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Abstract

Technological advancements drive scientific progress. They enable novel perspectives and
foster experimentation at unprecedented scale. The recent discovery and adaptation of the
CRISPR-Cas systems for mammalian genome editing coupled with robust single cell se-
quencing workflows emerge as a promising approach to address myriad questions of funda-
mental cellular biology. Pairing single cell transcriptome readout to individual genetic pertur-
bations enables a comprehensive understanding of the functional impact of the respective
genetic loci. Early efforts demonstrated the feasibility and insightful data richness in immune
cells such as T and dendritic cells. Building on these approaches we set out to address mac-
rophage immune regulation, specifically focusing on the role of transcription factors and epi-
genetic regulators. Macrophages perform a variety of tasks, depending on their environmental
context and previous encounters, and as such are very plastic. Yet this great potential can be
misapplied or even corrupted in certain disease states. Therefore, a better understanding of
the involved regulators in cellular homeostasis and immune response will conceivably open

up novel therapeutic angles to regulate a host of chronic or acute immune states.

In the course of this thesis, we adapted and optimized high content CRISPR perturbation
screening to macrophages. Specifically, we collected a dense time-series of gene expression
and chromatin accessibility changes following a variety of immune stimuli and then functionally
assessed the role of 135 potential regulators in macrophage homeostasis and exposure to the
intracellular pathogen Listeria monocytogenes. With this approach we were able to cluster
genes based on their dynamic relationship between chromatin openness and gene expression
and link transcriptional regulators back to them. Furthermore, we described novel roles for
genes such as the lineage determining transcription factor Spi7/PU.1, JAK-STAT pathway
members, and several genes encoding epigenetic factors such as Ep300 (histone acetyltrans-
ferase), and Sfpq, (splicing factor). Importantly, we charted functional relationships between
the regulators, independent of mechanistic constraints, purely based on their perturbation out-
come on the transcriptome. This offers an additional perspective towards a systems-level un-
derstanding. Overall, we developed robust workflows enabling the generation of high-quality
data sets and demonstrated their biological utility in uncovering macrophage immune regula-

tion.
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Zusammenfassung

Technologische Weiterentwicklungen treiben wissenschaftlichen Fortschritt an. Sie ermdégli-
chen neue Perspektiven und fordern noch nicht da gewesene Skalierung experimenteller Ver-
suche. Die kurzliche Entdeckung und Adaptierung des CRISPR-Cas Systems flir Genom-Edi-
tierung in Saugetieren gekoppelt mit robusten Einzelzell-Sequenzierungs-Arbeitsablaufen
zeichnen sich als vielversprechende Ansatze ab um zahireiche Fragen der fundamentalen
Zellbiologie zu adressieren. Die Verbindung von Einzelzell-Transkriptom-Auslesung und indi-
viduellen genetischen Perturbationen erméglicht ein umfassendes Verstandnis von den funk-
tionalen Auswirkungen der respektiven genetischen Loci. Anfangliche Bestrebungen demons-
trierten die Durchfiihrbarkeit und aufschlussreiche Datenfllle in Immunzellen wie etwa T und
Dendritischen Zellen. Aufbauend auf diesen Methoden begannen wir Fragen der Makropha-
gen Immunregulation zu adressieren, mit speziellem Fokus auf die Rolle von Transkriptions-
faktoren und Epigenetischen Regulatoren. Makrophagen fuhren eine Vielzahl an Aufgaben
durch, abhangig von ihrem Umgebungskontext und friiheren Begegnungen und sind somit
sehr plastisch. Jedoch kann dieses grof3e Potential in gewissen Krankheitszustanden falsch
angewendet oder sogar korrumpiert werden. Ein besseres Verstandnis der involvierten Regu-
latoren in zelluldrer Homdostase und wahrend einer Immunantwort wird daher denkbarer-
weise neue therapeutische Blickwinkel eréffnen, um eine Vielzahl von chronischen und akuten

Immunzustanden zu regulieren.

Im Zuge dieser These, haben wir High-Content CRISPR Perturbations-Screenings auf Mak-
rophagen angepasst und optimiert. Wir haben eine dichte Zeitreihe von Genexpressions- und
Chromatin Zuganglichkeits-Anderungen nach einer Vielfalt von Immunstimuli erfasst und da-
nach funktionell die Rolle von 135 potenziellen Regulatoren in der Makrophagen Homdéostase
und nach Exposition mit dem intrazellularen Pathogen Listeria monocytogenes ausgewertet.
Mittels dieser Herangehensweise war es uns moglich, Gene auf Grund ihrer dynamischen
Beziehung zwischen Chromatin Zuganglichkeit und Genexpression zu clustern und die tran-
skriptionellen Regulatoren mit diesen riickwirkend zu verbinden. Des Weiteren haben wir neue
Rollen fiur Gene wie den Lineage-bestimmenden Transkriptionsfaktor Spi7/PU.1, Mitglieder
des JAK-STAT Signalweges, und einige epigenetischen Faktoren wie etwa Ep300 (Histon
Acetyltransferase) und Sfpq (Splicing Faktor) beschrieben. Hervorzuheben ist, dass wir die
funktionellen Beziehungen zwischen Regulatoren kartiert haben, unabhangig von mechanis-
tischen Beschrankungen und allein basierend auf Grund von den Perturbationsauswirkungen
auf das Transkriptom. Dies ermoglicht eine weitere Perspektive zu einem System-Verstand-

nisses. Zusammengefasst haben wir eine robuste Herangehensweise flir die Generierung von

Vii
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hoch-qualitativen Datensatzen entwickelt und deren biologische Nutzlichkeit in der Aufde-

ckung der Makrophagen Immunantwort demonstriert.
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CHAPTER ONE: Introduction

1.1 Immune system

1.1.1 Parts protecting the greater whole:

Multicellular organisms face continuous challenges to their integrity at several scales, from
genetic information to cellular metabolism and general organ function (Paludan et al, 2021).
These challenges or stressors come from an immensely broad range of environmental origins
including physical wounding, foreign objects (splinters, asbestos), toxic substances
(venom/poison), mutagens (chemical/radiation) and other causes leading to sterile inflamma-
tion (Chen & Nufez, 2010); biological infections by pathogenic bacteria, viruses, fungi and
prions (Casadevall & Pirofski, 2002; Caughey & Baron, 2006); and parasitic agents such as
multicellular and protozoan parasites (Zaccone et al, 2008) and transmissible cancer (Ashall,
1986; Burioli et al, 2021; Callaway, 2015). As such, various lifeforms have developed ways to
fend off both external threats and internally corrupted processes as well as to remove or re-
store affected parts. The biological mechanisms and actors at play to keep an organism
“healthy” from infections and safeguard against abnormal cellular behavior are generally

grouped under the term immune system.

A widely used subcategorization within these mechanisms is drawn between innate abilities
(i.e. determined by evolutionary processes and “bestowed” to the organism) and adaptive abil-
ities (i.e. a framework requiring some form of training via exposure to subsequently mount a
rather specific defense). This differentiation is often employed when talking about subgroups
of hematopoietic cells of complex multicellular organisms, such as humans, which specialize
on dealing with immune challenges. Amongst the innate immune cells are myeloid-derived
ones such as macrophages, dendritic cells, granulocytes and mast cells as well as innate
lymphoid cells like natural killer (NK) cells. On the other hand, lymphoid-lineage T and B cells
capable of recombining their DNA at V(D)J loci to create antigen-specific binding receptors
(Roth, 2014), TCR and BCR respectively, are part of the adaptive immune response. While
this latter adaptation to previously encountered antigens was for a long time seen as a pinna-
cle of complex life major discoveries surrounding the CRISPR system in procaryotes both
widened the definition of adaptive response (Van Der Oost et al, 2009) and provided revolu-
tionary cell engineering tools discussed and utilized in this work below. Similarly, while innate
immune cells possess intrinsic pathogen-responses the strength and character of response
can be influenced based on previous exposures, blurring the line between innate and adaptive

abilities as previously understood. In the course of this work, we focused on primary responses
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in macrophages, yet the time-series data sets created during this work contain insights to-

wards macrophages readiness for future challenges.
1.2 Macrophage Biology

1.2.1 Mac’ of all trades:

Macrophages, as part of the innate immune arm are often regarded as sentinels and among
the first to recognize and respond to infectious challenges though their contributions extend
far beyond immediate pathogenic threats (Park et al, 2022). They occur throughout all human
organs, from (opportunistic) pathogen-exposed mucosal membranes, such as the lung (Kulle
et al, 2022) and intestine (Mowat & Bain, 2011), to the circulatory and lymphatic systems (Gray
& Cyster, 2012) and the toxin-removing liver (Kulle et al, 2022), and even in immune-privileged
organs like the testis (Rival et al, 2008), eye (Chinnery et al, 2017), and central nervous system
(Carson et al, 2006; Smyth & Kipnis, 2025). Macrophages can be derived either from early
developmental progenitors in the yolk sac and subsequently the fetal liver or be supplied
throughout life from hematopoietic stem cells residing in the bone-marrow. Tissue resident
macrophages can persist and self-maintain in adult tissue though major replenishing later in
life is performed by bone marrow derived monocytes. Hence, in a relatively disease-free adult
the majority of microglia are of yolk sac origin; tissue-resident macrophages in epidermis, lung
and liver are derived largely from fetal liver; while most macrophages in the heart and gut
tissue are replaced by bone marrow derived macrophages (Ginhoux & Guilliams, 2016; Wu &
Hirschi, 2021). Tissue-resident macrophages from distinct developmental phases can co-exist
within the same tissue and largely exhibit the same functionality. This ties in with the great
plasticity exhibited by macrophages. When analyzing the transcriptome of various tissue-res-
ident macrophages, Gautier et al. and the Immunological Genome Consortium identified only
39 genes that were shared by four macrophage populations (splenic red pulp, lung, perito-
neum, and microglia) and expressed at a higher level than in closely related dendritic cells
(Immunological Genome Consortium et al, 2012). While the above study revealed the strong
tissue-specificity of macrophage gene expression profiles, Lavin et al. proved functionally that
macrophages largely adapt to their environment instead of persisting with a previously devel-
oped phenotype. They expanded the transcriptome findings by including Kupffer cells of the
liver, ileal- and colonic macrophages of the gastrointestinal tract, and bone-marrow derived
monocytes. Furthermore, they transferred peritoneal macrophages into lung tissue and ob-
served large transcriptomic changes towards lung expression profiles within the original peri-

toneal macrophages (Lavin et al, 2014).
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A further indicator for the plasticity of macrophages can be found in tumor microenvironments
where, similar to cancer-associated fibroblasts, macrophages are often corrupted by the sig-
naling milieu to support various pro-tumorigenic features. Understanding the driving factors of

these tumor-associated macrophages offers novel routes to support tumor immunotherapy
(Khan et al, 2023).

Taken together, macrophages and specifically their expression profile can vary a lot depend-
ing on the environment they are in and understanding the contributing factors at play may

allow favorable reprogramming toward patient-beneficial macrophage behavior.

1.2.2 Master of some:

Macrophages are aptly named for their size and one of their key strengths: to surround and
break down extracellular objects, a process termed phagocytosis. Additionally, they perform
a plethora of functions to keep bodily homeostasis, respond to threats and ultimately in
reestablishing normal tissue function. Some recent review works have tried to define hallmarks
of healthy macrophages such as (Wynn et al, 2013) and (Sheu & Hoffmann, 2022). In broad
strokes, major shared functional hallmarks of macrophages are phagocytosis, sensing danger
to tissue and host, release of antimicrobial substances, programmed cell death, cytokine and

chemokine release, antigen presentation, tissue remodeling, and motility.
Phagocytosis:

The aforementioned capability to surround large objects, such as extracellular microorgan-
isms, marks them as a vital player in infectious disease response as they can engulf and break
down pathogens (Uribe-Querol & Rosales, 2020). Once an extracellular object is surrounded
in a phagosome the vesicle fuses with the lysosome creating a phagolysosome, a highly acidic
environment in which specialized enzymes degrade the contents, allowing reuse of compo-
nents, expulsion or antigen presentation. Phagocytosis both helps to eliminate an active threat

as well as clean up after the immediate danger is contained.

Macrophages are also professional efferocytes (Boada-Romero et al, 2020), that is, they can
eat and reabsorb dead, dying or otherwise unwanted cells. This function is utilized from early
on in development with a notable example being applied to apoptotic cells resulting from limb
formation and the clearance necessary for individual digit formation (Hernandez-Garcia et al,
2024). Similarly, clearing of partial cell or extracellular material is crucial in respective tissue
(re)modeling: microglia aid neuronal health as they prune synapses in the central nervous

system; macrophages reabsorb extruded nuclei from erythrocytes in hematopoietic niches;
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and specialized macrophages called osteoclasts reabsorb bone tissue and shape bone-mar-

row cavities (Wynn et al, 2013). Importantly, macrophages can suppress unwanted inflamma-

tion when clearing apoptotic cells and debris and ward off autoimmunity towards self-antigens.
Sensing danger to tissue and host

To enable the various outcomes of phagocytosis, macrophages need to sense and differenti-
ate a broad range of stimuli (Uribe-Querol & Rosales, 2020). In general, efferocytosis of live
cells is inhibited by the expression of CD47 on human cells, often called the “don’t eat me”
signal, which binds SIRPa and other inhibitory receptors on macrophages preventing phago-
cytosis (Boada-Romero et al, 2020).

On the other hand, specific signals exposed during apoptotic processes, such as phosphati-
dylserine or calreticulin on the outer plasma membrane, initiate phagocytic processes of host
cells. Receptors that induce phagocytosis are grouped into opsonic and non-opsonic recep-
tors (Uribe-Querol & Rosales, 2020). The latter group contains scavenger-, dectin-, mannose
receptors, and CD14 that either directly recognize the aforementioned apoptotic signals or
components of bacterial or fungal cell walls. Opsonic receptors encompass receptors recog-
nizing the conserved domains of antibodies (Fc-Receptors such as FCGR1/CD64) and com-
plement receptors. As such they provide macrophages with the capability to efficiently clear

recognized immunological threats.

Both phagocytic receptor groups work in coordination with pattern recognition receptors
(PRRs), which recognize a broad range of conserved structural classes. Among the PRRs
that sense damage- or pathogen-associated molecular patterns (DAMPs and PAMPs respec-
tively) are Toll-like Receptors (TLR) mainly expressed on the cell surface and endosomes,
NOD-like receptors (NLR) in the cytosol, RIG-I-like RNA sensors (RLR) and cGAS which rec-
ognizes DNA (Dvorkin et al, 2024). These are the result of evolutionary adaptation to common
threats and represent the prime recognition system of innate immunity. Many of these recep-
tors bind to a multitude of ligands and therefore enable a constant survey of a broad DAMP
and PAMP landscape. These PRRs act in coordination with phagocytic receptors to increase
efficiency and decide whether or not the phagocytosed particle warrants a pro- or anti-inflam-
matory response. Notably, some receptors are both PRRs and phagocytic, such as Dectins,

while the common TLRs are considered non-phagocytic (Uribe-Querol & Rosales, 2020).

Furthermore, macrophages express a variety of cytokine and chemokine receptors to coordi-

nate their behavior with other immune cells and the wider host body at large.
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Cytokine and chemokine release

In addition to their effector functions in eliminating pathogens macrophages are also regarded
as a major immune sentinel. They are capable of producing and releasing a broad range of
cytokines and chemokines to attract other immune cells and influence their behavior in re-
sponse to danger (Arango Duque & Descoteaux, 2014). Alongside their paracrine effects they
can also act autocrine, i.e. on the secreting macrophage itself, to reinforce signaling cascades.
One classic example is the type | interferon IFN-B which macrophages produce in response
to interferon regulatory factor (IRF) activation following TLR receptor engagement. In turn,
IFN-B activates JAK-STAT signaling culminating in the formation of the interferon-stimulated
gene factor 3 (ISGF3) complex (comprising STAT1, STAT2, and IRF9) as well as alternative

complexes (Platanitis et al, 2019).

This complex kickstarts an interferon response program in neighboring cells irrespective of
their exposure to DAMPs and PAMPs and thus prepares them for infectious encounters. Other
well studied examples of pro-inflammatory cytokines released by macrophages are TNF, IL-
6, and IL-1, all endogenous pyrogens (substances that are fever inducing) with multiple roles
in immune activation. Though similar to their role in kickstarting an immune response, macro-
phages can also maintain or revert to homeostasis by releasing a host of anti-inflammatory
cytokines. One prominent example is IL-10, which inhibits macrophage function and especially
antigen presentation via MHC-Il molecules. Another is TGF-3, which next to a plethora of other
functions is important for Treg development. Furthermore, macrophages express various

checkpoint inhibitors like PD-L1 and PD-L2 that suppress the adaptive immune response.

Next to regulating the immune status of cells macrophages release a number of specialized
cytokines, called chemokines, to influence migration of other immune cells. Receiving cells
follow the direction of increasing chemokine concentration and thus arrive at the source, the
site of pathogen encounter or the tumor microenvironment. Among the main chemokines pro-
duced by macrophages are CXCLs such as CXCL1/2 and 8 which recruit neutrophils, and
interferon inducible CXCL9 and 11 which mainly recruit T cells, as well as CXCL10 (IP-10)
and CCL5 (RANTES) which attract T cells, NK and dendritic cells. Furthermore, they can re-
cruit other monocytes and macrophages via secretion of CCL2 (MCP1) (Arango Duque &
Descoteaux, 2014).

Release of antimicrobial and cytotoxic substances

Next to the phagocytosis of invading pathogens macrophages produce antimicrobial peptides
and proteins (e.g. defensins, cathelicidins, lysozyme) that lead to lysis of bacterial cell mem-
branes or inhibit their growth as well as regulate other aspects of the immune response (Lai &

Gallo, 2009). Furthermore, macrophages produce nitric oxides and reactive oxygen species
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to help with clearance of pathogens by creating a hostile environment. However, these effects

can lead to widespread tissue damage, as they react unspecific and induce damage on cells

of the host organism. Thus, these mechanisms need to be limited to acute stresses and not

prolonged beyond the clearance of the immediate threat.
Programmed cell death

Being on the front line of infections comes with danger to be parasitized by the very threat a
macrophage is supposed to deal with. This most strikingly happens in certain viral infections
(such as HIV-1) or intracellular bacteria (such as Legionella, Listeria, Mycobacteria) that spe-
cialize to invade cells including macrophages and exploit their metabolism and motility to pro-
liferate and spread throughout the multicellular organism (Price & Vance, 2014; Reece et al,
2021). Next to classic cell apoptosis, a non-inflammatory cell death, a macrophage can initiate
various pro-inflammatory cell death fates. Makuch et al. summarize three distinct programs:

pyroptosis, necroptosis and ferroptosis.

In case of pyroptosis the inflammasome, a PRR complex, capable of triggering the caspase
cascade, is activated and subsequently leads to gasdermin D pore formation on the plasma
membrane resulting in the release of cellular contents increasing an overall inflammatory re-
sponse. While this results in cell death, the process remains reversible even after cell swelling
and leakage through gasdermin D pores has started. Necroptosis can be triggered by FAS,
TNF or TRAIL signaling via RIPK proteins in the absence of caspase 8 leading to MLKL pore
formation and is different from necrotic cell death due to cell injury. Similar to pyroptosis, the
formation of MLKL pores is to a certain extend a reversible process. The third process, ferrop-
tosis, is a recently discovered pathway dependent on iron levels and leads to increased lipid

peroxidation in the membrane compared to other cell death pathways (Makuch et al, 2024).
Antigen presentation

In addition to recruiting the adaptive arm of the immune system macrophages, alongside den-
dritic cells and certain B cells, are professional antigen presenting cells (APCs) (Roche & Fu-
ruta, 2015). While every cell type presents intracellular self-antigens via MHC class | mole-
cules APCs express an array of MHC class Il molecules which focus on presenting peptides
taken up from the environment and then processed in the endosomes and lysosomes. Anti-
gens presented on MHC class Il molecules are recognized by CD4+ T helper cells with a
matching TCR. These activated CD4+ T helper cells, in turn, orchestrate the adaptive immune

response.

Additionally, APCs can cross-present foreign antigens on their MHC class | molecules which
stimulates cytotoxic CD8+ T cells (Muntjewerff & Meesters, 2020). The activation of naive

CD8+ T cells is best studied in DCs and relies on co-expression of costimulatory receptors
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such as CD80 and CD86 and cytokine IL-12. In a recent study, monocytes were observed to
acquire preformed antigen peptide-MHC class | complexes from neighboring cells and present

them instead, a process called cross-dressing (Elewaut et al, 2025). Besides the activation of

naive CD8+ cells macrophages are equipped for local re-activation of cytotoxic T cells or vice-

versa their suppression via anti-inflammatory signaling.
Tissue remodeling

Next to their ability to phagocytose extracellular material macrophages are actively involved
in tissue remodeling both during homeostasis as well as after tissue damage occurred. They
release proteases like matrix metalloproteases that cleave the extracellular matrix or remod-
elers like lysyl hydroxylases, which drive collagen cross links. Furthermore, they release a
number of growth factors to influence fibrotic processes (TGF-B), proliferation of various struc-
tural (PDGF, IGF-1) and stem cell populations (WNT3A), and angiogenesis (VEGF) (Wynn &
Vannella, 2016). Better understanding of the complicated interplay of macrophages in wound
repair and tissue remodeling has further garnered attention when it became clear that these
processes are often exploited within tumors to strengthen or enable several pro-tumorigenic
properties. This includes aberrant growth signaling, mediating cell migration, driving permis-
sive blood vasculature and intravasation of cancer cells into the blood stream increasing met-

astatic spread.
Motility

Macrophages are able to break down the extracellular matrix and release chemokines that
direct motility in other cells and themselves. Bone-marrow derived monocytes and macro-
phages travel via the circulatory system throughout the whole body to sites of inflammation,
even into immune-privileged areas such as the brain (Carson et al, 2006). In local tissues
macrophages migrate both amoeboid as well as mesenchymal depending on the extracellular
environment (Van Goethem et al, 2010). Their ability to invade tissues and patrol aids them in

constantly surveying the host for damage and pathogens.

1.2.3 Signaling in macrophages

As described above, macrophages sense and survey their environment constantly with their
specialized PRRs, IFNARs, TNFRs, mechanoreceptors, and others. Once a suitable ligand
binds with sufficient strength a handful of intracellular mediators are activated. Sheu and Hoff-
mann list the key players MYD88, TRIF, TRAF, MAVS, STING and ASC. TLR and IL-1 recep-
tors signal via MYD88, with the exception of TLR3, a double stranded RNA binding receptor
not present on the cell surface but in endosomes. TLR3 and TLR4 from within the endosome

can activate TRIF (Sheu & Hoffmann, 2022). Thus, even in a supposedly simple sensing of
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lipopolysaccharide (LPS), a cell membrane component of gram-negative bacteria, via TLR4
two different signaling pathways are engaged depending on the localization of the TLR4 re-
ceptor complex and receptor internalization and endosome maturation. Once activated,
MYDB88 leads to an early NFkB peak irrespective of the actual amount of LPS, whereas TRIF
induced signaling is prolonged and much more responsive to ligand concentration (Cheng et
al, 2015; Sheu & Hoffmann, 2022). TNFR signaling via TRAFs leads to activation of NFkB,
stress signaling, or cell death. Intracellular NLRs sense peptidoglycans the main component
of gram-positive bacterial cell walls and other components like flagellins, and in turn activate
caspase-1 and ASC (PYCARD) leading to inflammasome formation and pyroptosis (Franchi
et al, 2009). Nucleic acid sensors measure RNA (by RIG-1 like receptors) or DNA (by cGAS)
in the cytosol. The former activates MAVS leading to TBK1/IKKe induction. Activation of cGAS
on the other hand by long double-stranded DNA (dsDNA) in the cytosol leads to the production
of cGAMP (2’3’ cyclic GMP-AMP). This messenger molecule activates the endoplasmic retic-

ulum membrane protein STING and initiates its transfer to the Golgi where it activates TBK1.

These signaling pathways mostly converge on a handful of kinase transcription factors. TRIFs,
MAVS and STING lead to strong activation of IRF3; MYD88 heavily induces p38 MAPKSs; and
NFkB and JNK/ERK are universally activated by the signaling pathways outlined above (Sheu
& Hoffmann, 2022).

At first glance it seems that while PRR recognize and differentiate a broad range of PAMPs
and DAMPs via their binding affinities and localization, the downstream signaling is mainly
performed by the same transcription factors and hence should display a largely shared signal-
ing response. However, recent studies have indicated that depending on the stimulus and
concentration triggering the signal also transcriptional regulation displays a heterogeneous
behaviour in their response. An important study described six different response patterns of
NFkB that vary from static to oscillatory with varying activation speed, peak amplitude, duration
and overall activity (Adelaja et al, 2021). Furthermore, the transcriptional response may de-
pend on previously established chromatin accessibility enabling a permissive landscape with-
out transcription, in other words those loci display epigenetic potential (Krausgruber et al,
2020). With many immune genes, termed primary response genes (PRG), able to be activated
with minimal delay by available but inactive transcription factors (Pope & Medzhitov, 2018)
and some genes (PRG-I) already exhibiting transcription associated epigenetic marks at pro-
moter histones and pre-assembled RNA polymerase Il (Hargreaves et al, 2009). The latter
being constrained at the level of transcriptional elongation and mRNA processing to avoid
aberrant signaling. Indeed, an investigation of PRG-Is compared to housekeeping genes, that
is, genes generally active in cells to fulfill maintenance tasks, found that albeit both are marked

by Pol Il occupancy, PRG-Is are also bound by corepressors such as histone deacetylase
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(HDAC) complexes. Their activation therefore relies on a “de-repression” (Hargreaves et al,

2009) or in other words, certain immune genes are in a constant state of dual-regulation with

their figurative gas and brake pedal constantly engaged.

In contrast, PRG-IIs were found to be GC poor without constant Pol Il occupancy. Neverthe-
less, they display activation associated H3 acetylation and H3K4me?® and are speculated to
denote more cell-type specific genes (Hargreaves et al, 2009) and/or are associated with spe-
cialized roles such as IFN-B induced genes (Ramirez-Carrozzi et al, 2009). Genes whose
signal-induced transcription requires protein translation (e.g. of an activating transcription fac-
tor) and chromatin remodeling are termed secondary response genes (SRG). Overall, macro-
phages and the innate immune response have served as a great model to study stimulus-

response triggered gene expression processes (Sheu & Hoffmann, 2022).

1.3 Transcriptional and epigenetic regulation

1.3.1 Elements of mRNA transcription

Gene transcription is a multi-faceted process with several key players and a plethora of con-
tributing and fine-tuning mechanisms in place to ensure the appropriate level of mRNA pro-
duction at any point in time. Cramer summarized the general process of gene transcription in
a comprehensive review in 2019 (Cramer, 2019). Every protein-coding gene has (at least) one
promoter where the RNA polymerase Il pre-initiation complex can form, separate the DNA

strands and start transcription of the gene.

Promoters for housekeeping genes, which are constitutively expressed in a variety of cell
types, generally contain CpG islands. These islands obstruct formation of dense nucleosome
packaging of the DNA and hence keep the promoter open and accessible, unless the DNA
itself gets methylated. On the other hand, many cell-type or context specific genes rely more
on specialized elements, like the TATA box and specific transcription factor binding sites
whose combination and localization coordinates transcription. In macrophages, response
genes induced by NFkB and the MAP kinase pathway, which are activated by a wide array of
stimuli, contain CpGs and are rather devoid of nucleosomes even in a basal state. On the
other hand, the IFN-f response relies less on CpG islands and rather depends on nucleosome
rearrangement to free the promoter region for transcriptional activity (Ramirez-Carrozzi et al,
2009).
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The majority of the roughly 1600 known transcription factors bind nucleosome-free DNA acting

on open chromatin regions. Pioneering factors on the other hand are capable of binding nu-
cleosome-bound DNA. They open up previously closed promoters and thus enable the differ-
entiation into a specific cell type. Pioneering factors likely act in concert with chromatin remod-

eling complexes that can evict nucleosomes, replace histones, or shift around their location.
Furthermore, recruitment of histone acetyltransferases (HAT) aid in establishing these now
permissive promoters. HATs introduce acetyl groups onto positively charged lysines on the
histones. This weakens the interaction with the negatively charged backbone of DNA, leading

to a looser, i.e. more open promoter region.

In principle, human mRNA transcription of a gene thus requires both the gene body and a
promoter sequence amenable to assembly of the polymerase initiation complex. This is often
exploited in cell engineering where an exogenous DNA containing a protein-coding gene after
a common mammalian promoter (e.g. CMV, EF1a) is sufficient to direct expression of the
gene of interest. An example is the plasmid CROPseq-Guide-Puro, Addgene #86708 from our
study where an EF1a promoter drives expression of a puromycin resistance gene (Datlinger
et al, 2017).

Transcription in endogenous loci is also influenced by enhancer regions. These are genomic
regions in cis or trans where additional transcription factors can bind, get into close proximity
and interact with proteins and complexes from the promoter region. Macrophages rely heavily
on enhancer regulated transcription to define tissue resident functions (Lavin et al, 2014). The
pioneering factor PU.1 opens many macrophage specific enhancer sequences during differ-
entiation and prepares them for subsequent stimulus specific activation (Kaikkonen et al,
2013; Ostuni et al, 2013).

Promoters can be influenced by various enhancer sequences, with the expression level cor-
relating with the amount of enhancers (Denisenko et al, 2017). Enhancers are often specific
for a cell type and stimulus and aid in recruitment of other co-activators such as the mediator
complex. This complex has recently been described to aid cell type specific transcriptional

expression patterns (Jaeger et al, 2020).

Polymerase initiation, elongation and pausing are regulated as well as several mRNA pro-
cessing steps that happen simultaneously with elongation such as splicing. Transcription fac-
tors, due to their specific binding to promoter and enhancer DNA sequences and subsequent
recruitment functions, are considered key regulators of transcription pattern control. Therefore,
deciphering the transcription factor code promises to reveal the transcription programs gov-
erning cell behavior (Pope & Medzhitov, 2018). A proposed hierarchical model suggests that

pioneering/lineage determining factors open up genomic loci during differentiation. Then a
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second layer made up of primer factors may keep the loci in an inactive but ready form, ena-

bling rapid upregulation by exchange with/being bound by stimulus induced transcription fac-

tors, preferentially from the same protein family (Garber et al, 2012). Interestingly, while tran-
scription factors can co-occupy the same promoter, they may not necessarily act directly co-
operative, but rather in sequential steps to control the immune response (Cheng et al, 2017).
Deciphering the transcription factor code may not be easy and in and of itself sufficient to
understand gene expression. An in-depth study of NFkB and IRF3 co-occupancy revealed

their target genes to be regulated in unique and individual ways (Tong et al, 2016).

Next to transcription factors acting in concert, additional layers such as epigenetic regulation
allow a cell a more plastic adaption to environmental signals than relying on DNA encoded

sequences and their respective transcription factor proteins alone.

1.3.2 Chromatin and nucleosomes

DNA is seldom free and unbound within a cell but rather packed in various densities. The
typical double-stranded DNA molecule wraps almost twice around histone octamers with
about 147 bp of DNA per protein core (Chen et al, 2020). Each octamer contains two copies
of histone H2A, H2B, H3 and H4 and once DNA-bound these units are termed nucleosomes.
A linker histone H1 exists which does not sit within the octamer bead but between them and
helps with the compaction of chromatin fibers. The full-length DNA-protein complex is called
chromatin and, in this configuration, referred to as resembling “beads on a string” based on
their appearance in electron microscopy image. The first study describing this analogy used
the word “particles” instead of the hitherto common “beads” (Olins & Olins, 1974). This struc-
ture called “euchromatin” is relatively open for interaction with other proteins for transcriptional
control, though can condense by packing the nucleosomes into approximately 30 nm fibers
referred to as heterochromatin. This densely packed form is generally considered transcrip-
tionally inactive. Heterochromatin can in turn coil up further ultimately resulting in tightly

packed chromosomes.

1.3.3 DNA methylation

Various covalent changes can be performed on chromatin in turn influencing the various ac-
cessibility states. The DNA itself can be methylated, which in eukaryotes generally refers to
the addition of a methyl group to a cytosine (5-methylcytosine, 5mC) (Moore et al, 2013).
Especially at CpG island promoters, DNA methylation is associated with inactivation and
denser nucleosome packaging. 5mC methyl groups can be established de novo by DNMT3A

and DNMT3B or on the newly synthesized strand during DNA replication by DNMT1 based on
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the previous methylation status (CpG is palindromic, i.e. it is matched on the complementary

strand by a CpG sequence).

Removal of 5mC can occur in different ways, such as by deamination by AID/APOBEC into
thymine, yet the predominant removal in human and mouse cells is performed by TET proteins
which oxidize 5mC into various intermediates (Prasad et al, 2021). The resulting G/T mismatch
from the conversion to thymine or the various intermediate products from TET oxidation can
be repaired using the base excision repair mechanism. This dependence leads to a higher
mutation rate at CpG sites. While methylated DNA may directly decrease the affinity of certain
transcription factors specific methyl-CpG-binding domain (MBD) proteins bind to methylated
DNA and in turn prohibit gene expression (Kaluscha et al, 2022; Valinluck, 2004). Given both
the ability to change DNA methylation status based on a cell’s experience as well as the ability
to persist and even bequeath CpG methylations to daughter cells positions this mechanism

as a promising malleable layer for therapeutic intervention.

1.3.4 Histone codes

A further epigenetic layer involves nucleosomes, specifically the histones. As mentioned
above, DNA void of nucleosomes is more accessible. Specialized ATP-dependent chromatin
remodeler complexes slide nucleosomes, evict or reinstall nucleosomes. Four families of chro-
matin remodelers have been described so far: SWI/SNF, ISWI, CHD and INO80 which are
heavily associated with cell differentiation, gene expression and DNA repair (Tyagi et al,
2016).

The IFN-B response depends on SWI/SNF induced chromatin rearrangement for expression,
which may not only increase specificity but also reduce unwanted basal or tonic response
(Ramirez-Carrozzi et al, 2009). This dependence may be an important evolutionary safeguard
as excessive type | signaling is involved in many autoimmune and autoinflammatory diseases,

so called interferonopathies (Crow & Casanova, 2024).

Besides their ability to reposition nucleosomes, chromatin remodelers can affect histone sub-
components of a nucleosome and exchange them with a different variant. Indeed, several
specialized histone variants have been identified and correlated with specific processes
(Quénet, 2018). A majority of variants are expressed in the S phase and cell-cycle associated
or expressed in specific tissues and cell types. Among the more specialized yet universally
expressed histone varieties, H3.3 is associated with general transcription, H2A.X with DNA
damage repair, H2A.Zs with both, and macroH2A with heterochromatin repression as well as

specialized transcriptional activation (Chen et al, 2014; Recoules et al, 2022).
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In addition to repositioning and exchange of histone variants many different forms of post-
translational modifications have been discovered. While DNA tightly wraps around the histone
octamer the N-terminal ends of histones extend beyond nucleosomes and are accessible to
specialized epigenetic factors that actively read, write and erase these histone modifications
(Chen et al, 2020). These modifications can take many forms such as methylation, acetylation,
ubiquitination and sumoyulation all occurring predominantly at lysines, as well as phosphory-
lation of serines and threonines, citrullination, ADP-ribosylation, and proline isomerization (Niu
et al, 2022). These modifications can be found in concert affecting amino acids at different
positions but also mutually exclusive on key amino acids. The well-studied lysine group at
position 27 of histone H3 can be found either methylated (H3K27me) or acetylated (H3K27ac).
The methylation mark, introduced by histone methyl transferases (HMT), can be either mono-
, di- or trimethylated (H3K27me3) and is associated with inhibition of transcription. Reports in
macrophages indicate that JMUD3 a demethylase is upregulated after macrophage stimulation
by either LPS (Chen et al, 2012; De Santa et al, 2009) or IL4 (Ishii et al, 2009) and demethyl-
ates H3K27me3 at a large proportion of response genes. In turn, H3K27ac, introduced by the
histone acetyltransferase p300 (EP300) is associated with active promoter and enhancer re-
gions (Ghisletti et al, 2010; Kano et al, 2024; Schmidt et al, 2016). While histone acetylation
is generally considered a transcription activation mark, methylation is not necessarily an in-
hibitory mark. Indeed triple methylation of H3K4me3 at promoter sites correlates with tran-
scriptional activity, while H3K4me1 is a feature of active or poised enhancers (Barski et al,
2007). Thus, deciphering the histone code involves knowledge of the modifications at precise
amino acid positions, the specific histone variant used and where the nucleosome is posi-
tioned along the DNA.

1.3.5 Chromatin in 3D

A higher order layer of epigenetic regulation is the localization of chromatin in 3D. As men-
tioned, chromatin can coil into more denser areas but likewise it can bring distal sites such as
cis- and even frans-enhancers into proximity of the respective gene body. The cohesin com-
plex, a ring-like structure, together with CTCF forms large scale loops with increased proximity
of the associated chromatin. These so called topologically associated domains (TAD) have
been implicated in cell type differences. In line, a study by Stik et al. found that disruption of
these TADs via induced CTCF degradation diminished LPS response in macrophages (Stik
et al, 2020).

Furthermore, genetic loci can localize to various nuclear bodies such as the nucleolus, asso-
ciated with ribosomal RNA transcription, or paraspeckles involved in gene splicing. Associa-

tion with polycomb bodies or the nuclear lamina is often linked to transcriptional repression
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(Mao et al, 2011; Van Steensel & Belmont, 2017). These membrane-less substructures in-

volve an assortment of specialized proteins and RNAs enabling or increasing the efficiency of

transcriptional regulation.

1.3.6 Non-coding RNA

Apart from the assembly of the aforementioned nuclear bodies, another layer of epigenetic
regulation is mediated by non-coding RNAs such as microRNAs (miRNA) and long non-coding
RNAs (IncRNA). For miRNAs longer precursor molecules are processed by specialized ma-
chinery to produce short RNA snippets of around 22 bp capable of binding a complementary
MRNA sequence (Shang et al, 2023). The miRNAs interact with Argonaute proteins to bind to
mRNA, which stops translation or even induce the degradation of the mRNA. Therefore, the
miRNA system is considered a repressive mechanism. Indeed, macrophages reacting to LPS
stimulation phosphorylate AGO2 to disrupt miRNA/AGO complexes, which in turn dere-

presses proinflammatory response genes (Mazumder et al, 2013).

On the other hand, long non-coding RNAs (lengths over 200 bps) contain various binding sites
and motif structures to coordinate the interactions with regulatory proteins, RNA, or DNA se-
quences. Long non-coding RNAs are a diverse class with estimates ranging from 10-100 thou-
sand IncRNAs existing in the human genome (Statello et al, 2021). Insights into their exact
gene regulatory roles will likely reveal further fine-tuning mechanisms. One example of a
IncRNA active in macrophages is transcribed from an intergenic region in the Cox2 gene,
lincRNA-Cox2, which itself is upregulated in response to LPS and other bacterial stimuli.
Based on perturbation experiments, lincRNA-Cox2 seems to repress certain ISGs in homeo-
static conditions while expression of specific inflammatory genes, such as IL6 may be posi-
tively influenced by lincRNA-Cox2 (Carpenter et al, 2013).

1.4 Trained immunity/stimulus memory

While macrophages are innately equipped with pattern recognition receptors, they are not only
responding to the current environment based on evolutionary hardcoded rules, but also adapt
their signaling responses based on prior exposures. Evidence for innate immune memory ac-
cumulated around a century ago with multicellular organisms exhibiting a diminished response
to repeated pathogen or LPS exposure (Van Epps, 2006). Macrophages were soon identified
as a major contributor that showed a weakened transcriptional response to LPS after an initial
exposure to high-concentrated dose (100 ng/ml) of LPS in vitro (Foster et al, 2007; Mages et
al, 2008). This phenomenon is termed immune tolerance and can help the host organism to
avoid detrimental immune over-reactions inducing too much collateral damage, for example,

in an attempt to clear a persistent infection.
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Similarly, the opposite side of the coin can be observed in a process called immune priming
where an initial stimulus of IFN-y leads to an increased subsequent immune response to LPS
(Gifford & Lohmann-Matthes, 1987). Hereby the induction of a low-level interferon stimulus
primes macrophages in the vicinity to enable a quick ramp up of immune response genes
once the actual threat is encountered. Interestingly, a low-dose pretreatment with LPS can
prime macrophages as well, meaning that the induced memory is reliant not only on the stim-
ulant itself but also the encountered concentration (Deng et al, 2013) leading to drastically
different outcomes (tolerance or priming). Furthermore, memory can result in repeated simu-
lation with the same factor (LPS followed by LPS), or by differing signals (IFN-y followed by
LPS). However, priming is now understood to mean a stronger secondary response, without
an intermediary drop of response gene expression to homeostatic levels. This latter case, a
first stimulus followed by a period of basal level expression, but a stronger secondary response
to either the same treatment or even a different class of stimulants was later termed trained

immunity in the immunological field (Netea et al, 2011).

Investigations of molecular mechanisms generating stimulus memory indicate epigenetic and
metabolic changes as likely causative processes. A study of ex vivo monocyte to macrophage
differentiation with either B-glucan induced immune training or LPS induced tolerance found
widespread changes in distal regulatory elements. An initial stimulus lead to chromatin open-
ing associated with increased H3K27ac and H3K4me1 marks with the methylation mark per-
sisting after the initial response (Saeed et al, 2014). Subsequent work described involvement
of certain long non-coding RNAs in the regulation of groups of immune response genes, such
as chemokines elicited after B-glucan. The upregulation of a specific human IncRNA UMLILO
after the first stimulus helped recruit H3K4me3 writers to certain CXCL promoters, even in

murine cells which lack this specific IncRNA (Fanucchi et al, 2019).

Crucially, macrophage states remain plastic. A previously established tolerant state with LPS
can be reverted to a trained state by B-glucan treatment (Novakovic et al, 2016) indicating that
in a complex situation innate immune cells likely adapt dynamically to their environment. This
finding highlights the complexity involved in immune memory both advocating careful experi-
mental designs to derive meaningful conclusions while simultaneously emphasizing the po-

tential of this semi-stable, malleable layer for therapeutic interventions.

It is important to note that similar to “epigenetic memory/inheritance”, the scale of memory in
immunity is not universally defined. As such, stimulus memory could apply to 1) a single cell
exposed twice without intermediate cell division, 2) the same cell type with cell divisions where
daughter cells retain parental memory 3) a memory kept during cell differentiation from a pro-
genitor cell or 4) a memory inherited from a parental individual to its (sexually reproduced)

offspring (transgenerational effects have been described in cohorts impacted by famines
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(Gonzalez-Rodriguez et al, 2023), though this process presumably does not apply to macro-
phages). Forimmune memory the separation between “central trained immunity” and “periph-

eral trained immunity” has been proposed, with the former including training events in bone-
marrow residing progenitor cells passed to circulating immune cells and the latter describing
similar stimulation but observing trained effects in cells not in circulation, i.e. in the periphery
(Vuscan et al, 2024).

Overall, this property of responding to prior exposure and subsequent memory based on
changes to the intrinsic epi-genome resembles characteristics of the adaptive immune re-
sponse. Therefore, trained immunity may be seen as a bridging phenomenon between those
two categorical definitions (Netea et al, 2019). Apart from updating our definitions and cate-
gorial views two take aways for human medicine could be stated as:
i) Macrophages are reprogrammable by influencing their epigenome. In general, epigenetic
factors are considered druggable (Ganesan et al, 2019) compared to transcription factors that
often do not provide binding sites for traditional small-molecule inhibitors. ii) Furthermore,
keeping exceptions in mind, once they are trained the memory persists and can be propagated
to daughter cells. A feature that may be exploitable for ex-vivo cell engineering with subse-
quent re-introduction of fine-tuned macrophages into tumor sites or chronic autoimmune con-
texts to alleviate aberrant immune milieus. Cell engineering of macrophages to, at first, better
understand the function of each component and later create an optimized macrophage for the

respective immune challenges has garnered increasing attention (Sloas et al, 2021).
1.5 Genetic engineering of cells

1.5.1 Double-strand breaks and targeted genome editing

Modifying the genetic information of cells or whole organisms promises incredible therapeutic
opportunities to treat or even revert many diseases and serve as invaluable resource for ex-

perimental manipulation.

Early efforts of genetic manipulation of target cells focused on homologous recombination
(Fernandez et al, 2017; Smithies et al, 1985). This natural process contributes to genetic di-
versity during meiosis, provides an opportunity to repair damaged DNA and enables lat-
eral/horizontal gene transfer. In general, homologous recombination comes into play once a
DNA double-strand break is recognized within a cell. As the name suggests, it works to repair
the break via a homologous copy of the genetic information. In short, this copy serves as a
template for DNA polymerases to synthesize new DNA to make up for previously lost or mu-

tated genetic information. While sufficiently strong homology is needed to anneal adjacent
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regions during the repair process, novel genetic information can be provided within the homol-

ogous DNA strand to be incorporated during template-directed DNA synthesis.

Pioneering work in mammalian cells focused on genetic engineering of knockout mice by tar-
geted introduction of exogenous homologous templates into mouse embryonic stem cells for
which Oliver Smithies, Mario Capecchi and Martin Evans received the 2007 Nobel Prize in
Physiology and Medicine (Mak, 2007). Early efforts reported a rather low efficiency of around
one in thousand cells with a successful integration event (Smithies et al, 1985). It was soon
recognized that artificial induction of double strand breaks around the target site improved the
number of successful gene editing events via homologous recombination. This led to a search
for ever better methods to introduce DNA damage at the intended target site. A first milestone
was the application of I-Scel, a yeast meganuclease which homes in on a specific 18 base
pair long target site (One DNA strand of the target site in 5’-3’ orientation, arrows indicate the
cut sites “TAGGGTATAA|CAGGGTAAT®). The nuclease creates a doubled-strand break with
3’ overhangs, a feature beneficial for homologous recombination. Application of I-Scel-in-
duced double-strand breaks improved efficiencies by two orders of magnitude (Cohen-Tan-
noud;ji et al, 1998).

The next breakthrough was the combination of the two important functions within one engi-
neered protein: a DNA-endonuclease domain, initially from a bacterial restriction enzyme Fok,
and a targeting domain for specific DNA sequences, a zinc finger motif. The latter was first
described in the frog Xenopus laevis and the matching of zinc finger motifs to three nucleo-
bases paired with the ability to combine multiple fingers to create a custom-made sequence-
specific target domain promised precise cutting in total control of the experimenter (Pavletich
& Pabo, 1991). Yet design and production of new zinc finger motifs was not routinely per-

formed by individual molecular biology groups (Fernandez et al, 2017).

An alternative tool soon arose based on DNA-binding motifs derived from a bacteria Xan-
thomonas spp. which injects transcription activator-like effector (TALE) proteins into plant host
cells. Many naturally occurring TALE binding motifs have been discovered and, similar to zinc
fingers, they can be combined to bind ever longer specific DNA sequences. Coupling them
with the same nuclease domain Fokl created programmable nucleases termed TALE nucle-
ases (TALENS). Various TALE sequences became readily available and could be arranged in
sequence using standard cloning techniques such as restriction-ligation based protocols like

the common Golden Gate cloning workflow (Bird et al, 2022). The availability of components

6 Sequence taken from https://enzymefinder.neb.com/#!/isoschizomerByName/I-Scel#nebheader (ac-
cessed 07.10.2025)
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and accessible workflows enabled many molecular biology labs to assemble expression plas-

mids locally resulting in fast and widespread adoption of TALENSs to genetically modify cells
(Fernandez et al, 2017; Joung & Sander, 2013).

Easier to destroy than to repair correctly

Targeted gene replacement or insertion provided a strong incentive to invest in these technol-
ogies for the creation of novel therapeutic approaches in medicine or genetically modified
organisms in agriculture. Simultaneously, introducing a targeted DNA mutation offered tre-
mendous opportunity for basic research purposes to explore DNA sequence functions in a
cellular context. For this purpose, often no templated repair via homologous recombination is
needed, and rather alternative ways of DNA repair can be beneficial. One of these, termed
non-homologous end joining (NHEJ) in juxtaposition to the aforementioned mechanism, is an
error-prone repair of double-strand breaks that does not require a template (Chang et al,
2017). As such, NHEJ is generally available throughout the cell cycle whereas the homologous
recombination repair machinery is restricted to the S and G2 phases of mitosis. Repair of
double-strand breaks, especially when sticky ends (DNA single strand protrusions) are pre-
sent, often leads to nucleotide insertions or deletions (INDELs). Based on the three-nucleotide
(codon) based amino acid code any alteration of nucleotides not-divisible by three leads to a
frameshift away from the original coding. Thus, the introduction of INDELs has 2 out of 3
chances not only to mutate a coding gene sequence, but outright eliminate it from being trans-
lated into the correct gene’s protein. Therefore, the targeted induction of double-strand breaks
is often used with the intentional goal of creating an effective knockout of a gene. While these
perturbations have to be carefully validated and interpretations have to take alternative expla-
nations into account (e.g. the creation of a truncated protein or an alternatively spliced version,
instead of a knockout) the general concept of introducing double strand breaks to eliminate a

specific gene’s function and study the cellular effects soon became a common approach.

1.5.2 No need for translation, target identification using RNAs:

Yet apart from gene editing techniques another method provided the ability to prevent a spe-
cific gene’s function which neither modified the DNA information nor required exogenous pro-
teins to be introduced in the target cell. Like the aforementioned approaches, the technique is
based on a mechanism existing in nature, specifically on the post-transcriptional inhibition
machinery existing in eukaryotic cells relying on complementary single-stranded RNAs. Small-
interfering RNAs (siRNAs) or miRNAs target complementary messenger RNA (mRNA) that
otherwise would get translated into proteins. This process, termed RNA interference (RNAI),

leads to hybridized double stranded RNA which is recognized by the RNA-induced silencing
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complex (RISC). This results in translational repression or degradation of the RNA by Argo-

naute proteins and thus downregulation of the respective protein. Target lengths typically
range between 19-27 bp with shorter sequences providing better results on average (Taxman

et al, 2010) and the interfering RNA can either be introduced as double-stranded RNA via
transfection into cells or as short hairpin RNAs (shRNA) on a vector to be transcribed within

the cell. The latter is processed by the endogenous protein Dicer to produce a siRNA duplex

for RNA..

One of the benefits of RNAI is that it can efficiently target non-coding RNAs such as long-non-
coding RNAs (IncRNAs), however, the suppression works primarily in the cytoplasm which
may not affect non-coding RNAs remaining in the nucleus (Lucere et al, 2020). Another issue
to be considered are off-target effects either based on the sheer number of cytoplasmic siR-
NAs after transfection or due to the relatively high sequence similarity, which can cause the
unintended downregulation of multiple other transcripts (Taxman et al, 2010; Lucere et al,
2020). Like other knockdown methods certain functions may be hard to assess, compared to
constitutive knockouts, as even trace amounts of proteins such as transcription factors (TF)

or solute carriers (SLC) can be enough to maintain a wild-type phenotype.

Another benefit of RNAI is the usage of a widespread endogenous system, which means that
it works readily in a wide variety of animal and cellular models once the interfering RNA com-
ponent can be introduced into the respective cell. Relying only on siRNAs or shRNAs has
advantages, even over more recent approaches such as CRISPR, as the shRNA cassette is
a very small locus fitting into almost any vector and does not require expression of exogenous
proteins (note that early CRISPR-Cas9 systems were also packaged onto a single lentiviral
vector, however, the large size of ~10 kb meant straining the packaging capacity of the viral
system and was often associated with low transduction rates) (Asmamaw Mengstie, 2022).
Due to the small size and varieties of transfection or transduction possibilities RNAi remains

a viable choice for tricky primary tissues and in vivo applications.

A third benefit of RNAi-based systems was the easiness to create individual knockdown con-
structs. Compared to zinc finger nucleases and TALENs no protein design is necessary as
only a mere ~20 bp nucleotide sequence adapted to the specific target is needed. In combi-
nation with the advances in synthetic biology genome-wide targeting RNAI libraries could be
synthesized and cloned in high throughput. This enabled large scale arrayed or pooled
screens ushering in a new era of functional genomics based on perturbation screens focusing

on the genome or transcriptome (Mohr et al, 2014).

19



MEDICAL UNIVERSITY
OF VIENNA
1.5.3 A tool to rule, the CRISPR-Cas9 revolution:

The CRISPR (Clustered Regularly Interspaced Short Palindromic Repeats) Cas9 (CRISPR
associated protein 9) system has revolutionized genetic research by making gene editing eas-
ily accessible and versatile. This mechanism naturally occurs in bacteria where it was discov-
ered to provide an adaptive immune response to genetic threats such as bacteriophages. Both
the mechanisms as well as the implications were groundbreaking and have changed the way

prokaryotic defense mechanisms are viewed.

Like RNA. this approach relies on an interplay of a guiding RNA sequence and the function of
proteins. The Cas9 protein can unwind and cut double-stranded DNA and is guided by two
short RNAs, the first being the CRISPR RNA (crRNA) which contains a complementary se-
quence of about 20 base pairs to the genetic target and a hybridization domain. The latter
allows it to pair with a trans-activating RNA (tracrRNA) which facilities binding with the Cas9
protein. Bacteria introduce viral DNA sequences from previous infections into their own ge-
nome in a regulated fashion (leading to the CRISPR acronym). These viral derived sequences,
termed spacers, then get transcribed and serve as crRNA. This creates a simple yet versatile
system where only the spacer part of the crRNA needs to be specific to the target, while the
rest of the machinery can be used for multiple targets depending on which crRNA it pairs with
at a time. One minor restriction of the targeting is the need of a protospacer-adjacent motif
(PAM) next to the spacer-targeted site. The exact sequence varies for different Cas-proteins
and for Cas9 the PAM is a three bases long sequence “NGG” directly downstream of the target

site.

Jennifer Doudna and Emmanuel Charpentier were vital in the discovery of these mechanisms
and their adaption to use it for genome engineering and were awarded the 2020 Nobel Prize
in Chemistry. They and others, such as Georg Church and Feng Zhang, paved the way to
utilize and adapt CRISPR to be used in eukaryotic cells (Cohen, 2021).

For genetic engineering purposes the crRNA and tracrRNA are often combined in a single
guide RNA (gRNA) construct with the ability to self-hybridize and bind the Cas9 protein. This
reduces cell engineering efforts to only two components, the gRNA and the Cas9 protein, both
of which must be introduced into a eukaryotic cell. There are multiple ways in which those
components can be inserted which boil down to the three main cellular information states:
DNA, RNA and Protein.

A common approach is to encode gRNA and Cas9 on a vector plasmid after eukaryotic mini-
mal promoters. After introduction of the DNA information into a cell the endogenous transcrip-
tion and translation machinery will produce the necessary components which can self-assem-

ble and in turn manipulate the host cell. Vectors can be transiently transfected into cells via
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various means such as calcium phosphate, electroporation, cationic lipids or polymers. Alter-
natively the content can be added to the host cell’'s DNA via transduction by lentiviruses or
retroviruses. Integration into the host’s DNA offers constitutive active systems that are pre-
served over many cell divisions and thus offer genetic lineage tracing methods (Kebschull &
Zador, 2018). Though the undirected nature of the DNA integration poses the risk of unin-

tended disruption of the respective endogenous locus.

1.5.4 One system, many functions:

As mentioned above, the Cas9 protein essentially combines two functions, a helicase-like
ability to unwind DNA at the target site and an endonuclease domain for DNA cutting. Mutation
of the Cas9 protein led to a deactivated, endonuclease-dead version (dCas9) which remains
capable of binding DNA based on the gRNA target though without inducing double-strand
breaks. Targeting dCas9 towards a gene’s promoter sequence can lead to diminished tran-
scription due to Cas9 sterically occupying the spot other endogenous proteins need to bind to
(Sapozhnikov & Szyf, 2021). Thus, this simple change led to a variation that instead of creating
knockouts could be used to create knockdowns. Improvements were made to this approach
termed CRISPR interference (CRISPRI) by fusing other proteins involved in transcriptional
inhibition such as a KRAB domain to Cas9 (Gilbert et al, 2013). Of course, what can be tuned
down, can also be cranked up. Fusing transcription activator domains like VP64 or VPR to
Cas9 created a targeted transcriptional activator system termed CRISPR activation (CRIS-
PRa) (Gilbert et al, 2013).

As such, CRISPR technology allows a tight control over a gene’s mutations or it's respective
transcriptional abundance. The latter wasn’t restricted to tight promoter control of genes, but
also allowed targeting of enhancer regions, opening up large parts of the genome to be inter-
rogated for their contribution to a cell’s properties (Chen et al, 2019; Hilton et al, 2015; Kork-
maz et al, 2016). While artificial up or downregulation helps in understanding the potential of
certain genes or genomic loci, coupling the system with epigenetic writers such as p300 (Hilton
experimental setups to interrogate the causal contributions of epigenetic marks towards tran-
scriptional control (Policarpi et al, 2024). Furthermore, CRISPR is used to change the location
of chromatin within the nucleus by connecting a targeted locus to the nuclear lamina and re-
cruiting other nuclear compartments (Wang et al, 2018), creating artificial chromatin loops
(Hao et al, 2017) or establishing heterochromatin via targeted HP1a localization (Gao et al,
2021). Thus, this technology can be used to mechanistically address a variety of epigenetic

layers implicated with transcriptional control.
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Another line of CRISPR gene editing is the coupling of base-editors with dCas9 or Cas9 nick-
ases. In the latter only one endonuclease motif is inactivated hence only one DNA strand gets
cut while the other stays intact. In contrast to double-strand DNA cutting and relying on a cell’s
own DNA repair apparatus the goal is to introduce well defined and reliable point mutations.
This got achieved by homing either cytidine (Komor et al, 2016) or adenine (Gaudelli et al,
2017) base-editors with the CRISPR system. A relatively recent addition is prime editing
(Anzalone et al, 2019). In this method the DNA is nicked to create a single-strand break and
a repair template is provided as part of the gRNA. A reverse transcriptase fused to Cas9 reads
the RNA template and synthesizes a corrected DNA strand onto the originally nicked strand.
Then a second cut on the opposing DNA strand favors the DNA repair incorporating the newly
synthesized DNA piece in favor of the original sequence. Thus, very precise gene editing and
DNA knock-ins are enabled with CRISPR editing technology.

1.5.5 Investigating specific loci

Coupling Cas9 with fluorescent proteins such as green fluorescent protein (GFP) allowed im-
aging analysis of genomic loci and their temporal dynamics such as telomeres in living cells
(Chen et al, 2013). In order to amplify imaging signals many different strategies have been
employed, whether by providing a protein chain able to recruit fluorescent proteins (Tanen-
baum et al, 2014) or modification of the gRNA itself to be bound by RNA-binding proteins such
as in the CRISPRainbow approach (Ma et al, 2016) or the modular Casilio imaging toolkit
(Clow et al, 2022). Technological improvements allow even single gRNAs to create a reliably
strong fluorescent signal for spatiotemporal imaging studies of genomic elements such as
enhancers or promoters and allow the discrimination of different alleles (Maass et al, 2018).
Taken together, the CRISPR technology enables the visualization of genomic loci and their

dynamic patterns in living cells.

Another direction was the analysis of adjacent proteins and thus the uncovering of protein
neighborhoods. These studies often incorporated the use of the biotin ligase BirA, a protein
capable of adding biotin tags to proteins in the immediate vicinity which in turn allows the
purification of biotin-labeled proteins via streptavidin pull-down. Analysis via mass-spectrom-
etry readouts then identify the local protein neighborhoods targeted by the CRISPR system.
This was applied in proof-of-concept studies on genomic loci such as telomeres by biotin la-
beling of Cas9 (Liu et al, 2017), or with coupling of Cas9 with BirA (Schmidtmann et al, 2016)
and similar biotin-tagging proteins such as Apex2 (Gao et al, 2018) to investigate telomeres
and centromeres. Thus, CRISPR technology can additionally be used to define and interro-

gate local proteome neighborhoods.
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1.5.6 Large, pooled screen

Besides the incredible breath of precise perturbations that can be introduced into cells due to
CRISPR based systems another important feature is scale. Irrespective of the intended ma-
nipulation the targeting mechanism of Cas9 to specific genetic loci is determined by a short
span of around 20 nucleotides which sit in a separate small RNA. This feature allows the
application of all the tools established to clone shRNAs and introduce them into cells to the
CRISPR system. As such, large pools of oligos, targeting every human gene multiple times,
can be readily synthesized and cloned into gRNA plasmid backbones. From there, the library
pool can be amplified in bacterial colonies and subsequently transfected into viral packaging
cells. The so produced viral library contains viral particles, each carrying only one gRNA vec-
tor. This viral library can then be used to transfect target cells. By adjusting the right ratio of
viral particles to target cells the latter will mainly be transduced with one viral particle per cell,
which in effect introduces one genetic perturbation per cell in an uncomplicated way. In this
context the terminology of microbiology is used where the ratio of viral particles to cells is
termed the multiplicity of infection (MOI). Assuming that both viral particles and target cells are
homogeneous populations, where each agent or target has an equal probability of successful
transduction, the necessary concentration of each can be easily derived to allow a majority of
cells transduced with only one gRNA. The probability that a cell will be transduced with none,
one or multiple gRNAs follows a Poisson’s distribution and can be calculated as follows:

n -m

* e

m
P(n) = n!

Equation 1

Where P is the probability that a cell will get n amounts of viral vectors/gRNAs given the MOI

m.

For amplification-based screens a general recommendation is to use an MOI around 0.3 to
gain single transduced cells (Bock et al, 2022; Joung et al, 2017). In situations where cell
numbers are limited or transduction rate is difficult to control for such as in in vivo screens
multiple transduction events can be tolerated and complications mitigated by introducing
unique molecular identifiers (UMIs) such as the iBAR gRNA design (Zhu et al, 2019). In cases
where the general assumption is that most gRNAs will not introduce phenotypical perturba-
tions (i.e. perturbations that become apparent at the time of the readout) improved analytical
strategies can increase the power to detect meaningful effects (Gasperini et al, 2019). Fur-
thermore, combinatorial effects of gRNAs could be studied by introducing multiple different

perturbations into a single cell. While this can be controlled by raising the MOI multiple other
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strategies, such as simultaneous introduction of two vectors (Mali et al, 2013) or special con-
structs transducing two (Replogle et al, 2020; Tang et al, 2022) or more gRNAs via the same
vector (Xie et al, 2015; Zhou et al, 2021), promise a better experimental control. This ease of

manipulating the entire genome in a pooled fashion enables high-throughput identification of

genes of interests for particular biological questions.

1.5.7 Selection of adequate readout

Pooled CRISPR amplicon readout-based screens are either performed as positive selection
screens, in which the phenotype of interest is actively enriched and selected for, or a negative
selection screen (dropout), where the interesting hits are depleted from the overall pool. In the
former a selective pressure, for example a drug leading to a stop in cell proliferation, would
allow only successfully perturbed cells of certain genes to continue proliferating. For these
types of screens a lower coverage per target is needed, given the expectation that only a
minority of cells will persist in meaningful numbers at the termination of the experiment. In
contrast, a dropout screen assumes that unperturbed cells survive, and only specifically per-
turbed cells cannot cope with the adverse selective pressure. Hence, a larger coverage of
each target is needed to ascertain which hits reliably dropped out, i.e. do not persist at the

termination of the screen.

Another common selective pressure is fluorescence-activated cell sorting (FACS) based on a
specific marker expression. However, given the throughput of genome-wide screens these
methods can get time intensive. An interesting example of an alternative readout applied to
macrophage phagocytosis relied on magnetic separation of cells based on their capability to
engulf magnetic particles (Haney et al, 2018). Careful planning is required to find a readout
suitable to the research question at hand, especially, when the readout is limited to a single
property such as proliferation or marker gene expression. The advent of high-throughput sin-
gle cell technologies with a simultaneous readout of multiple markers up to encompassing “-
ome” wide technologies such as single cell transcriptome sequencing promise a more unbi-

ased readout capable of assessing a diverse range of phenotypes within a single experiment.

1.6 Single cell technology

1.6.1 How it works

Single cell readouts promise to assess each cell individually on a multitude of features. Tradi-
tional high-throughput screening approaches often relied on cell morphology or antibody stain-

ing followed by Fluorescent Activated Cell Sorting (FACS), which allows the separation of cells
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based on one or a few parameters into separate wells. In a study of innate immune cell acti-
vation by LPS the perturbed cells were sorted for low and high TNF expression, thus separat-
ing two different classes of TNF regulators depending on their knockout effect (Parnas et al,
2015). While relatively easy to implement, the number of parameters to be analyzed does not
scale as well as other methods (though combination with more sophisticated downstream
methods is possible). The number of parameters is depended on the labelling mechanism.
Besides fluorescence labelling and separation can rely on different properties such as mag-
netic separation that may offer a higher degree of parameters to be differentiated (Reisbeck
et al, 2016).

Alternatively, imaging-based approaches offer data-rich readouts. Yet in the context of pertur-
bation screens, it is technically more challenging to assess which genetic perturbation resulted
in the observed phenotype. While gRNAs can be cloned separately and the screen can be
conducted in an arrayed format, this shifts the logistic investment without reaping the benefits
from pooled screening approaches. In the latter case, staining gRNAs with fluorescence in
situ hybridization (FISH) is a common option (Emanuel et al, 2017; Lawson et al, 2017). Suc-
cessful methods of image based screens include an arrayed, image-based screen of nearly
1500 genes investigating their impact on the nuclear pore complex formation and localization
(De Groot et al, 2018); a pooled, genome-wide screen combining image based identification
of phenotypes of interest with subsequent sorting and sequencing of the genetic perturbations
(Kanfer et al, 2021); and similarly, such a strategy can exploit different photoactivation times
and photoactivatable fluorescent proteins to differentiate multiple phenotypes of interest (Yan
et al, 2021). Taken together, high-throughput, image-based screens offer readouts of various
properties including the spatial location of the cell, its neighbors, and the subcellular localiza-

tions of various organelles or molecular components.
Sequences suffice

Recent advantages in single cell sequencing such as single cell RNA-sequencing (scRNA-
seq) enable the readout of the expression level of thousands of genes per cell. Widely used
(commercial) solutions allow the analysis of thousands of cells per reaction in a relatively sim-

ple and straightforward way (Mereu et al, 2020).

In early droplet-based sequencing methods like Drop-seq (Macosko et al, 2015) and inDrop
(Klein et al, 2015) a single cell was encapsulated together with a bead containing adapters/pri-
mers within a liquid droplet in an oil emulsion. Within this liquid compartment (each droplet
can be considered a single reaction well) cell lysis occurs and mRNA is captured by oligo-dT
adaptors on the bead. The captured mRNA can then be reverse transcribed where additionally

a unique molecular identifier (UMI) and cell barcode sequence is included. This way each
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mMmRNA molecule receives both an individual barcode to reduce technical noise and an identi-
fier to assign it to one individual cell. The capture with oligo-dT adaptors allows easy hybridi-
zation of the mRNA content of a cell and avoids undesired amplification of other abundant
cellular RNAs such as ribosomal RNAs (highest abundance in human transcriptome) or tRNAs

(highest molar level in human transcriptome) (Palazzo & Lee, 2015).

While an mRNA-based readout provides an unprecedented, multi-faceted snapshot of a cell’s
behavior it would present an excessive analytical challenge to use scRNA-seq for pooled per-
turbation screens without a way to assert what gene got compromised in each respective cell.
There are multiple ways to gather this piece of information. For genetic knockout screens it
would be conceivable to read out enough of the transcriptome via long-read sequencing to
assess the actual genetic deficit each cell received. This approach promises accurateness in
excluding cells that have not undergone the expected gene cutting or repaired it in a way that
may result in a silent mutation or minor impact on the respective gene function. Furthermore,
the data depth could allow to draw conclusions about the specific types of genetic perturbation
that the repair machinery resulted in. It is conceivable that certain outcomes of a single gRNA
targeting a gene could have different functional impacts. A mutation could lead to the complete
loss of the protein due to nonsense-mediated mRNA decay, destroy a catalytic site, or block
a protein-protein binding site. The latter two options may disable different sub-functions of a
gene’s impact on the cellular behavior. However, while these insights might be informative,
they either require large numbers of cells to gain confidence in the data or careful follow up

experiments for interesting cases.

In most common approaches of scRNA-seq readouts for perturbation screens a cells knockout
is inferred by knowing which gRNA is present in the cell. However, neither artificial gRNAs nor
the individual components of the bacterial system (tracrRNA and crRNA) contain poly-A tails
and thus were not captured by early droplet-based sequencing technologies. To enable the
assignment the first CRISPR coupled single-cell screens read out a barcode introduced to-
gether with the gRNA (Adamson et al, 2016; Dixit et al, 2016; Jaitin et al, 2016; Xie et al,
2017). However, this method is both technically cumbersome and introduces a potential
source of error due to recombination events mixing up barcodes and gRNAs in pooled cloning

approaches (Hill et al, 2018).

At the start of this thesis project, we explored a different approach. By changing the location
of the gRNA expression locus into the 3’ long terminal repeat (LTR) region of a lentiviral vector
the same region would be transcribed in two different ways. One, started by human U6, a
Type Il RNA-polymerase promoter which results in the typical gRNA directing the Cas9 pro-

tein to the target site. Further upstream, a second promoter, EF-1a, recruits a type Il polymer-
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ase and enables the expression of proteins such as an antibiotic resistance gene. Interest-

ingly, the resulting mRNA extends into the 3’ LTR. Thereby, the whole gRNA locus is tran-
scribed as well into a polyadenylated mRNA and this transcript could be captured by classic
poly-T adaptors. This method, which we published as CROP-seq (Datlinger et al, 2017), allows
straightforward cloning of the gRNA pool and avoids the risk of recombination events leading

to incorrect gRNA assignments.
Further improvements

Since then, the field of single cell sequencing has made, and continues to make, great tech-
nological leaps. Commercialization of droplet-based approaches improved the numbers of
cells that could be analyzed and drastically increased robustness of the workflow (e.g. 10x
Genomics) (Zheng et al, 2017).

Besides overall improvements, new modalities can be sequenced often in conjunction with the
matching transcriptome of the same single cell. These include for example protein information
via staining of cell-surface receptors (Peterson et al, 2017; Stoeckius et al, 2017), internal
proteins (Gerlach et al, 2019; Reimegard et al, 2021; Rivello et al, 2021), TCR or BCR variable
regions (Azizi et al, 2018; Neal et al, 2018), or epigenetic information (Angermueller et al,
2016; Hou et al, 2016; Hu et al, 2016).

The concept to read out gRNA transcripts directly was taken further and methods established
to directly capture the actual polymerase type Il transcribed gRNA via the introduction of a
specific capture sequence for 3’ based sequencing methods (Replogle et al, 2020) and via
gRNA backbone specific reverse transcription primers in combination with 5’ sequencing
(Mimitou et al, 2019; Replogle et al, 2020). In our experience, the switch from 3’ capture to &’
capture improved the UMI count of gRNAs 10-100-fold, allowing better discrimination of true

signal to noise.
Quality in, quality out

With the improvement of single cell sequencing readouts enabling more complex setups an-
other consideration concerns the transduction and editing efficiency affecting the quality of
each cell and overall “usability” for the planned analysis. Cells that do not contain gRNAs can
reliably be excluded either via antibiotic treatment (in case the gRNA containing vector in-
cludes resistance to the antibiotic) or via exclusion FACS sorting (for a co-transduced fluores-
cent marker gene). A trickier aspect, however, are cells that contain multiple gRNAs. Apart
from specialized research questions, combinations of knockouts are often avoided. Combined
effects of multiple knockouts can lead to a number explosion of cells needed to be analyzed
to gain statistical significance and thus trust in the conclusions, whereas to identify singular

knockout effects it is prudent to minimize the number of double strand breaks per cell. For the
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transduction of amplicon screens an MOI around 0.3 (Bock et al, 2022; Joung et al, 2017) is
recommended, whereas for single cell screens an MOI of 0.1 is often used to further reduce

the chance of cells transduced with more than 1 gRNA. At this MOI the theoretical probability

that a cell is infected with 1 gRNA is ~9%, and the probability that a cell is infected with 2 or

more gRNAs is ~0.5% (see Equation 1). Thus, by first selecting for cells that contain gRNAs

and only using those as input to a single cell screen, we can expect that ~5% of the resulting

cells will be infected by multiple gRNAs.

1.6.2 Assumptions and considerations

While these numbers are easy to calculate and can be reasonably well dialed in, they work
with the underlying assumption that all cells in culture have the same transduction rate. The
more heterogeneous the cell population at the time of transduction is, the more care needs to
be taken that this assumption is reasonably satisfied. Dilution curves with subsequent FACS
or qPCR/droplet PCR-based quantification of overall transduction efficiency can serve as a
valuable preliminary experiment. Otherwise, once the technical aspect of gRNA assignment
is optimized, a small-scale single cell screening experiment can empirically reveal how the

distribution of gRNAs in the respective cell line looks at a certain point of the experiment.

However, having a gRNA within a cell does not guarantee a perturbation of the cell. gRNA
mediated knockouts generally work via the induction of double strand breaks. These get re-
paired by the cell’s repair machinery and often lead to frameshifts, generally eliminating the
function of the protein (see section Double-strand breaks and targeted genome editing). Nev-
ertheless, the chance is given that either no frameshift occurs or if the gRNA is placed on the
beginning or end of a gene that a truncated version is created which may continue most of the
original protein’s function. These issues are considered with better prediction algorithms cre-
ating gRNA sequences, such as the VBCscore (Michlits et al, 2020) which preferentially aims
to cut hydrophobic sequences. This ensures, that in absence of a frameshift event, the codon
for a hydrophobic amino acid is mutated to a different sequence. This often results in hydro-
philic amino acids which in turn decrease protein stability and have a higher chance to disrupt

protein structure and hence function all together.

The alternative to avoid dependency on DNA-damage repair are CRISPRI screens which can
lead to very low levels of expression comparable to knockout screens (Sanson et al, 2018) in
a more uniform way amongst target cells. Generally though, the best target site to downregu-
late a gene’s expression is harder to predict, which either requires more cells to be screened
with various gRNAs, or multiple gRNAs targeting the same promoter of a gene need to be
introduced via more complex gRNA vectors within the same cell (hit the same gene locus at

multiple sites simultaneously). Furthermore, a knockdown of certain proteins might not be
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enough to ascertain the function, such as can often be seen with transcription factors or solute
carrier proteins where even a relatively small number of correct proteins per cell can maintain

basic functions or where redundancy in function exists between proteins (Hoja et al, 2016;
Trescher & Leser, 2019).

Apart from methods addressing the experimental side, there are analytical strategies to miti-
gate the effect of unperturbed cells creating noise. One such strategy is Mixscape (Papalexi
et al, 2021) which determines for each gRNA assigned cell how different it is to the neighboring
cells containing non-targeting control gRNAs. In this way it calculates a perturbation score for
each cell allowing the binary discrimination into perturbed and non-perturbed cells. Thereafter,
downstream analysis can be done only on classified perturbed cells and thus result in cleaner
signals. However, this is a method of post-hoc removal of cells that have already been paid
for, meaning money was spent that could have otherwise contributed to greater insights by
prior experimental reduction of “unperturbed cells”. Furthermore, as we show in our paper
((Traxler et al, 2025), see results section) for Csf1r and Fcgr1 a genetic perturbation can still
lead to the respective protein knockout (CD115 and CD64 respectively) yet without any func-
tional consequence for the cell in the particular context. A more in depth look at “un-/perturbed”
is taken in the discussion. While financial constrains must be kept in mind, the first genome-
wide screens have been performed by homing in on expressed genes within the respective
cell line (Replogle et al, 2022). Furthermore, the field rapidly evolves, and technological im-
provements promise the analysis of millions of cells per sample with relative ease (Brown et
al, 2024; Clark et al, 2023; Datlinger et al, 2021).

1.6.3 General considerations for setting up a screen:
Setting up a screen can be broken down into the following components:

a) Cell handling: how well can a near homogeneous population of cells be kept (i.e.
maintain equal chance for each cell).

b) Gene editing: how to achieve a high perturbation rate while avoiding doublets (i.e.
one cell contains only one perturbation).

c) Selection: how to select for high quality, single cells (i.e. be as cost/resource efficient
as possible)

d) Controls: careful thought about the amount and types of positive and negative con-
trols

e) Screen depth vs width: how many gRNAs/cells per perturbation target gene/locus

f) Sequencing depth: how much information to recover per cell
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g) Type of readout: which workflows are robustly established and add valuable data,
which are experimental and provide novel perspectives: e.g. transcriptome, cell-sur-

face proteome, chromatin accessibility, DNA sequence.

The considerations for a-c) can and are often experimentally optimized beforehand and re-
main useful for validation experiments after a successful screen. Note should be taken to
choose a timepoint early on when transcriptomic changes for the studied effect/function are
starting or are fully activated. Consequently, effects like cell death or other strong stresses
have not been initiated and thus high-quality transcriptomes can be expected for each per-
turbed cell (compared to classic amplicon screens often requiring changes in cell number in-

duced by the “selective pressure” aimed for in the setup).

Regarding point d) about controls, a classic negative control often used are non-targeting
gRNAs. These are of the same length as their homing equivalent but with a sequence not
found in the genome of the cell of interest. As concerns arose, around the lack of perturbation
stress (e.g. double-strand breaks and subsequent DNA repair mechanisms) some opt to target
safe-harbor loci, regions of the genome expected to lead to no biological effects in the exper-
imental model. Examples are Y-chromosomal genes and olfactory receptors (Gilbert et al,
2014) or regions without annotated functions (Morgens et al, 2017). Either way it is important

to remain vigilant regarding the type of assumptions underlying each choice.

Positive controls are more elusive in single-cell screening contexts. Essential gene perturba-
tions, as have often been used in amplicon-based screens (Wang et al, 2015), are mostly
unsuitable as they either will not present in sufficient depth in the readout or otherwise, may
be considered as a failed control. However, in most cases certain genes are already known in
the field to lead to specific transcriptomic changes without drastically affecting the number of
cells in the given time frame (e.g. JAK-STAT members in immune response experiments).
When combining transcriptome with cell-surface protein readout we found it useful to perturb
some of the proteins included in the antibody panel to look for the respective change in the

target’s cell-surface availability, irrespective of more widespread cellular changes.

Question e) about how many cells are needed per target is the most challenging to answer as
it depends on the efficiency of many different steps. Furthermore, any effects not observed
may be due to insufficient sensitivity. Thus, conclusions about observed perturbation effects
are more robust than extrapolations based on a lack of observed effects of a given target. To
establish a screen in a new cellular model without any reasonable (screening) single cell data
a useful recommendation is to perform a small preliminary screen with the most valuable con-

trols and many different conditions. To keep costs low, cell hashing can help to test multiple
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workflows in a single sequencing “sample” (e.g. a single 10x reaction containing multiple cell-

samples labeled with a different oligo nucleotide specific to that cell sample).

Point f) is the sequencing depth and related to ), often a shallow depth can be used to identify
the strongest hits for future follow up. However, deeper sequencing of each cell may make the
dataset more interesting as subtle changes in transcriptome may be revealed in far more per-
turbations. Thus, both increasing cells-per-target and depth-per-cell can aid in characterizing
target effects. A rule-of-thumb recommendation we utilized for the results discussed below
and similar studies was to aim for 100 cells post quality control per target gene (e.g. 4x gRNAs
for every 25 cells hitting the same gene). These numbers provide a momentary recommenda-
tion and are expected to change favorably in the near future with improvements in all areas

contributing towards performance.

Lastly, point g) addresses the types of information gathered to ascertain gene perturbation
effects. Transcriptome sequencing became more and more robust and commercial protocols
exist to combine it with cell-surface protein analysis and VDJ recombination status. Similarly,
modalities such as intracellular protein (Gerlach et al, 2019; Mimitou et al, 2021; Reimegard
et al, 2021) or chromatin accessibility (De Rop et al, 2024) have been demonstrated to work
as well. At the time of writing, they may require more experimental expertise to set up, yet are

expected to benefit similarly from optimization efforts.
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1.7 Aims of this thesis:

The focus of this thesis project was on optimizing, applying, and evaluating state of the art

technologies in CRISPR perturbation and single cell sequencing methods.

1.7.1 Aim I: Optimization and application of pooled CRISPR perturbation screens with combined single-

cell transcriptome and CITE-seq read out in a macrophage model

From the onset of this thesis the ability to perform functional CRISPR perturbation screens
was a major technical goal to first achieve (soon realized with the author’s contribution to
(Datlinger et al, 2017)) and further optimize and upgrade with the ever-growing technological
advancements of the field. A stated milestone of this thesis was to achieve a robust workflow
applying CROP-seq with combined single cell transcriptome and CITE-seq readout to a bio-

logical question of macrophage biology.

1.7.2 Aim II: Analysis of dynamic epigenetic potential and relative transcriptional abundance in macro-

phage activation elicited by diverse immunological stimuli

Macrophages and the innate immune response have served as a valuable model of stimulus-
driven transcriptional response with remarkable insights to the interplay of various epigenetic
mechanisms such as CpG island methylation and dynamic histone marks (Ramirez-Carrozzi
et al, 2009). Aim Il of our study was to add to the growing list of generated systems data by
establishing a high-quality dataset of transcriptome and chromatin accessibility from a single
experiment of in vitro differentiated macrophages in response to a broad range of immunolog-

ical stimuli and provide an integrated analysis of both data modalities.

1.7.3 Aim lll: Characterization of key transcriptional requlators of macrophage homeostasis and im-

mune response by combining descriptive and functional approaches

Transcriptional regulators and especially epigenetic modifiers provide a promising leverage
point in various disease settings. Hence, Aim Il of this study was to characterize a broad
range of transcriptional regulators by combining multimodal descriptive and functional meth-
ods to investigate their contribution to homeostasis and selected time points of macrophage

response to a complex immune stimulus.
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CHAPTER TWO: Results

2.1 Prologue

In order to accomplish the outlined aims of this thesis project we adapted the CROP-seq
method (Datlinger et al, 2017), in essence a pooled CRISPR knockout screen combined with
single cell RNA-seq readout. It relies on a lentiviral delivery vector for gRNAs expressing a
continuous mMRNA transcript which encodes the gRNA sequence itself into the polyadenylated

RNA making a direct readout with common 3’-based single-cell readouts possible.

After this first version, various optimizations were tried to increase the perturbation properties
and efficiencies of the CRISPR-Cas9 system and the single cell read out performance, in
particular, the ability to assign single guide RNAs per each cell robustly. Incorporating major
advancements in the field (specifically highlighted here are three works: Direct-seq (Replogle
et al, 2020), CITE-seq (Stoeckius et al, 2017) and Mixscape (Papalexi et al, 2021)) enabled
us to reach the milestone stated in Aim I, a robust workflow with combined transcriptome and

cell surface protein read out.

Combining this method with our expertise in executing complex in vitro assays with next gen-
eration sequencing workflows we chose to apply and combine multimodal readouts to assess
epigenetic potential (Krausgruber et al, 2020) in a dynamic setting and perform integrated
analysis to better understand the interplay and fulfill Aim Il. We chose the relatively estab-
lished innate immune response in macrophages due to the ability to apply methods both in
cell lines, ex vivo differentiating and differentiated cells, and enable future work in already
established constitutively Cas9-expressing mouse models (Chu et al, 2016; Platt et al, 2014).
Working with macrophages allowed us to compare and benchmark our results on a technical
level with excellent works in dendritic cells such as (Dixit et al, 2016; Jaitin et al, 2016), while

providing novel biological insights with potentially broad therapeutic implications.

Specifically, in line with Aim lll, we chose transcriptional regulators with a heavy focus on
epigenetic modifiers for the screen, as these were implicated to be involved in a majority of
transcriptional regulatory processes. Furthermore, compared to transcription factors, they are
generally seen as “druggable” (Ganesan et al, 2019), that is, amenable to therapeutic inter-
vention with small molecule drugs. As such, this study was conducted to provide a robust
single-cell perturbation screen protocol, high-quality multimodal data, an integrated analysis

workflow and novel biological insights.

These three aims culminated in the publication ((Traxler et al, 2025), included below), where

we generated a dense time series of macrophage response to 6 selected immune stimulants
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with bulk RNA-seq and ATAC-seq readout within the same experiment. The resulting data

was ideally suited for integrated analysis of both modalities, revealing dynamic response reg-
ulons. We followed up the most complex of our immune stimulants , treatment with live Listeria
monocytogenes, and applied genetic perturbation screening to investigate the contribution to
transcriptional regulation of over a hundred target genes. Ultimately, we described novel tran-
scriptional regulators and mapped their function back to the newly identified response regu-

lons.

2.1.1 PDF of the paper: Integrated time-series analysis and high-content CRISPR screening delineate the

adynamics of macrophage immune regulation

The PDF version of this article is reprinted from the journal Cell Systems where it is pub-
lished under the Creative Commons CC-BY license’ which permits reuse of the article®.
Supplementary information is available on https://www.cell.com/cell-systems/fulltext/S2405-
4712(25)00179-6#supplementary-material.

7 Creative Commons Attribution 4.0 International, https://creativecommons.org/licenses/by/4.0/ (ac-
cessed 09.09.2025)

8 CCC RightsLink, https://s100.copyright.com/AppDispatchServlet?publisherName=ELS&conten-
tID=82405471225001796&orderBeanReset=true&orderSource=Phoenix (accessed 09.09.2025)
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SUMMARY

Macrophages are innate immune cells involved in host defense. Dissecting the regulatory landscape that en-
ables their swift and specific response to pathogens, we performed time-series analysis of gene expression
and chromatin accessibility in murine macrophages exposed to various immune stimuli, and we functionally
evaluated gene knockouts at scale using a combined CROP-seq and CITE-seq assay. We identified new roles
of transcription regulators such as Spi7/PU.1 and JAK-STAT pathway members in immune cell homeostasis
and response to pathogens. Macrophage activity was modulated by splicing proteins SFPQ and SF3B1, his-
tone acetyltransferase EP300, cohesin subunit SMC1A, and mediator complex proteins MED8 and MED14.
We further observed crosstalk among immune signaling pathways and identified molecular drivers of path-
ogen-induced dynamics. In summary, this study establishes a time-resolved regulatory map of pathogen
response in macrophages, and it describes a broadly applicable method for dissecting immune-regulatory
programs through integrative time-series analysis and high-content CRISPR screening. A record of this pa-
per’s transparent peer review process is included in the supplemental information.

INTRODUCTION

Innate immunity is critical for protecting the body against patho-
gens. Macrophages are among the firstimmune cells to respond
to invading pathogens, which they sense via pattern recognition
receptors.’ Detection of pathogen-associated molecular pat-
terns (PAMPs) activates signaling cascades and transcriptional
regulators such as NF-xB, IRF, and AP-1. These regulatory pro-
teins orchestrate expression of their target genes over the
course of the pathogen response and during the subsequent re-
turn to homeostasis. Co-expressed target genes are often
referred to as “regulons” and constitute key components of
the pathogen response in macrophages and other immune cells.

Type | interferons (IFN-I), especially IFN-B, are mediators of
the early innate immune response that is triggered by pattern

L)

recognition receptors. These interferons are produced by
macrophages in response to pathogen encounter, and the
secreted interferons are sensed by interferon alpha receptors
(IFNARs) in an autocrine and paracrine manner, resulting in
activation of the JAK-STAT pathway. STAT transcription fac-
tors then induce rapid upregulation of the well-known group
of interferon-stimulated genes (ISGs), which have many bio-
logical roles, including host defense and pathogen clearance.”
In parallel, secreted IFN-I establishes an antiviral state in
surrounding cells and promotes inflammation together with
additional secreted cytokines, which further contributes to
effective pathogen control.**

This innate immune response is widely studied as a model for
signal-induced and context-dependent gene regulation, which
includes dynamic and combinatorial effects of transcription

s Cell Systems 16, 101346, August 20, 2025 © 2025 The Author(s). Published by Elsevier Inc. 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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factors,”® histone modifications and chromatin accessi-

bility,>°~'? Pol Il pausing and elongation,'®'* higher-order chro-
matin confirmation changes,'* and mRNA splicing and degrada-
tion.>'® The transcriptional dynamics in immune-challenged
macrophages include activation of primary response genes,
which are predisposed for activation and are rapidly upregulated
upon stimulation, and of secondary response genes, which
require preceding protein synthesis in order to be transcribed
at high levels.”'*'®

Utilizing genetically encoded pathogen recognition and
signaling, innate immune cells can induce pathogen-specific tran-
scriptional responses.’ Several studies investigated timelines of
the transcriptional response to infection signals such as PAMPs
and cytokines, both in macrophages and in dendritic cells,®'"~'°
and they mapped the associated changes in the chromatin and
the epigenome.” %% To further dissect the regulatory landscape
of the macrophage pathogen response, here we combined dense
time-series analyses of transcription and chromatin accessibility
with systematic genetic perturbation of putative immune regula-
tors through high-content CRISPR screens.”’'

Specifically, we analyzed multi-omics time series of murine
macrophages that we exposed to pathogens and infection-linked
stimuli, and we evaluated perturbations of key regulators using
the CROP-seq method for high-content CRISPR screening®
(Figure 1A). Macrophages were treated with infectious bacteria
(Listeria monocytogenes, Listeria), viruses (lymphocytic choriome-
ningitis virus, LCMV), UV-irradiated fungi (Candida albicans,
Candida), bacteria-associated PAMPs (lipopolysaccharide,
LPS), and interferons (IFN-p and IFN-y), and we profiled gene
expression by RNA sequencing (RNA-seq) and chromatin
accessibility by ATAC-seq for six time points per stimulus over
the first 24 h following stimulation. We performed integrative
analysis of all data and identified both pathogen-specific and
shared regulons involved in the response to the six stimuli. Finally,
we functionally characterized the identified regulons in the
response to Listeria treatment using CRISPR perturbation screens
with single-cell RNA-seq readout.

In summary, we devised a high-throughput approach for dis-
secting immune regulation and applied it to macrophages that
we exposed to pathogens and infection-linked stimuli. We
observed important roles of transcription regulators such as
Ep300, Sfpq, Sf3b1, Smc1a, and members of the mediator com-
plex, and we established a time-resolved and perturbation-vali-
dated map of the regulatory programs that underlie the macro-
phage response to Listeria.

RESULTS

Time-series profiling uncovers dynamic transcriptome
and chromatin landscapes in response to six stimuli

To chart the immune-regulatory landscape of macrophages, we
exposed primary bone-marrow-derived macrophages (BMDMs)
to six immune stimuli, including infectious pathogens, pathogen-
derived stimuli, and pro-inflammatory cytokines. We established
dense time series of gene expression (by RNA-seq®) and chro-
matin accessibility (by ATAC-seq”*°) with time points at 0, 2, 4,
6, 8, and 24 h to resolve the gene-regulatory dynamics of both
the primary and secondary responses triggered by each stimulus
(Figure 1A).
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The signaling properties of these six immune stimuli are well
established and reflect a broad spectrum of the regulatory
processes involved in the macrophage response to pathogens.
Listeria is sensed by toll-like receptor 2 (TLR2) and intracellularly
by cytosolic Nod-like receptors and the DNA sensor cGas,
which signals via STING.?® LCMV induces intracellular signaling
by the RNA sensors RIG-I and MDA5.?’ Candida is sensed
mainly by Dectin-2°° and by certain toll-like receptors (TLRs).
LPS, a key component in the bacterial membrane of gram-
negative bacteria, is detected by TLR4, and the signal transduc-
tion is mediated by the MyD88 and TRIF pathways.”* Interferons
are sensed by specific interferon receptors and signal via
STAT1-STAT2-IRF9 complexes (which are dominant for IFN-I,
including IFN-p) and via STAT1-STAT1 homodimers (which are
dominant for the type Il interferon IFN-y).°

We generated RNA-seq and ATAC-seq profiles for 31 condi-
tions (5 post-treatment time points for each of the 6 stimuli,
plus untreated cells as a shared control), with two biological rep-
licates for each condition. The data quality was high across all
samples (Tables S1 and S2). Genes and genomic regions known
to be activated by the immune stimuli showed the expected re-
sponses. For example, the Cd69 locus displayed increased
chromatin accessibility and gene expression in response to Lis-
teria, LPS, and interferons (Figure 1B), while Candida caused
increased chromatin accessibility and gene expression for
Prdm1 (at 2 h) but not for CD69 (Figure S1). Genome browser
tracks for all genes are provided on the supplementary website
(http://macrophage-regulation.bocklab.org).

To assess the time-series dynamics of macrophages re-
sponding to each of the six stimuli, we performed unsupervised
dimensionality reduction separately for the RNA-seq and
ATAC-seq profiles (Figures 1C and S2A). Two main trajectories
emerged, which were consistent across the two modalities.
Starting from untreated macrophages, the first trajectory was
characterized by a pronounced interferon response, while the
second trajectory was linked to pathogens. IFN-p and IFN-y
treatment resulted in transcriptional changes that were similar
at the 2-h time point (Figure 1C) but later diverged (in particular
in the ATAC-seq data), indicating partially distinct regulatory
programs. The pathogen trajectory showed a more gradual
pattern with the most pronounced effects after 4 to 6 h of stim-
ulation by Listeria or LPS. For LCMV, we observed a clear
response only at the 24-h time point, which followed the path-
ogen trajectory with a delay compared with Listeria and LPS.
Finally, treatment with UV-irradiated Candida resulted in initial
changes along the pathogen trajectory followed by a return to
homeostasis (Figure 1C).

To investigate the regulons (identified by co-expressed gene
sets) that control the macrophage response to pathogens, we
determined the differentially expressed genes and differentially
accessible regions for each stimulus and time point relative to
untreated macrophages (Tables S1 and S2). We then clustered
all genes and genomic regions with statistically significant differ-
ences in at least one condition and visualized their time-series
dynamics as heatmaps (Figure 1D). The results supported our
observations from the unsupervised analysis (Figure 1C): (1)
interferon and pathogen responses were characterized by diver-
gent trends for both gene expression and chromatin accessi-
bility, (2) the IFN-p and IFN-y responses were highly similar after
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Figure 1. Time-series profiling uncovers dynamic transcriptome and chromatin landscapes in macrophages responding to six stimuli

(A) Schematic outline of the experimental and analytical approach. Macrophages were differentiated by M-CSF addition from murine bone marrow and treated
with immune stimuli in two biological replicates. RNA-seq and ATAC-seq profiling were performed at six time points, and high-content CRISPR screening was
performed using a combined CROP-seq and CITE-seq assay.

(B) Genome browser tracks depicting chromatin accessibility (top) and gene expression (bottom) at the CD69 locus (the promoter is on the right and the direction
of transcription is from right to left) over time across stimuli (colored) and in untreated controls (gray). Noteworthy changes are highlighted by boxes.

(C) Unsupervised uniform manifold approximation and projection (UMAP) representation of all gene expression (left, RNA-seq; GEO: GSE263759; 64 samples)
and chromatin accessibility profiles (right, ATAC-seq; GEO: GSE263758; 78 samples). Stimuli are color-coded, time points are denoted by circle size, and arrows
indicate shared trends. Boxes highlight the similarity of the IFN-p and IFN-y responses at the 2-h time point.

(D) Differential gene expression (left) and chromatin accessibility (right) comparing each stimulus and time point (columns) to the untreated controls, visualized as
hierarchically clustered heatmaps of effect sizes for statistically significant genes and genomic regions (rows), annotated with summarized results of gene set
enrichment analyses.

2 h but subsequently diverged, and (3) LCMV treatment induced
a late response that followed the early transcriptional response
observed for Listeria and LPS.

For each of the six stimuli, more genes were downregulated
than upregulated (Figures 1D and S2B). Stimulation-upregulated
genes were enriched for immunological processes such as
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response to interferon and TNF-a, bacterial defense, and the
signaling cascade driving IFN-p production (this included Sting1,
Ddx58, and Irf7). By contrast, downregulated genes were en-
riched for general metabolic processes and regulation of the cell
cycle, indicative of cell-intrinsic reorganization and downregula-
tion of energy-consuming maintenance processes in favor of
pathogen defense.®’ Other enrichments were specific to certain
stimuli (Figure 1D). For example, genes with higher expression
upon IFN-f than IFN-y treatment were enriched for IFN-I signaling,
and genes activated more strongly by stimulation with Listeria
than with LPS were enriched for gene functions such as negative
regulation of viral genome replication and apoptotic processes
and cellular response to Gram-positive bacteria (Table S1).

By contrast, chromatin accessibility was preferentially incre-
ased upon stimulation (Figures 1D and S2B). This was in part
because many downregulated genes maintained high levels of
chromatin accessibility, suggesting that the downregulation
was temporary. For the upregulated immune genes, increased
levels of gene expression often coincided with enhanced chro-
matin accessibility (Table S2), likely fostered by active chromatin
remodeling. Consistently, genomic regions with increased chro-
matin accessibility upon stimulation were linked to genes with
known roles in the response to pathogens, in inflammation, IFN
response, mitogen-activated protein kinase (MAPK) signaling,
and NF-kB signaling.

In summary, our comparative analysis of the macrophage
response to pathogens and infection-linked stimuli revealed
stimulus-specific changes as well as shared regulatory pro-
cesses. Gene expression and chromatin accessibility followed
globally consistent trends. Nevertheless, many individual genes
underwent changes only in their gene expression (especially for
genes with chromatin-accessible promoters already at baseline)
or only in their chromatin accessibility profiles, underlining that
chromatin accessibility is not a simple correlate of gene expres-
sion levels.

Quantitative analysis of gene expression and chromatin
identifies shared and specific biological programs

To characterize the regulatory dynamics for each of the six
stimuli, we identified all genes and genomic regions with pro-
nounced changes over the time course, and we applied k-means
clustering to their temporal profiles (Figures 2A and 2B). We
observed the most pronounced changes in response to Listeria
and LPS treatment, with more than 3,000 affected genes and
more than 11,000 affected genomic regions per stimulus, which
formed muiltiple clusters with distinct regulatory dynamics. The
least pronounced responses were observed for Candida and
LCMV, which affected several hundred genes and close to
2,000 genomic regions. Finally, interferon treatment caused re-
sponses of intermediate strength and complexity, which were
generally more pronounced for IFN-f than for IFN-y.

Over the time course (Figures 2C and 2D), Candida treatment
caused rapid upregulation of one gene cluster and slower down-
regulation of a second cluster, both of which returned to homeo-
static expression levels within 24 h. The effect of Candida treat-
ment on chromatin accessibility comprised five clusters with
distinct trajectories, which also returned to their homeostatic
levels within 24 h. We thus conclude that UV-irradiated Candida
triggers an acute response that is rapidly reigned in and does not
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leave an epigenetic or transcriptional memory among the
affected macrophages. By contrast, treatment with IFN-p or
IFN-y caused changes in gene expression and chromatin acces-
sibility that were established more slowly (typically reaching their
most extreme levels after 6 to 8 h) but firmly persisted at the 24-h
time point. The LCMV-induced response followed the least com-
plex trajectory, with one cluster going down and one cluster (for
gene expression) or two clusters (for chromatin accessibility)
going up at the 24-h time point. Finally, treatment with Listeria
and LPS induced diverse changes in both gene expression
and chromatin accessibility, with some clusters showing a rapid
response and subsequent return to homeostatic levels, while
others peaked after 6 to 8 h and remained altered beyond the
end of the time course.

To investigate the biological roles of the identified gene clus-
ters, we annotated each cluster by gene set enrichment analysis
(Figures 2E and 2G; Table S1). The enrichments fell into two main
groups: immune signaling and basic cell functions. The first
group of enrichments comprised genes involved in interleukin
signaling, TNF signaling, and other immune signaling pathways.
The corresponding gene clusters were strongly upregulated in
response to LPS, LCMV, and Listeria but mostly returned to ho-
meostatic levels within 24 h. The second group of enrichments
comprised genes involved in cell cycle and metabolism. These
gene clusters were downregulated in response to Listeria and
LPS and upon treatment with IFN-p (but not IFN-y). This tempo-
rary reduction of basic cell functions in macrophages thus ap-
peared to be specific to the type-I IFN response triggered by
IFN-B, Listeria, and LPS.

We performed a similar analysis also for genomic regions
with differential chromatin accessibility over the time course
(Figures 2F and 2H; Table S2), and we observed broad enrich-
ment for putative regulatory regions associated with cellular im-
mune responses, interferon signaling, and antigen presentation.
The temporal dynamics varied widely, with an IFN- cluster that
peaked at 2 h and an LCMV cluster that peaked at 24 h. We also
identified two very similar clusters for IFN-p and IFN-y treatment
that were characterized by rapid loss of chromatin accessibility
within 2 h of stimulation, followed by swift recovery. These clus-
ters did not show any distinctive enrichments, but both included
regions associated with well-known immune genes such as
Ifitm10 (an ISG), the immune signaling receptor gene Tgfbr1,
the transcriptional coactivator gene Cited2 (modulating inflam-
matory responses), and Cdk18 with its role in cell migration
and adhesion crucial for immune cell trafficking.*”

In summary, we identified diverse responses to the six immune
stimuli, with characteristic temporal dynamics in gene expression
and chromatin accessibility. A recurring theme was the rapid acti-
vation of immune-related programs accompanied by transcrip-
tion-only downregulation of cell maintenance programs (which
was more pronounced for IFN-f than for IFN-y). We observed little
loss of chromatin accessibility among the downregulated cell
maintenance programs, suggesting that these genes preserve
their potential for swift transcriptional reactivation.

Macrophages upregulate genes with pre-established
epigenetic potential while repressing cell cycle genes
To dissect the interplay of epigenetic and transcriptional regula-
tion in the pathogen response, we combined all RNA-seq and
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Figure 2. Quantitative analysis of gene expression (top) and chromatin accessibility (bottom) identifies shared and specific programs

(A and B) Bar plots showing the composition of time-series clusters for gene
differential genes or genomic regions per stimulus.

expression (A) and chromatin accessibility (B), ordered by the total number of

(C and D) Mean effect sizes of gene expression (C) and chromatin accessibility (D) for each cluster and stimulus over the time course.

(E and F) Hierarchically clustered heatmaps of enrichment analyses (based on

the hypergeometric test) for clusters of genes (E) and genomic regions (F).

(G and H) Line plots showing mean effect sizes over the time course for clusters of genes (G) and genomic regions (H) with similar enrichments across stimuli.

ATAC-seq profiles in a gene-centric analysis (Figure 3A). This
integrated dataset allowed us to test the hypothesis that rapid
transcriptional upregulation exploits a pre-established “epige-
netic potential” at certain genes (i.e., presence of open chro-
matin in excess of the gene’s observed transcriptional activity°),
asiillustrated by Prdm1 (Figure S1). By contrast, the upregulation
proceeded more slowly for genes that lack such epigenetic
potential. For example, Tmem26 and Ifnb1 peaked only after
4 h of stimulation with Listeria (Figure S3). Both LPS and Listeria
led to increased promoter-associated chromatin accessibility
(which is indicative of elevated epigenetic potential of their
target genes), but often only Listeria induced transcriptional
upregulation at those genes with open promoters (which is

indicative of the realization of pre-established epigenetic poten-
tial for those genes).

To combine and compare gene expression and chromatin
accessibility in a single analysis, for each gene, we quantified
its expression level (based on RNA-seq) and the chromatin
accessibility of its promoter region (based on ATAC-seq). We
then performed normalization and batch effect correction to
remove modality-specific differences. Unsupervised analysis of
the resulting integrated time-series dataset confirmed the trends
and trajectories observed in our separate analyses of gene
expression and chromatin accessibility (Figure 3A). The first
trajectory captured the response to interferon treatment, further
segregating into two arms reflecting IFN-p and IFN-y treatment,
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Figure 3. Macrophages upregulate genes with pre-established epigenetic potential while repressing cell cycle genes in response to Listeria
(A) Schematic outline (left) and unsupervised UMAP representation (right) of the integrated RNA-seq and ATAC-seq data after normalization and batch correction
(142 samples). Stimuli are color-coded (outer circles), time points are denoted by circle size, and data modality is indicated by red (chromatin accessibility) or blue
(gene expression) central dots.

(B) lllustration of the concepts of epigenetic potential and relative transcriptional abundance (left) and scatterplot of gene expression (y axis) and chro-
matin accessibility (x axis) among the untreated controls (right). Genes identified as divergent (i.e., gene expression is substantially higher or lower than
expected based on chromatin accessibility of the gene promoter) are highlighted in red (epigenetic potential) and blue (relative transcriptional abundance).
(C) Scatterplot of gene expression and chromatin accessibility across all time points in response to Listeria treatment, with labels highlighting divergent genes in
the untreated controls (as shown in B).

(D) Bar plot showing the composition of time-series clusters (left) and mean temporal changes (right) in the relationship between gene expression and chromatin
accessibility in response to Listeria treatment.

(E) Clustered temporal changes over the time series (left) and gene set enrichments (based on the hypergeometric test) for the identified clusters (right).

(F) Hierarchically clustered heatmap of the top five transcription factor motif enrichments of each cluster of divergent genes in response to Listeria treatment.
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and the second trajectory corresponded to treatment with
PAMPs and infectious pathogens.

While the time-series dynamics were generally consistent
between the two modalities, we identified individual genes with
gene expression levels that diverged from their promoter-
associated chromatin accessibility. Some genes had higher
chromatin accessibility than expected based on their gene
expression, indicating an unrealized epigenetic potential for
rapid transcriptional upregulation. Others exhibited higher gene
expression than expected from their promoter-associated
chromatin accessibility, suggesting a “relative transcriptional
abundance,” which we define as transcription levels that exceed
those typically seen in genes with similar promoter accessibility
(Figure 3B; Table S3). For example, Listeria treatment triggered
rapid upregulation of gene expression well beyond the
observed changes in chromatin accessibility for genes such as
Prdm1 (a negative regulator of ISG expression also known as
BLIMP1), Ifitm10 (encoding an interferon-inducible transmem-
brane protein), RAS family member Rasgrp1, proto-oncogene
Mycl, and chemokine-encoding gene Cxcl3 (Figure 3C). By
contrast, we observed lower expression than expected based
on chromatin accessibility for genes such as Pacsin1 (a regulator
of IFN-I response), apolipoprotein family member Apol9a, and
chemokine-encoding genes Cxc/9 and Cxcl/11. These genes re-
tained some epigenetic potential after 2 h of Listeria exposure
but transitioned to relative transcriptional abundance at later
time points. Similar analyses for the other stimuli are provided
in the supplement (Figure S4; Table S3).

To investigate the temporal dynamics of divergent genes (i.e.,
gene expression is significantly higher or lower than expected
based on the chromatin accessibility of the gene promoter), we
quantified the effect sizes of these deviations such that positive
values correspond to lower-than-expected gene expression
(epigenetic potential) and negative values correspond to
higher-than-expected gene expression (relative transcriptional
abundance), while a value of zero indicates full consistency of
gene expression and chromatin accessibility. When clustering
these temporal profiles separately for each of the six stimuli,
we identified up to seven gene clusters with different dynamics
across the six stimuli (Figure S5; Table S3). The most diverse re-
sponses were observed for Listeria infection, prompting us to
pursue an in-depth analysis of the corresponding time series.

For Listeria infection, two clusters of genes started the time
course with unrealized epigenetic potential, while baseline tran-
scriptional abundance was detected for three clusters, and for
the remaining two clusters, gene expression and promoter chro-
matin accessibility were highly consistent with each other
(Figure 3D). Within 2 h after treatment with infectious Listeria,
all seven of these gene clusters transitioned through a short
phase with high consistency between their gene expression
and chromatin accessibility before proceeding to opposite regu-
latory states characterized by either high relative transcriptional
abundance or strong unrealized epigenetic potential.

Genes in clusters A and B showed high epigenetic potential at
baseline, which was rapidly realized upon Listeria infection and
superseded by strong transcriptional abundance after 6 to 8 h.
At the final time point, this transcriptional abundance had
disappeared for cluster B (due to decreased gene expression),
while it had become even stronger for cluster A (due to a further

MEDICAL UNIVERSITY
OF VIENNA

¢ CellP’ress

OPEN ACCESS

increase in gene expression and decreased chromatin accessi-
bility) (Figures 3D and S5). Both clusters were enriched for
classical immune response genes. Moreover, cluster B was en-
riched for genes involved in stress response, TLR signaling, and
NF-kB signaling, while cluster A was enriched for genes related
to TNF production, nitric oxide synthesis, and major histocom-
patibility complex (MHC) class Il regulation, which are all relevant
for a prolonged antimicrobial immune response (Figure 3E;
Table S3). By contrast, genes in clusters C, E, and G started
from modest transcriptional abundance that quickly evaporated
due to decreased gene expression, followed by a phase with
high epigenetic potential. For clusters C and E, we observed
the return to a balanced state at the final time point, while cluster
G, enriched for genes involved in DNA replication and repair,
further increased its epigenetic potential (retaining its chromatin
accessibility while decreasing transcription; Figure S5), which is
indicative of a sustained memory response. Cluster F, which was
enriched for DNA replication genes, built up epigenetic potential
at the final time point. By contrast, cluster D, which was enriched
for genes involved in phagocytic activity and NF-«xB signaling,
exhibited relative transcriptional abundance at the same
time point.

To dissect the transcription-regulatory basis of the identified
clusters, we performed enrichment analysis for transcription
factor binding motifs in the corresponding gene promoters
(Figure 3F). Both clusters A and B were enriched for binding motifs
of the IRF, STAT, and CEBP transcription factors, which have
well-established roles in immune gene regulation. By contrast,
clusters F and G were enriched for binding sites of the E2F tran-
scription factors, which are key regulators of cell cycle and have
been linked to dynamic gene repression after immune stimula-
tion.® Clusters C, D, and E displayed increased transcriptional ac-
tivity at the later time points (Figures 3D and S5) and were enriched
for genes involved in phagocytosis, lysosome localization, intra-
cellular protein transport, mRNA translation, and NF-«xB signaling
(Figures 3E and 3F). The identified transcription factors are likely to
interact with other regulatory mechanisms (e.g., mRNA stability
and protein translation) in the establishment, maintenance, and
realization of epigenetic potential and relative transcriptional
abundance in the macrophage response to Listeria.

In summary, we observed a characteristic interplay of gene
expression and chromatin accessibility upon Listeria treatment
in macrophages. First, many immune genes initially had high
chromatin accessibility but low expression, carrying an epige-
netic potential that was rapidly realized upon stimulation. Sec-
ond, cell cycle regulators were downregulated while their chro-
matin accessibility remained high, thus retaining epigenetic
potential to restore their homeostatic expression levels after
clearance of the infection. Third, we identified high relative tran-
scriptional abundance and elevated expression of genes with
moderate chromatin accessibility as an alternative and comple-
mentary path to the rapid upregulation of immune genes with
pre-established, unrealized epigenetic potential.

Single-cell CRISPR sequencing functionally dissects
gene regulation in response to Listeria treatment

To complement our time series of macrophage stimulation
(Figures 1, 2, and 3) with a functional dissection of putative
regulators, we performed pooled CRISPR screens using a
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method that combines the single-cell whole-transcriptome
readout of our CROP-seq technology?” with a CITE-seq readout
for 11 macrophage surface marker proteins.®* We validated this
integrated CROP-seq and CITE-seq assay in a targeted screen
of 15 regulatory proteins over the course of Listeria treatment
(Figure 4) and subsequently applied it to characterize the
role of 135 transcription factors and chromatin regulators in the
immune response of macrophages across several time points
(Figures 5 and 6).

Screens were conducted in RAW 264.7 macrophages engi-
neered to express Cas9 (Figure 4A). We delivered the CRISPR
guide RNAs with a lentiviral vector at a multiplicity of infection
of 0.1 to ensure that very few cells receive more than one guide
RNA. Moreover, to mitigate potential autocrine and paracrine
effects of individual CRISPR perturbations within the pooled
screen, the guide RNA-expressing cells were co-cultured
together with ~90% untransduced cells, which provide a
consistent cellular context for the genetically engineered cells
throughout the screen. Consequently, our pooled screen fo-
cuses on cell-intrinsic effects of the perturbed transcriptional
regulators while diluting out non-cell-intrinsic effects such as
altered cytokine secretion. The cells were challenged with Liste-
ria in the same way as in the time course experiments and
collected at three time points: O (prior to Listeria treatment), 2,
and 6 h. Successfully transduced cells were purified via fluores-
cence-activated cell sorting (FACS) (including those expressing
non-targeting guide RNAs, which were used as controls) and
subjected to single-cell RNA-seq with specific enrichment for
the guide RNAs that identify the CRISPR perturbations as part
of the single-cell transcriptomes (Figure S6A).

In this proof-of-concept screen, we knocked out regulatory
genes involved in Listeria infection (Rela/p65), endogenous
interferon response (Jak1, Tyk2, Stat1, Stat2, and Irf9), macro-
phage differentiation (Spi1, Csf1r, and Irf8), epigenetic regulation
(Ep300, Hdac6, Kdm1b, and Kdm6b), and cell stress response
(Jun and Creb1). Each gene was targeted with four different
guide RNAs, and we included 10% non-targeting guide RNAs
as controls (Table S4). In addition to the single-cell transcriptome
readout and the sequencing of expressed guide RNAs, we
quantified 11 cell-surface proteins using CITE-seq, which
included the macrophage markers CD11b, CD14, CD115,
CD163, and MAC2; activation markers CD64, CD69, CD80,
and CD95; and immune checkpoints CD274/PD-L1 and
CD172a/SIRPA.

The screen yielded 9,153 single-cell profiles passing quality
control with one guide RNA per cell. This corresponds to a
mean coverage exceeding 200 cells per target gene, which is
sufficient for rigorous quantitative analysis. Confirming the effi-
ciency of our gene targeting, we observed specific downregula-
tion of the macrophage marker Csf1r (CD115) both at the RNA
and surface protein level (Figure S6B). In an unsupervised anal-
ysis, the single-cell profiles generally grouped by time point
(Figure 4B) or treatment (Figure S6C), suggesting that the gene
perturbations modulate rather than abrogate the cells’ response
to Listeria. The notable exception was Spi1, which codes for the
transcription factor PU.1. This gene knockout had dramatic and
convergent effects on the transcriptomes at all three time points,
consistent with the gene’s central role in establishing the cellular
identity of macrophages (Figure 4B).
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We assessed the transcriptional response of genetically
unperturbed macrophages using the cells that expressed non-
targeting guide RNAs, thereby creating an internal reference
against which we assessed the changes induced by the
CRISPR knockouts (Figures 4C and S6D). Some of the control
cells had elevated ISG expression already at the 0-h time point
(including Rsad2, Cmpk2, Ifih1, Oasl1, Isg15, and [fit1), which
likely reflects tonic type-l interferon signaling consistent with
prior research.*® Following Listeria treatment, the CITE-seq
readout detected a rapid decrease of CD115 (CSF1R) and
MAC?2 on the cell surface (both are markers of undifferentiated
monocytes/macrophages and expected to be downregulated
upon macrophage activation), together with slower downregula-
tion of the checkpoint molecule CD172a (SIRPA) (Figure S6E).
Conversely, we observed increased levels of CD274 (PD-L1),
CD64, CD69, CD80, CD95, and CD14 proteins in response to
Listeria infection, whereas the integrin subunit alpha M (CD11b)
was upregulated upon infection but returned to its homeostatic
levels already at the 6-h time point.

The Spi1 (PU.1) knockout caused broad downregulation of
genes and cell-surface markers relevant for macrophage biology,
including CD14, CD115, and CD64 (Figure S6F), and for immune
signaling pathways such as TLR, TNF-a, and JAK-STAT
(Figure 4D), in accordance with its role as a master regulator
and stimulus response factor.'""'>® The Spi1 knockout cells
also expressed increased levels of certain interferon response
genes, including Stat1, Usp18, Gbp2, [fit3, Ifitm3, and Nos2
(Table S4), suggesting an altered but not entirely abrogated im-
mune response in these knockouts. Given a recent study report-
ing that Spi7/PU.1 can act as transcriptional repressor,’” Spit/
PU.1 may directly repress certain interferon response genes, in
addition to its role as a lineage-determining transcription factor.

We quantified the transcriptional effects using the Mixscape
method for CRISPR perturbation modeling®® (Figures 4E-4H
and S7A-S7C). This analysis uncovered strong co-clustering
for knockouts of the JAK-STAT pathway genes Jak1, Stat2,
and /rf9 throughout the time course, while Stat7 knockouts clus-
tered separately. By contrast, many other effects were dynamic
over the time course. For example, knockout of the NF-xB
subunit Rela and the transcription factor /rf8 led to strong tran-
scriptional changes starting only after 2 and 6 h of Listeria infec-
tion, respectively.

Ep300 knockout had transcriptional consequences that
differed from all other regulators, including upregulation of
ISGs (Irf7, Stat1, Ifit1, Ifit2, Ifit3, and Usp18), ribosomal proteins,
and genes involved in MHC class | cross-presentation (Vamp8,
Tap2, Psmel, Tap1, Psme2, Cyba, B2m, Psmb10, Psmb8,
Tapbp, and Psmb9) (Figure S8A). The Ep300 knockout also led
to increased surface expression of checkpoint proteins such
as CD80 and PD-L1/CD274 (Figure S8B), and reduced expres-
sion of genes associated with neutrophil degranulation, MAPK
signaling, and inflammatory response (Table S4), in accordance
with Ep300’s role in NF-xB acetylation.*® These results expand
on a previous analysis of Ep300 in macrophages*® and indicate
that Ep300 regulates cell defense by promoting inflammation
while restraining the interferon response, possibly via non-his-
tone protein acetylation®' and countering HDAC activity.*?

In summary, we established a method for high-content
CRISPR screening that combines CROP-seq and CITE-seq
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Figure 4. High-content CRISPR screening with transcriptome and cell-surface marker readout (combined CROP-seq and CITE-seq assay)
functionally characterizes gene regulation in resp to Listeria tr

(A) Schematic outline of the CRISPR screen. Macrophages transduced with a CRISPR knockout library (10%) were cultured together with genetically unperturbed
cells (90%, jointly referred to as “WT” together with those cells that were assigned to non-targeting guide RNAs). Transduced cells were subjected to single-cell
sequencing at several time points, yielding gene expression profiles, cell-surface marker profiles, and guide RNA (gRNA) assignments.

(B) Unsupervised UMAP representation of single-cell transcriptomes (CROP-seq KO15; GEO: GSE263760; 9,153 cells) colored by time point (left) and genetic
perturbation (right), respectively. Clustering of Spi7 knockout cells across time points is highlighted by a circle.

(C) Hierarchically clustered heatmap of normalized gene expression for the most differentially expressed genes between time points in cells without genetic
perturbation (i.e., those that were assigned non-targeting guide RNAs).

(D) Bubble plot of gene set enrichments (based on the hypergeometric test) after 6 h of Listeria treatment in cells without genetic perturbation (WT) and in cells with
Spi1 knockout (left), and for Spi1 knockout cells that were untreated (UT) or treated with Listeria for 6 h (right).

(E and G) Unsupervised UMAP representation of LDA-transformed Mixscape genetic perturbation signatures, with cells colored by knockout (based on the
assigned guide RNA) in untreated cells (E; 1,508 cells) and after 6 h of Listeria treatment (G; 1,828 cells). Arrows highlight the emergence of the /rf8 and Rela
knockout effects at the 6-h time point (G).

(F and H) Hierarchically clustered heatmap of effect sizes for knockout-induced differential gene expression in untreated cells (F) and after 6 h of Listeria treatment
(H). Boxes highlight the emergence of the /rf8 and Rela knockout effects at the 6-h time point (H).
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Figure 5. Upscaled high-content CRISPR screen with cross-prediction analysis uncovers transcriptional effects of epigenetic regulator

knockouts in response to Listeria treatment

(A) Schematic overview of the upscaled CRISPR screen and the corresponding computational analysis. Compared with the proof-of-concept screen (Figure 4),
the guide RNA library was extended with 120 additional target genes and with additional non-targeting guide RNAs to maintain ~10% genetically unperturbed
control cells as controls, and a 24-h time point was added. In total, 28,303 single-cell profiles passed quality control. Cross-prediction between cell perturbation
signatures was used to derive a functional similarity graph.
(B) Unsupervised UMAP representation of single-cell transcriptomes (CROP-seq KO150; GEO: GSE263761; 6,187 cells) following Mixscape genetic perturbation

analysis, colored by time point.

(C) Unsupervised UMAP representation of LDA-transformed Mixscape genetic perturbation signatures (based on the assigned guide RNAs) after 6 h of Listeria
treatment, with cells colored by their assigned guide RNAs (2,822 cells).
(D) Functional similarity graph derived by cross-prediction analysis for the 6-h time point of Listeria treatment. The 25 nodes represent gene knockouts, and edges
denote average cross-prediction probabilities (pruned at a cutoff of 0.1). Node size corresponds to the square root of the number of cells for each knockout.
Edges are visualized as trapezoids, where the width at the source node corresponds to the probability of cross-predicting the source node as the target node.
Arrows highlight selected examples of similarities identified specifically by the cross-prediction analysis, which were either absent from protein-protein inter-
action analysis with STRING (red) or from the Mixscape analysis (purple).
(E) Hierarchically clustered heatmap of knockout-induced differential gene expression (fold changes; columns) compared with cells without genetic perturbation
(i.e., those that were assigned non-targeting guide RNAs) at the 6-h time point of Listeria treatment, for selected groups of knockouts (rows, separated by white
spacing) that were evident from the functional similarity graph but either absent from the STRING data or from the Mixscape analysis.

(F) Hierarchically clustered heatmap of knockout-induced differential cell-surface marker expression based on the CITE-seq readout (fold changes, columns)
compared with cells without genetic perturbation at the 6-h time point of Listeria treatment. Statistical significance (adjusted p value < 0.05; Wilcoxon rank-sum

test) is indicated by asterisks (*).
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and applied it in a proof-of-concept screen over the Listeria time
course. We uncovered immune-regulatory roles of JAK-STAT
pathway members, of Spi71 (PU.1), and of Ep300 in the macro-
phage response to Listeria treatment.

Transcriptional effects of epigenetic regulator
knockouts in homeostasis and response to Listeria

Using our CROP-seq and CITE-seq method, we performed an
upscaled perturbation experiment targeting 135 genes at three
time points of Listeria treatment: O (prior to treatment), 6, and
24 h (Figure 5A). We included known regulators of macrophage
function and development, JAK-STAT pathway members, chro-
matin-modifying enzymes, and genes selected from our time
course of pathogen response (Figures 1, 2, and 3). We obtained
28,303 single-cell profiles that passed stringent quality filtering,
resulting in a mean coverage of 187 cells per target gene. Several
analyses confirmed high data quality and established a baseline
of Listeria-induced changes in gene expression and cell-surface
marker expression over the time course (Figures 5B and S9A-
S9D; Table S5).

Quantification of the transcriptional effects using Mixscape
identified 28 genes whose knockout caused statistically signifi-
cant changes over the time course of Listeria infection
(Figures 5C, S9A, S10A, S10B, S11A, and S11B). We observed
the most pronounced effects at 6 h, with strong clustering of
the JAK-STAT pathway knockouts Jak1, Stat1, Stat2, Irf9, and
Ifnar1 (Figures S9A, S10A, S10B, S11A, and S11B). These
knockouts caused more genes to be downregulated than
upregulated, consistent with the pathway’s role in rapid immune
gene activation. By contrast, gene upregulation dominated for
knockouts of /kzf1 (which codes for a hematopoietic transcrip-
tion factor with both activating and repressive roles in macro-
phages™®) and of the chromatin regulator genes Chd4 and
Dnmt1 (Figures S9A, S9E, S10B, and S11B). Moreover, Spit
knockout caused pronounced loss of gene expression and
cell-surface proteins characteristic of macrophage identity for
all time points, consistent with our proof-of-concept screen
(Figure S9C).

To integrate and compare transcriptional responses across
gene knockouts, we performed cross-prediction between cell
perturbation signatures, predicting for each single-cell RNA-seq
profile what was the most likely gene knockout explaining this pro-
file after removal of all cells of the correct class from the training
set. The resulting cross-prediction probabilities provide a func-
tional similarity measure based on which we constructed a global
similarity graph, with thick edges indicating frequent cross-pre-
diction between knockout pairs (Figures 5D, S10C, and S11C).
This similarity graph uncovered strong connections at the 6-h
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time point between knockouts of Med8 and Med14, which encode
two components of the mediator complex, and between Arid1a
and Smarca4, two members of SWI/SNF chromatin remodeling
complexes. More than 80% (24 out of 29) of the edges in the func-
tional similarity graph were supported by predicted protein-pro-
tein interactions in the STRING database, often with high interac-
tion scores (Figures SOF, S10D, and S11D), suggesting that many
of these regulator proteins with similar effects directly interact in
the regulation of their target genes.

We also observed functional similarities between genes that
were not connected by protein-protein interactions or by the
Mixscape analysis (Figures 5D and 5E). This included knockouts
of Ep300, Smc1a, Myd88, and Runx1, which all led to downregu-
lation of the cytokine-encoding genes Ccl2, Ccl3, Ccl9, Tnf,
II1a/b, and Spp1, and knockouts of Yeats2 and Dnttip2, which
shared a characteristic downregulation of ribosomal genes.
Moreover, knockouts of Yeats4 and /rf3 shared upregulation of
immune and inflammatory genes, and knockouts of the tran-
scription factor Brd2 and the mediator gene Med8 were associ-
ated with loss of expression for many immune genes, including
the ISGs Sp140, Apol9a/b, Ifi27, and Oasl1. Transcriptional sim-
ilarity was often reflected in the CITE-seq data of cell-surface
proteins (for example, for Dnttip2 and Yeats2, and for Yeats4
and Irf3) (Figures 5F, S10E, and S11E). Several of these gene
perturbations were also identified in a macrophage polarization
screen,“° supporting our claim that the single-cell transcriptome
readout of CROP-seq captures many effects detected by
screens with specialized readouts.

We further investigated knockouts with similar transcriptional
effects. Sfpq and Ep300 knockouts displayed some of the stron-
gest effects among all tested perturbations, which included
widespread upregulation of IFN-I response genes (Figures 5G
and S10F). For Sfpg, an immune-regulatory role has previously
been established.****> By contrast, Ep300 has not been widely
studied in macrophages, prompting us to conduct validation
experiments at the gene and protein level. We knocked out the
Ep300 gene in RAW 264.7 macrophages using CRISPR and, in
separate experiments, interfered with EP300 protein function us-
ing the small-molecule inhibitors SGC-CBP30 (which targets the
epigenetic reader domain of EP300) and A-485 (which targets
the catalytic site of the epigenetic writer domain of EP300). We
employed a qPCR-based readout comprising five ISGs (Gbp2,
Ifit1, Irf7, Oasl2, and Usp18) and an inflammation marker
(Spp1). Both knockout and inhibition resulted in the upregulation
of the ISGs in cells that were treated with IFN-p for 2 h (Figure 5H)
and in untreated cells (Figure S10G). Spp1 levels decreased after
Ep300 knockout (Tables S4 and S5; Figure 5H), whereas phar-
macological inhibition of the EP300 catalytic site via A-485

(G) Bubble plot of gene set enrichments for Ep300 and Sfpg knockouts at the 6-h time point of Listeria treatment. Effect size (odds ratio) is indicated by bubble
size, statistical significance (adjusted p value; hypergeometric test) by opacity, and effect directionality by color (red: higher expression in the knockouts; blue:

lower expression in the knockouts).

(H) Boxplots of gene expression (fold changes compared with the respective controls) for Spp1 and five interferon-stimulated genes (ISGs) upon interference with
EP300 function at the DNA level (CRISPR knockout of Ep300, left) and at the protein level (treatment with small-molecule inhibitors of EP300, right). Gene
expression was measured by qPCR in RAW 264.7 cells that were treated with IFN-p for 2 h. Three biological replicates were profiled and plotted, statistical
significance was determined by paired t tests, and asterisks (*) indicate p values below 0.01.

(I) Volcano plots of differentially expressed genes for knockouts of Myd88 (left) and Smc1a (right) compared with cells without genetic perturbation at the 6-h time
point of Listeria treatment (Wilcoxon rank-sum test). Differentially expressed genes that are shared between the two comparisons are colored in red and indi-

vidually labeled.
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Figure 6. Integration of epigenome/transcriptome time series and genetic perturbations establishes temporal and functional dynamics of
the macrophage response to Listeria

(A) Schematic outline of the cross-prediction analysis across time points, including differential gene expression and pathway enrichments for the resulting
functional similarity graph.

(B) Functional similarity graph derived by cross-prediction analysis across three time points of Listeria treatment. The 58 nodes represent gene knockouts per
time point (denoted by squares, triangles, and circles), and edges reflect average cross-prediction probabilities (pruned at a cutoff of 0.1). Edges are visualized as
trapezoids, where the width at the source node corresponds to the probability of cross-predicting the source node as the target node.

(C) Scatterplot comparing the similarity within time points across knockouts (y axis) and the similarity within knockouts across time points (x axis), both derived
from edge weights (i.e., average cross-prediction probabilities) between neighbors of the same knockout or time point in the unpruned functional similarity graph.
(D) llustrative results of the cross-prediction analysis: (1) time point effects exceed genetic effects for interferon (IFN) signaling (left), (2) genetic effects exceed
time point effects for Spi, lkzf1, and Yeats2 (center), and (3) new functional similarities between knockouts for Ep300 and Sfpq as negative regulators of IFN
signaling (right).

(E) Schematic outline of the data integration between regulator effects determined by high-content CRISPR screening (left, from Figure S10A) and regulon
dynamics derived from the integrated time series of gene expression and chromatin accessibility (right, from Figure 3D).

(F) Circos plot connecting regulator effects in untreated cells (bottom, from Figure S10A) with the regulons driving the response to Listeria treatment (top, from
Figure 3D). Arrows indicate statistically significant enrichments (hypergeometric test; filled arrows: upregulation; outline-only arrows: downregulation), and arrow
width denotes effect size (log, odds ratio).

(G) lllustrative results of the integrative analysis: (1) regulators of genes with increased epigenetic potential 24 h after Listeria treatment (left), (2) immune-regulatory
roles of splicing factors Sf3b7 and Sfpg (center), and (3) core-IFN regulators that help establish an epigenetic potential that is realized during Listeria treat-
ment (right).
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resulted in elevated levels (Figures 5H and S10G). This suggests
different mechanisms for the EP300-mediated regulation of ISGs
and of other inflammation-linked genes such as Spp1.

Similar transcriptional effects were also observed for knock-
outs of the mediator genes Med8 and Med14, both resulting in
the downregulation of Spp1, of Ccl3 (encoding the immune cell
recruiting chemokine MIP-1a), of a myeloid immune checkpoint
gene Lilrdb, of several IFIT genes (such as /fit3 and Ifitm3), and
of the Acod1 gene, which regulates TLR-mediated inflamma-
tory responses (Figure S9G), consistent with observations for
other mediator subunits.*® Finally, knockouts of Smc1a (en-
coding a cohesin complex member) and Myd88 (encoding a
cytosolic adaptor protein and mediator of TLR signaling) both
led to similar changes, including downregulation of the
immune genes Acod1, Cebpd, Ccl9, and Lilrdb (Figure 5I).
This observation is consistent with a previous report that linked
the cohesin complex to TLR-induced stimulus response in
macrophages.”’”

In summary, cross-prediction analysis for our CROP-seq
screen identified regulators with similar effects in macrophage
homeostasis and response to Listeria. Our results highlight the
immune-regulatory roles of chromatin remodeling and the medi-
ator complex and identify Sfoq and Ep300 as modulators and
constrainers of interferon signaling.

Integrative analysis of functional similarity quantifies
regulon dynamics in response to Listeria

Toward a global map of the transcription-regulatory programs
underlying the macrophage response to Listeria, we used
cross-prediction analysis to integrate our upscaled CRISPR
screening data simultaneously across perturbations and time
points, and we annotated the resulting similarity graph using
gene set enrichment analysis of the shared knockout effects
for each pair of similarity-linked regulator genes (Figures 6A-
6D and S12A; Table S5).

The JAK-STAT pathway members Jak1, Stat2, Irf9, Ifnar1, and
Tyk2 were closely connected throughout the time course, and
their knockout effects were more similar to each other at a given
time point than they were across time points for the same
knockout (Figure 6C). In other words, the different JAK-STAT
knockouts altered the macrophages in very similar ways, but
they regulated different gene sets for each time point (Figure
6D, left). We also observed JAK-STAT knockout effects already
at the 0-h time point (prior to treatment), which were similar to the
knockout effect of the splicing regulator Sf3b7 and the DNA
methyltransferase Dnmt1, indicating homeostatic roles of JAK-
STAT signaling that are partially distinct from the pathway’s
pathogen response to Listeria treatment.

By contrast, knockouts of lkzf1, Spi1, and Yeats2 each had
highly distinct and characteristic transcriptional effects that
showed little change over the time course (Figure 6C). Their
differentially expressed genes were enriched for biological
processes such as cell adhesion (lkzf1), phagocytosis (Spi7),
and ribosome biosynthesis (Yeats2)—constitutive cell functions
that remained largely unaltered over the Listeria time course
(Figure 6D, center). For a third group of genes, including Sfoq
and Ep300, we observed knockout effects with similarities and
differences both between genes and between time points
(Figure 6D, right). The genes that were upregulated upon Sfoq
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and Ep300 knockout shared an enrichment for interferon
signaling at the 6- and 24-h time points, and to a lesser degree
also at the 0-h time point (i.e., under homeostatic conditions),
suggesting an inhibitory role of the two regulators on the inter-
feron response. These observations illustrate how our cross-
prediction analysis across time points helps dissect the func-
tional similarity between gene knockouts in the time-resolved
response to immune stimulation.

In a final analysis, we sought to connect the regulators identi-
fied in the CRISPR screens with the regulons inferred from the
integrated RNA-seq and ATAC-seq time course of Listeria
infection. To that end, we calculated pairwise enrichments
between the differentially regulated gene sets for each regulator
knockout at each time point on the one hand and the clusters of
coregulated genes across the Listeria time course on the other
hand (Figures 6E, 6F, and S12B). This analysis functionally
confirmed the regulatory roles of Spi1, Irf9, Statl, Stat2,
Ep300, and Irf3 that we predicted based on transcription factor
binding site analysis in our time-series data (Table S3), while
also mapping the epigenetic regulators in a similar manner (for
which binding site enrichments are usually not possible).

Most Listeria response regulons (Figure 6F, top half) were
linked to several regulator effects at homeostasis (Figure 6F, bot-
tom half). For example, the splicing factor genes Sfpq and Sf3b1,
as well as Yeats2, Chd8, and Dnttip2, showed evidence of pos-
itive regulation for regulon F of the time-series analysis, which
captures the build-up of epigenetic potential at target genes
associated with DNA replication and cytoplasmic translation
(Figure 6G, left). At the same time, Sfpg and Sf3b1 appeared
as negative regulators of regulon A, which showed an opposite
trend with high relative transcriptional abundance at the end of
the Listeria time series (Figure 6G, center). We also identified a
positive link of JAK-STAT pathway members under homeostatic
conditions with regulons C and D, which were characterized by
the rapid build-up and subsequent disposal of epigenetic poten-
tial at genes associated with lysozyme localization (regulon C)
and with late relative transcriptional upregulation of phagocytic
as well as NF-xB signaling (regulon D) (Figures 6G, right, and
3D-3F). These results indicate a regulatory interconnection be-
tween JAK-STAT signaling and the identified transcription fac-
tors in the macrophage response to Listeria infection.

In summary, our integrative analysis established an initial map
of the regulators and gene-regulatory programs that underlie the
macrophage response to Listeria. It also showcases the utility of
combining and bioinformatically integrating multi-omics time
series with high-content CRISPR screens using our CROP-seq
and CITE-seq method as well as computational cross-prediction
analysis.

DISCUSSION

This study combined epigenome and transcriptome time-series
profiling with high-content CRISPR screening and integrative
computational analysis in order to dissect the pathogen
response in murine macrophages. We investigated six immune
stimuli (Listeria, LCMV, Candida, LPS, IFN-p, and IFN-y) over a
dense multi-omics time course and performed high-throughput
functional dissection of the macrophage response to Listeria us-
ing a combined CROP-seq and CITE-seq method.
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We found that macrophages respond to these immune stimuli
with a shift from cell cycle and maintenance programs to the
activation of immune-related pathways, while retaining high
chromatin accessibility among the promoters of the downregu-
lated genes (Figures 1 and 2). The upregulation of immune genes
was universal across all six stimuli, but downregulation of cell
cycle genes differed widely. This downregulation was much
more pronounced for stimulation of IFN-I signaling (IFN-p, Liste-
ria, and LPS) than type Il interferon signaling (IFN-y). This finding
contrasts with a previous study reporting stronger effects of
IFN-y in human PBMC-derived, M-CSF-differentiated macro-
phages,” which might reflect species-specific differences in
macrophage regulation. We also observed different temporal dy-
namics across the six immune stimuli, ranging from the response
to UV-inactivated Candida, which was almost resolved after 24
h, to the response to LCMV, which only started to unfold at
that time point.

By epigenome and transcriptome data integration over the time
series, we identified genes with unrealized epigenetic potential
(i.e., higher chromatin accessibility than expected based on their
gene expression) and genes with relative transcriptional abun-
dance (i.e., transcription levels that exceed the typical expression
levels of genes with similar chromatin accessibility in their pro-
moter regions), constituting two ways how macrophages organize
their response in a stimulus-specific manner (Figure 3). For
example, stimulation with LPS (a PAMP but not an actual path-
ogen) was sufficient to broadly establish epigenetic potential at
immune response genes, while Listeria (an infectious pathogen)
in addition triggered broad transcriptional activation of immune
response genes. For some genes, the increased RNA levels ex-
ceeded the typical gene expression predicted by chromatin
accessibility, thus resulting in cases of relative transcriptional
abundance.

Integrating the identified regulons (i.e., clusters of coregulated
target genes) from the epigenome/transcriptome time series
with perturbational data for key transcriptional regulators from
the high-content CRISPR screens (Figures 4 and 5), we estab-
lished a functional similarity graph of regulator effects in the
macrophage response to Listeria (Figure 6). We found that
gene regulation by JAK-STAT proteins was variable over the
time course but similar across regulators. For example, our
data support a switch from a STAT2/IRF9-dependent regulon
under homeostatic conditions (possibly involving alternative
ISGF3 complexes®®) to a STAT1/STAT2/IRF9-dependent pro-
gram that resembles canonical ISGF3 activity driven by IFN-
$.%° By contrast, knockout of SPI1/PU.1 (a master regulator of
macrophage cell identity) led to consistently altered transcrip-
tomes throughout the time course (without affecting recovered
cell numbers as a direct measure for the survival of the perturbed
cells), highlighting a constitutive role of this developmental tran-
scription regulator in the macrophage response. Specifically,
SPI1/PU.1 knockout cells exhibited broad loss of TLR, TNF-a,
and JAK-STAT signaling activity as well as an unexpected in-
crease in ISG activity.

Our analysis identified several chromatin-associated proteins
as immune regulators in macrophages, including the mediator
complex proteins MED8 and MED14, the cohesin subunit
SMCH1A, the splicing factors SFPQ and SF3B1, and the histone
acetyltransferase EP300. For example, we observed EP300-
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mediated repression of ISGs, which we validated by CRISPR
knockout and, independently, by small-molecule inhibition of
EP300. Based on these results, we hypothesize that the histone
acetyltransferase EP300 helps balance the regulatory role of his-
tone deacetylases (HDACs), which are required for full transcrip-
tional activity of ISGs.”" It has been proposed that HDACs
reduce global histone acetylation and thereby mitigate seques-
tration of the transcriptional co-factor BRD4 to chromatin, which
ensures that enough BRD4 is available for efficient RNA
polymerase Il elongation.*? EP300 may counteract this effect,
underlining the importance of regulating global histone acetyla-
tion in macrophages. We further observed an unexpected simi-
larity between EP300 knockout cells and knockouts for the
splicing factor SFPQ, and our results suggest that SFPQ helps
maintain the expression of similar genes at the post-transcrip-
tional level as EP300 does at the transcriptional level, which es-
tablishes a case of simultaneous regulation across these two
layers in macrophages.

Knockouts of JAK-STAT pathway members resulted in reduced
ISG expression even in untreated macrophages (0-h time point),
which is consistent with our recent study describing broad and
diverse transcriptional effects of JAK-STAT signaling in homeo-
static T cells and macrophages.“® But we also observed an oppo-
site effect: several regulator knockouts resulted in a pronounced
upregulation of ISGs in untreated macrophages—most notably
including the developmental transcription factor SPI1/PU.1, the
histone acetyltransferase EP300, and the splicing factor SFPQ.
These proteins may thus constitute negative regulators of immune
signaling in untreated macrophages, supporting that baseline im-
mune signaling in macrophage homeostasis is a tightly regulated
process.

Combining the results of our study, we argue that the unrealized
epigenetic potential, the ability to establish relative transcriptional
abundance, and the baseline signaling through immune pathways
in homeostatic immune cells all contribute to the macrophages’
ability to maintain their preparedness for mounting rapid immune
responses.

To our knowledge, this is the first study that combines epige-
nome/transcriptome time-series profiling with high-content
CRISPR screening, demonstrated here for the dissection of
gene regulation in mouse macrophages. Many of our results
are confirmed by prior research, adding confidence to our
approach. We also believe that combining these complemen-
tary methods in a single study holds the potential for a more in-
tegrated and quantitative understanding of gene regulation in
mammalian cells. Our manuscript adds to a growing number
of perturbational studies in innate immune cells, for example,
investigating macrophage polarization,”” phagocytosis,**™’
programmed cell death,'® RNA-binding proteins,®” long non-
coding RNAs,”® Rab GTPases,” TLR-induced TNF alpha
response,”®°” and dendritic cell regulation.®>%-°

Potential limitations of our study include: (1) The epigenome/
transcriptome time-series profiling covered only the first 24 h
and was performed in two biological replicates, as we prioritized
dense time points for computational modeling of the temporal dy-
namics; (2) Our analysis of the CROP-seq data used stringent
thresholds across all time points to facilitate data integration,
which resulted in the exclusion of many high-quality data points
(raw data and source code are provided in the on the

49



Cell Systems

supplementary website); (3) The combination of primary macro-
phages (for time-series analysis) and a macrophage cell line (for
the CROP-seq analysis) comes with advantages as well as disad-
vantages. We found the cell line much easier to transduce with the
CRISPR-Cas9 machinery, making it possible to obtain high cell
coverage per perturbation, yet we expect differences, especially
regarding their dependence on macrophage differentiation fac-
tors (Spi1/PU.1 and Csf1r/CD115); (4) The Mixscape method
used for analyzing the CROP-seq experiments excludes pertur-
bations that affect only a small number of genes. As a result, our
current analysis (but not the raw data) omits certain knockouts,
including the surface receptors Csf1r/CD115 and Fcgr1/CD64.

Finally, we would like to emphasize the practical utility of
the presented experimental and computational approach. Dense
epigenome/transcriptome time series can help identify key regu-
lators of the macrophage response, high-content CRISPR
screening can rapidly establish the causal effects of knocking
out any of the identified regulators, and integrative computational
analysis establishes functional similarity among regulators and
regulons. We expect that this method will be useful also for cell
types other than macrophages and for dissecting disease-asso-
ciated mechanisms of gene regulation and therapeutic interven-
tions that modulate the immune system.
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EXPERIMENTAL MODEL DETAILS

Isolation of cells from bone marrow

Femurs and tibias were obtained from 8-12 week old female Cas9 mice (Jackson Laboratory cat. No. 024858) and washed with PBS.
Bones were crushed in PBS with a sterile mortar and pestle. Bone marrow containing supernatant was filtered through 100 pm and
45 pm cell strainers. Cells were counted, centrifuged at 4 °C for 5 minutes at 400 rcf and resuspended in DMEM-GlutaMAX (Gibco cat.
No. 31966047) with 40% FBS. The cell suspension was mixed with an equal volume of DMEM GlutaMAX with 40% FBS and 30%
DMSO (Sigma cat. No. 1019001000), frozen at 50 million cells/ml, and aliquots were stored at -80 °C (short-term) or in liquid nitrogen
(long-term storage).

Cell culture

Bone marrow derived macrophages (BMDMs) and cell lines (Lenti-X, HEK293T, and RAW 264.7 transduced with Cas9 using
Addgene plasmid #52962) were cultivated in standard media (DMEM-GlutaMAX (Gibco cat. No. 31966047) with 10% FBS and 1x
penicillin-streptomycin (Gibco cat. No. 15140122)). RAW 264.7-Cas9 media was supplemented with 20 pg/ml blasticidin
(InvivoGen cat. No. ant-bl-1). Cell lines were passaged every 3-4 days and kept at low passage number. To detach the cells, super-
natant was removed, cells were washed with DPBS (Thermo Fisher cat. No. 14190144) and incubated with 0.05% Trypsin-EDTA
(Thermo Fisher cat. No. 25300054) for 3-5 minutes following the manufacturer’s recommendations. All cells were grown at 37 °C
and 5% CO,, and regularly tested for mycoplasma contamination (Lonza cat. No. LT07-318). The cell line authenticity of RAW
264.7-Cas9 was not verified by genotyping but the RNA-seq data confirmed their identity as murine macrophage-like cells.

Listeria culture

Listeria monocytogenes bacteria (strain LO28) were inoculated in 5 ml BHI media (VWR cat. No. 84626.0500; 37g/| in water) and
incubated at 37 °C in a shaking incubator overnight. The concentration was determined by measuring the ODggo, With an ODggg
of 1 corresponding to one billion bacteria per milliliter.

METHOD DETAILS
Stimulation time course and sampling
Experiments were performed in two biological replicates using independently harvested bone marrow samples from different mouse

litters. Per replicate, seven bone marrow aliquots were thawed, washed once with media to remove excess DMSO, and seeded on
three 15 cm cell culture dishes (non-treated, VWR cat. No. 734-2797) in 20 ml standard media supplemented with 200 ng/ml murine
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M-CSF (Peprotech cat. No. 315-02). After four days, 5 ml of the media was exchanged with fresh media supplemented with murine
M-CSF to reach a total concentration of 100 ng/ml in the dish, and the media substitution was repeated after an additional 3 days. On
day 9, cells were scraped, counted, and seeded into 6-well plates (non-treated, Fisher Scientific cat. No. 10284901) with fresh
standard media (without penicillin-streptomycin antibiotic) supplemented with 100 ng/ml M-CSF, at 1-2 million cells per well. The
following day, wells were treated in a staggered manner by adding the respective stimulus for the stated duration, such that all
treatments (except the 24 hour time point) could be stopped and harvested at the same time to minimize technical variability. The
pathogens and infection-linked stimuli were applied at concentrations that were chosen based on pilot experiments as well as
common practices in the field (as documented in the scientific literature). UV-killed Candida albicans SC5314 were added at a
multiplicity of infection (MOI) of 2, LCMV CI13 at an MOI of 3, Listeria monocytogenes LO28 at an MOI of 20, LPS (Merck cat. No.
L4641) at a final concentration of 10 ng/ml, IFN-B (PBL Assay Science cat. No. 12401-1) at a final concentration of 500 U/ml, and
IFN-y (Peprotech cat. No. 315-05) at a final concentration of 240 U/ml. Gentamicin (MP Biomedicals cat. No. 1676045) was added
at a final concentration of 50 pg/ml to Listeria monocytogenes LO28 treated wells after one hour to eliminate any remaining extracel-
lular bacteria. Two hours after infection, the media was exchanged with standard media without antibiotics supplemented with
100 ng/ml M-CSF and 5 pg/ml gentamicin.

At the end of the treatment period, cells were washed with PBS and then scraped in 0.5 ml PBS per million cells. The cell number
was determined, and 50,000 cells were directly used for ATAC-seq. For RNA-seq, 300,000 to 500,000 cells were centrifuged for 5 mi-
nutes at 4 °C at 500 rcf, resuspended in 150 pl RLT lysis buffer (RNeasy Kit, Qiagen cat. No. 74181) with p-mercaptoethanol, vortexed
for 1 minute, and frozen at -80 °C.

ATAC-seq

Cells were centrifuged at 4 °C and 500 rcf for 5 minutes. Supernatant was removed, and cells were lysed and tagmented at 37 °C for
30 minutes in the following mixture (per sample): 9.75 pl water, 2x transposase buffer (lllumina cat. No. 20034197), 0.5 pl PIC (Roche
cat. No. 11873580001), 2 pl TDE1 Tagment DNA Enzyme (lllumina cat. No. 20034197), and 0.25 pl 1% Digitonin (Promega cat. No.
G9441). The DNA was cleaned using the MinElute PCR Purification Kit (Qiagen cat. No. 28006) according to the manufacturer’s rec-
ommendations and eluted in 12 pl EB buffer. To estimate the enrichment cycle number, a qPCR was set up using 2.9 pl water, 0.5 pl
index primer 1 noMX and Index primer 2.1 barcode, respectively, 0.1 pl 100x SYBR green (Invitrogen cat. No. S7563), 5 ul NEBNext
HF 2x MM (NEB cat. No. M0541L), and 1 pl eluted sample, and run as follows: 5 minutes at 72 °C, 30 seconds at 98 °C, 25x cycles of
(10 seconds at 98 °C, 30 seconds at 63 °C and 1 minutes at 72 °C). The cycle number was determined based on the ampilification
entering the early exponential phase. Subsequently, an enrichment PCR was set up with 10 pl water, 2.5 pl Index primer 1 noMX and
Index primer 2 barcode, respectively, 25 pl NEBNext HF 2x MM (NEB cat. No. M0541L), and 10 pl eluted sample, using standard
ATAC-seq primer sequences.” A 1.6x left-sided clean-up was performed using AMPure XP beads (Beckman Coulter cat. No.
AB3881). To that end, 80 ul beads were added and the sample incubated for 10 minutes at room temperature, followed by 10 minutes
on a magnetic rack at room temperature. The beads were washed twice with 80% EtOH, air-dried for 2 minutes and the DNA was
eluted in 50 pl EB buffer. A second 0.5/1.4 double-sided clean-up was performed. 25 pl beads were added and the sample incubated
10 minutes at room temperature followed by 10 minutes on a magnetic rack as before. The supernatant was transferred to a new well
and mixed with additional 45 pl beads, incubated for 10 minutes at room temperature followed by 10 minutes on a magnetic rack at
room temperature. The beads were washed twice with 80% EtOH, air-dried for 2 minutes. The DNA was eluted in 15 pl EB buffer, the
concentration measured using the Qubit dsDNA HS Kit (Thermo Fisher cat. No. Q32854), and the molarity estimated from a Bio-
analyzer HS DNA chip (Agilent 5067-4626) profile. The ATAC-seq libraries were pooled and sequenced using the lllumina HiSeq
3000/4000 platform with 50 bp single-read configuration in the Biomedical Sequencing Facility at CeMM.

RNA-seq

RNA was extracted using the RNeasy Kit (Qiagen cat. No. 74181) following the manufacturer’s recommendations. RNA was eluted in
two rounds, with 45 pl and 20 pl RNase-free water, respectively. Concentration was measured using the Qubit HS RNA Kit (Thermo
Fisher cat. No. Q32854). 5 pl eluted RNA was processed with the QuantSeq 3° mRNA-Seq Kit (Lexogen cat. No. 015.96) according to
the manufacturer’s recommendations, using 16 PCR cycles for the amplification. The RNA-seq libraries were pooled and sequenced
using the lllumina HiSeq 3000/4000 platform with 50 bp single-read configuration in the Biomedical Sequencing Facility at CeMM.

Plasmid cloning

The CROPseq-3P5P plasmid (Addgene #219680) was designed for compatibility with both 3’ (3P) and 5’ (5P) single-cell RNA-seq
assays. It was cloned from the CROPseq-Guide-Puro-mCherry2 plasmid (Addgene #219679)°" using NEB HiFi assembly of Dpnl
treated PCR fragments and a gBlock (IDT) containing base changes of the guide RNA (gRNA) constant part and the 10x Genomics
capture sequence 1 (which provides compatibility with the 10x Genomics 3’ CRISPR assay protocol). Primer and gBlock sequences
as well as annealing temperature and elongation times are provided in Table S6. PCR amplification was performed by mixing 25 ul Q5
Hot Start High-Fidelity 2x Master Mix (NEB cat. No. M0494L) with 2 pl of 10 pM fwd/rev primer, 1-10 ng of plasmid template, and
nuclease-free water to 50 pl. The mixture was incubated as follows: 30 seconds at 98 °C, 25 cycles of (98 °C for 10 seconds, anneal-
ing temperature for 30 seconds, 72 °C for ~25 seconds per kb product length, see Table S6), 72 °C for 30 seconds, and held at 4 °C.
PCR reactions were cleaned following the QIAquick PCR Purification Kit (Qiagen cat. No. 28104) and eluted in 30 pl EB buffer. DNA
concentration was measured using the Qubit dsDNA HS Assay (Thermo Fisher cat. No. Q32854). 8 ul of the PCR product were mixed
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with 1 pl CutSmart Buffer and 1 pl Dpnl (NEB cat. No. R0176S) and incubated at 37 °C for 30 minutes followed by heat inactivation for
20 minutes at 80 °C. 0.02 pmol of each PCR fragment were mixed with 0.1 pmol gBlock, water added to reach 10 pl, and subse-
quently mixed with 10 pl NEBuilder HiFi DNA Assembly Master Mix (NEB cat. No. E2621S). The reaction was incubated at 50 °C
for 60 minutes, after which 2.5 pl of the reaction were transformed into NEB Stable Competent E. coli (NEB cat. No. C3040H) following
the manufacturer’s recommendations (High Efficiency Transformation Protocol). Colonies were further incubated at 32 °C, shaken at
200 rpm in 2 ml LB broth (Merck cat. No. L3522-1kg) and checked for correct assembly using Sanger sequencing.

Library cloning

All CRISPR target genes and guide RNA sequences are listed in Table S6. The proof-of-concept (KO15) library includes 15 target
genes involved in Listeria infection such as NFxB subunit (Rela/p65), endogenous interferon response (Jak1, Tyk2, Stat1, Stat2,
Irf9), macrophage differentiation (Spi7, Csf1r, Irf8), epigenetic regulation (Ep300, Hdac6, Kdm1b, Kdm6b), and cell stress response
(Jun, Creb1). The upscaled screening (KO150) library includes the same 15 target genes plus 120 additional target genes focusing on
epigenetic and transcription factors, while taking into account their expression levels in macrophages and differential expression in
the time series data.

Guide RNAs for the selected target genes were designed using VBC-Score.®* Non-targeting guide RNAs were selected from a pre-
vious publication.®* The guide RNAs were ordered as a single-stranded oligo pool (IDT oPools, Table S6). A total of 6 to 10 reactions
were performed in parallel. Per reaction, 1 ug of CROPseq-3P5P plasmid was cut by mixing it with 1 ul BsmBI-v2 (NEB cat. No.
RO739L), 5 pl NEB buffer 3.2, and water to a total of 50 pl. The reactions were incubated at 55 °C for 60 minutes after which 2.5 pl
rSAP (NEB cat. No. M0371L) were added and the samples further incubated at 37 °C for 60 minutes, followed by 20 minutes heat
inactivation at 80 °C. The linearized plasmids were loaded onto a 0.7% agarose gel prepared with a 1:1000 dilution of a 0.16% crystal
violet stock in 1x TAE buffer (Invitrogen cat. No. 24710030). Linearized plasmids from two reactions were cut out from the gel and
DNA isolated using the QIAquick Gel Extraction Kit (Qiagen cat. No. 28704) following the manufacturer’s recommendations.
100 ng (35 fmol) of vector were mixed with 4.329 ng (175 fmol) single-stranded oligo pool (IDT oPools, resuspended in 40 pul EB, further
diluted in water), 10 ul HiFi DNA Assembly Master Mix (NEB cat. No. E2621S), and water to 20 pl. The reaction was incubated at 50 °C
for 60 minutes, and then pipetted on a filter (Merck cat. No. VMWP04700) floating on water and incubated for 30 minutes. The re-
maining drop was carefully recovered. 10 pl of the remaining desalted solution were mixed with 25 pl Lucigen Endura E. coli cells
(Lucigen cat. No. 60242-2) and electroporated and amplified as described previously.?” The DNA was extracted from the recovered
bacterial colonies with the Plasmid Maxi Kit (Qiagen cat. No. 12163) following the manufacturer’s protocol. Correct guide RNA inser-
tion and distribution was validated by Sanger sequencing of individual colonies using Primer_465 and by next-generation sequencing
after PCR amplification of 10 ng plasmid library with 2.5 pl of a 10 pM fwd/rev primer (CROPseq_libQC_i5, CROPseq-3P5P_ampli-
con_i7, Table S6), 25 pl Q5 Hot Start High-Fidelity 2x Master Mix (NEB cat. No. M0494L), 0.5 pl SYBR green of a 100x stock (Invitrogen
cat. No. S7563), and water to 50 pl. The reaction was incubated at the following settings: 98 °C for 30 seconds, 12 cycles of (98 °C for
10 seconds, 72 °C for 25 seconds). The number of amplification cycles was determined by inspecting the fluorescence signal. The
reaction was stopped once the amplification has reached the early exponential phase. Libraries were pooled to 4 nM and sequenced
using the lllumina MiSeq platform in the Biomedical Sequencing Facility at CeMM.

Lentivirus production

Lenti-X cells (Takara cat. No. 632180) were seeded in 15 cm dishes (19.3 million cells in total) with lentivirus production media
consisting of Opti-MEM-GlutaMAX (Thermo Fisher cat. No. 51985026), 5% FBS, and 200 pM sodium pyruvate (Gibco cat. No.
11360-070). After at least three hours, cells were transfected with 28.2 pg of the guide RNA plasmid library (KO15 or KO150) and
14.9 pg of each packaging plasmid pMDLg/pRRE (Addgene #12251), pRSV-Rev (Addgene #12253), and pMD2.G (Addgene
#12259), using Lipofectamine 3000 (Invitrogen cat. No. L3000075) following the manufacturer’s recommendations. Media exchange
with fresh lentivirus production media was performed 4 to 6 hours thereafter. Supernatant was harvested after 24 and 48 hours, with a
top-up with fresh lentivirus production media after the first harvest. The supernatant was filtered through a 0.45 um filter, and the virus
was concentrated 100x using the Lenti-X Concentrator (Takara cat. No. 631232) according to the manufacturer’s protocol. The
concentrated virus was resuspended in PBS and frozen at -80 °C in single-use aliquots.

CROP-seq screening: Cell culture and treatment

RAW 264.7-Cas9 macrophages (12 million cells) were seeded per 10 cm dish in triplicates at least three hours before transduction
start. For the KO150 screen we used cells from three frozen vials independently thawed on different days. To transduce the cells,
polybrene at a final concentration of 8 pg/ml (Sigma Aldrich, cat. No. H9268-5G) and virus dilutions were added to obtain a multiplicity
of infection (MOI) of 0.1. The remaining 90% of untransduced cells were retained (i.e., not selected against) to provide a consistent
background of paracrine signaling (they were removed via FACS after cell harvest, as described in the next section below). After 24
hours, the cells were detached, and 95% of these cells were seeded in fresh media without polybrene on 15 cm dishes. The remaining
5% of cells were seeded in a 6-well plate and kept for MOI assessment via flow cytometry after three days, for which cells were
scraped in FACS buffer containing 1x DAPI stain (BioLegend, cat. No. 422801). The mCherry signal (i.e., guide RNA positive) among
DAPI negative cells (live cells) was measured to estimate the MOI. For the KO15 library, we selected plates with 10% mCherry pos-
itive cells, counted and expanded them, and exchanged media. Five days after transduction, cells were detached and single-cell
filtered through a 45 pm filter, and 25-30 million cells per treatment condition were seeded in standard media without antibiotics
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(no penicillin/streptomycin and blasticidin). Three hours after cell seeding, Listeria monocytogenes (strain LO28) were added for
the 24 hour time point with an MOI of 20, while the other time points were started the next day, in order to finish at a single shared
time point. Gentamicin (MP Biomedicals cat. No. 1676045) was added at a final concentration of 50 pg/ml to Listeria treated wells 1
hour after infection. Two hours later, the media was exchanged to standard media without antibiotics supplemented with 5 pg/ml
gentamicin. All treatments were harvested at the same time at 6 days after transduction.

CROP-seq screening: FACS purification

To stop the treatment, cells were washed with ice cold FACS buffer, scraped without trypsin, and centrifuged at 4 °C for 5 minutes at
500 rcf. The cells were resuspended in 100 pl FACS buffer containing 1 pg TrueStain FcX PLUS (Biozym cat. No. 156604) per 1 million
cells and incubated on ice for 10 minutes. Afterward, 100 pl FACS buffer containing CITE-seq antibodies (Table S6; 1 pl per antibody
per 10 million cells for KO15; 0.33 ul per 10 million cells for KO150) as well as TotalSeq-C hashing antibodies (BioLegend; 1 pl anti-
body per 10 million cells) were added, and the incubation was continued at 4 °C for 30 minutes. Cells were washed twice with FACS
buffer and resuspended in fresh FACS buffer with Zombie NIR viability staining (BioLegend cat. No. 423105) at a 1:1000 dilution. Cells
were sorted on a FACS Aria by selecting for NIR negative and mCherry positive cells, which effectively removes dead and untrans-
duced cells. For the KO15 transduced cells, two tubes with 50,000 cells per condition were sorted. The replicates of the same con-
dition for the KO150 library were sorted, with 50,000 cells each going into three tubes.

CROP-seq screening: Single-cell sequencing

Excess supernatant was reduced using the VR NxT instrument (Menarini Silicon Biosystems) and processed using the Chromium
Next GEM Single Cell 5’ v2 Dual Indexing Kit with Feature Barcoding (10x Genomics cat. No. 1000263), with the following modifica-
tions. During Step 1.1 of the GEM generation process, 0.5 ul of a 10 uM stock CROPseq-3P5P_gRNA_RT primer (Table S6) were
added additionally to the master mix. The cDNA amplification was performed for 11 cycles, and during the SPRI select clean-up,
the remaining 80 pl supernatant was mixed with 30 pl beads to perform a 1.2x clean-up of the gRNA fraction, otherwise following
the 2.3B Cell Surface Protein protocol. 5 pl of the guide RNA fraction were amplified with the following PCR mix: 3 pl of a 10 uM
fwd/rev CROPseq-3P5P i7/i5 primer mix (Table S6), 2x KAPA HiFi HotStart Ready Mix (Roche cat. No. 7958935001), 0.5 ul SYBR
green (Thermo Fisher cat. No. S7563), and 16.5 pl water. The PCR was run for 30 seconds at 98 °C, 7 to 8 cycles of (10 seconds
at 98 °C, 30 seconds at 70 °C and 20 seconds at 72 °C), followed by 1 minutes at 72 °C. The number of amplification cycles was
determined by inspecting the fluorescence signal. The reaction was stopped once the amplification has reached the early exponen-
tial phase. A 0.9x left-sided SPRI bead clean-up was performed, and the DNA eluted in 15 ul EB buffer. Correct amplification was
determined using a Bioanalyzer HS DNA chip (Agilent 5067-4626), confirming a peak at ~272 bp for the guide RNA library. For
the KO15 and KO150 experiments, cell surface and guide RNA libraries were added to the gene expression library at 10% and
15% of the final concentration, respectively. Final libraries were pooled to 4 nM and sequenced using the lllumina NovaSeq platform
with 100 bp paired-end configuration in the Biomedical Sequencing Facility at CeMM.

Individual Ep300 knockout experiments

CROPseq-3P5P plasmid was cut by mixing 1 ug of the plasmid with 1 pl BsmBI-v2 (NEB cat. No. R0O739L), 5 ul NEB buffer 3.2, and
water to a total of 50 pl. The reactions were incubated at 55 °C for 60 minutes, after which 2.5 ul rSAP (NEB cat. No. M0371L) were
added and the samples further incubated at 37 °C for 60 minutes, followed by 20 minutes heat inactivation at 80 °C. The individual
guide RNAs were ordered as homologous oligo pairs (Table S6), and the respective fwd/rev pair was diluted with water to 100 pM. 1 pl
of the oligo pair was mixed with 1 pl T4 DNA Ligase Buffer (NEB cat. No. B0202S), 7.5 pl water, and 0.5 pl T4 PNK enzyme (NEB cat.
No. M02018S). The reaction was incubated for 30 minutes at 37 °C, 5 minutes at 95 °C, and ramped from 90 °C to 25 °C at 5 °C/min.
The phosphorylated and annealed oligo duplex was diluted 1:200 with water, and 1 pl of the product was mixed with 1.6 pl rSAP
treated CROPseq-3P5P backbone, 1 pul T4 DNA Ligase Buffer, 5.9 pl water, and 0.5 pl T4 DNA Ligase (NEB cat. No. M0202S).
The reaction was incubated for 15 minutes at 25 °C, and 2 pl of the product were transformed into 10 pl NEB Stable Competent
E. coli (NEB cat. No. C3040H) using the manufacturer’s recommendations (5 Minute Transformation Protocol). Bacterial colonies
were grown on LB-agar plates prepared from 15 g/l agar (Millipore cat. No. 05040-100G) with LB broth (Sigma cat. No. L3522-
250G) containing 100 pg/ml ampicillin (Sigma cat. No. A9518-5G) for up to 24 hours at 30 °C, after which colonies were picked
and expanded for up to 24 hours at 30 °C while shaking in 3 ml liquid LB broth containing 100 pg/ml ampicillin. Plasmid DNA was
extracted from 2 ml of bacterial culture using the QlAprep Spin Miniprep Kit (Qiagen cat. No. 27104), and correct guide RNA insertion
was validated by Sanger sequencing of individual colonies using Primer_465 (Table S6). The remaining 1 ml bacterial culture was
topped up with 150 ml LB broth and expanded for another 24 hours, after which plasmid DNA was extracted using the HiSpeed
Plasmid Maxi Kit (Qiagen cat. No. 12663).

Lenti-X cells (Takara cat. No. 632180) were grown in 10 cm dishes to confluency (around 8 million cells). The cells were transfected
with 10.15 pg of the guide RNA plasmid and 5.37 pg of each packaging plasmid pMDLg/pRRE (Addgene #12251), pRSV-Rev (Addg-
ene #12253), and pMD2.G (Addgene #12259), using Lipofectamine 3000 (Invitrogen cat. No. L3000075) following the manufacturer’s
recommendations. Media exchange with fresh lentivirus production media was performed 4 thereafter. Supernatant was harvested
after 24 hours and filtered through a 0.45 pm filter for direct addition to macrophages.

RAW 264.7-Cas9 macrophages (8 million cells) were seeded in 9 ml media per 10 cm dish three hours before transduction. There-
after, 1 ml filtered but unconcentrated viral supernatant was added, and polybrene was supplemented up to a final concentration of
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8 pg/ml (Sigma Aldrich, cat. No. H9268-5G). After 24 hours, the cells were detached by trypsinization, seeded in two 10 cm dishes in
fresh media, and expanded. Three days after transduction, fresh media supplemented with 5 pg/ml puromycin (Sigma cat. No.
P8833-10MG) was added. Six days after the transduction, the media was replaced and puromycin reduced to 1 pg/ml for continuous
culture. The expression of mCherry as a marker of successful transduction was confirmed by fluorescent microscopy. Cells were
expanded and subsequently frozen in DMEM-GlutaMAX (Gibco cat. No. 31966047) containing 20% FBS and 10% DMSO (Sigma
cat. No. 1019001000).

Finally, RAW 264.7-Cas9 macrophages (1 million cells per well, three replicates per condition) were seeded in 6-well plates in 2 ml
media supplemented with 1 pg/ml puromycin. After 22 hours, the respective wells were treated with IFN-p (PBL Assay Science cat.
No. 12401-1) at a final concentration of 500 U/ml for a total of 2 hours. 24 hours after seeding, cells were harvested via trypsinization,
and 200,000 cells were centrifuged for 5 minutes at 300 rcf at 4 °C. The supernatant was discarded, and the cell pellet was resus-
pended in 350 pl RLT lysis buffer (RNeasy Kit, Qiagen cat. No. 74181) containing p-mercaptoethanol, vortexed for 1 minute, and
frozen at -80 °C.

Small-molecule inhibition of EP300

RAW 264.7-Cas9 macrophages (1 million cells) from three separate thaws were seeded in each well of a 6-well culture plate in 2 ml
media. The experiment was started three hours after cell seeding. Cells were treated for 24 hours with 1 pg/ml SGC-CBP30, 1 pg/ml
A-485, or an equivalent volume of DMSO (as a control). 2 hours before harvest, IFN-§ (PBL Assay Science cat. No. 12401-1) was
added to half of the wells at a final concentration of 500 U/ml. 27 hours after cell seeding, all cells were harvested via trypsinization,
and 1 million cells were centrifuged for 5 minutes at 300 rcf at 4 °C. The supernatant was discarded and the cell pellet resuspended in
350 pl RLT lysis buffer (RNeasy Kit, Qiagen cat. No. 74181) with p-mercaptoethanol following the manufacturer’s recommendations,
vortexed for 1 minute, and frozen at -80 °C.

qPCR measurement and analysis

RNA was extracted using the RNeasy Mini Kit (Qiagen cat. No. 74104) following the manufacturer’'s recommendations. RNA was
eluted in one round with 30 pl RNase-free water. Concentration was measured using a NanoDrop instrument (Thermo Fisher) and
200 ng RNA was used for reverse-transcription with LunaScript RT SuperMix (NEB cat. No. E3010) following the manufacturer’s
recommendations. A 4x dilution was created by adding 60 pl RNase-free water to the resulting 20 pl sample, of which 2 pl were
used as input cDNA template for each gPCR reaction, together with 2 pl of a 20 pM fwd/rev primer stock, 6 pl water and 10 pl GoTaq
gPCR Master Mix (Promega cat. No. A6002). Primers were designed using the Primer-BLAST tool®® with PCR product range
50-250 bp and requirement to span an exon-junction, or taken from the literature® (Table S6). The gqPCR reaction was run in duplicate
on a Bio-Rad CFX Opus 96 machine with the following settings: 2 minutes activation at 95 °C followed by 40 cycles of (5 seconds at
95 °C, 30 seconds at 56 °C) and a melt curve. Cq values were determined using the default settings of the Bio-Rad CFX Maestro
software version 2.3 (5.3.022.1030).

Primer efficiencies were determined from standard curves and used as efficiency values in the Pfaffl method.®” Actb served as the
reference gene for all experiments except for the untreated CRISPR knockout, where Gapdh was used. For each sample, Cq values
were averaged per replicate, normalized to the reference gene (ACq), and further normalized to the matched control (non-targeting
guide RNA or DMSO control), resulting in AACq values. Fold changes were computed using the Pfaffl method as Efficiency 4.
Paired t-tests were used for the comparisons.

QUANTIFICATION AND STATISTICAL ANALYSIS

Bioinformatics and data visualization

Bioinformatic analyses were performed using command line tools, R,%® and Python.?° In the following sections, the term “features” de-
notes both genes (for RNA-seq and scRNA-seq) and genomic regions (for ATAC-seq). The GRCm38 (mm10) assembly of the mouse
genome was used as reference. If not stated otherwise, default parameters and random seed 42 were used. Dataframe operations in
Python used the pandas library (1.1.3).°° Heatmaps and dot plots were hierarchically clustered with the R function hclust; heatmaps
were plotted with the R package pheatmap (1.0.12).”” Plots were generated with the R package ggp/ot2 (3.3.5).”° llustrations were
drawn in BioRender (Figure 1A: q79m361; Figure 3A and 3B: t27m528; Figure 4A: t75h912; Figures 5A, 6A, 6D, and 6G: j58b598).

RNA-seq data processing and analysis

Base calling was performed using the lllumina Real Time Analysis (2.7.7) software. Base calls were converted to reads using the /llu-
minaBasecallsToSam tool from the Picard software (2.19.2).°" Sequencing reads were mapped, and gene counts were generated
with STAR (2.7.8a)” using the GRCm38 (mm10) assembly of the mouse genome and its Ensembl annotations.** Quality control met-
rics were aggregated and reported using MultiQC version 1.10.° These processing steps were performed with a widely used Snake-
make (6.4.1)°” workflow (1.2.0).°° We identified and removed two outlier samples, based on the number of total reads, principal
component analysis (PCA), and an expression correlation heatmap, resulting in 64 samples for downstream analyses. Genes
were filtered to 12,729 genes by applying the function filterByExpr from the package edgeR (3.32.1)°° with “group” parameter set
to stimulus and time point, to protect group-specific expression patterns from being removed. Conditional quantile normalization
cqn (1.36.0)°° was performed using the filtered expression matrix together with the exon length and GC-content as conditions. These
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values were obtained from Biomart (2.46.3)°° using a version of the function getGenelLengthAndGCContent from the package
EDASeq (2.24.0) that was adapted to the relevant Ensembl annotations.

ATAC-seq data processing and analysis

Base calling was performed using the lllumina Real Time Analysis (2.7.7) software. Base calls were converted to reads using the /llumi-
naBasecallsToSam tool from the Picard software (2.19.2).”" Sequencing adapters were removed using the fastp software (0.20.1).%”
Bowtie2 (2.4.4)°® was used for aligning the reads (representing locations of transposition events) to the GRCm38 (mm10) assembly
of the mouse genome using the “~very-sensitive” parameter. PCR duplicates were marked using samblaster (0.1.24).°° Aligned
BAM files were then sorted, filtered using ENCODE blacklisted regions,'® and indexed using samtools (1.12)."°" To detect the open
chromatin regions, peak calling was performed using MACS2 (2.2.7.1)'%? using the “~-nomodel”, “~keep-dup auto” and “-extsize
147" options on each sample. Quality control metrics were aggregated and reported using MultiQC (1.9).°* No samples needed to
be removed due to quality concerns, and all 78 samples were included in the downstream analyses. A consensus region set was
generated by merging the identified peak summits, extended by 250 bp on both sides using the slop function from bedtools
(2.27.1)"°° and pybedtools (0.8.1),'"* across all samples while again discarding peaks overlapping blacklisted features as defined by
the ENCODE project.'® A total of 142,831 genomic regions were obtained and were annotated using the annotatePeaks function
from Homer (4.11)."%° This consensus region set was used to quantify the chromatin accessibility in each sample by summing the num-
ber of reads overlapping each consensus region. Sample-wise quantification of chromatin accessibility was performed using bedtools
(2.27.1)'°° and pybedtools (0.8.1).'% For all downstream analyses, we filtered the 142,831 consensus regions to 136,735 regions that
had reads in at least 3 samples and were covered by at least 10 reads in total (normalized by median library size) across at least 6
samples and by at least 15 total reads across all samples. Conditional quantile normalization cqn (1.36.0)°° was performed on the filtered
accessibility matrix using the region length and GC-content of the consensus regions as conditions, quantified using bedtools
(2.27.1)'°° and pybedtools (0.8.1)."%* The data processing was performed using a dedicated Snakemake workflow (0.1.0).”

Genome browser tracks

Aligned BAM files for the same data modality (RNA-seq or ATAC-seq), stimulus, and time point were merged and indexed using
samtools (1.14)."°" BigWig files were created using the deepTools (3.5.1)'°° function bamCoverage. Genome browser track plots
were generated using the gtracks (1.8.1) wrapper for the pyGenomeTracks (3.6)"* Python package. Data processing and visualization
was performed using a dedicated Snakemake workflow (2.0.1).%°

Unsupervised time-series analysis

We applied two dimensionality reduction methods to the normalized RNA-seq and ATAC-seq data. We used PCA'%” from scikit-learn
(0.24.2)'° as a linear approach and uniform manifold approximation and projection (UMAP) from umap-learn (0.5.1)"? with the cor-
relation metric as a non-linear approach. The ggplot2::geom_jitter method with parameter width 2 was used for the ATAC-seq
UMAP visualization to reduce the sample overlap in two dimensions.

Differential gene expression and differential chromatin accessibility time-series analysis

For differential analyses, the filtered raw counts were used in a limma (3.46.0)°°'°° workflow fitting a linear model: feature ~ group +
batch, where group denotes the combination of stimulus (e.g., Listeria) and time point (e.g., 2 hours), to identify features with statis-
tically significant changes according to stimulus and time point compared to the untreated control (intercept). We applied voom to
prepare the data for linear modelling, ImFit to fit the model to the data, and eBayes to compute moderated t-statistics. For all down-
stream analyses, we used the extracted feature-wise effect sizes as log, fold change and their adjusted statistical significance as
p-values (determined using the Benjamini-Hochberg method) from each comparison defined by group. Next, the results were filtered
for differential features if in at least one of the investigated comparisons they fulfilled the following criteria: statistical significance
(adjusted p-value < 0.05), sizeable change (absolute log, fold change > 2), and at least moderate gene expression levels (average
gene expression > 1) in case of RNA-seq or at least moderate chromatin accessibility (mean chromatin accessibility > 0) in case
of ATAC-seq. Finally, hierarchical clustering on the differential features and groups found four group clusters in each modality and
eight gene / nine genomic region clusters, respectively.

To analyze the temporal dynamics of changes in gene expression and chromatin accessibility, the stimulus-specific filtered results
of the differential analyses were used to construct a time course of log, fold changes for each differential feature using the function
to_time_series_dataset from the package tslearn (0.5.1.0).”° For C. albicans stimulus, the filtering criteria for absolute log, fold
changes were loosened (>1) to include more features in the analysis. The constructed stimulus-specific time courses were clustered
using tslearn::TimeSeriesKMeans into k groups of similarly behaving features over time. To represent the mean temporal pattern of
the identified temporal clusters, the respective cluster centers, determined by the arithmetic mean, were used in the time course
visualizations.

Gene set enrichment analysis

Gene set enrichment analysis was performed on feature sets from the hierarchically clustered group-wise differential analysis results,
and from the temporal clustering per stimulus. For RNA-seq we used Enrichr'®® through the Python wrapper GSEApy (0.10.6).”° As
background feature sets, we used the filtered set of features from the respective differential analysis. For ATAC-seq, region sets were
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analyzed with GREAT''? via rGREAT (1.24)°" using a dedicated Snakemake workflow.®® For the enrichment summary heatmaps
of the time-series analyses, we identified the union of the top two most significantly enriched terms per temporal cluster across
all stimuli and used the effect sizes of each term in all temporal clusters in the hierarchical clustering. Two databases were used
across all analyses: GO Biological Process 2021 (Figures 1D, 2G, 3E, 51, S6D, and S10F) and BioPlanet 2019 (Figures 2E, 4D, and 6D).

Integrative analysis of gene expression and chromatin accessibility

For data integration of the RNA-seq and ATAC-seq profiles into a shared feature space, gene promoter regions were identified using
promoters from the package GenomicRanges (1.42.0)," " and their chromatin accessibility was quantified by adding up the overlap-
ping ATAC-seq reads for a given sample. Genes (for RNA-seq) and matched promoters (for ATAC-seq) were separately filtered by
gene expression levels using edgeR:filterByExpr. The union of filtered genes and their matched promoters was used as the shared
gene-centric feature space. Finally, the raw count matrices of both modalities were concatenated into a matrix of N7 + N2 samples by
M features, where N1 is the number of RNA-seq samples, N2 is the number of ATAC-seq samples, and M is the number of selected
gene-promoter pairs. The resulting count matrix was normalized using the function limma::voom (with method quantile). Next, limma::
removeBatchEffect was used to remove systematic differences between the two data modalities, while protecting the group (stim-
ulus and time point) and (processing) batch covariates. Unsupervised analysis (UMAP with correlation metric) was used for validation
and interpretation of the computational integration into a shared feature space. Finally, we tested for differential gene-promoter pairs
using limma::Imfit, followed by limma::eBayes and the following model: gene-promoter pair ~ 0 + group + group:library + batch,
where library represents either RNA-seq or ATAC-seq.

Downstream analysis focused on the fitted coefficients of the ATAC-seq interaction term versus RNA-seq (group:library) in the
linear model. The results were filtered for the most divergent gene-promoter pairs by statistical significance (adjusted p-value < 0.05),
sizeable change (absolute log2 fold change > 1), and at least moderate signal intensity (average expression > 1). Gene-promoter pairs
exhibiting relative transcriptional abundance were identified by negative effect sizes (log, fold changes < 0), while gene-promoter
pairs exhibiting epigenetic potential (calculated in the same way as in our previous study®) were identified by positive effect-sizes
(logy fold changes > 0). The most divergent gene-promoter pairs per group were highlighted in scatterplots comparing the mean
signal intensities for RNA-seq and ATAC-seq. Time series clustering and enrichment analyses of these gene-promoter pairs were
performed separately for each stimulus, describing the changing relationship between gene expression and chromatin accessibility
over time within a stimulus. Transcription factor binding motif enrichments were identified using Rcistarget (1.14.0)"° for each tem-
poral cluster within a stimulus. The enrichment results for each stimulus’ clustering were summarized by retaining only the maximum
normalized enrichment scores (NES) of each transcription factor annotated to the respective enriched motif with high confidence.
This resulted in a transcription factor by cluster matrix for each stimulus, containing the highest NES for the respective transcription
factor binding motif.

CRISPR screening data processing and analysis

The data for the combined CROP-seq and CITE-seq assay were processed using the 10x Genomics Cell Ranger software (3.0.2) and
the R package Seurat (4.0.1).°° Raw sequencing data were demultiplexed and converted to FASTQ format using the Cell Ranger
command mkfastq. FASTQ files were then aligned to the mouse reference genome assembly GRCm38 (mm10), and count matrices
were generated for each sample based on genome annotation v93 using the Cell Ranger command count. Cells were assigned to
time points within each sample based on hashtag oligonucleotide antibody counts using a Gaussian mixture model that infers the
probability with which a given antibody count constitutes true signal or background noise. Quality control was performed individually
for each time point within each sample, based on the following parameters: (i) threshold on the minimum number of detected genes,
(ii) fraction of mitochondrial counts, and (jii) fraction of ribosomal counts. The thresholds were determined for each time point within
each sample upon inspection of the distribution of the quality control metrics.

The preprocessed samples were merged using the function merge that concatenates the individual samples and their metadata
into one Seurat object. Guide RNA assignment was performed based on the protospacer call information provided by the CRISPR
functionality of 70x Genomics Cell Ranger (3.0.2). To minimize the effects of multiple gene knockouts in the same cell, only cells with
exactly one called protospacer were considered. Cells were filtered based on the quality control metrics, assignment of time point,
and unique guide RNA assignment, resulting in 9,153 (Figure 4) and 28,3083 (Figures 5 and 6) high-quality cell profiles with confident
time point and guide RNA assignment.

The filtered count data were normalized using Seurat::SCTransform,"'? with the method parameter gimGamPoi to increase
computational efficiency, and simultaneously scaled and corrected using mitochondrial percentage and cell cycle scores as cova-
riates. The cell cycle scores were determined using the function Seurat::CellCycleScoring with gene lists for M and G2M phase
provided by Seurat::cc.genes and mapped to the mouse genome using MGI mouse homology mappings.' ' Unsupervised analysis
of the scaled and corrected data was performed using the PCA and UMAP methods from Seurat and a dedicated Snakemake work-
flow (0.2.0).%*

To visualize the effect of Listeria treatment in cells without genetic perturbations, we calculated the gene expression profiles of the
cells that were confidently assigned to non-targeting guide RNAs and plotted the expression of the top-100 genes that significantly
changed between time points as well as manually selected immune genes using the function Seurat::DoHeatmap. Similarly, we
plotted the average CITE-seq protein expression per time point using the function Seurat::DotPlot, normalized with Seurat::Normal-
izeData method CLR and margin 2.
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Single-cell perturbation analysis using Mixscape

We applied the Mixscape®® workflow in Seurat to each time point separately and to all time points simultaneously, identifying genet-
ically perturbed cells in comparison with genetically unperturbed controls (i.e., cells that were confidently assigned to non-targeting
guide RNAs). Cell perturbation signatures were calculated with Seurat::CalcPerturbSig by subtracting the average gene expression
profile of the 30 closest unperturbed control cells in a 40-dimensional PCA space. Using Seurat::RunMixscape, with a log, fold
change threshold of 0.1, cells were classified as perturbed or unperturbed using posterior probabilities of an expectation-maximiza-
tion (EM) algorithm for mixtures of univariate Gaussian distributions, assuming that each target gene group is a mixture of two
Gaussian distributions (perturbed signal and unperturbed background). Linear discriminant analysis (LDA) was applied on the pertur-
bation signatures of all cells using Seurat::MixscapelLDA to find the most discriminative subspace given the labeled cells. To visualize
the LDA-transformed data in two dimensions, UMAP with Seurat::RunUMAP was used.

Analysis of perturbation effects using differences in gene expression

Differential gene expression analysis between genetically perturbed and control cells within time points, and within knockouts across
time points, was performed using Seurat::FindMarkers, with a log, fold change threshold of 0.1 and the Wilcoxon rank-sum test. The
same approach was used to analyze differential surface protein expression. These analyses were performed separately for all cells
and only for the perturbed cells identified by Mixscape. The results were visualized by volcano plots using the R package Enhanced-
Volcano (1.12.0),”° plotting the average log, fold change and adjusted p-values per gene and protein for each comparison. To visually
summarize the results for one type of analysis (e.g., all knockout effects within a time point), clustered heatmaps of average log, fold
changes were plotted for genes that were significantly differentially expressed at least in one comparison. Gene set enrichment anal-
ysis was performed on the differentially expressed genes.

Inference of functional similarity graphs

To quantify the similarity between gene knockouts, we conducted a cross-prediction analysis where a multi-class logistic regression
model was used to predict for each cell perturbation signature which knockout class was the most fitting when all cells with the actual
knockout class were removed from the training set. The cross-prediction models were trained and evaluated using LogisticRegres-
sion from scikit-learn (0.24.2)"° with elastic-net penalization, I1-ratio of 0.5, and saga solver, in combination with mode/_selection.
cross_val_predict using the cross-validation scheme LeaveOneGroupOut and the method predict_proba. Prediction probabilities
for each knockout were averaged to get a confusion matrix consisting of average probabilities of cross-prediction (the diagonal
was empty because correct predictions were impossible due to the leave-one-group-out cross-validation setup). All averaged
prediction probabilities below 0.1 were pruned (i.e., set to 0). The resulting matrix was used as an adjacency matrix to plot a directed
graph, with edge pairs for each pair of nodes visualized as trapezoids in which the widths at the target and source node correspond to
the average probabilities of the cross-predictions, using gplot from sna (2.6)''* with the Fruchterman-Reingold algorithm option.
Then the resulting functional similarity graph was compared to prior knowledge using the STRING database (11.5),”" queried via
the R package STRINGdb (2.10). The same threshold of an interaction confidence of 0.1 was used to prune the protein interaction
graph. To test if overlapping edges were significantly enriched in higher interaction confidence scores from STRING, the Mann-
Whitney U test was used.

To identify functional similarity relationships between gene knockouts across all three time points, the same approach was
applied to the results of the Mixscape perturbation analysis across all time points. Here, each class was defined as the combination
of atime point and a knockout. Two scores were determined to quantify the relationship of within-knockout similarity to within-time-
point similarity for all target genes. The scores for each target gene were determined by adding up each node’s edge weights of its
direct neighbors by the same knockout or time point, respectively. To that end, the unpruned graph (i.e., the full adjacency matrix)
was used, which represents all averaged cross-prediction probabilities. Scores were scaled by the total number of nodes with the
knockout. To propose a biological interpretation of the identified perturbation relationships of the similarity graph across all time
points, we selected the overlap of statistically significant genes split by directionality (upregulated versus downregulated) of the
respective differential expression results for the connected nodes (perturbation effect within a time point). Gene set enrichment
analysis was performed on these overlapping genes.

Enrichment of knockout signatures in temporal regulons of the Listeria response

To identify regulators of macrophage homeostasis and Listeria response, we analyzed the enrichment of knockout-induced
differentially expressed genes among the temporal regulons (Figure 3). We used the significantly upregulated or downregulated
genes for each knockout and time point as our query gene sets. These genes were tested for enrichment among the temporal
clusters of divergent genes upon Listeria treatment. Enrichment analysis was conducted using Enrichr'°° through the Python wrapper
GSEApy (0.10.6).”° The odds ratios of the statistically significant results were visualized using the chordDiagram function from
the circlize package (0.4.15).%?
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Figure S1 (related to Figure 1). Time series of transcriptome and epigenome profiles for the Prdm1 locus in macro-

phages responding to six immune stimuli

Genome browser tracks depicting gene expression (left) and chromatin accessibility (right) at the Prdm1 locus (the

direction of transcription is from right to left) over time across stimuli (colored) and for untreated controls (grey).
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Figure S2 (related to Figure 1). Overview of gene expression and chromatin accessibility dynamics in macrophages
responding to six immune stimuli

(A) Scatterplot of first and second principal components for all gene expression (left, RNA-seq: GSE263759; 64 samples)
and chromatin accessibility profiles (right, ATAC-seq: GSE263758; 78 samples). Stimuli are color-coded, time points are
denoted by circle size, and arrows indicate shared trends. The red box highlights the similarity of the IFN-B and IFN-y
response at the 2 hours’ time point.

(B) Scatterplot comparing the number of significant differentially expressed genes (x-axis) and differentially accessible
genomic regions (y-axis) for each stimulus compared to untreated controls. Stimuli are color-coded, time points are
denoted by circle size and direction of change by red (upregulation) or blue (downregulation) central dots.
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Figure S3 (related to Figure 3). Example of established epigenetic potential and its transcriptional realization for
Tmem26 and Ifnb1 in macrophages responding to LPS and Listeria

Genome browser tracks depicting gene expression (orange) and chromatin accessibility (blue) at the Tmem26 (top,
direction of transcription from left to right) and Ifnb1 (bottom, direction of transcription from right to left) gene loci
over time for LPS and Listeria treatments (colored) and untreated controls (grey). Dashed boxes highlight the realization
of the established epigenetic potential as part of the response to Listeria treatment but not for LPS treatment.

67



MEDICAL UNIVERSITY
OF VIENNA

Candida2h Candida4h Candida 6 h Candida8h Candida 24 h
121 pearsons R = 0.98 121 pearsons R = 0.99 7o 121 pearsons R = 0.99 121 pearsons R = 0.99 121 pearsons R = 0.98 7
8 8
4 4
0 0
12 0 12
IFN-B2h IFN-B4h IFN-B6h IFN-B 8h IFN-B 24h
12{ pearsons R = 0.98 121 Pearsons R = 0.98 12{ Pearsons R = 0.98 121 pearsons R = 0.98 121 Pearson's R = 0.97
8 - | 8 - 8 L :
4 4 4
= (225)
.
0 —— 0 0
0 5 10 0 4 8 12
IFN-y 2h IFN-y 4h IFN-y6h IFN-y 8h IFN-y 24 h
12 pearsons R = 0.98 121 pearsons R = 0.98 121 pearsons R = 0.98 e 121 pearsons R = 0.98 a8 121 pearsons R = 0.98
8 8 F: 8
24 4 4
(=4
g | il
= — e
% 0 —— 01— 0
c
(=}
2 4 0 4 8 12 0 4 8 12
& LCMV2h LCMV4h LCMV6h LCMV 8h LCMV 24h
g 121 pearsons R = 0.98 121 pearsons R = 0.98 121 pearsons R = 0.98 121 pearson's R = 0.99 121 pearson's R = 0.98
s =
x s
o
o 8
c
I3
o
4
0
12
Listeria2 h Listeria4 h Listeria6 h Listeria8 h Listeria 24 h
12 Pearsons R = 0.98 12 pearsons R = 0.98 121 pearsons R = 0.97 121 pearsons R = 0.97 121 pearson's R = 0.92
8 8 8
4 4 4 =
. ——
of == ] 0 0 __ 1
0 4 8 12 0 4 8 12 0 4 8 12 0 4 8 12 -5 0 5 10
LPS2h LPS4h LPS6h LPS8h LPS24h
12 Pearson's R = 0.98 12 Pearson's R = 0.98 12 Pearson's R = 0.97 12 Pearson's R = 0.98 12 Pearson's R = 0.96
8 Tl i | 8 :
4 4 4
0 0 0

0 4 8 12 -4 0 4 ) 12
. o . . . . Chromatin accessibility (signal intensity)
Divergent genes within the respective stimulus and time point
@ Transcriptional abundance
@ Epigenetic potential
(O Genes with expected relationship

68



MEDICAL UNIVERSITY
OF VIENNA

Figure S4 (related to Figure 3). Epigenetic potential and relative transcriptional abundance in macrophages respond-

ing to six immune stimuli and in untreated controls

Scatterplots of gene expression and chromatin accessibility for each stimulus and time point, with genes colored as
carriers of epigenetic potential (red), relative transcriptional abundance (blue), or expected relationship of expression
and chromatin (black), separately for each time point and stimulus. The number of genes per category is indicated.
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Figure S5 (related to Figure 3). Cluster analysis of gene-promoter pairs over the time series of macrophages respond-

ing to six immune stimuli

Bar plots showing the composition of time-series clusters (left), mean temporal changes (center), and mean signal
intensities (red: chromatin accessibility; blue: gene expression) per cluster (right) in the relationship between gene
expression and chromatin accessibility over the time series in response to six immune stimuli (rows).
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Figure S6 (related to Figure 4). High-content CRISPR screens with a combined CROP-seq and CITE-seq method in
macrophages treated with Listeria

(A) Representative scatterplots of the FACS gating strategy (left to right) for selecting live cells that have been success-
fully transduced with a CRISPR guide RNA construct according to mCherry expression.
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(B) Volcano plot of differentially expressed genes (circles) and differentially expressed surface proteins (triangles) for
knockout (KO) of Csf1r/CD115 at the untreated time point, compared to cells without genetic perturbation (WT), based
on the Wilcoxon rank-sum test.

(C) Unsupervised UMAP representation of single-cell surface protein expression data (CITE-seq of CROP-seq KO15:
GSE263760; 9,153 cells) colored by time point (left) and genetic perturbation (right), respectively. Clustering of Spil
knockout cells is highlighted by a circle.

(D) Bubble plot of overlapping gene set enrichments after two and six hours of Listeria treatment according to bulk
RNA-seq profiles (corresponding to Figure 1, 2) and single-cell RNA-seq profiles based on the CROP-seq data in cells
without genetic perturbation (WT; corresponding to Figure 4C). Effect size (odds ratio) is indicated by bubble size,
statistical significance (adjusted P-value; hypergeometric test) by opacity, and effect directionality by color (red: higher
expression after treatment; blue: lower expression after treatment).

(E) Dot plot of normalized average surface protein expression (based on the CITE-seq readout) in cells without genetic
perturbation (WT) across time points. The percentage of cells expressing the protein is indicated by circle size.

(F) Volcano plots of differentially expressed genes (circles) and differentially expressed surface proteins (triangles) for
knockout (KO) Spil across time points, compared to cells without genetic perturbation (WT), based on the Wilcoxon
rank-sum test.
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Figure S7 (related to Figure 4). Mixscape classification of genetic perturbations for high-content CRISPR screens in
macrophages treated with Listeria

(A) Bar plots of perturbed cells as the percentage of total cells as determined by Mixscape analysis, separately for each
target gene, guide RNA, and time point. Boxes highlight the emergence of the Rela and Irf8 knockout effects after two
and six hours of Listeria treatment, respectively.
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(B) Unsupervised UMAP representation of LDA-transformed Mixscape genetic perturbation signatures (based on the
assigned guide RNAs) after two hours of Listeria treatment, with cells colored by their assigned guide RNAs (1,642 cells).
The arrow highlights the emergence of the Rela knockout effect at the 2 hours’ time point.

(C) Hierarchically clustered heatmap of effect sizes for knockout-induced differential gene expression after two hours
of Listeria treatment. The box highlights the emergence of the Rela knockout effect at the 2 hours’ time point.
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Figure S8 (related to Figure 4). Regulators of ISG expression and differential cell surface protein expression

(A) Euler plots of downregulated genes for the Irf9 and Stat2 knockouts and upregulated genes for the Ep300 knockout
at each time point of Listeria treatment (left). Overlapping genes are annotated in boxes (right).

(B) Hierarchically clustered heatmap of knockout-induced differential cell surface marker expression based on CITE-seq
(fold changes, columns) compared to cells without genetic perturbation, across all time points. Statistical significance
(adjusted P-value < 0.05; Wilcoxon rank-sum test) is indicated by asterisks (*).
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Figure S9 (related to Figure 5). Quality control, differential protein expression, and protein-protein interactions for
the upscaled CROP-seq screen

(A) Scatterplot comparing the number of significantly upregulated genes (y-axis) and significantly downregulated genes
(x-axis) for each knockout based on the Mixscape genetic perturbation analysis for the 6 hours’ time point, based on
the Wilcoxon rank-sum test.

(B) Volcano plots of differentially expressed genes (circles) and differentially expressed surface proteins (triangles) for
knockouts (KO) Csf1r/CD115 (left) and Fcgr1/CD64 (right) in the untreated and the 6 hours’ time point, respectively,
compared to cells without genetic perturbation (WT), based on the Wilcoxon rank-sum test.

(C) Volcano plots of differentially expressed genes (circles) and differentially expressed surface proteins (triangles) for
the knockout (KO) of Spil across time points, compared to cells without genetic perturbation (WT), based on the Wil-
coxon rank-sum test.

(D) Unsupervised UMAP representation of single-cell surface protein expression (CITE-seq of CROP-seq KO150:
GSE263761; 6,187 cells) following Mixscape genetic perturbation analysis, colored by time point.

(E) Scatterplots comparing the number of significantly upregulated (y-axis) and downregulated (x-axis) surface proteins
(CITE-seq) for each knockout based on Mixscape genetic perturbation analysis across all time points, based on the
Wilcoxon rank-sum test.

(F) Distribution of protein-protein interaction scores from the STRING database for regulators with significant knockout
effects based on Mixscape genetic perturbation analysis after six hours of Listeria treatment, shown separately for
regulator pairs that were (right) or were not (left) connected in the functional similarity graph (Figure 5D). Regulator
pairs were colored based on the average prediction probability connecting the two knockouts, and score distributions
were compared by Mann-Whitney U test.

(G) Volcano plots of differentially expressed genes for the mediator complex knockouts Med14 (left) and Med8 (right)
after six hours of Listeria treatment, compared to cells without genetic perturbation (WT). Differentially expressed
genes that are shared between the two comparisons are colored in red and individually labeled, based on the Wilcoxon
rank-sum test.
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Figure S10 (related to Figure 5). Analysis of the upscaled CROP-seq screen for untreated macrophages

(A) Unsupervised UMAP representation of LDA-transformed Mixscape genetic perturbation signatures (based on the
assigned guide RNAs) in untreated cells, with cells colored by their assigned guide RNAs (2,485 cells).

(B) Scatterplot comparing the number of significantly upregulated genes (y-axis) and significantly downregulated genes
(x-axis) for each knockout based on Mixscape genetic perturbation analysis in untreated cells, based on the Wilcoxon
rank-sum test.

(C) Functional similarity graph derived by cross-prediction analysis in untreated cells. The 21 nodes represent gene
knockouts and edges denote average cross-prediction probabilities (pruned at a cutoff of 0.1). Node size corresponds
to the square root of the number of cells for each knockout. Edges are visualized as trapezoids, where the width at the
source node corresponds to the probability of cross-predicting the source node as the target node.

(D) Distribution of protein-protein interaction scores from the STRING database for regulators with significant knockout
effects based on Mixscape genetic perturbation analysis in untreated cells, shown separately for regulator pairs that
were (right) or were not (left) connected in the functional similarity graph (Figure S10C). Regulator pairs were colored
based on the average prediction probability connecting the two knockouts, and score distributions were compared by
Mann-Whitney U test.

(E) Hierarchically clustered heatmap of knockout-induced differential cell surface marker expression based on CITE-seq
(fold changes, columns) compared to cells without genetic perturbation, in untreated cells. Statistical significance (ad-
justed P-value < 0.05; Wilcoxon rank-sum test) is indicated by asterisks (*).

(F) Bubble plot of gene set enrichments for Ep300 and Sfpg knockouts in untreated cells. Effect size (odds ratio) is
indicated by bubble size, statistical significance (adjusted P-value; hypergeometric test) by opacity, and effect direc-
tionality by color (red: higher expression in the knockouts; blue: lower expression in the knockouts).

(G) Boxplots of gene expression (fold changes compared to the respective controls) for Spp1 and five interferon stimu-
lated genes (ISGs) upon interference with EP300 function at the DNA level (CRISPR knockout of Ep300, left) and at the
protein level (treatment with small-molecule inhibitors of EP300, right). Gene expression was measured by qPCR in
untreated RAW 264.7 cells. Three biological replicates were profiled and plotted, statistical significance was determined
by paired t-tests, and asterisks (*) indicate P-values below 0.01.
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Figure S11 (related to Figure 5). Analysis of the upscaled CROP-seq screen for macrophages after 24 hours of Listeria

treatment

(A) Unsupervised UMAP representation of LDA-transformed

Mixscape genetic perturbation signatures (based on the

assigned guide RNAs) after 24 hours of Listeria treatment, with cells colored by their assigned guide RNAs (880 cells).

(B) Scatterplot comparing the number of significantly upregulated genes (y-axis) and significantly downregulated genes
(x-axis) for each knockout based on Mixscape genetic perturbation analysis at the 24 hours’ time point, based on the

Wilcoxon rank-sum test.

(C) Functional similarity graph derived by cross-prediction an
gene knockouts and edges denote average cross-prediction

alysis for the 24 hours’ time point. The 12 nodes represent
probabilities (pruned at a cutoff of 0.1). Node size corre-

sponds to the square root of the number of cells for each knockout. Edges are visualized as trapezoids, where the width

at the source node corresponds to the probability of cross-p

redicting the source node as the target node.
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(D) Distribution of protein-protein interaction scores from the STRING database for regulators with significant knockout
effects based on Mixscape genetic perturbation analysis after 24 hours of Listeria treatment, shown separately for
regulator pairs that were (right) or were not (left) connected in the functional similarity graph (Figure S11C). Regulator
pairs were colored based on the average prediction probability connecting the two knockouts, and score distributions
were compared by Mann-Whitney U test.

(E) Hierarchically clustered heatmap of knockout-induced differential cell surface marker expression based on CITE-seq
(fold changes, columns) compared to cells without genetic perturbation, for the 24 hours’ time point. Statistical signif-
icance (adjusted P-value < 0.05; Wilcoxon rank-sum test) is indicated by asterisks (*).
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Figure S12 (related to Figure 6). Analysis of Listeria response regulators linked to Listeria response regulons

(A) Unsupervised UMAP representation of LDA-transformed Mixscape genetic perturbation signatures (based on the
assigned guide RNAs) across all time points, with cells colored by their assigned guide RNAs (6,198 cells).

(B) Circos plots connecting the regulator effects after six hours (left diagram: bottom, from Figure 5C) and 24 hours
(right diagram: bottom, from Figure S11A) of Listeria treatment with the regulons driving the response to Listeria (both
diagrams: top, from Figure 3D). Arrows indicate statistically significant enrichments (hypergeometric test; filled arrows:
upregulation; outline-only arrows: downregulation); arrow width denotes effect size (log, odds ratio).
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CHAPTER THREE: Discussion

3.1 General discussion:

A holistic view of cell biology and the underlying molecular pathways will benefit from high-
throughput analysis of gene functions in robust experiments covering a range of conditions,
timepoints and readout modalities. In the course of this thesis, we explored novel screening
technology based on CRISPR-Cas9 mediated genetic perturbations targeting over a hundred
individual genes coupled to single cell sequencing providing both transcriptomic data and cell-
surface proteome insights. We applied this technological approach to investigate transcrip-
tional regulators of macrophage immune signaling and described novel functional insights.
This data was analyzed and combined with high-quality time series RNA and chromatin data
exploring a broader array of immune signals in primary macrophages. Overall, this study pro-
vides a robust approach to explore transcriptional regulation; contributes valuable, high-quality

data sets; and describes novel biological connections between genes.

3.1.1 Descriptive investigation of transcriptional and epigenetic dynamics in macrophages

In the initial part of this thesis, we performed dense time series immune stimulation experi-
ments with six different immune stimuli on in vitro differentiated bone-marrow derived murine
macrophages with both transcriptome and chromatin accessibility readout from the same cell
culture well. Gathering both readout modalities from the same cell population and adhering to
best practices in next generation sequencing workflows we obtained high-quality data for each

modality respectively.

We identified expected transcriptional patterns based on previous literature such as the rapid
upregulation of immune pathways with a clear time-dependent dynamic. Pathogenic stimuli
first engaged TLR and intracellular detection pathways leading to strong NFkB signaling with
subsequent interferon response pathways. The latter being induced by the type | interferon,
IFN-B, expressed by the macrophages themselves (Sheu & Hoffmann, 2022). Likewise, tran-
scription of cell proliferation and maintenance pathways decreased drastically as reported pre-
viously (Cheng et al, 2019). Additionally, comparison with chromatin accessibility indicates
that the cells epigenetic status retains openness for a potential subsequent reactivation. In-
deed, in our arguable weakest treatment (based on number of differential genes and accessi-
ble loci), using UV-irradiated C. albicans, we observed an initial transcriptional drop in a reg-
ulon associated with cell cycle and subsequent return to homeostasis at our latest timepoint
of 24 hours. In this treatment we also observed a return to homeostatic chromatin accessibility

for all identified regulons, indicating that macrophages likely return to an inactive state and
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continue to persist if the pathogenic threat is of minor severity. These cells may have altered

parts of their epigenetic profile, such as histone modifications like H3K4me1 (Kaikkonen et al,

2013; Ostuni et al, 2013), that can remain irrespective of chromatin accessibility and convey

a training or tolerance effect for subsequent encounters as has been described extensively for
innate immune cells (Netea et al, 2019, 2011; Novakovic et al, 2016; Sheu & Hoffmann, 2022;
Vuscan et al, 2024).

While the involved epigenetic mechanisms can vary, we decided to utilize ATAC-seq to ro-
bustly measure general chromatin accessibility. As exemplified by the IFN- locus chromatin
opens up by both Listeria and LPS challenge yet full transcriptional activation was only ob-
served in the ongoing Listeria condition. Interestingly, LPS treatment alone is reported to in-
duce IFN-B (Jacobs & Ignarro, 2001) yet in our data did not yield a significant increase on the
transcriptional level. In order to assess shared regulatory patterns over the time course, we
integrated transcriptional output with chromatin accessibility at the promoter region to allow a
high-level view of epigenetic involvement (Krausgruber et al, 2020). Using this integrative ap-
proach we select genes divergent from the expected correlation between both data modalities.
As in the original study, we used the term “epigenetic potential” where a gene is accessible
yet not transcribed to the expected level. We additionally termed the opposite state of abun-
dant mRNA without the expected level of chromatin openness as “relative transcriptional abun-
dance”. This approach allowed us to observe dynamic shifts over the time points and compar-
ison between conditions, such as LPS and Listeria in their establishment of epigenetic poten-
tial and its subsequent realization, that is, expression. Furthermore, we were able to augment
transcription factor prediction analysis with our own perturbation data of various transcriptional

regulators enhancing biological insights.

3.1.2 Functional screening results

Our screening setup aimed to identify transcriptional regulators with a strong focus on epige-
netic modifiers. Overall, we use the term transcriptional regulator very loosely/inclusive includ-
ing upstream receptor and signaling adaptor proteins. The reason being that the readout of
the perturbation screen permits a rather unbiased representation of the transcriptome of the
cell. In other words, measuring the resulting changes from a perturbation is inherently agnostic
to the respective biological mechanism. This is best demonstrated by our results with the “high
within time point similarity” found between the cell surface receptor IFNAR1, the adaptor ki-
nases JAK1 and TYK2 and the transcription factors STAT2 and IRF9. All are part of the type
| interferon response pathway (Gough et al, 2012). Our results support the idea, that inhibition
of the interferon response in macrophages challenged with Listeria can be achieved independ-

ent of which component of this pathway is targeted. This ability to screen entire pathways
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increases therapeutic options to select from a variety of target genes and thus circumvent

traditionally “undruggable” pathway members.

However, even in unchallenged homeostatic macrophages the receptor IFNAR1 displayed
strong within time point similarity with the other members. This supports a model in which tonic
signaling maintains the expression of the ISGF3 complex members STAT1, STAT2 and IRF9
(Gough et al, 2012; Majoros et al, 2016) and in turn enables unphosphorylated STAT2-IRF9
complexes to drive basal ISG expression (Platanitis et al, 2019). Importantly, the latter study
used a JAK inhibitor to demonstrate that short term perturbation of the receptor or signaling

adaptors would fail to decrease homeostatic ISG expression.

For interpreting a screen it is therefore important to consider the technical details Especially,
how and when a perturbation would affect the respective target gene expression and replace
the unperturbed proteins still present in the cell. With these considerations in mind, our findings
serve as an example of the screening paradigm that irrespective of the actual mechanisms

screening hits can be grouped based on functional similarities.
Differences in STATs

The greater depth of the first screen enabled us to observe that the STAT1 knockout lead to
an increase in certain 1SGs, such as IFITs and OASLs at homeostatic conditions, a counter-
intuitive finding at first. Likewise, the 6 h time point of the first screen indicates that STAT1
loss does not lead to a complete abrogation of interferon signaling as do other members of
the JAK-STAT pathway such as JAK1, IRF9, and STAT2. A potential explanation for this ob-
servation could be found in studies that explored how both unphosphorylated STAT2-IRF9
complexes as well as phosphorylated STAT2 complexes can cover a majority of interferon
signaling in the absence of STAT1 (Blaszczyk et al, 2015; Michalska et al, 2018; Platanitis et
al, 2019). Additionally, compared to STAT1 knockouts, unphosphorylated STAT1 macro-
phages are paradoxically more susceptible to infection with Legionella. This intracellular path-
ogen replicates primarily in alveolar macrophages by suppressing STAT2-IRF9 signaling (Ma-
joros et al, 2016). Additionally, in fibroblasts unphosphorylated STAT1 lead to an increase of
several ISGs such as IFI127, BST2, OAS1-3, IFI44 and STAT1 (Cheon & Stark, 2009).

These findings support cell type specific fine-tuning of ISGs in homeostatic conditions where
unphosphorylated STAT1 and STAT2-IRF9 complexes may compete to ensure proper ISG
expression levels. Overall, our data indicate that loss of STAT1 in a context preserving para-

crine tonic interferon signaling can lead to a stronger basal ISG expression.
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Opposing interferon expression

The aforementioned agnostic nature regarding the mechanism of action is further exemplified
by the grouping of EP300 and SFPQ into a functional relationship. This is best characterized
by the shared upregulation of interferon response genes after knockout of either factor. The
paraspeckle protein SFPQ has been previously observed to be involved in the gene regulation
of endogenous genes. SFPQ acts as a transcriptional repressor at the promoter site of IL-8
and quickly relocates to paraspeckles upon stimulation, thus allowing IL-8 expression to occur
(Imamura et al, 2014). The long-noncoding RNA Neat1_2 involved in the recruitment of SFPQ
was found by Imamura et al. to regulate around 85 genes, two of which, RIG-I and DDX60,
were later confirmed to be also regulated by SFPQ in a similar manner (Ma et al, 2017). Our
study discovered an even more widespread regulation of interferon response genes, implying
that the inhibitory function of SFPQ is vital to keep unwanted expression of detrimental im-
mune cascades in check. Further evidence for the importance of paraspeckle formation during
immune activation comes from Neat1_2 knockout mice which fail to mount an adequate im-
mune response to LPS. However, their cytokine profile remains relatively stable without im-
mune activation (Azam et al, 2024). This further supports a model in which transcriptional
repression by SFPQ is a main immune regulator and requires active sequestration to

paraspeckles via Neat1 to allow initiation of a proper immune response.

Additionally, several viruses exploit SFPQ for its IRSE-trans activating function, which allows
the translation of transcripts beginning at IRSE sites. Therefore, a therapeutic intervention at
SFPQ may provide multiple benefits to the host. Namely the inhibition of viral protein transla-
tion, the activation of cGAS-STING pathway via paraspeckle destabilization and the de-re-
pression of immune genes (Milcamps & Michiels, 2024). Taken together, our findings position
SFPQ as a transcriptional regulator affecting a broad range of immune response genes like
ISGs.

A counterintuitive HAT

Like SFPQ, EP300 loss led to an increase in interferon signaling in both homeostasis and after
immune stimulation with Listeria. This piqued our interest as EP300 is predominantly thought
of as a transcriptional activator. It is a histone acetyl transferase responsible for the placement
of the H3K27ac mark, a prominent feature of active promoter and enhancer structures. Indeed,
in macrophage biology H3K27ac is often found associated with active transcription of immune
genes (Ghisletti et al, 2010; Kaikkonen et al, 2013; Kano et al, 2024). Nevertheless, in addition
to our observation two lines of evidence speak for a nuanced role for EP300 in the context of
overall immune activation. A functional screen utilizing shRNAs in a human macrophage cell

line, THP-1s, explored macrophage polarization factors based on the classic M1 (LPS + IFN-
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y) and M2 (IL4 + IL13) polarization treatments (Surdziel et al, 2017). In this setup EP300 was
observed to suppress the M1 phenotype while simultaneously supporting M2 polarization, an
anti-inflammatory state. Furthermore, the function of HDACs has been proven vital for proper
immune response gene transcription (Chang et al, 2004). Blocking the HDAC function with

the inhibitor TSA resulted in suppression of the upregulation of several immune genes that we

found upregulated upon EP300 knockout, such as the ISGs Irf7 and Usp18, as well as genes
associated with antigen processing and presentation like Psmb1/8/9/10 and Tap1/2/bp (Roger

et al, 2011). Interestingly, the latter study found that while HDAC inhibitors suppressed IFN

response genes, the actual expression of IFN-B was increased upon stimulation.
Further exploration of EP300 involvement

Given the above findings we set out to validate EP300 function in our experimental model

system using two complementary approaches.

To directly validate the findings from the CROP-seq screens we generated Ep300 knockouts
in an arrayed format. In other words, one gRNA introduced a single perturbation per well/dish
and we utilized gPCR readout to validate the findings on several ISGs. Additionally, we tested
the Spp1 gene whose regulation was strongly anticorrelated in the screens. While this setup
closely recapitulates the genetic perturbations in the screen, slight technical differences could
impact the read out. In our pooled screen experiment, knockout cells were surrounded by a
majority of unperturbed/wild type cells, which provided exogenous factors such as IFN-(.
Based on the Mixscape results of perturbation efficiency in our screens we would expect at
most 10-15% of cells to remain unperturbed after successful gRNA introduction in the valida-
tion experiment. In the validation experiment we selected for the gRNA construct via antibiotic
resistance to puromycin to ensure no untransduced cells remained. Additionally, due to the
strong antibiotic selection the experiment stretched to three weeks between genetic perturba-
tion and stimulation/readout. Taken together, the successful recapitulation both validates the
functional impact of Ep300 perturbation and indicates that the effect is independent of sur-
rounding wild type cells (though whether EP300 knockout cells themselves preserve afore-
mentioned exogenous secretion remains to be tested) and persists stably over a long

timeframe.

As orthogonal strategy to genetic perturbation, we utilized small molecule inhibitors of the
EP300 protein. Specifically, we tested both an inhibitor, A-485, of the catalytic function (writer)
and an inhibitor, SGC-CBP30, of the bromodomain (reader) of EP300 and the closely related
CREB-binding protein (CBP). Hence this experimental setup can reveal the involvement of
the specific function of EP300 required for the phenotype though with the caveat of inhibiting

acetylation at a larger scale by affecting two histone acetyltransferases simultaneously. While
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a previous study by Piatnitski-Chekler et al. observed a more varied expression of IFN genes

using CBP/EP300 inhibition with another bromodomain inhibitor PF-CBP1 (Chekler et al,
2015), our results clearly validate the findings of our CROP-seq screens. Compared to the
gRNA perturbation results the readout was taken after 24 hours suggesting that EP300s effect

on ISGs is established quite fast after loss of either reader or writer function. In both validation
approaches, the effect was observed in homeostatic conditions and after 2 hours of stimulation

with IFN-B. The latter lead to decreased variability between replicates, suggesting that the

effect is linked to the amount of extracellular IFN-3.

Taken together, both genetic perturbation and protein inhibition validate a key finding of our

CROP-seq screens, namely EP300s involvement in ISG expression.

Interestingly, the effect on Spp7 expression was less clear. While genetic perturbation and
bromodomain inhibition of EP300 led to the expected downregulation, inhibiting the catalytic
site of EP300 surprisingly led to an upregulation. This suggests that regulation of ISGs and
Spp1 are not simply anticorrelated but follow different regulatory mechanisms requiring careful

further study.

A potential mechanistic model suggests that histone acetylation balance is impacting tran-
scription via BRD4 availability. Too much histone acetylation (e.g. due to a lack of deacetylase
function) would sequester BRD4 and hence lead to a lack of BRD4 availability for inducible
promoters (Marié et al, 2018). Consequently, the loss of EP300 could lead to global overa-
bundance of available BRD4. However, the same screen that positioned EP300 as a M2 me-
diator and M1 suppressor found the same to be true for BRD4 (Surdziel et al, 2017). It would
therefore be interesting to closely compare the function of both proteins in macrophage acti-
vation, with a particular focus on constitutive active promoters and stimulus responsive pro-
moters. Unfortunately, BRD4 was not included in any of our screening experiments. Apart
from histones both HATs and HDACs affect the post-translational status of other proteins,
such as transcription factors. Indeed, another proposed mechanism involves the direct
deacetylation of the transcription factor C/EBPB by HDAC-1 allowing transcription to occur
(Xu, 2003).

In summary, EP300 exerts an inhibitory role on IFN response gene expression and several
other immune related genes in macrophage homeostasis and in response to immune signal-
ing. These effects reflect the opposing side of the functional characteristics of HDACs and
inhibition thereof, suggesting that the mechanism of EP300’s immune regulation is largely

dependent on the catalytic acetyltransferase function.
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Several angles from a single experiment

Overall, our data supports findings of tonic IFN response gene expression, potentially by a
subset of cells. Furthermore, we have identified several factors such as SPI1, EP300 and
SFPQ, whose perturbation led to an increase in IFN response gene expression in macrophage
homeostasis and immune response. Taken together, this supports a model of the interferon
response that constantly balances activatory with inhibitory signals, or in a car analogy, whose
gas and brake pedals are constantly pressed. The JAK-STAT signaling cascade is often used
as an exemplary simple signaling cascade, yet the widespread involvement of co-transcription
factors and epigenetic modifiers to the final outcome regarding transcriptional output holds

promise to yield various novel therapeutic angles.

3.1.3 Screening improvements

With the power of hindsight, it is easy to expect the screen yielding more biological insights if
the 24 hour timepoint would have been removed in favor of going into more depth/breadth for
the other time points, or replaced with an earlier, intermediate time point. The effects of Listeria
induced macrophage cell death, either via virulence factors such as LLO or self-induced py-
roptosis reduced the number of cells below the expected outcome and thus impacted the abil-

ity to assess functional effects of the perturbations.

We found the CITE-seq readout, which labels proteins using oligo-tagged antibodies, to pro-
vide both complementary biological validation as well as a strong technical control. For two
proteins (CSF1R/CD115 and FCGR1A/CD64) where we perturbed the respective gene we
could not detect a broad impact on the transcriptome in our experimental model, yet observed
the loss of the protein. In the case of CSF1R a reduction in Csf1Tr mRNA itself was also ob-
served, potentially due to nonsense-mediated decay. As other perturbation effects are context
dependent (such as Rela and Irf8 in our experiments) it is useful to include protein directed
readouts to monitor the successful perturbation across several genes, especially when other
positive controls for the given experimental context are not yet established. Nowadays, widely
available pre-titrated antibody cocktails aid in measuring over hundred proteins simultane-
ously and intracellular staining protein methods (Gerlach et al, 2019; Mimitou et al, 2021;

Reimegard et al, 2021) will further enhance a holistic understanding of regulatory processes.

An additional advantage, specifically for infection-based screening setups, is the ease of spe-
cific enrichments of RNAs using 5’-based transcriptome capture. Next to capturing the tran-
scriptome of the host cell and the exogenous gRNA, a specific capture probe can be designed
against RNAs of the infectious agent itself. As a hypothetical example, we could have enriched
for a Listeria gene in our screens. This way, an assessment of the pathogenic load of each

analyzed cell can be performed and a better separation between bystander effects vs true
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host cells attained. The power of assessing the infection state was already demonstrated early

on using poly-T primers to capture influenza virus transcripts (Steuerman et al, 2018) and this

approach can now be extended to a broader array of RNAs.

3.1.4 Screening cell lines to in vivo

Over the course of the thesis multiple screening approaches were performed in primary bone
marrow derived macrophages (BMDMs, data not shown). Compared to the RAW 264.7 cell
line we encountered several challenges that precluded us from gaining biological insights

within the constraints of the project’s expectations.

When it comes to macrophage models an early question to address is whether to focus on
tissue resident macrophages or on bone-marrow derived macrophages. The former allows
tissue specific insights but often comes with downsides regarding extraction of tissue resident
macrophages or with lack of appropriate ex vivo culture models, though advancements are
ongoing such as a novel differentiation culture toward alveolar macrophages (Gorki et al,
2022).

Overall, while tissue resident macrophages retain cell proliferation potential and CSF1 specif-
ically stimulates cell cycle also in bone marrow derived macrophages (Hamilton, 1997; Raza
et al, 2014) the capabilities are not comparable to transformed cell lines. This precludes most
screening setups using proliferation rate as selective pressure such as negative selection

screens relying on high coverage per target gene (Bock et al, 2022).

Genetic engineering of inherently antiviral cells such as primary macrophages, especially via
viral vectors, provides another hurdle. A constitutive Cas9-expressing mouse model allowed
us to generate genetically perturbed BMDMs with single knockouts (Boccuni et al, 2022) using
transduction of bone-marrow after 2 days of differentiation with M-CSF. However, this timing
may conflate a gene target’s role in mature macrophages with its functional impact during
various bone-marrow precursor differentiation states. Expectedly, we encountered reduced
efficiency of viral transduction rates in primary bone marrow derived cells differentiated with
M-CSF for 7 days compared to the RAW 264.7 cell line. Notably, in our attempts we did not
provide VPX which can increase the efficiency of lentiviral transduction in myeloid cells by
degrading the reverse transcription inhibitor SAMHD1 (Bobadilla et al, 2013). Other viral cell
engineering efforts rely on adenoviral transduction (Klichinsky et al, 2020), however, similar to
other non-viral approaches these do not lead to incorporation of exogenous genetic material
into the host cell and thus may not be suitable for long-term screening setups reliant on con-

tinuous gRNA expression.

91



@ MEDICAL UNIVERSITY
OF VIENNA
Timing of viral transduction is a critical factor when it comes to transducing primary cells. Suc-
cessful screens of ex vivo differentiated macrophages and dendritic cells often choose a
timepoint early in the differentiation process, likely transducing a heterogeneous mix of pro-
genitor cells. This could lead to greater noise, increased risk for multiple gRNA insertions not
based on Poisson’s distribution, and results need to be interpreted with the knowledge that
continuing differentiation processes provide an additional selective pressure. Nevertheless,
this strategy avoids the inefficiencies observed by fully differentiated innate cells. Successful
examples include a genome-wide CRISPR screen for macrophage efferocytosis by transduc-
ing bone marrow after one day of exposure to M-CSF (Shi et al, 2022) and perturbation
screens of dendritic cells transduced after 2 days differentiation of bone marrow with GM-CSF
(Jaitin et al, 2016; Parnas et al, 2015).

A further increase in complexity are in vivo screens, which most often include cells being
transduced ex vivo and engrafted in a host. Most efforts are applied to screen cancer cells or
T cells due to their proliferative advantages (Wang et al, 2023). A large-scale screening en-
deavor on hematopoietic stem cells (HSCs) and progenitor cells promises ubiquitous applica-
tions to immune related questions (Haney et al, 2022). Recent alternative approaches per-
formed transduction of early mouse embryos, which result in many developing tissues being
transduced (Renz et al, 2024; Zheng et al, 2024).

Taken together, the choice of macrophage model depends largely on logistic constrains, the
biological question at hand and a careful consideration between model complexity and valida-

tion capabilities.

3.1.5 Macrophage engineering, transcriptional requlators as leverage points

The introduction states several of the hallmark functions a macrophage is capable of, as well
as the fact that macrophages both exist and can repopulate every organ in the human body.
Furthermore, precursor cells can be extracted and ex vivo differentiation protocols are estab-
lished such as common differentiation of bone-marrow derived precursor cells with either M-
CSF or GM-CSF (Fleetwood et al, 2009). These properties make it an ideal candidate for cell
engineering strategies to combat a variety of diseases. An investigation of IL12 knock-in mac-
rophages observed increased IFN-y in solid tumor environments and prolonged survival in
murine models (Brempelis et al, 2020). Similarly, activation of macrophages with IFN-y within
tumor environments via attached “backpacks” is enough to prevent depolarization towards
tumor associated macrophages (TAMs) and in turn, slow tumor progression (Shields et al,
2020).

Another novel strategy are chimeric antigen receptor (CAR) macrophages (CAR-Ms) with

early studies applying these modified macrophages in malignant diseases contexts (Hadiloo
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et al, 2023; Sloas et al, 2021). We envision that a systemic understanding of macrophage
regulation, with transcriptional regulators providing a prominent leverage point, can aid in bet-

ter harnessing the beneficial, intrinsic properties of macrophages. An example for the syner-

gistic effects of CAR engineering paired with modification of an epigenetic modifier was ob-
served early on in CAR-T cells with a TETZ2 disruption (Fraietta et al, 2018) that lead to bene-

ficial changes in CAR-T cell differentiation and proliferation. Similarly, CAR-Ms can exploit
genetic modifications such as a mutation in the GTPase RAC leading to increased CAR-di-

rected phagocytic engulfment (Mishra et al, 2023).

The above examples highlight that the context-dependent macrophage plasticity is amenable
to therapeutic intervention and both their sentinel and effector functions can be harnessed.
We envision that a better systemic understanding of macrophages can inform of beneficial
functions and that transcriptional regulators provide important leverage points in fine-tuning

specific therapeutic outcomes.
3.2 Conclusion and future prospects

This study optimized cutting-edge technologies and applied them to complex biological ques-
tions. Specifically, genome-wide transcriptomic and chromatin accessibility sequencing al-
lowed us to create a dense time series data set of diverse immune stimulations of ex vivo
differentiated macrophages. Our analysis revealed the expected fast transcriptional upregula-
tion of immune pathways in favor of cell division and maintenance programs, yet the latter was
not accompanied by the expected loss of chromatin accessibility. Integrating both data modal-
ities allowed us to identify divergent genes whose regulation does not follow the expected
correlation between chromatin accessibility and transcriptional regulation, providing a high-

level view of their importance in the immune context.

Additionally, by developing high-content CRISPR screens we could simultaneously assess
over a hundred transcriptional regulators in their homeostatic role or function during innate
immune response. We observed context specific involvement by the regulators, like
Csf1r/CD115 knockout which failed to affect the M-CSF independent cell line RAW 264.7 used
in the screen, or Irf8 and Rela which displayed a strong effect only as macrophages were
challenged with Listeria. Using cross-prediction analysis we were able to identify functionally
similar regulators independent of the underlying mechanism. Interestingly, next to affirming
recent findings of basal JAK-STAT signaling, we additionally characterize known and novel
regulators as interferon response inhibitors. Perturbations of Spi1, Ep300 and Sfpq led to an
increase of ISGs in both homeostatic macrophages as well as during immune challenge. This,

suggests that macrophages continuously balance activatory and inhibitory signals in order to
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respond in a timely manner. The findings on EP300 specifically may present the as of yet

missing opposition to previously implicated HDACs in interferon regulation.

Finally, we highlighted a way forward how both descriptive and functional data sets can be
combined to create a systems level understanding of gene regulation in dynamic contexts.
Next to pairing novel epigenetic regulators to immune regulons we found homeostatic JAK-
STAT pathway members associated with a regulon increasing epigenetic potential during im-
mune response, suggesting a gene regulatory role of JAK-STAT signaling besides transcrip-

tional upregulation.
Technological developments towards novel biological insights

Besides a deeper dive into the data generated throughout this thesis and mechanistic follow
up of newly identified regulators, combining and applying emerging methods will expand our
systems level knowledge of complex biological processes, such as the innate immune re-
sponse. Among the developments relevant to the specific focus of this thesis are advance-
ments in ex-vivo model systems, epigenetic engineering, novel sequencing modalities and

direct translatable therapeutic approaches.

The plasticity of macrophages and tissue specific roles are hard to capture in ex vivo settings
yet recent success’ in tissue slice culture technologies offer a promising route to find ethical
human model systems recapitulating in situ contexts. Meanwhile, epigenetic engineering such
as CRISPR technology coupled with epigenetic writers, erasers, and transcriptional cofactors
to specific loci can support mechanistic investigations, like the speculated histone acetyla-
tion/BRD4 mechanism involved in the opposing roles of EP300 and HDACs. Combining mul-
tiple readouts of single cells will increase the yield of high-content screens while technologies
like Live-seq (Chen et al, 2022) open up new dimensions to investigate cellular behavior. Fur-
thermore, exciting developments in cellular therapy offer direct avenues to translate findings
from (epi-)genetic perturbation experiments such as optimizing CAR-Macrophages towards

better clinical outcomes.

Technological developments as above enable new avenues of research and ensure ever
growing efficiency increases in data generation enabling both a wider and deeper understand-
ing of biology and consequently the various therapeutic angles to reestablish and maintain
health.
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