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Introduction

1. Introduction

1.1.  The Immune System — Guardian of Health and Balance

Every day, our body wages an invisible war: millions of tiny invaders, such as
viruses, bacteria or fungi, attack it. At the same time, there are harmless visitors
that wander through our airways or food. Interestingly, the body's own cells can lose
their loyalty and can grow uncontrollably or trigger diseases. That’s why is important
to have an intelligent safety system that detects, checks and, if necessary,
eliminates these many potential pathogens. This system is our body's own immune
system, which is a highly sophisticated network of cells, tissues and organs. The
mammalian immune system consists of two lines of defenses, the innate and the

adaptive immune system, in each of humoral and cellular processes are involved

[1].

1.1.1. Theinnate immune system — First line of defense

The innate immune system serves as the body's first line of defense and as an
immediate, non-specific protection. It remains active throughout life. The skin and
mucosa already represent an effective physical barrier defense at the surface of the
body. If a pathogen breaches these anatomical barriers, various cellular and
soluble components immediately respond, either killing or weakening the invaders.
The various cells involved in innate immunity include monocytes or their mature
form, macrophages, granulocytes, natural killer (NK) cells and innate lymphoid
cells (ILC). It also contains of soluble recognition molecules such as natural
antibodies, pentraxin and the complement system [2].

In the detection of microbial infection, toll-like receptors (TLR) play an important
role. Most mammalian species have 10-13 types of TLRs which recognize conserved
pathogen-associated molecular pattern (PAMPs), such as conserved bacterial cell
wall components or viral structures. This recognition triggers a broad inflammatory

response, including the release of cytokines, chemokines, major histocompatibility
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complex (MHC) molecules, and co-stimulatory molecules [3, 4]. Additionally, TLRs
regulate DC maturation and the differentiation of CD4* T helper cells. (CD4* Th cells)
(4, 5].

The innate immune system responds rapidly, reaching full activation within minutes
to hours and recognizes a broad range of organisms or molecules [6]. However, if a
pathogen manages to bypass the non-specific immune response and persists fora
certain time in the body, a specific immune reaction becomes necessary. This is
where the adaptive immune system, mediated by B and T cells, comes into play, as
these cells are capable of recognizing and specifically targeting pathogens for
elimination. DCs are involved in this process, as they connect innate and adaptive

immunity by presenting antigens to T cells [7].

1.1.2. The adaptive immune system — Tailored defense against pathogens

In contrast to the innate immune defense, the adaptive immune response is highly
adaptable and specifically targets antigens, enabling the body to mount a precise
response against pathogens. Although this process takes time, ranging from days
to weeks, itis long-lasting due to immunological memory and the system's ability to
recognize antigens with high specificity, differentiate between self and non-self,
and respond to a vast array of foreign molecules [8].

B and T lymphocytes are responsible for both humoral and cellular immunity [9].
Both cell types originate from the bone marrow, where B cells remain for maturation
and differentiation. Meanwhile CD34" precursors T cells entering the thymus from
the bone marrow and undergo a tightly regulated process involving TCR
rearrangement, and positive and negative selection [10]. The thymus, besides the
bone marrow, is a primary lymphoid organ and an important part of the lymphatic
system. The mammalian thymus, located in the upper chest above the heart,

consists of two lobes with a medullary and cortical part [11]. The cortico-medullary



Introduction

junction (CMJ) is a blood vessel-rich region where T precursor cells enter and
mature T cells exit.

The T cell development process includes multiple checkpoints that monitor the VD)
rearrangement of the T cell. CrucialstepsinT celldevelopment occur after entering
the double positive (DP) stage, where positive and negative selection determine
which cells leave the thymus. After TCR rearrangement, TCRaB affinity for self-
peptide-MHC complexes on thymic epithelial cells is essential for survival;
otherwise, cells undergo apoptosis. Positive selection promotes cells that bind to
MHC molecules, the site of antigen presentation [12]. Negative selection is crucial
to prevent responses to self-antigens [13].

T cells leave the thymus as either helper T cells (CD4* T cells) or cytotoxic T cells
(CD8" T cells). Before their first encounter with an antigen, T cells are considered
naive and often require antigen-presenting cells (APCs) for activation. APCs include
dendritic cells (DCs), macrophages, and B cells, each of which triggers different
immune responses. B and T cells can be activated simultaneously and often work
cooperatively. If the B and T cells recognize a specific antigen via their B cell
receptor (BCR) or T cell receptor (TCR), respectively, they get activated. This leads
to a clonally expansion to one and the same BCR/TCR which provides an antigen

specific-response [9].

1.2. T Cells-Immune defense and regulation

T lymphocytes are a specialized type of immune cell essential for maintaining a
finely tuned immune system. These cells originate from progenitor cells in the bone
marrow and gain their full immunocompetence after migrating to the thymus.
Within the thymus, they undergo a maturation process that includes the
development of their unique TCR. This receptor, in complex with the surface
molecule CD3, enables T cells to recognize and bind antigens presented on cell
surfaces in conjunction with major histocompatibility complex (MHC) molecules
[9]. This recognition is the product of multiple TCR rearrangements that occur in the

thymus during T cell development, which result in ~10% unique T cell clones.
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Afterwards T cells undergo thymic selection, where self-reactive T cells can be
eliminated. The mature T cell migrate to lymphoid tissue and can be activated by
DCs, leading to clonal expansion of one T cell with the same TCRs. Each of these
clones are having different antigen specificities being present in the body at any
given time [14]. There are two phenotypically and functionally distinct subgroups of
offT cells: CD8" cytotoxic T cells and CD4" T helper cells [15].

CD8*T cellsrely on MHC class | molecules for antigen recognition. Since MHC class
I molecules are expressed on nearly all nucleated cells, this subpopulation of T
cells has the ability to monitor a vast array of potential targets. Once activated, CD8"
T cells compel their target cells to undergo cytolysis and apoptosis, effectively
neutralizing threats. This process is initiated through the targeted release of
granzyme B and perforin, which together trigger a proteolytic cascade mediated by
caspases. Additionally, intrinsic apoptosis pathways lead to mitochondrial
membrane disruption and the release of proapoptotic molecules, increasing the
cell's programmed demise [16].

In contrastto CD8* T cells, helperT (Th) cells express CD4 molecules and recognize
antigens presented by MHC class Il molecules. These MHC molecules are
exclusively produced by APCs such as B cells, macrophages, and DCs. Upon
activation, Th cells secrete cytokines that drive the activation of B cells, T cells, and
other components of the innate immune response, effectively coordinating arobust
and multifaceted defense [9].

Naive CD4" T cells possess remarkable flexibility, differentiating into distinct
subtypes based on cytokine signals in their environment. One subtype are
Regulatory T cells (Treg cells) which are pivotal for counteracting excessive immune

activation and maintaining immune homeostasis [17, 18].

1.2.1. Foxp3is crucial for regulatory T cell development and function

Regulatory T (Treg) cells are an anti-inflammatory subset of CD4+ T cells. These
cells play a crucialrole in engaging the maintenance of peripheral tolerance to self-

antigens and controlling excessive inflammation [19]. In 2000, Sakaguchi and his



Introduction

team demonstrated that naturally occurring Treg cells are defined by the expression
of the transcription factor forkhead box protein 3 (Foxp3), which is a critical
regulator of Treg development and for coordinating the immunosuppressive
functions of Treg cells [17, 19, 20]. The importance of Foxp3 can be seen in the
Scurfy mouse strain which consists in loss-of function mutation in the Foxp3 gene
and leads to hyperactivation of CD4* T cells as well as overexpression of
proinflammatory cytokines [21]. Mutations of the human gene FOXP3 are causing
the genetic immunodysregulation polyendocrinopathy enteropathy X-linked (IPEX)
syndrome, which can be seen as the human counterpart of Scurfy [22]. IPEX
typically presents with early-onset, persistent diarrhea, type 1 diabetes (T1D), and
eczema. As a monogenic autoimmune disorder, it often leads to additional
autoimmune issues, including hepatitis, thyroiditis, hemolytic anemia, and
nephropathy [23]. Certain FOXP3 mutations may be linked to specific
manifestations, but the genotype alone does not fully account for the severity of
IPEX, indicating that environmental or other genetic factors may also play a role in

determining the disease outcome [24].

This complexity in disease manifestation highlights the critical role of Foxp3in Treg
cell function. Foxp3 transduction in naive T cells upregulates surface molecules
such as CD25, which is the Interleukin 2 (IL-2) receptor alpha chain. Additionally,
the TF Foxp3 also orchestrates the cellular and molecular program involved in Treg
function by interacting with severaltranscription factors. It acts as ahomo-oligomer
and can associate with other transcription factors such as NFAT (nuclear factor of
activated T cells), AML1 (acute myeloid leukemia-1)/Runx1 (runt-related
transcription factor 1) and HAT (histone acetyltransferase)/HDAC (histone deacetyl
transferase) to regulate the transcription of Treg specific target genes [25].
However, Foxp3 expression alone is insufficient to fully establish the Treg cell
phenotype. For suppressive functionality, lineage stability, and specific gene

expression in Treg cells also depend on a unique methylation pattern, which is



Introduction

developed independently of Foxp3 expression. This methylation pattern is initiated
in the thymus and maintained in peripheral tissues, relying on TCR signaling [26].
Treg cells can be further classified into two subgroups based on their development
and side of induction: thymus-derived Treg cells (tTreg cells) and peripheral-
induced Treg cells (pTreg cells). Treg cells predominantly originate in the thymus,
where their development follows two distinct pathways involving CD25+ Foxp3- and
CD25- Foxp3low progenitors. These progenitors emerge from an initial agonist-
activated state, which progresses through a transitional stage before differentiating
into mature Treg cells [27]. The development of Treg cells is driven by signals
transmitted through the TCR and co-stimulatory receptors such as CD28, LFA-1,
and CD27 [28-31]. Cytokines, particularly IL-2 and IL-15, also play a crucial role in
Treg development. These cytokines are primarily produced by DCs and medullary
thymic epithelial cells (MTECs). Their absence results in reduced intrathymic Treg
development and appears to influence the TCR repertoire expressed by developing
Treg cells in mice [28, 32].

Additionally, a significant proportion of thymic Treg cells are recirculating from the
periphery. These recirculating cells regulate the Treg development process by
competing for IL-2, thereby limiting the generation of new thymic Treg cells. This
population is characterized by the expression of CD73+ and encompasses multiple
subsets with a highly diverse TCR repertoire [27].

pTreg cells arise from naive T cells in the periphery and can acquire Foxp3
expression and Treg function during antigenic stimulation [33, 34]. Treg cells can
also be induced from naive T cells (iTreg) by the induction of TGF-§3 (Transforming
Growth Factor Beta) and IL-2 in vitro. However, these iTreg cells are phenotypically
functionally unstable in mice, due to the less widely demethylation in the regulatory
regions of the Foxp3 gene [35, 36]. Moreover, Foxp3 seems not to just suppress the
function of other T cell populations, but may also act as an intrinsic brake to the
further activation of antigen-stimulated effector T cells in the human counterpart

[37].
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1.2.2. Immunosuppressive function and tissue-specific roles of Treg cells

Treg cells can suppress various different immune cells such as B cells, NK cells,
natural killer T (NKT) cells, CD4* and CD8" T cells, monocytes and DCs. The
functional mechanisms of suppressing immune tolerance by Treg cells is already
well-studied [19, 38, 39]. These mechanisms, demonstrated in Figure 1, include the
secretion of immunosuppressive and anti-inflammatory cytokines like IL-10, IL-35
and TGF- as well as the induction of apoptosis via secretion of perforin and
granzyme-A and -B [40]. Moreover, Treg cells can kill effector T cells or APC through
Tumor Necrosis Factor (TNF)-related cell-cell-contact with Tumor Necrosis
Factor Related Apoptosis Inducing Ligand (TRAIL), Fas ligand (FAS-L), Galectin-9
and mucin domain 3 (TIM-3) [41]. One of the core Treg signature marker genes in
human and mice include the cytotoxic T cell-associated antigen-4 (Ctla4), which is
an co-inhibitory molecule of Treg cells and a key molecule for Treg-mediated
immune-suppressive functions. It binds to the CD80/CD86 surface molecule on
APCs and leads to a very effectively suppression of effector T cells. On a metabolic
level Treg cells could function via the degradation of extracellular adenosine
triphosphate (ATP) via their ectoenzymes CD39/CD73 or gap junction-transferred
cyclic adenosine monophosphate (cCAMP) [42].

Additionally, Treg cells have been also found in non-lymphoid tissues, where they
can accumulate and exhibit a lot of different tissue-specific and tissue-regenerative
functions. Research has highlighted the unique tissue-specific functions of these
non-lymphoid tissue (NLT) Treg cells, demonstrating their roles beyond immune

suppression [28-31], demonstrated in Figure 1.
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immune suppression tissue regeneration

Kirg1

/ \ IL-10 Ctla4 IL-10
\ o N st2 Areg
/ Granzyme %o
¢ ’l,
N —>
—_ o — )
Foxp3 Nfil3 —
Batf

CD25 CD39

Figure 1: Treg cells regulate the immune system and repair tissue damage. Left: Immune
suppression - Treg cells suppress effector T cells (Teff) by secretion of immunosuppressive
and anti-inflammatory cytokines, induction of apoptosis via granzyme secretion, via Ctla4
or metabolic disruption via CD39. Right: Tissue regeneration — Treg cells mediate tissue
repair program and upregulate surface molecules like Killer cell lectin-like receptor G1
(Klrg1). Effector programs are activated via IL-10 and murine Amphiregulin (Areg) and
support wound healing and epithelial regeneration in the murine lung. Created with
Biorender.

1.2.3. Non-lymphoid regulatory T Cells (NLT Treg cells) arise in a two-step progenitor
program

Recent studies have shown that Treg cells can be found not only within lymphoid
tissue and the site of inflammation, but almost every mouse tissue [43]. In
secondary lymphoid organs (SLOs), Treg cells get primed by DCs presenting tissue-
specific self-antigens which Treg cells can recognize via their specific TCR. Based
on specific recognition, Treg cells also migrate into inflamed-tissue, the TME or
infectious sites. Furthermore, Treg cells express different homing receptors, which
include adhesion molecules and chemokine receptors and control their trafficking
and localization in the body [44]. The development of NLT Treg cells has been
described in a nuclear factor interleukin-3 regulated (Nfil-3) reporter mouse line
which describes this program in two steps: in the SLO, early precursor Treg cells

(Nfil3(GFP) Klrg-1°) further develop in late precursor (Nfil3 (GFP)*Klrg-1") towards
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more mature (Nfil3 (GFP) " Klrg-1*) NLT Treg cells [45], which is illustrated in Figure
2. Additionally, global chromatin profiling of these mature NLT Treg cells and the
precursor stages revealed a stepwise chromatin accessibility and reprogramming.
These findings were further corroborated by a pseudo-time analysis of single-cell
RNA sequencing (scRNA-seq) data from various tissues. scRNA-seq allowed the
detailed examination of complex cellular processes at single-cell resolution within
the biologically diverse tissues and cell populations. The pseudo-time analysis
used in the study computationally placed Treg cells along a pseudo-temporal

trajectory based on their progressively changing transcriptomes [45].

lymphoid Tregs precursor NLT NLT Tregs
Tregs
% St2
FoxP3+ FoxP3+ FoxP3+
NFIL3- 45 NFIL3+ L NFIL3+ Kirg1
BATF- BATF+ BATF+
N\
N Pd1
Kirg1- Nfil3- Kirg1- Nfil3+ Kirg1+ Nfil3+
T104| 385 1[62 1P
— | 103; -
° 0 0
o :
offg - e ] |
| +| 86.9 ~.-120.0 0
0 103 104 105 0 103 104 105 0 103 104 105

Kirg1

Figure 2: Development of NLT Treg cells and their expression of Foxp3, Nfil3, Batf and their
surface receptors programmed cell death protein 1 (PD-1), Killer Cell Lectin Like Receptor
G1 (Klrg1) and ST2 (IL-33 receptor); created with Biorender, adapted from Delacher et al.,
2020 [45].

By analyzing the enrichment of differential binding motifs from various transcription
factor (TF) families between Nfil3(GFP) Klrg1  and Nfil3(GFP) Klrg1* Treg cells, the
TF basic leucine zipper transcription factor (Batf) was identified as a key regulator
of the tissue-specific Treg cell program. scRNA-seq data revealed more than 60

genes either positively or negatively correlated with Batf expression. Positively



Introduction

correlated genes included TNF superfamily member 4 (Tnfsf4),Klrgl,
and programmed cell death 1 (Pdcd1), while negatively correlated genes
included B-cell lymphoma 2 (Bcl2), selectin L (Sell), Ccr7, SATB homeobox 1
(Satb1), and inhibitor of desoxyrinonucleic acid (DNA) binding 3 (Id3) [28]. The
critical role of Batf in NLT Treg development was further validated using Batf-
deficient mice. These mice lacked both early and late NLT Treg precursors and were
unable to develop mature NLT Treg cells in non-lymphoid tissues [28]. This
underscores the importance of Batf in orchestrating the specialized functions of
Treg cells in tissue environments [45].

Further studies have revealed NLT-specific Treg gene signatures that reflect their
distinct roles in various tissue environments. By analyzing the scRNA landscape of
Treg cells from colon, skin, and SLOs, researchers identified several defining
characteristics of NLT Treg cells. These included the expression of key components
of the TNFRSF-NF-kB pathway, such as transducers (Traf1, Traf4, Traf2b), effectors
(Nfkb1, Nfkb2, Rel, Rela, Relb), and inhibitors (Nfkbib, Nfkbid, Nfkbie). Additionally,
tissue-specific chemokine receptors were identified: Ccr4, Ccr8, and Cxcr4 were
prominentin both skin and colon Treg cells, while Ccr1 and Ccr5 were more specific
to the colon, and Ccr6 was distinctive for skin NLT Treg cells [46].

This raises an important question: Does the gene expression and function of NLT
Treg cells differ significantly depending on the tissue of origin? While there are
tissue-specific features, evidence suggests that NLT Treg cells share a common
phenotype across different non-lymphoid tissues. Recent findings propose a pan-
tissue model of the NLT Treg population, characterized by a shared capacity for
circular migration among various tissues [47]. In this model, NLT Treg cells are
capable of entering tissues and being retained when antigen recognition occurs.
Treg cells with TCRs that recognize antigens across multiple tissues likely migrate
through different environments over their lifespan. In contrast, rare Treg clones with
tissue-restricted antigen recognition exhibit a more specialized migratory pattern,

with their presence and activity largely confined to a single tissue. This duality
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highlights the dynamic nature of Treg cells in balancing broad immunoregulatory

functions with tissue-specific specialization [47].

1.2.4. NLT Treg cells support tissue regeneration

The first evidence of this novel, non-classical function of NLT Treg cells, such as the
regulation of insulin sensitivity, was observed in studies on murine visceral adipose
tissue (VAT). In this context, metabolic homeostasis and the regulation of insulin
sensitivity was linked to VAT-resident regulatory T cells, which utilize signaling
through the IL-33 receptor (ST2) [48].

Similarly, in the skin, Treg cells contribute to wound healing by modulating local
immune responses and promoting tissue repair mechanisms. They interact with
various cell-types, including keratinocytes and fibroblasts, to enhance re-
epithelialization and tissue remodeling [49]. A key effector molecule of NLT Treg
cells in mice is the epidermal growth factor receptor (EGFR) ligand amphiregulin
(Areg), which plays a critical role in wound healing and also in epithelial
regeneration in the murine lung [50, 51]. Areg-dependent processes help resolve
inflammation and promote the restoration of normal lung architecture, thereby
preventing chronic lung diseases. The mechanisms involve the secretion of anti-
inflammatory cytokines and direct interactions with lung epithelial cells [52]. Within
the central nervous system (CNS), Treg cells promote IL-10-dependent repair after
ischemic brain injury and suppress neurotoxic astrogliosis via Areg [53, 54]. They
also enhance myelin regeneration and oligodendrocyte differentiation in
experimental autoimmune encephalomyelitis (EAE), a model of multiple sclerosis
[55]. In skeletal muscle, Treg cells accumulate in response to injury, facilitating
repair through the secretion of growth factors such as Areg, which promotes the
proliferation and differentiation of muscle satellite cells, essential for muscle
regeneration [56, 57]. Similarly, in the heart, Treg cells facilitate recovery after
myocardial infarction by modulating monocyte differentiation [58]. Furthermore,
Treg cells suppress pulmonary responses to allergens and maintain liver

homeostasis by regulating bile acid synthesis, protecting against cholestatic injury
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[59, 60]. However, during non-alcoholic steatohepatitis (NASH), a condition of
chronic liver injury, Areg-producing Treg cells activate pro-fibrotic transcriptional
programs via EGFR signaling. This also reveals a maladaptive role for NLT Treg cell-
mediated tissue repair functions in chronic liver disease and links liver damage to
NASH-dependent glucose intolerance [61]. This duality of NLT Treg cells can be
found not only in the inflamed tissue but also during cancer progression. An

overview of the function of NLT Treg cells within different organs is illustrated in

Figure 3.
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Figure 3: Overview of NLT Treg-mediated regeneration in murine tissues. NLT Treg cells are
characterized by the expression of the transcription factors Foxp3, Batf and Nfil3. They
exhibit surface markers such as Klrg1, St2 (IL-33R), PD-1, CD39, CD25 and Ctla-4, along
with a T cell receptor (TCR). Across various tissues - including visceral adipose tissue (VAT),
skin, lung, liver, heart, muscle, and the central nervous system (CNS) - NLT Tregs facilitate
tissue regeneration through effector molecules such as amphiregulin (Areg), proenkephalin
(Penk), IL-10, IL-33, IL-13, and CD103. In the tumor microenvironment (TME), these cells
not only produce regenerative factors but also contribute to immunosuppression, notably
through TGF-B. Created with Biorender.
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All of these different studies have shown the important role of NLT Treg cells in
tissue regeneration and repairin many different settings. They are operating through
diverse mechanisms tailored to specific organ environments. Moreover, NLT Treg
cells can be also found in high numbers in the TME of different types of
malignancies. Treg cells hinder the immunological surveillance of tumors in healthy
individuals and diminish the anti-tumor immune response in cancer patients,
potentially contributing to tumor development and progression [62]. Additionally,
Treg cells support tumor cell survival by releasing growth factors and interacting
with stromal cells [63]. An increased presence of tumor-infiltrating Treg cells has
been associated with poorer patient survival across various types of malignant
tumors [64, 65]. Specifically, Treg infiltration correlates with reduced recurrence-
free survival (RFS) in patients with non-small cell lung cancer (NSCLC) [66].
However, the underlying mechanisms on the pro- and antitumor effects of Treg cells

in various TME remain poorly understood.

1.3. The TME is a complex network

The interaction and communication between the tumor and its microenvironment
are essential for its differentiation, proliferation, invasion and metastasis as well as
for the development of drug resistance [67]. The surrounding cells, also known as
tumor stroma, define the non-neoplastic area of the TME. In addition to the
extracellular matrix (ECM), the stroma consists of cells from the innate and
adaptive immune system, endothelial cells, cancer-associated fibroblasts (CAF)
and pericytes. Essential functions of the tumor stroma include neoangiogenesis,
the supply of growth factors and cytokines as well as the remodeling of the ECM [63,
68].

1.3.1. Hallmarks of Cancer: Understanding Tumor Behavior

The interaction between cancer cells and the TME plays a crucial role in driving
tumor growth, invasion, immune evasion, and response to cancer therapies. In

2000, Hanahan and Weinberg introduced the six "Hallmarks of Cancer," which

13



Introduction

remain the gold standard for describing cancer's complex development [69]. These
hallmarks were later updated in 2011 and represent essential traits that allow
cancer cells to survive, proliferate, and disseminate, as well as the enabling

characteristics that support their emergence [70].

1. Self-sufficiency in growth signals: Cancer cells exhibit uncontrolled growth
due to mutations or dysregulation in genes responsible for cell cycle control
and growth factor signaling pathways.

2. Insensitivity to anti-growth signals: Tumor cells evade the inhibitory signals
that normally regulate cell growth or induce cell death, allowing them to
continue proliferating despite adverse conditions.

3. Evading apoptosis: Cancer cells resist programmed cell death by developing
mechanisms to survive even in the presence of cellular stress or damage.

4. Limitless replicative potential: By maintaining telomere length through
telomerase activation or alternative mechanisms, cancer cells can bypass
normal cellular lifespan limits and divide indefinitely.

5. Sustained angiogenesis: Tumors promote the formation of new blood
vessels to supply oxygen and nutrients, facilitating their growth and ability to
metastasize.

6. Tissue invasion and metastasis: Cancer cells acquire the ability to invade
nearby tissues and migrate to distant sites, leading to metastasis and
contributing to cancer progression.

7. Reprograming energy metabolism: Cancer and malignant cells reprogram
their metabolism to support rapid growth through aerobic glycolysis, which
produces lactate and is known as the Warburg effect [71].

8. Evading immune destruction: Tumor development has been shown to
improve in immunodeficient mice lacking both types of T cells as well as NK
cells. This mechanisms is triggered by downregulating antigen presentation

or creating an immunosuppressive microenvironment [72].
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Recently, in the 2022 review, two additional emerging hallmarks were presented:
"unlocking phenotypic plasticity" and "senescent cells". Current research
introduced two new enabling characteristics, “nonmutational epigenetic
reprogramming" and "polymorphic microbiomes" [73]. Taken together, the evolving
understanding of the hallmarks of cancer underscores the complexity of cancer
development and the critical role of TME. An overview of the hallmarks of canceris

shown in Figure 4.
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Figure 4: Hallmarks of Cancer - Six classical hallmarks of cancer defined by Hanahan and
Weinberg in 2000 marked in grey, two enabling factors colored in pink and two emerging
hallmarks colored in yellow. Created with Biorender, adapted from Hanahan and Weinberg,
2010 [69].
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1.3.2. Cancer Immunotherapies

One focus for fighting tumor development and progression is the role of T cells to
engage the immune system [74]. Normally, the cancer immune surveillances help
to identify and eliminate malignant cells by recognizing tumor-associated antigens
(TAAs). Nevertheless, tumor cell have developed mechanisms to trigger peripheral
immune tolerance and evade destruction by an immune attack. This immune
escape can take place through four different mechanisms, including down-
regulation of antigen expression on their surface, up-regulating of immune
checkpoints to suppress CD8* T cell activity, recruiting suppressor immune cells
such as Treg cells and release cytokines to form a immune suppressive
environment [75, 76].

Cancer immunotherapies aim to stimulate, enhance or suppress the immune
system to reshape the tumor microenvironment and prevent tumorigenesis [77].
Various approaches to immunotherapies have already been tested, ranging from
cytokine therapy, treatment with tumor-specific vaccines and immune checkpoint
inhibitors to adaptive T cell therapy. However, despite the promise, these therapies
face challenges such as immune resistance and limited response rates,
necessitating deeper understanding and further innovation in the field [78, 79].
Cancer vaccines are one subset of immunotherapy approaches and aim to
stimulate the immune system to prevent cancer development or recurrence.
Preventative vaccines, such as those targeting virus-induced cancers, have shown
success in preventing cancer initiation but remain less effective in eliminating
established tumors due to the complex TME and mechanisms of immune evasion
[80]. Consequently, these vaccines are limited to addressing viral infections rather
than directly targeting tumorigenesis.

Immunotherapies can also use small molecules targeting immune pathways that
provide additional tools for cancer treatment. This includes for example the PD-
1/PD-L1 interaction to enhancing T cell activity in the TME as well as a stimulators
of interferon genes (STING), which activate innate immunity and promote antitumor

responses, particularly in combination with other therapies [81, 82].
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Moreover, monoclonal antibodies (mAbs) have become a milestone of cancer
immunotherapy due to their specificity and versatility. Approaches include
targeting of cancer-specific antigens to inhibit tumor growth, bi-specific mAbs
which bind two different antigens, enhancing immune system-targeted tumor
destruction and the Immune Checkpoint Inhibitors (ICl) [83]. The latter block
proteins like PD-1/PD-L1 or cytotoxic T-lymphocyte antigen-4 (CTLA-4) to
reinvigorate exhausted T cells and overcome immune suppression [84]. In 2018, the
Nobel Prize was awarded to two immunologists for the development of immune
checkpoint inhibitors of the PD-1 and CTLA-4 on T cells [85].

Another alternative to reactivate the immune system are adoptive cell therapies,
which involve the transfer of autologous or engineered immune cells to enhance
antitumor immunity. Key approaches include Chimeric Antigen Receptor (CAR) T
cells therapy, TCR-T cell therapy and the use of Tumor-Infiltrating Lymphocytes
(TILs). CART celltherapy uses genetically engineered T cells to target specific TAAs.
These modified cells are reintroduced into the patient, where they exert potent
antitumor effects. While highly effective in hematological malignancies, CART cell
therapy faces challenges in solid tumors due to the immunosuppressive TME and
antigen heterogeneity [86, 87]. TCR-engineered therapies modify T cells to
recognize TAAs in an MHC-dependent manner. Enhancing the affinity of TCRs to
TAAs can improve tumor-specific responses [88]. Moreover, TIL therapy involves
isolating and expanding lymphocytes from tumor tissues. These cells exhibit
natural specificity for TAAs and have shown promising results in metastatic
melanoma, though their broader applicability remains under investigation [89].
Treg cells play a key role in resistance to ICls, making them a focus of research for
depletion strategies within the TME. However, systemic Treg depletion risks
triggering severe autoimmunity. Clinical and preclinical studies highlight Treg cells
as significant barriers to effective antitumor immunity and contributors to tumor
progression [90]. Thus, targeting Treg cells is essential for improving cancer
immunotherapy outcomes. Several therapies, often combined with ICls, aim to

directly or indirectly target Treg cells. A deeper understanding of Treg
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characteristics in cancer could enable disease-specific therapies, enhancing

efficacy while minimizing immune-related adverse effects [91, 92].

1.4. Treg cells during acute, chronic and latent infection diseases

Infectious diseases can be categorized into acute, chronic, and latent types based
on their progression, pathogen behavior and immune response. Acute infections
can be caused by a variety of microorganisms, including viruses, bacteria, fungi,
protozoa or worms [93]. It is characterized by a sudden or rapid onset of disease
and short duration, typically clearing up within a month. The immune system
responds robustly, aiming to eliminate the pathogen swiftly and effectively [94].

Treg cells play a complex role in the immune response during acute infections,
influencing outcomes for both the host and pathogens. In acute infections, Treg
cells prevent immune overactivation, reducing the risk of excessive tissue damage
while modulating effector responses to pathogens [72, 73]. They accumulate at
infection sites, expanding in response to various pathogens and shaping immune
responses in ways that can benefit both the host and the microorganism. In
contrast to acute infections, chronic infections persist for extended periods, often
months to years, due to the pathogen's ability to evade or modulate the immune
response [95]. In chronic infections, Treg cells contribute to pathogen persistence,
primarily through the secretion of IL-10 [74]. This immunosuppressive mechanism
can help pathogens evade immune clearance, prolonging infection. Treg cells also
play a role in latent infections, which, alongside chronic infections, represent
another common mechanism by which viruses persist for extended periods in an
infected host [96]. Latent infections can be characterized by asymptomatic
persistence of pathogens which can reactivate under conditions like immune
suppression, malnutrition, stress, or certain medical treatments. For instance,
studies indicate that Treg cells facilitate the establishment and reactivation of
latent infections, such as Herpes simplex virus 1 (HSV-1), with stress-induced Treg

cells promoting viral reactivation [75].
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Understanding the characteristics of Treg cells and exploring Treg-depleting
therapies could enhance effector T cell function, offering potential benefits in the

treatment of acute, chronic, and latent infectious diseases [75].

1.5.  Aim of this project

Recent studies have highlighted the convergent mechanisms utilized by tumors and
infectious diseases to evade the immune system. Both conditions share
overlapping strategies of immune evasion and pathogenesis, revealing potential
targets for therapeutic intervention. For example, one common mechanism
involves evading recognition of stress-induced surface markers such as natural
killer group 2 member D (NKG2D) ligands. These ligands activate NK and CD8* T
cell-mediated immune responses, and their suppression represents a shared
evolutionary strategy in viral infections and malignant transformations [97].

As antitumor immunity leads to immune escape the question remains whether Treg
cells from healthy tissues, TME or infection sites exhibit similar transcriptomic and
genomic characteristics. Additionally, the identification of shared TCR clonotypes
could give a hint of common molecular mechanisms across these different
settings. Emerging evidence suggests a pan-tissue Treg population with a shared
capacity for circular migration across various healthy tissues. This thesis aims to
explore the convergent gene expression pattern and TCR repertoire of NLT Treg cells
from different healthy tissue in comparison to the TME and inflamed organs. By
investigating tumors of different type and location, we try to identify a tumor tissue
specific gene expression pattern as well as TCR similarities shared by all Treg cells.

These investigations raise the following key questions:

1) How does the phenotype of NLT Treg cells change between healthy tissue
compared to tumor and inflamed environment?

2) Are tumor-infiltrating Treg cells defined by tissue-specificity or tumor-
specificity, or do these characteristics depend on different tumor types?

3) Doestumortype and location influence the phenotype of NLT Treg cells?
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4) Where do tumor-infiltrating Tregs originate or develop, and does this vary

across different tumor types and locations?

To answer these questions, we first performed both flow-cytometry-based as well
as single-cell gene expression-based characterization of Treg cells from different
murine organs in healthy animals.

Single-cell gene expression analysis (ScCRNA-seq) has become a powerful tool for
studying cellular transcriptional programs. Immune cells, such as T and B cells,
exhibit extreme heterogeneity due to their diverse receptor repertoires, which
enable the recognition of various foreign invaders [98, 99]. Recent advancementsiin
single-cell methods allow for the simultaneous measurement of gene expression
and T-cell receptor clonality, so called scRNA/TCR-seq. This technology helps
identify and characterize distinct immune cell subsets in both health and disease,
revealing novel pathogenic drivers and potential biomarkers [100, 101].

We performed a first characterization of Treg cells from secondary lymphoid
environments (SLE), including the spleen, mesenteric lymph nodes (mLN), which
drain the colon, and inguinal lymph nodes (iLN), the draining lymph nodes of the
skin. Within these SLE, we identified three distinct populations: naive/lymphoid,
precursor non-lymphoid tissue (NLT)-like, and NLT-like Treg cells, providing insights
into gene expression and TCR clonal expansion during tissue Treg development.

To investigate tissue-specific Treg markers, we selected the skin as an example of
NLT. Given the established role of colon pTreg cells in tumor-mediated immune
suppression, we also included colon-derived Treg cells in our study [102, 103].
Alongside gene expression analysis, we examined the clonality and clonal
distribution of TCRs from Treg cells in different mouse organs. While gene
expression comparisons could be performed across mice, TCR analysis required a
mouse-specific approach due to the individuality of each TCR repertoire.
Nevertheless, tissue-specific TCR clonality can be directly compared within the

same individual across different tissues.

20



Introduction

Following our scRNA/TCR-seq analysis in healthy mice, we extended the study to
investigate Treg cells under inflammatory and tumor conditions. We used the
Azoxymethane (AOM)/Dextran Sodium Sulfate (DSS) model, which induces
chemical DNA damage followed by repeated cycles of colitis. This two-step model
mimics key features of inflammatory bowel disease (IBD) within 14 days, with tumor
development typically occurring after 60 days. Due to its accuracy in replicating
colitis-associated cancer (CAC), it serves as a valuable model for studying
inflammation-driven tumors [104, 105].

To explore how tumor location impact the Treg cell phenotype and TCR sharing, we
incorporated two additional tumor models. The first involved the subcutaneous
implantation of MC38 colorectal carcinoma cells, providing a tumor model external
to the colon. The second was a skin-specific model using B16-F10 melanoma cells
implanted subcutaneously at their site of origin.

This comprehensive analysis across three distinct tumor models aimed to uncover
how the tumor microenvironment and anatomical site influence the gene
expression and TCR repertoire of tumor-infiltrating Treg cells. Figure 5 illustrates

the mouse models included in this study.
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Figure 5: Overview of different mouse models investigated in this thesis. The steady state
displays a wild-type mouse at the age of 10-12 weeks and is highlighted in blue. The disease
types are colored in yellow, including a AOM/DSS-treated colitis, AOM/DSS-induced
colorectal carcinoma, a adenocarcinoma model using MC38 cells and a melanoma model
using B16-F10 cells which both induced subcutaneous tumor. Created with Biorender.
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2. Material

Table 1: Consumables

Material

Company

100 um strainer

Greiner, 542000

15 mL Falcon

Thermo Scientific Inc., 339650

45 pm filters

Labomedic

50 mL Falcon

Thermo Scientific Inc., 339652

70 um strainer

Greiner, 542070

Eppendorf 1,5 mL tubes

Merck, 2606340

Eppendorf® DNA-LoBind-Roéhrchen

Merck, EPO030108051

GentleMACS tube

Miltenyi Biotec, 130-096-334

Greiner round bottom tubes, polystyrene

Merck, Z617776-1500EA

PCR tubes and stripes

Thermo Scientific Inc., AB-0337

Table 2: Chemicals and Reagents

Chemicals

Company

Accutase® solution

Sigma Aldrich, SLCP8683

Anti-PE MicroBeads UltraPure

Miltenyi Biotec, 130-105-639

Ammonium-Chloride-Kalium (ACK) lysis
buffer

Thermo Scientific Inc., A1049201

Bovine Serum Albumin (BSA)

Thermo Scientific Inc., 11924.04

CD4 (L3T4) MicroBeads

Miltenyi Biotec, 130-117-043

CDA45 MicroBeads

Miltenyi Biotec, 130-052-301

Dextran-Sodium-Sulfat (DSS)

Sigma, 42867

DMEM

Gibco 10938-025

Fc blocking reagent

Miltenyi Biotec, 130-092-575

Fetal Calf Serum (FCS)

Gibco 26140079

HBSS (Caz+, Mg2+)

Thermo Scientific Inc., 14025092

HEPES PAN-Biotech P05-01100
Percoll Sigma Aldrich, 17-0891-01
RLT buffer Qiagen, 79216
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Material

RPMI Gibco 11875093

B-Mercaptothanol Sigma, 60-24-2
Table 3: Enzymes

Enzymes Company

Collagenaselll

Sigma, C6885-1G

Collagenase IV

Sigma, C5138-1G

Collagenase V

Sigma, C9263-1G

Collagenase D

Roche 11088882001

DNase |

Roche, 11284932001

Azoxymethan (AOM)

Merck, 23843-45-2

Table 4: Antibodies

Antibodies

Company

Alexa Fluor® 488 anti-mouse FOXP3

BioLegend®, 320012

APC anti-mouse CD11b

BioLegend®, 101212

APC anti-mouse CD11¢c

BioLegend®, 117310

APC anti-mouse CD19

BioLegend®, 115512

APC anti-mouse CD206

BioLegend®, 141708

APC anti-mouse MHC class |l

BioLegend®, 107614

APC anti-mouse NK1.1

BioLegend®, 108710

APC-Cy7 Zombie NIR Dye

BioLegend®, 423104

Batf (D7C5) Rabbit mAb

Cell Signaling Technology®, 8638S

BB700 anti-mouse KLRG1

BD Biosciences, 742199

Biotin anti-mouse CD198 (CCR8)

BioLegend®, 150316

BUV737 anti-mouse CD45

BD, 748371

BV 421 Streptavidin

BioLegend®, 405225

BV 510 anti-mouse CD62L

BioLegend®, 104441

BV 605 anti-mouse CD279 (PD-1-)

BioLegend®, 135220

BV 711 anti-mouse IL-33R (ST2)

BioLegend®, 745549

BV 785 anti-mouse CD3e

BioLegend®, 100355

PE anti-mouse CD25

BioLegend®, 102008
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PE-Cy7 anti-mouse CD8a

BioLegend®, 100722

R718 Rat anti-mouse CD4

BD Biosciences, 566939

TotalSeq C0301 anti-mouse Hashtag 1 Antibody

BioLegend®, 155861

TotalSeq CO0000 anti-mouse Hashtag 10
Antibody

BioLegend®, 155879

TotalSeq C0000 anti-mouse Hashtag 2 Antibody

BioLegend® ,155863

TotalSeq C0000 anti-mouse Hashtag 3 Antibody

BioLegend®, 155865

TotalSeq C0000 anti-mouse Hashtag 4 Antibody

BioLegend®, 155867

TotalSeq C0000 anti-mouse Hashtag 5 Antibody

BioLegend®, 155869

TotalSeq C0000 anti-mouse Hashtag 6 Antibody

BioLegend®, 155871

TotalSeq C0000 anti-mouse Hashtag 7 Antibody

BioLegend®, 155873

TotalSeq C0000 anti-mouse Hashtag 8 Antibody

BioLegend®, 155875

TotalSeq C0000 anti-mouse Hashtag 9 Antibody

BioLegend®, 155877

Table 5: Biological Material

Biological Material Supplier

B16-F10 cells (ATCC CRL-6475)

Institute of Immunology, UM

Mainz, AG Schild

C57BL/6JOlaHsd Mouse strain Envigo

MC38 cells (Merck, SCC172)

Institute of Immunology, UM

Mainz, AG Schild

Table 6: Kits

Kits Company

5‘ Feature Barcode Kit

10X Genomics, PN-1000256

Chromium Next GEM Chip K

10X Genomics, PN-1000286

Chromium Next GEM Single Cell
5’ Reagent Kit v2

10X Genomics, PN-1000263

Chromium Single Cell Mouse

TCR Amplification Kit

10X Genomics, PN-1000254

Dual Index Kit TN Set A

10X Genomics, PN-1000250

Dual Index Kit TT Set A

10X Genomics, PN-1000215
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High Sensitivity DNA Kit

Agilent, 5067-4626

High Sensitivity RNA Kit

Agilent, 5067-5579

Library Construction Kit

10X Genomics, PN-1000190

NextSeq 500/550 High Output Kit
v2.5 (75 Cycles)

Illumina, 20024906

NextSeq 500/550 High Output Kit
v2.5 (150 Cycles)

Illumina, 20024907

RNeasy Kit

Qiagen, 74104

SMART-Seq v4 PLUS Kit

Takara, R400752 and R400753

Tumor Dissociation Kit, mouse

Miltenyi Biotec, 130-096-73B

Table 7: Laboratory software and Equipment

Controller Software and Analysis Software)

Laboratory software and Equipment Supplier
2200 Tapestation Controller Agilent
Agilent Software Packages (Tapestation | Agilent

BD FACSDiva™ Software

© 2024 BD Bioscience

BD FACSymphony A5

BD

BioRender

© 2024 BioRender

Centrifuge 5418 R

Eppendorf SE

Chromium Controller

10X Genomics

FACS Aria ll

BD

FlowJo™ v10 Software

© 2024 BD Bioscience

GentleMACS

Miltenyi Biotec, 130-096-427

gentleMACS OctoDissociator

Miltenyi Biotec

GraphPad Prismv10.4.0

© 2024 GraphPad Software

Multifuge 3 L-R

Heraueus group

NextSeq 500/550

Ilumina
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Table 8: Buffer and Cell Culture Media

Buffer Reagents
10x PBS Buffer (51) NaCl (402 g)
NaH2PO4 x H2Odest (78 g)

+destH,Oto5L

pH = 6.6, sterile filtration

1x PBS Buffer (1L)

10x PBS (100 mL)
dest H,0 (900 mL)

1x Permeabilization Buffer

Permeabilization Buffer 10x (1 mL)

Sterile dest H,O (9 mL)

40 % Percoll

10x PBS (2 mL)
Percoll (8 mL)
dest H,O (10 mL)

80 % Percoll

10x PBS (2 mL)
Percoll (16 mL)
dest H,O (2 mL)

Colon Digestion Buffer

0.85mg/ml Collagenase V (450 ulL)
1.25mg/ml Collagenase D (125 ul)
1mg/ml Dispase (1 ul)
30ug/mlLDNase (30 ulL)

DMEM (8.4 ulL)

Colon Pre-Digestion Buffer

1 x HBSS (10 mL)
2 mM EDTA (40 uL)

FACS Buffer

1x PBS (980 mL)
2 % FCS (20 mL)

Fixation Buffer

Fixation/Permeabilization Concentrate (250 pL)

Fixation/Permeabilization Diluent (750 uL)

Gey’s Lysis Buffer

150 mM ammonium chloride

1 mM Potassium hydrogen carbonate

1 mM EDTA

In dest H,O: pH 7.3, sterile filtrated 0.2 pm
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Lung Digestion Buffer

DMEM (8.5 mL)

5 mg/mL BSA (0.5 mL from 100 g/L stock)

1 mg/mL Collagenase Type IV (1 mL from 10
mg/mL stock)

20 pg/mL DNAse | (20 pL from 10 mg/mL stock)

MACS Buffer 1x PBS (980 mL)
5mM EDTA
0,5 % BSA
MC38/B16-F10 Cell Culture Media DMEM (500 mL)

200 mg/mL Penicillin

200 U/mL Streptomycin

2 mM L-Glutamine

1 mM Natrium Pyruvate (5 mL)
10 % FCS

Skin Digestion Buffer

DMEM (5.5 mL)

5 mg/mL BSA (0.5 mL from 100 g/L stock)

1 mg/mL Collagenase Type IV (4 mL from 10
mg/mL stock)

20 pg/mL DNAse | (20 pL from 10 mg/mL stock)

Tumor Digestion Enzyme Mix

Tumor Digestion Media, 2.5 mL
Enzyme D, 100 pL

Enzyme R, 50 pyL

Enzyme A, 12.5 uL

Tumor Digestion Media

RPMI 1650 Media (500 mL)
1 mM Natrium Pyruvate (5 mL)
10 FCS (50 mL)

Table 9: Software and Packages

Software Version References

AnnotationHub 3.10.0 DOI: 10.18129/B9.bioc.AnnotationHub
apeglm shrinkage | 1.22.1 [106]

estimator

bedtools 24.0 [107]
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BiocSingular 1.18.0 [108]

CellChat 2.1.2 [109]

Cellranger 7.1.0 [110]

circlize 0.4.15 [111]

ClusterProfiler 4.10.0 [112]

ComplexHeatmap 2.18.0 [113]

DESeq2 1.40.2 [114]

dittoSeq 1.14.2 [115]

dplyr 1.1.4 DOI: 10.32614/CRAN.package.dplyr
DropletUtils 1.22.0 [116]

DT 0.31 DOI: 10.32614/CRAN.package.DT
edgeR 4.0.9 [117]

EnhancedVolcano 1.20.0 DOI: 10.18129/B9.bioc.EnhancedVolcano
enrichplot 1.22.0 DOI: 10.18129/B9.bioc.enrichplot
Ensembldb 2.26.0 [118]

ggplot2 3.4.4 DOI: 10.32614/CRAN.package.ggplot2
ggrepel 0.9.5 DOI: 10.32614/CRAN.package.ggrepel
ggvenn 0.1.10 [119]

harmony 1.2.0 [120]

ideal 1.24.1 [121]

igraph 2.0.1.1 [117]

limma 3.58.1 [122]

org.Mm.eg.db 3.18.0 DOI:10.18129/B9.bioc.org.Mm.eg.db
PcaExplorer 2.26.1 [123]

pheatmap 1.0.12 DOI: 10.32614/CRAN.package.pheatmap
plotly 4.10.1 DOI: 10.32614/CRAN.package.plotly
R 4.3.1 [124]

RColorBrewer 1.1.3 DOI: 10.32614/CRAN.package.RColorBrewer
readxl 1.4.3 DOI: 10.32614/CRAN.package.readxl
RStudio 4.3.1 [125]

Rsubread 2.14.2 [126]

sambamba 0.6.5 DOI: 10.1093/bioinformatics/btv098
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samtools 0.1.19/1.3.1 [127]

scater 1.30.1 [128]

scDblFinder 1.16.0 [129]

scran 1.30.1 [117]

Seurat 4.4.0 [108]

SingleCellExperiment | 1.24.0 [108]

SingleR 2.41 DOI: 10.18129/B9.bioc.SingleR
spiralize 1.0.6 [130]

STAR aligner 2.6.1a [131]

stringr 1.5.1 DOI: 10.32614/CRAN.package.stringr
topGO 2.52.0 [132]

TSCAN 1.40.0 [133]

VennDiagram 1.7.3 DOI: 10.32614/CRAN.package.VennDiagram
viridis 0.6.5 DOI: 10.32614/CRAN.package.viridis
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Methods

3. Methods

3.1. Mouse Models

3.1.1. Healthy mice

C57BL/6JOlaHsd wild-type (WT) female mice were purchased from Envigo. For the
characterization of the T cell landscape and scRNA/TCR-seq, mice aged 10-12
weeks were sacrificed. The protocol forimmune cell isolation remained consistent

for all subsequent analysis.

3.1.2. MC38: subcutaneous colorectal carcinoma model

The MC38 murine colon adenocarcinoma cell line, commonly used as a model for
colorectal carcinoma, was derived from a colon tumor in a female C57BL/6 mouse
after prolonged exposure to 1,2-dimethylhydrazine dihydrochloride (DMH).
Subcutaneous (s.c.) inoculated MC38 cells demonstrate rapid in vivo growth, with
a doubling time of approximately 4 days [134, 135].

For the analysis, first a characterization of the T cell landscape over time was
performed by flow cytometry. Therefore, mice were sacrificed on 4 different
timepoints to track the immune cellinfiltration of Treg cells into the tumor site. Mice
were monitored for body weight, general condition, and clinical signs per ethical
guidelines. Tumor volume was measured on days 8, 12, 15 and 19 using a digital
caliper. Mice were anesthetized with isoflurane for each measurement. An overview

of this first characterization kinetic experiment is provided in Figure 6.

/ |
spleen skin
C analysis of 3 analysis of 3 T
s.c. injection mice mice
Day -7 l Day 8 l Day 15 l flow colon
I '~__ cytometry
] Day 0 l Day 12 I Day 19 \
Seeding of MC38 analysis of analysis of 3 l
cells 3 mice mice ) dLN &mLN

| tumor
sampling:
SCRNA/TCR
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Figure 6: Overview of the kinetic from the MC38 adenocarcinoma model. Seven days before
the s.c. injection, MC38 cells were seeded. MC38 cells were s.c. injected and 3 animals
were analyzed for T cell surface marker expression on day 8, day 12, day 15 and day 19 as
well as scRNA/TCR-seq on day 15.

After this detailed characterization of Treg cells in the environment of the MC38
adenocarcinoma modelvia flow cytometry, we chose one timepoint (day 15) of high
Treg infiltration for the following scRNA/TCR analysis. A detailed protocol for flow

cytometry and scRNA/TCR workflow is described in 3.4.

3.1.3. Skin Cancer: subcutaneous B16-F10 melanoma model

The murine B16-F10 melanoma model is one of the most studied skin cancer
models in mouse. It can be classified as a “cold tumor”, because of it is very low
immune cell infiltration. B16-F10 is also known for their resistance to
immunological treatments [136, 137]. In vitro, these cells grow as an adherent
population taking on an epithelial morphology. In vivo, subcutaneous implant of
B16-F10 cells results in an aggressively growing tumor [138].

To investigate Treg cell infiltration in this "cold tumor model", we initially selected
four timepoints to determine when Treg cells are recruited into the tumor
environment. Mice were monitored for body weight, general condition, and clinical
signs per ethical guidelines, and flow cytometry of surface marker for T cells were
performed on days 8, 11, 13 and 15. Based on these findings, we identified a
timepointwith high Treg cellinfiltration (day 13) to further characterize the Treg cells
within the TME using scRNA/TCR-seq.
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Figure 7: Overview of the kinetic of the B16-F10 melanoma model. Seven days before the
s.c. injection, B16-F10 cells were seeded. Cells were s.c. injected and 3 animals were
analyzed for T cell surface marker expression on day 8, day 11, day 13 and day 15 as well as
scRNA/TCR-seq on day 13.

3.1.4. Tumor cell line cultivation (B16-F10 and MC38)

2 x 10° MC38 adenocarcinoma cells and B16-F10 melanoma cells were thawed
from a liquid nitrogen tank and transferred into a 75 cm? cell flask with cell culture
media. The cells were incubated at 37°C with 95% humidity and 5% CO,. On day 3,
the media was refreshed to ensure sufficient nutrients, and the cells were splitonce
they reached ~70% confluence, as confirmed under a microscope. The media was
removed using an Integra Vacusave pump, and the cells were washed with 10 mL of
1x PBS. Then, 7 mL of Accutase® solution was added per flask, and the flask was
incubated at 37°C for 5 minutes. Once the cells detached from the bottom, as
observed under a microscope, 10 mL of cell culture media was added to stop the
Accutase®reaction. The cell suspension was transferred to a 50 mL falcon tube and
centrifuged at 500xg for 5 minutes at 4°C. After discarding the supernatant, the
pellet was resuspended in 5 mL of cell culture media. 1 x 108 cells were distributed
into two fresh 75 cm? flasks, each refilled with 15-20 mL of cell culture media based

on the initial confluence. The cells were harvested again after 2 days.

3.1.5. Tumor cell injection (MC38 and B16-F10)

On day 7, the cells were harvested as previously described and measured after

centrifugation. The cells were resuspended in 10 mL of sterile PBS, and 18 pL of the
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suspension were transferred into a 0.5 mL Eppendorf tube. Then, 2 yL of Acridine
Orange/Propidium lodide Stain were added and mixed. A 10 yL sample was pipetted
into one chamber of a Photon-Slide™ Ultra-low Fluorescence Counting Slide and
analyzed using the LUNA-FL™ cell counter to determine the number of living cells.
The cell suspension was adjusted to 1x10° cells/mL by adding sterile PBS. Once
adjusted, the mice were anesthetized with isofloran. While under anesthesia, the
lateral side of their bodies was shaved. A suspension of 1x10° cells in 100 uL sterile
PBS (MC38) and 5x10° cells in 100 uL sterile PBS (B16-F10) was injected

subcutaneously into the shaved area.

3.1.6. Colitis-Associated Cancer: AOM/DSS-induced colitis model

Colorectal cancer (CRC), the third most common cancer worldwide, is a highly
heterogeneous disease arising from complex interactions between genetic and
environmental factors. Chronic inflammation, such as colitis, predisposes
individuals to CRC by creating a microenvironment rich in immune cells that
produce proinflammatory cytokines, growth factors, and elevated levels of reactive
oxygen species [139]. This two-step tumor model involves severe inflammation
mimicking certain features of inflammatory bowel disease (IBD) within 14 days.
Tumor development typically occurs after 60 days, making it a highly accurate
model for studying colitis-associated cancer (CAC) [104, 105].

In highly inflammatory settings, Treg cells play a key role in preventing immune
overactivation and minimizing tissue damage. While Treg cells are known to support
tumor development in various tissues, their role in CAC progression remains
unclear. To address this, we used scRNA/TCR-seq to characterize the gene
expression and TCR repertoire of Treg cells in an inflammatory condition like colitis

(day 14) and in the TME of CAC (day 60).
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Figure 8: Schematic Overview of the AOM/DSS model for CAC induction. Mice were
injected intraperitoneally with AOM (10 mg/kg body weight) on day 0. From day 5 to day 10,
the mice received 2.5% weight per volume (wv) dextran sulfate sodium (DSS) dissolved in
autoclaved drinking H,O. Mice were sacrificed on day 14 for evaluation of colitis or on day
60 for analysis of CAC.

With support of AG Clausens group from the Institute of Molecular Medicine, CAC
was induced in 10-12-week-old female WT mice by intraperitoneal injection of AOM
(10 mg/kg body weight) on day 0. From days 5 to 10, mice received 2.5% DSS (36-50
kDa) in drinking water, followed by regular autoclaved water until the experiment's
end, as shown in Figure 8. Mice were monitored for body weight, general condition,
and clinical signs per ethical guidelines. Weight loss =220% of initial body weight
prompted euthanasia. Protocol was adapted from [104, 140]. Mini-endoscopy was
performed one day before sacrifice to confirm tumor development and state of

inflammation by AG Clausen.

3.2.  Immune Cell Isolation for phenotype and transcriptome analysis

Single-cell RNA and TCR sequencing technologies offer an unparalleled resolution
for understanding the complexity and heterogeneity of biological systems at the
cellular level. This dual approach provides comprehensive insights into both
transcriptomic profiles and TCR diversity, enabling detailed exploration of immune
responses and cellular interactions across various tissues [141]. scRNA-seq
facilitates the unbiased profiling of individual cells, revealing diverse cell-types and
states within a complex tissue environment. Integrating TCR sequencing with

scRNA-seq allows for the simultaneous characterization of T cell phenotypes and
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their corresponding antigen specificity. The TCR acts as a "biological barcode" for
each cell, aiding in the identification of clonal expansions and relationships among
T cells within an individual [142].

Our workflow for generating high quality scRNA/TCR-seq data generally requires
four main steps, including (1) tissue digestion and target cell enrichment, (2)
barcoding, amplifying and preparing of GEX, VDJ and CSP libraries, (3) sequencing
and data processing as well as (4) data analysis using R and Bioconductor. This
streamlined process ensures reliable and reproducible data generation, enabling
robust analyses of cellular and molecular mechanisms.

The following text passages have been adapted from our own publication, partially

rewritten and marked as such (Nedwed and Helbich et al., 2023, [143]).
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Figure 9: Overview of scRNA/TCR-seq workflow. The schematic provides an overview of the
scRNA/TCR-seq process, divided into three main panels: tissue processing and library
preparation, sequencing and quality control, and data analysis. Tissue Processing and
Library Preparation (left panel): Tissues harvested from an individual mouse are subjected
to enzymatic and mechanical digestion (1), followed by target cell enrichment (2) to
optimize cell sorting efficiency (3). Subsequently, cells labeled with BioLegend® TotalSeqC
anti-mouse Hashtagging antibodies and 10X beads are loaded onto the 10X Chromium
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controller (4). This is followed by scRNA-seq library preparation (5). Sequencing and Quality
Control (middle panel): Sequencing (1) generates raw data, which undergoes quality
control (2). Pre-processing of the data is performed using R and Bioconductor to produce a
final, filtered dataset ready for analysis (3). Data Analysis (right panel): The analysis
includes clustering (1), marker gene detection (2), TCR repertoire diversity assessment (3),
cell-type annotation (4), and trajectory analysis (5). For interactive exploration, the iSEE
platform (6) can be utilized. Copied from Nedwed and Helbich et al. [143].

3.2.1. Isolation of immune cells from murine secondary lymphoid environment (SLE)

For isolation of Treg cells from murine secondary lymphoid tissues such as spleen
or lymph nodes, a midline incision was performed to expose the peritoneal cavity.
The spleen is harvested immediately and stored at 4°C. For mesenteric lymph
nodes (mLN), the cecum s located, the smallintestine is moved aside, and the mLN
chain is exposed. The nodes are harvested with forceps, placed in FACS buffer and
stored at 4°C. Inguinal lymph nodes are collected from both hemispheres beneath
the skin and stored similarly. Furthermore, the tissue is mechanically dissociated
on a 100 um filter unit using a plunger or forceps. After centrifugation (2 min, 1000g,
4°C), red blood cells are lysed with Ammonium-Chloride-Kalium (ACK) lysis buffer.
The cell suspension was filtered through a 70 um strainer, resuspended in 500 pL

FACS buffer, and counted.

3.2.2. lIsolation of immune cells from murine tissue — skin

To isolate T cells from murine skin tissue, hair was removed from the animal's back
using an electric shaver and depilatory cream. The cream was applied for 2 minutes,
followed by thorough washing with tap water to remove all hair, ensuring smooth
downstream filtration. The skin was then separated from the dorsal surface, cutinto
small pieces, and placed in a GentleMACS tube containing 10 mL of skin digestion
buffer using 10 mL buffer per 0.5 g of tissue. The sample was digested with the
GentleMACS Dissociator (program: 37_C_Multi_H). After completion of the tissue-
specific program, the cell suspension was centrifuged (10 min, 400g, 4°C),

resuspended in 500 yL FACS buffer, and filtered through a 100 um filter.
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3.2.3. Isolation of immune cells from murine tissue — colon

To isolate immune cells from murine colon tissue, the colon was removed and
soaked in PBS + 3% fetal calf serum (FCS) to remove as much fat and feces as
possible. The colon was then opened longitudinally and washed thoroughly to
ensure all remaining fecal matter was removed. The tissue was then pre-digested
two times, including an incubation in 10 mL of HBSS with 2 mM EDTA in a shaking
water bath or orbital shaker at 225 rpm, with 37°C for 15 minutes, manually shaking
the tubes 2-3 times during the incubation. After incubation, tubes were shaken
vigorously, and the supernatant was filtered through a 50 ym mesh. The remaining
tissue was washed in 10 mL of warmed HBSS, shaken vigorously, and filtered again
through a 50 ym mesh. After ensuring no EDTA residues remained from the previous
steps, the tissue pieces were placed in 10 mL of the enzyme digestion mix in 50 mL
tubes. The samples were incubated in a shaker at 37°C, shaking manually every 5-
7 minutes. After 15 minutes, the single-cell suspension was passed through a 50
Mm mesh and the supernatant was collected. The suspension was then diluted to
40 mL with PBS containing 3% FCS and centrifuged at 1200 rpm for 10 minutes at

4°C. The resulting cell pellet was resuspended in 500 yL PBS with 3%.

3.2.4. Isolation of immune cells from murine tissue — subcutaneous tumor tissue

Immune cells (CD45" TIL cells) were isolated out of MC38- and B16-F10-bearing
mice. Any healthy surrounding tissue was removed to ensure sample purity. The
tumor was then processed using the Tumor Dissociation Kit from Miltenyi, following

the manufacturer's protocol.

3.2.5. Isolation of immune cells from murine tissue — lung

Lung tissue was isolated and immediately transferred into 10 mL of digestion buffer

at room temperature. The lungs were then cut into small pieces and digested with
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the GentleMACS Dissociator (program: 37_C_m_LDK). Following digestion, the
tissue was filtered through a 100 ym filtration unit, and the remaining pieces were
dissociated using a syringe plunger. The filter was thoroughly flushed with PBS or
DMEM to maximize cell recovery. The cell suspension was centrifuged at 300xg for
5 minutes atroom temperature, and the supernatant was discarded. The pellet was
resuspended in 1 mL of ACK lysis buffer and transferred to an Eppendorf tube for
incubation at room temperature for 1 minute to lyse red blood cells. The sample
was centrifuged at 1000xg for 2 minutes at 4°C, and the resulting pellet was
resuspended in FACS buffer. To ensure single-cell suspension, the sample was
passed through a 70 um filter into a new tube with 500 uL FACS buffer, after which

it was ready for downstream staining procedures.

3.3. Characterization of Treg cells from different tissue by scRNA/TCR-seq
analysis

3.3.1. Magnetic Activated Cell Sorting (MACS)

For scRNA/TCR sequencing, cells isolated from the different murine tissue were
enriched via MACS to shorten the time of Fluorescence-activated cell sorting
(FACS) afterwards. To prevent nonspecific antibody binding, Fc blocking reagent
were added. Cells are labeled with PE-conjugated anti-mouse CD4 or CD25
antibodies and stained for 20 min at 4°C. After staining, cells were washed and
resuspended in MACS buffer. Target cells were bound by anti-PE microbeads for 20
min at 4°C, followed by two washes and centrifugations (2 min, 1000g, 4°C). The
sample was loaded onto an equilibrated MACS column with a 70 pum filter unit and
washed twice with 5 mL MACS buffer. The final elution was performed in 500 pL
FACS buffer.
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3.3.2. FACS

To ensure high quality and cell viability, MACS-enriched cells were sorted. For
generating the CD25* T cell dataset, cells from the SLE were sorted based on CD25
expression, whereas cells from the skin, colon, lung, and liver were sorted based on
CD4 expression. To create a CD45" immune cell dataset, cells were sorted based
on CD45 expression and viability.

Cells were stained for 30 minutes at 4°C using the fluorescent antibodies (Table 4).
For cell labelling each tissue was stained with a different TotalSeqC anti-mouse
Hashtagging antibody (Table 4). To enhance labelling, cells were washed 3-5 times
with 500 pL FACS buffer after staining. To prevent aggregation during antibody
staining, the antibody mix was centrifuged at 14,000g for 10 minutes at 4°C, and the
supernatant was transferred to a new tube.

Cells were sorted using the gating strategy shown in Figure 10. After sorting, a small

sample was analyzed to assess post-sort purity, viability, and efficiency.
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Figure 10: Overview of the gating scheme to sort CD25" T cells of SLE (spleen, mLN, iLN),
CD4"* T cells of colon and skin tissue. All sample sorted into the same collection tube.
Immune cells were first identified by CD45", afterwards doublets and dead cells were
removed. By using a dump channel for CD19, CD11b, CD11¢c, MHCII, CD206 and CD3" T
cells were isolated and further gated on their CD4 or CD8 expression. Dotplots are created
from one example of healthy animal used in this thesis and representative for all other
analysis.

3.3.3. Single droplet barcoding of T cells, amplification and library preparation

Target cells from all murine organs were sorted into a single 1.5 mL Eppendorf tube
containing 350 L PBS + 0.05% BSA. The sample was processed quickly after sorting
to reduce the number of dying or dead cells in the collection tube. Shortly after
sorting, the cells were pelleted by centrifugation (5 minutes, 300xg, 4°C). The
supernatant was removed, and the sample was supplemented with master mix and
beads to a final volume of 70 uL, loaded onto a 10X Chromium Next GEM Chip K,
and processed using the 10X Chromium Controller. Subsequently, cDNA
amplification was performed using the Chromium Next GEM Single Cell 5’ Reagent

Kit v2 and the 5’ Feature Barcode Kit. Following this, V(D)J amplification was carried
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out using cDNA and the Chromium Single Cell Mouse TCR Amplification Kit.

Libraries for GEX, CSP, and VDJ were prepared according to the Library

Construction Protocol. The fragment length composition was evaluated via

electrophoretic separation of the samples using Agilent High Sensitivity D1000

ScreenTape assay and reagents (Figure 11).
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Figure 11: scRNA/TCR library profiles measured on a Tapestation. A-C: One representative
image of the library fragment distribution of the GEX library (A), VDJ library (B) and CSP

library (C) is shown.
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3.3.4. Next Generation Sequencing (NGS) strategy

scRNA/TCR-libraries were sequenced on a NextSeq 500/550 with a 150-cycle high-
output cartridge from Illumina. Sequencing was performed according to the
manufactures protocol: paired-end, with 26 base pairs (bp) for Read1, 90 bp for

Read2 and 10 bp for the Index i5 and Index i7 (PE 26-10-10-90) Figure 12.

GEX Library read 1 index i5 index i7 read 2
purpose 10X Barcode, UMI Sample Index Sample Index cDNA fragment
recommended length 26 10 10 90
VDJ Library read 1 index i5 index i7 read 2
purpose 10X Barcode, UMI Sample Index Sample Index VDJ info
recommended length 26 10 10 90
CSP Library read 1 index i5 index i7 read 2
purpose 10X Barcode, UMI Sample Index N/A Multiplex Barcode
recommended length 26 10 10 90

Figure 12: Overview of gene expression (GEX), VDJ and cell surface protein (CSP) library and
recommended sequencing length. Copied from Nedwed and Helbich et al.[143].

3.3.5. Computation

scRNA/TCR data analysis was performed on the MOGON, which is a high-

performing computing cluster at Johannes Gutenberg University Mainz.

3.3.6. Alignment of reads to the reference genome

After sequencing the GEX, VDJ, and CSP libraries, FASTQ files were aligned to the
reference genome refdata-gex-mm10-2020-A using CellRanger, a software tool
designed for single-cell sequencing datasets generated with 10X Genomics
chemistry. Integration of GEX, VDJ, and Feature Barcode information was
performed using CellRanger Multi, a method developed for processing scRNA
samples with specific multiplexing antibodies. This approach supports the analysis
of 3’ multiplexed data. Since the 3’ and 5’ assays capture different transcript ends,

and the 5’ chemistry was employed to generate the GEX, CSP, and VDJ libraries,
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modifications to the CellRanger Multi pipeline were made to ensure dataset

compatibility.

The pipeline was executed twice: initially to assign cells to individual samples by

combining the GEX and CSP libraries, and subsequently to integrate the T cell

receptor library with the gene expression data from each tissue. Output files

generated from each run were used for further analysis in R. A detailed protocol for

this step was provided in our methods paper [143].

A table of sorted cells as well as aligned cells after sequencing for every mouse

replicate used in this thesis can be found below:

Table 10: Sorted and aligned cells per organ for the individual mouse models.

Model Organs Sorted Cells Aligned Cells Genes per Cell Reads per Cells

spleen 10000 3394 1491 20863

mLN 10000 3375 1558 22307

WT1 iLN 10000 3868 1680 26504
colon 9800 3328 1490 20795

skin 30000 7615 1306 22252

spleen 20000 6290 1819 22322

mLN 15000 4666 1695 21387

WT2 iLN 2200 674 1754 22120
colon 3420 716 1449 16175

skin 45000 15749 1435 21302

spleen 10000 907 1346 16992

mLN 10000 862 1468 20491

WT3 iLN 10000 896 1386 18254
colon 3200 229 1364 19042

skin 10000 580 1190 16622

44




Methods

Model Organs Sorted Cells Aligned Cells Genes per Cell Reads per Cells
spleen 6000 1805 1935 50118
mLN 4000 862 2225 66677
AOM/DSS_1D14
iLN 4000 1181 2008 54497
colon 10000 4291 2057 69071
spleen 6000 1999 2005 52195
mLN 6000 2153 2154 60325
AOM/DSS_2D14
iLN 6000 2858 476 8781
colon 10000 4011 2751 94533
spleen 6000 2700 1762 55102
mLN 6000 2993 1999 70152
AOM/DSS_3D14
dLN 6000 2858 1867 63873
colon 10000 3203 1887 75077
Reads per
Model Organs Sorted Cells Aligned Cells Genes per Cell Cells
spleen 10000 2027 1415 28978
mLN 10000 2039 1426 29740
iLN 10000 2037 1493 32177
AOM/DSS_1 D60
colon (NAT) 12000 2196 1875 42155
colon (tumor) 12000 1982 1647 34640
skin 4.000 767 1090 21068
spleen 10000 3678 1431 49267
mLN 10000 4991 1442 51204
iLN 5000 2233 1425 50527
AOM/DSS_2 D60
colon (NAT) 2000 378 1420 53877
colon (tumor) 4500 1303 1332 46749
skin 10000 2666 1141 39316
spleen 10000 3358 1406 58021
mLN 10000 3306 1442 63876
iLN 8000 2673 1525 68000
AOM/DSS_3 D60
colon (NAT) 1500 528 1370 57717
colon (tumor) 6000 548 1353 56466
skin 4000 532 1060 43353
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Genes per Reads per
Model Organs Sorted Cells Aligned Cells Cell Cells
spleen 5000 785 558 39113
mLN 5000 498 609 41989
iLN 5000 615 1027 45694
MC38_1 dLN 5000 669 635 48533
tumor 10000 1839 772 53838
colon 0 0 0 0
skin 12000 926 967 37958
spleen 10000 1349 761 5541
mLN 5000 1000 811 6189
iLN 1000 134 872 7232
MC38_2 dLN 3100 624 816 6397
colon 5000 600 832 5975
tumor 2500 252 920 11690
skin 12500 1446 707 4645
spleen 6000 1887 1825 26332
mLN 8000 3748 1932 33059
iLN 4000 1609 1954 32406
MC38_3 dLN 2000 783 1987 34460
colon 10000 1697 1263 23510
tumor 10000 3980 2239 38159
skin 6000 1183 1323 21378
Model Organs Sorted Cells Aligned Cells Genes per Cell Reads per Cells
spleen 15000 5206 1906 23261
mLN 10000 3443 2026 24840
B16-F10.1 dLN 10000 3449 1947 23743
colon 1800 369 1527 17292
tumor 1650 523 2049 28763
skin 20000 4954 1486 25558
spleen 15000 4470 1320 29108
mLN 10000 2883 1347 32588
B16-F10_2 dLN 10000 2978 1303 25897
colon 257 0 0 0
tumor 4500 671 2093 66927
skin 20000 4744 1095 26124
spleen 10.000 4368 1154 27015
mLN 10.000 4525 1212 17014
B16-F10.1 dLN 10.000 4420 1143 26954
colon 6.300 2009 1100 25202
tumor 2.000 622 1249 30095
skin 5.000 1920 869 19030
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Model Organs Sorted Cells Aligned Cells Genes per Cell Reads per Cells

spleen 10.000 2719 2025 27216

mLN 5.000 851 1905 25729

iLN 2.500 391 1898 24398

MC38_CD45_1 dLN 2.500 482 1788 23027
tumor 15.000 1440 3553 71026

colon 5.000 950 2407 49482

lung 10.000 2533 1967 26852

3.3.7. Creating the count matrix from CellRanger Multi output

scRNA-seq data analysis begins with a count matrix containing the number of
unique molecular identifier (UMls) or reads per gene in each cell. CellRanger
provides two matrices: an unfiltered feature-barcode matrix, including all barcodes
with at least one count (containing both background and cell-associated barcodes),
and a filtered matrix with only detected cell-associated barcodes. Unfiltered data
often contain significant debris and noise, which is why we decided to use the
filtered data in all analysis. The Read70X() function from the Seurat package was
used to load the filtered matrix and the resulting count matrix processed with the
SingleCellExperiment() constructor from the SingleCellExperiment package. Tissue

origin was stored as metadata in the respective SingleCellExperiment object.

3.3.8. Gene level annotation and linking TCR information

The AnnotationHub package was used to map gene identifiers to their respective
gene names by using the reference genome of Mus musculus from the Ensemble
database ens.mm.v102. Additionally, genes mapping to the mitochondrial genome
were identified for later use in filtering and quality control (QC). Before QC, the
dataset wasfiltered to include only T cells with productive TCR information from the
VDJ library, which were beforehand identified by CellRanger Multi. Cells without
TCR data were excluded. TCR chain and clonotype information were added to the
SingleCellExperiment objects. To work with shared clonotypes across tissues,

identical TCR chains were assigned the same clonotype ID based on their amino
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acid sequence and this harmonized TCR chain and clonotype data were saved as

metadata in the SingleCellExperiment objects.

3.3.9. Per sample quality control and doublet detection

Quality control (QC) was conducted to filter out low-quality cells during pre-
processing. Key parameters included library size, the number of detected genes
(features), and the percentage of reads mapped to the mitochondrial genome. QC
was performed on a sample-level basis, as individual samples often varied in
quality due to differences in processing, sequencing batches, or tissue-specific
properties. The addPerCellQC() function from the scater package, was used, using
a data-driven approach to determine appropriate threshold values. Low-quality
cells were removed, and doublet detection was applied using the scDblFinder()
function from the scDblFinder package. This method simulates expression profiles
of potential doublets by randomly combining two cells from the dataset, assigning
each cell a doublet score based on its similarity to these artificial doublets. A small
proportion of doublets, commonly resulting from cell sorting or capturing errors,

was expected in droplet-based scRNA-seq protocols [144].
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Figure 13: QC and doublet detection. Scatter plots of the library size and mitochondrial
content and (left) library size and number of detected genes (right). Each dot in the plot
represents a cell, blue cells are of high quality, orange cells are of low quality and were
filtered out for downstream analysis. Copied from Nedwed and Helbich et al. [143].
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3.3.10. Normalisation and feature selection

In order to quantify the differences in gene expression between cells, a subset of
genes is selected such that this set contains usefulinformation about the biological
variation, while removing random noise and technical differences. Expression
values were log-scaled using the scater package logNormCounts() function [117].
The modelGeneVar() function of the scran package was then used for calculating
the variation in gene expression and the 10% of genes showing the highest variability
were extracted using the getTopHVGs() function. These 10% of highly variable genes

were used as features for downstream analysis.

3.3.11. Data integration and Batch Correction

After this quality control steps the individual SingleCellExperiment objects were
now merged into one single object for downstream analysis. Usually, scRNAseq
data sets do not only contain different samples and tissues but also different
batches. For those samples from different batches, a batch correction was needed
to avoid the influence of technical differences between samples of different
batches. The fastMNN() function of the scater package was used to align shared cell
populations across batches using mutual nearest neighbors. 50 principal
components and 20 nearest neighbors were used for mutual nearest neighbor

identification and the BSPARAM=BiocSingular::RandomParam() function.

3.3.12. Dimensionality reduction and clustering

Dimensionality reduction was conducted using principal component analysis (PCA)
based on the top 10% of highly variable genes. The runPCA() function from the
BiocSingular package was used to compute principal components. The number of
PCs used for clustering was determined using scree plots. Graph-based clustering
was then performed using the buildSNNGraph() function from the scran package

and the cluster walktrap() function from the igraph package. Clusters were
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visualized using Uniform Manifold Approximation and Projection (UMAP) or t-

Distributed Stochastic Neighbor Embedding (t-SNE).

3.3.13. Cell-type annotation and reassignment of clusters

Cell-type annotation was performed manually using predefined marker genes and
tissue-specific differences. The following genes were visualized on a t-SNE plot to
distinguish cell-types: for naive/lymphoid Treg cells: Foxp3, I2ra, Sell, Ccr7, Ly6v1,
Klf2, Tmsb10, Becl2, Arhgap15, for NLT/effector Treg cells: Foxp3, Il2ra, Klrg1, Mki67,
Batf, Pdcd1, Areg, Ccr4, 1110, Tnfrsf4, Ccr8, 4-1BB, Sytl3, Tnfrsf8, Cd44, Ctla4, Icos
and Rorc to distinguish pTreg cells from tTreg cells, which express Ikzf2, Nrp1, in the

colon tissue.

3.3.14. Defining gene expression signatures

After identifying T cell populations and clusters, genes and expression patterns
driving cluster separation were analyzed. The scoreMarkers() function from the
scran package was used for pairwise cluster comparisons. This method provides
detailed insights into marker genes and their role in cluster differentiation. Effect
size summaries, such as log fold-change, quantified gene expression differences
between clusters. Genes with the highest log fold-change served as marker genes
for each cluster. With this function, signatures for Treg cellsin each individual tissue
were created, as the clustering was based on cell-type and tissue type. Individual
genes included in the different tissue-specific Treg cell signatures are shown all

three healthy mice in Figure 14.
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Figure 14: Tissue-specific Treg cell signature genes. A-C: Gene expression score of the
individual genes of the skin Treg signature (A), colon tTreg signature (B), colon pTreg
signature (C) and SLE NLT-like signature (D) are displayed for each mouse (M1, M2, M3) as
well as each Treg cell cluster. Normalized for each individual gene.
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Additionally, a core Treg signature was established using marker genes differentially
expressed with a logFC > 0.25 and p-value < 0.05 in comparisons of all Foxp3* Treg
cells versus Foxp3 T conventional (Tconv) cells within the dataset (Figure 15A).

A regenerative Treg signature was developed based on marker genes with a logFC >
1 and p-value < 0.05 in Areg® Treg cells from spleen, colon, and skin NLT (Figure
15B), comprising 21 specific marker genes. Finally, a suppressive Treg signature
was defined using marker genes differentially expressed with a logFC > 0.25 and p-
value <0.05in Foxp3* Ctla4* Treg cells (Figure 15C). Allindividual genes included in

the signatures are shown in Figure 16.
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Figure 15: Calculation of specific Treg signatures. A-C: Core Treg signature (A, left panel),
suppressive Treg signature (B, left panel) and regenerative signature (C, left panel) are
shown in a t-SNE dimension plot. Cells used for the analysis for scoreMarkers() function
are colored in red. Volcano plot (right panel) displaying the amount of used genes for the

individual signatures.
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Figure 16: Individual Genes included for the Treg signatures. A-C: Gene expression score
of the individual genes of the core signature (A), suppressive signature (B) and regenerative
signature (C) are displayed for each mouse (M1, M2, M3) as well as each Treg cell cluster.
Normalized for each individual gene. *Due to the large number of genes included in the core
Treg signature, the gene list was extracted and attached in section 9.5.

To validate the overlapping genes from the regenerative Treg signature and the

suppressive Treg signature a Venn Diagram illustrated in Figure 17 was used.
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Figure 17: Venn-Diagram showing the overlap of marker genes for the regenerative Treg
signature and suppressive Treg signature.

To validate and compare this dataset with the one from other labs, different Treg
signatures from published data were created, including an activated Treg signature
[145, 146], suppressive Treg signature [147], stress Treg signature [147],and
effector Treg signature [145, 147]. These signatures include a larger set of marker

genes.

3.3.15. Differential gene expression (DGE) analysis

Analysis of differentially expressed genes between cell-types and conditions was
perfomed by using pseudobulk() and edgeR() from edgeR package. Pseudobulk
data are generated by aggregating data from this scRNA-seq to analyze them as if
they were bulk RNA sequencing data. This was achieved using the
aggregateAcrossCells() function. The aggregated counts are used to construct a
DGEList object and normalization factors were computed with the
calcNormFactors() to account for library size differences. Contrasts were defined
for pairwise comparisons, allowing for statistical testing of differential expression
between conditions. Using a quasi-likelihood generalized linear model (GLM),

differential expression analysis was performed.

55



Methods

3.3.16. Functional enrichment analysis

DGEs were filtered based on specific thresholds for log-fold change (logFC) and p-
value. Genes with logFC > 2 and p-value < 0.05 were retained for each comparison.
The significant genes (identified by their gene symbols) were converted to Entrez IDs
using the bitr() function from the ClusterProfiler package and the org.Mm.eg.db
annotation database for mouse genes. The enrichGO() function was used to identify
enriched GO terms in the Biological Processes (BP) category. The analysis used
adjusted p-values (using the Benjamini-Hochberg method) with a cutoff of 0.05 to
determine significant pathways. The dotplot() function was used to visualize the top
enriched GO terms. It displays the most significant terms with their corresponding
gene ratios. The emapplot() function from the enrichplot package was used to

create an enrichment map.

3.3.17. Cell Interaction Analysis

The functional enrichment analysis of cell-cell communication was performed
using the CellChat package. The normalized data matrix was extracted from a
SingleCellExperiment object using the logcounts() function. Metadata containing
cell labels and sample information was extracted and formatted for compatibility
with CellChat. A CellChat object was created using the normalized data matrix and
metadata. The grouping was based on cell labels. The CellChatDB.mouse database
was used, containing signaling pathway information specific to mouse data. To
reduce computational cost, signaling-related genes were subset using the
subsetData() function. Overexpressed genes and signaling interactions were
identified using the identifyOverExpressedGenes() function. Communication
probabilities were computed using the computeCommunProb() function with the
"triMean" method. Communications involving fewer than 10 cells were filtered out.
Finally, the communication probabilities for signaling pathways were computed
and aggregated. Total number of interactions and interaction weights/strengths

were visualized as circle plots.
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3.3.18. Pseudo-time analysis

The aggregateAcrossCells() function from the SingleCellExperiment package was
used to aggregate the data by clustering cells based on their features. Afterwards
the reducedDim() function was employed to perform dimensionality reduction on
the aggregated data using PCA. The createClusterMST() function from the scater
package was used to construct a Minimum Spanning Tree (MST) from the PCA-
reduced data. MST represents the nearest neighboring relationships between
clusters in a connected tree structure. The reportEdges() function was applied to
extract edges from the MST, which represent the paths between clusters in the
reduced dimensional space. This was used to visualize transitions between
clusters in the end. Afterwards, the mapCellsToEdges() function was employed to
map individual cells onto the edges of the MST, allowing us to determine the
position of each cell along the trajectory. The averagePseudotime() function was
applied to calculate the average pseudo-time for each cluster, providing a

continuous measure of differentiation state.

3.3.19. TCR repertoire diversity analysis

TCR V(D)J sequencing combined with single-cell RNA sequencing enables the
profiling of paired TCRa and TCRp chains at single-cell resolution, alongside global
gene expression data from the same cell. In this dataset, all clonotypes were
included in the analysis, regardless of whether they expressed only one TCR chain
or both TCR chains. The analysis focused on the amino acid sequences of the TCRs.
A duplicated clonotype was identified if it had the exact same chain combination
and amino acid sequence.

Pie charts were used to visualize TCR repertoire diversity within each cluster.
Additionally, gene expression analysis was conducted on Treg cells sharing the
same clonotype, and duplicated clonotypes from each tissue were displayed on a
t-SNE plot. Chord diagrams and heatmaps were utilized to illustrate the overlapping

clonotypes among Treg cells from different tissues and cell-types.
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Part of the code used in this thesis has been published in the accompanying
methods paper (Nedwed and Helbich et al., 2023) and is included as an attachment

[143].

3.4. Investigation the transcriptional profiles of tumor and healthy tissue using
bulk RNA-seq

3.4.1. Sample preparation for RNA-seq of cells from tumor and healthy tissue

For bulk RNA analysis, cells were isolated from the tumor tissue, colon and skin
tissue of two B16-F10 and two MC38 tumor-bearing mice at day 13 (B16-F10) and
day 15 (MC38) after subcutaneous injection. Cells were pre-enriched with anti-
CD45 Microbeads and the flowthrough was collected, including the CD45- fraction.
RNA was isolated the same day using the RNeasy Micro Kit, quality and quantity
assessed via Qubit dsDNA HS Assay and Agilent 2200 TapeStation system. Samples

were sent to Novogene for library preparation and sequencing.

3.4.2. Analysis of bulk RNA-seq data

RNA sequencing reads were aligned to the reference genome of Mus musculus from
the ENSEMBL database (version GRCm38) using the STAR aligner with annotation
data retrieved from the ENSEMBL FTP website. Alignments were processed using
the featureCounts() function of the Rsubread package, applying the same
annotationfile. Data exploration, modeling, and interpretation followed established
protocols [148]. Exploratory data analysis utilized the pcaExplorer package,
generating Principal Component Analysis plots based on the top 500 most variable
genes. Differential expression analysis was performed with DESeq2 package,
setting the false discovery rate (FDR) cutoff to 0.05. Accurate estimation of the
effect sizes (described as log2 fold change) was performed using the apeglm
shrinkage estimator. Further analyses included Gene Ontology pathway

enrichment by topGO, setting all expressed genes as background dataset, and were
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performed using the ideal package. The enrichment results were further 