracellular and extracellular feedbacks stabilize cell decisions

If gene expression determines cell state, the question arises, how genes are turned on and
off in a controlled fashion. Moreover, in order to achieve stably differentiated cells, the
gene expression patterns controlling the particular phenotype must be stably maintained
over time, i.e. they should be irreversible [22]. In 1961 Jacob and Monod proposed the
idea that such irreversibility could be generated via feedback, an idea which was soon after
taken up by Goodwin and Griffith who applied dynamical systems theory to gene net-
works showing that oscillatory behavior as well as stable states could be achieved through
feedback-regulation [26–28]. Evidence for the relevance of feedback-induced bi-stability
in cellular fate-decisions was first found in experiments focusing on galactose-induction in
bacteria and in the lysis decision of phage λ and later also for the irreversible maturation
of Xenopus oocytes [29–31]. Following these findings, synthetic biological decision-circuits
were successfully designed, for example in the form of a genetic toggle-switch in Escherichia
Coli [32,33]. Other studies have focused on the role of feedbacks that allowed the controlled
emergence of different phenotypes in the presence of noise [34–38].

For individual immune cell types, several transcription factors have been identified that
may act as positive or negative regulators of multiple other genes. Expression of these so-
called master transcription factors enables the initiation and stabilization of gene expression
programs leading to differentiation of specialized cell subsets. The differentiation of T
helper (Th) cells into Th1 and Th2 cells with corresponding transcription factors T-bet
and GATA-3 represents a well-investigated example of such a fate-decision. However, other
cell types such as macrophages undergo similar differentiation processes into M1 and M2
subtypes [39].

In many cases, different immunological threats elicit immune responses which favor
the differentiation of one cell type over another. For example, Th1 cells induce cellular
responses by activating other cell types such as macrophages and Natural Killer (NK)
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cells, whereas Tfh cells promote antibody-mediated responses by helping B cells. In either
case, the fate-decisions of immune cells are highly regulated, which is often achieved by
both direct and indirect feedback regulation. Many transcription factors enhance their
own expression by directly binding to their respective gene locus in a multimeric fashion
thus acting as a non-linear positive feedback loop. Another common way of modulating
fate-decisions is via cytokine interactions. For example, different cytokines can induce
phosphorylation of Signal Transducers and Activators of Transcription (STATs), a group
of transcription factors involved in regulating differentiation of several immune cell types
[40, 41]. Besides positive auto-stabilization, transcription factors also have been shown to
cross-regulate each other via negative feedback. For example, the transcription factors T-
bet and GATA-3 mutually inhibit each other and at the same time exert positive feedback
on their own expression [42].

The study of non-linear dynamics has helped to explain how such differentiation cir-
cuits can induce stable fate-decisions. Considering the classic Th1/Th2 paradigm, an
early mathematical model by Mariani et al. showed how stable Th1 and Th2 pheno-
types can emerge through transcription factor cross-regulation (Figure 1.1 and [42]). The
equations, here reprinted for convenience, indicate transcription and translation of mRNA
into transcription factor proteins which in turn inhibit further mRNA transcription of the
antagonistic transcription factor:

dR1

dt
= vmax,1

(
K2

K2 + P2

)n2

− kR,1R1 (1.1)

dP1

dt
= kT,1R1 − kP,1P1 (1.2)

dR2

dt
= vmax,2

(
K1

K1 + P1

)n1

− kR,2R2 (1.3)

dP2

dt
= kT,2R2 − kP,2P2. (1.4)

Here, R1 and R2 represent mRNA of the two species with corresponding production terms
vmax,1 and vmax,2. P1 and P2 represent the transcription factors which are transcribed from
mRNA and degraded with rates kP,1 and kP,2. Cross-regulation occurs because P1 and P2

affect mRNA production by binding at the gene site of the antagonistic transcription factor
with dissociation constants K1 and K2 and with hill coefficient n, which for n > 1 indicates
multimeric binding of transcription factors.

The feedback effects in this two-cell system lead to two stable states, one with high P1

and low P2 expression and another with low P1 and high P2 expression, thus representing
a toggle-switch which is a common feature found not only in cell differentiation, but also
in other immune cell decision scenarios such as the regulation of cell survival [21,42,43,45,
46]. Beyond transcriptional regulation, other models have focused on the role of antigenic
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Figure 1.1 Model of cell-fate control via tran-
scriptional cross-regulation. R1 and R2 represent
mRNA which is transcribed with rates v1 and v2
and further translated into transcription factors
P1 and P2. In turn, the transcription factors in-
hibit the production of the mRNA in an antago-
nistic fashion. Additional modes leading to stable
cell fates include auto-activation and regulation
via cytokines [42–44]. Figure taken from [39].

stimulation and cytokine-mediated feedback for modeling immune cell differentiation [44,
47,48]. For example, work from Höfer and Heinrich has helped to explain auto-stabilization
of GATA-3, the transcription factor of Th2 cells, which was found to be mediated via both
GATA-3 and the cytokine interleukin (IL)-4 [43].

Extending these generic approaches with systems of at most two cell types, more com-
plex models of immune cell differentiation were proposed that either included additional
cell (sub)types or extended the intracellular signaling network to also include other signal
transducers such as STATs, as well as additional cytokines and cytokine receptor interac-
tions [49–51]. These models relied on Boolean formulations of the network [49] or were for-
mulated in terms of ordinary differential equations (ODE) without quantitative parameter
estimates [45]. Recently, more quantitative approaches have been employed, which com-
bined kinetic data with modeling smaller decision circuits of Th cell differentiation [52,53].
For example, Schulz et al. found that early interferon (IFN)-γ signals could induce the
transcription factor T-bet, thus inducing Th1 differentiation, while the cytokine IL-12 and
STAT4 signaling were required to maintain T-bet expression at later time points after ac-
tivation. [53]. Generally, however, there is still a lack of high-resolution kinetic data suited
to derive data-driven models of Th cell differentiation.

In summary, both qualitative and quantitative models have contributed to understand-
ing how stable cellular phenotypes can emerge. Such decisions can be stabilized via feed-
back both on the intracellular level (via transcription factors) and on the extracellular
level (via cytokines) [42, 45]. However, kinetic data sets with high resolution needed to
quantitatively describe immune cell dynamics are largely lacking.

Modeling lymphocyte proliferation and death

Alongside differentiation, cells proliferate and die in a dynamic fashion. A minimalistic
description of this process can be easily formulated as an ODE:

dN

dt
= (β − d)N, (1.5)
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for which the analytical solution is:

N(t) = N0e
(−(β−d)t), (1.6)

whereN represents the activated cell population and β and d represent the proliferation and
death rates respectively. As directly visible from Eq. 1.6, this system only allows for three
different qualitative behaviors. There is a stable state N∗ = N0 if d = β. Otherwise, for
β > d the cell population will grow to infinity or die off if β < d. Therefore, it follows that
to achieve more versatile behavior, one or both of the coefficients must be further regulated
as βn = f(a, b, ..) through some additional means of control. Precisely this reasoning has
led to the development of more complicated models that take into account the quantitative
and multi-factorial nature of immune cell proliferation [8,54,55]. Since antigen availability
is the dominant factor that enables T and B cell responses, early models adopted predator-
prey type formulations where cell proliferation, co-occurring with differentiation, depended
on the availability of antigen [56,57]. However, the dependence on antigen for proliferation
varies between different stages after cell activation [58], which led to models using different
assumptions on how swiftly and on which processes the antigen has an effect. In its most
simple form, the classic work by De Boer and Perelson using two ODEs suffices to describe
a T cell response including expansion and contraction [59]:

dN

dt
= βpf(t)N − (1− f(t))(dN +m))N (1.7)

dM

dt
= (1− f(t))(mN − dMM), (1.8)

where N is the number of effector T cells and M is the number of memory cells. The
function f(t) only considers antigen implicitly, using a simple on/off function, depending
on whether time after activation has exceeded a given threshold τ :

f(t) =

1, if t ≤ τ

0, otherwise.
(1.9)

New, label-based measurements using Carboxyfluorescein succinimidyl ester (CFSE) or
Bromodeoxyuridine (BrdU) stainings allowed tracking of cells over multiple generations.
This gave rise to the development of generation-based models. A prominent model incorpo-
rating such information was suggested by Gett and Hodgkin in 2000 [60]. By normalizing
each CFSE peak representing division round i for already undergone 2i divisions, they
found that T cell recruitment times to first division accounted for most of the observed
heterogeneity and were best described using non-exponential distributions. In contrast,
the division times of subsequent generations were more deterministic. Incorporating these
observations, the models described in [60] was used to derive the first quantitative param-
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eter estimates for lymphocyte division and death rates and have been adopted or extended
in multiple follow-up lymphocyte division models [55,61–64].

External signals modulate cell proliferation and survival

While many of the models mentioned above provided excellent fits to lymphocyte prolif-
eration dynamics, it is less well understood how the dynamics are affected by regulatory
elements such as nutrient availability, spatial constraints and modification via growth fac-
tors. Initially, it was believed that lymphocytes activation would be of a qualitative nature
resulting in “on” or “off” responses, but a new paradigm is emerging in which multiple
signals modulate the magnitude of lymphocyte responses in a quantitative fashion [58,65].
However, it is unclear how different signals ensure robust expansion throughout different
stages of activation. Moreover, while in vitro T and B cell activation and expansion was
shown to be well-described by simple rules of signal addition, it is unclear, if this holds
true in more complex physiological conditions, particularly during chronic infection [65].

For T cells, the cytokine IL-2 plays an essential role in maintaining proliferation but
can also affect the frequency of initially activated cells and cell survival [54,66,67]. Other
studies have highlighted the role of time-dependent mechanisms. The simplest form of
providing time-dependency of an external signal would be the downregulation of the cor-
responding receptor. Indeed, it could be shown that in T cells, the IL-2 receptor is only
transiently expressed after activation [67]. Other studies have suggested a role for antigenic
signaling and degradation of transcription factors in controlling T cell proliferation in a
time-dependent fashion [68,69]. The concept of a “timer” as a regulatory control mechanism
is not new: “Timers” (as well as “adders” and “sizers”) have been proposed as regulatory
modes of cell size homeostasis in unicellular organisms already over 30 years ago [70–72]. To
describe DC survival, a “timer” mechanism, mediated via the anti-apoptotic protein Bcl-2,
was proposed [73]. In T and B cells, the transcription factor Myc has been suggested to
be the elementary driver of proliferation and thus constituting a timer mechanism [68].

To provide a basis for a quantitative description of these processes, the concept of
“division destiny” was proposed as the number of divisions a T cell exhibits after activation
[58, 65, 68, 74]. Along those lines, cells that have received strong activation signals have a
greater division destiny than cells that have received weak activation signals. Some studies
have suggested that stimulatory signals received during initial activation are combined in
an additive fashion [65,75]. These models produced good descriptions of in vitro stimulated
T cell expansion, but it is unclear if the concept of additive signal integration suffices to
describe in vivo conditions.

Similar to proliferation, lymphocyte survival is highly regulated. A particular example
of this regulation can be found in plasma cells, a specialized form of differentiated B cells,
which can survive for decades in the bone marrow. Recently, two regulatory elements
were discovered that prolonged plasma cell survival substantially in an in vitro culturing
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linear chain

Si X2 Xα

Stochastic process ODE model

SjSi Sj

Figure 1.2 Formulation of a stochastic process as an ODE model based on the linear
chain trick. Model scheme for a state-transition from state Si to Sj where the interevent-time
distribution is well-described by a gamma-distribution γ(α, β). This process corresponds to a
reaction chain with α steps with exponentially-distributed interevent-times with rate parameter
β [88, 89].

system [76]. These factors, namely the protein A proliferation inducing ligand (APRIL)
and cell contact to the stromal cell line ST2, maintained plasma cells in vitro for several
days, whereas the absence of those factors resulted in rapid apoptosis [76,77].

The wiring and control properties of cellular networks that govern apoptosis remain
poorly understood, particularly in cell types with long lifespans such as plasma cells. One
well-studied pathway that regulates cellular longevity is the Bcl-2-associated X protein
(BAX)-dependent apoptosis pathway [78], which eventually leads to activation of effector
caspases. Both experiments and mathematical models have contributed to understanding
the complexity of the apoptotic network and the design principles which ultimately lead to
the apoptosis decision [79, 80]. For example, it could be shown that caspase activation in
single cells is rapid and irreversible [81,82], and that the apoptosis decision is well-described
by a bistable and reversible switch [46, 83–85]. However, it is less clear how the apoptosis
decision is affected by extracellular survival signals and in how far cell-type specific aspects
are captured by those modeling frameworks [77].

Modeling immune cell communication networks

As summarized in the previous paragraphs, there is already a tradition of using modeling
approaches to describe cell proliferation and differentiation. Despite such progress, mod-
eling of cellular interaction networks is still a challenge, because each cell in the network
again is comprised of a network of intracellular activities. Therefore, many models of im-
mune cell communication have focused on smaller sub-systems with only one cytokine, for
example the secretion and uptake of IL-2 by effector T cells and Tregs [67, 86, 87], or the
feedback effects of IFN-γ [53]. Generally, however, it is very difficult to obtain quantitative
estimates of all intracellular parameters that contribute to cellular responses. Given the
tight interplay of immune cells, this naturally raises the question how to build suitable
models that combine intracellular and intercellular signaling.

To model intracellular systems such as metabolic networks, signal transduction and
gene regulatory networks, ODE formulations have been very successful [4, 6, 84, 90, 91].
However, the dynamics of individual cells cannot be easily simulated using ODEs which
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describe population averages. To account for such single-cell interactions, one approach
is to describe individual state-transitions Si −→ Sj as a stochastic process, where, in-
stead of population-level reaction rates, transitions between individual events occur in a
given time interval with a distinct probability. In many applications, this process is as-
sumed to be Markovian, meaning that every new event is independent of events that have
happened in the past. A consequence of this memorylessness is that the interevent-time
distribution ψij(t) between state-transitions is an exponential distribution. In this case,
state-transitions can be efficiently simulated with the Gillespie algorithm, which has been
used successfully to model gene expression and biochemical signaling [38,92,93].

However, cellular reaction dynamics such as cytokine secretion and proliferation are
often not exponentially distributed, thus violating the Markovian assumption and requir-
ing approaches other than the Gillespie algorithm [94–96]. While such non-exponential
response-time-distributions can be described as a continuous-time stochastic process in
the form of integro-differential equations, the analysis of such equations is often difficult
both analytically and numerically [89]. However, a simpler model formulation is possible
when the interevent-time distribution ψij(t) can be described by a gamma distribution

γ(t;α, β, t) =
tα−1e−βtβα

(α− 1)!
, t > 0, α, β > 0, (1.10)

with integer-valued shape parameter α and rate parameter β (also known as Erlang dis-
tribution) [88]. In this case, the transition from Si to Sj can be described as a linear
reaction chain with α elements and reaction rate β, which is known as the “linear chain
trick” [88, 89]:

dSi
dt

= −βSi (1.11)

dxk
dt

= β(xk−1 − xk), x1 = Si, k = 2, 3, ..., α (1.12)

dSj
dt

= βxα. (1.13)

Recently, a modification of the linear chain trick has also been proposed to describe
cell proliferation with gamma-distributed interevent-times [97]:

dSi
dt

= β(2βxα − Si) (1.14)

dxk
dt

= β(xk−1 − xk), x1 = Si, k = 2, 3, ..., α. (1.15)

(1.16)

A comprehensive analysis of cellular reaction times revealed that many cellular dynam-
ics are well described by such single-peaked distributions [89]. Therefore, employment of
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the linear chain trick allows to construct complex models of cell-cell communication while
still being able to rely on the computational efficiency of ODE models. In this thesis, I will
use the linear chain trick to combine models of cell proliferation and differentiation based
on available response-time distributions.

1.2 Biological background

Innate and adaptive immunity

All organisms possess some form of protection that shields them from pathogenic threats
[98]. This protection can be more or less sophisticated depending on the organism and
could constitute a physical barrier or a more complex cellular defense-system equipped
with multiple layers of defensive machinery. In this thesis, the main focus will be laid
on the vertebrate immune system that comprises two branches, the innate and adaptive
immune system [98]. Cells of the innate immune system such as innate lymphoid cells
(ILCs), natural killer (NK) cells, macrophages and neutrophils (amongst others) can de-
tect pathogens via specialized pattern-recognition-receptors. These receptors can recognize
pathogen-associated molecular patterns, for instance bacterial peptides or lipopolysaccha-
rides as well as damaged host cells. After recognition, pathogens can be destroyed via
multiple mechanisms ranging from the secretion of proinflammatory substances to the di-
rect phagocytosis of pathogens [99]. Additionally, mucosal surfaces and physical barriers
such as skin tissue prevent entry to the host. While most organisms, including all meta-
zoans as well as plants, fungi and bacteria have some form of non-specific defense, adaptive
immunity is only found in vertebrates [100].

In addition to innate immune responses, the adaptive immune system can induce a
response tailored to the pathogenic threat. In contrast to cells of the innate immune
system, many of the cells of the adaptive immune system can differentiate into long-lasting
memory cells, enabling the recognition of previously faced pathogens [101]. Cells of the
adaptive immune systems are comprised of two types of lymphocytes, namely T cells and
B cells. Once activated, T and B cells start to proliferate and differentiate resulting in a
set of highly specialized immune cells. When the pathogen is cleared, the majority of the
effector population dies, but part of the cells forms a memory pool that can induce more
swift responses should the same pathogen be encountered again [102].

T and B cells are morphologically similar and reside in the same organs such as blood
and secondary lymphoid organs (SLOs) [98]. Additionally, both cell types express unique
antigen receptors that form a vast repertoire generated through somatic recombination
resulting in unique receptors for each cell [98]. However, the functional output generated
after activation is quite different. Activated B cells produce antibodies also known as
immunoglobulins that are specific to the encountered antigen [103]. B cells can differentiate
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into memory B cells or plasma cells (PCs) both of which can survive for decades in the
bone marrow and can provide long-lasting immunity [104]. In contrast, T cells do not
secrete antibodies but direct the immune response either by targeting cells directly or by
activating other immune cells. Two major types of T cells exist that can be distinguished
by expression of the surface markers CD4 and CD8. CD8+ T cells, also known as cytotoxic
T cells, are activated when antigen is presented on the surface of infected cells via a protein
complex called major histocompatibility complex (MHC) I [100]. Once activated, CD8+

T cells can release cytotoxins such as perforin or granzyme B that attack the infected cell.
In contrast, antigen presentation in Th cells occurs via the MHC II complex that is only
found on antigen-presenting cells (APCs) such as dendritic cells (DCs) or B cells. CD4+ T
cells, also known as T helper (Th) cells, secrete a diverse repertoire of cytokines depending
on the differentiation state which allows them to recruit and activate other immune cells.

In summary, the adaptive immune system provides two hallmark features: First, anti-
gen specificity is achieved through the unique recognition of antigen via T cell and B cell
receptors followed by the regulated expansion of highly specialized effector populations.
Second, memory cells form after pathogen clearance and allow fast and efficient responses
at subsequent encounters of the same antigen.

Th cells are central decision-makers in the immune system

Th cells are one of the key mediators that drive the direction of immune responses. Initially,
Th cells were thought to primarily activate and stimulate (i.e. to “help”) B cells, thus
promoting antibody-mediated immunity. However, a landmark study by Mosmann et al. in
1986 provided the first report for functionally distinct CD4+ T cell phenotypes which they
named Th1 and Th2 cells [105]. These two cell types showed a unique cytokine expression
profile, most notably the secretion of IFN-γ (Th1 cells) and IL-4 (Th2 cells). Th1 cells
were shown to be key regulators of cell-mediated immunity by activating CD8+ T cells and
macrophages, whereas Th2 cells were claimed to provide help to B cells, thereby promoting
antibody-mediated immunity. However, it is now established that another subset called
Tfh cells promotes direct help to B cells, whereas Th2-mediated responses are important for
regulating parasitic infections and allergic inflammation [106]. Besides the aforementioned
Th cell subsets, multiple other subsets have been discovered, most notably Th17 and
regulatory T (Treg) cells (Figure 1.3) [24].

In summary, the different Th cell lineages exhibit distinct functional characteristics
and have the capacity to drive immune responses to respond to a wide range of different
threats.
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Figure 1.3 Differentiation of CD4+ T cells into effector lineages. Each effector subtype
can be characterized by a distinct transcription factor and cytokine profile. The resulting effector
Th cells can direct immune responses to fight a wide range of pathogens. Differentiation towards
a specific lineage can be induced by providing combinatorial cytokine stimuli. Figure taken from
[107].

T cell fate-decisions are regulated on multiple levels

Except for Tfh cells, functional characteristics of all Th cell subsets can be generated in
vitro by activating naive Th cells while exposing them to a specific combination of cy-
tokines [75, 108]. For instance, cultivation with IL-12 and IFN-γ promotes naive Th cells
to differentiate into IFN-γ producing Th1 cells [109, 110]. Likewise, IL-4 promotes the
differentiation of Th2 cells [111, 112]. Notably, both IFN-γ and IL-4 are also secreted by
Th1 and Th2 cells respectively, opening up the possibility for positively affecting undif-
ferentiated cells. The Th cell differentiation program is accompanied by a change in the
transcriptional landscape which is largely governed by so-called master transcription fac-
tors and for each of the established Th cell subsets, such a master transcription factor has
been described [113–119].

Besides regulation via master transcription factors, several other regulatory mecha-
nisms contribute and stabilize Th cell phenotypes. First, additional regulators of tran-
scription, most prominently STAT-signaling has been associated with Th cell fate-decisions
[41,120–122]. Additionally, the chromatin landscape of transcription factors and cytokines
is epigenetically remodeled during differentiation. For example, under Th1 polarizing con-
ditions, T-bet binds to the Ifng locus thereby inducing histone modifications that allow
enhanced Ifng transcription [123–125]. This epigenetic imprinting allows effector cells to
maintain a distinct expression profile. Recent chromatin immunoprecipitation (ChIP)-Seq
studies have found multiple T-bet and GATA-3 targets silencing or promoting effector gene
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expression [126].

Immune cells exhibit plasticity and mixed phenotypes

Many immune responses favor the differentiation of one specific immune cell phenotype
[108]. For example, during acute viral infection between 80 and 90 % of Th cells differentiate
towards Th1 cells with the rest becoming Tfh cells [127]. However, an increasing body of
evidence has uncovered cellular phenotypes with features of more than one classic lineage,
thus challenging the paradigm of mutually exclusive master transcription factors [75,128–
130]. An early report of such mixed cell states came from Th1/2 cells that were shown
to secrete both IL-4 and IFN-γ [128, 129]. An intuitive explanation of this observation
was to assume that mixed phenotypes arose transiently during the differentiation process.
In such cases it was believed that first a primary upregulation of the effector program,
alongside metabolic initiation takes place. During this primary transition, the master
transcription factors coexist and neither one manages to outcompete the other. Eventually,
one transcriptional program wins the race and effector phenotypes diverge. A prominent
example is the transient coexpression of BCL-6 and T-bet, first observed in vitro but later
also confirmed in vivo via fate-mapping experiments in mice [131–134]. In the case of
Th1/2 cells, the phenotype is stable over time in vivo, indicating that master transcription
factors can coexist in a dynamic balance [129, 135]. However, it is still unclear whether
the transcriptional state of the hybrid Th1/2 cells reflects a superimposed transcriptional
program of Th1 and Th2 cells or whether these cells also exhibit unique transcriptional
characteristics.

Besides mixed phenotype characteristics, some differentiated cells still have the capacity
to change their phenotype when exposed to a new environment. CD4+ T cell subsets like
Tfh and Th17 cells seem to be quite fluid in the capacity to adopt characteristics of other
cell types depending on the environment [131, 132, 136, 137]. For example pre-committed
Treg cells can be converted to Th17 cells when exposed to Transforming Growth Factor
(TGF)-β and IL-6 [138]. The substantial heterogeneity within the Th cell differentiation
landscape has even challenged the view that Th cells should be separated into distinct sub
types with some researchers even proposing to use the term “effectorness gradient” or “T
cell cloud” [75, 130,139].

To summarize, Th cells represent central nodes in the immune cell communication
network. The differentiation of Th cells into specialized subtypes can induce a variety of
different responses based on activation of other immune cells. The differentiation process
is largely controlled by transcription factors unique to each lineage that are stabilized by
multiple feedback mechanisms. Beyond the conventional Th cell lineages such as Th1, Th2,
Tfh, Treg and Th17 cells, Th cells exhibit phenotypes with mixed effector characteristics.
However, at which times such mixed phenotypes emerge and how their transcriptional
architecture is regulated in comparison to conventional Th cells is subject to investigation.
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Chronic inflammation induces phenotype changes in T cells

Viral infections are typically controlled and successfully cleared without Th cell help after
7-14 days [140]. However, if a virus multiplies rapidly, a strong counter-immune-response
can lead to damage to the host’s own cells and organs. Downregulation of the immune
response then often leads to a long-lasting infection resulting in a dynamic equilibrium
in which the virus is not completely eliminated. In such cases, Th cells are essential for
viral clearance [141]. In mice, chronic infection can be induced using systemic infections
with high doses of lymphocytic choriomeningitis virus (LCMV), which cause longer-lasting
infections due to high antigen levels [142].

In chronic conditions with exposure to antigen over long time periods, T cells undergo
a phenotype alteration that is characterized by an upregulation of inhibitory markers such
as PD-1, LAG-3 and TIGIT which leads to reduced T cell receptor (TCR) signaling and
thus prevents overstimulation [143]. The cellular chronification process is accompanied
by reduced proliferation and attenuated expression of signature cytokines [144–147]. This
phenotype has often been called exhaustion - a nomenclature that emphasizes the reduced
effector functions of those cells [148]. However, the chronic T cell phenotype might re-
flect a cellular tradeoff-response to reduce risk of severe immunopathology in the face of
persistent antigen load. Moreover, in persisting antigen conditions, cells with functional
TCR signaling might also be at risk for activation-induced cell death (AICD) [149]. There-
fore, a new view has emerged that sees chronic cells as a necessary means for fighting
persistent viruses [148]. For example, chronic CD8+ T cells are critical in maintaining
a virus-host stalemate in vivo [143]. Still, there lies considerable therapeutic interest in
reversing the chronic phenotype to retain effector function. For example, blocking of the
PD-1 ligand (PD-L1) was shown to restore effector function of CD8+ T cells [150]. Re-
cently, the transcription factor TOX was identified as a driver of chronification in CD8+ T
cells, promoting the view of T cell exhaustion as an alternate fate-decision besides effector
and memory differentiation [149,151–153].

In the last decade, much work has been devoted towards characterizing the phenotype
of chronic CD8+ T cells [147,152–156]. It is becoming increasingly clear, that CD4+ T cells
exhibit a similar change in phenotype. Interestingly, while CD8+ T cells alone are sufficient
for viral clearance during acute viral infection, CD4+ T cells are crucial in providing help
to CD8+ T cells during chronic viral infection [141, 157, 158], emphasizing the need for
a better understanding of chronic CD4+ T cell responses. Like CD8+ T cells, chronic
CD4+ T cells exhibit strongly reduced expression effector cytokines such as IFN-γ, IL-2
and Tumor Necrosis Factor (TNF)-α and reduced proliferation [159].

Alongside the loss in effector function, chronic Th cells can secrete IL-10, an established
driver of viral persistence [160–162]. IL-10 expression has been shown to correlate with ex-
pression of the transcription factor Blimp-1, a known inducer of exhaustion and antagonist
of Bcl-6 [162–164]. These results were backed up by single-cell sequencing studies of mouse
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malaria infection showing that Il10 is most often coexpressed with Ifng, indicating a close
relation to Th1 cells. Moreover, trajectory analysis in these studies predicted IL-10+ Th
cells to directly branch off of Th1 cells in chronic infection [11,165].

A particular feature of chronic viral infection is the gradual accumulation of Tfh
cells [166]. By day 30 after infection, roughly two thirds of the Th cell population are Tfh
cells, thereby constituting the largest fraction within the Th cell compartment [166, 167].
However, it is not clear whether these cells retain full effector function and how the in-
creasing numbers of Tfh cells may contribute to clearing infection. On one hand, it has
been suggested that Tfh cells redirect the immune response away from potential immuno-
pathology induced by Th1 cells [106]. Tfh cells are also the main-producers of IL-21, a
cytokine that was shown to be critical for sustaining CD8+ responses during chronic vi-
ral infection [168–170]. Moreover, Tfh-supported B cell responses, i.e. the generation of
neutralizing antibodies, may further promote viral clearance [171]. On the other hand,
modulation of the T cells response to retain effective Th1 responses has for a long time
been suggested to promote viral clearance [106,162].

In summary, the chronification of the T cell phenotype during viral infection most
likely represents a unique but poorly understood differentiation program. This phenotype is
accompanied by a loss of typical effector function and may represent a strategy to withstand
long-lasting infection without causing immuno-pathology. However, a transition towards
a Tfh-like phenotype as well as the emergence of IL-10+ Th1 cells seem to be essential
components.

Antigen dosage and the local cytokine environment drive Th cell
phenotype changes in chronic inflammation

Which signals drive the overaccumulation of Tfh cells in chronic infection? The classic
paradigm of Th differentiation suggests that cytokine composition determines cell-fate.
In this model, TCR activation initiates proliferation and sets the stage to make the cells
susceptible to further modulation. However, a body of evidence has emerged in recent
years showing that antigen-mediated TCR signals can also affect cell-fate directly [155,166,
172–174]. For Tfh cells, many indicators point towards a strong role for TCR-mediated
fate-decisions. First, high antigen doses were shown to correlate with an increase in the
fraction of Tfh cells in the CD4+ T cell pool in acute infection [174]. Second, analysis of the
Tfh compartment revealed an increased fraction of cells with strong TCR binding affinity
[175]. Third, when differentiated Tfh cells are deprived of TCR stimulation, expression of
signature Tfh molecules is lost [166,174].

Besides the role of antigenic signaling, alterations in the cytokine milieu drive and
change the balance of CD4+ T cell phenotypes under chronic conditions [166, 167, 176].
One of the best-studied cytokines with significantly higher concentrations in chronic in-
fection is the anti-inflammatory cytokine IL-10 [160, 177]. IL-10 signaling reduces prolif-
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eration, attenuates effector function and suppresses T cell stimulation indirectly via DC
inhibition [161]. In chronic infection, abrogation of IL-10 helps to clear viral infection,
making it a promising candidate for therapeutic intervention [159, 177]. While IL-10 was
initially claimed to be a Th2 cytokine that primarily inhibited Th1 responses, it was later
established that IL-10 can be secreted by multiple cells, including Th1 cells [161]. In fact,
it was found that Th1 cells are the major producers of IL-10 during chronic viral infection
and that blocking Th1-derived IL-10 promotes viral clearance [166].

Another essential group of proinflammatory cytokines that largely impacts both overall
infection dynamics and CD4+ T cell phenotype are type I interferons (IFN-I). Within
hours after infection, IFN-I secretion is transiently secreted by multiple immune cells with
concentrations declining after two days of infection [178]. In chronic infection, the IFN-I
response is significantly elevated, most-likely due to increased activity of plasmacytoid DC
(pDC) [140]. Generally, CD4+ T cells maintain an elevated IFN-I expression signature
throughout the course of chronic infection [106, 179, 180]. In CD4+ T cells, IFN-I signals
via STAT-1 and thereby promotes Th1 differentiation [181]. However, this situation is
confounded by multiple indirect signaling mechanisms. For instance, IFN-I can induce
both IL-10 and IL-6 secretion in APCs, which might skew differentiation away from the
Th1 phenotype [127,182]. Notably, IFN-I blockade has been shown to help viral clearance,
emphasizing the dual role of IFN-I both in immunosuppression and inflammation [178,180].

In summary, both antigen effects and multiple cytokines are involved in regulating the
Th cell phenotype during chronic viral infection. In particular, the transition towards
Tfh cells may be largely influenced by antigenic signaling. The combination of antigen
and cytokines factors exerting both direct and indirect effects on the Th cells results in a
dynamic decision-circuit with multiple layers of regulation.

T cells integrate multiple cues to ensure robust expansion and
contraction

When a T cell encounters antigen with appropriate costimulatory signals it will start
to proliferate rapidly (Figure 1.4). This process is called the expansion phase and it is
mostly independent of further stimulation [58]. The time until T cells undergo their first
division takes on average 24-48 hours while subsequent divisions are much faster (around 8-
10 hours for CD8+ T cells and 10-12 hours for CD4+ T cells) [60–62,95,183]. Alongside the
proliferative response, some cells differentiate into long-lasting memory cells while others
become fully differentiated effector cells [24]. Similar to other cell types, the terminal
differentiation coincides with a loss in proliferative capacity [11]. The memory cells reduce
proliferation to a minimum and the effector cells die off, once the antigenic stimulus has
been removed. In the case of chronic antigenic stimulation, effector cells may also undergo
AICD or they may escape this fate by upregulating inhibitory receptors and adopt a
chronic cell phenotype with reduced proliferative potential. In both cases, the risk of an
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Figure 1.4 T cell proliferation and contraction. Upon antigen encounter and reception of
appropriate co-stimulatory signals, T cells undergo several divisions alongside the differentiation
process. Cell proliferation seizes when antigen is cleared. At this stage, the majority of the cells
dies off, but a small pool of memory cells remains, allowing rapid responses if the same antigen is
encountered again. Figure taken from [184].

overshooting immune response is minimized.

According to the classic theory of T cell activation, the activation response is of a qual-
itative nature: Provided that sufficient TCR triggering occurs together with appropriate
costimulation by APCs, the T cells will get activated and start to proliferate. However,
a new paradigm is emerging in which multiple signals modulate the magnitude of the T
cell response in a quantitative fashion [58, 65]. Such signal modulation can occur both
during primary activation and as an ongoing process. For instance, the cytokine IL-2 plays
an essential role in maintaining proliferation but can also affect the frequency of initially
activated cells and cell survival [54,66,67]. IL-2 is expressed by CD4+ T cells within hours
after activation and taken up via the IL-2 receptor (IL-2r)α, also known as CD25 [185].
Around 48 hours after activation, the cells downregulate IL-2rα thus becoming unrespon-
sive to IL-2 stimulation [67]. The dynamics of IL-2 are further confounded by the role of
Tregs which can buffer immune responses through IL-2 consumption thus limiting the pool
of available IL-2 for effector responses [86,87,186].

Besides IL-2 signaling, the quality of the TCR-ligand interaction has pronounced ef-
fects on the T cell response, leading to strong inter-clonal variation in proliferative ca-
pacity [65, 74, 187]. Yet, cells with identical TCRs activated under similar conditions still
exhibit different proliferative capacities, indicating that stochastic events and further signal
modification combine into a complex net proliferation outcome [188]. Interestingly, even
very weak TCR signals can induce primary proliferation, but stronger TCR signals seem
to result in sustained expansion [189].

Taken together, antigen, cytokine and time effects coordinate T cell expansion in a
quantitative fashion and to different extends depending on the differentiation state and
activation history. However, it remains unclear how the cell’s division destiny is affected
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by different signals, and to which extend these signals ensure robust proliferation outcomes.

Long-lived plasma cells ensure long-lasting antibody-mediated immunity

Besides the cell-mediated immune responses, another important branch of adaptive im-
munity are responses mediated via antibodies. Such responses are induced by activated
B cells which can differentiate into antibody-producing plasmablasts or enter the process
of affinity maturation in germinal centers [98]. After activation, B cells can adopt two
distinct fates: a small fraction of the activated cells differentiates into memory B cells,
functioning as part of the immunological memory. The larger part, however, differentiates
into highly specialized plasma cells, producing antibodies tailored to the invading antigen.
Those plasma cells usually have a lifespan of about five days [190]. However, some of these
plasma cells differentiate into long-lived plasma cells.

Long-lived plasma cells surviving in the bone marrow do not differentiate and proliferate
but maintain constant antibody production [190]. Initially, it was assumed that long-lived
plasma cells would only live for a few weeks to a few months, but now it is assumed that the
lifespan is in the order of decades [103, 104]. The nature, composition and functioning of
how external factors maintain plasma cell survival signals is subject of current research [76].
Recent data from an in vitro culturing system indicate that the protein APRIL as well as
cell contact with mesenchymal stromal cells is required to maintain plasma cell survival in
their bone marrow niche [76]. However, it is poorly understood how the signals transmitted
via these factors are integrated on the intracellular level to regulate programmed cell death,
a process also known as apoptosis.

The intracellular networks governing apoptosis comprise a cascade of signaling events
which eventually induces the activation of effector caspases. One well established process
how caspase activation occurs is via release of cytochrome c from mitochondria. Cy-
tochrome c is released via an apoptotic pore which is formed upon oligomerization of the
pro-apoptotic regulators BAX and BCL-2-antagonist/killer 1 (BAK), which localize to the
cytosol and the outer mitochondrial membrane [78]. Various protein members of the BCL-
2-family regulate the oligomerization of BAX and BAK and thus exert critical functions
during apoptosis. These proteins can be grouped into pro- and anti-apoptotic regulators
which co-localize with BAX and BAK at the mitochondria. The anti-apoptotic proteins
B-cell lymphoma 2 (BCL-2) and myeloid cell leukemia 1 (MCL-1) can bind to BAX and
BAK, thus preventing apoptotic pore formation. In turn, pro-apoptotic proteins Bcl-2-like
protein 11 (BIM), and NOXA, can bind to and thereby neutralize BCL-2 and MCL-1.
Thus, the ratio of pro- and anti-apoptotic proteins is an important regulator of the apop-
tosis decision [191]. In plasma cells, the expression of both anti-apoptotic proteins BCL-2
and MCL-1 was shown to be upregulated. While MCL-1 was shown to be essential for
plasma cell survival, BCL-2 seems to be dispensable [192].

Despite the fact that many of the regulators of apoptosis have been defined and mod-
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eled, it is unclear how extracellular survival signals are integrated on the intracellular level
to achieve the long lifetimes of plasma cells. In particular, the question how inhibition of
caspase activation, achieved via APRIL and ST2 cells is modulated via the BCL-2 network
remains poorly understood.

1.3 Research aims

The overall aim of this thesis is to provide quantitative methods and workflows to dissect
cellular decision-making in the immune system.

A still unresolved question in Th cell differentiation is how and when the complex
interplay of different regulatory elements induces transcriptional differences between effec-
tor subtypes over time. This problem has been exacerbated by the limited availability of
kinetic data, which are difficult to obtain experimentally because of small cell numbers
occurring in vivo especially at early time points. Therefore, a first aim of this thesis will
be to derive data-based workflows for analyzing the transcriptional architecture of kinetic
cell differentiation data. To achieve this, a high-resolution time-course data set (generated
in the lab of Prof. M. Löhning, DRFZ) of in vitro activated Th cells exposed to different
polarizing conditions will be analyzed to extract kinetic patterns, fate-bifurcation points
and to investigate important intracellular regulators of Th cell differentiation (Chapter 2).

In addition to characterizing kinetic patterns and regulatory elements of cell differentia-
tion, this thesis aims at providing a framework that enables the formulation of data-driven
models of cell differentiation and proliferation. A particular challenge in this context is that
cellular responses are the result of complex intracellular processes. While many of the cor-
responding pathways are being uncovered, quantitative estimates of all intracellular signals
resulting in a fate-decision are lacking, requiring alternative modeling approaches. Often,
such cellular responses do not depend on a single rate-limiting step, resulting in reaction
dynamics that are not well-described by traditional rate-equation models. To approach
this problem, response-time modeling [89] will be employed to combine cell proliferation
and differentiation circuits. Based on the established framework, the effect of considering
non-exponentially interevent-time distributions in feedback-regulated cell differentiation
circuits will be investigated.

Another important feature of lymphocyte responses is the differential regulation of
proliferation over time. While many factors such as IL-2 and antigen availability have
been found to modulate proliferation, it remains poorly understood how these regulatory
modules affect robustness and sensitivity of the response. To investigate this problem, the
established response-time modeling framework will be applied to compare different modes
of proliferation control with respect to their robustness.

For Th cells, many of the in vivo discovered lineages can be recovered in vitro and the
corresponding signals driving the differentiation process, such as cytokines and antigen, are
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well-investigated. However, the Th cell phenotype transition from acute to chronic infection
and the accompanied loss in proliferative capacity is poorly understood. Therefore, a next
aim of this thesis will be to develop a data-driven model of CD4+ T cell fate-decisions in
the context of acute and chronic inflammation, building on the established proliferation
model (Chapter 3). Once a working model is established, another aim will be to derive
which components of the Th cell response are most crucial in maintaining and regulating
the decision-process and how the balance between different Th cell lineages is regulated
during onset and maintenance of chronic inflammation. Additionally, annotation of the full
model should allow to compare different model parameterizations and to predict optimal
timing windows for cytokine blockade of the decision-process.

A particular challenge in understanding cellular fate-decisions is the heterogeneity ob-
served in recently generated single-cell data sets. It is unclear, if cell states are best-
described as a continuous cloud or if heterogeneous phenotypes observed in single-cell data
sets merely represent a transient and noisy reflection of distinct cell states. To approach
this question, another aim of this thesis will be to extend the black-box model for Th
cell differentiation to comprise intracellular gene expression allowing direct comparison of
fate-specific model outputs with single-cell gene expression data (Chapter 4).

The last part of this thesis investigates cellular decision-making of B cells, a lymphocyte
of the adaptive immune system with similar expansion kinetics to T cells (Chapter 5).
Differentiated B cells, called plasma cells can survive for decades in the bone marrow and
secrete antibodies, providing long-term immunity [104]. Recently, it was demonstrated that
provision of two signals, (i) A proliferation inducing ligand (APRIL) and (ii) cell contact the
stromal cell line (ST2) maintains the survival of plasma cells in vitro. However, how these
signals are combined and integrated with downstream signals to make a decision to die or
not to die, remains unclear. An aim of this thesis will be to develop a model that integrates
APRIL and ST2 signals into the apoptosis decision process. To this end, provided data of
intracellular apoptosis markers from the lab of Dr. Chang will be combined with previously
published population-level plasma cell survival data [76]. Thus, the aim will be to reconcile
the two data sets using mathematical models in combination with the prior knowledge of
the apoptosis system in plasma cells. In particular, the role of caspases 3, 7 and 12 and
the BAX/BCL-2 network will be addressed, which are known mediators of apoptosis and
which have been shown to be regulated by APRIL and ST2.
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2. A high-resolution temporal differ-
entiation atlas of Th cell transcrip-
tomes

The content of this chapter is based on a manuscript that is currently in revision. A
preprint is available at:
P. Burt*, M. Peine*, C. Peine, Z. Borek, S. Serve, A. N. Hegazy, T. Höfer, M. Löhning, K.
Thurley (2022). High-resolution kinetic gene expression analysis of Th cell differentiation
reveals a STAT-dependent unique transcriptional program in Th1/2 hybrid cells. *equal
contribution. bioRχiv.
P. Burt, Z. Borek, and S. Serve performed statistical gene expression analysis, supervised
by K. Thurley; M. Peine and C. Peine carried out all experimental work, supervised by
M. Löhning; A. N. Hegazy analyzed flow cytometry data. M. Flossdorf, A. N. Hegazy, T.
Höfer, M. Löhning and K. Thurley designed research. P. Burt and K. Thurley wrote the
paper with input from C. Peine, A. N. Hegazy and M. Löhning. All authors have read and
agreed to the submitted version of the manuscript.

2.1 Introduction

The differentiation of CD4+ T helper (Th) cells into effector cell lineages associated with
specific immunological functions is a critical event at the onset of an immune response. Indi-
vidual Th cell lineages such as Th1 and Th2 cells can be discriminated by expression of the
master-regulator transcription factors T-bet and GATA-3, and by production of signature
cytokines such as IFN-γ and IL-4, respectively [24, 193]. The differentiation process from
naive Th cells into the various effector cell lineages spans multiple days, and the underlying
transcriptional network governing the decision processes changes dynamically throughout
differentiation [193–195]. The gene-regulatory networks for Th cell subset-specific differen-
tiation are quite complex and can be modulated by cell-cell interactions [196]. Th cell phe-
notypes are not limited to the canonical Thx phenotypes (Th1, Th2, Th17,amongst others),
but also include stable hybrid forms such as Th1/2 cells, which co-express T-bet and GATA-
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3 as well as IFN-γ and IL-4 [75,128,129]. In previous studies, combining experimental work
with mathematical methods has been a successful approach to gain quantitative insights
into Th cell dynamics and decision-making [53, 54, 86, 87, 197, 198]. Notably, it was found
that although signal integration via cytokines is transient and stochastic [52, 199], the re-
sulting decisions regarding the generation of T cell phenotypes, including selective cytokine
secretion, are remarkably stable even in quantitative terms at the single-cell level [197].
Nevertheless, assessing the complex interplay of different regulatory elements shaping the
phenotypic Th cell landscape has been exacerbated by the limited availability of kinetic
data, which are difficult to obtain experimentally because of small cell numbers occur-
ring in vivo especially at early time points. Indeed, experimental and theoretical studies
have underlined the value of time-course information for the quantitative understanding of
dynamic processes such as T cell differentiation [11,89,96,195,200–202].

A still unresolved question in Th cell differentiation is the lineage identity of mixed or
altered Th cell phenotypes such as Th1/2 hybrid cells. Those cells stably co-producing
T-bet and GATA-3 have initially been discovered to arise in mouse models of parasite in-
fections [129], their development was successfully recapitulated in vitro [129,199], and they
are a common observation in recently available single-cell phenotyping data sets [75, 203].
Other non-conventional Th cells comprise Tfh-like PD-1hiCXCR5-, ‘peripheral helper’ T
cells in rheumatoid arthritis [204]), and Th17 cells in a ‘poised type 2 state’ in the context
of tissue injury [205]. How do such hybrid or altered Th cell lineages relate to the conven-
tional Thx lineages? In particular, do hybrid cells result from mixed or superimposed gene
expression programs of two or more conventional lineages, for instance as a combination
of genes driven by T-bet and GATA-3 transcription factors in the case of Th1/2 hybrid
cells? Or do they rather evolve toward independent gene expression programs during
differentiation?

To address such specific questions, and to derive a comprehensive picture of transcrip-
tional dynamics during Th cell differentiation, a high-resolution kinetic analysis of gene
expression changes was performed with a 3 hour time interval for the very first time points.
Th cell differentiation into Th1 and Th2 cells was followed, complemented by Th0 con-
ditions and a Th1/2 hybrid phenotype, each in two independent kinetic transcriptomics
experiments. A quantitative workflow was developed to carefully characterize the temporal
expression patterns of kinetic genes, and to analyze differences between cell types arising
in the kinetic transcriptional program. The analysis revealed a critical lineage bifurcation
point at 24 hours after antigen stimulation. Notably, a set of genes was identified that
showed independent behavior in the Th1/2 hybrid cells and was under direct control of
STAT1/4 rather than following T-bet– or GATA-3–dependent transcriptional programs.

22



2. A high-resolution temporal differentiation atlas of Th cell transcriptomes

2.2 High-resolution kinetic gene expression analysis reveals
a critical bifurcation point early during differentiation

Previous experiments have shown that Th cells can exhibit distinct and mixed phenotypes
based on the combination of polarizing cytokine signals. Here, we used an established in
vitro protocol combining T cell receptor (TCR) stimulation and polarizing cytokines to
induce Th cell differentiation towards Th1, Th2 and Th1/2 hybrid cells, supplemented
by a Th0 condition with TCR stimulation and blocking antibodies for IFN-γ, IL-12 and
IL-4 (Figure 2.1A) [129]. The obtained Th cell lineages were analyzed by flow cytometry,
indicating lineage-specific expression profiles of key cytokines and transcription factors, as
expected (Figure 2.1B and Figure A.1). In particular, Th1 cells showed a dominant T-bet
and IFN-γ expression profile, Th2 cells showed GATA-3 and IL-4 expression, and Th1/2
hybrid cells showed a mixed phenotype. Th cell transcriptomes were obtained at 10 time
points over a time-course of 120 hours, the first three time points in 3 hour intervals. Two
independent experiments were performed, with very similar overall data quality and gene
expression kinetics. For many genes, that are known to have an important role in Th
cell differentiation, we observed strong up- or down-regulation within the time window of
the experiment in a cell-type specific manner (Figure 2.1C, Figure A.2A). As expected,
genes of the well-known Th1 and Th2 signature cytokines and transcription factors, Tbx21,
Gata3, Ifng, Il4, showed a cell-type specific early response in the corresponding polarizing
conditions (Figure 2.1D). Further, the hybrid Th1/2 phenotype featured elevated expres-
sion levels of both Tbx21 and Gata3, while Th0 cells showed Tbx21 dynamics similar to
Th2 cells and Gata3 dynamics similar to Th1 cells.

To derive a first overview on general characteristics of the obtained data, we performed
principal component analysis (PCA) and hierarchical clustering (Figure 2.1E, Figure A.2B
and C). Differences between the analyzed cell types increased gradually, and time was
the variable accounting for most of the variance (Figure 2.1E). That is in line with our
result of 3.944 out of 12.479 expressed genes being identified as kinetic by a combination
of statistical tests (cf. Methods, Section 2.6) (Figure 2.1F). Next, to analyze the kinetics
of cell differentiation, we removed all genes that were highly correlated across all 4 subsets
from the data set (Figure A.2D). In a PCA on that reduced data set, differences between
cell fates were far more pronounced than in the original data set (Figure 2.1G). The dif-
ferences between cell fates started increasing after approximately 24 hours and reached a
stable maximum at d̃ay 3, which was consistent across all first four principle components
(Figure A.2E). Intriguingly, the Th1/2 hybrid cell type showed a deviating transient be-
havior in higher-order principle components (Figure A.2E), already pointing to qualitative
differences in the regulation of a fraction of genes that we shall explore in more detail
below.

In summary, our explorative analysis of kinetic gene expression during Th cell differ-
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entiation revealed a bifurcation between individual cell types between day 1 and day 3,
suggesting a critical time window for Th cell differentiation around day 1 after TCR stim-
ulation.

2.3 Early Th cell differentiation features three major
patterns of kinetic gene expression

Having obtained an overview about the global transcriptomic changes during Th cell dif-
ferentiation, we wanted to analyze genes with significant changes over time in more detail.
For this purpose, we used the established MasigPro [206] software package to cluster the
kinetic genes of each subset (Figure 2.2A, cf. Methods, Section 2.6). Our analysis identified
three dominating temporal patterns or kinetic clusters (Figure 2.2B-D, Figure A.3A-D):
fast and transient up-regulation (C1), delayed and stable up-regulation (C2), and stable
down-regulation (C3). The three kinetic clusters occurred in comparable abundance across
all cell types, cluster C1 occurring with slightly lower frequency compared to clusters C2
and C3 (Figure 2.2C). Many well-known Th1 and Th2 cell fate-inducing genes were iden-
tified as kinetic, and were associated with kinetic clusters in a cell-type specific manner
(Figure 2.2D). In contrast, genes associated with other Th cell lineages such as Rorc and
Il17a (Th17) or Pdcd1 (Tfh) did not show a significant kinetic response according to our
criteria. Finally, we performed pathway overrepresentation analysis for the kinetic genes
associated to each cluster (Figure 2.2E, Table C.1). We found that the stably up-regulated
dynamics of cluster C2 were strongly associated with cell-cycle activity and metabolism,
while the transient dynamics of cluster C1 showed enrichment for regulation of transcrip-
tion and translation. Moreover, we identified early responses for type I interferons and
IL-2 signaling in cluster C2, while other immune cell-related signaling activity was found
throughout all clusters including the down-regulated genes in cluster C3.

2.4 A refined selection procedure identifies quantitative and
qualitative differences in kinetic gene expression
between Th cell subtypes

Based on the described set of kinetic genes, we next analyzed differences in the dynam-
ics between cell types. To this end, we used a combination of the kinetic differentially
expressed genes (DEG) as derived from the Masigpro workflow (quantitative DEG) in
combination with an additional filtering step to exclude genes with strong pairwise corre-
lation over time (qualitative DEG) (Figure 2.3A). The latter approach allowed us to select
genes that not only show distinct expression levels over several time points, but also show
dissimilar trends over time (Figure 2.3B). This approach is analogous to a “Volcano plot”
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Figure 2.1 A high-resolution time course of Th cell differentiation. (A) Experimental setup. Th
cell subsets were induced by polarizing signals in vitro, and gene expression profiles were obtained
at 10 time points between 0 and 120 hours after activation. (B) Flow-cytometric characterization of
Th cell subsets 120 hours after activation with polarizing conditions as described in (A). Normalized
geometric mean indices for T-bet and GATA-3 expression are shown. Geometric mean intensities
for IFN-γ and IL-4 positive cells are indicated in bold. (C) Gene-expression profiles of four groups
of genes (top to bottom): Th1-related, Th2-related, Tfh and Th17-related, and other important Th
cell-related genes. (D) Kinetics of master regulator transcription factors and signature cytokines
for individual CD4+ T cell subsets. Shown are normalized expression intensities as fold-change
relative to the first measured time point (0h). (E) Principal component (PC) analysis of the
differentiation time course. Cell subsets are indicated by marker shape. Time of measurement is
indicated by color. (F) Numbers and overlap of kinetic genes between cell subsets. (G) Evolution
of PC1 over time. Genes with high correlation between subsets were removed (bottom) or kept for
comparison (top).
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Figure 2.2 Early Th cell differentiation features three major patterns of kinetic gene
expression. (A) Expression heatmap for kinetic genes. (B) Normalized expression kinetics of the
three identified kinetic gene expression clusters, shown as averages over all genes and all cell types
contained in each cluster. (C) Quantification of the numbers of identified kinetic genes across cell
types within each kinetic cluster. (D) Gene classification as non-kinetic or kinetic incl. cluster
association, for the four groups of Th cell-related genes introduced in Figure 2.1C. (E) Pathway
enrichment analysis for genes uniquely assigned to kinetic clusters C1-C3. Pathways were pooled
from REACTOME and Msigdb:Hallmark data bases, see also Table C.1.
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representation, which is often employed for selection of genes with high fold-increase in
static gene expression analysis workflows. Finally, we added a category “cluster switch”,
based on whether a gene was assigned to a different kinetic cluster (cf. Figure 2.2B) for
each comparison of cell types. The set of kinetic DEG derived from our data set contained
706 quantitative DEG, out of which 205 were also qualitative DEG, out of which 111 were
also subject to cluster switch, as exemplified for the Th1 vs. Th2 comparison (Figure 2.3C,
Table C.2). Visual inspection of this set of genes showed clearly distinguishable patterns
between Th1 and Th2 cells (Figure 2.3D). Apart from Th1 vs. Th2 DEG, we found the
highest numbers of DEG in the Th1 vs Th1/2 and Th2 vs Th0 comparisons (Figure 2.3C),
as expected based on PCA analysis (cf. Figure 2.1E). Notably, we consistently identified
DEG that were shared between the Th1 vs Th1/2 and Th2 vs Th1/2 comparisons, across
quantitative, qualitative and cluster-switching DEG (Figure 2.3E), suggesting that not all
parts of the Th1/2 cell transcriptome directly follow either the Th1 or Th2 cell gene ex-
pression program. As in the kinetic cluster analysis above, we found that many of the
well-known Th1 and Th2 cell-associated genes such as Gata3, Ifng, Eomes and Il4 were
identified as DEG, supplemented by other genes such as Nkg7 and Bst2 (Figure 2.3B,
Figure A.3E, Table C.2). Pathway overrepresentation analysis (Figure 2.3F, Table C.1) re-
vealed strong enrichment of interferon-related pathways (IF) across all comparisons, except
for the Th1 vs. Th0 contrast, which did not contain any enrichment for the pathways we
considered. T cell differentiation (T) and most of the pathways accounting for chemokine
signaling and generic inflammatory patterns (I) were moderately enriched in the Th1 vs.
Th2 and Th2 vs. Th0 comparisons only. The broader “cytokine” category (C) contained
highly enriched pathways across all comparisons, but also pathways lacking significant hits
for the Th1vsTh1/2 and Th2vsTh1/2 comparisons.

Overall, this high-resolution kinetic data set allowed for a fine-tuned approach to kinetic
gene expression analysis in terms of quantitative, qualitative and kinetic cluster-switching
DEG, yielding a quantifiable classification suitable for direct assessment of the role of each
gene in lineage-specific Th cell differentiation programs.

2.5 Hybrid Th1/2 cells are partly driven by a
STAT1/4-dependent gene expression program that is
independent of Th1 and Th2 cell specific gene regulation

Our analysis consistently revealed an overlap of Th1 vs. Th1/2 and Th2 vs. Th1/2 DEG
(Figure 2.3D). That suggests that the majority of the kinetic transcripts in Th1/2 hybrid
cells follows either the Th1 or the Th2 cell gene expression program, while a substantial
fraction of the transcriptome differs from that of both Th1 and Th2 cells. We reasoned
that such transcriptional kinetics could result from either “superposition”, that is a com-
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Figure 2.3 A refined selection procedure identifies quantitative and qualitative dif-
ferences in kinetic gene expression. (A) Workflow illustration. We employed a combination
of regression fitting in MasigPro to derive quantitative differentially expressed genes (DEG), fol-
lowed by a correlation filter to identify qualitative DEG and by an analysis of switching of kinetic
clusters between cell types. (B) Correlation volcano-plots based on the workflow in (A). Genes
are categorized as kinetic (grey), quantitative DEG (black) or qualitative DEG (red)(cf. Methods,
Section 2.6). (C) Numbers of qualitative and quantitative DEG obtained for each comparison of
cell types. Brackets indicate the numbers of kinetic cluster switches. (D) Expression heatmap for
all qualitative DEG exhibiting kinetic cluster switches in at least one comparison of cell types, as
indicated on the left. (E) Venn diagrams of quantitative (left) and qualitative (right) DEG shared
between Th1 or Th2 cells and Th1/2 hybrid cells. (F) Pathway enrichment analysis of DEG for
all pairwise comparisons between cell types. Pathways were pooled from REACTOME, GO:BP,
Msigdb:C2:WikiPathways and Msigdb:C3:TFT data bases. Shown are pathways with significant
enrichment in at least two comparisons, see also Table C.2.
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bined effect of Th1 and Th2 cell types of gene regulation, or from an “independent” gene
expression program, that is an expression pattern that cannot be attributed to Th1 or Th2
cells nor to their combination.

To further investigate the relation of Th1/2 hybrid cells to Th1 and Th2 cells, we re-
stricted the analysis to the set of Th1 vs. Th2 DEG, thereby focusing on genes that are
highly related to differential Th cell fate-development (Figure 2.4A). Next, we set up a
linear regression model to describe the transcriptional program of Th1/2 hybrid cells as a
function of Th1 and Th2 cell gene expression. The resulting regression coefficients βTh1

and βTh2 each gene span a plane in which additive and subtractive effects relating to Th1
and Th2 cell gene expression are directly accessible (Figure A.4A). We grouped all con-
sidered Th1 vs. Th2 DEG into “Th1-like”, “Th2-like”, “Superposition” and “Independent”
categories, based on the significance of the βTh1 and βTh2 regression fitting (Figure 2.4B
and C)(cf. Methods, Section 2.6). As expected based on the PCA and DEG analysis
results, a large fraction of genes in the Th1/2 hybrid cell expression profile was classified
as “Th2-like”, again indicating the overall similarity of the Th1/2 hybrid phenotype to the
Th2 cell type (Figure 2.4C). Another large fraction of genes was classified as “Superposi-
tion” or “Independent”, and quite remarkably, we found those two categories at almost the
same frequency.

To further evaluate the described types of genes in context of the overall transcrip-
tional program, we performed enrichment analysis focusing on publicly available gene lists
of transcription factor targets obtained from ChipSeq data (cf. Table C.3). We focused
on gene regulation by the transcription factors GATA-3, T-bet, and STAT1/4/6, which
are known to be key regulators of Th cell differentiation. As expected, in the overall Th1
vs. Th2 contrast, the Th1 cell-related genes were enriched for T-bet, STAT4 and Th1-
cell specific GATA-3 targets, while the Th2 cell-related genes were enriched for STAT6
and Th2-cell specific GATA-3 and targets (Figure 2.4D, left panel). In the Th1-like and
Th2-like genes of the Th1/2 hybrid cells, we also found strong enrichment for T-bet and
GATA-3 target genes, respectively (Figure 2.4D, right panel). The superposition genes
showed strong enrichment in the GATA-3 target genes of Th1 cells. In contrast, in the
Independent genes of the Th1/2 hybrid cells, we identified a significant signature of STAT1
and STAT4 target genes, that is absent in all other types of Th1/2 hybrid cell genes. This
pattern of a dominating STAT-dependent transcriptional program for Independent genes
and dominating GATA-3-dependent regulation for Superposition genes was consistent for
two independent replicates and was robust to changes in the applied thresholds for statis-
tical analysis (Figure A.4B-E).

Taken together, we found that the majority of genes in the Th1/2 hybrid cells closely
followed either the Th1 or Th2 cell transcriptional programs, but about 20 % of the re-
maining genes showed independent behavior rather than being explained by a combination
of Th1- and Th2-dependent effects. In contrast to the expression profiles of Th1 and Th2
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cells, which were dominated by T-bet and GATA-3 control, those independent genes in
Th1/2 hybrid cells were primarily comprised of STAT1 and STAT4 target genes.
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Figure 2.4 Superposition and independence of genes in Th1/2 hybrid cells. (A) Work-
flow sketch. Based on the identified qualitative Th1vsTh2 DEG (see Figure 2.3C), similarity of
genes to the expression profile of Th1/2 hybrid cells was assessed by a linear regression model.
(B) Time-courses of representative genes, and (C) quantification of gene classification into the four
different categories. (D) Enrichment analysis using published transcription factor target gene sets
(see text). Left: Analysis of up-regulated genes in Th1 (Th2) cells, which are taken as Th1vsTh2
DEG with expression values higher (lower) in Th1 compared to Th2 cells. Right: Analysis of the
Th1/2 hybrid transcriptional profile along the gene categories obtained in (A-C).
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2.6 Methods

Microarray processing and analysis

Illumina microarrays (Illumina Mouse Sentrix-6) were used to profile T cell gene expression
under polarizing conditions at 10 time points. Data were background corrected, quantile-
normalized and log2-transformed. As an additional filtering step, only probes were selected
whose expression was above the median expression in at least one condition. Afterwards,
probes were filtered that had gene annotations for EntrezGene ID, RefSeq ID and gene
symbol, resulting in the analysis of 18284 probes (out of 46089), matching to 12479 ex-
pressed genes.

Kinetic gene expression analysis

To identify kinetic genes, we first ran MaSigPro [206] on individual CD4+ T cell subsets
to only consider time as an explanatory variable in the model. Additionally, we considered
genes that had a 2-fold increase compared to time 0 at two consecutive time points. To
identify temporal patterns, we employed hierarchical clustering using gene-gene correlation
as a distance measure for each set of kinetic genes. The resulting dendrogram was cut at
a prescribed number of clusters (Figure A.3A-D). Next, we used the union of all kinetic
genes to also evaluate differences between different groups. To this end, we employed
the MaSigPro workflow on all groups combined, thus considering time and group identity
(Th1/Th2/Th12/Th0) as explanatory variables. To identify DEG over time, we first used
a polynomial regression model as implemented in the MaSigPro package. Further, for
the genes identified as having significant profile differences between groups (“quantitative
DEG”), for each gene the kinetic correlation using pairwise comparisons between cell types
across all time points were computed. Reasoning that a high correlation indicates a similar
transcriptomic trajectory, we defined a correlation index 1−R2, where R2 is the Pearsson
correlation coefficient, and identified all DEG with correlation index < 0.3 between cell
types as “qualitative DEG”. For pathway analysis, gene sets were pooled from the public
REACTOME, GO:BP, Msigdb:Hallmark and Msigdb:C23:Wikipathways data bases. We
excluded gene sets with less than 3 or more than 1000 genes. Pathway overrepresentation
analysis was performed by applying a hypergeometric test on gene sets of all databases
combined after background correction.

Linear model to identify superimposed gene expression programs

The following model was used to describe the expression for a gene i expressed in cell type
j as a function of Th1 and Th2 expression:

Yi,j = βi,Th1Yi,Th1 + βi,Th2Yi,Th2 + ϵ. (2.1)
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Here Yi,j represents the gene expression of gene i for cell type j ∈ {Th0,Th1.2} and YTh1

(YTh2) the gene expression of Th1 and Th2 respectively. The coefficients βTh1 and βTh2

denote the contribution of the respective cells to explaining the expression for Yi,j . After
fitting the model to each gene, expression coefficients were grouped into Th1-like, Th2-
like, Superposition and Miscellaneous clusters based on the significance of the regression
fit coefficients βTh1 and βTh2, using an FDR-threshold of 5%. If both coefficients were
significant, the gene was assigned as superimposed. If only one coefficient was significant,
the gene was assigned to the respective category (Th1like, Th2like). If no coefficient was
significant, the gene was assigned as independent. Of note, some fits showed a mixed
combination of positive and negative coefficients, which would indicate a combined effect
of negative and positive regulation. However, in those cases the negative coefficient was
not significant.

Statistics for pathway analysis and kinetic analyses

The p-values derived from MasigPro or other methods were corrected for multiple-testing
using the Benjamini-Hochberg method [207], if applicable. The resulting false-discovery-
rate (FDR) or simple p-value was regarded significant at a significance level of 0.05, except
for pathway enrichment analysis, where values of FDR < 0.1 were accepted.

Clustering and differential expression analysis of kinetic Th cell genes

To identify kinetic genes, the R software package MaSigPro [206] was used on individual
CD4+ T cell subsets to only consider time as an explanatory variable in the model (5 %
FDR threshold). Additionally, only genes were considered, that had absolute fold-change
differences | log2(x/xday0)| > 1 at two consecutive time points compared to day 0. To iden-
tify temporal patterns, hierarchical clustering was employed using gene-gene correlation
as a distance measure for each set of kinetic genes. Next, the union of all kinetic genes
was used to also evaluate differences between different groups. To this end, the MaSigPro
workflow was employed on all groups combined, thus considering time and group identity
(Th1/Th2/Th12/Th0) as explanatory variables. Finally, for the genes identified as having
significant profile differences between groups, for each gene the correlation over time was
computed using pairwise comparisons between subsets. Reasoning that a high correlation
indicates a similar transcriptomic trajectory, all genes with a Pearson correlation coefficient
R2 > 0.7 between subsets were removed.

Code and data availability

The code to reproduce the analyses in this chapter is deposited at https://github.com/burt-
sysbio/. The kinetic microarray data were uploaded to the Gene Expression Omnibus
(GEO) database and will be released upon publication of the corresponding manuscript.
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2.7 Summary

In this chapter, the dynamics of Th cell differentiation into different effector subsets were
addressed. The commitment of Th cells to a specific effector state is one of the key
decision-making processes at the beginning of an immune response, and has far-reaching
consequences regarding the type and strength of the response. From a clinical perspective,
that decision can have severe consequences for example in autoimmune disorders [208],
cancer [209], or viral infections including COVID-19 [210]. The provided data set with
high temporal resolution allowed to derive a full picture of the transcriptional landscape
during Th1, Th2, and Th1/2 cell differentiation, and to achieve a detailed classification of
the kinetically changing genes. Doing so allowed to pinpoint a critical time point at 24 hrs
where the lineages started to show divergent behavior. Additionally, detailed information
regarding kinetic patterning of genes within and between Th cell effector subtypes was
provided.

Previous findings from single-cell sequencing and CyTOF studies have raised the ques-
tion whether immune cell phenotypes should be regarded as a continuous landscape rather
than the conventional set of discrete states [75, 130]. The data presented in this chapter
were obtained by a more conventional approach and instead allowed for a detailed side-
by-side analysis of in vitro generated Th1, Th2 and hybrid Th1/2 cells with a temporal
resolution that is often lacking in single-cell data sets. Finally, based on a simple linear
model, it was found that the independent genes identified in the Th1/2 hybrid cells did
not follow the otherwise dominant signature of T-bet or GATA-3 target gene enrichment,
but rather are under the control of STAT1/4 dependent gene regulation, highlighting the
complex and unintuitive interplay of intracellular fate-regulation.
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dynamics in acute and chronic in-
fection

The content of this chapter is based on a manuscript that is currently in preparation.
P. Burt and K. Thurley designed the study. P. Burt performed the research. P. Burt wrote
the manuscript.

3.1 Introduction

Immune responses emerge based on a collective effort of multiple cells that make distinct
decisions based on their local environment. When unperturbed, such decisions normally
result in clearance of pathogens such as viruses and parasites, however, an overly reactive
immune response might result in immunopathology. T helper (Th) cells are central regu-
lators of such immune responses and undergo distinct and characteristic decisions such as
proliferation and differentiation during the course of infection. The signals that affect Th
cell decisions are diverse, oftentimes pleiotropic and consist of a complex feedback circuitry.
In such cases, mathematical models have been successfully applied in the past to uncover
network topologies and have helped to explain feedback-mediated outcomes [9,53,66,86,87].
On the intracellular level, fate-decisions emerge from complex molecular interactions not
only through the interplay of various transcription factors but also through epigenetic mod-
ification [24]. While many of these pathways are being uncovered, quantitative estimates of
all intracellular signals resulting in a fate-decisions are lacking, requiring alternative mod-
eling approaches. In this context, studies have found that the reaction times of individual
cells are often well-described using non-exponential distributions such as gamma or Erlang
distributions [60,89,96,97]. Incorporating such non-Markovian assumptions has led to the
development of multiple models that have focused on differentiation, proliferation or signal
integration individually [45, 60, 75], however, a combined framework that encompasses all
such processes in a quantitative fashion is lacking.

Here, we present a modeling framework that allows the integration of non-exponentially
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distributed interevent-times for both proliferation and differentiation in a quantitative fash-
ion using ordinary differential equations (ODEs). While the framework is tailored towards
Th cells, it can be flexibly extended to encompass alternative cell types and fate-decisions.
Th cells represent a suitable cell type for model investigation because (i) alongside the dif-
ferentiation process, Th cells undergo multiple rounds of cell division, making them a prime
example of combined proliferation and differentiation and (ii) the phenotypic composition
and hence the fate-decisions of Th cells change depending on the environment. This is
not only clear from well-established in vitro experiments but also an emerging theme in
chronic infection [131,159,166,177]. Based on data-annotation from in vitro measurements,
we developed a Th cell differentiation and proliferation model which recovered the Th cell
dynamics observed during acute and chronic infection in vivo. Additionally, we employed
our framework to predict optimal intervention times during differentiation both using the
data-annotated model as well as minimal models of branched differentiation.

3.2 A framework for modeling cell proliferation and
differentiation using response-time distributions

To derive a description for a generic cellular state-transition framework, we assume that
cells can be in different states S = {S1, S2, ..., Sn}, where the state-transition times out
of a given state Si are determined by a response-time distribution ψi and the probability
to transition from state Si to Sj is given by pij , where

∑n
j=1 pij = 1. In that case, ψi

corresponds to a probability distribution:∫ ∞

0
ψi(t)dt = 1. (3.1)

Given that ψi is well-described by a gamma distribution γi(αi, βi), we can describe tran-
sitions between states as an ODE system. First, consider a two-state system S = {Si, Sj},
where state transitions may represent cell differentiation Si → Sj and cell proliferation
Si → nSi. By extending Eqs. 1.11-1.16 (cf. Section 1.1), we get:

dSi
dt

= −βiSi + ni(1− pij)βixα (3.2)

dxi,k
dt

= βi(xi,k−1 − xi,k), xi,1 = Si, k = 2, 3, ..., αi (3.3)

dSj
dt

= pijβixα. (3.4)

Here, αi and βi represent shape and rate parameters of the gamma distribution γ(αi, βi).
The parameter pij represents the probability to transition from state Si into state Sj . Cell
division is denoted by parameter n. To account for total cell numbers ST

i , we introduce
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the notation:

ST
i := Si +

αi∑
k=2

xi,k. (3.5)

Note, that exponentially distributed inter-event times which are reflected by traditional
rate-equation models are a special case of Eqs. 3.2-3.4 for α = 1, which corresponds to a
chain with only one element:

dSi
dt

= βiSi[ni(1− pij)− 1] (3.6)

dSj
dt

= βipijSi (3.7)

ST
i = Si. (3.8)

In the following, these two cases will be referred to as single-step models (SSM, α = 1)
and response-time models (RTM, α ̸= 1).

More generally, for a given set of cell states S = {S1, S2, ..., Sn}, the influx and outflux
into state Si can be described as follows:

dSi
dt

= −βiSi +
n∑

j=1

njpjiβjxj,αj (3.9)

dxi,k
dt

= βi(xi,k−1 − xi,k), xi,1 = Si, k = 2, 3, ..., αi. (3.10)

The branching probabilities can be defined as arbitrary functions but require normalization
so that

∑n
j=1 pij = 1. Note that competing rates βij for transitions into different states,

i.e. Si
βij−−→ Sj and Si

βik−−→ Sk are not considered here, because in this case the probability
distribution of remaining in state Si corresponds to a mixture of gamma distributions if
βik ̸= βij , which complicates parameter identifiability [88]. However, generalizations of the
gamma-distribution have been suggested that could account for more complex distributions
given sufficient data [211, 212]. The above framework can be used to model an arbitrary
set of cells and their interactions, including proliferation and differentiation. Experimen-
tally measurable cellular reaction dynamics can be used to estimate the parameters of the
corresponding gamma distributions.

Modeling timed cytokine blockade during Th cell
differentiation

The developed modeling framework allowed us to investigate the effects of SSM and RTM
models in relation to timing and feedback interactions. To this end, we derived a minimal
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model where an activated cell A could differentiate into two cell types E1 and E2:

A
βapa,e1−−−−→ E1 (3.11)

A
βapa,e2−−−−→ E2, (3.12)

which, following Eqs. 3.9-3.10, can be formulated as follows:

dA

dt
= −βa1A (3.13)

dxa,k
dt

= βa(xa,k−1 − xa,k), xa,1 = Ai, k = 2...αa (3.14)

dE1

dt
= napa,e1βaxαa − βe1E1 (3.15)

dE2

dt
= napa,e2βaxαa − βe2E2, (3.16)

with differentiation rate βa and corresponding branching probabilities pa,e1 and pa,e2 . Addi-
tionally, we assumed that the decision to differentiate was modulated by positive feedback
via cytokines secreted by E1 and E2 unless a cytokine-blocking antibody was administered
during a given time interval:

d[c1]

dt
= ET

1 (rc1,e1 − uc1,e1 [c1]) (3.17)

d[c2]

dt
= ET

2 (rc2,e2 − uc2,e2 [c2]) (3.18)

pa,e1([c1]) = p̃a,e1
γ[c1]

3 +K3
c1

[c1]3 +K3
c1

(3.19)

pa,e2([c2]) =

p̃a,e2 , if t ∈ [t1, t2]

p̃a,e2
γ[c2]3+K3

c2
[c2]3+K3

c2

, otherwise.
(3.20)

Here, the rates ri,j and ui,j denote secretion and uptake of cytokine i by cell j, γ denotes
the feedback fold-change and Kci the half-saturation constant. To focus only on cytokine-
induced feedback effects, equal branching probabilities and equal cytokine secretion rates
were assumed (cf. Table 3.1).

We applied above model to a Th cell fate-decision circuit in viral infection, associating
E1 and E2 and cytokines c1, c2 with the Th cell subtypes Th1 and Tfh and their signature
cytokines IFN-γ and IL-21 respectively (Figure 3.1A). We found that while the system
was unperturbed, the cytokine feedback did not change the dynamics due to the symmetry
of the system (Figure 3.1B). However, we observed pronounced differences between the
branching dynamics of SSM and RTM models, if a cytokine blocker was administered at a
given time t (Figure 3.1B and C). Notably, while the SSM model predicted most effective
intervention times to occur directly after activation, the RTM model showed little to no
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Table 3.1 Parameter values for minimal cell-decision model with feedback. Secretion and uptake
of cytokines was assumed to be equal between cell types: r := rc1,e1 = rc2,e2 ; u := uc1,e1 = uc2,e2 .

Parameter Value Unit Role

αa 10 - Differentiation shape
βa 10.0 d−1 Differentiation rate
pa,e1 0.5 - Branching probability E1

pa,e1 0.5 - Branching probability E2

r 1.0 molecules cell−1d−1 Cytokine secretion rate
u 1.0 cell−1d−1 Cytokine uptake rate
K 0.1 molecules Feedback half-saturation
γ 1000 - Cytokine feedback strength

effect at this intervention time. In contrast, the RTM model was particularly sensitive to
intermediate perturbation times (Figure 3.1D). This effect was largely independent of both
model-specific parameters as well as perturbation-specific parameters (Figure 3.1E). Be-
yond the effects of timed-feedbacks on differentiation, we found that RTM and SSM models
also showed pronounced differences in the overall response magnitude during proliferation
(Figure A.5).

3.3 Majority of kinetic Th cell transcriptomes show
non-exponential differentiation dynamics

Having established that considering non-exponential inter-event times affected model pre-
dictions, we next wanted to investigate whether such dynamics were an abundant feature
in the context of Th cell differentiation. To this end, we established a generic pipeline
that allowed analysis of both publicly available kinetic gene expression data sets and of
the data presented in Chapter 2 with respect to their kinetic properties (Figure 3.2A and
Table 3.2). First, we selected genes that exhibited significant expression changes over time
based on a linear regression approach (cf. Section 3.6). Focusing on this reduced data set,
we normalized expression values for each gene to the respective maximum value. Next,
we fitted the normalized kinetics to different models each of which represented a different
parameterization of a gamma-distribution γ(α, β) (Figure 3.2B). Using an F-test for nested
models to evaluate the fit performance, we then categorized genes as gamma-distributed
(α > 1), exponentially-distributed (α = 1) or longtail genes (α < 1) (cf. Section 3.6).
Genes, whose kinetics did not result in good fit results, we further grouped into “other”
and “bimodal” categories based on a Gaussian-mixture-model fit (Figure A.6). Notably, ca.
30 % of all kinetic genes were significantly better described by choosing a gamma distribu-
tion over an exponential distribution for model fitting across all studies. In total, around
70 % of the kinetic transcriptome could be well-described with the proposed framework
(Figure 3.2C). The remaining genes either showed bimodal expression kinetics or more
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Figure 3.1 Different model predictions for timed cytokine blockade. (A) Scheme of
timed cytokine blockade. A naive Th cell differentiates towards Th1 and Tfh cells. Administration
of anti-IFN-γ at time t0 prevents the positive feedback effect of IFN-γ for a defined period ∆t.
The transition from Naive to Th1/Tfh cells is governed by a gamma distribution γ(α, β). (B)
Simulation of the model shown in (A) for a perturbation in a RTM (α = 10, β = 10) and SSM
model version (α = 1, β = 1) (solid and dashed lines respectively). Cell type is indicated by color.
(C) Quantification of the change in Tfh fraction at steady state for different parameterizations of
the corresponding gamma-distribution γ(α, β) for early, intermediate and late perturbation times.
Shown is the coefficient of variation CV = SD/µ with mean µ = α/β and standard deviation
SD =

√
αβ−2. (D) Change in Tfh fraction for different perturbation start times in an RTM and

SSM model version. (E) Robustness of results with respect to branching probability and feedback
strength. Parameters for feedback strength and branching probability were drawn randomly from
a log-normal distribution. Abbreviations: RTM, response-time model; SSM, single-step model;
CV, coefficient of variation. For parameters values, see Table 3.1.
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Figure 3.2 Kinetic analysis of Th cell transcriptomes. (A) Analysis workflow. Kinetic gene
expression data from public repositories was filtered for genes with significant expression changes
over time after quality control and normalization. Kinetic genes were then assigned to categories
based on the best-fitting kinetic model. (B) Example fit kinetics and expression data for each
category (data re-plotted from [202]). (C) Frequency of best-fit categories in each study. (D)
Mean µ and standard deviation SD for best-fit gamma parameters α, β of individual gene modules
for Th1 in vitro differentiation (µ = αβ−1, SD =

√
αβ−2).
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Table 3.2 Public literature data used for kinetic transcriptome data analysis. Additionally, data
presented in Chapter 2 were used for the analysis. Abbreviations: n, number of time points; Ref,
Reference.

Study n Cell types ID Model Ref.

Crawford et al. (2014) 4 CD4+/CD8+ GSE30431 Mouse LCMV [179]
Proserpio et al. (2016) 6 Th2 E-MTAB-3543 Mouse Parasite [202]
Nir et al. (2013) 18 Th0/Th17 GSE163345 In vitro activation [201]

complex expression patterns such as transient down- or upregulation (Figure A.6C).

To derive a quantitative estimate for Th cell differentiation, we cross-referenced genes
in the gamma-distributed category with known regulators of Th cell differentiation using
existing pathway annotations for cytokines, transcription factors and cytokine receptors
(Table C.3). Averaging of the resulting fit statistics for each gene showed a similar trend
across gene modules with estimated mean transition times between 24 and 48 hours (Fig-
ure 3.2D).

3.4 Different proliferation control mechanisms ensure
robust Th cell expansion and contraction

Besides differentiation, Th cells exhibit different stages of proliferative activity throughout
the course of an infection. If the overall turnover rate (proliferation vs cell death) was
fixed, this would inevitably lead to either cell death or excessive proliferation as shown
previously [8, 54]. However, many biological factors have been found that modulate and
control Th cell expansion such as TCR signaling strength and cytokine activation [58,65].
To analyze how different regulatory circuits shape proliferation dynamics, we first derived
a 3-state-model where activated naive cells A1 transition into precursor cells A2 and finally
into effector cells E:

A1
βa1−−→ na1A2 (3.21)

A2
βa2−−→ na2E (3.22)

E
βe−→ neE. (3.23)
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Resulting in the following ODE system:

dA1

dt
= −(βa1 + da1)A1 (3.24)

dxai,k
dt

= βaixai,k−1 − (βai + dai)xai,k, xai,1 = Ai, k = 2...αai , i ∈ {1, 2} (3.25)

dA2

dt
= na1βa1xαa1

− (βa2 + da2)A2 (3.26)

dE

dt
= na2βa2xαa2

+ neβexαe − (βe + de)E. (3.27)

Next, we compiled three different ways how the effector proliferation rate could be
modulated (Figure 3.3A): A model, where proliferation is limited based on uptake of an
external molecule (Carrying Capacity Model), a density-dependent model, where naive
and precursor Th cells secrete IL-2 which is taken up by effector cells (IL-2 Model) and a
timing-dependent model (Timer Model). For the Timer model, we followed the hypothesis
suggested in [68], that the transcription factor Myc controls timing of proliferation in an
division-independent fashion. However, alternative timer mechanisms, such as degradation
of the IL-2 receptor could be used to the same effect. As a control, we included a model
without any proliferative control mechanisms (Null Model):

Carrying capacity model: βe =

β̃e, if ET < c

0, else
(3.28)

IL-2 model: βe = β̃e
[IL2]3

[IL2]3 +K3
[IL2]

(3.29)

Timer model: βe = β̃e
[Myc]3

[Myc]3 +K3
[Myc]

(3.30)

Timer+IL2 model: βe = β̃e
[Myc]3

[Myc]3 +K3
[Myc]

[IL2]3

[IL2]3 +K3
[IL2]

(3.31)

Null model: βe = β̃e, (3.32)

where c denotes the carrying capacity. We assumed that naive and precursor cells secreted
IL2 at different rates and effector cells took up IL-2 in a saturated fashion:

d[Myc]
dt

= −d[Myc][Myc] (3.33)

d[IL2]
dt

= r[IL2],a1A
T
1 + r[IL2],a2A

T
2 + ET

(
r[IL2],e − u[IL2,e]

[IL2]3

[IL2]3 +K3
[IL2]

)
− d[IL2][IL2]

(3.34)

Here, d[Myc] and d[IL2] denote Myc and IL-2 degradation, respectively, r[IL2] and u[IL2]
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Table 3.3 Parameter values used in minimal proliferation models. Parameters indicated as “ad-
justed” were used to achieve similar response sizes between different model versions. Abbreviations:
Prec, Precursor cells; Eff, Effector cells; K, Carrying Capacity Model.

Parameter Value Unit Role Source Model

αa1 22 - Differentiation shape Naive to Prec. [95] All
αa2 7 - Differentiation shape Prec. to Eff. Ch.2 All
αe 7 - Proliferation shape Eff [95] All
βa1 15.0 d−1 Differentiation rate Naive to Prec. [95] All
βa2 15.2 d−1 Differentiation rate Prec. to Eff. Ch.2 All
βe 15.2 d−1 Proliferation rate Eff. [95] All
de 0.24 d−1 Death rate Eff. [213] All
da1 0 d−1 Death rate Naive - All
da2 0 d−1 Death rate Prec. - All
rIL2,a1 10.0 molecules cell−1d−1 Secretion rate IL-2 Naive [214] IL-2
rIL2,a2 100.0 molecules cell−1d−1 Secretion rate IL-2 Prec. [214] IL-2
uIL2 1.0 molecules d−1 Uptake rate IL-2 adjusted IL-2
KIL2 5.0 pM Half-saturation constant IL-2 [86] IL-2
dIL2 0 d−1 Degradation rate IL-2 - IL-2
KMyc 0.1 a.u. Half-saturation constant Myc - Timer
dMyc 0.21 d−1 Degradation rate Myc adjusted Timer
c 1000 cells Carrying Capacity adjusted K

denote IL-2 secretion and uptake and K[IL2] is the half-saturation constant of IL-2. Note
that the nomenclature follows the hypothesis put forward in [68], that the transcription
factor Myc acts as a timer for Th cell proliferation and decays exponentially after Th
cell activation. However, alternative timer mechanisms, such as degradation of the IL-2
receptor could be used to the same effect.

We adjusted model-specific-parameters to achieve the same response size in all models
(Figure 3.3B, red line and Table 3.3), which allowed us to compare model robustness for
different proliferation rates (Figure 3.3B and C). As expected, the Null Model exhibited
instabilities if the proliferation rate exceeded the death rate (Figure 3.3C, asterisk). The
Carrying Capacity Model performed well at controlling the overall population size but
did not allow control over the response peak time and even exhibited instabilities when
the proliferation rate was equal or slightly larger than the death rate. The Timer Model
exhibited full control over the population peak time but did not allow robust control over
the population response size. In contrast, due to its density-dependence, the IL-2 Model
was capable of controlling even high proliferation rates.

Having established that the IL-2 model seemed sufficient to regulate proliferation, we
wanted to test under which conditions the known redundancy of the control mechanisms
could be beneficial. To this end, we combined the IL-2 and Timer model and performed
in silico restimulation experiments where effector Th cells could secrete IL-2 for a limited
time after restimulation (TimerxIL-2 Model, Figure 3.3D). We found, that the TimerxIL-2
model exhibited robust buffering properties whereas the IL-2 Model alone could not con-
trol the overshooting IL-2 secretion at high restimulation frequencies (Figures 3.3E-F and
Figure A.7). By further comparing the effects of high proliferation and high restimulation,
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Figure 3.3 Modeling proliferation control mechanisms. (A) Minimal model designs for
proliferation control. (B) Effector Th cell dynamics based on model simulations for the models
shown in (A) for different values of the proliferation rate. Model-specific-parameters were normal-
ized to the same response magnitude (red line). (C) Quantification of peak height, peak time and
response magnitude of the simulations shown in (B) (cf. Figure A.5 for an illustration of model
readouts). Values represent log2-fold-changes with respect to a model simulation with default
parameter values. Instabilities are indicated by asterisks. (D-G) Behavior of IL-2, Timer and a
combined IL-2 and Timer model for different perturbations. (D) Combination of IL-2 and Timer
model. (E) Time-course simulation with restimulation in an IL-2 and combined IL-2 and Timer
model. Times between restimulation events were assumed to be exponentially distributed with
rate parameter λ. (F) Dependency of Peak Height on number of restimulations. X-axis represents
rate parameter λ of the exponential distribution used to compute the times between restimulations
(cf. Methods, Section 3.6) (G) Sensitivity to induced high proliferation and restimulation in IL-2,
Timer and combined model. Proliferation rate was adjusted to match the effect size of restimu-
lation with rate λ = 0.1 between IL-2 and Timer model. For parameter values, see Table 3.3).
Abbreviations: Prec, Precursor cells; Eff, Effector cells; prolif, proliferation; restim, restimulation.
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we found that the TimerxIL-2 model performed well both at controlling highly proliferative
cells and during exposure to heterogeneous IL-2 environments induced through restimula-
tion (Figure 3.3G).

3.5 Model captures Th cell dynamics in acute and chronic
infection

We next aimed to apply our established framework to in vivo Th cell dynamics observed for
chronic and acute viral infection. To this end, we extended the data-annotated proliferation
model by adding effector subtypes and memory cells M . Briefly, activated, naive cells (A1)
transition into precursor cells (A2). In this case, the A2 precursor cell type can be seen as an
intermediate phenotype with characteristics of both Th1 and Tfh cells as observed in vivo
during viral infections [131,133]. The precursor cells can transition into fully-differentiated
cells (E), including effector cells (Th1 and Tfh) and chronic cells (Th1c and Tfhc) which we
indicate by adding an index Ei, i ∈ {1, 2, 3, 4} mapping to the set {Th1,Tfh,Th1c,Tfhc}
in a one-to-one correspondence. Differentiated cells can further transition into memory
cells (Mi):

A1
βa1−−→ na1A2 (3.35)

A2
βa2pa2,ei−−−−−−→ na2Ei (3.36)

Ei
βei−−→ neiEi (3.37)

Ei
βmi−−→Mi. (3.38)

Resulting in the following ODE system:

dA1

dt
= −(βa1 + da1)A1 (3.39)

dxai,k
dt

= βaixai,k−1 − (βai + dai)xai,k, xai,1 = Ai, k = 2...αai , i ∈ {1, 2} (3.40)

dA2

dt
= na1βa1xαa1

− (βa2 + da2)A2 (3.41)

dEi

dt
= na2peiβa2xαa2

+ neiβeixαei
− (βei + dei + βmi)Ei, i ∈ {1, 2, 3, 4} (3.42)

dxei,k
dt

= βei(xei,k−1 − xei,k), xei,1 = Ei, k = 2...αei (3.43)

dMi

dt
= βmiE

T
i − dmiMi. (3.44)

Here, the parameters βci and dci describe the transition and death rates of cell type c and
subtype i. The branching probabilities affecting effector differentiation are denoted by pci .
The states xc,j,k denote the ODE chain-element j of cell type c of a chain with k elements.
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Figure 3.4 Model reproduces Th cell dynamics during acute and chronic infection. (A)
Model scheme. Naive cells differentiate into precursor (Prec) cells. Precursor cells can differentiate
into effector cells (Th1 and Tfh) or chronic cells (Th1c and Tfhc). Effector cells can further
transition into memory cells. The probability p for a given fate is subject to antigen-mediated
feedback. (B) Model fit to in vivo data from [166], classifying cells as T-bet+, BCL-6- (nTh1+nTh1c,
blue line) and T-bet-, BCL-6+ (nTfh + nTfhc, red line).

For a summary of parameter descriptions and values, refer to Table 3.4.

Particularly during chronic infections, Th cells are exposed to high antigen loads over
extended time periods which poses the challenge to balance an appropriate response mag-
nitude with the harm of self-induced immunopathology. Additionally, Th cells undergo
a phenotype alteration in chronic inflammation which is characterized by reduced pro-
liferative potential, upregulation of inhibitory markers and a change in cytokine profile
(cf. Section 1.2). Since it is known that continuous antigen stimulation is a major driver
of chronic infection [166], we assumed that antigen had a positive effect on the chronic
branching probability:

pa2,e34 = p̃a2,e34 ·
γ[ag]3 +K3

[ag]

[ag]3 +K3
[ag]

, (3.45)

where [ag] is the antigen concentration, γ is the feedback strength and K[ag] is the half-
saturation constant. Antigen concentrations were set to [ag] = 0 for acute infection and to
[ag] = 1 for chronic infection but Eq. 3.45 also allows usage of non-trivial antigen kinetics.
Note, that we assumed equal branching probabilities for inducing either chronic Th1 or
chronic Tfh cells, for which we introduce the notation: pa2,e34 := pa2,e3 = pa2,e4 . Following
this notation, we add the parameter η to describe the reduced proliferative potential of
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Table 3.4 Parameter values in the chronic Th cell differentiation and proliferation model. For
other parameters describing naive to precursor as well as precursor to effector differentiation,
refer to Table 3.3. Effector cell subtype is indicated by index i ∈ {1, 2, 3, 4} mapping to the set
{Th1,Tfh,Th1c,Tfhc}. For two subtypes with equal parameters the notation pc,ij := pc,i = pc,j is
used. In cases where all cell subtypes have the same parameter, the subtype notation is omitted,
i.e. dm := dm1234

. Abbreviations: Prec, Precursor cells; Eff, Effector cells (Th1, Tfh); Chr, Chronic
cells (Th1c, Tfhc); Mem, Memory cells.

Parameter Value Unit Role Source

βm12 0.004 d−1 Differentiation rate Eff. to Mem. Fit
βm34 0 d−1 Differentiation rate Chr. to Mem. -
de3 0.03 d−1 Death rate Th1c Fit
de4 0.02 d−1 Death rate Tfhc Fit
dm 0.009 d−1 Death rate Mem. [215]
η 0.35 - Buffer term chronic proliferation Fit
pa2,e1 0.57 d−1 Branching probability Th1 Fit
pa2,e34 0.13 d−1 Branching probability Chr. Fit
pa2,e2 0.30 d−1 Branching probability Tfh 1− pa2,e1 − pa2,e34

rIL2,a1 10.0 molecules cell−1d−1 Secretion rate IL-2 Naive [214]
rIL2,a2 100.0 molecules cell−1d−1 Secretion rate IL-2 Prec. [214]
uIL2 1.0 molecules d−1 Uptake rate IL-2 [86]
KIL2 5.0 pM Half-saturation constant IL2 [86]
dIL2 0 d−1 Degradation rate IL-2 -
Kag 0.5 a.u. Half-saturation constant Antigen -
γ 1000 - feedback strength antigen -
KMyc 0.1 a.u. Half-saturation constant Myc -
dMyc 0.21 d−1 Degradation rate Myc Fit

chronic cells:

βe34 = ηβe12 , η ∈ [0, 1] (3.46)

To annotate the model, we used parameter estimates either based on quantitative
literature estimates or by data provided in this thesis (Table 3.4). Fitting the in vitro-
annotated model to in vivo data [166], the model was well-capable of describing both
overall population dynamics as well the accumulation of Tfh cells over time (Figure 3.4B,
Figure A.8). Notably, the Th cell dynamics predicted by the model were still robust when
adding uncertainty to the best-fit model parameters (Figure 3.5A and B).

To further analyse the effect of individual model parameters, we analyzed the frequency
of Tfh cells on day 30 post activation, a time point where chronic infection should be fully
established. To this end, we varied individual model parameters by means of Monte Carlo
simulations using the best-fit parameter as the default value. We found, that during acute
infection, differences in the Th1/Tfh ratio were largely dependent on the branching prob-
abilities pa2,e1 and pa2,e2 , whereas during chronic infection, multiple parameters affected
the Th1/Tfh ratio, especially proliferation and death rates (Figure 3.6). These results
were further confirmed by local sensitivity analysis for different parameters at several time
points (Figure 3.7).
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A B
Th1+Th1c
Tfh+Tfhc

Figure 3.5 Sensitivity of the model to parameter variations. (A) Uncertainty of model
fit. All model parameters were varied together by sampling each parameter from a log-normal
distribution with mean around the best-fit value and a CV of 0.1 (n = 100). Solid lines and shaded
area represent mean and standard deviation of the simulations. Dots represent data which was
replotted from [166]. (B) Variation of the Tfh frequency at indicated time points for the simulations
shown in (A).

branching probability

death rate

differentiation/
proliferation

day 30 post infection

Figure 3.6 Change of Tfh frequencies in relation to individual parameter changes. For
both acute and chronic infection, model parameters were varied individually by random-sampling
(n = 100) from a log-normal distribution with its mean equal to the best-fit parameter value and
a CV of 0.1.
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Figure 3.7 Sensitivity of the model to parameter variations. Relative change in Tfh
frequency in relation to individual parameter variations of ±10% at different time points of acute
(top panel) and chronic infection (bottom panel). Sensitivity is here defined as log2 fold-change of
Tfh cells at a given day between a model simulation with best-fit parameter values and the model
simulation with perturbed parameters

The fully annotated model allowed us to investigate the previously observed effects
in the minimal models for timed perturbation in more detail (cf. Figure 3.1). To this
end, we increased the branching probability pa2,e1 within a given time-window defined by
the start t and duration T of the perturbation (Figure 3.8A). Scanning across the surface
spanned by t and T , we found distinct differences regarding the timing of perturbation for
best-fit RTM and SSM models (Figure 3.8B and C). Generally, the SSM model was more
sensitive to early perturbation times, whereas the RTM model responded better to later
perturbations. These differences were particularly pronounced for short duration times,
where the phenotypic profile could only be altered if perturbation occurred within a small
window of opportunity (Figure 3.8D).
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Figure 3.8 Th cell decision window during viral infection. (A) Workflow to identify optimal
perturbation times. Branching probabilities in a perturbation window defined by perturbation start
time t und duration T . For a given duration, this allows to identify the optimal start time t∗. (B)
Best-fit model simulations for an RTM and SSM model with and without perturbation at t∗RTM
and T = 1.0 d (dashed and solid lines respectively). (C) Change in percentage of Th1 fraction at
day 30 post infection for different values of t and T . Shown are values normalized to the default
Th1 fraction without perturbation. (D) Effect of short (T = 1.0 d) and long perturbation durations
(T = 5 d) at optimal perturbation times for best-fit RTM and SSM models.

3.6 Methods

Kinetic data analysis and model fitting using gamma distributions

The kinetic transcriptome data sets were pooled from the GEO data base or ArrayEx-
press data base. For study details and accession numbers, see Table 3.2. Microarray data
sets were quantile-normalized and log2 transformed. To obtain strictly positive expression
values, RNA-seq data sets were log2+1 normalized instead of the more common variance-
stabilizing normalization methods. To filter biologically meaningful expression changes,
only genes were considered whose expression was above the median expression of the com-
plete data set in at least one condition across all time points. Next, kinetic genes were
identified with a regression-based approach using the MaSigPro package (R) with default
parameter settings [206]. Two normalization steps were performed: first, for each gene
time-series, expression fold-change to the earliest time point was computed. Afterwards,
genes that were upregulated (downregulated) over time were divided by the maximum
(minimum) expression value of the respective time-series.

To categorize temporal expression patterns for each gene, three models based on the
shape parameter α of the gamma distribution γ(α, β) were defined: Model A (α < 1, early
onset kinetics), Model B (α > 1, delayed onset kinetics), Model C (α = 1, exponential
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onset kinetics). Next, the distribution parameters α and β (Model A, B) or only β (Model
C) were fitted to the normalized kinetic data using the cumulative gamma distribution
F (x, α, β) of the defined models (non-linear least squares fit as implemented in the scipy
library in python). Only genes were considered if at least three time points were available
before maximum expression was reached. A gene was assigned to a respective model A
or B if the respective fit was significantly better than the fit for model C, based on an
F-test for nested models with FDR-correction (FDR < 5%). To identify genes where none
of the models gave a good fit, a cutoff was derived based on the fit error distribution
(RMSE < 0.2) and genes above that threshold were placed in the “other” category. For
genes in this last category, bimodality was assessed by fitting means µ1, µ2 and standard
deviations σ1, σ2 of the CDF of a two-component Gaussian mixture model

F (x) = w1 · Φ1(x, µ1, σ1) + w2 · Φ2(x, µ2, σ2)

to the data and assigned a gene as bimodal if RMSE < 0.2. For simplicity equal standard
deviations and weights were assumed (w1 = w2, σ1 = σ2).

Modeling signal-modulated effector Th cell proliferation

Generally, it was assumed that effector cells did not secrete IL-2 (r[IL2],E = 0) except
for simulations with restimulation (cf. Figure 3.3D-F). In this case, it was assumed that
for a set of restimulations {τ1, ..., τn}, the secretion rate declined exponentially after each
restimulation event:

r[IL2],e(t, τ) =

0, t < τ1

r̃[IL2],e · eξ(t−τi), τi ≤ t < τi+1, i ∈ {2, ..., τn−1}
(3.47)

where t denotes time, τ is the time of restimulation and ξ is the decay rate for IL-2 secretion
after restimulation. Restimulation events were assumed to be exponentially distributed
with rate parameter λ. The inverse CDF of the exponential distribution was used to
compute restimulation times with random sampling from a uniform distribution U(0, 1):

F−1
X (U) = − ln(1− U)

λ
. (3.48)

Based on IL-2 and Myc concentration, effector proliferation was modeled as:

βei = β̃ei
[Myc]3

[Myc]3 +K3
[Myc]

[IL2]3

[IL2]3 +K3
[IL2]

. (3.49)

For chronic cells, no memory differentiation was assumed (βm,e3 = βm,e4 = 0). In all cases,
IL-2 molecule numbers were converted to molecules, assuming a compartment volume of
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20 µl and a molecular mass of 15.5 kDa [216].

Modeling of a cell decision window

For the decision window analysis, the probability for Th1 differentiation was increased
within a step-like time window, which was approximated by:

p̃a2,e1 = 0.5 ·
[
pW + pa2,e1 + (pW − pa2,e1) tanh(s(t− t1)) tanh(s(t2 − t))

]
, (3.50)

where t1 and t2 denote the upper and lower bounds of the decision window (cf. Figure 3.8),
pW denotes the increased probability within the decision window and s denotes the steep-
ness parameter with higher values leading to a more step-like shape. In all simulations, s
was set to s = 100.

Numerical simulations and code availability

All ODE models were solved numerically using the LSODA algorithm (Adams/BDF solvers)
implemented in the scipy library in python. For simulations with repeated stimulation,
the ODE system was integrated in a piece-wise fashion with initial values being updated
at each event.

3.7 Summary

Following a kinetic and quantitative analysis of published transcriptome data sets, we found
consistent delays of onset dynamics relevant for Th cell differentiation. Incorporating these
delays using response-time-modeling [89], we introduced a general framework for modeling
Th cell fate-decisions alongside proliferation using ODE-models. Timed in-silico perturba-
tions for model versions with and without delays revealed strong model differences when
feedback effects influenced the decision process. The Th cell response following antigen
recognition is highly dynamic and modulated by multiple signals affecting proliferation as
well as fate-decisions. Our modeling approach presented here suggests that the combi-
nation of multiple regulatory mechanisms, namely regulation via IL-2 and via a “Timer”
mechanism may ensure robust Th cell responses. The modeling framework was used to
describe Th cell dynamics in a mouse model of acute and chronic viral infection. Based on
quantitative parameter estimates from in vitro studies, the model captured the population
dynamics of Th1 and Tfh differentiation in vivo.
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4. Single-cell characterization of Th
cells in viral infection

Contributions: M. Löhning and K. Thurley designed the study. P. Burt and V. Plajer
performed the research. P. Burt wrote the manuscript.

4.1 Introduction

In Chapter 3, a modeling framework for Th cell differentiation and proliferation was intro-
duced that allowed to integrate response-time distributions based on single-cell measure-
ments such as CFSE-data. Conceptually, the current framework considers cells as fixed
states and describes cellular state-changes as discrete jumps. In the era of “omics” tech-
nologies, more and more emphasis has been attributed to intra-population heterogeneity
within formerly acknowledged canonical cell lineages [15, 19, 75, 130, 139]. This raises the
question how to derive appropriate models that can be integrated with current single-cell
gene expression measurements. In this chapter, we will explore this question based on
the modeling framework developed in Chapter 3 in combination with an unpublished 10X
genomics data set of Th cell differentiation during acute and chronic infection (data were
provided as part of a collaboration with AG Löhning, DRFZ).

4.2 Heterogeneous expression signatures of Th1 and Tfh
cells in chronic infection

To assess the transcriptomic heterogeneity of Th cells in viral infection, single-cell se-
quencing was performed on Th cells exposed to acute or chronic inflammatory conditions.
To achieve this, Lymphocytic choriomeningitis virus (LCMV)-specific naive Th cells were
adoptively transferred into wild type (WT) mice one day prior to infection. Next, mice
were infected with either LCMV Arm or LCMV Cl13 inducing acute or chronic infection
respectively and antigen-specific Th cells were harvested at day 7 after infection from spleen
and lymph nodes. The collected cells were then sequenced using the 10x Genomics system
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Figure 4.1 Single-cell sequencing of Th cells in acute and chronic viral infection. (A)
Experiment design. Naive Th cells were transferred from transgenic mice with LCMV Arm and
Cl13 specific epitopes into WT recipients. One day later, recipient mice were infected with either
LCMV Arm or LCMV Cl13. Antigen-specific cells in mouse lymph nodes were harvested at
day 7 post infection and sequenced using 10X Genomics platform. (B-C) Louvain clustering and
dimension reduction of LCMV Arm data (B) and LCMV Cl13 (C).
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Figure 4.2 Th cell expression profiles for signature markers of Th1, Tfh and chronic
cells at day 7 post infection. (A) UMAP plots of indicated genes for Th cells after LCMV Arm
infection. (B) UMAP plots of indicated genes for Th cells after LCMV Cl13 expression.

(Figure 4.1A). After quality assessment, the final data set contained 4152 cells for LCMV
Arm infection and 7235 cells for LCMV Cl13.

To identify Th cell subtypes, we performed Louvain clustering on the processed data
and found that cells grouped into two major clusters with some subclusters in both infection
models (Figure 4.1B-C). Signature genes for Th1 and Tfh cells such as master transcription
factors Tbx21 and Bcl6 but also surface markers like Cxcr5 were poorly expressed in many
cells but other known markers such as Gzmb and Tcf7 clearly indicated association of the
two broad clusters as Th1 or Tfh cells (Figure 4.2A-B, Figure A.10, Figure A.11). As
expected, expression of chronic markers such as Pdcd1 and Lag3 was substantially elevated
during chronic infection, both in Th1 and Tfh cells (Figure 4.2A-B). However, inspection
of individual subclusters within the Th1 and Tfh groups indicated expression differences
in the chronic marker Pdcd1, particularly during chronic infection. Following up on this
observation, the clusters were renamed as Th1 and Tfh based on Gzmb and Tcf7 expression
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Figure 4.3 Heterogeneous expression of Tfh markers during chronic viral infection. (A)
Cluster assignment to Th1, Th1c, Tfh and Tfhc cells during LCMV Cl13 infection. (B) Expression
profiles of signature markers within each cell type. Cluster-association was assigned based on visual
inspection of marker genes as shown in Figure 4.2. Th1:Gzmb+, Pdcd1 -, Th1c:Gzmb+, Pdcd1+,
Tfh: Gzmb-, Tcf7+. Gradual differences of Tfh marker expression (Tcf7, Cxcr5, Pdcd1 ) were
observed in the Tfh cells (Tfh clusters 1-3).

while still maintaining the cluster identities of the subclusters based on Pdcd1 expression
(Figure 4.3A). Notably, in the Th1 case, most cells expressed Pdcd1, whereas around 30 %
of Tfh cells showed a Tcf7 hiPdcd1 int phenotype (cluster Tfh2). Further analysis of Tfh
signature markers showed gradual expression differences between Tfh subclusters Tfh1-
Tfh3, corroborating diversity within the Tfh cell compartment.

4.3 Response-time modeling with single-cell data

Having established that while heterogeneous, the majority of cells could be grouped into
distinct cell types, we next wondered how to integrate this heterogeneity with the estab-
lished modeling approach provided in the previous chapter. Naturally, such a modeling
approach requires to simulate each cell individually to account for each cells gene expression
over time. To achieve this, we formulated a stochastic version of the previously established
Th cell differentiation model that also included the cells internal gene expression state
(cf. Methods, Section 4.4). We considered the gene expression state as initially uniform-
distributed with an arbitrarily assigned set of signature genes for different effector cells.
Each time, a cell state-transition occurred the expression of the corresponding effector gene
set was changed based on an arbitrary update function (cf. Figure 4.4A). Application of
the stochastic model variant yielded single-cell gene expression dynamics alongside pheno-
typical differentiation dynamics (Figure 4.4B). The model simulation output can be readily
analyzed using the same workflows and tools used for the single cell data analysis. Indeed,
exploratory data analysis of the simulated expression data were in good agreement with
the simulated fate-transitions on the phenotypical level (Figure 4.4C-D).

Based on the framework presented in Figure 4.4, discrete cell types do not necessarily
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Figure 4.4 Modeling single cell transcriptome changes during differentiation. (A)
Sketch of modeling concept. Individual state transitions are modeled as discrete state-changes.
Transition times are described based on gamma-distributions and modeled based on a stochastic
simulation algorithm (cf. supplementary Methods, Section B.5). Each cells transcriptome is ad-
ditionally modeled and updated based on a formal description once a phenotypic state transition
occurs. (B) Typical model output for Th cell differentiation into Th1, Tfh and Tchr (chronic) cells
with fixed branching probabilities for n = 1000 cells. (C) PCA plot for modeled gene expression
shown for cells at the endpoint shown in (B). Colors indicate cell fate as in (B). (D) Modeled gene
expression for a Th1 signature gene for individual cells.

contradict the notion of highly heterogeneous expression signatures. In fact, the modeling
framework presented here may enable to investigate how heterogeneity emerges in different
fate-decision scenarios and to investigate questions as to the timing and nature of the
fate-transition. For instance, one could analyse how gene expression changes when fate
probabilities are fixed compared to when cytokines affect the decision making process.
This process, while phenotypically similar, might have different dynamics on the gene
expression level.
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4.4 Methods

Analysis of single-cell sequencing data

Mouse handling, infection models and sequencing library generation were handled by
V. Plajer. Antigen-specific Th cells for LCMV Arm or LCMV Cl13 were harvested
from mice at day 7 after infection. Cells were sequenced using the 10x Genomics plat-
form and data were further aligned and preprocessed using the Cell Ranger pipeline at
the DRFZ core facility. The obtained data sets were analyzed in R (v.4.0) using the
Seurat package (v.4.0.6). Duplets, cells with few expressed genes (n < 700), few to-
tal UMIs (UMItot < 1000), or high mitochondrial content (mc > 5%) were removed
by applying appropriate selection filters based on visual inspection of the respective his-
tograms. Afterwards, the default Seurat processing pipeline was applied including log-
normalization (scale.factor = 10000), selection of variable features (nfeatures = 2000)
and scaling of the data. Dimensionality of the data was assessed by ranking of princi-
pal components (elbow method) and first 10 principal components were used for Louvain
clustering (res = 0.5) and as input for non-linear dimension reduction methods (UMAP,
min.dist = 0.3, neighbors = 30).

Stochastic simulations

To model state transitions between single cells, a delayed stochastic simulation algorithm
was used as described previously [217] and adopted to account for intracellular gene ex-
pression. For a pseudocode formulation of the algorithm, see Section B.5. Briefly, cell
transition times and reactions were calculated based on brute-force, step-wise integration
of the corresponding CDF of the gamma-distribution that describes the probability to
remain in the given state. A state transition was assigned if the integral of the gamma-
distribution for a given time t was greater than a random number drawn from a uniform
distribution. After a state transition occurred, the state variables in each cell were reset.
All model simulations were carried out in JULIA v.1.7.2.

4.5 Summary

In this chapter, a single-cell sequencing data set was introduced and analyzed that describes
the differentiation state of Th cells in acute and chronic LCMV infection. Based on the
analysis of established gene expression markers, the data showed a clear distinction of
Th1 and Tfh subtypes in both infection settings. The Th1 and Tfh clusters could be
further grouped into subclusters that showed different expression signatures, particularly
for chronic markers such Pdcd1 in the chronic infection setting, indicating that some,
but not all cells adopted a chronic phenotype. Additionally, a stochastic version of the
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modeling framework developed in Chapter 3 is introduced that allows to consider gene
expression changes in individual cells on top of discrete phenotypical state transitions.
The model simulations produce data with expression properties that are typical for single-
cell experiments. The framework can incorporate arbitrary input distributions to describe
the gene expression of naive cells and update functions to describe gene-expression changes
during cell-state transitions, allowing to analyze expression heterogeneity within canonical
cell phenotypes.
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5. Data-driven mathematical model
of apoptosis regulation in memory
plasma cells

The content of this chapter is based on the following publication:
P. Burt, R. Cornelis, G. Geissler, S. Hahne, A. Radbruch, HD. Chang, K. Thurley (2022).
Data-Driven Mathematical Model of Apoptosis Regulation in Memory Plasma Cells. Cells
Formal Analysis: P. Burt, G. Geissler, Investigation: P. Burt, R. Cornelis, G. Geissler
and S. Hahne Conceptualization: K. Thurley, HD. Chang and A. Radbruch. Writing -
original draft, K. Thurley, P. Burt. Writing - review and editing, K. Thurley, P. Burt, R.
Cornelis and HD. Chang. All authors have read and agreed to the published version of the
manuscript.

5.1 Introduction

The vertebrate immune system has the unique ability to provide long-term protection
against pathogens it has encountered previously. An important cellular correlate of this
long-term immunity is the long-lived memory plasma cell, which constitutively secretes
copious amounts of specific antibodies. Antibodies produced by memory plasma cells
serve as a highly efficient barrier against re-infection with pathogens, but have also been
associated with a variety of autoimmune diseases [210, 218, 219]. Memory plasma cell
survival is conditional on signals provided to them in dedicated survival niches, organized
by mesenchymal stromal cells most prominently in the bone marrow, where memory plasma
cells can survive for decades [104, 190, 210, 218, 220]. The survival of memory plasma cells
is mediated through the integration of multiple input signals, including integrin-mediated
contact to mesenchymal stromal cells and signaling via B cell maturation antigen (BCMA)
and Transmembrane activator and CAML interactor (TACI) [221]. In vivo, memory plasma
cells can persist for a lifetime, i.e. they do not have a dedicated half-life: data indicate
that plasma cells survive as long as they are provided with their niche [222,223].

Recently, an in vitro culturing system for the study of plasma cell apoptosis was de-
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veloped [76]. There, it was demonstrated that provision of A proliferation inducing ligand
(APRIL), addressing BMCA, and cell contact to the stromal cell line ST2, maintained
primary bone marrow memory plasma cells in vitro for several days, thus preventing the
rapid apoptosis process observed in absence of those factors [76]. The in vitro system
cannot yet reflect the very long in vivo survival times of plasma cells, which is likely due
to technical limitations - the co-cultured ST2 cells start overgrowing the plasma cells after
∼5 days in culture. Nevertheless, it could be shown that APRIL and stromal cell contact
act via different signaling pathways, NF-kB and PI3K, and address different cellular stress
pathways, namely endoplasmic reticulum stress and mitochondrial stress, respectively.

The wiring and control properties of the network at the interface of plasma cell death
and extracellular factors such as APRIL and ST2 remains poorly understood. However, a
prominent regulatory mechanism restricting the life-span of plasma cells is the widely stud-
ied Bcl-2-associated X protein (BAX)-dependent apoptosis pathway [78], which ultimately
results in the activation of caspases, a family of cysteine proteases (cf. Section 1.2).

Here, we developed a mathematical model of plasma cell survival in the bone marrow
using published [76, 224] and yet unpublished data on key components of the plasma cell
apoptosis pathway. To start, we developed a core model based on established principles of
the BAX-dependent apoptosis pathway with added extracellular input signals APRIL and
ST2 cells and then increased model complexity by considering a more detailed interaction
network of several caspase proteins downstream of the BAX-module. We found that the
survival factors APRIL and ST2 cells had differential rather than additive roles in the reg-
ulation of plasma-cell lifespan extension, acting in different ways and primarily on different
parts of the network. Further, our analysis underlines the essential aspect of differential
caspase regulation for the apoptosis decision and provides insight into the parameters that
could be manipulated to alter plasma cell lifespan.

5.2 A quantitative model of BAX-dependent apoptosis in
plasma cells

Previous experiments have shown that plasma cells are not intrinsically long-lived but that
provision of the cytokine APRIL combined with cell-cell contact, conferred by the stromal
cell line ST2, keeps them alive in vitro for several days. Each factor alone proved to be in-
sufficient to prevent rapid apoptosis [76] (Figure 5.1A). Re-plotting the data from Cornelis
et al. [76] separately for individual experiments revealed an exponential survival curve for
cultured plasma cells, where the half-life is significantly increased from less than 1 day to
more than 6 days after addition of APRIL and ST2 (Figure 5.1B-C and Figure A.13). How
these signals integrate and affect the underlying complex regulatory network facilitating
apoptosis decisions remains unclear (Figure 5.1A). In particular, we wondered whether
the experimental observations could be reconciled with an additive model, where APRIL
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Figure 5.1 Regulation of plasma cell survival via APRIL and ST2. (A) Schematic signal
integration of ST2 and APRIL. How the signals are integrated into the Bax-dependent apoptosis
network is yet unclear. Time course were data taken from Ref. (9) and are here represented as Box
plots. Data were fitted to exponential curves, each experiment at a time (Figure A.13). Curves
shown here represent mean+s.e.m. of those fit results. C) Average half-lives of each condition
based on the fitting procedure from (B). **P < 0.01, ***P < 0.001, n > 12 fits per condition.
Error bars represent standard deviation.

and ST2 synergistically act to inhibit BAX-dependent apoptosis, or alternatively, whether
APRIL and ST2 address fundamentally distinct parts of the apoptosis network.

Since in plasma cells, APRIL stimulates the NF-kB signaling pathway [76,225,226] and
ST2 acts via the PI3K pathway to stimulate the transcription factor FoxO [76], we started
our analysis based on the working-hypothesis that ST2 and APRIL act by targeting com-
ponents of the BAX-dependent apoptosis pathway which is further regulated via members
of the of BCL-2 protein family (cf. Section 1.2).

To derive a mathematical model capturing those processes specifically for memory
plasma cells, we measured the abundance of several key components of the BCL-2 family,
namely BIM, BCL-2, NOXA and MCL-1, after 3 days in the established in vitro culture
system [76] with and without stimulation by APRIL and ST2 by immune-fluorescent single-
cell staining (Figure 5.2A). We found that ST2 cells had a significant negative effect on
BIM, NOXA and MCL-1 concentrations, whereas for APRIL alone, no significant effects
could be detected. The divergent effects of APRIL and ST2 cells on different members of
the BCL-2 family were far more pronounced when considering the ratios within pairs of pro-
and anti-apoptotic proteins (Figure 5.2B). Taking that into account, we also considered
up-regulation of BCL-2 via APRIL stimulation as a plausible mechanism although it was
not significant at direct comparison (Figure 5.2A).
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We used the information gained by experiments to establish a refined regulatory net-
work of BAX-dependent plasma-cell apoptosis (Figure 5.2C). Combined with a recently
published compilation of quantitative data for the BCL-2 interactome (Table 5.1) [224,
227–230], we were now in a position to formulate and annotate a specific mathematical
model of BAX-dependent apoptosis in plasma cells (cf. Methods, Section 5.5). The only
parameters lacking good estimates from the literature are the values describing protein
production rates, which we therefore used as fitting parameters. Indeed, the resulting
model was able to describe the new data set of BCL-2 family member protein abundance
(Figure 5.2D).

Having established a mathematical formulation of the BAX-dependent apoptosis path-
way in the context of plasma cell survival, we proceeded to the original question of whether
APRIL and ST2-dependent regulation of that pathway are sufficient to explain the observed
survival kinetics shown in Figure 5.1B. Interestingly, we found that our model was well able
to fit the protein and survival data individually (Figure A.14), but it was not able to capture
both protein and survival data at the same time within the expected range of the exper-
imental data (Figure 5.2E). In fact, the annotated model predicted a positive regulatory
effect of ST2 on the average level of activated BAX (BAX*) in the plasma cell population
(Figure 5.2F). That ST2-dependent elevation of BAX* cannot be fully compensated for by
APRIL, which explains the disconnect of that data-derived model parameterization with
our cell-survival data (Figure 5.2E). Hence, we concluded that APRIL and ST2-driven reg-
ulation of BAX-dependent apoptosis alone is insufficient to explain the observed survival
curves, and rather, additional regulatory mechanisms must be considered.

5.3 Direct regulation of caspase proteins is required for
effective control

Caspases are not only mediators, but also critical regulators of apoptosis [231, 232], and
the data shown in this chapter suggest that APRIL and ST2 have different roles in their
regulation [76]. Specifically, we found that ST2 inhibits caspases 3 and 7, whereas APRIL
inhibits the ER-stress-induced apoptosis mediated via caspase 12. Therefore, we supple-
mented our core model of BAX-dependent apoptosis by considering a network of caspase
regulation (Figure 5.3A and Eq. 5.4). To specify the model, we added 2 fitting parame-
ters to describe the extended caspase network. This extended model indeed captured the
individual and combined effects of APRIL and ST2 (Figure 5.3B-C). In particular, in con-
trast to the BAX core model, we obtained good results for fitting the new caspase-related
parameters to the plasma cell survival data (Figure 5.3C).

We could previously show that targeted inhibition of caspases had pronounced effects
on plasma cell survival [76]. The successful data annotation gave us the opportunity to
quantify the model dependency on these signaling pathways, as well as the effects of BCL-2-
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Figure 5.2 A mechanistic model quantifies the BAX-dependent apoptosis network
in plasma cells. (A) Geometric mean of measured core proteins in APRIL/ST2/APRIL+ST2
environments normalized to the respective concentration without stimulus (Medium). (B) Ratios
of indicated proteins taken from (A) after normalization to Medium condition. (C) Model scheme.
APRIL and ST2-induced PI3K signal via NFkB and FoxO and thereby affect BCL-2 family protein
abundance data, as shown in panel A. The model includes pro-apoptotic proteins BIM and NOXA
(red) and anti-apoptotic proteins BCL-2 and MCL-1 (green). (D) Protein ratios (see A) fitted to
the model shown in panel B (χ2 = 0.001)). Error bars represent standard deviation. (E) Model fit
to survival kinetics (Figure 5.1B) after fitting the protein ratios (χ2 = 27.12)). (F) Time-course
simulation of the mechanistic apoptosis model for different inputs as indicated.
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Table 5.1 Parameter values used in the mathematical models for plasma cell survival.

Parameter Value Unit Role Source

aBCL-2 0.11 - Effect APRIL on gBCL-2 Fit
sMCL-1 0.37 - Effect ST2 on gMCL-1 Fit
sBCL-2 0.53 - Effect ST2 on gBCL-2 Fit
sBIM 0.49 - Effect ST2 on gBIM Fit
sNOXA 0.40 - Effect ST2 on gNOXA Fit
γ 0.43 d−1 Max. effect size BAX* Fit
κ 1.78 - Max. effect Caspase 12 Fit
β 2.65 - Inhibition strength ST2 on Caspase 3,7 Fit
dMCL-1 16.4 d−1 Decay rate MCL-1 [227]
dBCL-2 0.86 d−1 Decay rate BCL-2 [227]
dBIM 5.94 d−1 Decay rate BIM [229]
dNOXA 32.8 d−1 Decay rate NOXA [230]
dBAX 1.38 d−1 Decay rate BAX [228]
Kd,3 2.0 nM Dissociation constant [224]
Kd,4 22.0 nM Dissociation constant [224]
Kd,5 40.0 nM Dissociation constant [224]
Kd,6 2.50 nM Dissociation constant [224]
Kd,7 68.0 nM Dissociation constant [224]
k+ 0.17 µM d−1 Complex association rate -
k1 43.2 µM d−1 BAX activation rate -
k2 8.64 µM d−1 BAX* deactivation rate -
gp,0 0.86 µM d−1 Basal protein growth -
α 10.0 - Inhibition strength APRIL on Caspase 12 -
KBAX 200 nM Half-saturation constant BAX half-life -
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family members (Figure 5.3D and Figure A.15). As expected, the analysis showed strong
effects for the regulation of caspase 3/7. That is in agreement with previous experiments
and with the intuition gained from Figure 5.2E, that direct regulation of caspase 3/7
through the ST2/PI3K-pathway is required to counteract the pro-apoptotic role of ST2
within the BAX-dependent apoptosis pathway. Furthermore, previous experiments have
revealed quantitative effects in response to partial inhibition of PI3K and NFkB [76].
Indeed, our model simulations indicated a gradual response to PI3K and NFkB, in contrast
to a rather all-or-none type of regulation in the case of apoptotic proteins. Regulation of
NFkB turned out to have the largest effect on plasma cell life-span (Figure 5.3E), also in
line with previous experiments.

Taken together, our analysis suggests that a unified description of the two considered
data sets requires consideration of both BAX-dependent and BAX-independent regulation
of caspases via both APRIL/NFkB and ST2/PI3K.

5.4 Full model topology is essential to describe plasma cell
survival

To further test whether our proposed model topology was necessary to describe all available
data, we derived a set of sub-models that lacked one or more components of the full model
(Figure 5.4A). For each possible combination, we fitted the model to the available data
and compared the fitting result to the original model fit (Figure 5.4B and Figure A.16).
The full model had clearly the smallest fitting error (χ2), and models lacking regulatory
effects of either APRIL, ST2 or both on caspase activity all provided similar fitting quality
(Figure 5.4B). For a refined model comparison, we employed Akaike’s information crite-
rion (AIC) (Figure 5.4C), a well-established metric for comparing models with differing
numbers of fitting parameters [231]. AIC values lack a direct interpretation, and thus
we only considered differences between models (−∆AIC) and here we show −∆AIC in
relation to the model with poorest fit quality (Figure 5.4C). A difference of ∆AIC > 2 is
usually regarded as significant, and therefore the analysis clearly ruled out all sub-models
(Figure 5.4C). Nevertheless, the ∆AIC representation can also be regarded as a ranking
of the most critical model components for explanation of the available data. As such, it
is intriguing that ST2-driven regulation of caspase 3/7 was the most critical individual
factor (panel (iv) in Figure 5.4A and C), even exceeding the effect of by-passing caspase
regulation completely (panel (vi)). Hence, our model analysis supports both a strong role
for BAX-independent caspase regulation and the critical need of ST2-derived signals for
effective regulation of plasma cell survival.
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Figure 5.3 Unifying the data sets on MCL-2 family members and plasma cell survival
data requires direct regulation of caspases. (A) Model scheme, combination of the mecha-
nistic mitochondrial apoptosis model (see Figure 5.2B) with ER-stress-induced caspase activation.
(B-C) Combined model fit to protein data and survival kinetics (χ2 = 0.152)). Error bars repre-
sent standard deviation. (D) Effect on half-life for simulated partial inhibition or overexpression
of BAX/BCL-2 family-proteins and caspases 3, 7 and 12. Parameters were varied by one order of
magnitude with respect to the best-fit parameter value. (E) Effect of quantitative inhibition or
overexpression of NFkB, PI3K and apoptotic regulators on half-life. Parameters were varied as 2,
5, or 10-fold-change with respect to the best-fit parameter value.
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Figure 5.4 All considered regulatory processes are required to explain the data. (A)
Different hypothetic network topologies (ii-vi) as submodules of the model shown in (3A), here
presented as a condensed version (i). Abbreviations: M2: Model 2; A: APRIL; S:ST2; C12:
Caspase 12; C3/7: Caspase 3, Caspase 7. Model components removed from the full model are
shown in red. (B) goodness-of-fit for each submodel (ii-vi). (C) Akaike information criterion
(−∆AIC) for each sub-model compared to the full model (i), where the model with smallest
−∆AIC is used as a reference and set to 0.

5.5 Methods

Data analysis and statistics

To estimate the half-life for plasma cells under different conditions, an exponential decay
function

f(t) = 100e−λt (5.1)

was fitted to each individual time series. The resulting decay rates were converted to
half-lives for each condition according to:

t1/2 = ln(2)/λ, (5.2)

where λ represents the average decay rate summarized from the individual fit procedures.
To compare average protein concentrations, geometric means for each protein measured
under a specific condition were first normalized to the respective medium condition and
then compared using an unpaired Student’s t-test. Uncertainties of protein ratios were
calculated from the normalized protein concentrations by bootstrapping. To this end,
sample-sections were repeatedly drawn from the original samples with replacement to es-
timate mean and standard deviation of the data.
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Mathematical models and numerical simulations for plasma cell survival

A complete description of the model equations is provided in section B.4, parameters are
listed in Table 5.1. In brief, the model consists of two parts:

a) BAX-dependent apoptosis, considering the following processes: (i) production and
degradation of MCL-2 family proteins in dependence of the input stimuli APRIL and ST2,
(ii) complex formation between pro- and anti-apoptotic proteins (see Figure 5.2B), and
(iii) a dependence of the average half-life of the plasma cell population on the average
concentration of activated BAX (BAX*) as follows:

λ = γ
[BAX∗]3

K3
BAX + [BAX∗]3

. (5.3)

b) BAX-independent regulation of caspases: To consider the effect of direct caspase
regulation by APRIL and ST2 on the apoptosis decision, the BAX-Apoptosis model was
extended as follows (see Figure 5.3A and text), assuming additional regulation of the cell-
death rate λ:

λ = γ

(
[BAX∗]3

K3
BAX + [BAX∗]3

+
κ

1 + αf([APRIL]

)(
1

1 + βf([ST2]

)
. (5.4)

That means, the cell-death rate γ is increased due to the activity of caspase 3/7, which is
induced through a combination of BAX-dependent and independent effects. Those BAX-
independent effects stem from activity of caspase 12, which can be inhibited by APRIL.
Finally, the activity of caspase 3/7 can be inhibited by ST2. Here, the fitting parameter
κ is the relative effect of caspase 12 activity, the fitting parameter β denotes the maximal
inhibitory effect ST2 on caspase 3/7, and we set α = 10 for the inhibitory effect size
of APRIL. For model fitting to our data in absence and presence of APRIL and ST2, a
Boolean formulation was adopted for the regulatory function:

f(x) =

1, x > 0

0, x = 0.
(5.5)

Modification of this function into a more specific Hill-type form such as f(x) = xn/(xn +Kn)

is straight-forward. All model simulations were carried out in Python 3.8. Ordinary differ-
ential equations were solved using the scipy.odeint routine. For curve-fitting, least-squares
optimization was employed using the Levenberg–Marquardt algorithm implemented in the
Python lmfit library with the cost function

χ2 =

N∑
i=1

((yi − f(xi))/σi)
2, (5.6)
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where f(xi) represent model predictions, yi, σi represent measured data and data uncer-
tainties, respectively and N denotes the number of data points. For the calculation of AIC,
the convention

AIC = 2k +N ln(χ2/N), (5.7)

was used, where k represents the number of fit parameters. For the perturbation anal-
ysis, the effect size was defined as the log2 fold-change of half-life (or BAX*) between a
model simulation with best-fit parameter values and the model simulation with perturbed
parameters. The parameters were either up- or downregulated by 2, 5 or 10-fold variation
of the best-fit parameter value.

5.6 Summary

In this chapter, a mathematical model describing the survival of plasma cells in the bone
marrow was introduced. The model was used to unify two acquired data sets, namely
abundance of pro- and anti-apoptotic proteins and plasma-cell survival kinetics in the
presence of the soluble factor APRIL and/or stromal ST2 cells as cell-contact dependent
survival signal. The direct measurement of multiple important regulators of apoptosis al-
lowed design and data-annotation of an intracellular fate-decision model. In this annotated
model, the balance of survival proteins was shown to be a critical factor for the lifespan
of plasma cells. To explain all available data, assuming a combination of direct caspase
regulation together with regulation of BAX-dependent pathways was essential. The life-
span of immune cell populations is tightly controlled and a critical property for a range of
inflammatory processes, as previously discussed in Chapter 3 for T cells but also for also
for other immune cells such as NK cells. Particularly for plasma cells, survival is essential
to provide long-lasting protection. The presented study shows how kinetic in vitro anal-
yses combined with mathematical modeling can contribute to understanding the complex
interaction networks that govern plasma cell fate.
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6. Discussion and conclusion

In this thesis, the kinetic nature of lymphocyte differentiation, proliferation and survival
was addressed using quantitative mathematical models. This chapter will highlight the
most important findings, discuss potential improvements and provide an outlook to the
reader.

Kinetic analysis of Th cell transcriptomes

In Chapter 2 of this thesis, a high-resolution kinetic transcriptome data set following CD4+

T cell differentiation into multiple effector subsets was presented and analyzed. Assessment
of the global transcriptomic trajectory revealed that time was the variable accounting for
the largest differences between cell types. The fact that all polarizing conditions induced a
similar trend in the transcriptome dynamics is most likely due to a shared general program
of cell cycle, metabolism and other T cell activation processes. Interestingly, differences
between individual cell types could be clearly seen around 24 hrs after activation, once
highly correlated data that contributed most to the shared program were removed. Hence,
the primary exploratory analysis showed that a simple linear dimension reduction - when
combined with appropriate data processing - can be sufficient to obtain an idea of when
different trends in the data emerge.

In vivo, fate-divergence times for CD4+ and CD8+ T cells have been reported in the
range of day 2 to day 4 after infection [156, 195, 233]. Generally, it can be assumed that
the timing of bifurcation into different lineages strongly depends on the type of infection
and the corresponding antigen dynamics. For instance, in slow-replicating malaria infection
models, bifurcation points around day 4 post infection were reported [195]. In contrast, the
Th cell activation in the experiments presented in Chapter 2 was induced by stimulating
appropriate Th cell receptors directly via anti-CD3 and anti-CD28. This type of activation
most likely does not represent the strength and timing of Th cell activation in vivo where
a whole cascade of events, including cell trafficking and antigen recognition by APC has
to take place before a Th cell clone with an antigen-specific TCR even has the chance to
become activated [100]. Another factor that complicates the estimation of fate-bifurcation
time points in the in vivo setting is that data on early (day 0 - day 2 post infection) T cell
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characterization are sparse, mostly because it is very challenging to obtain sufficient cell
numbers of antigen-specific T cells. For this reason, in vitro models represent a suitable
and easily-accessible alternative to dissect fate-bifurcation events. Therefore, the data
presented in Chapter 2 represent a valuable resource to learn about early Th cell decision-
making.

Employing a coarse-grained kinetic clustering analysis on the transcriptome data, three
kinetic clusters were identified with similar dynamics between cell types. Many well-
known candidate genes of Th1 and Th2 cells were identified as kinetically expressed upon
activation and could be found across all identified clusters (transient upregulation, stable
upregulation, stable downregulation). Additionally, pathway enrichment analysis revealed
Th cell related cytokine signatures such as Interferon- and IL-2 signaling in all clusters.
These findings corroborate the view that lineage-specific gene expression not necessarily
needs to be stable over time and that other factors such as epigenetic regulation are required
to stabilize and maintain Th cell phenotypes. In fact, for cytokines such as IL-2, IFN-γ,
TNF-α and IL-4, transient secretion dynamics are quite common [234, 235]. Similarly,
receptors are often upregulated only transiently [67]. Many of those transient dynamics
that certainly affect differentiation would be difficult to find by only looking at one or
two time points. Thus the analysis provided here underlines the heterogenic nature of
gene expression dynamics and underscores the value of kinetic information during cell
differentiation.

A caveat of the data presented in Chapter 2 is that only one replicate is available which
complicates averaging and follow-up statistical analyses. Lack of replicates is a common
issue in longitudinal studies where a trade-off has to be made not only with respect to cost
but also with respect to working capacity. Luckily, in the case presented here, the replicated
time-series showed very similar results for both qualitative exploratory observations and
downstream analyses. Generally, the answer when to prefer more replicates over more time
points depends on the research question at hand. In circadian research, where time-series
analysis is quite common, some researchers have argued that higher sampling frequencies
may be preferred over more replicates, at least if the goal is to derive quantitative properties
like phase or amplitude [236]. Along those lines, one could argue that statistical analysis
like the linear gene expression model presented in the last section of Chapter 2 could benefit
from a higher number of replicates whereas characterization of kinetic patterns would be
more difficult with fewer time points. This observation certainly highlights the design
complexity of kinetic studies that could be aided by computational analysis of synthetic
data. Despite the co-expression of T-bet and GATA-3 in the Th1/2 cells, the majority
of genes closely followed either the Th1 or the Th2 cell type dynamics, thus showing “bi-
modal” behavior. In contrast, the expected “in-between” behavior, i.e. a superposition of
the Th1- and Th2 dependent effects was only observed in 20 % of genes. Most remarkably,
an equal portion of again 20% of genes showed independent behavior, indicating that
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the differentiation pattern of those genes could not be attributed to either Th1 or Th2
kinetic patterns or the combination of both. Interestingly, the “independent” genes in the
Th1/2 hybrid cells were shown to be rather controlled by STAT-1/4 than by the otherwise
dominant signature of T-bet or GATA-3 target gene enrichment.

Genes of the STAT family have been shown to play a major role in CD4+ T cell
fate-regulation [41, 131, 237]: STAT-1 and STAT-4 are important regulators of Th1 dif-
ferentiation and may act on different features of the differentiation pathway [131]. IFN-γ
induced STAT-1-signaling has been associated with direct T-bet induction whereas STAT-
4 may further enhance the Th1 phenotype via IL-12 signaling at later stages of activa-
tion [53], already pointing to a complex regulatory network. In contrast, STAT-6 is an
established driver of Th2 differentiation [41]. Regulation via STATs occurs mostly on
the post-translational level via phosphorylation which explains why not all of the STAT
genes were identified as kinetic in the present data. These findings of additional STAT-
regulation on top of T-bet and GATA-3 regulation further corroborate the view that the
master-transcription-factor-paradigm needs to be extended to fully describe the emergence
of complex cellular phenotypes. However, the STAT activity should be further confirmed
in the Th1/2 phenotype, for instance by measuring the phosphorylation and total protein
level of the respective STATs via flow cytometry.

Taken together, the data presented in Chapter 2 suggest that in Th1/2 hybrid cells
(i) large parts of the transcriptome show a tendency towards one of the conventional
Th1 or Th2 cells if longer time intervals are considered, and (ii) much of the remaining
transcriptome rather resembles an independent transcriptional program under STAT-1/4
control rather than a combination of Th1 and Th2 cells, possibly a consequence of GATA-3
and T-bet dependent gene regulation, leading to a mutual cancellation of opposing effects in
those genes. Thus, in order to genuinely characterize the identity of immune cell types, even
high-dimensional snap-shot data might benefit strongly by supplementing data containing
detailed kinetic information.

Quantitative modeling of Th cell differentiation

The detailed kinetic analysis in Chapter 2 is expanded upon in Chapter 3 by the develop-
ment of a mathematical model describing Th cell differentiation and proliferation. First,
the data presented in Chapter 2 are used in concert with published in vivo data from
literature studies to analyse kinetic patterns during Th cell differentiation and to derive
quantitative estimates for timescales of differentiation. Building on these analyses both
conceptual and data-driven models are proposed to describe Th cell responses to acute
and viral infection.

Analysis of several transcriptome differentiation studies in vivo and in vitro including
literature data as well as the data presented in Chapter 2 revealed that the dynamics of
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around 35% of the kinetic genes were best described by a model with non-exponentially dis-
tributed event-times. A similar classification was obtained when the analysis was restricted
to genes relevant to Th cell differentiation, activation and signaling. These results are in
line with previous findings that cellular reaction times are often non-Markovian [89,96,97].
A simplified assumption made in the classification procedure here is that the information
for differentiation is contained in the dynamics until a maximum is reached. This could
lead to transient signals being misclassified as stably upregulated. While this problem
cannot be neglected completely, transient onset dynamics may already encode important
signaling information that may be maintained through further epigenetic modification, a
common regulatory element during Th cell differentiation [108]. Taken together, the com-
bined analysis of several data sets presented here supports the importance of considering
non-exponentially distributed event times for quantitative modeling.

Fitting the arrival-time distributions of several genes related to Th1 differentiation to
the data presented in Chapter 2 revealed an average Th1 differentiation time of 37 h after
activation. For the sake of simplicity it was assumed that the cell phenotype is a repre-
sentation of its transcriptional state. From a functional perspective, cytokine secretion,
upregulation of lineage-specific surface markers and spatial location could also be consid-
ered essential properties of a fully differentiated cell. The latter point might be especially
important for Tfh cells that are required to reach germinal centers to become fully differ-
entiated. Interestingly, the estimate of the in vitro Th1 differentiation time is very close
to the time until cells undergo their first division [95]. Fate-specific markers have been ob-
served in vivo for cells having completed one division [156], indicating that differentiation
of some cells might occur already at this early stage. Nonetheless, the in vitro differentia-
tion time estimated here should rather be considered a lower bound for differentiation-time
estimates in vivo.

Building on the kinetic data analysis, a model was developed in this thesis that describes
Th cell fate-decisions after stimulation including proliferation and differentiation into an
arbitrary number of effector cell subsets. The model framework is based on response-
time-modeling, that allows to integrate the quantitative estimates for non-exponentially
distributed cellular reaction-times [89]. The specific contribution made within this thesis
is that the presented models consider different cellular decisions such as proliferation,
differentiation and apoptosis in a combined fashion. Similar models have been developed
previously that focused on one specific cell- decision process such as proliferation, for
example in NK cells and B cells [64,238]. Generally, it is possible to formulate the stochastic
processes inherent to the presented model as a set of integral equations which are, however,
difficult to solve both numerically and analytically. Here, a formulation as an ODE model
is provided that conveniently combines proliferation and differentiation based on a version
of the linear chain trick [89, 97]. The adopted approach thus circumvents the notion of
the conceptually complicated stochastic formulation and makes the modeling framework
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accessible to a broader audience.

When exposed to timed in silico perturbations, predicted dynamics from the response-
time model deviated from the behavior observed in a model with exponentially-distributed
interevent-times, especially when state-changes were subject to feedback regulation. Such
feedbacks are a prominent feature of cell-cell communication systems in general and well
investigated for T cells in particular [9, 42, 43, 52, 53]. Thus, the combination of feedback
together with non-exponential reaction dynamics is a regular motif in T cell fate-decisions
highlighting the need for accurate quantitative models.

Previous models of lymphocyte dynamics are well-established and provide good fit es-
timates for both population and single-cell data [239]. However, regardless of the specific
model formulation, it is a challenge to obtain good estimates for proliferation and death
parameters that are often difficult to measure in an independent fashion [239]. In many
cases, proliferation and death were assumed to be regulated by external signals such as
time, antigen or IL-2 [61,63,68]. However, less attention has been devoted to the analysis
of the robustness of the dynamics that are implicitly entailed within each regulatory as-
sumption. In this study, different minimal models of Th cell proliferation and contraction
were compared, all of which were able to produce dynamics that qualitatively resembled
typical Th cell responses. However, a thorough robustness analysis of the different models
revealed that a combination of IL-2 dependent and independent proliferation was the best
choice to achieve a robust response.

Homeostasis and robustness of immune populations has been addressed previously but
with a focus on how signals regulating proliferation and cell death can induce a stable
steady state - a context in which mathematical models have been proven to be very useful
in revealing the regulatory circuits that support homeostasis [8,9,54]. However, while such
controlled homeostasis may be important and typical both for naive and memory Th cells,
the regulatory architecture that allows tunable but robust expansion of effector cells is less
clear. Not only failure to expand upon antigenic stimulation but also overshooting immune
responses can have drastic effects: Recent evidence for this comes from COVID-19 patients
with severe disease courses that have been linked to critically high concentrations of proin-
flammatory cytokines induced through overaccumulation of tissue-localized immune cells,
also known as cytokine storms [240, 241]. Thus, robustness of lymphocyte expansion as
suggested in the presented model is a crucial property for maintaining functional immune
responses.

Building on high-resolution in vitro data, the established modeling framework was ap-
plied to acute and chronic viral infection scenarios. Assuming antigen-dependent branching
probabilities and attenuated proliferation of chronic cells sufficed to reproduce the different
Th cell properties commonly observed between acute and chronic viral infection such as
lower overall CD4+ T cell frequencies and increased numbers of chronic cells. Additionally,
the model produced good quantitative fits to different in vivo data sets both for chronic
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and acute infection and also captured the increase in Tfh frequencies over time during
chronic infection. Thus, the model presented here can serve as a core motif to further
understand the shifts in the Th cell compartment during chronic viral infection.

Performing systematic in silico analyses of the fully annotated model with timed on- and
off-setting of feedback parameters revealed a parameter landscape with a tongue-shaped
area that indicated optimal intervention times: A perturbation between day 1 and day 2
sufficed to achieve more than 75 % of the maximum perturbation effect achieved through
continuous perturbation. Intervention during this time window was also more effective than
earlier or later perturbations with similar durations. Optimal timing of perturbation is an
important property that is highly relevant for clinical applications. A prominent example
of utilizing a “window of opportunity” comes from research on multiple sclerosis where
some researchers have argued for a “hit hard and early” treatment strategy [242]. Another
prime example of timed treatment is chronotherapy [243], where treatment is strategically
administered in accordance with the circadian rhythm of patients. The model developed
in this thesis suggests that in the context of viral-infection, where cell differentiation is the
target of perturbation, the “hit hard and early” concept could be refined by intermediate
intervention times. The approach presented here, shows how quantitative models can
contribute to understanding the effects of relevant clinical perturbations. However, the
question remains to which extend the model estimates for the window of opportunity are
a robust property. To test this, further interrogation of the model is required both with
respect to the regulatory mechanisms assumed during cell differentiation as well as for the
model topology.

The primary regulatory mechanism assumed in the current state of the model is the
modulation of branching probabilities based on antigen levels. It is known from mouse
models of chronic infections that low and high antigen doses of the same virus can induce
acute and chronic disease courses. Therefore, antigen is certainly a major driver for shifting
the balance from acute towards chronic infection. It is also well established that antigen-
mediated TCR stimulation can directly affect the probability of differentiating cells to
favor a Tfh fate [166, 172, 173]. In other cases it is less clear if chronic antigen exposure
affects the Th cells directly or if antigen-dose merely is the catalyst that sparks a shift
in the overall immune response which is then fostered and stabilized by cytokines. For
example, Type I IFN produced by antigen-stimulated DC is highly upregulated in chronic
infection and can directly affect Th1 responses but also induce anti-inflammatory IL-10
production by other cell types [160,177]. In turn, IL-10 has been associated with reduced
activation potential of APC [161]. In summary, both direct and indirect effects via antigen
and cytokines most likely contribute to the complex fate-decisions in vivo.

Recognizing the complexity of the chronic viral setting, raises the question whether
additional cellular interactions and cytokines should be considered. The advantage of the
antigen-driven model presented here is its relatively small number of parameters while still
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being in good agreement with the available data. However, upscaling the model to an
arbitrary degree of complexity could be easily achieved, for instance by adding additional
cytokines essential to chronic infection such as IL-10. Here, the most obvious question
to pursue would be whether IL-10 secreted by chronic cells and late-stage effector cells
stabilizes the differentiation circuit via negative feedback on the proliferation. Moreover,
the pleiotropic effects of IFN-I could be investigated that has been shown to both promote
Th1 responses directly but to also induce IL-10 and in other cells [176, 181]. Additional
aspects that could be considered are differential IL-2 secretion between Precursor, Tfh and
Th1 cells [172,214] as well as the positive feedback of Th1 and Tfh effector cytokines IFN-γ
and IL-21. Such questions of appropriate scale are inherent to all modeling approaches
[244,245]. Capturing the complexity of the whole immune cell network is, if at all possible,
only helpful if backed up with data. However, data sets that allow quantitative annotation
of above-mentioned cytokine interactions during chronic viral infection in a comprehensive
fashion are currently lacking.

Besides adding cytokine regulation, the model topology could be further investigated
in future research. In this regard, a crucial question is at which stage the chronic cells
branch off. Among many potential topologies, the assumption used in the current model
is that chronic cells develop directly from precursors. Alternatively, one could assume that
chronic cells emerge only at later stages of infection as successors of fully differentiated
effector cells. The question of model topology can also be considered from a functional
perspective: Are chronic cells related to effector cells with diminished or shifted functions,
or are chronic cells more similar to memory cells (i.e. chronic memory cells [246])? In
CD8+ effector T cells, it seems that both early branching and linear topologies give rise to
memory phenotypes [247].

Quantitative models that combine Th cell proliferation and differentiation have so
far mostly focused on fundamental cell-state-changes such as transitions between naive,
effector and memory cells but have not considered differences between effector cells [59,183].
In comparison, the model presented in this thesis makes a refined approach by considering
individually parameterized effector subsets. The distinction between effector subsets seems
especially important considering the unique functional roles of Tfh and chronic cell types
compared to other effector subsets [106]. However, quantitative parameters describing the
properties of individual subsets are largely missing. In the case of proliferation and death
it seems reasonable to assume that values for subset-specific proliferation reside within the
lower and upper bounds of the respective rates observed for in vitro activated Th cells. To
obtain estimates for branching probabilities, adoptive transfer experiments with targeted
in vivo knockouts of subset-specific cytokine receptors have been planned in collaboration
with the Löhning lab (DRFZ) but were not available at the time of writing this thesis.
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Single-cell characterization of Th1 and Tfh cells in chronic
viral infection

The distinction of chronic Th1 and Tfh subsets proposed in the model raises the question
of how to define chronic cell states. Are chronic cell states a subprogram of each effector
lineage or rather one distinct population with unique properties? Generally, most stud-
ies focusing on chronic T cells published so far have focused on CD8+ T cells and data
on CD4+ T cells have only begun to emerge recently. For Th1 cells, the transition into
an IL-10+ IFN-γ+ phenotype has been observed in some studies but the functional prop-
erties of this phenotype are still poorly defined [11, 165]. In Tfh cells, typical chronicity
markers such as PD-1 and LAG-3 are naturally expressed so that the functional and pheno-
typic characterization has to be achieved through additional markers. Interestingly, recent
single-cell sequencing data revealed a subset of IL-10+ Tfh cells in chronic infection that
also showed diminished help to B cells, indicating some functional divergence of the Tfh
population compared to acute infection [248]. Additionally, many of the current studies on
chronic CD4+ T cell phenotypes stem from malaria infection models. The malaria model
does induce a chronic inflammatory response in the sense that it induces a long-lasting
disease course, however, there is no comparable acute infection scenario (except for the
treatment with anti-malarial drugs [165]). Additionally, the parasitic infection might not
be transferable directly to viral infection models, emphasizing the need for suitable data
sets of CD4+ T cell differentiation in chronic viral infection.

To further profile the Th cell phenotype during chronic infection, single-cell sequencing
data of mouse CD4+ T cells exposed to acute or chronic variants of the lymphocytic chori-
omeningitis mammarenavirus (LCMV) was kindly provided through collaboration with AG
Löhning (DRFZ). Exploratory data analysis revealed two distinct clusters that showed ele-
vated expression of known Th1 and Tfh markers. In the chronic setting, most cells in both
Th1 and Tfh clusters expressed inhibitory markers such as Pdcd1 and Lag3. Interestingly,
the Tfh cluster could be further split into three subclusters that could be distinguished
by Pdcd1 expression, highlighting heterogeneity within the Tfh compartment. A similar
distinction of subclusters based on Pdcd1 expression was observed in the Th1 compart-
ment even though the overall fraction of Pdcd1 - cells in this case was very small. Thus, it
seems that the majority of Th1 cells adopted a chronic phenotype. Overall, cytokine genes
were poorly expressed, making it difficult to assess whether the Th1 cells resembled the
previously described Tr1 (IFN-γ+ IL-10+) phenotype. However, those Tr1 cells could also
emerge at later stages of infection when the chronic environment is fully established [165].
Likewise, the Tcf7+Pdcd1 - Tfh population might resemble not fully differentiated Tfh
cells, i.e. cells that have not reached the germinal center [172, 174]. Thus, future analyses
should focus on kinetically profiling different stages of infection, potentially in combination
with methods for trajectory inference as well as measurement of cytokine secretion on the
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protein level. Additionally, integration of the two data sets could be considered to directly
compare the phenotypes of effector and chronic cells. However, in this case the focus was
to derive more subtle differences between individual subsets within each infection model.
In conclusion, the data support a model of distinct chronic and effector versions of both
Th1 and Tfh cells.

While the exploratory analysis of the murine CD4+ T cell data supports the ideas pro-
posed in the model, a challenge remains in how to use the rich information from single-cell
sequencing data in combination with quantitative mechanistic models. One prominent fea-
ture of single-cell data is intrapopulation heterogeneity. To account for this heterogeneity,
the model framework in Chapter 3 was extended by providing a two-layered stochastic
version of the model. In the proposed model, each cell is represented both as a phenotypic
entity which can undergo discrete state-transitions and as a container that holds genomic
information. The gene expression within individual cells changes once a decision is made on
the phenotypic level. Based on brute-force stochastic simulations, kinetic single cell data
sets were simulated that showed similar qualitative characteristics to those of real single
cell data. At this stage of conceptualization, the proposed model makes use of update
rules that affect a predefined set of “fate-decision genes”. To refine this, parameters such as
shape and scale of the gene expression distribution could be estimated based on available
single-cell data of CD4+ T cells for different stages of differentiation. Additionally, the
sparsity of single-cell data sets could be addressed by incorporating typical drop-out rates.
Such a data-driven approach would further allow to quantify the changes in gene expression
for candidate effector genes as well as the number of commonly detected signature genes.

Single-cell dynamics have been modeled previously using stochastic simulations but
only focusing on qualitative simulations of small-scale gene regulatory networks [249]. In
contrast, the approach presented in Chapter 4 does not make any assumptions about the
underlying regulatory machinery that induces fate-transitions but rather abstracts this
notion to derive general properties on the gene expression space. Other stochastic models
assuming non-Markovian properties have been previously used to combine macroscopic
cell-state models with gene expression data [250]. However, in these cases, quantitative
features were extracted from the gene expression space and then compared to the discrete
modeling events instead of modeling gene expression dynamics directly. The modeling
approach presented in Chapter 4 - when appropriately tailored to data - would allow to
make predictions directly within the gene expression space. In summary, the presented
model represents a valuable contribution to the emergent issue of how the wealth of single-
cell data can be combined with mechanistic models.
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Modeling plasma cell survival

In Chapter 5, a mathematical model describing the survival of plasma cells in the bone
marrow was developed. Based on the model two acquired data sets were combined, namely
plasma-cell survival kinetics in the presence of the soluble factor APRIL and/or stromal
ST2 cells and flow-cytometric measurements of pro- and anti-apoptotic proteins. In the
annotated model, the balance of survival proteins is a critical factor for the lifespan of
plasma cells. Here, it was found that the regulation of BAX-dependent pathways com-
bined with direct caspase regulation is essential to explain the available data. Moreover,
previously established effects of targeted inhibition of NFkB/PI3K and caspases could be
largely recovered.

Apoptosis regulation in plasma cells is largely affected by stress in the endoplasmic
reticulum (ER) [78, 251]. Due to protein misfolding, plasma cells experience high ER-
stress since they produce vast amounts of antibodies. Besides its established localization to
mitochondria, BAX was also found at the ER of plasma cells, further highlighting the role of
ER-related apoptosis events [78]. Recently, it was found that caspases 3, 7 and 12, which are
known mediators of apoptosis, are affected by the plasma cell microenvironment composed
of stromal cell contact and the cytokine APRIL [76]. When exposed to mitochondrial stress,
caspases 3 and 7 are activated and further regulated via PI3K signaling upon cell contact
to stromal cells [232]. Additionally, signaling via the NF-kB pathway inhibits activation
of the ER-associated caspase 12 [76]. The model presented in this thesis showed that
regulation without caspases could not explain all available data. However, by extending
the model to consider differential regulation of caspases via APRIL and ST2, an extended
model allowed to reconcile the available apoptosis kinetics and protein abundance data.

As recently demonstrated for mild SARS-Cov2 infections in humans, memory plasma
cells can provide long-lasting protection against infections [252]. However, strategic deple-
tion of plasma cells has also been proposed, for example to treat autoimmune diseases such
as lupus erythematosus [219]. Similar to other immune cells such as T, B and NK sub-
populations, the life-span of plasma cells is a critical property for mediating inflammatory
processes and thus tightly controlled [60, 64, 68]. Therefore, a better quantitative under-
standing of the regulatory processes controlling the life span of memory plasma cells and
other immune cell types will be critical for optimized targeted therapy and personalized
medicine approaches.

Both computational and mathematical modeling studies have been extensively used to
investigate the regulatory networks driving T cell and B cell differentiation and transition to
memory cell types. Analyses of cell death as an immunological decision scenario, specifically
in plasma cell biology are still rare. One aspect that has been focused on recently is the
characterization of the survival niche [253]. In this thesis, a quantitative model of apoptosis
regulation in plasma cells was developed that was annotated by combining data from an
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in vitro culturing system with available literature data. Thus, this model may motivate
further mechanistic and quantitative analyses of cell death decisions in specific tissue and
immune cell types.

Conclusion and Outlook

Immune responses result from the complex interplay of multiple interacting cells and their
decisions based on input and output signals. By providing mathematical models of such
cellular interaction circuits, this thesis supports a view of a quantitatively regulated im-
mune system: it highlights that it is important to understand not only general cellular
motifs but also quantitative annotations of these processes.

The fate-decisions of T helper cells have been studied extensively both by models and
experiment. This thesis contributed to two aspects of the fate-decision process that still
deserve attention. In the first part, the gene regulatory architecture of hybrid Th1/2
phenotype was addressed. Here, based on a detailed kinetic analysis, the finding was that
additional layers of regulation beyond the conventional master transcription factors can
help to explain the establishment of mixed phenotypes.

In the second part of the thesis, a quantitative model of Th cell differentiation dur-
ing chronic viral infection is developed. A particular feature of chronic infection is the
decision of Th cells to differentiate into a chronic phenotype with attenuated effector func-
tion. The decision to transition into a chronic phenotype is quantitatively regulated: it
comprises weighing the risk of a pathogenic threat against the risk of self-induced im-
munopathology. Thus, quantitative investigation is required. To achieve this, the model
incorporates features from established models of lymphocyte proliferation and brings these
features together with differentiation circuits. A particular contribution made within this
thesis is the combination of directly measurable parameters from in vitro data to annotate
response-time distributions for differentiation and proliferation with a final model fit to
ex-vivo kinetic data. One of the predictions of the model is that optimal perturbation via
antibody blockade does not follow a simple “hit hard and early” principle. Instead, the
best “window of opportunity” for perturbation depends on the kinetics of differentiation
onset. Based on the data analysis provided in this thesis, intermediate perturbation times
might work best to direct Th cell responses, highlighting the need and usefulness of kinetic
data in combination with modeling.

The established model can provide insights for hypothesis generation in cases where
direct measurements are difficult. For example, the Th cell differentiation topology in vivo
and the precise nodes at which chronic cells emerge are yet to be determined. Moreover, in
the chronic infection scenario, multiple feedback circuits, particularly the effects of IL-10,
IFN-I and IL-6 most likely affect the decision process which could be studied with the
model. Since chronification is not limited to Th cells, the decision-circuit presented in this
thesis could be translated to other cell types and disease scenarios. In this thesis, the data
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analyses were performed on mouse data, however, the model could also be adopted for
other use cases including chronic viral infections in humans such as HIV, HCV and SIV or
tumor growth.

In the third part of this thesis, a quantitative analysis of plasma cell apoptosis was
provided. While the experimental model was based on in vitro data and did not fully
capture the long halflives of DC in vivo, a mathematical model was still able to provide
interesting insights: The model supports a view in which caspases non-redundantly regulate
cell death on top of established BAX-BAK apoptosis cascade by the means of two survival
factors.

As seen from the modeling approaches provided in this thesis, simple mechanistic mod-
els can help to understand immune processes despite the overarching complexity that
inevitably arises when looking at the whole immune system. Despite the overwhelming
wealth of data gathered with high-throughput methods, such models can help by provid-
ing intuition, fostering debates and by generating hypotheses. For this, a major challenge
in the next years will be to integrate data from different sources and to leverage both the
power of unsupervised machine learning approaches and of mechanistic models.
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Figure A.1 Flow-cytometric evaluation of Th cell subsets. (A) Flow cytometry analysis
of signature cytokines of mouse-derived naive CD4+ Th cells exposed to polarizing Th1, Th0, Th2
and Th1/2 conditions 120 hours after activation. (B) Staining for signature transcription factors of
Th cell subsets for the same conditions as in (A). Geometric mean indices for T-bet and GATA-3
are shown.
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Figure A.2 Exploratory data analysis and quality controls. (A) Transcription factors and
signature cytokines for Th cell subsets in replicate 2. (B) PCA for replicate 2. (C) Heatmap of all
expressed genes (replicate 1). Cell types are indicated by color as in panel (A). (D) Workflow to
remove highly correlated genes. Gene-wise correlation was computed for all pairwise comparisons
between samples. All genes with correlation coefficient exceeding a threshold value in at least one
comparison were removed. (E) Time-evolution of principal components with and without removal
of highly correlated genes.
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Figure A.3 Supplementary analysis of kinetic gene expression profiles. (A) Regression-
based MaSigPro workflow to analyze kinetic gene expression profiles. Kinetic genes are identified
by regression and then clustered based on gene-gene correlation (cf. methods, Section 2.6). (B-D)
Kinetic gene expression patterns computed setting the number of clusters to n= 3, 4 and 5. Shown
are average gene expression values in each kinetic cluster for all cell types as indicated by color. (E)
Expression kinetics of genes that exhibit cluster switches. Shown are genes with different kinetic
cluster assignments between at least two cell types, and which are differentially expressed in at
least one comparison.
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Figure A.4 Supplementary analysis of gene expression profiles in Th1/2 hybrid cells.
(A) Regression coefficients β1 and β2 of the linear regression model employed to identify superim-
posed, Th1like, Th2like and independent genes in Th0 and Th1/2 cells (cf. methods, Section 2.6
and Figure 2.4A). Coefficients were normalized to the maximum value. (B) Category assignment
into independent, superimposed, Th1like and Th2like genes for replicate 2 (cf. Figure 2.4C). (C)
Enrichment results of transcription-factor target gene-sets for replicate 2 (cf. Figure 2.4D). (D-E)
Enrichment of transcription-factor target gene-sets for different values of the correlation filter in
replicate 1 (D) and replicate 2 (E) (cf. methods, Section 2.6).
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Figure A.5 Modeling framework. (A) Proliferation and differentiation process including
branched fate-decisions. Both processes can be formulated as ODEs based on the linear chain
trick if the state-transition is assumed to be well-described by a gamma distribution Ψ(α, β) with
integer-valued shape parameter α. (B) The shape of Ψ for different values of the shape parameter
α. The scale parameter β was adjusted to keep the mean of the distribution constant (µ = α

β = 1).
(C) Simulation of a branched cell-decision from cell X to either cell Y or cell Z as shown in (A) for
a brute-force integration of the gamma-distribution and with the corresponding ODE formulation.
(D) Readouts derived from model simulations for quantitative assessment of model properties. (E)
Dependency of model readouts on the standard deviation of Ψ.
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Figure A.6 Kinetic analysis of Th cell transcriptomes. (A) Gene expression after response-
time normalization for each data set. (B) Fit errors for gamma, exponential and longtail fits to
each data set. (C) Examples for genes assigned to the “other” category due to high fit error. (D)
Quantification of kinetic genes and associated categories in each data set. Abbreviations: RMSE,
root-mean-square error.
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Figure A.7 Comparison of IL-2 and TimerxIL-2 model. (A) Simulated Th cell dynamics for
different restimulation rates in the IL-2 and IL2xTimer model. Restimulation events were simulated
assuming a poisson process with rate parameter λ using Monte Carlo simulations (n = 100). (B)
Dependence of Peak Height, Response Size and Peak Time in the IL2xTimer model for variation of
IL-2 and Timer specific parameters. Effect size denotes log2 fold-change with respect to simulation
results with minimal readout values.
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A
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Figure A.8 Model dynamics for acute and chronic infection. (A) Model dynamics for all
cell types and (B) molecules included in the model. Shown are simulations with best-fit parameter
values (cf. Figure 3.4).
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Figure A.9 Decision window in acute and chronic infection. (A) Model simulation of
Th1 and Tfh cells during acute viral infection in RTM and STM model versions. Dashed line
represents simulation with optimal perturbation window for the SSM model for best-fit parameter
values. (B) Effect of perturbation length t and duration T on change in the Tfh fraction at day
15 post infection in RTM and SSM model variants in acute and chronic infection. Abbreviations:
RTM, response-time model; SSM, single-step model.
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Figure A.10 Gene expression of signature marker genes in CD4+ T cells at day 7 post LCMV
Arm infection.
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Figure A.11 Gene expression of signature marker genes in CD4+ T cells at day 7 post LCMV
Cl13 infection.
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Figure A.12 Expression profiles of Tfh markers during in different clusters (Louvain clustering)
at day 7 post LCMV Arm infection.
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Figure A.13 Plasma cell survival kinetics for individual experiments (cf. Figure 5.1). Boxplots
indicate interquartile range, whiskers indicate standard deviation. Each dot represents one mea-
surement for the number of surviving cells for a given time and treatment. Each line (Grey:
Medium; Red: APRIL, Blue: ST2, Purple:APRIL+ST2) represents an exponential fit for one ex-
perimental series consisting of measurements at three consecutive time points (d1, d3, d6).
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protein
halflife

Figure A.14 Protein ratio and half-life prediction give good fit results for individual fits but not
for both fits combined (cf. Figure 5.2D-E). Blue and red bars represent model fits with initial
conditions that lead to good fit results for either protein ratios (blue bars) or half-lives (red bars).
Available data for protein ratios and estimated half-lives shown in grey. Error bars represent
standard deviation.
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overexpression
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Figure A.15 Effect on BAX activation for simulated knockdown or overexpression of BAX/BCL-
2 family-proteins (cf. Figure 5.3D-E). Parameters were varied by one order of magnitude with
respect to the best-fit parameter value.
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Model

Figure A.16 Model fits for protein ratio and half-life for different model versions as discussed in
Figure 5.4, main text. Error bars represent standard deviation.
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B. Supplementary methods and math-
ematical models

B.1 Animal experiments

Balb/c mice were bred under specific pathogen-free conditions at the Charite, Berlin. All
animal experiments were performed in accordance with the German animal protection with
permission from the local veterinary offices. Mouse handling was performed by V. Plajer,
M. Peine and C. Peine.

B.2 Th cell culture and in vitro differentiation

The following experiments were conducted by Dr. C. Peine and Dr. M. Peine. Naive CD4+

CD62Lhi T cells were isolated from pooled spleen and lymph node cells of 5-8 week old
Balb/c mice using a two-step magnetic sorting strategy (Multisort kit, Miltenyi Biotec). T
cells were cultured in RPMI 1640+GlutaMax-I supplemented with 10 % (v/v) FCS (Gibco),
penicillin (100 U/ml; Gibco), streptomycin (100 µg/ml; Gibco), and β-mercaptoethanol
(50 ng/ml; Sigma). Cultures were prepared by stimulation with plate-bound 2.5 µg/ml
anti-CD3 (145-2C11) and 3 µg/ml soluble anti-CD28 (37.51, both from BD Biosciences).
For Th1 differentiation, 10 ng/ml IL-12 (R&D Systems), and 10 µg/ml anti–IL-4 (11B11)
were added. For Th2 differentiation, 30 ng/ml IL-4 (R&D Systems), 10 µg/ml anti–IL-12
(C17.8), and 10 µg/ml anti–IFN-γ (AN18.17.24) were added. Hybrid Th1/2 cells were
cultured with 10 ng/ml IL-12, and 30 ng/ml IL-4. Th0 cells were generated under neu-
tral conditions with anti–IL-12, anti–IFN-γ, and anti–IL-4. Cell cultures were transferred
to a new plate and split on day 2. T-bet and GATA-3 protein amounts were analyzed
using FoxP3 staining buffer set (eBioscience) according to the manufacturer’s instruc-
tions. Briefly, cells were stained with anti-CD4 (RM4–5) followed by fixation with 1×
Fixation/Permeabilization buffer and intracellular staining with PE-conjugated anti–T-
bet (4B10) and Alexa-647–conjugated anti–GATA-3 (TWAJ, both from eBioscience) in
1× permeabilization buffer. Cells were washed in 1× permeabilization buffer and analyzed
by FACS.
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B.3 Plasma cell culture and flow cytometry

Cell survival and flow cytometry data shown in this chapter were generated by Dr. R.
Cornelis. Experiments were performed with the same cell culture system as previously
reported [12]. In brief, mice were primed with 10 µg 4-hydroxy-3-nitropheylacetyl hapten
coupled chicken gamma globulin (NP-CGG) in incomplete Freud‘s Adjuvants (IFA) in-
traperitoneally (i.p.). Mice were challenged twice after the prime with the same injection
in cycles of 21 days. Plasma cells were magnetically isolated from immunized mice more
than 30 days after 2nd boost using a two-step protocol, including depletion of B220 and
CD49b expressing cells and subsequent positive enrichment of CD138high PCs. Isolated
long-lived PCs from the bone marrow were cultured in RPMI1640 medium supplemented
with 10 % FCS, 100U/ml Penicillin, 100 mg/ml streptomycin, 0.1 % b-Mercaptoethanol,
25 mM HEPES buffer and with/out 50 ng/ml multimeric APRIL. Cultures were kept un-
der physiological oxygen levels in a hypoxia chamber with 4.2 % O2 and 5 % CO2 at 37C.
The medium was changed at day 3 of culture. For the co-culture, 2500 ST2 cells were
seeded in a 96-well plate one day before memory plasma cell isolation. Memory plasma
cells were plated on top of the ST2 cell layer in a 1:1 ratio (5000 PC and 5000 ST2 cells).
For analysis, cells were either fixed with PFA or stained directly and scraped off the plate
before measurement.

Intracellular antigens were stained by fixing cells with PFA and permeabilization with
methanol. To prevent unspecific binding, cells were pre-incubated with blocking buffer and
subsequently stained with primary antibody for 1 hour and, if necessary, with secondary
antibody for 30 minutes. Samples were analyzed using a MacsQuant analyzer and FlowJo
software. Cytometric procedures followed the recommendations of the “Guidelines for use
of flow cytometry and cell sorting in immunological studies” [18]. For antibodies that were
used in the experiments, refer to Table C.4.

B.4 Plasma cell survival model

Modeling BAX activation

Focusing on the available data of apoptotic regulators in plasma cells, we developed an
ordinary differential equations model based on mass-action-kinetics. The crucial player in
our model is the pore-forming protein BAX, which upon activation facilitates the formation
of the apoptotic pore. This membrane permeabilization in turn leads to the release of
Cytochrome C and subsequently to the activation of downstream caspases and cell death
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[46,254,255]. For BAX activation we consider the following reactions:

BIM + BAX k1−⇀ BIM + BAX* (B.1)

BAX* + BAX k1−⇀ 2BAX* (B.2)

BAX* k2−⇀ BAX (B.3)

With k1 and k2 denoting BAX activation and deactivation respectively. Additionally,
we considered here direct activation of BAX via the proapoptotic protein BIM [256]. For
further regulation of BAX activation, we considered antiapoptotic proteins BCL-2 and
MCL-1 that have been shown to directly bind and form complexes with BAX, thereby
inhibiting apoptosis [257]. Moreover, we considered pro-apoptotic proteins NOXA and
BIM that have been shown to form heterodimers with anti-apoptotic proteins. Hence, the
proapoptotic proteins prevent BAX deactivation by inhibiting the antipoptotic proteins
[257]. For complex formation, we therefore consider:

MCL-1 + BIM
k+−−⇀↽−−
k−3

MCL-1:BIM (B.4)

MCL-1 + NOXA
k+−−⇀↽−−
k−4

MCL-1:NOXA (B.5)

MCL-1 + BAX*
k+−−⇀↽−−
k−5

MCL-1:BAX* (B.6)

BCL-2 + BIM
k+−−⇀↽−−
k−6

BCL-2:BIM (B.7)

BCL-2 + BAX*
k+−−⇀↽−−
k−7

BCL-2:BAX*. (B.8)

Here k+ and k−i denote the complex association and dissociation rate respectively.

Modeling input of APRIL and ST2 on BAX activation

We assumed that input signals APRIL and ST2 affect the steady-state concentration of
pro- and anti-apoptotic proteins which in turn modulate the availability of activated BAX.
Specifically, we assumed that each protein in the network is subject to growth and decay
in the simple form

dxP
dt

= gP
(
[APRIL], [ST2]

)
− dPxP , (B.9)

where APRIL and ST2 affect the growth rate gP . We modeled the growth rate dependency
of the inputs as:

gP = gP,0

(
1 + aP f([APRIL])− sP f([ST2])

)
, (B.10)
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with

f(x) =

1, if x > 0

0, otherwise.
(B.11)

Here, aP and sP are the maximal effects of APRIL and ST2 on the growth rate. Since
it has been previously shown that ST2 inhibits FoxO, we assume an inhibitory effect for
ST2. As described in the main text, we designed the network based on our observations
that APRIL only affected BCL-2 whereas ST2 affected BIM, NOXA and MCL-1. Further,
we modeled reversible formation of heterodimeric complexes according to:

d[XY ]

dt
= k+[X][Y ]− k−[XY ]− (dX + dY )[XY ]. (B.12)

Here, k+ is the reaction rate with which the complex is formed and k− is the reaction rate
with which the complex dissociates. For the protein species in our model, quantitative
estimates can be mainly found for the dissociation constant KD. Therefore, we chose to
set the complex formation rate k+ to a fixed value (see Table 5.1, Chaper 5) and calculated
the complex dissocation rate as

k−i = KD,i · k+. (B.13)

106



B. Supplementary methods and mathematical models

Taken together, this results in the following set of ordinary differential equations (Abbre-
viations: A: MCL-1; B: BCL-2; C: BIM; D: NOXA; X: BAX; Z: BAX*):

dA

dt
= gA − dA[A]− k+[A][C]− k+[A][Z]− k+[A][D] + k−3 [AC] + k−5 [AZ] + k−4 [AD]

(B.14)
dB

dt
= gB − dB[B]− k+[B][C]− k+[B][Z] + k−6 [BC] + k−7 [BZ] (B.15)

dC

dt
= gC − dC [C]− k+[A][C]− k+[B][C] + k−3 [AC] + k−6 [BC] (B.16)

dD

dt
= gD − dD[D]− k+[A][D] + k−4 [AD] (B.17)

dX

dt
= gX − dX [X]− k1([C] + [Z])[X] + k2[Z] (B.18)

dZ

dt
= −dX [Z] + k1([C] + [Z])[X]− k2[Z]− k+[A][Z]− k+[B][Z] + k−5 [AZ] + k−7 [BZ]

(B.19)
d[AC]

dt
= −(dA + dC)[AC] + k+[A][C]− k−3 [AC] (B.20)

d[AD]

dt
= −(dA + dD)[AD] + k+[A][D]− k−4 [AD] (B.21)

d[AZ]

dt
= −(dA + dZ)[AZ] + k+[A][Z]− k−5 [AZ] (B.22)

d[BC]

dt
= −(dB + dC)[BC] + k+[B][C]− k−6 [BC] (B.23)

d[BZ]

dt
= −(dB + dZ)[BZ] + k+[B][Z]− k−7 [BZ]. (B.24)

B.5 Algorithms

Pseudocode stochastic simulations

The following pseudocode is a modified version of the code in [217], that was originally
proposed to describe Ca2+ cluster dynamics and is here modified to describe cellular state-
transitions.

First, define a vector for each cell:

cellj =
[
xj , cj , qj , nj , dj , yj,i

]
,

where xj ∈ A,B, .. are the possible states for each cell, cj is the time when the last state-
change has taken place, qj and nj describe the change from a precursor to an effector cell
and dj describes the time to die. The expression of individual genes i for a given cell is
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denoted by yi,j . For a given number of cells, initialize each cell so that

cellj =
[
A, 0, 0, ñj , d̃j , ỹj,i

]
,

where d̃j ∈ EXP (X,λ), ñj ∈ U(0, 1), ỹi,j ∈ U(0, 1) with λ specifying the death rate of
precursor cells. T: total simulation time, t: current time, h: time step, α and β represent
shape and scale parameters of the gamma distribution Ψ describing the transition from
precursor to effector cell.

Algorithm 1 Stochastic simulation algorithm
while t < T do

for each precursor cell xj = A do
if nj > qj then
qj = qj +

∫ t+h
t Ψ(α, β, t′) dt′

else
assign state transition and update gene expression program
xj = B, cj = t, yi,j = yi,0 + f(x, yi, ..) + ϵi
Create a new cell k that has the same properties as the newly
derived daughter cell except for new time to die.
cellk =

[
B, t, qj , nj ,EXP(X,λ), yj,i

]
end if

end for
for each effector cell xj = B do

if t > (dj − cj) then
delete cell

end if
end for
t = t+ h

end while
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Table C.1 Enriched pathways for kinetic genes in clusters C1-C3. Values indicate FDR-corrected
p-values. Only pathways are shown with significant enrichment in at least two comparisons. Path-
ways were pooled from MSigDB collection. Abbreviations: R, Reactome data base; H, Hallmark
data base.

ID C1 C2 C3
R CELL CYCLE 1.9164E-37
H E2F TARGETS 2.478E-32
R CELL CYCLE MITOTIC 4.64E-32
H G2M CHECKPOINT 2.1593E-20
R CELL CYCLE CHECKPOINTS 3.6174E-20
H HYPOXIA 2.5316E-19
R MITOTIC PROMETAPHASE 1.4125E-14
R RESOLUTION OF SISTER CHROMATID COHESION 7.4788E-13
R MITOTIC SPINDLE CHECKPOINT 2.085E-12
R M PHASE 9.5705E-12
H GLYCOLYSIS 1.5534E-11
R CHROMOSOME MAINTENANCE 2.4173E-11
R HDR THROUGH HOMOLOGOUS RECOMBINATION
HRR

2.4173E-11

R DNA REPLICATION 1.1284E-10
R S PHASE 3.9092E-10
R RHO GTPASES ACTIVATE FORMINS 3.9241E-10
R MITOTIC METAPHASE AND ANAPHASE 4.7179E-10
R SEPARATION OF SISTER CHROMATIDS 5.3663E-10
R HOMOLOGY DIRECTED REPAIR 7.1801E-10
R DNA STRAND ELONGATION 1.1221E-09
H MTORC1 SIGNALING 2.6517E-09
R DNA DOUBLE STRAND BREAK REPAIR 3.394E-09
H IL2 STAT5 SIGNALING 3.7855E-09
R MITOTIC G1 PHASE AND G1 S TRANSITION 1.1139E-08
R HOMOLOGOUS DNA PAIRING AND STRAND EX-
CHANGE

2.8306E-08

R MEIOSIS 1.4975E-07
R EXTENSION OF TELOMERES 1.7194E-07
R ACTIVATION OF ATR IN RESPONSE TO REPLICATION
STRESS

1.7365E-07

R LAGGING STRAND SYNTHESIS 2.3359E-07
R TELOMERE C STRAND LAGGING STRAND SYNTHE-
SIS

2.7569E-07

R DNA REPAIR 2.9108E-07
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Table C.1 – continued from previous page
ID C1 C2 C3

R TERMINATION OF TRANSLESION DNA SYNTHESIS 5.2673E-07
R ACTIVATION OF THE PRE REPLICATIVE COMPLEX 8.1465E-07
R GAP FILLING DNA REPAIR SYNTHESIS AND LIGA-
TION IN GG NER

8.1465E-07

R ABERRANT REGULATION OF MITOTIC G1 S TRANSI-
TION IN CANCER DUE TO RB1 DEFECTS

1.5797E-06

R MEIOTIC RECOMBINATION 1.5797E-06
R TELOMERE MAINTENANCE 2.3349E-06
R DISEASES OF MITOTIC CELL CYCLE 2.3756E-06
R PCNA DEPENDENT LONG PATCH BASE EXCISION RE-
PAIR

2.3898E-06

R RESOLUTION OF D LOOP STRUCTURES THROUGH
SYNTHESIS DEPENDENT STRAND ANNEALING SDSA

3.4932E-06

R G2 M CHECKPOINTS 4.1278E-06
R REPRODUCTION 4.2834E-06
R MITOTIC G2 G2 M PHASES 5.641E-06
H MITOTIC SPINDLE 5.641E-06
R TRANSLESION SYNTHESIS BY Y FAMILY DNA POLY-
MERASES BYPASSES LESIONS ON DNA TEMPLATE

6.5675E-06

R RESOLUTION OF D LOOP STRUCTURES 6.6251E-06
R POLYMERASE SWITCHING 1.0515E-05
R RHO GTPASE EFFECTORS 1.1191E-05
R HDR THROUGH SINGLE STRAND ANNEALING SSA 1.1984E-05
R RESOLUTION OF AP SITES VIA THE MULTIPLE NU-
CLEOTIDE PATCH REPLACEMENT PATHWAY

1.3192E-05

H CHOLESTEROL HOMEOSTASIS 1.5686E-05
R DNA DAMAGE BYPASS 1.6215E-05
R GLUCONEOGENESIS 1.8734E-05
R DEPOSITION OF NEW CENPA CONTAINING NUCLEO-
SOMES AT THE CENTROMERE

2.2938E-05

R RECOGNITION OF DNA DAMAGE BY PCNA CONTAIN-
ING REPLICATION COMPLEX

3.6439E-05

R POLYMERASE SWITCHING ON THE C STRAND OF
THE TELOMERE

3.828E-05

R CYCLIN A B1 B2 ASSOCIATED EVENTS DURING G2 M
TRANSITION

4.0057E-05

R PROCESSING OF DNA DOUBLE STRAND BREAK ENDS 4.116E-05
R GLUCOSE METABOLISM 5.3563E-05
R TRANSCRIPTIONAL REGULATION BY TP53 5.5473E-05
R DNA DAMAGE TELOMERE STRESS INDUCED SENES-
CENCE

6.5264E-05

R GLYCOLYSIS 8.0374E-05
R CYCLIN D ASSOCIATED EVENTS IN G1 0.00012356
R G2 M DNA DAMAGE CHECKPOINT 0.00014843
R ACTIVATION OF GENE EXPRESSION BY SREBF
SREBP

0.00018083

R PROCESSIVE SYNTHESIS ON THE LAGGING STRAND 0.0003398
R RESPONSE OF EIF2AK1 HRI TO HEME DEFICIENCY 0.0003398
R TP53 REGULATES TRANSCRIPTION OF GENES IN-
VOLVED IN G1 CELL CYCLE ARREST

0.0003398

R RESOLUTION OF ABASIC SITES AP SITES 0.0003398
R METABOLISM OF CARBOHYDRATES 0.00043287
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Table C.1 – continued from previous page
ID C1 C2 C3

R REGULATION OF TP53 ACTIVITY THROUGH PHOS-
PHORYLATION

0.00045404

R G0 AND EARLY G1 0.00047358
R SIGNALING BY RHO GTPASES MIRO GTPASES AND
RHOBTB3

0.000551

R CHOLESTEROL BIOSYNTHESIS 0.00058403
R DUAL INCISION IN GG NER 0.0005877
R CELLULAR SENESCENCE 0.00060598
R POLO LIKE KINASE MEDIATED EVENTS 0.00060598
R REGULATION OF CHOLESTEROL BIOSYNTHESIS BY
SREBP SREBF

0.00061367

R APC C MEDIATED DEGRADATION OF CELL CYCLE
PROTEINS

0.00075416

H INTERFERON GAMMA RESPONSE 0.0009556
R BASE EXCISION REPAIR 0.0009556
R DUAL INCISION IN TC NER 0.0009556
R DNA REPLICATION PRE INITIATION 0.00099643
R TRANSLESION SYNTHESIS BY POLH 0.00099992
R TRANSLESION SYNTHESIS BY POLK 0.00099992
R G1 S SPECIFIC TRANSCRIPTION 0.00131328
R PYRUVATE METABOLISM 0.00131328
R PROCESSIVE SYNTHESIS ON THE C STRAND OF THE
TELOMERE

0.00166785

R TP53 REGULATES TRANSCRIPTION OF CELL CYCLE
GENES

0.0032708

R TRANSCRIPTION COUPLED NUCLEOTIDE EXCISION
REPAIR TC NER

0.00335704

R ANCHORING OF THE BASAL BODY TO THE PLASMA
MEMBRANE

0.00399837

R COPI DEPENDENT GOLGI TO ER RETROGRADE
TRAFFIC

0.00470499

R PYRUVATE METABOLISM AND CITRIC ACID TCA CY-
CLE

0.00516704

R CONDENSATION OF PROPHASE CHROMOSOMES 0.00534547
R CILIUM ASSEMBLY 0.00580366
R AURKA ACTIVATION BY TPX2 0.00688311
R SWITCHING OF ORIGINS TO A POST REPLICATIVE
STATE

0.00726803

R REGULATION OF PLK1 ACTIVITY AT G2 M TRANSI-
TION

0.00865973

H INTERFERON ALPHA RESPONSE 0.00935627
H P53 PATHWAY 0.01005737
R UNWINDING OF DNA 0.01011278
R GLOBAL GENOME NUCLEOTIDE EXCISION REPAIR
GG NER

0.01119221

R MISMATCH REPAIR 0.0121724
R E2F MEDIATED REGULATION OF DNA REPLICATION 0.01667673
R REGULATION OF TP53 ACTIVITY 0.01822046
R KINESINS 0.01822046
R GOLGI TO ER RETROGRADE TRANSPORT 0.02038298
R RECRUITMENT OF MITOTIC CENTROSOME PRO-
TEINS AND COMPLEXES

0.02256113
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ID C1 C2 C3

H APOPTOSIS 0.02360243
R MEIOTIC SYNAPSIS 0.02417759
R METABOLISM OF STEROIDS 0.02789622
R RECRUITMENT OF NUMA TO MITOTIC CENTRO-
SOMES

0.02945488

R FANCONI ANEMIA PATHWAY 0.0324718
R NUCLEOTIDE EXCISION REPAIR 0.03445843
H ADIPOGENESIS 0.03802252
R INTERFERON ALPHA BETA SIGNALING 0.03802252
R APC C CDH1 MEDIATED DEGRADATION OF CDC20
AND OTHER APC C CDH1 TARGETED PROTEINS IN
LATE MITOSIS EARLY G1

0.04371107 0.00265839

R CYCLIN A CDK2 ASSOCIATED EVENTS AT S PHASE
ENTRY

0.04563657 0.00236914

R TRANSCRIPTIONAL REGULATION OF GRANU-
LOPOIESIS

0.05230072

H ALLOGRAFT REJECTION 0.00021882
R IMMUNOREGULATORY INTERACTIONS BETWEEN A
LYMPHOID AND A NON LYMPHOID CELL

0.00077997

R INNATE IMMUNE SYSTEM 0.00163514
R INTERFERON GAMMA SIGNALING 0.00310679
R CYTOKINE SIGNALING IN IMMUNE SYSTEM 0.00310679
R PD 1 SIGNALING 0.01231162
R ADAPTIVE IMMUNE SYSTEM 0.01850368
R COSTIMULATION BY THE CD28 FAMILY 0.01850368
R METABOLISM OF RNA 1.0424E-25
H MYC TARGETS V1 3.2066E-20
R TRANSLATION 4.6534E-15
H MYC TARGETS V2 2.2677E-10
R RRNA PROCESSING 4.9286E-10
R MITOCHONDRIAL TRANSLATION 9.6303E-10
R CYTOSOLIC TRNA AMINOACYLATION 2.4346E-09
R TRNA PROCESSING 7.8255E-08
R HOST INTERACTIONS OF HIV FACTORS 1.7263E-07
R HIV INFECTION 2.2361E-07
R PROCESSING OF CAPPED INTRON CONTAINING PRE
MRNA

3.2074E-07

H MTORC1 SIGNALING 9.0247E-07
R TRNA PROCESSING IN THE NUCLEUS 1.5186E-06
R SNRNP ASSEMBLY 2.0359E-06
R MRNA SPLICING MINOR PATHWAY 4.6528E-06
R TRNA AMINOACYLATION 5.0616E-06
R VIRAL MESSENGER RNA SYNTHESIS 6.3949E-06
R RRNA MODIFICATION IN THE NUCLEUS AND CY-
TOSOL

9.1865E-06

R UCH PROTEINASES 1.8465E-05
R HIV LIFE CYCLE 5.3655E-05
R INFLUENZA INFECTION 5.3655E-05
R CELLULAR RESPONSE TO HEAT STRESS 5.913E-05
R AUF1 HNRNP D0 BINDS AND DESTABILIZES MRNA 6.6955E-05
R REGULATION OF RUNX3 EXPRESSION AND ACTIV-
ITY

6.6955E-05
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ID C1 C2 C3

R TRANSCRIPTIONAL REGULATION BY SMALL RNAS 9.1262E-05
R TNFR2 NON CANONICAL NF KB PATHWAY 0.00011076
R MRNA SPLICING 0.00012055
R DOWNSTREAM SIGNALING EVENTS OF B CELL RE-
CEPTOR BCR

0.00012478

R ASYMMETRIC LOCALIZATION OF PCP PROTEINS 0.00015172
R DECTIN 1 MEDIATED NONCANONICAL NF KB SIG-
NALING

0.00015172

R INTERACTIONS OF REV WITH HOST CELLULAR PRO-
TEINS

0.00015399

R DEGRADATION OF AXIN 0.00019234
R REGULATION OF MRNA STABILITY BY PROTEINS
THAT BIND AU RICH ELEMENTS

0.00019234

R CLEC7A DECTIN 1 SIGNALING 0.00021421
R REGULATION OF HSF1 MEDIATED HEAT SHOCK RE-
SPONSE

0.00021421

R THE ROLE OF GTSE1 IN G2 M PROGRESSION AFTER
G2 CHECKPOINT

0.00021421

R NEGATIVE REGULATION OF NOTCH4 SIGNALING 0.00021421
R TRANSPORT OF MATURE TRANSCRIPT TO CYTO-
PLASM

0.00024372

R DEGRADATION OF DVL 0.00026371
R FCERI MEDIATED NF KB ACTIVATION 0.00030136
R METABOLISM OF POLYAMINES 0.00032283
R NUCLEAR IMPORT OF REV PROTEIN 0.00034501
R SCF SKP2 MEDIATED DEGRADATION OF P27 P21 0.00038471
R STABILIZATION OF P53 0.00038471
R DISORDERS OF TRANSMEMBRANE TRANSPORTERS 0.00042782
R POSTMITOTIC NUCLEAR PORE COMPLEX NPC REF-
ORMATION

0.00044748

R DEGRADATION OF GLI1 BY THE PROTEASOME 0.0004516
R ABORTIVE ELONGATION OF HIV 1 TRANSCRIPT IN
THE ABSENCE OF TAT

0.0004516

R CROSS PRESENTATION OF SOLUBLE EXOGENOUS
ANTIGENS ENDOSOMES

0.00048657

R MITOTIC METAPHASE AND ANAPHASE 0.00051289
R DEFECTIVE CFTR CAUSES CYSTIC FIBROSIS 0.00053132
R INTERACTIONS OF VPR WITH HOST CELLULAR PRO-
TEINS

0.00056187

R REGULATION OF EXPRESSION OF SLITS AND ROBOS 0.00059344
R MAPK6 MAPK4 SIGNALING 0.00059719
R REGULATION OF RUNX2 EXPRESSION AND ACTIV-
ITY

0.00062039

R DEGRADATION OF BETA CATENIN BY THE DE-
STRUCTION COMPLEX

0.00069113

R SIGNALING BY FGFR2 IIIA TM 0.00070705
R GENE SILENCING BY RNA 0.00070705
R HEDGEHOG LIGAND BIOGENESIS 0.00070705
R NUCLEAR ENVELOPE BREAKDOWN 0.00070705
R ASSEMBLY OF THE PRE REPLICATIVE COMPLEX 0.00084121
R REGULATION OF PTEN STABILITY AND ACTIVITY 0.00084121
R SIGNALING BY THE B CELL RECEPTOR BCR 0.00088839
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ID C1 C2 C3

R HEDGEHOG ON STATE 0.00095152
R REGULATION OF HMOX1 EXPRESSION AND ACTIV-
ITY

0.0009671

H UNFOLDED PROTEIN RESPONSE 0.0009671
R PCP CE PATHWAY 0.0009671
R TRANSCRIPTIONAL REGULATION BY RUNX3 0.00108908
R ORC1 REMOVAL FROM CHROMATIN 0.00108908
R REGULATION OF RAS BY GAPS 0.00108908
R CYTOKINE SIGNALING IN IMMUNE SYSTEM 0.00110234
R CYTOPROTECTION BY HMOX1 0.00117336
R EXPORT OF VIRAL RIBONUCLEOPROTEINS FROM
NUCLEUS

0.00119893

R TRANSPORT OF THE SLBP DEPENDANT MATURE
MRNA

0.00119893

R RUNX1 REGULATES TRANSCRIPTION OF GENES IN-
VOLVED IN DIFFERENTIATION OF HSCS

0.00149402

R METABOLISM OF NUCLEOTIDES 0.00157004
R FGFR2 ALTERNATIVE SPLICING 0.00157004
R G1 S DNA DAMAGE CHECKPOINTS 0.00172939
R C TYPE LECTIN RECEPTORS CLRS 0.00183069
R ABC TRANSPORTER DISORDERS 0.00199532
R RMTS METHYLATE HISTONE ARGININES 0.00201502
H TNFA SIGNALING VIA NFKB 0.00236914
R CELLULAR RESPONSE TO CHEMICAL STRESS 0.00249747
R APC C MEDIATED DEGRADATION OF CELL CYCLE
PROTEINS

0.00265839

R TCF DEPENDENT SIGNALING IN RESPONSE TO WNT 0.00301498
R CELLULAR RESPONSE TO HYPOXIA 0.00303979
R INTERLEUKIN 1 SIGNALING 0.00329033
R TCR SIGNALING 0.00340576
R FORMATION OF RNA POL II ELONGATION COMPLEX 0.00355145
R NUCLEAR ENVELOPE NE REASSEMBLY 0.0038334
R MITOTIC PROPHASE 0.0038334
R SIGNALING BY NOTCH4 0.0038334
R NS1 MEDIATED EFFECTS ON HOST PATHWAYS 0.0038334
R REGULATION OF GLUCOKINASE BY GLUCOKINASE
REGULATORY PROTEIN

0.0038334

R FC EPSILON RECEPTOR FCERI SIGNALING 0.00397763
R DNA REPLICATION PRE INITIATION 0.00433287
R METABOLISM OF AMINO ACIDS AND DERIVATIVES 0.00445279
R TRANSPORT OF MATURE MRNAS DERIVED FROM IN-
TRONLESS TRANSCRIPTS

0.00469178

H OXIDATIVE PHOSPHORYLATION 0.00519791
R SIGNALING BY INTERLEUKINS 0.00567281
R CELLULAR RESPONSES TO EXTERNAL STIMULI 0.00571341
H E2F TARGETS 0.00571341
R SIGNALING BY ROBO RECEPTORS 0.00571341
R DEUBIQUITINATION 0.00608695
R SEPARATION OF SISTER CHROMATIDS 0.00608695
R NUCLEAR PORE COMPLEX NPC DISASSEMBLY 0.00608695
R ABC FAMILY PROTEINS MEDIATED TRANSPORT 0.00648411
R UB SPECIFIC PROCESSING PROTEASES 0.00659716
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ID C1 C2 C3

R NEDDYLATION 0.00686384
R M PHASE 0.007155
R BETA CATENIN INDEPENDENT WNT SIGNALING 0.00736291
R B WICH COMPLEX POSITIVELY REGULATES RRNA
EXPRESSION

0.00736291

R FGFR2 MUTANT RECEPTOR ACTIVATION 0.00736291
R PERK REGULATES GENE EXPRESSION 0.00740614
R SWITCHING OF ORIGINS TO A POST REPLICATIVE
STATE

0.00756346

R TRANSCRIPTIONAL REGULATION BY RUNX2 0.00775417
R ANTIVIRAL MECHANISM BY IFN STIMULATED
GENES

0.00784076

R UNFOLDED PROTEIN RESPONSE UPR 0.00838861
R DISEASES OF SIGNAL TRANSDUCTION BY GROWTH
FACTOR RECEPTORS AND SECOND MESSENGERS

0.00874621

R SUMOYLATION OF SUMOYLATION PROTEINS 0.00895824
R FORMATION OF THE EARLY ELONGATION COMPLEX 0.00918516
R INTERCONVERSION OF NUCLEOTIDE DI AND
TRIPHOSPHATES

0.00918516

R MRNA CAPPING 0.01214357
R POSITIVE EPIGENETIC REGULATION OF RRNA EX-
PRESSION

0.01669523

R SUMOYLATION OF UBIQUITINYLATION PROTEINS 0.01669523
R ANTIGEN PROCESSING CROSS PRESENTATION 0.01772746
R HIV ELONGATION ARREST AND RECOVERY 0.02013225
R NUCLEOBASE BIOSYNTHESIS 0.02147608
R TRANSCRIPTIONAL REGULATION BY RUNX1 0.02274553
R HIV TRANSCRIPTION ELONGATION 0.02415849
R TRNA MODIFICATION IN THE NUCLEUS AND CY-
TOSOL

0.02415849

R RNA POLYMERASE II TRANSCRIBES SNRNA GENES 0.02443024
R FORMATION OF TC NER PRE INCISION COMPLEX 0.02481547
R SIGNALING BY FGFR IN DISEASE 0.02481547
H IL2 STAT5 SIGNALING 0.02650873
R MITOCHONDRIAL PROTEIN IMPORT 0.02742048
R INTERLEUKIN 1 FAMILY SIGNALING 0.02753301
R MITOTIC G1 PHASE AND G1 S TRANSITION 0.02909989
R METABOLISM OF FOLATE AND PTERINES 0.02912985
R APOPTOSIS 0.03052415
R SUMOYLATION OF RNA BINDING PROTEINS 0.03654023
R CHAPERONE MEDIATED AUTOPHAGY 0.03944249
R RNA POLYMERASE III CHAIN ELONGATION 0.03944249
R SIGNALING BY FGFR2 IN DISEASE 0.0397624
R HEDGEHOG OFF STATE 0.03976873
R HIV TRANSCRIPTION INITIATION 0.04135866
R TRANSCRIPTION OF THE HIV GENOME 0.0451803
R G2 M CHECKPOINTS 0.04567109
R PTEN REGULATION 0.04567109
R RNA POLYMERASE I TRANSCRIPTION INITIATION 0.04596563
R ESTROGEN DEPENDENT GENE EXPRESSION 0.04873803
R HCMV EARLY EVENTS 0.05044195
R MICRORNA MIRNA BIOGENESIS 0.05071544
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R INFECTIOUS DISEASE 0.0522706
R SUMOYLATION OF DNA REPLICATION PROTEINS 0.05329095
R SIGNALING BY NOTCH 0.05445804
R ATTENUATION PHASE 0.05584375
R RNA POLYMERASE I PROMOTER ESCAPE 0.05584375
R RNA POLYMERASE III TRANSCRIPTION INITIATION
FROM TYPE 1 PROMOTER

0.05584375

R CELL CYCLE CHECKPOINTS 0.05587717
R CHROMATIN MODIFYING ENZYMES 0.05687174
R SELENOAMINO ACID METABOLISM 0.05687174
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Table C.2 Enriched pathways for pairwise comparisons between cell types based on qualitatively
different genes (FDR < 10%). Values indicate FDR-corrected p-values. Only pathways are shown
with significant enrichment in at least two comparisons. Pathways were pooled from MSigDB
collection. Abbreviations: R, Reactome data base; WP, Wikipathways data base; GOBP, Gene
Ontology Biological Process.

ID Th1vsTh2 Th1vsTh12 Th2vsTh0 Th2vsTh12
GOBP INNATE IMMUNE RESPONSE 9.9005E-14 2.0178E-12
GOBP INFLAMMATORY RESPONSE 2.2534E-06 1.4466E-05
GOBP PATTERN RECOGNITION RECEP-
TOR SIGNALING PATHWAY

1.7956E-05 5.9393E-05

GOBP REGULATION OF RESPONSE TO
STRESS

0.00014131 0.00087996

GOBP ALPHA BETA T CELL DIFFEREN-
TIATION

0.00016884 0.00038303

GOBP POSITIVE REGULATION OF IM-
MUNE SYSTEM PROCESS

0.00023874 0.00109653

GOBP REGULATION OF VIRAL LIFE CY-
CLE

0.00034351 0.0007407

GOBP POSITIVE REGULATION OF TYPE
2 IMMUNE RESPONSE

0.00047583 0.0007554

GOBP NEGATIVE REGULATION OF VI-
RAL GENOME REPLICATION

0.00048602 0.0008451

GOBP CD4 POSITIVE ALPHA BETA T
CELL ACTIVATION

0.00061313 0.0012069

GOBP MONONUCLEAR CELL DIFFER-
ENTIATION

0.00248578 0.00640204

GOBP REGULATION OF NIK NF KAPPAB
SIGNALING

0.00297052 0.00504434

GOBP REGULATION OF PATTERN
RECOGNITION RECEPTOR SIGNALING
PATHWAY

0.00313818 0.00064377

GOBP REGULATION OF LEUKOCYTE
MEDIATED IMMUNITY

0.00384132 0.00739083

GOBP CYTOPLASMIC PATTERN
RECOGNITION RECEPTOR SIGNAL-
ING PATHWAY IN RESPONSE TO VIRUS

0.00384132 0.00151199

GOBP CELLULAR RESPONSE TO VIRUS 0.00385648 0.00108373 0.00634701
GOBP T CELL DIFFERENTIATION 0.00450598 0.00860243
GOBP POSITIVE REGULATION OF NIK
NF KAPPAB SIGNALING

0.00534576 0.00817333

GOBP REGULATION OF CD4 POSITIVE
ALPHA BETA T CELL ACTIVATION

0.00534576 0.00817333

GOBP REGULATION OF TYPE 2 IMMUNE
RESPONSE

0.00549501 0.00794288

GOBP REGULATION OF ALPHA BETA T
CELL DIFFERENTIATION

0.00568266 0.00851128

WP HOSTPATHOGEN INTERACTION
OF HUMAN CORONA VIRUSES INTER-
FERON INDUCTION

0.00619308 0.00252936

WP PATHWAYS OF NUCLEIC ACID
METABOLISM AND INNATE IMMUNE
SENSING

0.00627487 0.00391834 0.0082316

GOBP POSITIVE REGULATION OF
LEUKOCYTE MEDIATED IMMUNITY

0.00760991 0.01201884
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ID Th1vsTh2 Th1vsTh12 Th2vsTh0 Th2vsTh12

GOBP POSITIVE REGULATION OF AL-
PHA BETA T CELL DIFFERENTIATION

0.01411804 0.01835843

REACTOME INNATE IMMUNE SYSTEM 0.01543983 0.03725488
GOBP POSITIVE REGULATION OF IN-
TERFERON ALPHA PRODUCTION

0.01609787 0.00910302

GOBP ENTRY INTO HOST 0.01731456 0.02590525
GOBP NEGATIVE REGULATION OF DE-
FENSE RESPONSE TO VIRUS

0.01751118 0.02237671

GOBP POSITIVE REGULATION OF T
HELPER CELL DIFFERENTIATION

0.01751118 0.02237671

GOBP REGULATION OF NUCLEASE AC-
TIVITY

0.01751118 0.02237671

GOBP RESPONSE TO ESTROGEN 0.0177117 0.02499868
GOBP PRODUCTION OF MOLECULAR
MEDIATOR OF IMMUNE RESPONSE

0.0177117 0.03023655

GOBP TOLL LIKE RECEPTOR SIGNAL-
ING PATHWAY

0.01873607 0.03007572

GOBP REGULATION OF T CELL DIFFER-
ENTIATION

0.02125194 0.03216866

GOBP INTERFERON ALPHA PRODUC-
TION

0.02125194 0.01365046

GOBP REGULATION OF RESPONSE TO
INTERFERON GAMMA

0.02125194 0.02859669

WP SARSCOV2 MITOCHONDRIAL IN-
TERACTIONS

0.02394209 0.0151475

GOBP POSITIVE REGULATION OF LYM-
PHOCYTE DIFFERENTIATION

0.02402323 0.03515674

GOBP NEGATIVE REGULATION OF
CELL DIFFERENTIATION

0.02454978 0.04850297

WP DEVELOPMENT AND HETERO-
GENEITY OF THE ILC FAMILY

0.02661452 0.03397164

GOBP MOVEMENT IN HOST ENVIRON-
MENT

0.02776468 0.04246789

GOBP POSITIVE REGULATION OF AL-
PHA BETA T CELL ACTIVATION

0.03378531 0.04412858

GOBP REGULATION OF TOLL LIKE RE-
CEPTOR SIGNALING PATHWAY

0.03585444 0.01604484

GOBP MESENCHYMAL CELL DIFFEREN-
TIATION

0.03712918 0.05425353

GOBP NIK NF KAPPAB SIGNALING 0.03837902 0.05556326
GOBP REGULATION OF LYMPHOCYTE
DIFFERENTIATION

0.03965762 0.05610475

GOBP RESPONSE TO INTERLEUKIN 4 0.04042619 0.04850297
WP TYPE I INTERFERON INDUCTION
AND SIGNALING DURING SARSCOV2 IN-
FECTION

0.04042619 0.02411252

GOBP NEGATIVE REGULATION OF LO-
COMOTION

0.04208831 0.00808113

GOBP POSITIVE REGULATION OF I
KAPPAB KINASE NF KAPPAB SIGNAL-
ING

0.04289373 0.06118532

GOBP POSITIVE REGULATION OF IN-
TERLEUKIN 6 PRODUCTION

0.04381639 0.05610475
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ID Th1vsTh2 Th1vsTh12 Th2vsTh0 Th2vsTh12

GOBP POSITIVE REGULATION OF IN-
TERFERON BETA PRODUCTION

0.04703872 0.02621822

GOBP POSITIVE REGULATION OF TYPE
I INTERFERON PRODUCTION

0.05929716 0.02473466

GOBP REGULATION OF T HELPER CELL
DIFFERENTIATION

0.06401359 0.07162322

GOBP NEGATIVE REGULATION OF CY-
TOKINE PRODUCTION

0.06452969 0.08699173

GOBP IMMUNOLOGICAL MEMORY FOR-
MATION PROCESS

0.06461069 0.06941385

GOBP REGULATION OF T HELPER 1
CELL DIFFERENTIATION

0.06461069 0.06941385

GOBP REGULATION OF T HELPER 2
CELL DIFFERENTIATION

0.06461069 0.06941385

REACTOME TERMINATION OF O GLY-
CAN BIOSYNTHESIS

0.06461069 0.04806457

REACTOME TRAF6 MEDIATED IRF7 AC-
TIVATION IN TLR7 8 OR 9 SIGNALING

0.06461069 0.04806457 0.06941385

GOBP POSITIVE REGULATION OF PAT-
TERN RECOGNITION RECEPTOR SIG-
NALING PATHWAY

0.06706362 0.03885283 0.07718453

GOBP REGULATION OF LEUKOCYTE
DIFFERENTIATION

0.06873935 0.09410281

GOBP BIOLOGICAL PROCESS IN-
VOLVED IN INTERACTION WITH HOST

0.06961975 0.09090311

GOBP NEGATIVE REGULATION OF
CHEMOTAXIS

0.07006804 0.04011299

GOBP POSITIVE REGULATION OF IN-
TERLEUKIN 8 PRODUCTION

0.07006804 0.07948998

REACTOME CD28 DEPENDENT VAV1
PATHWAY

0.07357829 0.07808457

WP TRANSCRIPTIONAL CASCADE REG-
ULATING ADIPOGENESIS

0.07357829 0.05657311 0.07808457

GOBP MESENCHYME DEVELOPMENT 0.07469811 0.09808167
GOBP MACROPHAGE ACTIVATION 0.0775101 0.09274671
GOBP DENDRITIC CELL ANTIGEN PRO-
CESSING AND PRESENTATION

0.08333137 0.08699173

GOBP POSITIVE REGULATION OF
HEMOPOIESIS

0.08357296 0.10408932

GOBP IMMUNOLOGICAL MEMORY PRO-
CESS

0.09159934 0.09714949

GOBP NEGATIVE REGULATION OF
AXON EXTENSION INVOLVED IN AXON
GUIDANCE

0.09159934 0.06807967

GOBP POSITIVE REGULATION OF MAST
CELL ACTIVATION

0.09159934 0.09714949

GOBP REGULATION OF T HELPER 2
CELL CYTOKINE PRODUCTION

0.09159934 0.06807967 0.09714949

GOBP INTERFERON BETA PRODUC-
TION

0.10104472 0.05860802

GOBP INTERLEUKIN 2 PRODUCTION 0.10104472 0.11012593
GOBP ANIMAL ORGAN MATURATION 0.10141669 0.07521797 0.10597035
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ID Th1vsTh2 Th1vsTh12 Th2vsTh0 Th2vsTh12

WP CANCER IMMUNOTHERAPY BY
CTLA4 BLOCKADE

0.10141669 0.10597035

GOBP T HELPER 2 CELL CYTOKINE
PRODUCTION

0.11127362 0.08395896 0.11576251

GOBP VASCULAR ENDOTHELIAL CELL
PROLIFERATION

0.11127362 0.11576251

GOBP POSITIVE REGULATION OF RE-
SPONSE TO BIOTIC STIMULUS

0.00683016 0.0544533

GOBP REGULATION OF TYPE I INTER-
FERON MEDIATED SIGNALING PATH-
WAY

0.02087813 0.04068053 0.00162914

REACTOME NUCLEOTIDE LIKE
PURINERGIC RECEPTORS

0.04806457 0.06941385

WP CYTOSOLIC DNASENSING PATH-
WAY

0.08395896 0.00747384

WP SELECTIVE EXPRESSION OF
CHEMOKINE RECEPTORS DURING
TCELL POLARIZATION

0.04487064 0.00162914
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Table C.3 Summary of publicly available gene sets used in this thesis.

Study or ID Gene set Ref.

Wei et al. (2010) STAT4 targets [120]
Wei et al. (2010) STAT6 targets [120]
Wei et al. (2009) STAT1 targets [258]
Wei et al. (2011) GATA-3 targets [121]
Zhu et al. (2012) T-bet targets [237]
Stubbington et al. (2015) Transcription factors [194]
Stubbington et al. (2015) Cytokines [194]
Stubbington et al. (2015) Th1 genes [194]
Lönnberg et al. (2017) Th1/Tfh bifuraction [11]
Soon et al. (2020) Chronicity module [195]
GO:0042098 Th cell proliferation -
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Table C.4 Antibodies used for apoptosis markers.

Anti-mouse BCL2, REA356 Miltenyi Biotec Catalog # 130-105-474
Anti-mouse BIM, 14A8 Milipore Catalog # MAB17001
Anti-mouse CD138, REA104 Miltenyi Biotec Catalog # 130-102-318
Anti-mouse MCL1, Y37 Abcam Catalog # ab32087
Anti-mouse NOXA, 114C307 Abcam Catalog # ab13654
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