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Abstract

Motivation: Fibrotic diseases cause long-term organ damage and are a heavy burden on health
systems worldwide. While adult mammals usually generate a fibrotic scar in response to injury,
neonatal mammals and other vertebrate species can fully regenerate certain body structures through
the dedifferentiation and proliferation of preexisting, terminally differentiated cells. Complex
biological processes such as rewiring of cellular identity require a holistic approximation, as the study
of isolated components is not enough to obtain a realistic overview of the underlying mechanism in
action. Gene regulatory networks model transcriptional relationships between transcription factors

and their target genes and are the main underlying determinants of cell identity.

Objectives: In this thesis we hypothesize that physiological regenerative mechanisms are controlled
by latent gene regulatory networks at least partially conserved between lower vertebrates and
mammals. We used state-of-the-art computational approaches on bulk and single-cell transcriptomic
data to model and perturb the gene regulatory networks that control regeneration in heart and bone,

in order to identify new candidate genes with therapeutic potential.

Findings: This thesis presents three sets of findings related to the understanding of gene regu-
latory networks in regeneration. (1) We inferred the gene regulatory network controlling axolotl
cardiomyocyte sub-population transitions upon cryoinjury. By systematic in silico perturbations
of the network, we identified the repressive role of Hey2 for the initiation of the injury response
in border zone cardiomyocytes. Independently, footprint-based analysis of a mouse scRNA-seq
data set with annotated cardiomyocyte number of nuclei suggested Hey2 as a positive regulator of
cardiomyocyte polyploidization, which blocks regeneration. (2) Comparison of the transcriptional
footprints caused by overexpression of caErbb2, Myc and Yapdsa in neonatal mouse cardiomyocytes
identified two pro-regenerative gene expression programs, associated with cardiomyocyte proliferation
and dedifferentiation. Boolean models of a core gene regulatory network controlling the emergence
of these transcriptional states suggested the robust nature of the maturating cardiomyocyte gene
regulatory network and identified a handful of perturbations with a potential therapeutic application.
(3) We compared the gene regulatory networks between regenerating and fibrotic injuries in axolotl
and identified an insufficient rewiring in the fibrotic network. We predicted partial antagonism in the
function of the TCF/LEF transcription factors Lef! and Tcf712 that might contribute to understand

why fibrotic bone injuries fail to regenerate.

Conclusions: By leveraging different types of transcriptomic data and computational and ex-
perimental approaches, we were able to model the cardiomyocyte and fibroblast gene regulatory
networks in regenerative and fibrotic conditions. Furthermore, we identified candidate genes for their
validation as therapeutic pro-regenerative agents and provided mechanistic hypotheses to understand

the differences between regenerative and fibrotic injury responses.
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Resumen

Motivacién: Las respuestas fibréticas danan los érganos a largo plazo y representan un gran
problema de salud a nivel mundial. Pese a que los mamiferos adultos responden con fibrosis
ante la mayoria de las lesiones, los mamiferos neonatales y otras especies de vertebrados pueden
regenerar completamente ciertas estructuras corporales mediante la desdiferenciacion y proliferacion
de células preexistentes totalmente diferenciadas. Estos complejos procesos que implican cambios en
la identidad celular requieren ser investigados de manera holistica, ya que el estudio de componentes
individuales no es suficiente para obtener una representacion realista de los mecanismos de accién
subyacentes. Las redes de regulacién génica modelan las relaciones entre factores de transcripcion y

sus genes diana y son las principales determinantes de la identidad celular.

Objetivos: En esta tesis doctoral se hipotetiza que los mecanismos de regeneracién endégena estan
controlados por redes de regulacién génica latentes que estan al menos parcialmente conservadas
entre vertebrados inferiores y mamiferos. Centrandonos en el estudio de la regeneraciéon de miocardio
y hueso, empleamos aproximaciones computacionales novedosas y datos de secuenciacién masiva
de ARN de tejidos homogeneizados y células individuales para modelar y perturbar las redes de
regulacion génica que controlan la regeneracién en estos dos tejidos, e identificar nuevos candidatos

con potencial terapéutico.

Hallazgos: En esta tesis se presentan tres proyectos distintos, todos ellos enfocados en mejorar
nuestra comprensién de las redes de regulaciéon génica que subyacen a los procesos fibréticos
y regenerativos. (1) Se modelé la red de regulacién génica que controla las transiciones entre
subpoblaciones de cardiomiocitos de ajolote tras una criolesién. La perturbacion sistematica in
silico de esta red, identificé a Hey2 como represor de la iniciacién de la respuesta a herida en los
cardiomiocitos. De manera independiente, datos scRNA-seq de cardiomiocitos murinos con anotacién
del nimero de ntcleos se analizaron empleando huellas transcriptémicas y se identificé el posible
rol de Hey2 para inducir poliploidizacién, barrera para la proliferaciéon de cardiomiocitos. (2) Se
compararon las huellas transcriptémicas causadas por la sobre-expresion de caErbb2, Myc y Yapbsa
en cardiomiocitos murinos neonatales. Se identificaron dos programas de expresiéon génica pro-
regenerativos, asociados con la proliferacion y desdiferenciacion de cardiomiocitos, respectivamente.
Mediante modelos Booleanos de la red de regulaciéon génica que controla la aparicién de estos estados
transcripcionales, se predijo la robustez de la red de regulacién génica que promueve la maduraciéon de
cardiomiocitos neonatales e identificaron un grupo de perturbaciones con potencial pro-regenerativo.
(3) Se compararon las redes de regulaciéon génica de lesiones regenerativas y fibréticas en el ajolote.
Se identific6 una remodelacién insuficiente en la red de regulaciéon génica fibrética y se predijo
el antagonismo funcional parcial entre los factores de transcripcion Lefl y Tcf712, de la familia

TCF/LEF, como causa contribuyente a la respuesta fibrética en ciertas lesiones 6seas.

ix



Conclusiones: Mediante el uso de datos transcriptémicos y diferentes estrategias computacionales
y experimentales, en esta se tesis modelan las redes de regulaciéon génica en cardiomiocitos y
fibroblastos en condiciones pro- y anti-regenerativas. Ademads, en esta tesis doctoral se identifican
genes candidatos para su validacién como agentes terapéuticos pro-regenerativos y se proporcionan
hipotesis mecanisticas para entender las diferencias entre respuestas regenerativas y fibréticas a

lesiones.
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1 Introduction

1.1 Motivation

Regenerative medicine aims to restore damaged tissues and organs to their functional state [1]. This
ambitious goal of functional restoration, instead of symptomatic management, has the potential to
revolutionize healthcare by providing more sustainable and long-lasting solutions for a wide range
of diseases. Adult mammals generally respond to injury with fibrotic scarring and impairment of
organ function, but some lower vertebrates and neonatal mammals can fully regenerate certain body
structures [2-4]. These observations support the possibility of reactivating endogenous regenerative
pathways that are dormant in adult humans. This doctoral thesis is focused on understanding

endogenous mechanisms for heart and bone regeneration.

Cardiovascular disease is the main cause of death globally, accounting for over 30% of annual global
deaths [5]. An acute myocardial infarction (AMI) occurs when an occlusion of the coronary arteries
deprives the myocardium from oxygen and nutrients, causing extensive cardiomyocyte (CM) death
within hours. Between 3 to 5 days after the AMI, the lost CMs are replaced by a fibrotic scar
produced by activated fibroblasts and, over time, the pathological tissue remodeling is extended
and leads to heart failure (HF). To date, pharmacological therapies to reduce HF mortality exist [6],
but the only cure against HF is heart transplantation, which has a limited applicability [7]. It is
therefore crucial to find new therapeutic avenues that achieve a high functional improvement and
can be applied to a wide spectrum of patients. Basic research has shown that lower vertebrates
and neonatal mouse pups can regenerate their myocardium after an ischemic injury through the
dedifferentiation and proliferation of pre-existing CMs [2, 4, 8], which suggests that the regenerative
capacity of the adult heart might not irreversibly lost, but rather insufficiently activated.

In spite of their lower mortality, large bone fractures constitute a public health issue due to their
negative impact on quality of life and health-care costs [9]. In particular, bone critical size defects
(CSD) are caused by severe trauma, osteoporosis, or osteosarcoma and affect more than 30% of
the bone length, which makes them too large for spontaneous healing [10]. Traditional casting or
fixation is not sufficient to fully stabilize these fractures, which normally lead to fibrotic deposits and
bone non-union defects, which cause severe pain, deformities, and instability [10]. While mammalian
embryos can achieve limb regeneration, this ability is progressively lost with age, being neonatal
mice only able to regenerate digital tips after a distal injury [11, 12]. The axolotl can scarlessly
regenerate fully patterned and functional limbs after amputation, even at adult stages of its life

cycle, thanks to the formation of a highly proliferative pool of progenitors known as blastema [13].



Compared to heart regeneration, blastema formation requires more extensive dedifferentiation and

recapitulation of embryonic gene expression programs [14].

Regardless of the biological context, regenerative processes require at least partial changes in identity,
encoded by a complex gene regulatory network (GRN) in which transcription factors (TFs) regulate
the expression of target genes [15]. Cellular identity is therefore not a simple combination of
TF activity levels, but rather emergent from these and the regulatory interactions between them
[15]. GRNs can be modeled as networks in which the nodes represent genes and edges represent
transcriptional regulation between them, which may be directed, signed and/or weighted [16]. GRNs
have been traditionally inferred from microarrays or bulk RNA-seq data [17-19], but the availability of
single-cell and single-nuclei RNAseq (scRNA-seq and snRNA-seq, respectively) has truly transformed
the field. A wide variety of methodologies have been developed for the complicated process of GRN
inference [20-22], providing useful models to generate molecular mechanistic hypotheses and identify

candidate regulators with therapeutic potential [23].

1.2 Objectives

Throughout this thesis we hypothesize that endogenous regenerative mechanisms are controlled by
latent GRNs at least partially conserved between lower vertebrates and mammals. Their reactivation
by targeting key regulators might provide an effective therapeutic avenue to regenerate damaged
tissue. We use a variety of methodological approaches and types of transcriptomic data to infer,
model, and understand the GRNs controlling myocardial and bone regeneration, defining the following

specific objectives:

1. Model the CM GRN that allows the regeneration of the injured axolotl heart and identify the

transcriptional hubs that orchestrate this process. This objective is addressed in Chapter 3

2. Identify new therapeutic hubs to activate endogenous regenerative mechanisms in the adult

mammalian myocardium:

2.1 Identify molecular drivers of mammalian CM polyploidization and explore their potential

to induce CM proliferation. This objective is addressed in Chapter 3.

2.2 Infer the GRNs that control the pro-regenerative gene expression programs induced by
Erbb2, Yapl and Myc and find new transcriptional hubs with similar footprints. This
objective is addressed in Chapter 4

3. Model the GRN in regenerative and fibrotic axolotl bone injuries and propose candidate
molecular mechanisms to transform the fibrotic response into a regenerative response. This

objective is addressed in Chapter 5.



Chapter 1. Introduction

1.3 Chapter outline

Chapter 2 provides a general introduction to the fields of endogenous regeneration and GRN
inference, focusing on the cellular and molecular mechanisms behind heart and limb regeneration,
as well as the state-of-the-art methodologies and challenges of GRN inference using bulk and
sc/snRNA-seq. Then, the three research projects that compose this doctoral thesis are structured as

follows:

e Chapter 3: Hey2 as a roadblock for vertebrate heart regeneration. In this chapter we
infer the GRN controlling the CM response to a ventricular cryoinjury in axolotl and identify its
key transcriptional regulators. Additionally, we integrate scRNA-seq and a manually curated
database of literature findings to identify TF that regulate the polyploidization of mammalian
CM.

e Chapter 4: Network modeling of the pro-regenerative effect of caErbb2, Myc
and Yap5sa on CMs. We overexpress the pro-regenerative genes Yapdsa, caFErbb2 and
Myc in neonatal mouse CMs and analyze their transcriptional footprints using SLAM-seq
and grade-of-membership (GoM) models. We use Boolean models to predict the status of
the core GRN orchestrating these footprints, obtained through the intregration of scRNA-seq
and a database of transcriptional regulation. We simulate in silico perturbations to find new

regulators with similar regenerative potential.

e Chapter 5: Inference of the gene regulatory network of axolotl bone regeneration.
We profile a regenerative (blastema) and non-regenerative (CSD) injury in axolotl hindlimbs
using scRNA-seq. We infer transcriptome-wide GRNs controlling both injury responses and
use network topology analysis to find structural differences between them. We construct a
candidate prioritization pipeline to select potentially pro-regenerative TF and predict the effect

of their perturbation using in silico experimentation.

The three projects are tied together in Chapter 6, in which we provide a general discussion and
reflect on the limitations of this work. Lastly, in Chapters 7 (English) and 8 (Spanish) the

conclusions that can be drawn from this doctoral work are presented.
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2 Background

2.1 Regeneration

Regenerative medicine aims to address unmet medical challenges involving loss of organ function
due to fibrotic healing through the development of technologies that can revert tissue damage [1, 26].
A large variety of therapeutic strategies are being explored, including in situ regeneration, injection
of stem cells and transplantation of tissues engineered in vitro [27]. In situ tissue regeneration relies
on reprogramming adult and functional resident cell populations through the rewiring of their GRNs
and is based on the observed ability of other species, including vertebrate and neonatal mammals, to
successfully regenerate damaged body parts [4, 13, 28-31]. Despite requiring a deeper understanding
of the molecular underpinnings of regeneration than other strategies, in situ regeneration might
provide a more physiological, less immunogenic, and more affordable therapeutic strategy as no
exogenous cells are introduced into the body and biopharmaceuticals could be enough to re-activate
dormant GRNs.

Regeneration occurs to a different extent in a large variety of taxonomic groups along the animal
kingdom [32, 33] (Fig. 2.1). The most extreme type of regeneration is whole body regeneration,
observed in the fresh water hydrozoan Hydra and the bilaterally symmetrical planaria, which are
able to grow a complete organism from a fragment of it [34]. Structural regeneration is observed in
salamander limb or zebrafish fin regeneration, where a multicellular structure involving 3D growth
of complex tissues is formed [34]. More modest regenerative processes are organ regeneration, in
which an organ is restored after injury (e.g., heart regeneration in zebrafish, lens regeneration in
salamander. .. ), and tissue regeneration, which closes gaps in homogeneous cell populations (e.g.,
epidermis and gut lining regeneration in Drosophila) [34]. Lastly, cellular regeneration, such as the
restoration of severed axons, is the simplest form of regeneration that has been observed [35]. In
most circumstances, mammals respond to injury with the formation of a fibrotic scar that inhibits
regenerative processes and normal tissue function [36]. However, mammals have some potential for
regeneration. Adult mammals can, to some extent, regenerate small bone fractures, skeletal muscle
[37], peripheral nerves [38], liver [31], and hippocampus [39] among others. Adult deer and moose
fully regenerate their antlers annually, showcasing an exceptional regenerative capacity for mammals
[40]. Within the mammalian class, the spiny mouse (genus Acomys) might be the best performer,
surpassing other mouse strains in skin and ear punch wound regeneration [29, 30]. Importantly, age
exerts a negative influence on mammalian regeneration: unlike their adult counterparts, neonatal

mice can regenerate the heart during the first postnatal days of life [4]. Understanding these



differences in the success of mammalian regeneration is key for the successful translation of in situ

regeneration to the clinics.

Incrementing the complexity of the regeneration problem, different structures follow different
mechanisms for regeneration [36]. In the case of the liver, the proliferation of parenchymal cells
restores the tissue. Other tissues, such as skeletal muscle, rely on tissue-specific progenitor cells for
regeneration [36]. In this doctoral work we focus on more complicated regenerative processes in
which adult, functional cells must dedifferentiate and proliferate to recover the damaged tissue. Two

examples of structures following this regenerative avenue are the heart and the limb [4, 13].
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Figure 2.1: Animal models commonly used in regenerative studies. For each model, their regenerative
capacity is indicated by the colored circles as very high (eeee), high (eeeo), medium (eecc), or low (e000).

2.1.1 Model organisms to study regeneration

One of the historic hindrances in the study of regeneration is the lack of regenerative abilities in
common model organisms for which the molecular toolbox is highly developed. This has raised the
popularity of other model organisms for regenerative studies [41, 42]. Here we briefly describe the

model organisms relevant for this doctoral thesis.

Zebrafish: Danio rerio, commonly known as zebrafish, is a small fresh water teleost able to
regenerate multiple organs throughout life, including its heart, caudal fin, retina and brain [2, 43-45].
Its small size, easy maintenance, and the availability of genetic, -omics, live imaging, and injury
models make the zebrafish a highly accessible vertebrate model for regenerative studies [46]. While
not being the focus of this thesis, the zebrafish is an essential model in the heart regeneration field

to which the mouse and axolotl are compared to.

Axolotl: the axolotl (Ambystoma mezxicanum) is a type of urodele amphibian with remarkable
regeneration abilities, being capable of regrowing tissues, organs, and whole-body structures [47].
Axolotls are fully aquatic and remain neotenic, retaining larval features such as external gills
throughout their life and living in warm waters with a constant temperature of around 20°C [47, 48].
However, their husbandry is complicated by their large size, which can reach 30 cm at adulthood,
and by their long life cycle, as axolotls reach sexual maturity at 1 year of age [48]. Additionally,
their genome spreads over 32Gb and is highly repetitive [48]. Despite these drawbacks, the axolotl is

the most used salamander model in research because its genome has been annotated, genetic tools
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Chapter 2. Background

have been developed and the semi-transparent d/d line lacking pigmented cells in the skin has been
generated [47, 48]. The axolotl has served as a classical system for limb regeneration studies [14,
49-53|, and has recently been in the focus of molecular studies underpinning cardiac regeneration

[54], although this observation was initially described fifty years ago [8].

Mouse: the mouse (Mus musculus) is the model organism by excellence and has been widely
employed to investigate developmental and pathological processes. However, it’s regenerative ability
is limited to certain structures and rapidly decreases with age. During embryonic stages, the mouse
can fully regenerate structures as complicated as the skin [55], limb buds [11] and the heart, being
only the latter scarlessly regenerated during the first postnatal days of life [4]. Neonatal regeneration
in mouse is mostly limited to simpler structures, such as hair follicles [56] or hair cells of the inner
ear [57], and becomes abolished after the first week(s) of post-natal life. Regeneration in the adult
mouse has only been reported to occur in skeletal muscle [58], digital tips after a distal injury [59],
and liver [60], being the development of a fibrotic scar the most common wound response in this
organism and stage [61]. The genus Acomys, also known as spiny mouse, is a newcomer in the field
of regenerative biology and showcases remarkable regenerative abilities for a mammal, as it fully

regenerates skin [30], ear punches [29], kidney [62] and spinal cord injuries [63] among others.

2.1.2 Heart regeneration
The lack of CM renewal transforms an AMI into chronic HF

The heart is a central organ for body function and constitutes the first organ to be formed during
embryonic development [64]. Owing to the contractile force generated by the billions of CMs in the
adult human heart, it pumps blood to provide all tissues and organs with nutrients and oxygen.
Alongside CMs, the heart contains a myriad of other cell types, such as fibroblasts, immune cells,
adipocytes, neuronal and endothelial cells [64]. While these cell types are essential for heart function,
the focus of this thesis lies in CMs.

An AMI is caused by a block in the coronary arteries that depletes the myocardial muscle from
oxygen and nutrients, causing extensive necrosis. Despite border zone CMs slightly increasing their
proliferation after myocardial ischemia, cytokinesis does not occur frequently enough to regenerate
the lost myocardium [65]. Instead, the lost muscle tissue is replaced by a fibrotic scar that impairs
heart contractility, induces pathological remodeling and arrhythmia, and leads to end-stage HF
[64-67] (Fig. 2.2). Improved clinical interventions, including percutaneous coronary intervention,
and pharmacological treatments, such as ACE inhibitors and g-blockers, have increased the initial
chances of survival and delayed the disease progression, but the myocardial loss is only addressed by
heart transplantation, which is not applicable to all affected patients [68]. Therapeutic approaches
that aim to regenerate the lost myocardium could be a safe, efficient, and accessible way to prevent

chronic HF, but they must address the following challenges:
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Figure 2.2: Response to heart injury in regenerative and non-regenerative vertebrates. The
zebrafish heart contains one ventricle, one atrium and the bulbus arteriosus. A myocardial injury induces
extensive CM death but activates the proliferation of preexisting CMs, regenerating the lost myocardium.
The axolot]l heart mounts a similar response to myocardial injury, in spite of its larger size and more complex
anatomy, with two atria and one ventricle. The mammalian heart presents two ventricles and two atria. While
neonates can activate the regenerative mechanisms that recover the lost myocardium, adult mammals respond
to injury with the generation of a fibrotic scar rich in collagen fibers that causes long term HF. Regen. stands
for regeneration.

o Mature CMs fail to complete the cell cycle: the heart grows by hyperplasia and hypertrophy

during embryonic and postnatal development, respectively [65]. The adult mammalian CM
cell cycle dynamics abruptly change soon after birth, causing cell cycle arrest at G2/M and
increasing CM ploidy through endoreplication [69]. As a result, the population of mononucleated
diploid CMs (MNDCMs) is largely replaced by polyploid CMs with predominantly one (human)
or two (mouse) nuclei [64]. Despite polyploidy not being a general block for cell division, a
study by Gonzalez-Rosa et al. showed that the zebrafish myocardium can only regenerate when
CMs are MNDCM, and that increasing the proportion of polyploid CMs hindered regeneration
[70].

e Maturation of the CM sarcomeric machinery: the postnatal increase in ventricular pressure
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shifts sarcomeric size and protein composition to achieve increased contractility [71]. These

complex sarcomeres are difficult to disassemble and interfere with cell proliferation.

e Maturation of the CM metabolism: coincidental with this increased load is an increased

exposure to oxygen and higher energetic demands, driving a glycolytic-to-oxidative switch in
the CM metabolism. The resulting increase in oxidative stress and consequent DNA damage
might contribute to the CM cell cycle arrest [65].

In vivo models of heart injury

Different animal models of myocardial injury and ischemia have been developed to mimic the human
pathology (Table 2.1).

Table 2.1: Animal models used in the study of heart regeneration.

Injury Description Organisms

Apical resection The heart tip is cut in a simple surgery, but it Zebrafish, axolotl,
does not involve resolution of necrosis. neonatal mouse.

Genetic ablation A cell type is deleted due to the cell-type specific Zebrafish, mouse

expression of a cytotoxic protein. It clarifies cell- embryo.
type specific contributions to regeneration and
involves the resolution of necrosis.

Cryoinjury A flash-frozen metal probe is used to damage Zebrafish, axolotl,
the heart, generating extensive necrosis with a mouse, pig.
simple surgery.

LAD ligation The left anterior descending coronary artery Mouse, pig.
(LAD) is ligated, more realistically mimicking the
characteristic hypoxia and necrosis of an AMI.

Ischemia-reperfusion in- The temporal LAD ligation is followed by a reper- Mouse, pig.
jury (I/R) fusion phase. It is the most physiologically accu-
rate model.

Evidence to support adult human heart regeneration

Despite the inability of the adult mammalian heart to regenerate, heart regeneration has been
described in other vertebrates and younger mammals, including zebrafish, axolotl, and neonatal
(until post-natal day P7) mice [2, 4, 8]. While the exact response to injury and time to regenerate
the myocardium depends on the organism and injury models, there are some key differences with the
adult mammalian response. Firstly, while these organisms also form a scar, it is mainly composed
by fibrin fibers, with scarce collagen deposition, which might facilitate its clearance. Secondly,
while adult mammalian border zone CMs enter the cell cycle, they do not proliferate enough to

replace the lost myocardium and, in most cases, grow by hypertrophy and endoreplication for



functional compensation. On the other hand, regenerative organisms can induce massive CM
proliferation to fully replace the lost tissue [66, 72]. Lineage tracing studies in these models have
shown that pre-existing CM, and not stem cell populations, generate the new myocardium through
their dedifferentiation and proliferation [73] (Fig. 2.2). Bergmann and collages leveraged the
pulse-chase-like atmospheric presence of 14C during the cold war to date cells, showing that human
adult MNDCMs retain some proliferative capacity and undergo annual age-dependent renewal, with
1% and 0.4% new CM per year at ages 20 and 75, respectively [74]. Therefore, this evidence shows
that the adult human heart retains low levels of CM proliferation and supports the hypothesis that
mechanisms able to regenerate the myocardium are not lost in humans, but rather insufficiently
activated. In fact, there is clinical evidence of human heart regeneration in newborn children with

severe AMI that, despite significant early damage, fully restored heart function [75, 76].

Strategies to induce adult human heart regeneration

In situ regeneration through the activation of endogenous pro-regenerative signaling
pathways: previous studies have identified endogenous pathways that can regenerate the adult

mammalian heart upon activation. Three of them play a central role in this thesis:

e The Hippo pathway and Yap1: the Hippo pathway is a mechanosensing kinase cascade that

controls organ size [72]. At the end of this cascade are the transcriptional co-activators
YAP/TAZ, which become ubiquitinated and proteasomally degraded upon phosphorylation.
When the Hippo pathway is inactive, YAP /TAZ proteins translocate to the nucleus and activate
the expression of proliferative genes through the activation of the TEAD TFs [77] (Fig. 2.3a).
Yapl1 expression progressively decreases during heart development, while its phosphorylation
quickly increases between P2 and P10 [78]. Mice with abruptive Hippo signaling (Sav1
knockdown (KO)) showed enhanced CM proliferation and reduced scar size following AMI
[78]. Overexpression of the constitutively active form of Yap! (Yapssa) reprograms the CM

transcriptome into a fetal-like state and significantly increases CM proliferation [79].

e Nrgl signaling through Erbb2/4: Nrgl is an epidermal growth factor with a major role in

cardiac development [80, 81]. In zebrafish, myocardial injury induces Nrgl expression in
the outer heart wall, which binds the ERBB2/4 receptor tyrosine kinases. This induces the
heterodimerization and autophosphorylation of the ERBB receptors, which in turn activates
an intracellular cascade that increases CM survival and proliferation [82] (Fig. 2.3b). D’Uva
et al. showed that Erbb2 expression decreases after birth, and that transient induction
of a constitutively active Erbb2 (caErbb2) reactivates CM proliferation and achieves heart

regeneration in adult mice [83].

o Myec: the family of Myc proto-oncogenes (Myc, Mycn and Mycl) regulates G1-to-S cell cycle
progression and ribosome biosynthesis processes [84] (Fig. 2.3c). Mycn is exclusively responsible

for CM proliferation during heart development, but its function can be completely replaced by
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Myc [85]. In neonatal and adult mice, Myc overexpression increases CM proliferation, but only
if the positive transcription elongation factor component Cctnl is available [86]. Transient and
coordinated overexpression of these two genes increases CM proliferation in the adult heart

and recovers heart function post-AMI [87].
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Figure 2.3: Signaling pathways that induce mammalian heart regeneration. a) Hippo signaling.
Hippo activity leads to the degradation or cytoplasmic sequestration of the transcriptional co-activator
YAP/TAZ. When the Hippo pathway is inactive, YAP/TAZ translocates to the nucleus and activates gene
expression though the TEAD TFs. b) ERBB2 dimerizes with ERBB4 to mediate NRG1 signaling and induce
CM proliferation and survival. The constitutively active form of ERBB2 (caERBB2) can activate this pathway
without the need of NRG1 presence. ¢) The MYC TF activate gene expression through the heterodimerization
with MAX. Presence of the p-TEFb complex potentiates MYC transcriptional activation.

9

Injection of pluripotent or multipotent progenitor cells: as an alternative to endogenous
regeneration, several studies have explored the potential of progenitor cells to regenerate the failing
heart [88-90]. In contrast with these efforts, a long list of comprehensive lineage tracing studies has
shown that pre-existing CM are the only source of new CM in the postnatal myocardium [73, 91,
92]. The injection of several sorts of pluri- and multipotent progenitor cells has even reached clinical
trials (e.g., NCT00474461, NCT00893360), but the reason behind their arguably positive effect on

heart function is paracrine immunomodulation rather than generation of new CM [93].

Tissue engineering: another alternative currently being explored is the in vitro generation of
myocardial tissue using iPSCs as a CM source. While these myocardial patches integrate with the

resident myocardium and contribute to its contractive function [94, 95], concerns regarding their
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maturation, their ability to electrically synchronize with the host myocardium and the feasibility of
scaling the production methods to meet the demands of an adult human heart must be addressed
[69].

2.1.3 Limb regeneration in axolotl

Axolotl limb regeneration is a classically studied example of epimorphic regeneration, a healing
process that involves the generation of a faithful copy of the lost structure through the formation of

a blastema [13]. Limb regeneration in axolotl consists of 5 main phases [96] (Fig. 2.4):

1. Wound response and epidermal closure: within hours after wounding, coagulation stops the

bleeding and the stump is covered by a thin layer of migrating keratinocytes coming from
the adjacent epidermis [97]. Signaling from the severed nerves (e.g., Fgf2, Fgf8 and Bmp2
[96]) induces dedifferentiation of the epidermal keratinocytes, which transform into the wound
epidermis (WE) [97].

2. Formation of the apical ectodermal cap (AEC): a couple of days after injury, the tip of the

WE thickens and transforms into the AEC, a specialized signaling center that induces and

maintains blastema cell proliferation.

3. Blastema formation: signals from the nerves and AEC dedifferentiate stump cells, which

migrate beneath the WE to form a blastema [96]. The blastema is a mass of progenitor cells
that will proliferate, pattern, and differentiate into the missing limb structures [96]. Blastema
formation is a conserved mechanism required for the regeneration of complex structures,
including planaria whole-body regeneration. Blastemas are independent units that contain
enough positional information to give rise to fully patterned limbs even when transplanted to

other body regions [97].

4. Proliferation and patterning: despite blastema initiation being substantially different to limb

bud initiation, later blastema stages replicate developmental processes [14, 96]. Multiple cell
types contribute to the blastema, which can be roughly classified into pattern-forming and
pattern-following. Fibroblasts are pattern-forming cells that lead the growth of new limb
structures and can give rise to their own cell type or others, e.g., cartilage. In contrast,

pattern-following cells can only give rise to their own cell type e.g., muscle.

5. Differentiation, morphogenesis, and growth: proximal blastema cells start to differentiate and

organize into complex structures, therefore growing the regenerating limb. Newly generated
tissues integrate with mature structures and only structures more distal to original ones are
generated. The new limb, a perfectly functional and structural replica of the original, is

completely formed a few months after injury [96].
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Figure 2.4: Blastema formation during axolotl limb regeneration. Within 24 hours after injury,
coagulation stops bleeding and the stump is covered by a thin layer of epidermal cells that transforms into
a specialized WE after the exposure to signals from the severed nerves. The WE thickens and transforms
into the AEC, a specialized signaling center responsible of providing morphogenetic cues to support the
dedifferentiation and migration of mature cells to form the blastema. The blastema is a mass of dedifferentiated
progenitor cells that slowly gives rise to the lost limb structures through proliferation and patterning.

Wnt singaling during axolotl limb regeneration

Pathways involved in limb regeneration are shared with those used in development, highlighting
the role of FGFs, BMPs, WNT, TGF-$ and SHH (see [97] for a longer list). The WNT proteins
are a large family of secreted glycoproteins with important functions in embryonic development,
carcinogenesis and stem cell maintenance [98-100]. The WNT proteins form morphogenetic gradients
tightly regulated by their diffusion and the presence of secreted inhibitory proteins, such as the
DKK family, sFRP family and WIF [99]. Activation of Wnt signaling happens when extracellular
WNT binds to the Frizzled receptors and activates one of the three possible intracellular signaling
pathways (Fig. 2.5):

e Canonical Wnt signaling: WNT proteins bind the heterodimeric complex formed by a Frizzled
receptor and the LRP5/6 co-receptor. This recruits AXIN and subsequently Dishevelled to
the intracellular domain of LRP5/6. This stabilizes intracellular S-catenin levels through the

inhibition of the -catenin degrading complex [99]. Instead of undergoing phosphorylation
and degradation through the proteasomal pathway, S-catenin remains unphosphorylated and
travels to the nucleus, where it acts as a co-activator of the T-cell factor/Lymphoid enhancer
factor (TCF/LEF) TFs [99]. Canonical Wnt signaling regulates cell fate decisions during early

embryogenesis, neural patterning, stem cell renewal and cell proliferation [99].

o Planar cell polarity (PCP) pathway: The WNT-Frizzled binding event recruits Dishevelled
to the cellular membrane and activates the RHO and RAC GTPases, leading to cytoskeletal
reorganization through ROCK and JNK. PCP signaling plays an essential role in providing

polarity information during gastrulation, limb development and hair follicle orientation [99].
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e Wnt-Ca2+ signaling: The WNT-Frizzled complex recruits G-proteins and Dishevelled to the

cellular membrane, leading to Ca2+ release through protein kinase C and calcium/calmodulin-

dependent kinase II. The Wnt-Ca2+ signaling pathway regulates gastrulation, dorso-ventral

axis formation, and heart development, and influences canonical Wnt and PCP [99].
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Figure 2.5: Schematic representation of Wnt signaling pathways.

Despite this categorization, the Wnt signaling pathway is very complex due to the high number of
genes that participate in the pathway. The human and axolotl genomes contain 19 and 21 Wnt genes,
respectively [99]. These can activate 10 Frizzled receptors that act through 3 Dishevelled isoforms.
How the different WNT-Frizzled combinations are channeled through the different signaling pathway
remains unknown, although some WNT isoforms have been proposed to have pathway preferences:
WNT3 has been associated with both canonical and PCP signaling, while WNT5A predominantly
activates PCP signaling [101].

Wnt signaling has been the focus of previous studies in the context of axolotl limb development and
regeneration. Ghosh et al. have reported expression of Wnt3a, Wnitb5a, Wnt5b and Wnt7 in axolotl
early limb buds and blastema, despite their absence in mature limbs [50]. Wnt5a/b is predominantly
expressed in the distal blastema region and can be detected as early as 3 days post-injury (dpi), time
in which the stump cells are dedifferentiating. Contrary to Wnt3, which is mostly provided by the
AEC, Wntba/b are almost uniquely expressed by the dedifferentiated mesenchyme [50]. Reducing
Wnt signaling though injection of Azin! and Dkk1 leads to AEC formation defects and abrupted
regeneration [102]. Regarding the type of Wnt signaling, the canonical and PCP pathways have

been implicated with important functions during limb development and regeneration: canonical
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Wnt signaling and Lef! activity are required for successful zebrafish fin regeneration [103]; and
inhibition of Wnt signaling via the WNT secretion inhibitor C59 disrupts blastema outgrowth and

the expression of patterning genes, reflecting essential PCP activity [104].

2.2 Gene regulatory network inference

Biological systems are characterized by their emergent properties, resulting from the abundance and
interactions between single components. Network representations are useful models to understand
and predict the consequences of these interactions. Even though a comprehensive network model of
the cell requires different layers that are interconnected to reflect epigenetic, transcriptional, post-
transcriptional and metabolic regulation, GRNs are arguably the underlying cause behind cellular
phenotypes [16, 21, 105, 106]. GRNs are representations of the interactions through which TFs
regulate the expression levels of target genes [105]. Biologically, TFs regulate the expression of target
genes by binding to conserved short DNA sequences, called motifs, located in the cis regulatory
regions of the target gene [105]. Binding of a TF to a cis regulatory region can have multiple
outcomes, depending not only on the main mode of regulation (MOR) (activation or inhibition)
characteristic of the TF, but also on the context, which includes the presence of co-regulators and
the chromatin state. TFs are key regulators for the cellular phenotype and represent 5-10% of the
protein coding genes in E. coli (7%), S. cerevisiae (5%), Drosophila (5%) and humans (8%) [105]. In
fact, the human genome is estimated to contain 1,600 genes encoding TFs, classified into 30 families

according to their binding motif [105].

Inferring the GRNs behind physiological and pathological processes has been a long-lasting goal of
molecular biology and it remains a challenge [105]. GRN inference is the process of reverse engineering
the transcriptional regulatory relationships from observed gene expression data, aiming to obtain a
GRN representation that approximates the real, underlying GRN or is a useful simplification of it
[107] (Fig. 2.6). Mathematically, GRN models are represented as graphs in which nodes are genes
and edges represent regulatory relationships between them. GRN models are by nature directed,

and the edges might have weights that reflect the strength of the interactions.

2.2.1 Transcriptomic profiling for GRN inference

GRN inference relies on transcriptome profiling, nowadays performed through bulk RNA-seq, scRNA-
seq or snRNA-seq. Bulk RNA-seq profiles the transcriptome of pooled cells through next generation
sequencing technologies. It provides high-quality measurements but is restricted to an average
quantification of the gene expression in the sample. sc/snRNA-seq measure the transcriptome
of thousands of individual cells or nuclei at once, isolated through the use of microfluidic (e.g.,
10xGenomics) or multi-well (e.g., SMART-seq2) technologies. Despite their increased resolution,
these technologies detect less genes per sample, are noisier, and suffer from dropouts manifested as a

zero-inflation of the gene expression matrix (Fig. 2.7). Recently, multi-omic profiling of chromatin
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Figure 2.6: Main steps in the GRN inference process. A non-comprehensive list of representative
tools for each algorithmic solution is included.

accessibility (ATAC-seq) and gene expression (RNA-seq) in the same nuclei has emerged as a useful
tool for GRN inference.

Regardless of the profiling modality, transcriptomic data is represented as a matrix in which the
expression of IV genes is measured in M samples, cells, or nuclei, being x;; the normalized expression
of gene i in sample/cell j. In bulk RNA-seq, the so-called "skinny" gene expression matrix has a
rectangular shape, containing information about 20,000 genes in just a few samples. Single-cell
and single-nuclei experiments make this “skinny matrix” squared, as they contain gene expression
measurements in thousands of cells. In both cases, dealing with these large and complex data sets

requires efficient algorithmic solutions.

Algorithmic approaches for GRN inference

GRN inference can solely rely on the gene expression data or leverage a network scaffold, either from

other data-types (e.g., ATAC-seq) or from previous knowledge (PKN, prior knowledge network).
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Figure 2.7: Differences between bulk and single-cell RNA-seq for GRN inference.

Using a network scaffold helps the inference process by reducing the number of relationships to
model, decreasing the false positive rate and speeding up computation [108]. The most common

sources of GRN scaffolds are:

e Literature databases: PKN scaffolds are constructed through manual or text mining curation of

existing literature in which the relationships between genes has been experimentally evaluated.
They provide a reliable starting point for GRN inference [109] and allow to perform footprint
analysis, in which the activity of key TFs is estimated from the changes of gene expression
of their targets [110]. Ingenuity Knowledge Base or CollecTRI are high-quality databases of

transcriptional regulation derived from the literature [111, 112].

e Chromatin accessibility: ATAC-seq profiles are obtained through DNA tagmentation with the

Tnb hyperactive transposase and give useful condition-specific insights into open chromatin
regions to which TF might bind to regulate gene expression. By purifying DNA — protein
complexes, ChIP-seq adds a refinement on the chromatin accessibility scaffold as it detects

which regulatory regions are being bound by a TF of interest.

e Sequence analysis: TF binding motifs can be identified through analysis of the genomic DNA

sequence. Usually, regulatory regions located at a certain distance from the gene promoter
are scanned to find the presence of known TF binding motifs. Comprehensive TF — motif
collections are stored as position weight matrices or hidden Markov models in databases such
as JASPAR or TRANSFAC [113-115]. While the presence of a TF motif alone is not a reliable
indicator of a regulatory relationship, sequence analysis is an efficient way to obtain a network
scaffold that can be contextualized using the transcriptome data. Tools such as iRegulon [116],
i-cisTarget [117] and HOMER [118] can identify TF motifs in genomic regions.
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e Orthology analysis: a GRN inferred for one species can be translated for another. While this

approach might miss important regulatory interactions or introduce false positives, it could
be informative if the two species are closely related and there is a good ortholog translation
between them [105].

e Protein-protein interaction networks: protein-protein interaction networks might provide useful

information of TF complexes necessary for their activity and might complement to a network

scaffold obtained through other approaches [105].

Regarding the mathematical approximation to the GRN inference problem, different strategies can
be used based on the question to answer and on the trade-off between the number of nodes/genes to
model and the number of samples available [105]. Here we review the most frequently used modeling

strategies and give examples of algorithms that apply them:

e Boolean networks: Boolean networks model TF activation as a dichotomous variable through

binarization of its expression profile [119]. The activity status of each TF is defined by
an activation function that describes the logical interactions between network components
[120]. Boolean networks are useful as descriptive and predictive models of static and dynamic
systems and do not contain a large number of parameters. If the network topology is known,
Boolean models can be used to find stable network states, also called attractors, that associate
with cellular phenotypes [18]. If the network topology is not clear and enough data with
temporal resolution is available, Boolean models can decipher the logical combination of TF
that explains the transition between transcriptomic states [121]. In these cases, the probabilistic
implementation of Boolean models proofs useful, as it provides insights into the most likely
activation function to govern the expression of each gene. Despite binarization making these
models more robust to dropouts and reducing the number of model parameters, it impedes
modeling dose-response relationships and reduces the accuracy of the data [119]. Another
drawback of Boolean models is their large computational cost, as they rely on brute force
exploration of all possible network states [105]. Therefore, Boolean models can only be fit
after a small number of relevant TFs has been preselected. Additionally, Boolean networks
fail to appropriately model negative feedback loops affecting a single TF and can only answer
qualitative questions [105]. Several algorithms to fit GRN Boolean models have been developed,
including boolsim [18] and BoolTraineR [122] for bulk RNA-seq and SCNS [123], LogicNet
[124] and BooleanPseudotime [125] for scRNA-seq data.

o Correlation: Pearson or Spearman correlation is a simple and useful way to construct co-
expression networks, even when the number of genes is very large. Correlation-based algorithms
usually calculate a fully connected network that is filtered to keep edges that pass a correlation
or significance threshold [16]. They are frequently used to construct whole transcriptome
GRNs in which master regulators and network communities can be identified. The drawbacks
of this approach are that it does not return directed networks, unless time-lagged correlation

in time series experiments is used [126], and that a large number of false positive interactions
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is found. WGCNA is the most popular correlation-based algorithm, usually applied on bulk
RNA-seq data to find co-expressed gene modules with a putative functional relationship [127].
PPCOR [128] and LEAP [129] are other examples of correlation-based algorithms optimized
to calculate partial correlations and deal with scRNA-seq data, in which the abundance of

dropouts complicates the calculation of correlation coefficients [130].

Mutual information: mutual information measures the dependency between two variables

based on their Shannon entropy: M;; = H; + H; — H;;, where i and j represent two genes and
H is calculated as H; = Y p(x;) * log(p(x;)). Similarly to correlation, mutual information can
infer undirected whole-transcriptome networks that reveal master regulators [119]. Recent
benchmarks show that mutual information usually outperforms correlation but implies an
increased computational complexity [131]. ARACNe is the most popular algorithm for mutual
information-based GRN inference using bulk RNA-seq [132]. scRNA-seq has motivated the
development of algorithms that modify the definition of mutual information to incorporate
pseudotime information (e.g., TENET [133], Scribe [134]).

Regression: linear or non-linear regression can be used to model the expression of each gene as
a function of the level of expression of its regulators. Regression-based approaches can infer
transcriptome-wide GRNs or be applied on a restricted set of genes and interactions contained
in a network scaffold. Linear regression models as implemented by Pando [22] or celloracle [21]
are specifically designed for scRNA-seq data and can efficiently simulate network perturbations.
Other tools use regression models based on random forests and are applicable to both bulk
and single-cell data sets (e.g., GENIE3 [19], GRNBoost2 [135] and SCENIC [20]).

Bayesian networks: they represent GRNs as directed acyclic graphs in which each node is a

random variable and model the conditional dependences between genes by estimating the joint
probability distribution of all interactions [105]. They provide highly-detailed and interpretable
models, as they output the posterior distribution for each edge. Additionally, their Bayesian
nature makes them a convenient platform for the integration of multiple data modalities. Apart
from their computational complexity, their main drawback is that they cannot model feedback
loops, which limits their applicability [16]. Dynamic Bayesian networks overcome this limitation
by modeling the GRN as a sequence of network states, with an increase in the computational
cost of the inference problem [119]. Banjo is a Bayesian algorithm for the inference of GRNs
using bulk RNA-seq [136]. GRNVBEM and HBFM [137] are Bayesian-based algorithms
specifically designed for scRNA-seq data. Additionally, dsReg uses a bayesian approach to
model the regulation of alternative splicing, adding an additional layer of complexity to the
GRN inference problem [138].

Ordinary differential equations (ODEs): ODEs model the rate of change in the expression of

a gene with respect to the changes in the expression of its regulators. While they can be used
with static or dynamic data, ODE models are most suitable to model dynamic systems and

can therefore deeply benefit from pseudotime trajectories calculated on scRNA-seq data [119].
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ODEs can provide more realistic and causal GRN representations but must be limited to a
small number of genes due to the high number of parameters that must be fit. Algorithms
such as SCODE [139], GRISLI [140] and DynGENIE3 [141] apply ODEs for GRN inference
using scRNA-seq data, while TSNI [142] was specifically developed for bulk RNA-seq.

e Deep learning: algorithms leveraging deep learning architectures have recently entered the
GRN inference arena and have been mostly applied to scRNA-seq data due to the large
sample sizes required for training [143]. CNNC leverages convolutional neural networks to
predict regulatory relationships between genes from images of 2-dimensional gene expression
histograms [144]. DeepDRIM extends this framework to reduce the number of false positives
resulting from indirect regulation [145], and dynDeepDRIM expands this algorithm to include
pseudotime information [146]. More recently, tools based on deep generative models have been
developed [24]. DeepSEM and GRN-VAE use variational autoencoders with a GRN layer to
identify regulatory relationships between genes [147, 148]. Lastly, scGPT is a foundational

model trained to learn gene and cell embeddings [149].

The large diversity of GRN inference algorithms makes selecting the most appropriate tool a daunting
task. The decision should mostly be based on the biological question and the available data, taking
into account that there is an inverse relationship between the granularity of the model and the
data and computational power required to fit it [120]. In theory, algorithms developed for bulk
RNA-seq should work on scRNA-seq, although the higher data sparsity and noise limits their
performance and asks for specialized solutions [105]. Additionally, the availability of a network
scaffold determines whether a small number of candidate genes should be modeled in detail, or
whether a noisy whole-transcriptome GRN should be inferred with exploratory purposes. It is
difficult to accurately compare algorithm performance due to the lack of curated real GRNs, and
while synthetic data might be useful for computational power comparisons, a recent benchmark
showed that better performance on synthetic data does not reflect better performance on real data
[131]. Additionally, Pratapa et al. showed that methods that do not require pseudotime information
usually outperform those which do, probably due to errors in the trajectory inference process.
Regarding accuracy, regression algorithms in which the number of relationships is restricted to a

high-quality network scaffold are the best performers [131].

2.2.2 Downstream analysis: GRN topology and emergent properties

Once a GRN model has been fitted, it can be exploited for different downstream analyses:

« Network topology analysis and identification of hub nodes: GRN models can contain thousands

of nodes and edges, which calls for a birds-eye-view analysis of the GRN properties. The degree
distribution of biological GRNs follows a power law, indicating that while most genes have
few connections, a small number of highly connected hubs maintain the network architecture.

Additionally, GRNs are highly hierarchical [150] and hub genes can be identified using a variety
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of centrality metrics [106, 151]. Here we define the two centrality metrics used throughout this

thesis:

— Out-degree: quantifies the number of out-going edges that originate from a given node in
the network. Nodes with a high out-degree are hubs because they directly influence a

large number of nodes in the network.

— Betweenness centrality: quantifies the number of shortest paths in a network that go

through a given node of it. Eq. (2.1) shows how betweenness centrality is calculated,
where v, s and t refer to nodes in the network and d represents the number of shortest
paths between two nodes. Nodes with high betweenness are hubs because they play a key

role in the flow of information through the network.
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e Identification of functional modules: the hierarchy in GRNs causes the appearance of network

communities. Communities are groups of genes that are highly connected to each other, but
minimally connected to other regions of the network. Algorithms such as fast greedy clustering
or Infomap approach the community identification problem using hierarchical clustering
or random walkers to maximize the network modularity [152, 153]. After annotation using
enrichment analysis, communities can give insights into the most important functions controlled

by a GRN.

e Comparative analysis: GRNs inferred for two conditions can be compared through direct

pairwise comparison of TF — target relationships. In spite of its simplicity, direct network
comparison often fails to provide informative results due to the noisy and sparse nature of
GRNs [106]. Ranking-based approaches to compare the hub TFs in each GRN are more
robust to identify candidate genes that can explain the biological differences between the two

conditions.

o Inference of TF activities: because the expression of a TF is not necessarily a good readout of

its activity, enrichment tools applied on the GRN-derived set of targets for each TF can be
used to estimate TF activity [106].

e Prediction of perturbation effects: GRN models can be used to predict how changes in activity

of a TF impact the rest of the network. Depending on the modeling strategy, these analyses
provide more or less granular information about the consequences of the perturbation. For
example, celloracle in combination with pseudotime trajectory information has been used to

predict how the perturbation of a TF affects the natural course of differentiation [21].

e Understanding the molecular mechanisms that regulate a biological process: small-scale but

high-quality GRNs can be used to gain quantitative insights into gene regulation [107]. As
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an example, ODE models have shed light into how short and long-term IFN-3 exposure can

differentially induce the expression of innate immunity of pro-inflammatory gene sets [154].

Lastly, experimental validation of the inferred GRNs and their properties is important. Experimental
validations might aim to interrogate whether TF — target regulation occurs through direct or indirect
molecular mechanisms [107], or whether the predicted effect of perturbing a TF matches experimental
observations. By reiteratively inferring GRN models and validating the most interesting properties

for the biological question at hand, the models can be improved to better represent reality [155].

2.3 Modeling GRNs to understand and promote regeneration

Previous studies have inferred the GRNs behind heart regeneration, at least to some extent.
Providing single-cell granularity, Wang et al. and Nomura et al. combined scRNA-seq with scATAC-
seq and H3K27ac ChIP-seq to identify TF with differentially accessible motifs between control
and pathologic conditions (AMI and HF, respectively) [156, 157]. Kuppe and colleages generated
the most comprehensive atlas of human AMI to date, integrating snRNAseq, snATACseq and
spatial transcriptomics of control and hypoxic, fibrotic, border zone and remote regions of infarcted
hearts. Among others, this data was used to infer CM and fibroblast GRNs. The authors leveraged
the single-nuclei data to find putative regulators based on their accesible motifs and the Pearson
correlation between the accessibility of regulatory regions and the expression level of target genes.
This analysis provided interesting insights into the hub TFs regulating CM response to AMI [158].
However, none of the aforementioned studies provides mechanistic GRN models that are amenable
to the simulation of perturbations. Bulk RNA-seq data has also been employed for GRN inference of
heart regeneration. Meta-analyses that integrate bulk RNA-seq from different studies have been the
most popular approach, as they partially ameliorate the data dimensionality problem. This approach
has been used to identify TFs driving zebrafish heart regeneration [159], hiPSC differentiation
towards CMs [127], congenital heart disease [160] and CM maturation [161]. Lastly, an approach
based on the construction of network models purely from literature has modeled the CM cell cycle

regulation pathway [162].

In the case of axolotl limb regeneration, several studies have identified hub TFs involved in the
regenerative response. Gerber et al. provided important insights into the molecular rewiring of
connective tissue (CT) cells necessary for blastema formation, but did neither infer GRNs nor master
regulators of this process [14]. Lin et al. compared axolotl and frog CT, finding that frog CT cells
are unable to re-express the embryonic gene expression program necessary for blastema formation,
but did not interrogate which TFs drive this process [163]. Lastly, Ye et al. compared the integrated
GRN of neotenic and metamorphosed axolotl using scRNA-seq of over 15 tissues, but did not focus
on limbs [164].

Altogether, the majority of previous research has used a correlation-based approach to identify master

regulators of regenerative or fibrotic responses, but have failed to provide causal and predictive
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models for their in silico perturbation. An additional limitation specific to the heart studies is the
fact that single-nuclei profiling does not distinguish between diploid and polyploid nuclei or cells,
failing to identify the mechanism through which mammalian CM polyploidization influences the
regenerative avility. To address these limitations, we focus on regenerative models, namely the
axolotl and the P1 mouse heart, to model the GRNs behind myocardial and bone regeneration.
Using a wide range of methodologies and data, we infer the GRNs governing myocardial regeneration
in vertebrates and give special attention to the identification of molecular drivers of mammalian CM
polyploidization. Additionally, we propose new therapeutic hubs to activate endogenous regeneration
of the adult mammalian myocardium. Lastly, we provide the first single-cell atlas of axolotl CSD and
compare the GRNs in regenerative and fibrotic axolotl bone injuries, identifying candidate molecular

mechanisms to transform the fibrotic response into a regenerative response.
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3 Hey?2 as a roadblock for vertebrate

heart regeneration

The capacity for heart regeneration is variable among vertebrates: while the axolotl (Ambystoma
mezicanum) and zebrafish (Danio Rerio) can regenerate their hearts throughout life, mammals can
only achieve heart regeneration until the first postnatal days of life. Coincidental with this loss in
regenerative capacity is the polyploidization of mammalian CMs that hinders their proliferation.
This chapter explores these two processes through the inference of the GRN controlling CM identity
and injury response in axolotl and the GRN controlling CM polyploidization in mouse. Both GRNs,
inferred using different data and methodologies, identified Hey2 as a common key regulator. In silico
simulations and preliminary in vivo experimentation support the requirement of Hey2 inactivation
to induce axolotl border zone CM proliferation upon injury. Additionally, preliminary in vivo tracing
of the Hey2™ lineage in mouse shows a positive correlation between CM ploidy and Hey2 activity.
Altogether, these results suggest a novel role for Hey2 as a regulator of mammalian CM ploidy,
provide the first genetic markers to facilitate the study of the mouse MNDCMs and support the role

of Hey?2 as a roadblock for heart regeneration.
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3.1 Materials and methods

3.1.1 Methods related to the axolotl data set

Experimental procedures

All experimental procedures on axolotl were performed by Elad Bassat, PhD and are briefly described
here to provide the necessary background for the in silico analysis of the gathered data. The scripts

used for GRN inference will be available at https://github.com/iriverog.

Axolotl husbandry: 8-10 cm nose-to-tail juvenile axolotls were used in this project. The sex
of the animals was unknown, as they were not genotyped, and sexual characteristics are not
present at this stage. Animals were bred and maintained in the animal facilities of the Institute of
Molecular Pathology (IMP) in Vienna, Austria, as described previously [165]. Animals were kept
individually, and experiments were conducted with approval from the Magistrate of Vienna (GZ:MA
58-105623-2020-26).

Axolotl line tgScel(Myl7:TFP-NLS-T2a-HEY2): the axolotl line tgScel(Myl7:TFP-NLS-T2a-
HEY?2), abbreviated MYL7:TFP-HEY2_OE, overexpresses the axolotl Hey2 coding sequence under
the control of the CM-specific promoter myl7 of Xenopus laevis. The TFP reporter has a nuclear
localization signal and can be used as a tracker of exogenous Hey2 expression. In this study, FO

mosaic animals with variable numbers of Hey2™ cells were used.

Cryoinjury: cryoinjury was used as a model of ischemic myocardial damage. Briefly, axolotls were
anesthetized using 0.015% benzocaine. Anesthetized animals were placed in a supine position on
a wet paper towel during the surgical procedure. After skin disinfection, a lateral thoracotomy
was performed, and the chest cartilage plates were retracted to achieve direct access to the heart
pericardium. A small incision on the pericardium exposed the ventricle and then a liquid nitrogen
chilled probe was placed on the heart apex for 5 seconds and then flushed with PBS containing
antibiotics. A white area remained where the probe had been placed, serving as a visual confirmation
of the injury. Afterwards, animals were closed and allowed to recover on a wet paper towel for 10-20
minutes. After surgery, animals were housed in individual tanks with clean tap water and observed
daily. For the first 72 hours, animals were treated with 0.5mg/L butorphanol, 50 U/mL penicillin,
50pg/mL streptomycin and 20% holftrors solition. Between 72h and 1 week, the animals received
only antibiotics and 20% holftrors solition. Animals were sacrificed by benzocaine overdose 1, 4, 7,
and 14 dpi. Hearts from uninjured and healthy animals were included as a physiological control
(day 0) (Fig. 3.1).

Quantification of proliferation in the border zone: To assess the proliferation levels of
Hey2-overexpressing vs wild-type (WT) cells, a single 5-Ethynyl-2’-deoxyuridine (EdU) injection at
a concentration of 400 pM and at a dosage of 20 pL./g was given i.p. and animals were left to recover

overnight (approximately 16h). Animals were sacrificed and their hearts were harvested for analysis.
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Tissue dissection and cell isolation: immediately after euthanasia, hearts were harvested for
multi-omics (snRNA-seq and snATAC-seq on the same cell). Hearts were flash frozen in liquid
nitrogen and moved to -80°C until the day of extraction. On the day of processing, hearts were
allowed to equilibrate on wet ice in the 4°C cold room. 10 mL of nuclei pure lysis buffer (Sigma
Aldrich) was supplemented with 1 complete Mini Protease Inhibitor Cocktail (Roche). 2mL of this
lysis buffer were supplemented with 2 pL, DTT and 20 pL. 10% Triton X100 (working lysis buffer).
The working lysis buffer was placed in a 2ml dounce homogenizer. 6 hearts per timepoint were
finely chopped and added to the lysis buffer. Using Pastel A, the tissue was dounced until resistance
was gone, then it was filtered with a 40 pm mesh into a new 15 mL tube and then resuspended in
1mL Nuclei Pure storage buffer (Sigma Aldrich) with 20 pL. RNase-OUT (Thermo-Fischer). Nuclei
were centrifugated again and most of the liquid was removed, leaving approximately 40 pl. which

were used for analysis.
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10x genomics multi-omics (SnRNA-seq & snATAC-seq on the same cell)

Figure 3.1: Experimental design. Juvenile axolotls were subjected to ventricular cryoinjury. The hearts
were collected at 0 (non-injured controls), 1, 4, 7, and 14 dpi and samples were processed for 10xGenomics
multi-omics (simultaneously profiles snRNA-seq and snATAC-seq).

Multi-omics sequencing

Simultaneous snRNA-seq and snATAC-seq on the same cell (multi-omics) was performed in a
single batch using the 10xGenomics platform in collaboration with the NGS Vienna Biocenter
Campus facility. Libraries were prepared and sequenced on a NovaSeqS4 sequencing platform
following manufacturer recommendations. For snRNA-seq and Visium data, the raw fastq files
containing reads for each library were processed using the same pipelines as in Lust et al. [166].
Briefly, the raw reads were mapped and quantified on the latest axolotl genome release (v6.0) and
transcriptome annotation (v47) by running kallisto (v0.46.0) [167] and bustools (v0.40.0) [168] with
default parameters. Both reads from introns and exons were included in this step. The snATAC-seq

data was aligned and quantified using CellRanger-ARC (v2.0.0, 10xGenomics), also as previously
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described [166]. These pre-processing steps were performed by Jingkui Wang, PhD and the NGS

Vienna Biocenter Campus facility.

snRNA-seq and snATAC-seq analysis

These steps were performed by Jingkui Wang, PhD and Elad Bassat, PhD. Multi-omics pre-processing
and clustering was done using the R packages Seurat v4.3.0 [169] and Signac v1.9.0 [170]. For snRNA-
seq data, cells with (1) less than 200 or more than 10,000 detected features and (2) more than 60% of
mitochondrial reads were filtered out. After log-normalization, principal component analysis (PCA)
was computed using the 8,000 most variable genes. To visualize the data, dimensionality reduction
by uniform manifold approximation and projection (UMAP) was calculated using 30 principal
components (PCs). Marker genes of each Louvain cluster were calculated with the Seurat function
FindAllMarkers() using Wilcoxon Rank Sum test. Clusters were annotated to their corresponding

broad cell types using canonical marker genes (Table 3.1).

Table 3.1: Marker genes used for broad cell type annotation. Marker genes were described in [164,
171, 172].

Cell type Marker genes

B cell Abee4, Bankl, Bcel2l11, Blnk

Cardiomyocyte Cacnalg, Myh6, Myh7, Myoz2, Nppa, Ryr2, Tnnt2, Ttn

Endothelial cell Cdhs, Clu, Eng, Kdr, Pecaml1, Tagin2, Vwf

Erythrocyte Alas2, Hbgl, Hbg2

Fibroblast Collal, Col3al, Dcn, Krt19, Pdgfra, Postn

Megakaryocytes Fli1l, Gp9, Itga2b, Mpl, Plec, Selp, Srgn, Tubb3, Zfpm1

Monocyte / Macrophage Cerd, Cltc, Ctsb, Lyvel

Neuron Cacnala, Cacnale, Cacna2dl, Cacnbl, Cacng3, Kenjl2, Kenjl,
Snap25

Neutrophil Adgrel, Argl, Csf3r, Itgam, Spil, Itgam

T cell Bach2, Cer?, 1lTr, Stat4

Prior to the snATAC-seq analysis, all peaks called by CellRanger-ARC for each time point were
combined and quantified only in cells found in the snRNA-seq. Cells with less than 200 or more than
1,000,000 features, and cells with nucleosome_ signal > 6 or T'SS_ enrichment < 1 were discarded.
Because all samples were prepared and sequenced in the same batch, the two modalities were
combined without additional integration. The cell type annotations of snRNA-seq were transferred
to snATAC-seq. The UMAP embedding of snRNA-seq was used for data visualization.

Ventricular CMs were computationally isolated based on the cell type assignments described above

and the deconvolution of a spatial transcriptomics dataset of axolotl heart regeneration at 4 dpi.
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Briefly, axolot] heart tissue was quickly washed in PBS, patted dry and placed in Optimal Cutting
Temperature (OCT) (Takara) solution in a cryomold. The cryomold was frozen in isopentane chilled
in liquid nitrogen until OCT became opaque. The blocks were cryosectioned and placed on histology
slides for visualization and evaluation of the damage area. When the region of interest containing
large damage localized to the apex was identified, a single section was placed on the Visium slide for
further processing according to manufacturer’s protocol. The Visium count matrix was analyzed in
the same way as the snRNA-seq, except for SCT normalization of gene expression. RCTD was used
for deconvolution of the spot gene expression into cell type proportions [173]. RCTD was run with
default parameters using doublet mode. Regarding CM trajectory inference, SCANPY v1.91 was
used [174].

Inference of a large-scale GRN for ventricular CMs

A large-scale GRN for ventricular CMs was reconstructed using Pando, which integrates single-nuclei
multi-omic measurements with the genomic localization of TF binding motifs [22]. The Pando

framework consists of three steps (Fig. 3.2):

1 - Selection of candidate regions and association with target genes.
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Figure 3.2: GRN inference with Pando. The Pando workflow consists of three steps: (1) selection of
candidate regions and association with target genes, (2) identification of TF binding motifs in candidate
regions and (3) prediction of TF-region regulation of target gene expression. In the equation 4 represents the
target gene and j are its transcriptional regulators. e stands for expression level, a stands for accessibility and
[ are the coefficients.
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1. Selection of candidate regions and association with target genes: candidate regions refer to

regions of accessible chromatin to which TFs can bind to regulate the expression of target genes.
Candidate regions were identified using the Signac function LinkedPeaks(), which calculates
the Pearson correlation between the expression of a gene and the chromatin accessibility of
all peaks within a given distance from its transcription start site (TSS) [170, 175]. This
maximum distance was set to 10 Mb, as axolotl topologically associating domains (TADs)
are on average 7 to 10 times larger than their human counterparts [176, 177] and all gene
regulatory interactions are expected to happen within TADs [178]. Correlations were only
calculated for the 10,000 most variable genes and for pairs of peaks and genes detected in at
least 10 cells. Absolute correlation coefficients larger than 0.05 were retained and transformed
into z-scores for which empirical p-values were calculated using a null distribution constructed
by sampling 200 random peaks. Peak-gene interactions with p-values < 0.05 were retained for

the next step.

2. Identification of TF binding motifs in candidate regions: candidate regions were scanned for

TF binding motifs to predict causal TF — target gene regulatory relationships. This step was
performed using the Pando find__motifs() function [22]. TF binding motif information was
obtained from the JASPAR CORE and UNVALIDATED collections (2022 release) [113, 115].

The latest axolotl genome sequence release (amexG_v6.0) was used as a reference [179].

3. Prediction of TF-region regulation of target gene expression: regulatory relationships between

TFs and target genes were inferred using regression models with region-TF as independent
variables and the expression of the target gene as the dependent variable. Generalized linear
models as implemented by the Pando function infer grn() were used for GRN reconstruction
[22]. These linear models predict the log-normalized expression of target gene i (e;) by
combining the log-normalized expression of a TF and the accessibility of its associated region
(ej and a; for each TF j, respectively) (Eq. 3.1). The fitted coefficients (3;) are a measure of

the interaction strength between the region-TF pair and the target gene.

€, = Zﬁjejaj +e€ (3.1)
J

The resulting network contains directed, weighted, and signed edges, where the sign of the coefficient
indicates the MOR (activation or inhibition). Edges with an FDR~adjusted p-value < 0.05 were
retained. Network edges were collapsed at the gene level to obtain a TF — gene GRN.

Network topology analysis was performed using Cytoscape v3.9.0 Network Analyzer [180, 181].
Network communities (locally dense connected subgraphs in the network [182]) were detected
using fast greedy clustering as implemented in the Cytoscape clusterMaker plug-in [152]. This
algorithm hypothesizes that the optimal community structure in a network is that with the maximum
modularity (Eq. 3.2):

30



Chapter 3. Hey2 as a roadblock for vertebrate heart regeneration

<~ |Le _ (ke?

M = ; lL - (M) ] (3.2)
where L is the total number of edges in the network, L. is the number of edges in community
¢, k. is the total degree of nodes in this community and n. is the total number of communities
in the network [182]. The fast greedy algorithm starts by assigning each node in the network to
its own community. Then, it calculates the change in modularity obtained by merging two nodes
into the same community and performs the merge that achieves the highest network modularity.
These steps are repeated until the whole network is assigned into a single community. As the
modularity was recorded for each merge, the optimal network partition with maximal modularity is
selected (Fig. 3.3). Network communities were annotated with biological functions by performing an

over-representation analysis (ORA) of the community genes on the GO Biological Process database
[183, 184], as implemented by the fgsea R package [185].

Start partition » End partition
Optimal partition

M=0 M = 0.06 M = 0.29 M =224 M = 0.28 M =-0.12

Figure 3.3: Fast greedy clustering algorithm for network community detection. The algorithm
starts by assigning each node in the network to its own community. Then, it iteratively merges single nodes
into existing communities until the whole network becomes a single community. The network modularity of
each partition is recorded, and the network partition with maximal modularity is selected as optimal.

Systematic in silico perturbation of TFs in the ventricular CM GRN

The effect of TF perturbations on the ventricular CM transcriptome was predicted using celloracle
(version 0.14), available at https://morris-lab.github.io/CellOracle.documentation/# [21].
Celloracle uses linear GRN models to predict shifts in cellular identity following the perturbation of
one or more TFs. The celloracle pipeline is divided into three blocks: first, cluster-specific GRNs
are inferred using regularized linear regression models. Then, these GRNs are used to model the
changes in the cellular transcriptome upon a perturbation. Lastly, these changes are compared with

the transcriptome changes induced by the differentiation trajectory (Fig. 3.4).

GRN inference with celloracle requires two inputs. One is a scRNA-seq data set in which cell type

clusters have been identified and, optionally, a differentiation trajectory has been inferred. For this
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analysis, the purified ventricular CMs in the injury trajectory branch (Cav3.17", IS and Prol-IS
clusters) were used. The second input is a base GRN with unweighted and directional edges between
TFs and target genes. This base GRN reduces the number of potential edges that must be modeled
and assigns a causality to the transcriptional regulation, which balances the simplicity of regularized
linear models used to fit the GRN. As a base GRN, the ventricular CM GRN inferred with Pando
containing 1,853 genes and 5,691 edges was used. These two pieces of information were used to fit

cluster specific GRN models using regularized linear regression (Eq. 3.3):

n
yi =y bijrj+cij (3.3)
j=1

where y; is the expression of the target gene, z; € {xo,z1,...,2,} are the expression levels of the
regulators of gene ¢ in the base GRN, b; ; is the coefficient and takes the value of 0 when genes ¢
and j are the same, and ¢; ; is the intercept. L2 regularization was applied using Bayesian ridge to
control the magnitude of the coefficients and to identify informative connections. Lastly, one-sided
t-tests were used to calculate p-values for the coefficients. Robust connections were identified by

filtering Bonferroni-corrected p-values using a significance threshold of 0.05.

Input: scRNA-seq Cluster-specific Modeling perturbations
+ base GRN GRNs

Cluster 1 Signal propagation  2-D embedding Calculate PS

Pseudotime
Cell 1 —_———> —>

o ~ .
a[Cell 3 Perturbation vectors
< Cell 2 * A A
o ' < ,
f\ <« _Cell N Perturbation score
|
UMAP 1 min 0 max
Cluster N —
Iteration I |
1 2 3
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Figure 3.4: GRN inference and perturbation with celloracle. Celloracle [21] takes two inputs: (1) a
scRNA-seq data set with annotated cell clusters and a differentiation trajectory and (2) a base GRN. These
are used to fit GRN models using cluster-specific regularized linear regression. The fitted models can be
used to predict how TF perturbations shift the cellular transcriptome using network propagation and by
calculating the inner product between the perturbation and differentiation vectors in the 2-dimensional cellular
embedding. A summarized version of the inner product called PS reports the effect and magnitude of the
perturbation.

The second step in the celloracle pipeline is to use the linear GRN models to predict the effect of
TF perturbations. The effect of a TF perturbation was estimated by propagating the shifts in gene

expression through the GRN for three iterations. KO simulations assumed absolute TF expression of
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0, while overexpression simulations utilized the maximum expression value observed in the dataset.
The linear nature of the model makes these computations simple, as the derivatives (change in the
expression of gene i as the expression of TF j changes) are the coefficients of the linear models (Eq.
3.4).

_ 0y
- 5a:j

Ay; Axj = b; jAx; (3.4)
In each iteration, negative expression values were changed to zeros and controls checked whether the
gene expression values remained within biologically plausible ranges. The resulting perturbation
vectors were projected into the 2-dimensional UMAP embedding by calculating the Pearson correlation
between the perturbation vectors and the gene expression differences between each cell and its
k-nearest neighbors on the PCA space, with k optimized to 61 for this data set. The correlations
were normalized using the SoftMax function to represent the probability of transition between
adjacent cell-states (Eq. 3.5):

(3.5)

ecor(ri j,di)/T)
bij = (Z e ecor(n,j,di/T)>
J

where d; refers to the simulated gene expression shift vector for cell ¢, r; ; is the subtraction between
the original gene expression vectors for cells ¢ and j € G and T refers to a default temperature
parameter of 0.05. These probabilities were transformed into 2-dimensional transition vectors (Eq.
3.6):

Vi simulated = Y, PijVij (3.6)
jeG

where v; ; is the vector obtained by substracting the coordinates in the 2D space of cell ¢ and cell j.

To facilitate the interpretation of results, the 2-dimensional transition vectors were summarized by
grouping individual vectors by grid point using Gausian Kernel smoothing on a grid with 40 points.
To compare the perturbation vectors with the differentiation trajectories, polynomial regression was
applied to project the pseudotime onto the 2-dimensional grid. These projections were transformed
into 2-dimensional differentiation vectors using the numpy.gradient() function. Then, a perturbation
score (PS) that compares the perturbation and differentiation vectors was calculated through their
inner product. The PS takes a value of 1 if the two vectors have the same direction, a value of 0 if
they are perpendicular to each other, and a value of —1 if they have opposite directions. The PSs
were summarized per cluster by adding all positive or negative PSs in grid points belonging to said
cluster. Statistical significance of the PSs was empirically tested by obtaining a null distribution of
the PSs calculated with a randomized GRN model. The obtained p-values were Bonferroni-corrected

to account for multiple testing.
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To select candidates for further experimental exploration, the TFs were ranked by these three criteria:

1. Statistical filter: Bonferroni-adjusted p-value < 0.05 for either the negative PS and/or positive
PS.

2. Magnitude filter: PS larger than the percentile 99 of random PS.

3. Coherence filter: in order to select the perturbations that have a homogeneous effect, a final
PS that summarizes the negative and positive PS was calculated (Eq. 3.7). We focused on the

TFs with the largest summarized PS.

PSiotar = —PSps<o + PSps>o (3.7)

3.1.2 Methods related to the mouse data set

Experimental procedures

All experimental procedures were performed by Cristina Villa del Campo, PhD and Rocio Sierra and
are briefly described here to provide the necessary background for the in silico analysis of the gathered

data. The scripts used for GRN inference will be available at https://github.com/iriverog.

Mouse husbandry: P7 and adult (8-10 weeks old) BHP//B6.Cg-Tg(HISTIH2BB/EGFP)1Pa/J
male and female mice were used in this project. This mouse line expresses the EGFP nuclear reporter,
which allowed the classification of CMs as mono- or binucleated before scRNA-seq. Animals were bred
and maintained in the animal facilities of the Centro Nacional de Investigaciones Cardiovasculares
(CNIC) in Madrid, Spain. All experiments were conducted in accordance with the CNIC Ethics
Committee, Spanish laws, and the EU Directive 2010/63/EU for the use of animals in research.
All mouse experiments were approved by the CNIC and the area of “Proteccion Animal” of the
Community of Madrid with reference PROEX 144.1/21.

Tissue dissection, cell isolation and nuclei annotation: WT mice were sacrificed by cervical
dislocation at P7 and adulthood (8-10 weeks). After euthanasia, hearts were harvested, and
ventricular CMs were purified by Langendorff perfusion with liberase (Roche Applied Science). In
preparation for scRNA-seq with the SMART-seq2 technology, single ventricular CMs were visually
inspected, annotated as “mononucleated” or “binucleated” thanks to the EGFP nuclear reporter,
and isolated in single wells of 96-well plates. Mononucleated ventricular CMs were enriched with the

purpose of having comparable sample sizes for statistical testing.

Mouse line Hey2 *PET2; the mouse line Hey2C FRT2.R26R™T™C (Hey2 r*PRT2 in short) [186]
was used to track the Hey2-expressing lineage in vivo. Upon tamoxifen administration, this mouse line
expresses the Cre recombinase under the control of the Hey2 promoter and Cre activity recombines
the R26R™T™C allele to inactivate the membrane-Tomato reporter and activate the membrane-GFP

(mGFP) fluorescent reporter.
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Correlation between the Hey2 lineage and number of CM nuclei: Cre expression and
subsequent mGFP expression in cells with active Hey2 was induced by oral tamoxifen administration
to Hey2CFRT2/+ adult mice. Afterwards, the hearts were harvested, and ventricular CMs were
isolated using Langendorff perfusion with liberase (Roche Applied Science). Purified ventricular
CMs were plated, and the number of mononucleated ventricular CMs in the Hey2  (mGFP~) and
Hey2* (mGFPT) lineages was counted.

scRNA-seq

scRNA-seq was performed using the SMART-seq2 platform in collaboration with the CNIC Genomics
unit. Complementary DNA (cDNA) generation, pre-amplification and library preparation were
performed using the SMART-Seq v4 3'DE kit (Takara Bio) following manufacturer instructions.
Libraries were sequenced on an HiSeq2500 or NextSeq sequencing platform (Illumina) with read
lengths of 49 nucleotides (R1) and 10 nucleotides (R2). Fastq files containing reads for each cell were
obtained by demultiplexing raw sequencing files using Nextera indexes and bcl2fastq2 (Illumina)
followed by demultiplexing using R2 indexes and the cutadapt software [187]. Reads were mapped
and quantified on the mouse genome GRCm38 with ensemble gene build version 91 using the RSEM
software [188]. These pre-processing steps were performed by Carlos Torroja, PhD and the CNIC

Genomics and Bioinformatics units.

scRN A-seq analysis

These steps were performed by Carlos Torroja, PhD, from the CNIC Bioinformatics Unit.

scRNA-seq pre-processing and clustering was done using the R packages Seurat v2 [169] and Scater
[189]. The following three criteria were used to minimize the number of low-quality cells and improve
the subsequent analysis: (1) cells with normalized counts greater than 1,700,000 or less than 150,000,
(2) cells expressing less than 4,000 genes, and (3) a mitochondrial transcript content above 75% were

excluded. Genes detected in at least 6 cells were considered for further analysis.

Analysis of adult ventricular CM: The sequencing batches were integrated using the CCA
method [190] on the SCT-transformed data. Briefly, the SCT transformation [191] was calculated for
the 500 most variable genes, and 200 of those were used for calculating the integration anchors using
10 PCA dimensions and 5 nearest neighbors and considering 60 nearest neighbors when weighting
anchors. For visualization purposes, the integrated dataset was subjected to UMAP dimensionality
reduction using 10 PCA PCs. Louvain clusters were estimated with a resolution of 1 and 10 PCs.
Marker genes of each cluster were calculated with the Seurat function FindAllMarkers() using Wilcox
Sum Ranked test on the SCT-transformed data. Only positive log fold change entries greater than
0.25, with an adjusted p-value < 0.01 and detected in at least 30% of cells were reported as cluster
markers. Based on the manual exploration these markers, cluster C3 was further divided into three

subclusters: C3a, C3b and C3c. Marker genes of the manually corrected clusters were calculated as
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before. Clusters were annotated to the cardiac conduction system or ventricular working myocardium
(WM) using marker genes (Table 3.2) obtained from Goodryer et al. [192].

Analysis of P7 ventricular CM: P7 ventricular CM were analyzed as described above, with a
slight modification to the number of nearest neighbors when weighting anchors, which was set to 30

for this data. In this case no manual refinement of cluster assignment was necessary.

Table 3.2: Marker genes for the identification of CM subtypes. Obtained from [192].

CM subtype Marker genes

Cardiac conduction Actal, Actcl, Adprhll, Aspscrl, Atp1bl, Bex], Casq2, Citedl, Clu,
Cst83, Cxcll2, Fidl, Fbn2, Fxydl, Hspbl, Igf2r, Kcnel, Mlip, Myho,
Myl7, Nppa, Pam, Pgam?2, Rampl, Rbpms, Rrad, Sh3bgr, Slit2,
Sorbs2, Sulf2, Tcap, Tgm2, Thncl, Thni3, Thntl, Tsc22d3, Trdn

Atrio-ventricular node Actal, Actcl, Adprhll, Aspscrl, Bex/, Clu, Fxydl, Hspbl, Kcnel,

Mlip, Nppa, Pam, PgamZ2, Rbpms, Rrad, Sh3bgr, Sorbs2, Tnncl,
Tnni3, Tnntl

Purkinje fiber Atplal, Atp1bl, Casq2, Citedl, Cst3, Cxcll2, Eidl, Fbn2, Fxrydl,
1gf2r, Myh6, Myl7, Pam, Ramp1, Slit2, Sulf2, Tcap, Tgm2, Tsc22d3,
Trdn

Sino-atrial node Aspscrl, Atplal, Atp1bl, Bmp2, Cacna2d2, Csrp2, Fbro32, 1gfop5,
Lbh, Myl2, Pln, Ramp1, Shoz2, Smoc2, Snap91, Sorbs2, Tcap, Tmodl,
Tpm1, Vsnl

Atrial myocardium Gjal, Gja5", Hend , Myh7", Nkx2-57, Senba™

Ventricular WM Gjab, Gjal™, Hend™, Myh6™, Myh7, Myl2*, Nkx2-5"

Identification of TFs driving binucleation

Identification of mononucleated CM markers in adult WM: adult WM CMs (clusters CO,
C1 and C2) were virtually isolated. The Seurat function FindMarkers() using the MAST test [193]
was used to identify differentially expressed genes between mono- and binucleated CMs, regardless
of their cluster membership. All genes detected in more than 10% of cells were tested and their

differential expression p-values were corrected using FDR.

Identification of TFs controlling polyploidization: the differentially expressed genes (FDR-
corrected p-value < 0.05) were used as input to predict which TFs can potentially explain the observed
differences in gene expression between mono- and binucleated CMs. This analysis was performed
using Ingenuity Pathway Analysis (IPA) [111] and the Ingenuity® Knowledge Base (QIAGEN Inc.,
https://digitalinsights.quage.com/IPA), a literature-based and human-curated database of

over 24 million relationships between molecules, diseases and phenotypes.

IPA finds candidate TFs to explain the observed gene expression differences by (1) examining how

many known targets of a TF are present in the data set and by (2) comparing their direction of
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change (LogoFC) to what would be expected from the literature. It provides 2 statistical measures

of TF relevance:

1. Overlap p-value: p-value of the overlap between known targets for a TF and the differentially

expressed genes, as calculated by the right-tailed Fisher’s Exact Test and adjusted for multiple

testing using Bonferroni’s correction (Fig. 3.5a).

2. Activation z-score: determines the activation state of a TF (active or inactive) from the known

MOR for each target (Fig. 3.5b). Considering a given TF in the Ingenuity® Knowledge Base
that is connected to at least one gene in the observed data, these directional relationships are
annotated with literature findings that report consistent or ambiguous MORs. IPA predicts
the activation state of the TF by defining a z-score that quantifies whether the TF has more
activating predictions than inhibiting predictions (z>0) or vice versa (z<0). The z-score is
calculated as follows (Eq. 3.8).

ZZ-]L W; T4

/~N 2
i=1 W;

This equation is independently applied to each TF, where i refers to each of its observed

(3.8)

z =

targets and IV is the total number of observed targets in the data set. The variable x, which

quantifies the number of activating and inhibiting predictions, is calculated as (Eq. 3.9)

N —
Nt - N

T=) Ti= ——F 3.9

;:1 ~ (3.9)

and has variance 02 = 1. NT and N~ are the number of activated and inhibited targets,
respectively. The variable w quantifies the consistency in the MOR for each TF — target

relationship (Eq. 3.10):
|Mact - Mmh|

Mact + Minh +1

where M, and M;,, refer to the number of literature findings supporting an activating or

(3.10)

w; =

inhibiting TF — target relationship, respectively.

TFs with an adjusted overlap p-value < 0.05 were ranked by their absolute activation z-score to
select the most likely candidate(s) to explain the difference in gene expression between mono- and
binucleated CMs. To account for the fact that the detected TFs are not necessarily independent of
each other (e.g., the effect of TF; in the data set is relayed through TFg, with both TF; and TF,
being detected as independent significant regulators), the Mechanistic Networks algorithm (QIAGEN
Inc.) was applied to find causal GRNs [111]. This algorithm assumes that, if the causal effect of
TFy on some gene g is transmitted through T'F3, there should be an increased occurrence of the
TF, — g, TF, — g and TF| — TF; edges in the network. This enrichment can be quantified by
the Fisher’s Exact Test p-value of the overlap of the regulated gene sets O (TF'1) N O (T'F3) in the
data set, using the common target genes of TF; and TF9 as universe. By calculating this p-value

for all significant TFs, the Mechanistic Network algorithm predicts the causal hierarchy of events
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that lead to the observed gene expression changes (Fig. 3.5¢). The resulting network was visualized

using Cytoscape v.3.9.0.
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Figure 3.5: Identification of relevant TFs causing the observed changes in gene expression using
IPA (QIAGEN Inc.). Panels a-b) show the two statistic measures used by IPA to find likely relevant TFs
to explain the gene expression differences: a) the overlap between known targets of a TF and differentially
expressed genes in the data set, expressed as the p-value of the right-tailed Fisher’s Exact Test; and b) the
predicted TF activation state, as expressed by the activation z-score (see text). ¢) Scheme of the Mechanistic
Networks algorithm, used to find the causal GRN behind the data. First, “causal transitive triangles” are
identified using the Fisher’s Exact Test p-value of enrichment between shared TF; and TF5 targets in the
observed data. These causal dependencies are pruned using the Ingenuity® Knowledge Base to find the causal
chain of regulatory events behind the data. In all panels, circles represent target genes and squares represent
TFs. The target gene color represents overlapping targets (black), targets with an observed logoFC > 0 (red)
or targets with an observed logoFC < 0 (blue). Pointed arrows represent activating MOR and blunted arrow
ends represent inhibiting MOR. Continuous lines represent relationships supported by the expression data
and discontinuous lines represent relationships inferred only from the previous knowledge.

3.2 Results

3.2.1 The dynamic landscape of axolotl ventricular CMs upon cryoinjury

The molecular mechanisms that allow the axolotl to regenerate its heart are unknown. To answer
this question, we generated a comprehensive multi-omic atlas of intact and injured axolotl hearts at 0,
1, 4, 7 and 14 dpi (Fig. 3.1). Through computational integration of chromatin accessibility and gene
expression on 38,280 nuclei and unbiased clustering, we identified 41 molecularly distinct clusters
that were aggregated into 7 broad cell type classes using the expression of known marker genes (Fig.
3.6a, b). These included CMs (e.g., Myh6™, Myh7*, Nppa™, Ryr2", Thnt2"), endothelial cells (e.g.,
Cdh5*, Eng”, Kdr*, Pecaml™, Vwf"), erythrocytes (e.g., Alas2", Hbgl™, Hbg2"), fibroblasts (e.g.,
Collal™, Den™, Krt19", Pdgfra™, Postn™), immune cells (e.g., Adgrel™, Bink™, Ccr5™, Itgam™,
Lyvel ), neurons (e.g., Cacnala™, Cacnbl+, Cacng3+, Kenj12*, Snap25™) and platelets (e.g.,
Fli1*, Gp97", Plec*, Selp™, Zfpml1™). By leveraging a spatial transcriptomics data set of axolotl

heart at 4 dpi, we could explore the spatial distribution of each cell type and, importantly, annotate
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the different CM clusters as located to the ventricle, atria, or outflow tract (OFT) (Fig. 3.6¢).
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Figure 3.6: A single-nuclei multi-omic atlas of axolotl heart regeneration. a) UMAP visualization
of the integrated snRNA-seq and snATAC-seq. Different colors identify the major cell types in the dataset.
Different shades identify the distinct molecular clusters for each cell type. b) Heatmap of cell type scores
calculated from the expression of known cell type marker genes (Table 3.1). Only 500 randomly sampled cells
are shown. c¢) Proportions of atrial, ventricular and OFT CMs on a Visium spatial transcriptomics data set
of axolot] heart at 4dpi. The red color gradient and spot diameter indicate higher abundance.

We focused on the ventricular CMs, as they are directly affected by the injury and responsible to
generate the lost myocardium [4, 28]. We found 6 molecularly distinct ventricular CM clusters
with differences in spatial localization, injury dynamics and cell cycle status: Cav3.1%, Robo2™T,
injury-specific (IS), proliferative IS (Prol-IS), proliferative in S phase (Prol-S) and proliferative in
G2/M phase (Prol-G2M) (Fig. 3.7a). Regarding their localization, the IS and Prol-IS populations
are mostly restricted to the border zone, the Cav3.17 CM are located to the ventricular periphery
and Robo2" CM are found in the inner myocardium mass (Fig. 3.7b). As for their injury dynamics,
the IS and Prol-IS populations appear only after injury, while the four other clusters are present
in uninjured hearts. Interestingly, while the IS population is detectable throughout the examined
timepoints, the Prol-IS population is transient and only detected in the samples collected at 4 and
7 dpi (Fig. 3.7c). Regarding their cell cycle state, Cav3.1T, Robo2t and IS CMs are mostly in
interphase and the two basal proliferation clusters can be associated with the S (Prol-S) and G2/M
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(Prol-G2M) phases. The Prol-IS cluster contains a mixture of the three phases, with a similar
and predominant contribution from G1 and S cells (Fig. 3.7e). Given the temporally dynamic
nature of the data, we explored the dynamics between different ventricular CM clusters using
trajectory inference with SCANPY [174]. Two separate trajectories were found: one that predicts
the transformation of Cav3.1" CMs into IS and subsequently Prol-IS (Fig. 3.7d, injury trajectory,
in red), and another that predicts the cell cycle progression of Robo2™ cells as they transition into
Prol-S and Prol-G2M CMs (Fig. 3.7d, proliferation trajectory, in blue). Altogether, this data shows
the existence of six ventricular CM subpopulations in the injured axolotl heart, four of which appear
in basal conditions and two being triggered by injury and restricted to the border zone. Trajectory

analysis predicts the Cav3.1" CMs as the main contributor to the injury-specific CM populations.

3.2.2 Distinct communities in the GRN regulate axolotl ventricular CM identity

To understand what TFs are regulating the ventricular CM identities and their transitions, we
inferred their GRN using Pando, which leverages the snATAC-seq data to find meaningful TF —
region — target gene relationships that are fit as linear models using the snRNA-seq data [22]. The
GRN inference was restricted to the 10,000 most variable genes in the data in order to find a balance
between the computational and biological complexity of the problem. The resulting GRN contains
1,853 genes and 5,691 edges, organized into 87 communities (Fig. 3.8 and Table 3.3). The top hub
TFs in this network, based on betweenness centrality, are Smad3, Ets1, Lefl, Glis3, Hey?2, E2f1, E2f8,
Runzl1, Tbx20 and Mybll (Fig. 3.8a).

Table 3.3: Ventricular CM GRN topology analysis.

Metric CM GRN Interpretation

Number of nodes 1,853 Number of genes in the network

Number of edges 5,691 Number of connections in the network

Average number of neighbors 4 Indicates the average connectivity of a
node

Network diameter 5 Largest distance between two nodes in the
network

Characteristic path length 1.963 Average distance between two nodes in the
network

Number of communities 87 Community: group of genes more con-

nected to each other than to the rest of
the network
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Figure 3.7: Dynamic changes in ventricular CM populations upon cryoinjury. a) UMAP
visualization of the integrated snRNA-seq and snATAC-seq for ventricular CMs, colored by cluster membership.
b) Proportions of each ventricular CM subtype on a Visium spatial transcriptomics data set of axolotl heart
at 4dpi. The red color gradient and spot diameter indicate higher abundance. ¢) Timeline of changes in
the CM clusters abundance at 0, 1, 4, 7 and 14 dpi. d) UMAP visualization of the integrated snRNA-seq
and snATAC-seq for ventricular CM, colored by the two independent trajectories found by SCANPY. The
injury trajectory (red) shows a transformation of Cav3.1% ventricular CM into IS and subsequently Prol-IS
ventricular CM. The proliferation trajectory (blue) shows a transformation of Robo2™* ventricular CM into
Prol-S and Prol-G2M ventricular CM. e) Proportion of cells in each cell cycle phase (G1, S or G2/M) for
each ventricular CM cluster.
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Communities facilitate the crosstalk between genes, and hence genes participating in similar processes
tend to be members of the same community [194-196]. We annotated the biological function of each
community by performing an ORA of the community genes in the GO Biological Process database
[183, 184]. We could associate 11 (12.64%) of the communities with biological functions (Table 3.4).
Interestingly, the three largest communities (7, 15 and 24) are associated with heart maturation
and contraction (community 7, red in Fig. 3.8a), cell cycle (community 15, purple in Fig. 3.8a) and
wound healing (community 24, pink in Fig. 3.8a). These three functions are a reminiscence of the
ventricular CM clusters, leading us to hypothesize that predominant usage of specific communities
determines CM subtypes. By visualizing the logoFC of ventricular CM cluster markers in the GRN,
we identified a preference for the “heart and ventricle maturation and contraction community” in
Cav3.17 and Robo2™ subpopulations (Fig. 3.8b, e). As cells advance in the injury trajectory, the
main GRN is switched towards the “wound healing, collagen-containing ECM and heart development”
community (Fig. 3.8c, d). Regarding the proliferation trajectory, cell cycle progression leads to an
activation of the “cell cycle” community (Fig. 3.8f, g). Collectively, these results show that the
ventricular CM GRN contains several communities with different functionalities. Basal CM function
seems to be governed by a single community dominated by the hub TFs Tbx20 and Hey2. Cell cycle
progression temporally switches the CM gene regulation towards a “cell cycle” program with E2f1
and F2f8 as hub TFs. Lastly, ventricular cryoinjury activates a “wound healing” community in
which TF such as Lef! and Ets1 have a main regulatory role.

Table 3.4: Biological function and hub genes of the communities in the ventricular CM GRN.
Ounly those communities with at least one statistically significant association (FDR-adjusted p-value < 0.05)

appear in the table. Hub genes were identified based on their out-degree due to the large number of ties in
betweenness centrality for most genes in the GRN.

Community Biological function Top hubs

1 Myofibril assembly, CM differentiation Cuzxl, Crebs, Mef2d

2 Mesenchyme development Znf664, Tfap2b, Nrih4

) Histone H3K9 methylation Myb, Pazd, Tcaf?2

7 Heart and ventricle maturation, heart contrac- 7Tbz20, Zebl, Hey2
tion

9 DNA methylation Egri1, Irfl, Fosb

15 Cell cycle E2f1, Mybll, E2f8

16 Epithelial cell development, cell death, estrogen Foxal, Bhlhal5, Nhih2
gene expression

24 Wound healing, collagen-containing ECM, heart Lefl, Etsl, Kif13
development

50 Muscle contraction, musculoskeletal development  Tbx15, Foxf1, Sox17

77 Notch signaling Lhz9, Heyl, Hesh

78 Interferon response Statl, Irf3, Irf8;Irf9
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Figure 3.8: Different communities in the GRN regulate axolotl ventricular CM identity. a)
CM GRN inferred with Pando [22] Genes are colored by their community membership. Communities for
which at least one statistically significant (FDR adjusted p-value < 0.05) biological function was found are
highlighted. Gene size represents betweenness centrality. b-g) Expression of marker genes for the b) Cav3.1+
CM, c) IS CM, d) Prol-IS CM, e) Robo2" CM, f) Prol-S CM and g) Prol-G2M CM. The section of the
network shown in these visualizations is marked in panel a) by a discontinuous line. In panels b-g), gene size
represents betweenness centrality. Gene color represents logoFC, with red representing positive markers and
blue representing negative markers for a given cluster.
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3.2.3 Systematic in silico TF perturbations discover the antagonistic role of

Hey2 during regeneration

Having seen that cryoinjury switches the ventricular CM GRN towards a wound healing program,
we wondered which changes in TF activity are responsible for this. Since GRNs based on linear
models can be used to simulate the effect of perturbations (e.g., TF KO or overexpression) on the
cellular transcriptome, we used celloracle implementation of in silico perturbations to simulate the
effect of knocking-down or overexpressing the 268 TF present in the GRN. For this analysis, we
focused on the 3 CM populations that participate in the injury-response trajectory: Cav3.17", IS
and Prol-IS CM (Fig. 3.9a, b). We measured the impact of each perturbation by calculating the
inner product between the perturbation vectors and trajectory vectors, named PS. This PS takes
positive values if the perturbation and trajectory vectors follow the same direction, and negative

values if the perturbation and trajectory vectors oppose each other.

The predicted effect of all perturbations along with the names of top candidates are summarized in
Fig. 3.9¢ (see Sup. Fig. S3.1 for the consequences of the perturbations on a randomized version of
the GRN). Knocking-down TFs in red could promote the injury trajectory progression (e.g., Hey2,
Zebl, Mef2d), while knocking-down TFs in blue could have the opposite effect (e.g., KIf13, Smads3,
FEts1). The candidate with the largest predicted effect was Hey2, a basic helix-loop-helix (bHLH)
transcriptional repressor with an essential role in cardiovascular development [197]. In fact, Hey?2 is
a positive marker of the Cav3.1" subpopulation of CMs (logoFC = 0.5, adjusted p-value = 4.4e-207)
and its expression is downregulated upon injury (Fig. 3.9d). Looking at the predicted effect of
Hey?2 perturbations in more detail, the Hey2 KO seems to promote the transition from Cav3.17"
to IS populations, while having a limited effect on the Prol-IS CMs (Fig. 3.9¢). As expected, the
overexpression of Hey?2 is predicted to have the opposite effect and hinder this transition (Fig.
3.9f). Aiming to validate these findings, we generated a transgenic axolotl line that overexpresses
TFP-Hey2 under the control of a minimal myl7 promoter. FO mosaic animals were subjected to
ventricular cryoinjury and the proliferation levels of Hey2t (TFP™) and Hey2™ (TFP-) border zone
CMs were assessed by EdU incorporation at 7 dpi. Preliminary results suggest a decrease in the
abundance of EAUT CMs at 7 dpi in Hey2 overexpressing cells, while no differences are observed in
uninjured controls. Altogether, these results support the critical role of Hey2 for the maturation and
function of ventricular CMs and suggest that its inactivation is necessary to initiate a regenerative

response in the axolotl heart (Fig. 3.9g).
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Figure 3.9: Systematic in silico TF perturbation discover Hey2 as an antagonist for regeneration.
a) UMAP visualization of the injury branch, which includes the Cav3.17, IS and Prol-IS CM clusters. Cells
are colored based on cluster membership. b) UMAP visualization of the injury branch, with cells colored by
pseudotime. c) Scatterplot of the predicted effect of TF KO on the injury branch trajectory. The effect of
TF KO on the trajectory is quantified by a PS (See Methods). Negative PS (blue) means that the TF KO
hinders the trajectory from progressing. Positive PS (red) means that the TF KO promotes the progression
of the trajectory. The discontinuous lines indicate the 99 percentile of random PS. d) UMAP visualization
of the injury branch, with cells colored by their expression level of Hey2. e) UMAP visualization of the
injury branch showing the predicted effect of Hey2 KO. The colors represent whether the Hey2 KO promotes
(red) or hinders (blue) the progression of the trajectory. The arrows indicate the direction towards which
cells will transform as a consequence of the KO. f) UMAP visualization of the injury branch showing the
predicted effect of Hey2 overexpression. The colors represent whether the Hey2 overexpression promotes (red)
or hinders (blue) the progression of the trajectory. The arrows indicate the direction towards which cells will
transform as a consequence of the overexpression. g) Percentage of TFPT (Hey2 overexpressing) and TFP-
EdUT CM measured at 0 and 7 dpi. Each dot indicates a biological replicate.
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3.2.4 Molecular profiling of mononucleated diploid and binucleated polyploid
adult mouse CMs

The CMs of the vertebrate myocardium have a strict spatial organization and different developmental
origins and functions, mainly being atrial, ventricular, or conduction system cells [192]. Within
the mammalian ventricle, most CM undergo polyploidization by endoreplication, predominantly
undergoing karyokinesis in mouse (2x2n) but not in human (1x4n) [198]. In the mouse, all embryonic
CM are mononucleated diploid (1x2n, MNDCM) but they massively polyploidize (2x2n) during the
first postnatal week of life [199], and only an average of 6% of all mouse ventricular CM remain as
MNDCM in adulthood [200]. Interestingly, the MNDCMs have a higher proliferative capacity [73]
and there is causal demonstration that regeneration is blocked when zebrafish ventricular CM are
forced to polyploidize [70]. As the MNDCMs have been suggested to be the source for new CMs
upon injury [200], finding a unique MNDCM transcriptomic signature would be key to understanding

their function and increasing their frequency to, potentially, induce regeneration.

In this project we generated a high-quality scRNA-seq of CMs for which the number of nuclei
were manually annotated through visual inspection after isolation by Langendorff perfusion. As
mononucleated CMs in the mouse are almost uniquely diploid [200], we used their number of nuclei
as a readout of their ploidy. Unbiased clustering revealed 7 molecularly different clusters, classified
as WM or conduction system based on previously known markers (Fig. 3.10a, e, Table 3.2). The
proportion of MNDCMs is homogeneous in all clusters, with the exception of clusters C3b and C4,
in which more than 90% of cells are mononucleated (Fig. 3.10b, c¢). Based on their transcriptomic
signature, we could annotate these clusters as Purkinje cells, known to be mostly mononucleated
(Fig. 3.10d) [192]. These results support that our scRNA-seq approach provided a high-quality
transcriptomic characterization of mouse ventricular CM subtypes and could not identify a specific
cluster of MDCM in the WM, but rather three molecularly different WM clusters with a mixture of
diploid and polyploid CM.

3.2.5 MNDCMs of the WM share a unique transcriptomic footprint

We hypothesized that, even if there are other reasons that explain the existence of different CM
clusters in the WM, the high resolution of our data should allow the identification of a WM
MNCDM-specific gene signature, provided it exists. We found 104 differentially expressed genes
(FDR-adjusted p-value < 0.05) between MNDCM and binucleated CMs of the WM (Fig. 3.11a, b).
Interestingly, several genes characteristic of embryonic CMs (e.g., Myl7, Myl and Nppa [161]) and
genes associated with decreased contractility and calcium cycling (E.g., Sin [201]) were overexpressed
in MNDCM (Fig. 3.11c). These results suggest that the WM MNDCM population has a more

immature transcriptional footprint than their binucleated counterparts.
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Figure 3.10: Ploidy does not define the molecularly distinct subpopulations of CMs in the
adult mouse WM. a) UMAP visualization of adult mouse ventricular CMs colored by cluster. b) UMAP
visualization of adult mouse ventricular CMs colored by number of nuclei. ¢) Bar plot of the proportion of
mononucleated and binucleated CMs per cluster. The numbers on top of the bar indicate the total number of
cells in each cluster. d) UMAP visualization of adult mouse ventricular CMs colored by conduction system
score (Table 3.2). €) UMAP visualization of adult mouse CMs colored by expression of ventricular and atrial
marker genes (Table 3.2).
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Figure 3.11: Mononucleated and binucleated CMs of the adult WM have distinct expression
profiles. a) Volcano plot showing the differential expression between mononucleated and binucleated CMs of
the adult WM. b) Heatmap visualization of the scaled expression of DEGs in adult WM CMs. ¢) Violin plot
of the normalized expression of four mononucleated markers in mono- and binucleated WM CMs.

3.2.6 Hey2 is a negative regulator of MNDCMs in the adult mouse WM

While the MNDCM signature genes might serve as useful markers, they are effector genes and hence
might not allow to modify the CM identity. We leveraged IPA [111] and the Ingenuity® Knowledge
Base (QIAGEN Inc.) to predict which TF(s) could regulate these signature genes and potentially
determine the CM ploidy. We identified 8 significant TFs (Bonferroni-adjusted p-value < 0.05) (Fig.
3.12a). From these, Hey2 was the top candidate, with an absolute z-score twice as large as that
of the other candidates and an adjusted p-value 3 orders of magnitude smaller than that of the
other candidates (z-score = -1.994, adj. p-value = 1.94e-06). We applied the Mechanistic Network
algorithm (QIAGEN Inc.) to find a causal GRN that provides mechanistic hypotheses about how
Hey2 causes the observed gene expression changes. A single causal GRN in which Hey2 inhibits the
expression of Sin, Myl7, Myl and Nppa directly and through the inhibition of Gata/ was predicted
(Fig. 3.12b). These results show how beneficial the incorporation of prior biological knowledge for

GRN reconstruction is, as Hey2 expression was not detected in the data (Fig. 3.12c).

To validate the association of Hey2 expression with CM polyploidy, we used the Hey2CreFRT2
mouse line in which, upon tamoxifen induction, the Hey2™ CM lineage expresses the mEGFP

reporter, while the Hey2™ lineage expresses mTomato. We assessed the number of nuclei of isolated
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adult ventricular CMs in these two groups and found a fifteen-fold reduction in the percentage
of mononucleated ventricular CMs in the Hey2™ lineage, with only 1 mononucleated CM being
identified in the three biological replicates examined. Altogether, these results demonstrate the

association between postnatal Hey2 expression and CM polyploidization (Fig. 3.12d-f).
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Figure 3.12: Hey2 is a negative regulator of mononucleated CMs in the adult WM. a) Barplot of
the TF predicted activity, expressed as z-scores. Only TFs with a Bonferroni-adjusted p-value < 0.05 are shown.
b) Predicted GRN controlled by Hey2. Node color indicates either expression logaFC in mononucleated
vs. binucleated WM CMs (blue-red scale) or the predicted activation z-score (purple-green scale). c)
UMAP visualization of the expression level of Hey2 in adult mouse CMs. d) Bar plot of the percentage of
mononucleated ventricular CMs in the Hey2  (mTomato, red) and Hey2'™(mEGFP, green) lineages. The
number of mononucleated CMs and total number of quantified CMs are shown on top of the bars. Each
dot represents a biological replicate. €) Whole mount image of the adult heart of Hey2¢*PR72 mice upon

tamoxifen administration. f) Fluorescence image of purified CMs of an adult Hey2“"*#ET2 mouse heart after
tamoxifen administration.
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3.2.7 The MNDCM signature is not yet detectable at P7

CM polyploidization is known to occur during the first 10 postnatal days of life [199]. To explore
whether the MNDCM signature is detectable during this time, the same scRNA-seq experiment was
performed on P7 ventricular CMs. Through unbiased clustering, 5 molecularly distinct CM subtypes
were identified (Fig. 3.13a, e). All clusters had a homogeneous contribution of mononucleated CMs
(Fig. 3.13b, d) and no cardiac conduction system cluster could be identified based on their genetic
signatures, probably because it was not enriched during mononucleated CM selection due to the
higher percentage of mononuclear CM at P7 (Fig. 3.13c). Differential expression analysis found 14
differentially expressed genes (FDR-adjusted p-value < 0.05), but their absolute logoFC was very
small in all cases (Fig. 3.13f). When analyzing the MNDCM marker genes in detail, we could not see
any differences in the expression of Hey?2, Myl4, Myl7, Nppa, nor Sin between mono- and binucleated
CMs (Fig. 3.13g). These results suggest that, at P7, the gene expression profile between MNDCM

and CM in the process of polyploidization is virtually identical.

3.3 Discussion

This chapter provides evidence of the role of Hey2 as a roadblock for regeneration in two different
vertebrate model species. First, we leveraged an axolotl heart atlas with single-nuclei resolution
to reconstruct the GRN controlling ventricular CM function, proliferation, and response to injury.
By systematic perturbation of all TFs in this GRN, we discovered Hey2 as a critical antagonist for
the initiation of the wound response in axolotl CMs. Secondly, we interrogated the transcriptomic
footprint of mono- and binucleated mouse ventricular CMs at P7 and adulthood using a high-
quality scRNA-seq in which the number of nuclei per cell was manually recorded. We identified a
MNDCM-specific gene expression program in the WM and suggested four candidate markers for the
identification and tracking of MNDCMs. By using a data base of manually curated transcriptional
regulation, we identified Hey2 as the potential master regulator of CM polyploidization and validated
the anti-correlation between Hey2 expression and abundance of mononucleated CMs in vivo. The
two lines of evidence that gave rise to these results were independently followed, and in both cases
Hey2 was independently found as the top candidate. This potential evolutionary conservation
reinforces the significance of these results and the role of Hey2 as a key player in CM renewal (Fig.
3.14).

MNDCMs have been shown to be the main source of new CMs after injury [73], and the correlation
between MNDCM abundance and positive response to injury supports this hypothesis [198]. Studies
in which CM ploidy is experimentally manipulated in vivo are strong evidence of the need for a high
diploid:polyploid CM ratio to achieve a better functional recovery [70]. While several hypotheses
about the cause of polyploidization (e.g, thyroid hormones, oxidative stress) and genes associated
with it (e.g., Thni3k) have been proposed [200, 202], a mechanistic understanding how genetic

information is translated into polyploidization needs transcriptional regulators. Hey?2 is a bHLH
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Figure 3.13: P7 ventricular CMs do not show differences in the activity level of Hey2. a) UMAP
visualization of P7 mouse ventricular CMs colored by cluster. b) UMAP visualization of P7 mouse ventricular
CMs colored by number of nuclei. ¢) UMAP visualization of P7 mouse ventricular CMs colored by conduction
system score (Table 3.2). d) Barplot of the proportion of mononucleated and binucleated CMs per cluster.
The numbers on top of the bar indicate the total number of cells in each cluster. e) UMAP visualization
of P7 mouse CM colored by expression of ventricular and atrial marker genes. f) Volcano plot showing the
differential expression between mononucleated and binucleated P7 ventricular CM. g) Violin plot of the
normalized expression of the four Hey2 target genes in mono- and binucleated P7 ventricular CM.
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transcriptional repressor and a direct target of the Notch pathway that regulates expansion of the
cardiac progenitor pool, atrioventricular boundary formation and myocardial compaction [203, 204].
Lack of Hey?2 function is associated with a myriad of heart defects, also in humans [205], and Hey2
loss-of-function results in abnormal expression of atrial, or embryonic, genes in the ventricle [203]
and leads to perinatal lethality in homozygosity [197]. Additionally, overexpression of the zebrafish
Hey2 homolog grl impairs regeneration, although whether this affects CM ploidy remains to be
investigated [206]. The fact that Hey2 was independently identified in several vertebrate species is
promising, because it suggests that, despite the variability in polyploidization mechanisms observed

in different mammals [198], Hey2 could be a conserved upstream regulator of this process.

C\ =
2n Hey2 ?

2n 2n

Abundance in
neonatal mouse
Abundance in
adult mouse

Figure 3.14: Relationship between CM ploidy, Hey2 expression and regenerative capacity.
Vertebrates able to regenerate their hearts, such as the zebrafish or neonatal mouse, have ventricles almost
exclusively composed of MNDCMs. On the other hand, non-regenerative mammals have high levels of CM
polyploidization. MNDCMs have a higher proliferative capacity upon injury and could give rise to new
MNDCMs or polyploid CMs with two diploid or one plyploid nucleus. Hey2 is a transcriptional repressor
with a predicted higher activity in mouse binucleated CMs compared to their diploid counterparts, and its
inactivation may be necessary for axolotl border zone CMs to undergo proliferation.

Injury-induced
proliferative capacity
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This discovery was only possible thanks to methodological innovations and careful experimental
design. Regarding the axolotl data, it is the first single-nuclei multi-omics and spatial atlas of the
axolotl heart in basal conditions and at 4 timepoints in the regenerative process. This chapter only
leveraged the tip of the data iceberg, which should be further interrogated to uncover inter-cellular
relationships and how they influence and change during regeneration. In this regard, deconvolution
tools play a critical role in decoding spatial transcriptomics data in a cheap, fast, and reliable
manner, as most spatial technologies do not yet reach single-cell resolution and those which do
are still expensive and of limited access. Particularly, the use of deep neural networks to solve the
deconvolution problem is a computationally feasible way to utilize the non-linear relationships in gene
expression data and has shown a good performance compared with other state-of-the-art alternatives

[25]. Regarding the mouse data set, previous attempts at identifying gene markers of MNDCMs have
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failed due to a suboptimal experimental design. Previous approaches [207, 208] have used FACS
or microfluidic devices to obtain single-cell suspensions, which can damage large cells like CMs,
and nuclear dyes for nuclei quantification, which interfere with the scRNA-seq library preparation
procedures. Another evidence of the limitations of these approaches is that none of them identified a
Purkinje-fiber genetic signature, despite the presence of those cells in the ventricle. The manual CM
isolation and manual nuclei identification based on the expression of a fluorescent nuclear reporter
combined with the higher sequencing quality provided by the SMART-seq2 platform have been
indispensable for the success of this project and have allowed to identify for the first time genetic
markers that distinguish diploid and polyploid mouse CMs, although these should be extensively
validated in vitro and in vivo. Regarding GRN inference, two very different approaches were used in
this chapter: a data-driven approach for the axolotl data and a literature-driven approach for the
mouse data. The key reasons behind this decision were (1) availability of snATAC-seq data in the
axolotl and (2) larger sample size (number of cells) in the axolotl data. The axolotl GRN is a good
example of the extreme power of single cell multi-omics to uncover gene regulatory relationships, even
in organisms with a complicated genomic architecture. However, manually curated GRN scaffolds
should not be undervalued, as they provide an accurate starting point for GRN inference [109],
provided that enough information is available for the species of interest and most likely TFs to be

involved in the biological of process under study.

Many open questions remain to be answered. In the axolotl data, a particularly intriguing question is
why the Cav3.17 population is the only contributor to the injury trajectory. The lack of contribution
from Robo2" CMs to the injury lineage might be explained by the cryoinjury model, as it only
affects the outer myocardial layer that is enriched in Cav3.1T7 CMs. Whether these two populations
arise from common or different progenitors can only be truthfully answered with lineage-tracing
experiments. Another point for further exploration is the consequence of Hey2 overexpression in
axolotl, as we currently don’t know whether Hey2-overexpressing CMs completely fail to enter
the cell cycle or suffer arrest at any of its points. In combination with Hey2-silencing studies in
mouse, this data can shed light onto whether Hey2 is able to revert CM ploidy, or whether its
effect in polyploidization is limited to the first postnatal week in mice. Experimental work to better
understand the role of Hey2 in physiological and regenerative conditions is ongoing: larger sample
sizes and a complete and multi-angular evaluation of heart function (e.g., ejection fraction, scar
area, CM ploidy and nucleation. .. ) are fundamental to understand the therapeutic potential of this

candidate and whether its inactivation could have a pro-regenerative or protective effect.
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4 Network modeling of the
pro-regenerative effect of Erbb2,
Myc and Yapl on CMs

The adult mammalian heart lacks endogenous regenerative ability, but lower vertebrate species and at
least some newborn mammals can heal their injured hearts by activating endogenous pro-regenerative
regulators. These, that include Yapl, Erbb2 and Myc, rejuvenate the phenotype of resident CMs by
inducing the disassembly of the contractile machinery and cell cycle re-entry, without irreversibly
affecting contraction. While extensive efforts have been put into characterizing these factors and
their ability to induce regeneration in the adult mammalian heart, there is a lack of understanding
of the regulatory wiring between them. This chapter uses transcriptomics coupled with metabolic
labelling, GoM models and Boolean network models to obtain high-quality transcriptomic footprints
activated by these factors, identify shared and unique gene expression changes and model the core
GRN controlling these programs. Our results show that, while all three perturbations activate
proliferative and dedifferentiation responses, the effect of Erbb2 and Myc is highly similar. The
Boolean models identified a core GRN well correlated with a CM maturation gene expression profile
and identified candidate pro-regenerative factors. Ultimately, our models provide insight into how
CMs regulate their proliferation and captures mechanistic relationships between key transcriptional

regulators of CM identity.
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4.1 Materials and methods

4.1.1 Experimental procedures

All experimental procedures were performed by Cristina Villa del Campo, PhD and Jorge Pena and are
briefly described here to provide the necessary background for the in silico analysis of the gathered data.

The scripts used for data analysis are available at: https://github.com/iriverog/SLAMseq-GRN.

Mouse husbandry

P1 C57BL/6 male and female mice were used in this project. Animals were bred and maintained in
the animal facilities of the CNIC in Madrid, Spain. All experiments were conducted in accordance
with the CNIC Ethics Committee, Spanish laws, and the EU Directive 2010/63/EU for the use of
animals in research. All mouse experiments were approved by the CNIC and the area of “Proteccién
Animal” of the Community of Madrid with reference PROEX 144.1/21.

Isolation of neonatal mouse CMs

WT mice were sacrificed by decapitation at P1. After euthanasia, hearts were harvested, atria and
excess blood were removed, and ventricular CMs were purified by gentleMACS Octo Dissociator
with heaters (Miltenyi Biotec) following manufacturer instructions. The digested tissue was filtered
to remove cellular debris using 70pm (Fisherbrand) and resuspended in P/S media supplemented
with 5% inactive FBS, 2 mM of L-glutamine and 1 pM vitamin B12. Contaminant erythrocytes
were further removed using RBC lysis buffer (Thermofisher Scientific). The resulting cell suspension
was pre-plated on plastic-coated cell culture plates to achieve high CM purity, as these cells do not
easily attach on plastic surfaces and remain in the supernatant. The CM-enriched supernatant was
split between p24 corning primaria plates (Corning), used for SLAM-seq, and p18 pSlide ibiTreat

(Ibidi) plates, used for validation using immunocytofluorescence.

Activation of pro-regenerative genes by transduction with adenoviral vectors

CM-enriched cultures with approximately 0.2 x 10° cells per well were transduced with AAV9-vectors
carrying the pro-regenerative gene of interest (Table 4.1) using a MOI (multiplicity of infection) of 5
x 10°. Transductions were carried out for 44h and plates for SLAM-seq and microscopy controls

were simultaneously transduced. Three replicates were used per condition.

Adeno-associated viruses (AAVs) are small, ssDNA viruses that depend on co-infection with helper
viruses to complete their life cycle [209]. AAVs are commonly used as viral vectors for gene delivery
because they achieve long-term transgene expression in non-dividing cells, their genome can be
easily manipulated using standard plasmid cloning and other molecular biology techniques, and they

present low immunogenicity and cytotoxicity [209]. Different AAV serotypes recognize different cell
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Table 4.1: Information about gene expression cassettes used for each pro-regenerative treatment.

Condition Information about the transgene

caFrbb2 It is a constitutively active form of the ERBB2 receptor. Transient caErbb2
overexpression after AMI in juvenile and adult hearts promotes regeneration
[83]. The construct for caErbb2 overexpression was designed by Dr. Miguel
Torres’ group.

Gfp AcGfp was used as control in all transduction experiments. The construct was
provided by the CNIC Viral Vectors Unit.
Myc The iMOST!-My¢ construct designed by Claveria et al. [210] was used. This

construct achieves a Myc expression level similar to that of a wild type allele.
This construct was designed in the group of Dr. Miguel Torres.

Yapbsa Yapbsa is a constitutively active form of the Hippo pathway effector Yap1 that
contains 5 point mutations that prevent its phosphorylation and subsequent
degradation [211]. Yapdsa overexpression has been shown to induce CM
proliferation and rejuvenation in the adult heart [79]. The construct for Yapssa
overexpression was kindly provided by Prof. Eldad Tzahor.

receptors and therefore display tissue and cell-type tropism, with serotypes AAV-6 and AAV-9 being
highly specific for CMs [209]. While empirical observations show that AAV-6 and AAV-9 respectively
have higher efficiency for in vitro and in vivo CM transduction, in this project we transduced in vitro
CM cultures with AAV-9 vectors to facilitate future in vivo translation of results. All AAV-9 vectors
used in this project were synthesized by the CNIC Viral Vectors Unit. Their genome contains a
simple gene expression cassette with the CMV promoter, the sequence of the transgene of interest
and the BGH or SV40 polyadenylation signal as termination signal. No fluorescent reporters were
introduced due to the size limit of 5 kb that applies to AAV-9 genomes [209]. Table 4.1 summarizes

the pro-regenerative genes that were tested in this project.

The effect of the transductions on CM proliferation were validated by immunocytofluorescence.
Briefly, the CM cultures were fixated in PFA 2% for 20 minutes at RT. Samples were then washed
with PBS and permeabilized with 0.1% PBS-TritonX for 10 minutes at RT. Samples were blocked
with TNB during 1 hour at RT and incubated with primary antibodies in TNB overnight at 4°C.
After three PBS washes, samples were incubated with secondary antibodies in 0.1% PBS-TritonX
and DAPIL.

4.1.2 SLAM-seq

SLAM-seq (thiol(SH)-linked alkylation for the metabolic sequencing of RNA) is a modification
of standard RNA-seq in which the incorporation of the nucleotide analog 4-thiouridine (s4U) in
mRNA molecules is bioinformatically detected to quantify the gene expression before and during
the s4U pulse [212]. This detection is based on a change in the base pairing capacity of s4U upon
thiol-specific alkylation with iodoacetamide (IAA), that introduces T-to-C and A-to-G mismatches
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during the library preparation RT-PCR step (Fig. 4.1). These mismatches can be bioinformatically
detected and quantified to estimate the transcripts synthesized during the s4U pulse and distinguish

them from pre-existing mRNAs.

Library preparation

RNA extraction Alkylation Sequencing

(RT-PCR)
Labeled RNA Labeled RNA Labeled RNA
s4U: N N i . Labeled RNA
hre ' ‘ ) b
Unlabeled RNA Unlabeled RNA Unlabeled RNA
% Unlabeled RNA
/\X\_/—\ /\)\_/.\ N N N
Cell culture /\/‘U\ /\/-U\ Vo SN /

Figure 4.1: Molecular basis of SLAM-seq. The nucleotide analog s4U is uptaken by the cell and
incorporated in newly synthesized RNA. After purification, RNA is subjected to thiol-specific alkylation with
TAA. The modified s4U (s4U*) changes its base pairing capacity during the RT-PCR step of library preparation:
while U normally pairs with A, s4U* pairs with G. This introduces T-to-C and A-to-G mismatches that are
bioinformatically detected and quantified.

Fig. 4.2 shows the complete experimental pipeline used in this project and how AAV-9 perturbations
were coupled with SLAM-seq to distinguish the transcriptional footprint of the perturbations from

pre-existing mRNAs.

Cardiomyocyte isolation Experimental perturbation in vitro SLAM-seq
GentleMACS ) R .
Octodissociator Seeding Per_turbat|on .4.'SU . RNA pur|ﬁca_t|on Library Sequencing
- with AAV9  administration - and alkylation prep.
= 44h & 4h = 100 bp reads
\ single-end
P1 mice pups > 40M reads/sample
(C57/BL6) L0 AAV9-GFP
AAV9-YAP5SA
AAV9-MYC

AAV9-caERBB2

Figure 4.2: Experimental pipeline to combine AAV-9-based CM perturbations with SLAM-seq.
Neonatal mouse CMs were extracted from P1 C57BL/6 hearts. After seeding, the pro-regenerative gene of
interest was overexpressed by transducing the cells with an AAV-9 vector for 44h. Then, new media containing
s4U was administered. Afterwards, the RNA was purified and subjected to thiol-specific alkylation with TAA
before undergoing standard library preparation and sequencing.

s4U administration: After 44h of transduction, the media of CM-enriched cultures was changed
with new media containing 100 pM s4U. The s4U treatment lasted 4h, with media replacement
after 2h to ensure that enough mismatches were introduced for bioinformatic detection of newly
synthesized mRNA. This protocol was based on a SLAM-seq protocol on mESCs [213] and optimized
for CM. After the s4U treatment, cells were washed with PBS and mechanically collected.

RNA purification: RNA purification was performed using Qiagen RNeasy kit (Qiagen) following

manufacturer instructions.
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Thiol-specific alkylation with TAA: s4U alkylation with TAA was performed as previously
described [213].

Library preparation and sequencing: cDNA generation, pre-amplification and library prepara-
tion were performed following manufacturer instructions. Libraries were sequenced on an NextSeq
2000 sequencing platform (Illumina) using single-end 100 nucleotide long reads and aiming for a
total of 40 million reads per sample. Fastq files containing reads for each sample were obtained by
demultiplexing raw sequencing files using bcl2fastq2 (Illumina). These steps were performed by the
CNIC Genomics unit.

4.1.3 Transcriptomic analysis of SLAM-seq

Figure 4.3 summarizes the bioinformatic pipeline used for pre-processing, alignment, and quantifica-

tion of total and newly synthesized gene expression.

|| Sequencing QC
raw fastq files FASTQC

l
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Cutadapt
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Figure 4.3: Bioinformatic pipeline for the pre-processing and quantification of gene expression
from SLAM-seq reads. Light yellow boxes indicate files, lilac boxes indicate algorithms and orange cylinders
indicate databases.
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Quality control and read alignment

Quality control of raw and trimmed reads was performed using FastQC v0.11.9. 3’ adapters matching
“AGATCGGAAGAGCACACGTCTGAACTCCAGTCAC” or “GATCGGAAGAGCACACGTCT-
GAACTCCAGTCAC” were trimmed using cutadapt v3.5 [187]. After adapter trimming, reads
shorter than 30 nucleotides were removed. Reads were mapped to the mouse genome version
GRCm39 with Ensembl106 annotation using STAR v2.7.10a [214]. STAR was run with default
settings, adding —outSAMattributes “NM” “MD” “NH” and —alignEndsType “EndToEnd” as they
are required by GRAND-SLAM [215] to estimate the fraction of newly transcribed mRNA. These
parameters record the number of mismatches in each read (NM), encode the detected mismatches in
the SAM file (MD), record the number of mappings found for each read (NH) and align the reads
without soft-clipping (—alignEndsType “EndToEnd” flag). Samtools v1.15 [216] was used to index
the alignment files and RSeQC v4.0.0 [217] was used to visualize the distribution of mismatches
along the read length and distribution of reads along the gene body.

Estimation of the fraction of newly transcribed mRNA

The quantification of gene expression is further complicated in SLAM-seq compared to standard
RNA-seq, as the relatively infrequent incorporation events and significant sequencing error rates
make it challenging to differentiate pre-existing mRNAs from newly transcribed mRNAs carrying
s4U-induced mismatches. Even in long (24h) labeling experiments with high s4U concentrations
(100 pM), no more than 1 in 40 (2.5%) U are substituted by s4U, according to empirical observations
[212]. Despite current NGS error rates having dropped below 0.1% [215], it is difficult to decide
with certainty whether an individual read with T-to-C mismatch(es) comes from a new or old
mRNA. We used the Bayesian approach implemented by GRAND-SLAM v2.0.5f (available at
https://erhard-lab.de/software) to estimate the fraction of newly transcribed mRNA for each
gene and quantify the uncertainty in the estimation [215] (Fig. 4.4).

Probability of
observed T > C

s4u mismatches
[ ¥ new mRNA Pc
o g g —
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Figure 4.4: Estimation of the fraction of newly transcribed mRNA for each gene using GRAND-
SLAM. GRAND-SLAM assumes that, after incubation with s4U, observed T-to-C conversions can be either
due to s4U incorporation (occurring with probability p.) or due to sequencing errors (occurring with probability
pe). GRAND-SLAM uses binomial models to model this process, and Bayesian statistics to estimate the
posterior of the fraction of newly transcribed mRNA for each gene (7) [215]
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GRAND-SLAM uses binomial mixture models to model the observed T-to-C mismatches as a
consequence of sequencing errors and/or mismatches introduced during SLAM-seq. Therefore, for a
genomic region containing n T within gene g, the number of observed T-to-C mismatches (y) depends
on the average mismatch rate on unlabeled RNA (p.), the average mismatch rate on labeled RNA
(pe), the fraction of newly transcribed RNA for gene g (m,) and the number of T in the considered
genomic region (n) (Eq. 4.1).

B(y;pevpmﬂ_g’n) = <1 - 7rg>B(y : p67n) + WgB(?J;pwn) (41)

GRAND-SLAM uses a Bayesian framework to estimate gene-specific m, given the observed T-to-C

mismatches and the maximum T-to-C mismatches that could have occurred for each read (Eq. 4.2):

Hi P(y;p(bpevﬂ_gun) . b(ﬂ-g;a75)
P(y)

f(7mg5y, My ey pe) = (4.2)
The prior for 7, is assumed to be a uniform beta prior with hyperparameters o = 3 = 1. In order to

solve Eq. 4.2, gene-specific p. and p. values are estimated as follows:

e While p. can be estimated from spike-ins or using an unlabeled sample, these estimates
are costly (spike-ins) or lead to inaccurate estimations (unlabeled sample) due to the high
variability of p. observed in unlabeled samples [215]. Instead, GRAND-SLAM trains a linear
regression model to predict the basal T-to-C error rate from the T-to-A mismatch rate in the

same sample, as they have been found to be linearly related [215].

e Regarding p., the model assumes that p. < p.. Under this assumption, there must exist a
certain k for each n for which less than 1% of observed reads with > &k T-to-C mismatches
originates from the p. component. The k value for each n is computed using Eq. (4.3) and
(k,n) pairs are only retained if ey, < 0.01lay,, where aj, is the number of reads mapped
to a genomic region within gene g containing n T and k observed T-to-Cmismatches. The
remaining ay , are used to estimate p. using an EM algorithm that treats the excluded (k,n)
as missing data (Eq.4.4 for the E step and Eq. 4.5 for the M step).

€kn = B(k; n,pe) : Z Ak’ n (43)
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Figure 4.5: Distribution of a) A-to-G and b) T-to-C mismatches along the read length of a
sample not treated with s4U. The 5’ end of the read accumulates higher number of mismatches that can
affect the p. and p. estimates calculated by GRAND-SLAM. Therefore, the 10 5-most nucleotides (indicated
by the dashed line) are not considered for estimation.

The output of GRAND-SLAM is the gene-specific 7, posterior, which takes values between 0 and 1.
We use the mode of the posterior (MAP) as the fraction of newly synthesized mRNA (m,) for each
gene. The newly synthesized gene expression was obtained by multiplying the total counts recorded
for each gene by its 7, MAP (Eq. 4.6).

NewEzxpressiong = TotalCounts, - M AP () (4.6)

GRAND-SLAM was run using Ensembl 106 genome annotation, masking mismatches appearing
in more than 30% reads covering those positions as SNPs, and by trimming the 10 5’-terminal
nucleotides of each read before m,. This trim was performed to reduce the error in the estimations,
as the 5’-end of RNA-seq reads are frequently noise and accumulate more mismatches than the rest
of the read (Fig. 4.5).

Differential expression analysis

Differentially expression analysis was performed using DESeq2 [218]. Before differential expression
analysis, genes with less than 10 counts in less than 3 samples were prefiltered out. Scaling factors
were calculated for each experimental perturbation and their corresponding GFP controls using the
design formula: ~ Condition. Independent filtering to optimize the number of significant adjusted
p-values was used to filter out non-informative genes and increase the detection power. P-value
adjustment was done using FDR correction, and genes with an adjusted p-value < 0.1 were called

significant. LFC shrinkage estimates calculated using the apeglm method were used to improve
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gene ranking and visualization [219]. Normalization of gene expression data for visualization was
performed using the variance stabilizing transformation (VST), which produces log2-transformed

data normalized with respect to library size [220].

Gene Set Enrichment Analysis (GSEA) for each experimental condition was performed using the
ranked logoFC, the GO Biological Process database [183, 184] and the GSEA implementation in the
fgsea R package [185].

Detection of gene expression programs using GoM models

GoM models are a generalization of cluster methods that allow each sample to have a membership
in more than one cluster. These models allow to cluster samples based on their gene expression and

to identify sets of genes (gene topics) that work together or are co-regulated.

GoMs as implemented by the R package fasttopics v0.6-147 were used in this project [221]. In an
experiment in which ¢y, is the number of reads for gene g in sample n, these models assume that
each sample has a proportion of its reads ¢, that come from topic k. Each topic is characterized
by the vector 6 that contains the relative expression of each gene g in that topic k& (Eq. 4.7, 4.8).

These computations are implemented using Poisson negative matrix factorization [222] (Fig. 4.6).

Original gene Feature Coefficient matrix
expression matrix matrix
Cgn B9k
Qkn
g — 9 % k
n
n k

Grade of membership for

Expression of each gene g each sample n in each cluster k

in each cluster k

Figure 4.6: Non-negative matrix factorization implementation of GoM models. The original gene
expression matrix contains raw gene counts for gene g in sample n (cg,). This matrix is decomposed into two
matrices: a feature matrix containing the expression values of each gene in each cluster (6,1) and a coefficient
matrix containing the GoM of each sample in each cluster (gg).

(Cin, Con, -y CGn) ~ Multinomial (¢n, Pin, D2ns - PGn) (4.7)
k

Pgn * = ZQRn‘egk (4.8)
k=1
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As a result, the GoM estimates a membership proportion for each sample in each topic (ggp,
normalized between 0 and 1) and an expression value for each gene and topic (f4). The gene topics
were biologically interpreted by finding the genes with the largest difference in expression compared
to other topics. This was quantified as the 64, logFC between a given topic and the topic with
the most similar expression value for that gene. Genes with s-value < 0.05 were called statistically
significant [222]. As the gene contributions to each topic can only take positive values [222], the gene
topics were annotated using the ORA implemented by fgsea [185] on the GO Biological Process [183,

184] database using all measured genes in the experiment as universe.

Boolean GRN models and identification of pro-regenerative genes

Fitting GRN models to small sample sizes is complicated due to the imbalance between the number
of parameters that must be estimated and the available observations. This problem was approached
by reducing the parameter space to a small set of key TF with the largest influence in CM maturation
(Fig. 4.7). For this, we combined the CollecTRI database of transcriptional regulation with the
scRNA-seq of adult and P7 CMs introduced in Chapter 3. CollecTRI is a PKN of transcriptional
regulation created by integrating manually-curated TF — target pairs using literature text-mining,
public databases, and manual literature curation [112]. As of May 2024, it contains 1,201 TFs, 5,734
target genes and 64,495 edges. For each TF — target pair, CollecTRI provides a MOR obtained from
the literature consensus, or general MOR of the TF, for those TF — targets lacking a MOR in the
literature. Therefore, each edge in the CollecTRI PKN is directed and signed, two indispensable
elements for fitting Boolean models. The CM scRNA-seq was used to contextualize the CollecTRI
PKN to obtain a CM-specific GRN scaffold that focuses on genes and edges relevant for CMs.
This contextualization was done using GENIE3 and the scRNA-seq of adult and P7 mouse CMs
introduced in Chapter 3. GENIE3 predicts target gene expression pattern from the expression
pattern of regulatory genes using random forests [19]. For each target gene, an ensemble of 1,000
trees using the TFs regulating that gene in the CollecTRI database as predictor variables were fit to
the data. Each TF — target pair was assigned a weight between 0 and 1, representative of the amount
of the target expression variance explained by the expression of each TF. The algorithm was run 100
times with default parameters and the average weight per edge was selected. To identify statistically
significant edges, a null distribution of TF — target edge weights was obtained by running GENIE3
on 100 randomizations of the network. An empirical p-value was calculated for each observed weight,
and those edges with p-value < 0.05 were retained. The GRN scaffold was visualized and analyzed
using Cytoscape v3.9.0 [180]. The fast greedy algorithm of the Cytoscape clusterMaker plug-in
[152] was used to find communities within the GRN, which were associated with biological processes
using fgsea [185] ORA on the GO Biological Process database [183, 184], using all genes in the GO
Biological Process database as universe. For further modeling, the TFs within the network largest
connected component showing an absolute LogoFC larger than 0.25 in at least one experiment were
selected. This rendered a GRN consisting of 29 TF and 77 edges.
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Figure 4.7: Pipeline for network modeling and identification of pro-regenerative candidates.
A PKN obtained from the CollecTRI regulons [112] was contextualized using scRNA-seq data and random
forests to obtain a GRN scaffold from which the key TF in the CM GRN were selected. These were subjected
to Boolean modeling to identify network attractors that were compared with the SLAM-seq data. In silico
systematic network perturbations were performed to rank the TFs based on their pro-regenerative potential
for in wvitro and/or in vivo validation.

Due to the lack of a temporal dimension in the data, a Boolean approach was used to qualitatively
model the GRN and identify pro-regenerative candidates. The boolsim algorithm (v1.2.0) [18] was
used for modeling. In a Boolean GRN model, each gene can be in an active (1) or inactive (0) state.
Each gene has a Boolean function associated to it that summarizes the activating and inhibiting
inputs (edges in the network) affecting that node. The Boolean function is a logic combination of
the input node states, mainly characterized by AND, NOT and OR relationships. For modeling,
the GRN is randomly initialized, and the logic rules are applied to update the current GRN status.
This is repeated several times to simulate the network behavior over time. The update can be
synchronous (all genes are simultaneously updated) or asynchronous (in each iteration a random gene
is updated, with all genes having the same probability of being updated) (Fig. 4.8). Here we used
asynchronous updating as it better reflects the stochasticity of biological systems [18]. As a result of
this process, network attractors are found. Attractors are a stable state or set of states reached by a
Boolean network after a certain number of iterations. While being theoretical, attractors represent
potential stable behaviors or phenotypes of the biological system being studied [18]. Overexpression
and KO perturbations were simulated on the Boolean GRN model by fixing the expression of the
perturbed gene to 1 or 0, respectively. A total of 58 individual TF perturbations as well as 4 double
perturbations (Myc + Mycn and Junb + Fos KO and overexpression) were simulated. For each
perturbation, boolsim finds the attractors of the unperturbed (basal) and perturbed network. Then,

it analyzes the forward reachability from basal network attractors to perturbed network attractors.

The basal and perturbed network attractors were associated to the gene topics by dichotomizing

the topic LogaFC for each gene (1 if LogaFC > 0, 0 otherwise) and calculating the area under
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the receiver operating characteristic curve (AUROC). Pro-regenerative candidates were selected by
identifying the GRN perturbations that caused a transition from a “CM maturation” attractor to a
“cell cycle” or “CM dedifferentiation” attractor. Cytoscape v3.9.0 was used for network visualization
[180].
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Figure 4.8: Example of a GRN Boolean model. Each gene has a Boolean function containing the logic
rules for its activation. During modeling, the network is randomly initialized. The network is updated for a
number of iterations, and in each of these, one randomly selected gene is updated according to its activation
function, while the rest of genes keep their current state. After a series of iterations, a stable or set of stable
network states, called an attractor, is reached. — is the logic symbol for NOT'. A is the logic symbol for AND.
V is the logic symbol for OR.

4.2 Results

4.2.1 SLAM-seq provides a clearer transcriptomic footprint than RNA-seq

Perturbations of biological pathways cause changes in the cellular transcriptome that ultimately
shape the cellular phenotype and function. Reconstructing GRNs is crucial to understand these
mechanisms but remains a challenge due to the lack of predictive accuracy of binding site presence
in the genomic regulatory regions and the noise introduced by the presence of pre-existing mRNAs,
which can hide significant changes in expression [109, 223]. Metabolic labeling coupled with NGS can
be used to separate mRNAs synthesized before and after a labeling pulse with a nucleotide analog
(Fig. 4.2). SLAM-seq is a particularly advantageous technology, as it computationally purifies the
newly transcribed mRNAs and therefore requires less laborious and time-consuming experimental
work than other metabolic labeling approaches [212]. One key aspect of GRN reconstruction is the
identification of TF that regulate the transcriptional changes produced by a perturbation. Therefore,
we evaluated whether SLAM-seq provides a competitive advantage compared to RNA-seq for the
identification of TF from transcriptional footprints. For this analysis we used publicly available data
generated by Muhar et al. in which a modified version of the K562 cell line containing an AID-tag
in the endogenous Myc locus is used, which causes rapid degradation of AID-tagged MYC protein
upon treatment with TAA [223]. In this experiment, cells were treated with s4U for 60 minutes
after incubation with TAA or DMSO (control). As SLAM-seq labeled (s4U containing) reads are

bioinformatically purified, the same experiment can be analyzed as SLAM-seq (using total reads -
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fraction of newly transcribed mRNA, see Methods) or as if it had been a conventional RNA-seq
experiment (using total reads) (Fig. 4.9a).

A bird’s eye view examination of the data showed that gene expression quantified from SLAM-seq
and RNA-seq achieved a good clustering of the samples and separated the control and Myc KO cells
into two clear groups (Fig. 4.9b, ¢). When looked at in more detail, the Euclidean distance between
samples of different groups was larger for SLAM-seq than for RNA-seq, while the distance between
samples from the same experimental group remained unchanged (Fig. 4.9d). This supports the
idea that the metabolic labeling performed in SLAM-seq removes transcriptional noise arising from
pre-existing mRNAs. We calculated the differentially expressed genes between Myc KO and control
cells using DESEq2 [218]. While the total number of differentially expressed genes (FDR-adjusted
p.value < 0.05) was similar for both techniques (1,785 for SLAM-seq and 1,513 for RNA-seq), the
asymmetry of the distributions was striking: RNA-seq detected roughly the same number of up- and
down-regulated genes (696 and 817, respectively), while 92% of SLAM-seq differentially expressed
genes were down-regulated (141 upregulated and 1,644 downregulated genes) (Fig. 4.9e, f). We
hypothesize this could reflect the predominantly activating role of MYC as a TF [86]. Since one of the
main goals of this project is to detect TF orchestrating a transcriptional response to a perturbation,
we evaluated the ability of SLAM-seq and RNA-seq gene expression to predict the TF causing the
observed transcriptional changes. For this, we performed a GSEA using the CollecTRI database of
transcriptional regulation [112]. Fig. 4.9g shows the normalized enrichment scores and adjusted
p-values for the statistically significant TFs in SLAM-seq and RNA-seq data. SLAM-seq detected
MYC as a differentially active TF, which was expected. However, RNA-seq failed to detect MYC
as a significant regulator (adj. p-value = 0.684) and instead detected FOXA1 and AR. Lastly, we
investigated the transcriptional status of known MYC target genes, as annotated in CollecTRI [112].
From the 567 MYC targets for which a logoFC could be calculated using both techniques, SLAM-seq
detects a higher number of downregulated genes, as happened in the whole-transcriptome footprint
(Fig. 4.9h). Additionally, we used a logistic regression model to predict the MOR, (stimulation or
inhibition) from the observed logeFC. The model fit using SLAM-seq data (p-value = 2.36e-05,
AIC = 321.35) performed better than the model fit with RNA-seq data (p-value = 0.02, AIC =
341.65). Overall, these results suggest that the distinction between pre-existing mRNAs and those
synthesized after a perturbation achieved by SLAM-seq reduces the noise in the transcriptomic data

and is beneficial for the identification of upstream regulators.
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Figure 4.9: Comparison between RNA-seq and SLAM-seq for the identification of upstream
regulators of transcriptional changes. a) Experimental design. b) Heatmap of the Euclidean distance
between samples calculated using SLAM-seq reads. ¢) Heatmap of the Euclidean distance between samples
calculated using RNA-seq reads. d) Boxplot of the Euclidean distances between samples of different groups
(Control vs. Myc KO) or from the same group (Within control and Within Myc KO) measured using the
RNA-seq or SLAM-seq gene expression. Wilcox paired test with Bonferroni’s correction of p-values was
used for comparison. e) Volcano plot of the differentially expressed genes calculated with SLAM-seq reads.
Highlighted genes have a FDR-adjusted p-value < 0.05. f) Volcano plot of the differentially expressed genes
calculated with RNA-seq. Highlighted genes have a FDR-adjusted p-value < 0.05. g) Statistically significant
(FDR-adjusted p-value < 0.05) upstream regulators detected using GSEA using RNA-seq or SLAM-seq
reads on the CollecTRI database. The bars are colored by the normalized enrichment score (NES). The
numbers on the bars indicate the FDR~adjusted p-value of the enrichment. h) Classification of Myc direct
targets described by the CollecTRI database as not significantly downregulated (light blue), significantly
downregulated (dark blue), not significantly upregulated (light ocher) and significantly upregulated (dark
ocher) using RNA-seq and SLAM-seq reads.
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4.2.2 SLAM-seq protocol optimization in cultures of neonatal mouse CMs

To set up the SLAM-seq protocol in primary CM cultures we tested three s4U incubation times
(6h, 12h and 24h) along with an untreated control (Fig. 4.10a). First, we explored whether the s4U
treatment introduced too many mismatches that would compromise read mapping and downstream
analyses (Table 4.2). We did not find differences in the percentage of uniquely mapped reads between
treated and untreated samples. However, the mismatch rate per base was increased in treated
samples with respect to the control, indicating that s4U was being incorporated into the mRNA and
that the T-to-C and A-to-G mismatches were being produced during the library preparation steps.
This increased mismatch rate did not have a big effect in the percentage of multimapping reads or

unmapped reads due to a high number of mismatches.

We validated that the increased number of mismatches were a direct consequence of s4U incorporation
by visualizing the distribution of mismatches along the read length (Fig. 4.10b). The T-to-C and
A-to-G mismatches introduced by SLAM-seq were only higher than the other possible mismatches
in the treated samples and were evenly distributed along the read length. Interestingly, increasing
the s4U incubation time did not increase the number of mismatches. Lastly, we asked what was the
percentage of newly synthesized mRNA detected at the different incubation times. To answer this
question, we estimated the average proportion of newly synthesized mRNA per sample and fitted
an asymptotic model to the data (p-value = 0.03). The shortest incubation time labeled 50% of
the cellular mRNAs (Fig. 4.10c). As this proportion seemed too high to benefit from the higher
granularity provided by SLAM-seq, we decided to limit the s4U incubation time to 4h for further
experiments. Overall, these results show that SLAM-seq can be performed in neonatal CMs and

that the analysis pipeline can detect the incorporation of s4U as T-to-C and A-to-G mismatches.

Table 4.2: Summary of read alignment quality metrics.

Metric No s4U 6h s4U 12hs4U 24h s4U
Uniquely mapped reads (%) 86.98 88.19 87.98 89.45
Mismatch rate per base (%) 0.27 1.53 1.39 1.17
Reads mapped to multiple loci (%) 7.21 8.76 8.98 7.79
Unmapped reads due to mismatches (%)  0.29 0.74 0.60 0.46

4.2.3 Yap5sa, Myc or caErbb2 overexpression rejuvenate the CM transcriptome

To integrate and compare the changes in the CM transcriptome induced by each pro-regenerative
gene, we set up a standardized protocol for CM transduction, s4U administration and SLAM-seq
(Fig. 4.2). The pro-regenerative genes Yapssa, Myc and caErbb2 were tested alongside Gfp controls.
Neonatal (P1) CM were highly enriched using the gentleMACS Octo Dissociator with heaters and a

pre-plating step to reduce the abundance of fibroblasts and other non-myocyte cells. The cultures
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were transduced with AAV9 vectors carrying the gene of interest for 44h. Then, 4sU was administered
during 4h with medium replacement after 2h and samples were processed for SLAM-seq. As shown
above, all samples showed a high alignment quality, enrichment of SLAM-seqg-introduced mismatches

and approximately 25% of newly transcribed mRNA (Sup. Fig. S4.1).
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Figure 4.10: Setting-up SLAM-seq in neonatal mouse CMs. a) Experimental design: CM cultures
were treated with s4U for 6, 12 or 24h and underwent SLAM-seq. An untreated sample was included as
control. b) Distribution of mismatches along the read length. Red lines represent the T-to-C and A-to-G
mismatches introduced by SLAM-seq. Grey lines represent the other 10 possible mismatches that can arise
due to sequencing errors. c) Relationship between length of the s4U pulse and the proportion of newly
synthesized mRNA. The dark line indicates the asymptotic model fit to the data (p-value = 0.03).

We started by comparing the newly synthesized mRNA in each one of the perturbations ( Yap3sa,
Myc or caErbb2 overexpression) with their respective Gfp controls to validate that the activation
of the pro-regenerative gene recapitulated previously reported effects [79, 83, 86]. In the case of
Yapssa, 139 upregulated and 111 downregulated genes (adj. p-value < 0.1) were detected and clearly
separated the Yapdsa and Gfp samples when visualized as a heatmap (Fig. 4.11a). A GSEA using the
GO Biological Process database [183, 184] showed that functions related to protein translation and
ribosomal biogenesis were enriched, while functions related to CM contraction, cardiac conduction
and aerobic respiration were depleted (Fig. 4.11b). Looking at known YAP1 targets and genes
involved in CM maturation and function, we saw a significant increase of the YAP1 targets Vgll2
(logoFC = 9.16, adj. p-value = 1.4e-09) and Wwel (logeFC = 2.4, adj. p-value = 3.2e-06) while the
calcium release mediator Ryr2 (logoFC = -0.7, adj. p-value = 0.08) and the mature CM myosin
Myh6 (logoFC = -1.1, adj. p-value = 0.01) were downregulated (Fig. 4.11c). The increase in CM
proliferation was validated in vitro by performing a phospho-histone 3 (pHH3) staining (Fig. 4.11d).
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Figure 4.11: Effect of Yap5sa overexpression in the neonatal CM transcriptome. a) Heatmap of
the differentially expressed genes between AAV9-Yapssa and AAVI-Gfp-treated CMs. b) Scatterplot of the
GSEA results. Dots colored in red (enriched) or blue (depleted) indicate GO Biological Process terms with
an adjusted p-value < 0.05. ¢) Heatmap of the scaled expression of selected genes in the AAV9-Yapssa and
AAV9-Gfp-treated CMs. d) Quantification of the percentage of pHH3™ CM nuclei after transduction with
AAV9-Yapssa vs non-infected CMs. Each point represents the average proportion of positive CMs in a single
technical replicate. A two-tailed t-test was used to compare the samples. The asterisk represents a p-value <

0.05. e) A representative image of CM cultures transduced with AAV9-YapSsa and of a non-infected CM
culture is shown. In this experiment, CMs were transduced for 72h before pHH3 immunohistochemistry.
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Regarding Myc overexpression, we detected 254 upregulated and 278 downregulated genes (adj.
p-value < 0.1) (Fig. 4.12a). A GSEA using the GO Biological Process database [183, 184] showed
that functions related to protein translation, ribosomal biogenesis, DNA replication and cell cycle
were enriched, while functions related to CM contraction, cardiac conduction and electron transport
chain were depleted (Fig. 4.12b). Looking at specific genes, we saw a significant increase of the
MYC targets Ddz21 (logoFC = 0.38, adj. p-value = 0.079) and Rrp9 (log2FC = 0.4, adj. p-value =
0.07) and some cell cycle-related genes such as Aurka (logoFC = 0.4, adj. p-value = 0.1), while in
this case the CM maturation genes Ryr2 (logoFC = -0.1, adj. p-value = 0.41) and Myh6 (logoFC =
-0.11, adj. p-value = 0.53) were not significantly downregulated (Fig. 4.12c). The increase in CM
proliferation was validated in vitro by performing a pHH3 staining (Fig. 4.12d).
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Figure 4.12: Effect of Myc overexpression in the neonatal CM transcriptome. a) Heatmap of
the differentially expressed genes between AAV9-Myc and AAV9-Gfp-treated CMs. b) Scatterplot of the
GSEA results. Dots colored in red (enriched) or blue (depleted) indicate GO Biological Process terms with
an adjusted p-value < 0.05. ¢) Heatmap of the scaled expression of selected genes in the AAV9-Myc and
AAV9-Gfp-treated CMs. d) Quantification of the percentage of pHH3* CM nuclei after transduction with
AAV9-Myc or AAVI-Gfp. Each point represents the average proportion of positive CMs in three technical
replicates. A two-tailed t-test with Welch’s correction was used to compare the samples. The asterisk represents
a p-value < 0.05. e) A representative image of CM cultures transduced with AAV9-Myc or AAVI-Gfp is
shown. In this experiment, the transduction conditions were identical to those used for SLAM-seq.

Lastly, overexpression of caErbb2 in CMs had the mildest effect. We detected 34 upregulated and 36
downregulated genes (adj. p-value < 0.1) (Fig. 4.13a). A GSEA using the GO Biological Process
database [183, 184] showed enrichment of functions related to protein translation and ribosomal
biogenesis, while functions related to CM maturation, contraction and cardiac conduction were
depleted (Fig. 4.13b). Looking at specific genes, we saw a significant increase of ERBB2-induced
genes such as Rps1/ (logoFC = 0.62, adj. p-value = 0.04), Rps23 (logoFC = 0.46, adj. p-value
= 0.07) or Timpl1 (logoFC = 0.46, adj. p-value =. 0.06), while the CM maturation gene Myh6
(logoFC = -0.36, adj. p-value = 0.09) but not Ryr2 (logoFC = -0.11, adj. p-value = 0.25) was
significantly downregulated (Fig. 4.13c). The increase in CM proliferation was explored in vitro by
performing a pHH3 staining, although we did not observe a significant increase probably due to the
high variability observed in the AAV9-caErbb2 group (Fig. 4.13d).

Overall, the overexpression of Yapbsa, Myc, and caErbb2 had the expected rejuvenating effect on
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the CM transcriptome, disassembling sarcomeres and increasing proliferation. While the observed

variability in the magnitude of changes could be due

to biological or technical reasons, we hypothesize

that all three genes seem to regulate similar pathways.
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Figure 4.13: Effect of caErbb2 overexpression in

the neonatal CM transcriptome. a) Heatmap of

the differentially expressed genes between AAV9-caFErbb2 and AAV9-Gfp-treated CMs. b) Scatterplot of the
GSEA results. Dots colored in red (enriched) or blue (depleted) indicate GO Biological Process terms with an
adjusted p-value < 0.05. ¢) Heatmap of the scaled expression of selected genes in the AAV9-caErbb2 and
AAV9-Gfp-treated CMs. d) Quantification of the percentage of pHH3* CM nuclei after transduction with

AAV9-caFErbb2 or AAV9I-Gfp. Each point represents the

average proportion of positive CMs in three technical

replicates. A two-tailed t-test with Welch’s correction was used to compare the samples. €) A representative

image of CM cultures transduced with AAV9-caErbb

2 or AAV9-Gfp is shown. In this experiment, the

transduction conditions were identical to those used for SLAM-seq.
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4.2.4 GoM models show a common effect between Myc and caErbb2

Clustering methods are useful to detect shared patterns between samples or conditions. However,
clustering methods such as k-means or hierarchical clustering have the problem that each sample, or
gene, is assigned into a single cluster. The reality of gene expression profiles is more complex, with
multiple processes being active at the same time. GoM models allow to identify sets of genes (gene
topics) that share a common expression pattern in the samples and assign a grade of membership for
each sample in each topic, therefore quantifying the contribution of each gene expression program in
the sample. Focusing on the differentially expressed genes in the SLAM-seq data, a GoM model
consisting of three topics was fit to the data (Fig. 4.14a). Despite each sample being a combination
of all three topics (Fig. 4.14b), we detected an enrichment of Topicl gene expression in caFErbb2
and Myc-treated CMs (Bonferroni-corrected one-way ANOVA p-value = 3.42¢-03), an enrichment of
Topic2 gene expression in Yapdsa-treated samples (Bonferroni-corrected one-way ANOVA p-value =
2.66e-03) and an enrichment of Topic3 gene expression in Gfp-treated samples (Bonferroni-corrected
one-way ANOVA p-value = 7.73e-03) (Fig. 4.14c).

Using an ORA, we associated the gene topics to their corresponding biological functions: Topic
1 is related to cell cycle and ribosomal biogenesis, Topic 2 is involved in muscle development and
proliferation and Topic 3 contains genes that participate in CM contraction, cardiac conduction, and
sarcomere organization (Fig. 4.14d). Interestingly, when we repeated the analysis using the total
gene expression as quantified by RNA-seq, the best fitting GoM model contained four topics: a cell
proliferation and protein synthesis topic predominant in the caErbb2 and the Myc-treated samples,
a muscle proliferation topic highly associated with the Yapdsa-treated samples and two topics
associated with the Gfp samples. While both topics contained genes involved in CM maturation and
sarcomere organization, they separated the Gfp samples based on their experimental batch (Sup. Fig.
S4.2). Overall, the GoM model found functional gene expression programs involved in rejuvenation
of the CM transcriptome —potentially required for regeneration— as well as a basal CM maturation
program. It also detected a shared transcriptional response by caErbb2 and Myc mainly inducing
cell proliferation. Regarding the comparison between GoM models fit with SLAM-seq and RNA-seq,
the RNA-seq fitted model captures batch effect variability, while the SLAM-seq model captures
biologically relevant variability, once more supporting the use of this technique for transcriptomic

profiling after a perturbation.
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Figure 4.14: GoM models find a common gene expression program induced by caErbb2 and Myc.
a) Heatmap of scaled gene expression. Genes are classified into topics based on their maximum topic logaFC.
Each column indicates a biological replicate, and samples are grouped based on their experimental condition.
b) Barplot of the degree of membership of each sample in each topic. ¢) Boxplots of the grade of membership
of each condition on each topic. d) Most significant biological functions found for each topic using an ORA.
The size of the dot indicates the number of overlapping genes between the pathway and the topic. In panel b,
the experimental batch of the GFP samples is indicated in their name. Batch 1 consisted on AAV9- Yapssa
and AAV9-Gfp.1 treated cultures. Batch 2 included AAV9-Myc, AAV9-caFErbb2 and AAVI-Gfp.2 treated
cultures
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4.2.5 Integrating literature findings and scRNA-seq into a CM GRN scaffold

Whole-transcriptome GRN inference is challenging due to the skinny-matrix nature of bulk tran-
scriptomics data, in which the number of genes is highly superior to the number of observations.
Databases of transcriptional regulation are a useful starting point to reduce the complexity of the
GRN model and focus on the TF — target gene relationships that are more likely to happen in the
given context. Aiming to find a small set of TFs with a key function controlling CM maturation,
we contextualized the CollecTRI PKN using the CM scRNA-seq data described in Chapter 3 and
random forests [19]. The resulting GRN contains 2,097 genes and 2,169 edges, organized into 127
independent components (Fig. 4.15). The largest of them contains 1,637 genes and is organized into
36 communities, 25 of which could be associated to biological processes through an ORA on the GO
Biological Process database (Table S4.1).
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Figure 4.15: Contextualization of the CollecTRI database using CM scRNA-seq data. Genes are
colored by their community membership. Communities for which at least one statistically significant (FDR
adjusted p-value < 0.05) biological function was found are highlighted. Gene size represents betweenness
centrality.
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Because transcriptional regulation is ultimately defined by interactions between TF and most of
them are located in the largest network component, we focus on it for further modeling. We reduced
this component to a core set of TFs by considering only regulators (out degree > 0) with a putative
function in the tested perturbations (|logoFC| > 0.25 in at least a single experiment). The resulting
core GRN consisted in 29 TF and 77 edges (Fig. 4.16a and Table S4.2). Most of these have been
previously studied in the context of heart development, congenital heart disease or heart regeneration.
These TF represent 16 out of the 36 communities detected in the GRN largest component and nearly
half of them (12/29) are overexpressed in at least one gene topic (Fig. 4.16b-d). This core GRN will
be the base for the Boolean models and perturbation simulations described in the following sections.
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Figure 4.16: Core CM GRN. In panels a-d) the set of core TF in the CM GRN is represented. Each
gene is colored by a) the community to which it belongs. b) the logoFC for Topicl (cell cycle and ribosomal
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4.2.6 The CM maturation GRN is controlled by two attractors

Boolean modeling with boolsim [18] was applied to the core GRN. First, the GRN topology was
examined to identify potential attractors or stable network states that could be representative of
cellular phenotypes [18]. The core GRN contains two basal attractors in which all genes have a clear
ON or OFF status except Atf4 and Irf7, whose activation state was flexible and could be either ON
or OFF (Fig. 4.17a,b). In order to find which gene topic in Fig. 4.14a could be explained by these
attractors, we measured the extent to which the dichotomized topic logoFC could predict the gene
activation status in the attractors. The AUROC showed that both attractors are correlated with the
CM maturation topic (Fig. 4.17c). This result was expected, as the core GRN was obtained from
basal CM gene expression and two different timepoints. This basal state serves as a good starting

point to find new pro-regenerative candidates that could potentially change the GRN behavior.

4.2.7 Systematic in silico perturbations show transitions from maturation to
proliferation attractors

Starting from the two basal attractors, we simulated KO and overexpression perturbations and
performed a reachability analysis to see what new attractors could be reached if each TF in the
core GRN was individually perturbed (Fig. 4.18). 76% of the perturbations did not change the
basal attractors, 18% of the perturbations generated new attractors that were associated to the gene
expression topics as described above and 6% of the perturbations generated new attractors for which
a correspondence with the gene topics could not be found. Interestingly, only two perturbations were
able to change both basal attractors into new attractors potentially involved in cell proliferation:
overexpression of Myc or overexpression of Ybx3. In the case of Myc overexpression, this was
concordant with our AAV9-Myc CM transduction data (Fig. 4.12d). In the case of Ybz3, it is a TF
with a known role in regulating the expression of amino acid transporters [224], but its function in
the heart remains unknown. Overall, these results provide a potential model to understand how a
core set of TFs can regulate CM maturation and which perturbations can modify that behavior.
Our simulations show that CM maturation and basal function is a strongly wired phenotype difficult

to change but highlight a few candidates worth of further exploration (Table 4.3).
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C Topic1 Topic2 Topic 3

Attractor 1.1 0.37 0.50 0.77

Attractor 1.2| 0.37 0.50 0.77

Attractor 1.3| 0.37 0.50 0.77

Attractor 1.4| 0.37 0.50 0.77

) ) "V A < Attractor 2.1|  0.30 0.53 0.73
(%'\\4 Attractor 2.2| 0.30 0.53 0.73
/@ % 9@@ @ @ .@ Attractor 2.3| 0.30 | 053 | 0.73
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Figure 4.17: The core CM GRN is characterized by two basal attractors that correspond to the
CM maturation topic (topic 3). a-b) Core CM GRN with the genes colored by their activation status
in basal a) attractor 1 or b) attractor 2. In both networks, orange represents activation, grey represents
inactivation and blue represents that both active and inactive states are possible. ¢) Heatmap of the AUROC
between dichotomized topic logoFC and gene activation status. The basal attractors 1 and 2 are subdivided
into 4 subattractors due to the presence of two genes that can be indistinctively active or inactive.
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Table 4.3: Candidates proposed by the Boolean models and perturbation simulations. Previous
descriptions refer to publications in which the perturbation of the TF was evaluated in the context of
heart regeneration. The asterisk indicates that W! has been implicated in the role of epicardium during
regeneration, but its cell autonomous pro-regenerative function in CMs is yet to be explored. Whether the
new attractor is reachable from a single ((al), (a2)) or both basal attractors is indicated.

TF Experiment Prediction Reachable Known effect
attractor

Ybz3 Overexpression Cell cycle Yes (both)  No

Rarb KO Cell cycle Yes (al) No

Wt1 KO Dedifferentiation ~ No Yes™* [225, 226]

Irf7 KO Cell cycle No No

Myc Overexpression Cell cycle Yes (both)  Yes [86, 87]

Fos KO Cell cycle Yes (al) Yes [227]

Atf4 KO Cell cycle No Yes [228, 229]

Stat3 KO Cell cycle No Yes [230, 231]

4.3 Discussion

This chapter explored the transcriptional footprints induced by the expression of the pro-regenerative
genes calrbb2, Myc and Yapbsa and modeled the GRN controlling them. We used a high-throughput
metabolic labeling approach (SLAM-seq) to reduce the noise in the transcriptome measurement of
neonatal mouse CM following transduction with AAV9 vectors. By leveraging GoM models, we found
three gene expression programs characteristic of caFErbb2 and Myc overexpressing CM (cell cycle
and protein translation), Yapisa overexpressing CM (muscle dedifferentiation) and Gfp expressing
controls (CM maturation, cardiac conduction, and sarcomere organization). The mouse scRNA-seq
data set introduced in Chapter 3 was used to contextualize a database of literature-based knowledge
of transcriptional regulation using random forest models. The resulting GRN contained a single
large connected component in which communities associated to developmental and homeostatic
CM functions were found. This GRN was reduced to a core set of 29 key regulators subjected
to Boolean modeling. The Boolean models found two possible attractor states of the GRN, that
correlate with the “CM maturation” gene expression program. By systematic in silico experiments,
we found 10 perturbations with the potential to drive the core GRN towards a “cell proliferation”
or “muscle dedifferentiation” state. Altogether, these results provide insights into the molecular
dynamics underlying the pro-regenerative response initiated by caFrbb2, Myc and Yapsa expression

and suggest candidate TFs for their experimental perturbation (Fig. 4.19).

To our knowledge, this project constitutes the first use of SLAM-seq combined with AAV9-based
perturbations. Combining these two advanced experimental methodologies required extensive testing

and, despite their strengths, is not extent of limitations. Particularly, the transcriptional changes
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induced by caErbb2 were smaller than expected, given its profound effect on CM dedifferentiation
[83, 232]. We hypothesize that, since it is the only membrane protein tested in this project, it might
need longer transduction times than Myc or Yapdsa to exert a transcriptome rewiring of the same
magnitude. Another point to raise is that neonatal mouse CM do not behave like adult CM in their
potential to enter the cell cycle [4]. This is clearly showcased by Myc overexpression, which can only
induce CM proliferation when Ccnitl is available: while neonatal CM express enough Centl, adult
CM have lost its expression [86]. This is of important consideration when looking into translation,

as more than one simultaneous perturbation might be necessary in some cases.

|

Irf7 KO Irf7 KO  Stat3 KO Atf4 KO

Atf4 KO Stat3 KO

Ybx3 OE

Fos KO =

Fos+Junb KO

Myc OE
Myc+Mycn OE Myc OE
I

Correspondence between attractors and topics
2 Topic 1 (cell proliferation and protein synthesis).
Ybx3 OE S ) |Myc OE Topic 2 (muscle development and proliferation).

. Topic 3 (CM contraction, cardiac conduction and
sarcomere organization).

Myc+Mycn OE Not associated to any topic.

Figure 4.18: Attractor reachability caused by the in silico perturbations. In this network, each
node represents an attractor, and each edge represents a potential transition between attractors. Node size
represents the number of times the attractor was observed. Node color represents the gene topic to which the
attractor corresponds. Edge width represents the number of times a given transition between attractors was
observed. Basal attractors and new attractors that correspond with the pro-regenerative gene topics (topic 1
and 2) are highlighted. The perturbations that give rise to these new pro-regenerative attractors are indicated.
KO stands for knockdown and OFE stands for overexpression.

Regarding SLAM-seq, it is a technique with a lot of potential that, in combination with GoM
models, allowed us to obtain batch-free gene expression programs. In fact, classical hierarchical
clustering with or without batch correction was not able to identify batch-free and condition-wide
gene expression programs. It was the combination of SLAM-seq data with GoM models that could

obtain a batch-free representation of the transcriptomic changes. The identified gene topics represent
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a useful baseline to which future pro-regenerative candidate treatments can be compared.

Perturbation 4-sU
with AAV9 administration

"’% /< - ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ I -
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Protein translation
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Myc + Mycn OE
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Rarb KO
Fos KO
Fos + Junb KO
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maturation
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dedifferentiation

Figure 4.19: Summary of the project. SLAM-seq and GoM models found three gene topics in CM
transduced with the pro-regenerative genes caErbb2, Myc, Yap5sa or Gfp. A topic mostly expressed in the
caBErbb2 and Myc treated samples is associated with cell cycle and protein translation. A gene topic mostly
associated with the Yapssa treated sample associates with muscle dedifferentiation and proliferation. A topic
predominant in the Gfp group is associated with CM maturation and sarcomere assembly. We found two
core GRN attractors that correspond to the CM maturation gene expression program, and through n silico
perturbations we propose candidate treatments to induce CM proliferation and potentially heart regeneration.

Regarding the computational models, the small sample sizes and lack of time-series information were
the largest hurdle to overcome. Boolean models are a useful tool in these situations, as the gene
expression is dichotomized, and the network update iterations do not represent real time. However,
Boolean models of large networks are computationally expensive, as they exhaustively enumerate
all possible trajectories and network states, which exponentially grow as more nodes are included
in the network. This computational limitation called for a stringent network filtering criteria and
the selection of a small set of core TFs representative of the whole GRN. While the selection of
core TF was systematic and driven by available data and previous knowledge, the network model
might be oversimplistic and relevant TF might be missing. If time-series data was available, a more
satisfactory approach would have been to combine logical and quantitative methods such as ODEs

to fully exploit data and available knowledge.

Lastly, the model interpretation leads us to conclude that the CM maturation GRN state is a
robust network state difficult to exit. This is supported by the fact that only a handful of genetic
perturbations achieve a significant increase in CM proliferation or have measured functional recovery
after MI [79, 83, 87, 200, 230, 233-235]. The main candidate coming out of this project is the

fairly unknown Ybz3. Its function as regulator of amino acid transporters [224] hints towards
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its potential implication in the regulation of metabolism, which is substantially different between
neonatal (proliferative) and adult (quiescent) CMs. Future experiments should address its expression
levels as the heart matures and in response to injury, as well as its ability to induce CM cell cycle
activity. If its proliferative role is confirmed, functional studies in an injury context should be
performed to address its regenerative potential and transcriptomic studies in basal and injury context
should be performed to validate the similarity between the Myc-induced transcriptional changes and

the transcriptional changes induced by Ybx3.
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5 Inference of the gene regulatory
network of axolotl bone

regeneration

Axolotl (Ambystoma mexicanum) limb regeneration is a classic system to study vertebrate regen-
eration. Contrary to the full regeneration achieved after an amputation, axolotl bone CSD fails
to regenerate. This chapter delves into the molecular differences between blastema and CSD CT
to unravel their differential regenerative potential. By inferring and comparing the CT GRNs in
both injuries, we identified two TCF/LEF family TFs, Lef! and Tcf712, having potentially divergent
roles. This finding was further strengthened by the identification of genes uniquely associated with
each TF and through simulations of Lefl and Tcf712 perturbations on the CT GRN. These results
collectively suggest different and eventually antagonistic functions of Lefl and Tc¢f712 during axolotl
limb regeneration and propose a new level of complexity in Wnt signaling that could contribute to

the difference in regenerative competence observed in different tissues.
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5.1 Materials and methods

5.1.1 Experimental procedures

All experimental procedures were performed by Anastasia Polikarpova, PhD and are briefly described
here to provide the necessary background for the in silico analysis of the gathered data. The scripts

used for data analysis are available at: https://github.com/iriverog/Axolot1LimbGRN.

Axolotl husbandry

10-11 cm nose-to-tail Prrx1-CreER x CAGGS: LP-STOP-LP-Cherry axolotls were used in this
project. Upon Cre activation by bathing the animals in a 1-2 M 4-hydrotamoxifen water solution,
these animals express the Cherry fluorescent protein in Prrz1™ limb bud CT cells and their progeny.
The sex of the animals was unknown, as they were not genotyped, and sexual characteristics are
not present at this stage. Animals were bred and maintained in the animal facilities of the IMP in
Vienna, Austria, as described previously [165]. Animals were kept individually, and experiments
were conducted with approval from the Magistrate of Vienna (GZ:MA 58-65248-2021-26).

Blastema and CSD injury models

Two injury models were used in this study: proximo-distal amputation (blastema) and CSD (Fig.
5.1).

Blastema

Figure 5.1: Axolotl bone injury models. Axolotl hindlimbs were subject to either amputation to generate
a regenerative blastema (green, top box) or a non-regenerative CSD (magenta, lower box). In both cases the
injury affects the femur. In the case of blastema, all tissues (e.g., bone, muscle, nerves, epidermis, etc.) are
affected by the injury. In the case of CSD, only a bone segment is removed, with the remaining limb tissues
being minimally disturbed.
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Blastema: Hindlimb amputation for the development of a regenerative blastema was performed
as previously described [236]. Briefly, axolotls were anesthetized by bathing in a 0.03% benzocaine
solution (Sigma-Aldrich, Germany) for 15-20 minutes until a good muscle relaxation and lack of
reflexive movement upon limb touching was achieved. Anesthetized animals were placed on a paper
towel bathed in a 0.03% benzocaine solution during the surgical procedure. Axolotl hindlimbs
were amputated at the femur diaphysis midshaft using a disposable scalpel. The extruding bone
was trimmed using iridectomy scissors to match the level of the surrounding tissue and prevent

irregularities in blastema shape.

CSD: Animals were anesthetized and prepared for surgery as described above. A hindlimb was
stretched and an external polyolefin fixator tube was attached by size 7.0 nylon sutures (Optilene,
BBraun, Germany) to ensure bone alignment and preservation of the CSD gap size. A longitudinal
incision was made through the surgical window of the fixator above the femur using iridectomy
scissors (FST, Germany). The nerves, blood vessels and muscles were carefully displaced from the
surgery site without cutting using a fine surgical forceps (FST, Germany). The femur was lifted and
exposed for surgery using a forceps and cut twice in the diaphysis with iridectomy scissors to create
a CSD of approximately 30% of the bone length. As axolotl wounds close rapidly within 6-8 hours,

no stitches were applied on the skin cut.

After surgery, animals were housed in individual tanks with clean tap water and observed daily. 50
U/mL penicillin and 20 pg/mL streptomycin (Gibco, 15140-122) were added the first 3 days after
amputation. Butorphanol (0.5 mg/L water) was used to ensure analgesia. Animals were sacrificed
by bathing in 0.03% benzocaine solution for 20-30 minutes 3, 5, 6, 7, 8, and 11 days post injury. A
hindlimb sample from an uninjured and healthy animal was included as physiological control (day

0). Between 12 and 24 animals were used per time point and injury (Fig. 5.2).

Tissue dissection and cell isolation for scRNA-seq

Immediately after euthanasia, limbs were harvested and the blastema or tissue within CSD were
extracted using sterile fine forceps and a disposable scalpel. The tissue was finely minced using a
scalpel blade and digested with 5-10 mL LiberaseTM (0.26 WU /mL, Roche) in 0.7x PBS (without
Mg?* /Ca2") at room temperature and rotation for 45 minutes with shaking every 10-15 minutes.
The digestion was blocked using 2 mL serum-free AMEM (125 mL MEM, 2mL insulin (1 mg/mL,
Sigma-Aldrich), 2 mL glutamine (200 mM, Gibco), 2mL Pen/Strep (10000U/mL, Sigma-Aldrich)
and 50 mL ddH20) and a single-cell suspension was generated by filtering the samples through
a 30 pm diameter strainer. For Batch 1, the obtained suspension was centrifuged at 300 relative
centrifugal force (rfc) for 5 minutes and re-suspended in 200 pL. AMEM. For Batch 2, red blood
cells were depleted by adding 2 mL 5% Ficoll/APBS to the single-cell suspension and placing it on
top of a Ficoll gradient (2 mL of 15%, 17%, 19% and 25% Ficoll/APBS). After centrifugation for
30 minutes at 500 rcf at 4°C, cells were washed with APBS and re-suspended in 10 uL 2% BSA in
APBS (Fig. 5.2).
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Figure 5.2: Time-points and batches used in the experiment. One replicate with cells extracted from
12-24 limbs was used for each timepoint and batch. A single uninjured sample (day 0, cells were extracted
from 12 limbs) was included with the CSD samples during library preparation. Blastema samples day 3 and
day 5 (batch 1) were merged before library preparation due to low cell numbers. Samples belonging to batch
1 (light color) did not undergo erythrocyte removal before library preparation. Samples belonging to batch 2
(darker color) underwent erythrocyte removal before library preparation

qPCR

Tissue dissociation and cell sorting: The CSD gap tissue or blastema tissue was collected at
11 dpi, chopped to small pieces, and dissociated for 45 minutes in digesting solution (0.26WU /mL
Liberase TM in 0.7x PBS) on a shaker at room temperature and mixed by shaking every 10-15
minutes. This reaction was stopped by adding 2x volume serum-free AMEM. The samples were
filtered through 70 pm MACS Smart-Strainers (Miltenyi Biotec, 130-098-458) and the cell suspension
was pelleted using centrifugation at 300 rcf for 5 minutes at room temperature, then resuspended in
serum-free medium and kept on ice. To purify the CT (Cherry™) cells, the cell digestion was filtered
through a 45 pm filter immediately prior to sorting using FACSAriall with a 100 pm nozzle size
directly into 250 pL Trizol (ThermoFischer Scientific). 3 limbs were used per replicate.

RNA isolation, RT, and qPCR: RNA was isolated per manufacturer’s recommendations. Briefly,
100 pL Chloroform (Sigma-Aldrich) was added to the samples, which were then mixed by vortexing,
and centrifugated at 21,000g and 6°C. for 15 minutes. The aqueous phase was transferred to new
1.5mL DNA Lo-Bind tubes (Eppendorf), and then 5 ng of RNase-free glycogen and 250 pL. 2-propanol
were added. The samples were mixed by inverting the tubes, and centrifugated at 21,000g and 6 for
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15 minutes to precipitate the RNA. The pellets were washed with 70% ethanol and centrifugated
at 21,000g and 6°C for 10 minutes. Lastly, the ethanol was removed, and the pellets were dried at
room temperature, and finally resuspended in 10-15 nl. RN Ase-free water. The RNA concentration
was measured using a NanoDropTM Spectrophotometer and 1 pg RNA was used as a template
for the RT reaction (LunaScript® kit, New England Biolabs). The cDNA was diluted 1:10 with
nuclease-free water and used for gPCR (Luna Universal gPCR kit, with 0.25 uM qPCR primers
and 40 cycles, New England Biolabs), run on Bio-Rad CFX96 Touch Real-Time PCR qPCR system
(Biorad) using Hard-Shell® 96-Well PCR Plates (Biorad). The primers were designed using the

latest axolot] genome with transcriptome annotation version 4.7 (Sup. Table S5.1).

5.1.2 scRNA sequencing

scRNA-seq was performed using the 10xGenomics platform in collaboration with the NGS Vienna
Biocenter Campus facility. Cell encapsulation, cDNA generation, pre-amplification and library
preparation were performed using the Chromium Single Cell 3’ v3 Reagent Kit (10xGenomics)
following standard manufacturer instructions. Sequencing libraries were sequenced on an Illumina
NovaSeq S4 PE150XP sequencing platform following 10xGenomics recommendations. Fastq files
containing reads for each library were obtained by running Cellranger v6 (10xGenomics) on the
raw sequencing bcl files with default parameters. Reads were mapped and quantified on the latest
axolotl genome release (v6.0) [179]. These pre-processing steps were performed by Tobias Gerber,
PhD and the NGS Vienna Biocenter Campus facility.

5.1.3 scRNA-seq analysis

These steps were performed in collaboration with Tobias Gerber, PhD.

Cell quality control, dimensionality reduction, clustering, and cell type identification

Single cell pre-processing and clustering was done using the R package Seurat v4 [169]. The following
two criteria were used to minimize the number of low-quality cells and improve the subsequent
analysis: (1) cells with total counts greater than 50,000 or less than 1,000, and (2) cells with a
mitochondrial transcript content above 10% were excluded. Blastema and CSD data sets were
separately analyzed with the same parameters. Briefly, raw counts were log-normalized and scaled
with regressing out differences in RNA counts, followed by PCA computed using all genes. The two
batches (Fig. 5.2) were integrated using Harmony [237] with default parameters and 100 PCs as
input. For visualization purposes, the integrated dataset was subjected to dimensionality reduction
by UMAP using 100 Harmony corrected PCs as input. Louvain clusters were estimated with a
resolution of 0.25 and 100 Harmony corrected PCs. Marker genes of each cluster were calculated
with the Seurat function FindAllMarkers() using Wilcoxon Rank Sum test. Only positive entries
with logoFC > 0.5 were reported. Clusters were annotated to their corresponding broad cell types
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using canonical marker genes (Table 5.1).

Table 5.1: Marker genes used for broad cell type and CT subtype annotation. Marker genes were

extracted from [14, 49, 163, 171, 172].

Cell type

Marker genes

B cell

Bank1, Blnk, Pax5

Connective tissue cell

Colla2, Col3al, Dpt, Igfop3, Lum, Mfap5, Prrzl

Endothelial cell

Cdhb, Eng, Lyvel, Pecaml, Tiel, Vwf

Eosinophil

C8arl, Cebpe, Il5ra

Epidermal cell

Cdhl1, Krth, Krt17

Erythrocyte

Alas2, Hbgl

Hematopoietic progenitor

Ezxd2, FIt3, Gfil

Natural killer cell

Gzma, Gzmb, Itgam, Itgax

Macrophage Adgrel, Csfir, Itgal, Itgam, Siglecl
Mast cell Kit, Lmo/
Neutrophil Argl, Cebpe, Csf3r, Itgam, Mmp1

Schwann cell

Lamcl, Mpz

Skeletal muscle cell

Muyll, Thni2, Mybph

T cell Cer7, Gata3, 1l'r
Thrombocyte Gplba, Gp5, Gp9, Itga2b
Chondrocyte Agcl, Col2al, Sox9

Dermal fibroblast

Twist2, Ptgds

Interstitial fibroblast

Colja2, 1gfop3, Mfaps

Osteoblast

Runs2, Tbx2, Tbx3, Tbhxd

Osteoclast

Acp5, Caler, Ctr, Mmp9, Runx2b

Periskeletal cell

Col8a2

Tenocyte

Tnmd

Virtual purification of CT, cell type identification, and trajectory analysis

CT cells were isolated in the blastema and CSD datasets, respectively, based on the cell type
assignments described above. The two datasets were merged and subsequently reprocessed as
done before, except for a slightly increased lambda value of 5 during integration with Harmony
[237]. UMAP embedding and Louvain clustering were performed as previously detailed, except

for an increased resolution of 1. This revealed a few low-quality cells that were removed from the
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analysis and the embedding and clustering was repeated afterwards. These steps were performed by
Tobias Gerber, PhD. Marker genes of each cluster were calculated as previously stated. Following
sub-clustering, all blastema CT cells and CSD interstitial fibroblast sub-populations were kept for
all subsequent analyses. We refer to these cells as CT cells. These populations were selected based

on manual inspection of known marker genes (Table 5.1).

Trajectory inference was applied to CT cells. Trajectory inference was performed using the R package
destiny [238]. Pseudo-time estimates for CT cells were calculated in each injury (blastema and CSD)
separately and cell number normalized ranks were afterwards added to the integrated CT object

introduced before. Trajectory inference was performed by Tobias Gerber, PhD.

5.1.4 GRN inference
Whole-transcriptome GRN inference

Large-scale GRNs were independently reconstructed for blastema and CSD CT cells using TENET
(version 2.4), available at https://github.com/neocaleb/TENET [133]. TENET measures the causal
dependency between pairs of genes using transfer entropy (TE), a non-linear metric based on mutual
information [239]. Mutual information symmetrically quantifies the overlap in information content of
two variables, without considering the dynamics and directionality of the interaction (Eq. 5.1) [239].
While a time-lagged version of mutual information that incorporates the time component exists, it
does not explicitly provide the direction of the relationship. TE solves this problem by measuring
the extent to which information about the past state of one variable x helps to predict the future of
another variable y, beyond what can be predicted by the past of y alone (Eq. 5.2). This explicitly

captures the direction of the information flow and indicates which variable influences the other.

_ ) log PEY) _ _ N
Loy = ;{E;p( ) -log ooy = HX) — HIXY) = HY) - H(Y]X) (5.1)
TEqyy = H(ylyr—1:0-1) — H(yelye—1:4-0, Te-1:4-1) (5.2)

In both equations, H represents Shannon’s entropy (Eq. 5.3 and L refers to the history length or

number of past events considered.

H(X)=- Zp(ﬂﬂi) - loga(p(w:)) (5.3)

TENET quantifies causal transcriptional relationships between pairs of genes using TE and assumes
that causality in gene regulation is time-dependent, since an effect (target gene) cannot occur (be
expressed) before its cause (regulator) [133]. GRNs were independently reconstructed for blastema
and CSD following these steps (Fig. 5.3):
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1. Ordering cells along time: blastema and CSD CT cells were ordered based on their collection

time points (3, 5, 6, 7, 8, and 11 dpi). To avoid confounding effects between time and

perturbation, the uninjured control (day 0) was not considered for network reconstruction.

2. Selecting relevant genes: following TENET guidelines, genes with high expression (log-normalized

counts > 1 in 2% of cells) and variability (deviance > quartile 3 for each injury) were selected

for GRN reconstruction [133, 240, 241]. Following previous recommendations [242], 2% of total

cells was chosen as a threshold because it is the strictest percentage that still allows to include

all CT clusters in at least one of the GRNs (Table 5.2).

3. Calculating TE between gene pairs using TENET with default history length (L = 1).

4. Trimming indirect edges: potentially indirect relationships in the shape of fast feedforward

loops were eliminated if TE, ., < min(TE, ,, TEy, z).

5. Filtering by statistical significance: known targets have significantly higher TE values than

random targets [133]. Therefore, a statistically significance filter of FDR < 0.01 calculated on

one-sided t-tests on standardized TE values was applied.

The resulting networks contain directed and weighted edges, where higher TE values indicate

more probable regulatory interactions. However, the edges are unsigned as TE does not provide
information about the MOR [133].

Table 5.2: Number of cells per cluster and injury in the cartilage-contributing CT populations.
A total of 1,506 blastema cells and 1,748 CSD cells were used for GRN reconstruction.

Cluster Blastema cells CSD cells GRN containing the clus-
ter

Blastema cartilage 342 13 Blastema

CT cluster 5 44 2 Blastema

Blastema mesenchyme 903 47 Blastema

Early injury fibroblasts 182 423 Blastema and CSD

CSD fibroblasts 1 9 796 CSD

CSD fibroblasts 11 1 403 CSD

CT cluster 6 25 64 CSD

Topology and power-law analysis

Network topology analysis was performed using Cytoscape v3.9.0 Network Analyzer tool and the

igraph R package v1.4.1 in R v4.0.3. Power-law distributions were fit using the igraph R package

v1.4.1 and the poweRlaw R package version v0.70.6 in R v4.0.3. Statistical testing of the power-law
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goodness-of-fit was done using the Kolmogorov-Smirnov test. All network visualizations were done

with Cytoscape v3.9.0.
Ordering cells along Selecting relevant Calculating Trimming Filtering by
time axis genes TE matrix indirect edges FDR

o B
.. .. F ’ 91| = | Gi
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Figure 5.3: Workflow for GRN reconstruction with TENET [133]. Before GRN reconstruction cells
are ordered along time and relevant features are selected. Then, TENET is used to calculate the TE matrix
that will give rise to the directed, weighted, and unsigned GRN. The last two steps are related to edge filtering
and consist of the removal of indirect relationships and the selection of statistically significant relationship.

Candidate prioritization

Network and gene expression information were integrated to generate a ranking of candidate genes
for their perturbation (Fig. 5.4). For each GRN, genes were ranked based on their betweenness
centrality (Eq. 2.1), which measures how often a gene acts as a bridge between any other two
genes. Genes absent in one network were added at the end of the ranking with rank N + 1, being
N the number of genes in that network. Differences in betweenness were calculated by comparing
the ranking of each gene in the two GRNs (Eq. 5.4, where R(Betweenness) represents ranked
betweenness) and standardized. The top 25% genes with largest (positive and negative) standardized

differences were pre-selected as candidates.

ABetweenness = R(Betweenness)csp — R(Betweenness)py, (5.4)

Gene expression information was incorporated into the prioritization pipeline by calculating the
differential gene expression between early injury blastema and CSD CT cells using the Wilcox Rank
Summed test in the FindMarkers() function from the Seurat v4 R package [169]. Genes exhibiting a
significant differential expression (Bonferroni corrected p-value < 0.05), an absolute logoFC > than
0.5 and included among the topologically pre-selected candidates were selected for further analysis.
Finally, genes annotated as “Transcription factor” or “Cofactor” in AnimalTFDB v4.0 [243] were

prioritized for further investigation.

Wnt pathway modeling and prediction of Lefl and Tcf712 target genes

We used Convolutional Neural Network for Co-expression (CNNC), available at https://github.
com/xiaoyeye/CNNC [144], with the aims of (1) validating the differential status of the Wnt signaling
network in both injuries and (2) finding TF-specific targets that could explain the different regener-
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Figure 5.4: Pipeline for candidate selection. Genes were independently ranked by betweenness centrality
in the blastema and CSD GRNs. Genes absent in a network received the ranking N + 1, with IV being the
number of genes in the network. The two rankings were compared to find the genes with the largest difference in
relative betweenness between the two GRNs. Top 25% genes for each network were pre-selected as candidates.
This list was pruned to keep only those genes with a significant differential expression (Bonferroni-adjusted
p-value < 0.05) and absolute 1og2FC > 0.5 between blastema and CSD at 3 dpi.

ative potential of both injuries. CNNC predicts gene relationships by leveraging the information
contained in scRNA-seq and the way deep learning discovers intricate patterns in large datasets.
Specifically, deep convolutional neural networks (CNN) excel at processing images and have proved
themselves useful for supervised classification problems [244]. The large number of cells profiled
in scRNA-seq experiments allows to encode gene co-expression as a 2-dimensional co-occurrence
histogram in which the expression levels of genes a and b are summarized together. This data
transformation scheme fully exploits the scRNA-seq information and the ability of CNN to process
spatial information (Fig. 5.5).

CNNC was applied in this project to predict gene regulatory relationships. Because this constitutes a
supervised classification problem, training labels were obtained from Kawaguchi et al., who combined
ATAC-seq and scRNA-seq data of axolotl upper limb CT cells to build a PKN of transcriptional
regulation during axolotl limb regeneration [53]. Briefly, FACS-sorted CT cells of upper limb 5, 9 and
13 dpi blastemas were subjected to chromatin profiling by ATAC-seq. After trimming and alignment
of paired-end ATAC-seq reads to the axolotl genome, narrow peaks were called using macs2 [245]
and annotated to genes using ChlPseeker (v1.22.1) [246, 247]. ATAC-seq promoter (-2,000 to +300
bp from the annotated TSS) and enhancer peaks that were assigned to genes expressed in the axolotl
regenerating limb were scanned for TF motifs using FIMO [248]. Only relevant TFs for axolotl
limb regeneration, selected based on their detection in scRNA-seq [14], were used for analysis. The
JASPAR2022 CORE and UNVALIDATED motifs was used as a reference [113]. The resulting
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Figure 5.5: Summary of CNNC training for the prediction of transcriptional regulation [144].
2-dimensional co-occurrence histograms are generated for each training pair using the expression levels in
scRNA-seq. A binary label for each training pair is obtained from predicted transcriptional regulatory
relationships obtained from the presence of TF motifs in open regulatory regions of ATAC-seq data. These
images together with their labels are used to train a CNN. Once trained, the model can be used to predict
regulatory relationships between new gene pairs.

PKN contained 197 TFs and 19,431 target genes. From this network, TF-target pairs for which
both genes have at least 1 log-normalized counts in more than 5% of cells were selected. Negative
training examples were generated by randomly selecting pairs of non-interacting genes that pass this
expression threshold. A total of 121,098 training cases were used, with a balance between positive

and negative training examples.

2-dimensional co-occurrence histograms for the training pairs were built from the blastema 8 and
11 dpi scRNA-seq data generated in this project following the CNNC pipeline. Briefly, normalized
gene expression values for each gene were uniformly divided into 32 bins. For each pair of genes,
2-dimensional co-occurrence histograms were generated by assigning each cell to an entry in the
matrix and counting the number of samples for each entry. To mitigate the dropout effect, a
pseudocount was added to all entries and the matrix was log-transformed. These matrices were
visualized as a 32 x 32 histogram and used to train a CNN with the following architecture: one 32 x
32 input layer, 10 intermediate layers (convolutional and maxpooling), 1 flatten layer and a final
sigmoid layer. All layers used ReLu as an activation function except the output sigmoid layer. The
network was trained using 200 epochs, minibatches of size 1,024 and 3-fold cross-validation. Once
trained, the model was used for two analyses. Firstly, it was used to predict regulatory relationships
on 32 x 32 2-dimensional histograms of 3 dpi blastema or CSD scRNA-seq calculated for all pairs
of genes involved in the “Wnt signaling pathway” as described in the KEGG Pathway Database
(entry reference map04310) [249, 250], if the genes had at least 1 log-normalized count in at least
5% of blastema or CSD 3 dpi CT cells. Secondly, it was used to predict Lefl and Tcf712 target
genes by generating 2-dimensional histograms of the co-expression between Lef! or Tcf712 and all
other genes with more than 1 log-normalized count in at least 5% of blastema or CSD 3-dpi CT
cells, respectively. In both cases, interactions with a probability > 0.5 were considered positive.

Enrichment of Lef1-specific and Tcf712-specific target genes in blastema and CSD was calculated
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with GSEA on the logasFC between blastema and CSD at 3dpi as implemented in the R package
fgsea v1.29.1 [185].

In silico perturbation of candidate TFs

The effect of TF perturbations on the CT transcriptome was predicted using celloracle (version 0.14),
available at https://morris-lab.github.io/CellOracle.documentation/# [21]. A detailed de-
scription of the GRN inference algorithm implemented by celloracle can be found in Chapter 3.
For this analysis, the integrated blastema and CSD CT data set and an integrated version of the
blastema and CSD CT GRNs inferred with TENET [133] containing 2,785 genes and 6,518 edges
were used as input. After fitting the linear models, robust connections were identified by filtering

Bonferroni-corrected p-values using a significance threshold of 0.05.

An optimized k value of 81 was used to quantify the effect of the perturbations by correlating the
perturbation vector with the gene expression differences between each cell and its 81 k-nearest
neighbors. The perturbation vectors were compared with the blastema and CSD trajectories to
calculate a PS. Their statistical significance was empirically tested by obtaining a null distribution of
the PS calculated with a randomized GRN model. The obtained p-values were Bonferroni-corrected

to account for multiple testing.

5.2 Results

5.2.1 Cellular landscapes of blastema and CSD

We generated a comprehensive atlas of the cell types present in blastema (regenerative) and CSD
(non-regenerative) axolotl limbs at various time-points following injury. For this, we used high-
throughput droplet based scRNA-seq (10xGenomics) of blastema and CSD limbs collected 3, 5, 6,
7, 8, and 11 dpi, along with cells from intact limbs as a physiological control (day 0). Through
computational integration of 48,308 cells and unbiased clustering, we identified 27 molecularly
distinct clusters that were manually aggregated into 8 broad cell types using the expression of known
marker genes (Fig. 5.6a). These cell types included CT (e.g., Colla2*, Lum™, and Prrzl* cells),
endothelium (e.g., Cdh57, Eng*, Lyvel™ cells), epidermis (e.g., Cdhl1™, Krt5*, and Krt17* cells),
immune cells (including macrophages (Adgrel™, Itgal™, Itgam™) and neutrophils (Argl™, Cebpe™,
Csf3r?)), skeletal muscle (e.g., Myl1™, Thni2", and Mybph* cells), erythrocytes (e.g., Alas2* and
Hbg1™ cells), thrombocytes (e.g., Gplba™, Gp5*, Gp9* cells) and Schwann cells (e.g., Lamcl™, and
Mpz" cells) (Fig. 5.6a, b). Both injuries and batches were homogeneously integrated (Fig. 5.6¢, d),
indicating a shared cellular landscape with substantial overlap in composition. Notably, the CT,
epidermis and macrophages emerged as the most distinct cell types between injuries (Fig. 5.6c¢),

suggesting their involvement in the observed regenerative disparity.
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Figure 5.6: Blastema and CSD have a similar cellular landscape. a) UMAP of integrated blastema
and CSD cells colored by cell type. Different shades indicate the molecularly different clusters. b) UMAP of
integrated blastema and CSD cells colored by injury and time-point. c-i) UMAPSs of integrated blastema
and CSD cells colored by cell type scores calculated from the expression of known cell type marker genes. j)
UMAP of integrated blastema and CSD cells colored by batch.
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5.2.2 Blastema and CSD CT progressively diverge with time

Previous studies have determined that pre-existing CT dedifferentiates, proliferates, and guides the
patterning of the regenerating limb [14]. We examined the molecular differences between blastema
and CSD CT by computationally isolating CT cells based on the expression of known marker genes
(Table 5.1). Sub-clustering of CT cells identified 12 molecularly different populations, from which
we focused on blastema cells and CSD interstitial fibroblasts, as they could potentially migrate
and promote bone healing [251]. We refer to these populations as CT cells (Fig. 5.7a). These
clusters were annotated as blastema mesenchyme (e.g., Kazald1® and Hozd10" cells), blastema
cartilage (e.g., Kazald1™ and Runxz2" cells), early injury fibroblasts (e.g., Lrre327 cells), and two
clusters of CSD fibroblasts (e.g., Thazb” and Lats2" cells) (Fig. 5.7d). Notably, blastema and
CSD CT formed a homogeneous cluster at 3 dpi but progressively diverged over time (Fig. 5.7b).
Trajectory inference and pseudotime analysis were independently performed for each injury and
aligned well with real-time information (Fig. 5.7¢). Furthermore, cell cycle analysis, based on the
expression of cell cycle-dependent genes, revealed that blastema cells were predominantly in S or
G2/M phases, with few cells in G1. In contrast, CSD cells transitioned from S to G2/M to G1 phases
as time post-injury increased (Fig. 5.7e). These findings lead us to hypothesize that different GRNs
govern blastema and CSD CT identities and might be responsible for their differential behavior and

regenerative potential.

5.2.3 Topological differences suggest a loss of blastema hubs in the CSD GRN

Bone regeneration is a complex phenomenon that depends on the orchestrated activity of numerous
components that interact with each other. Aiming to find the molecular drivers that could explain
the differences between blastema and CSD CT, we inferred injury-specific GRNs using a method
based on TE [133]. The GRNs for blastema and CSD consisted of 989 and 2,524 genes, respectively,
of which 728 were present in both networks (Fig. 5.8a, b, Table 5.3).

Table 5.3: Network topology analysis.

Metric Blastema GRN CSD GRN Interpretation

Number of nodes 989 2,524 Number of genes in the network.

Number of edges 2,390 4,128 Number of connections in the net-
work.

Average number 4.698 3.214 Indicates the average connectivity of

of neighbors a node.

Network diameter 7 8 Largest distance between two nodes

in the network.

Characteristic 3.816 4.170 Average distance between two nodes
path length in the network.
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Figure 5.7: Blastema and CSD CT become progressively different as time post-injury passes.
a) UMAP of integrated blastema and CSD CT cells colored by cluster. b) UMAP of integrated blastema
and CSD CT cells colored by injury and time-point. ¢) UMAP of integrated blastema and CSD CT cells
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Figure 5.8: The blastema and CSD CT GRNs have different hub genes. a) Integrated visualization
of blastema and CSD CT GRNs. The node size indicates Log2FC between blastema and CSD CT cells
at 3 dpi. The node color indicates the difference in ranked betweenness between the blastema and CSD
GRNs. The edge color indicates whether it is present in the blastema or CSD CT GRN. The edge thickness
represents the TE of each edge. b) Venn diagram of the number of genes in blastema and CSD CT GRNs. c)
Power-law fit of blastema (green) and CSD (magenta) CT GRN out-degree. The p-value corresponds to a
Kolmogdérov-Smirnov goodness-of-fit test. A p-value > 0.05 (n.s.) means that the observed distribution fits the
power-law distribution, while a p-value < 0.05 (*) means that the observed distribution cannot be properly
described by a power-law distribution. d) Zoomed-in visualization of the marked area in panel c. e) Scatter
plot of the relationship between clustering coefficient and node out-degree for the blastema CT GRN. The
asterisk indicates a slope p-value < 0.05. f) Power-law fit of blastema (green) and CSD genes with out-degree
k > 4 (magenta) CT GRN out-degree. The p-value corresponds to a Kolmogérov-Smirnov goodness-of-fit test.
A p-value > 0.05 (n.s.) means that the observed distribution fits the power-law distribution, while a p-value
< 0.05 (*) means that the observed distribution cannot be properly described by a power-law distribution. g)
Scatterplot of the relationship between clustering coefficient and out-degree for nodes with an out-degree > 4
in the CSD CT GRN. The asterisk indicates a slope p-value < 0.05.
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Beyond network size differences, we explored whether the two GRNs had topological differences
that could influence cell behavior. Empirical evidence has shown that the architecture of natural
networks is governed by a few simple laws [252]. Most cellular networks have been described to follow
a scale-free topology in which a few highly connected "hub" nodes coexist with numerous nodes
having relatively few connections. Scale-free networks can be easily identified because their degree
distribution (probability that a chosen node has exactly k edges) follows a power law P (k) ~ k™7,
where 2 < ~ < 3 [253]. Additionally, GRNs have a modular structure in which sparsely connected
genes are members of highly connected modules, communicated between each other by a few hub
TFs. The most characteristic signature of hierarchical networks is the dependence of the clustering
coefficient on the node degree: C (k) ~ k=1 [150]. The blastema out-degree distribution followed
a power-law with degree exponent vpastema = 2-17 (KS p-value = 0.79) and had a clear inverse
relationship between C'(k) and k (Fig. 5.8¢c, d). The CSD out-degree distribution, on the other hand,
could not be properly described by a power-law (ycsp = 3.12 but KS p-value = 3.9¢-9) (Fig. 5.8e),
but it could be approximated by a power-law (ycgp = 2.12 and KS p-value = 0.16) if nodes with
an out-degree < 4 were excluded, while retaining the inverse relationship between the clustering
coefficient and the out-degree (Fig. 5.8f, g). As the scale-free topology necessarily depends on the
presence of hubs, these results suggest a loss of blastema hubs in the CSD GRN.

Centrality analysis identifies key network elements, and several centrality metrics have been created
to quantify the relevance of each gene in a complex network [254]. Genes were ranked by their
betweenness centrality, which quantifies the number of shortest paths between any two nodes that
pass through a third node in the network [255]. Betweenness centrality is higher in essential genes
than in non-essential genes [256] and allows to identify two types of hubs: those with a large degree
and those that act as bridges between modules or regions in the network [254, 257]. Absolute
betweenness centrality should not be directly compared between networks of different size [258], and
therefore we used a ranked approach to compare the betweenness of each gene between the two
networks. Genes with high differences in betweenness centrality and differential expression between
blastema and CSD at the earliest time-point (3 dpi) were of particular interest, as modifying the
activity of regeneration initiators could have the largest effect. Among the 227 genes that passed
the filtering criteria, 21 were TFs (Fig. 5.9a). From these, the Wnt effectors Lefl! and Tcf712 caught
our attention because the network analysis predicted an opposite centrality despite their known
structural and functional similariy [259]: Lef? is a hub in the blastema GRN while Tcf712 is a
hub in CSD GRN. The scRNA-seq shows an injury-specific expression of these TFs, with Lef1
being present only in blastema and 7Tc¢f712 being predominant in CSD (Fig. 5.9b, c). This effect
was validated using qPCR on FACS-purified blastema or CSD CT collected at 11 dpi (Fig. 5.9d).
Collectively, these results suggest that Lef! and Tcf712 play important roles in the blastema and CSD
GRNSs, respectively, and their differential abundance might contribute to the differential regenerative

behavior of both injuries.
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Figure 5.9: Lefl and Tcf7l2 show injury-specific expression. a) Scatterplot of the difference in ranked
betweenness in the blastema and CSD CT GRNs expressed as a z-score and the logoFC between blastema
and CSD CT at 3 dpi. Genes are colored by the filtering thresholds that they passed during the process of
candidate selection. The names of top candidate TFs are indicated. b) UMAP plot of the expression of Lef!
in blastema and CSD CT. ¢) UMAP of the expression of Tcf7l2 in blastema and CSD CT. d) qPCR of Lef!
and Tcf712 in intact CT (0 dpi), blastema CT (11 dpi) and CSD CT (11 dpi). A two-way ANOVA with
Turkey’s multiple comparison tests were used to asses statistical significance (Adjusted p-values: * indicates <
0.05, ** indicates < 0.0001, and ns indicates not significant).
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5.2.4 The Wnt effectors Lefl and Tcf7l2 regulate different gene programs in
blastema and CSD

Left and Tcf712 belong to the TCF/LEF family, which act as nuclear effectors of the canonical Wnt
pathway (Fig. 2.5) [260]. Hypothesizing that Lef! and Tcf7l2 could have differences in functionality
that impact bone regeneration in axolotl, we explored whether Wnt signaling is being differentially
employed and whether this activates different gene expression programs. We focused on the first
time point (3 dpi) because, despite belonging to the early injury CT cluster, blastema and CSD cells
already show some segregation (Fig. 5.7a, b). To predict gene regulation probabilities at this single
time-point we used a deep learning-based methodology [144] trained with 121,098 TF — target gene
pairs from axolotl blastema scRNA-seq and bulk ATAC-seq (accuracy = 0.63, Fl-score = 0.68 and
AUROC = 0.67).

Firstly, we investigated whether the two injuries show differences in the Wnt pathway by predicting
the probability of regulation between genes participating in it. Both injuries showed different
regulation of the Wnt signaling pathway at various levels (Fig. 5.10). Specifically, in terms of
ligand-receptor interactions, blastema showed activation of the WNT5A-ROR2 interaction, known
to trigger the PCP pathway, essential for limb morphogenesis [261]. In CSD, Wnt signaling appeared
to be weaker, due to the higher expression of the Wnt inhibitors sFRPs and DKKs [260]. Regarding
transcriptional regulation, blastema seemed to show a preference for LEF1 whereas CSD exhibited
predominant TCF7L2 activity (Fig. 5.10).

Secondly, we investigated the extent to which Lefl and Tcf7l2 regulate different transcriptional
programs. We used the same methodology to predict potential transcriptional targets of LEF1 in
blastema and TCF7L2 in CSD. Despite a large overlap in their gene sets, we found 102 genes uniquely
associated to LEF1 and 1,245 genes uniquely associated to TCF7L2 (Fig. 5.11a). Furthermore, their
expression was found to be enriched in blastema and CSD at 3dpi, respectively (Fig. 5.11b). By
employing a PKN derived from blastema ATAC-seq, we identified putative direct targets based on
the presence of LEF1 or TCF7L2 binding sites in the gene promoters. Notably, LEF 1-specific targets
included matrix metalloproteases (e.g., Mmp11, Mmp13) and cell cycle regulators (e.g., Aurka,
Cenpf) (Fig. 5.11c-f). In contrast, TF7L2-specific targets encompassed autophagy modulators (e.g.,
Dram2), Hippo-signaling proteins (e.g., Sav1), Wnt inhibitors (e.g., Dkk1) and stimulators of cell
proliferation (e.g., Gas6) (Fig. 5.11g-j). Taken together, these results support the hypothesis that
Wnt signaling might be differentially active and govern different processes in the two injuries, with a
probable downregulation of pro-regenerative behaviors characteristic of blastema CT cells in CSD
fibroblasts.
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Figure 5.10: Differential status of the Wnt signaling pathway in a) blastema and b) CSD CT, based
on network reconstruction using CNNC [144]. Nodes are colored based on the logoFC between blastema and
CSD CT at 3dpi. Node shape indicates whether the differential expression is significant (Bonferroni-adjusted
p-value < 0.05) or not. Edge width indicates the predicted probability of regulation. Edge color indicates the

spearman correlation of gene expression.
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diagram showing the number of shared and unique genes associated with Lef! and Tc¢f7l2. b) Enrichment plot
for the Lefl- and Tef712-specific targets calculated on the log2FC between blastema and CSD at 3 dpi. c-j)
Violin plots showing the changes in gene expression in the two injuries over time for ¢) Mmp11, d) Mmp13,
e) Aurka, f) Cenpf, g) Dram?2, h) Savi, i) Dkk1 and j) Gas6.

5.2.5 In silico Lefl and Tcf712 perturbations predict heterogeneous effects on
the trajectories of CT subpopulations

Our previous findings led us to hypothesize that Lefl and Tcf712 could have antagonistic functions
that promote or hinder regeneration, respectively. GRNs based on linear models can be used to
predict the effect of perturbations (e.g., TF KO or overexpression) on the transcriptome. We used
celloracle [21] to transform a merged version of the blastema and CSD GRNs inferred using TENET
(Fig. 5.8) into a GRN in which gene regulation follows a linear relationship and simulate the effect of
TF KO or overexpression. The impact of perturbing each TF was estimated by a PS, which compares

the perturbation vectors and the 2-dimensional trajectory vectors using their inner product.

Overall, the impact of Tcf7l2 perturbations was more pronounced than that of Lef! (Fig. 5.12. Table
5.4 and Sup. Fig. S5.1). We focused on the effect of early injury fibroblasts and CSD fibroblasts

I, as the perturbations yielded mixed effects on the other clusters. Notably, none of the tested
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perturbations significantly affected early blastema fibroblasts (Fig. 5.12 and Table 5.4). Regarding
early CSD fibroblasts, the Lef! KO appeared to promote the CSD trajectory (summarized PS =
0.99, adj. p-value = 2.3e-12, Fig. 5.12a) while the Tcf712 KO seemed to oppose it (summarized
PS = -1.09, adj. p-value = 7.3e-08, Fig. 5.12c). Interestingly, Lef! and Tcf7l2 perturbations
affected different sub-regions of the cluster: Lefl KO positively impacted the right-most region of
the cluster, while showing no effect on cells near the early fibroblasts (summarized PS = 2.05 with
adjusted p-value = 1.3e-8, Fig. 5.12a). Conversely, the effect of Tcf712 KO was limited to CSD
fibroblasts I closer to the early injury cluster, with minimal impact on the region affected by Lef1
perturbations (summarized PS = -3.65, adj. p-value = 9.3e-19, Fig. 5.12¢). The effect of Lef1 or
Tef712 overexpression was exactly the opposite of its KO, as expected (Fig. 5.12b, d).

Given their apparent antagonism, we wondered whether simultaneously perturbing both TFs would
potentiate the outcome. Interestingly, double perturbations potentiated or cancelled each other,
depending on the UMAP region (Fig. 5.12¢, f). The predicted effect of combining Lef? KO and
Tef712 overexpression closely resembled that of Tcf712 overexpression alone (Fig. 5.12e and Table
5.4). To induce blastema properties and potentially regeneration, the most interesting perturbation
would be to simultaneously overexpress Lefl and KO Tc¢f712 (Fig. 5.12f and Table 5.4). These two
perturbations promoted the retention of the early CSD cell phenotype, while having cancelling effects
on a subset of CSD fibroblasts I. Overall, these results support the hypothesis that Lef! and Tcf712
might have different and occasionally antagonistic roles in early blastema and CSD development,
heterogeneously influencing different subpopulations.

Table 5.4: PS for Lefl and Tcf712 in early injury and CSD fibroblasts I. FB stands for fibroblasts,
KO stands for knockdown, OE stands for overexpression and * indicates adjusted p-value < 0.05.

Perturbation Early CSD FB. Early blastema FB. CSD FB. 1
Left KO PS = 0.99* PS =-0.04 PS = 2.05*
Left OE PS = -0.92* PS=0 PS = -1.92%*
Tef712 KO PS = - 1.09* PS =0.18 PS = -3.65*
Tcf712 OE PS = 1.16* PS =-0.18 PS = 3.81*
Left KO + Tcf712 OE PS = 1.32* PS=0 PS = 3.95*
Left OE + Tef712 KO PS = -1.15* PS=0 PS =-1.71%
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Chapter 5. Inference of the gene regulatory network of axolotl bone regeneration
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Figure 5.12: Effect of Lefl and Tcf7l2 in silico perturbations on the blastema and CSD CT
trajectories. Panels a-f) show a gridded UMAP visualization of integrated blastema and CSD CT cells.
Colors and vectors represent the effect of a) Lefi KO, b) Lefl overexpression, ¢) Tcf712 KO, d) Tef712
overexpression, e) simultaneous Lef! KO and Tcf7l2 overexpression and f) simultaneous Lef! overexpression
and Tcf712 KO. Red colors indicate that the perturbation promotes the differentiation trajectory of the cells,
while blue colors indicate that the perturbation opposes the differentiation trajectory. Vector arrows indicate
the magnitude and direction of the transcriptome changes upon perturbation. For reference, the UMAP
visualization of integrated blastema and CSD CT cells as described in Fig. 5.7a is included.

107



5.3 Discussion

This chapter explored the differences between blastema and CSD CT to understand their differential
regenerative potential. We used a systems biology approach based on whole-transcriptome GRN
inference on a scRNA-seq time series that enabled us to narrow down the scope of potential molecular
regulators with differential functions between both injuries to two TFs: Lefl and Tc¢f7l2. These TFs
belong to the TCF/LEF family of TFs and share a high identity level. Their differential function
was further supported by the identification of genes uniquely associated to Lefl or Tcf712 and by
the simulation of Lef! and Tcf7l2 perturbations on the CT GRN. Overall, these results provide
insights into the molecular dynamics underlying the differential regenerative potential of blastema

and CSD and suggest these two candidate TFs for their experimental perturbation (Fig. 5.13).
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Figure 5.13: Lef1l and Tcf712 play a different and potentially antagonistic role in mediating the
pro- or anti-regenerative response of injuries in the axolotl limb.

Regarding the GRN, we used a data-driven transcriptome-wide approach with no additional infor-
mation due to the complexity of the axolotl genome. The axolotl genome is over ten-times larger
than the human one and has higher levels of duplication [179]. This has caused the appearance
of multiple orthologs for certain human genes and the extension of the regulatory domains, as
axolot] regulatory elements can be as far as 10 Mb from the gene promoter [176]. Due to these
evolutionary differences, the axolotl genome contains axolotl-specific genes that could be innovations
of the salamander lineage or have been lost during tetrapod development and which functional
relevance remains largely unknown [97]. Therefore, we opted for using an unbiased yet potentially
noisy GRN inference approach that can be further filtered by incorporating previous knowledge from
axolotl or other species. In this chapter we focused on the role of TFs as regulators, but our GRN

could also be used to unveil the regulatory role of molecules such as ligands or receptors.

The datasets generated in this project constitute the first scRNA-seq profiling of axolotl CSD.
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Chapter 5. Inference of the gene regulatory network of axolotl bone regeneration

The comparison with the blastema cellular landscape reinforces the known importance of CT and
epidermis for epimorphic limb regeneration [96] and motivates to further investigate the function of
immune cells during axolotl limb regeneration, which is starting to be unveiled [51, 52]. Diving deeper
into CT sub-types revealed that, contrary to blastema, CSD CT does not show molecular signs of
dedifferentiation and might undergo a single round of cell proliferation. Additionally, assuming that
CT cells are not polyploid and that the cell cycle rate would be invariant between injuries, our results
could indicate that blastema and CSD have preferential cell cycle checkpoints, G2/M and G1/S,
respectively. Regarding the selected times for cellular profiling, we focused on 3-11 dpi because this
window corresponds to blastema establishment and CT dedifferentiation [14]. Molecular profiling of
earlier stages (1-2 dpi) is technically unfeasible due to the absence of a visible blastema before 3 dpi
and the abundance of erythrocytes. Understanding how limb CT cells respond within the first 48
hours post-injury remains an open question and could explain the early differential expression of
Lef1 and Tcf712.

Regarding the implication of Wnt signaling during epimorphic regeneration, its importance has
previously been described in several species [102, 103, 262]. Our model could capture the activity
of PCP and canonical Wnt signaling, known to orchestrate developmental limb outgrowth and
regeneration, but has the limitation of only considering mesenchymal gene expression without spatial
constrains. This might be less problematic for PCP signaling, as Wnt5a is the main trigger of
this cascade and is expressed by CT fibroblasts [50]. In the case of canonical Wnt signaling, it is
mostly initiated by Wnt3a expressed by the WE [262]. A more realistic model of Wnt signaling
during axolotl limb regeneration should consider the gene expression duality between epidermal and
mesenchymal cells, as well as their spatial organization, which physically constrains which cells can

respond to extracellular signals.

Our in silico work highlighted Lef1 and Tcf7l2 as potential pro- and anti-regenerative regulators,
respectively. To our knowledge, this constitutes the first evidence of their different and partially
antagonistic role during axolotl limb regeneration. Our hypothesis is supported by previous work
that unveiled their different function in mediating canonical Wnt signaling during Xenopus laevis
limb development, where Lef1 activates and Tcf7l2 represses the expression of Wnt target genes [263].
We provided different pieces of evidence, obtained through different computational methods, that
support this hypothesis. While the gPCR validation could only support the difference in expression
for Lefl, we hypothesize that primers for Tc¢f7]2 might have non-specifically hybridized with other
gene products, due to the large similarity between the TCF/LEF family members or more likely
failed to detect some transcript isoform, as these TFs give rise to a large variety of transcripts
through alternative splicing [259]. Surprisingly, despite being differentially expressed at 3 dpi, the
results of the in-silico perturbations show little effect on the early injury fibroblasts, affecting later
populations to a larger extent, which suggests that Wnt engagement might start at later times
post-injury. In this regard, in vivo KO and overexpression of these TFs using localized CRISPR-Cas9
and baculovirus injections will be necessary to gain a deeper understanding of their role during

axolotl limb regeneration. These perturbations might need to be accompanied by localized Wnt
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injections in CSD to break the wound symmetry and mimic the Wnt gradient present in blastema.
Additionally, the heterogeneous response of CSD fibroblasts to the perturbations suggests that this
cluster contains different populations. Increasing the clustering granularity achieves a separation of
CSD fibroblasts I between those responsive to Tcf712 perturbations (cluster A, in blue) from those
responding to Lefl perturbations (cluster B, in orange) (Fig. 5.14). Further molecular exploration
combined with in silico and in vivo experiments should be performed to properly characterize these

populations and understand the effects of Lefl and Tcf712 during bone regeneration.
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Figure 5.14: Heterogeneity within the CSD fibroblasts I might explain the differential response
to TCF/LEF perturbations. UMAP visualization of integrated blastema and CSD CT cells. Dotted
lines indicate the clusters described in Fig. 5.7a. Shades of grey indicate high-resolution clusters. The CSD
fibroblasts I contain two subsclusters, responsive to Tcf712 (A, blue) or Lef! (B, orange) perturbations.
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6 General discussion

This doctoral thesis aims to understand endogenous regeneration, hypothesizing that physiological
regenerative mechanisms are controlled by latent GRNs that are at least partially conserved between
lower vertebrates and mammals. We used a variety of computational approaches to model the GRNs
controlling myocardial and bone regeneration using multi-omics data, at the bulk and single-cell level.
We set the objectives to (1) model the CM GRN that allows the regeneration of the injured axolotl
heart and identify the transcriptional hubs that orchestrate this process; (2) identify new therapeutic
hubs to activate endogenous regenerative mechanisms in the adult mammalian myocardium, with
a specific focus on (2.1) the regulators that induce mammalian CM polyploidization and (2.2)
regulators that potentially regulate the pro-regenerative gene expression programs induced by Erbb2,
Yap! and Myc; and (3) model the GRN in regenerative and fibrotic axolotl bone injuries and propose
candidate molecular mechanisms to transform the fibrotic response into a regenerative response. In
the presented findings, we identified Hey2 as a roadblock for the injury response initiation in axolotl
CM and as a potential driver of mammalian CM polyploidization. Additionally, we identified two
pro-regenerative gene expression programs and estimated their contribution to the pro-regenerative
footprints downstream of Erbb2, Myc and Yapl. Lastly, we predicted an insufficient GRN rewiring
in axolotl CSD and identify partial antagonism between the TCF/LEF TFs Lef! and Tcf712 that
might partially explain why CSD fails to regenerate. Although these results must be considered
in the context of biological and computational limitations, they represent exciting challenges for

further studies.

From the perspective of computational biology, this work showcases the importance of letting
the type and amount of data drive algorithmic choices, being the number of sampled data points
arguably the most critical determinant. The popularity of scRNA-seq has switched the focus of
algorithmic development towards accelerating computations in large datasets and incorporating
temporal information, whether real or inferred. Additionally, the large-scale single-cell profiling of
perturbation effects provided by Perturb-seq is an exciting avenue for causal GRN modeling [264].
However, this does not render bulk RNA-seq and its methods obsolete, as they can provide higher
detail into the molecular mechanisms that regulate a process. Another important data-driven decision
is whether to limit GRN inference to a network scaffold and, if so, which one to choose. When
single-cell multi-omic data is available, the data-driven ATAC-seq scaffold is the best choice. When
only scRNA-seq data is available, highly-curated literature databases of transcriptional regulation
also provide a useuful network scaffold to aid the inference process. A clear example of this is

shown in Chapter 3, in which we leverage prior information to infer upstream regulators using
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transcriptomic information from just 307 cells. However, the use of a literature-derived scaffold is
only realistic when the organism is well studied. As shown in Chapter 5, information-agnostic and

purely data-driven approaches could be useful when studying non-model organisms.

Regarding algorithms for GRN inference, extensive benchmark work shows that both linear and
non-linear approaches can achieve similar accuracy, and highlight the importance of using a good
network scaffold for accurate inference [131, 265]. Marbach and colleagues suggest to use a "wisdom
of crowds" approximation in which the results provided by different algorithms are integrated.
While this approach might render more accurate results, it implies longer run times, increased
computational complexity and raises the problem of how should the different inference results be
integrated [265]. Even when such an approach is followed, the resulting GRNs should be interpreted
with caution. Smaller, higher-quality models might be able to represent molecular mechanisms to a
certain degree, but they are overly simplistic cellular representations. Whole-transcriptome GRNs
represent better the whole picture, but they should only be used to analyze broad network properties,
as there is an inverse relationship between the network size and the detail with which individual
edges are modeled. The accuracy limitations of current GRN inference algorithms need coordinated
algorithmic and biotechnological developments. Most importantly, efforts into developing multi-omic
profiling in single cells are imperative. Particularly, simultaneous transcriptome and proteome
profiling in single-cells might significantly increase GRN accuracy, as they would allow to use TF
protein abundance as a proxy of its activity. Lastly, computational developments to integrate the
different molecular layers determining cell identity are required. Particularly, autoencoders and their
variations provide a useful framework to solve this problem and are expected to provide exciting
insights in the future [24, 266].

In spite of the relevance of the findings, this work has three main limitations. Firstly, all projects
were centered on a single cell type. Supporting this decision is the fact that the lost tissue cannot be
regenerated without proliferation of its main cell type. However, the heart and the limb are composed
by a myriad of cell types that influence each other. Taking the heart as an example, Liu and colleages
demonstrated that secretion of Reln by lymphatic endothelial cells affects CM proliferation and
survival, and that local Reln administration using collagen pathches amelliorates heart function
after MI [267]. In the case of the limb, signals from the epidermis and nerves are essential for CT
dedifferentiation, and their absence completely abrogates regeneration [13]. Therefore, it is crucial
to understand how the spatial milieu affects cell proliferation and whether it can be therapeutically
targeted to promote functional recovery, and computational approaches that link ligand-receptor
networks to GRNs must be developed to faithfully answer these questions. An additional challenge
is understanding how stimuli arising from biomechanical forces influence cell dedifferentation and
proliferation, specially in the context of the beating heart. Secondly, the results presented here only
focus on transcriptional regulation and reduce cell phenotypes to their transcriptomic profile. Despite
the transcriptome being arguably the main contributor to the cell identity, several other molecular
layers (e.g., alternative splicing, post-translational modifications) are crucial in determining the

cellular phenotype. Lastly, our results only provide computationally-generated hypotheses that
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Chapter 6. General discussion

must be thoroughly experimentally validated before a potential therapeutic translation. We must
understand the molecular mechanisms controlled by the new regenerative candidates here identified

and we must analyze the effect caused by their administration, both short and long-term.
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7

Conclusions

. The axolotl ventricular CM GRN contains a modular structure made up by communities with

different functionalities.

. Hey?2 inactivation is critical for the initiation of axolotl ventricular CM injury response and its

overexpression in vivo blunts the proliferative capacity of axolotl border zone CM at 7 dpi.

The adult WM MNDCM population has a more immature transcriptional footprint than their

binucleated counterparts.

. Hey?2 expression in adult mammalian ventricular CMs is anti-correlated with the abundance

of mononucleated CMs in vivo and might repress the expression of MNDCM marker genes.

caFrbb2 and Myc overexpression mainly induce a shared transcriptional footprint related with

cell proliferation, while Yapdsa overexpression mainly activates CM dedifferentiation.

The integration of previous knowledge with CM scRNA-seq data identifies a set of TFs that
constitute the core of the mouse CM GRN. This network has two possible attractors that
promote a CM maturation gene expression program. These attractors are robust and only a

few perturbations can potentially transform them to induce cell proliferation.

The CSD CT GRN lacks a hierarchical topology characteristic of real transcriptional networks

due to the loss of hub TFs present in the blastema network.

Lefl and Tcf712 show injury-specific expression and behavior: Lef1 is associated with pro-
regenerative gene expression characteristic of blastema, while Tcf7l2 fails to trigger this

regenerative response in CSD CT fibroblasts.
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8

Conclusiones

La red de regulacién génica de los cardiomiocitos ventriculares del ajolote presenta una

estructura modular compuesta por comunidades con diferente funcionalidad.

La inactivaciéon de Hey2 es esencial para la iniciacién de la respuesta a herida que montan
los cardiomiocitos ventriculares de ajolote. La sobre-expresién de Hey2 in vivo obstaculiza la

capacidad de proliferacién de los cardimiocitos observada 7 dias tras la criolesion.

Los cardiomiocitos mononucleados diploides del miocardio de trabajo adulto presentan una

huella transcripcional méas inmadura que la de los cardiomiocitos binucleados.

La expresion de Hey?2 en cardiomiocitos ventriculares de ratones adultos estd negativamente
correlacionada con la abundancia de cardiomiocitos mononucleados observada in vivo, y puede

reprimir la expresién de genes marcadores de los cardiomiocitos mononucleados diploides.

La sobre-expresion de caFrbb2 y Myc comparten una huella transcripcional relacionada con
proliferacién celular, mientras que la sobre-expresiéon de Yapdsa principalmente activa la

desdiferenciacion del cardiomiocito.

La integracién de conocimiento previo con datos de scRNA-seq identifican un grupo de factores
de transcripcién que constituyen el ntcleo de la red de regulacién génica de los cardiomiocitos
murinos. Esta red presenta dos posibles atractores que regulan un programa de expresion
génico relacionada con la maduracion del cardiomiocito. Estos atractores son robustos y
solo unas pocas perturbaciones son capaces de potencialmente transformarlos en atractores

relacionados con proliferacion celular.

La red de regulacion génica del tejido conectivo de CSD carece de la topologia jerarquica que
caracteriza a las redes transcripcionales reales debido a la pérdida de factores de transcripcién

centrales presentes en la red de regulacién génica de blastema.

Lefl y Tcf7l12 muestran una expresion y funcién especificas de lesion: Lefl se asocia con
expresién génica pro-regenerativa caracteristica de blastema, mientras que Tcf7l2 no es capaz

de iniciar esta respuesta regenerativa en el tejido conectivo de CSD.
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Supplementary Material
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Figure S3.1: Effect of Hey2 in silico perturbations on the ventricular CM injury trajectory using
a randomized version of the GRN. a) UMAP visualization of the ventricular CM populations involved
in the injury trajectory. Cells are colored by cluster. b-c) Gridded UMAP visualization of the ventricular
CM involved in the injury trajectory. Colors represent the effect of b) Hey2 KO and ¢) Hey2 overexpression
calculated on a randomized version of the ventricular CM GRN. Red colors indicate that the perturbation
promotes the differentiation trajectory of the cells, while blue colors indicate that the perturbation opposes
the differentiation trajectory. White colors indicate that the perturbation had no effect.
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Figure S4.1: Quality control of SLAM-seq in transduced CM. a) Dotplot of the percentage of
uniquely mapped read for each sample. b) Dotplot of the percentage of unmapped reads due to a high number
of mismatches per sample. ¢) Dotplot of the mismatch rate per nucleotide per sample. d-h) Distribution of
mismatches along the read length for d) samples without s4U, e) samples transduced with AAV9-Gfp and
treated with s4U, f) samples transduced with AAV9-Yapssa and treated with s4U, g) samples transduced
with AAV9-Myc and treated with s4U, h) samples transduced with AAV9-caFErbb2 and treated with s4U.
In all cases, the transduction lasted 44h and the s4U treatment lasted 4h. Red lines indicate mismatches
introduced by SLAM-seq (A-to-G and T-to-C) while grey lines represent the other 10 possible mismatches. i)
Dotplot of the percentage of newly transcribed mRNA in each sample, as estimated by GRAND-SLAM [215]
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Figure S4.2: GoM models fit using RNA-seq data. a) Heatmap of scaled gene expression. Genes are
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and samples are grouped based on their experimental condition. b) Barplot of the degree of membership of
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Figure S5.1: Effect of randomized Lef1 and Tcf7l2 in silico perturbations on the blastema
and CSD CT trajectories using a randomized version of the GRN. Panels a-f) show a gridded
UMAP visualization of integrated blastema and CSD CT cells. Colors and vectors represent the effect of a)
Lef1 KO, b) Lef1 overexpression, c¢) Tcf712 KO, d) Tcf7l2 overexpression, e) simultaneous Lef! KO and
Tcf712 overexpression and f) simultaneous Lef! overexpression and Tcf712 KO. Perturbation simulations were
calculated on a randomized version of the CT GRN. Red colors indicate that the perturbation promotes the
differentiation trajectory of the cells, while blue colors indicate that the perturbation opposes the differentiation
trajectory. White colors indicate that the perturbation had no effect. For reference, the UMAP visualization
of integrated blastema and CSD CT cells as described in Fig. 5.7a is included.
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Table S4.1: Communities in the CM GRN with a significant biological function. Only communities
with at least one statistically significant association (FDR-adjusted p-value < 0.05) are included. Hub genes
were identified based on their out-degree.

Community Biological function

Top hubs (out-degree)

2 Vasculature development Ctnnbl, Etsl, Rela
3 Heart atria and valve development Tbxs, Nr2f2, Ankrdl
4 Response to endogenous stimulus Ar, Jun, Egri

5 Tube morphogenesis Sox9, Teadl, Srf

6 Mitochondrial protein translation Atf4, Tef3, Kat7

7 Ton homeostasis Mtf1, Nr0b2

8 Protein translation Myc, Nfate3, Rfri

9 Receptor tyrosine kinase (RTK) signaling Runzxl, Foxo3, Arid5b
10 Lipid homeostasis Pparg, Smad3, Rarb
11 Cytokine production and response Statl, Irf, Stat2

12 Immune response Sp1, Cebpb, EIf1

13 Carbohydrate metabolism Hifla, Ppara, Arnt
14 Detoxification Nfe2l2, Tfap2, Kmt2a
15 Morphogenesis Glil, Hes1, Gli8

16 Retinoic acid (RA) signaling Thra, Rara

18 Cardiac chamber development Rbpj, Fwsrl, Smady
20 Response to hormones Nr&cl, Ybxl, Ybx3
21 Lipid metabolism Mef2a, Srebfl, Cebpg
22 Cell cycle E2f1, Foxml, Tfdp1
27 Hemostasis Sp3, Kif2, Pura

32 Muscle differentiation and sarcomere maturation Mef2c, Mecp2, 1d2
33 Tissue morphogenesis Pbx1

34 Heart development and carbohydrate metabolism — Sp1, Nfatc2, Zbtb7a
35 Heart tuve patterning Nkx2-5, Pitx2

36 Ubiquinone metabolism Yyl, Prdm2
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Table S4.2: TF in the core CM maturation GRN.

TF

Function and relationship with CM biology

Ankrd1

Repressive transcriptional cofactor with a dynamic nucleo-sarcomeric localiza-
tion involved in titin-based mechanotransduction and regulation of myocardial
adaptation and remodeling [268, 269]. It has been associated with multiple
cardiomyopathies [270, 271] and has been shown to induce apoptosis through
P53 activation [272]. In a cryoinjury context, Ankrdl expression becomes
elevated in the border zone CM [273].

Atff

Participates in CM maturation by promoting the switch towards an oxidative
metabolism and its expression is induced upon loss of Hifla [274, 275]. It
increases fatty acid oxidation and regulates the mitochondrial response to stress
[229, 276].

Cebpd

bZIP TF involved in the transcriptional regulation of immune and inflammatory
responses [277]. It has been shown to activate the fibrotic mediator Ctgf in
CM [278].

Dnmt3a

De novo DNA methyltransferase that regulates CM gene expression through
methylation [279]. It is critical for correct heart contraction and conduction
during development [280]. Its expression increases upon pathological stress

[281] and decreases in the injured neonatal mouse heart [282].

FEgrl

Regulator of inflammation, apoptosis, autophagy, angiogenesis, and cardiac
remodeling [283, 284]. I/R generation of ROS-induced oxidative stress induces
CM apoptosis through the ROS/JNK/EGRI1 signaling pathway [285]. Egri
can regulate CM contractility through repression of Mef2a [286].

Fts1

Regulates cardiac cell fate determination and is crucial for endocardial devel-
opment, repressing the CM identity [287]. It becomes activated as a result
of the crosstalk between cardiac progenitors and endodermal cells [288]. It
competes with Nkz2-5 to guide Gata4 to endocardial-specific promoters instead
of CM-specific promoters during heart development [289]. Loss of Ets! is the

cause of congenital heart defects [290].

Fos

Leucine zipper TF that forms the AP-1 TF complex after dimerization with JUN
proteins. It has been found to be necessary for CM progenitor differentiation
[291] and CM maturation [292]. It activates metalloproteases involved in cardiac
remodeling [293] and its expression is increased upon intermittent hypoxia
[294]. Fos is an early gene that becomes activated in cardiac hypertrophy [295],
and activation of AP-1 is necessary for the induction of the pathological/fetal

gene program [296].
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Continuation of Table S4.2

TF Function and relationship with CM biology

Foxm1 Expressed by CM during developmental stages and is essential for CM prolif-
eration and myocardial growth [297-299]. While embryonic Form1 deletion
is lethal due to heart malformations, ventricular hypoplasia and reduced CM
proliferation [297, 298], postnatal deletion of FoxmI causes cardiac hyper-
trophy and fibrosis in aged mice [300]. In zebrafish border-zone CM, Foxm1
has an increased expression, regulates cell cycle genes and is required for CM

proliferation [301].

Gli2 C2H2-type zinc finger protein that mediates hedgehog signaling [302]. Shh
functions through Gli2 to specify mesodermal cells into the CM lineage by

inducing the expression of Mef2c, Nkx2-5, and Tbz5 in cardiac progenitors
[303, 304].

Hifla bHLH TF considered to be the master transcriptional regulator of the response
to hypoxia [305]. Under normoxic conditions, HIF1A protein is degraded via
VHL-mediated ubiquitination. During hypoxia, HIF1A degradation is pre-
vented, and the protein accumulates [305]. During heart development, Hifla
plays an important role in trabeculation, septation, and metabolic compart-
mentalization of the embryonic heart, promoting glycolytic and mitochondrial
programs in the compact and trabecular myocardium, respectively [305, 306].
During regeneration, functional Hifla is required for CM dedifferentiation and

proliferation in the hypoxic zebrafish border-zone [305].

1d3 bHLH TF that lacks the DNA binding region and acts as a transcriptional
repressor through heterodimerization with other of bHLH TF [307]. It is
involved in myogenesis by preventing CM differentiation and promoting CM
proliferation through sequestration of Gataj [307]. It is a downstream effector
of Bmpr2 signaling in cardiac mesoderm progenitors, in which regulates CM
differentiation [308].

Irf7 Regulates type I interferon response and is induced upon cardiovascular stress
[309]. It is expressed by endothelial cells and might regulate the immune
response after AMI [310]. Epicardial Wt! expression activates Irf7 to decrease
epicardium Czcl10 and Cel5 levels and promote CM proliferation [311]. Irf7 is
also involved in the regulation of CM hypertrophy, especially in stress conditions

such as fibrosis and pressure overload [312, 313].
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Continuation of Table S4.2

TF

Function and relationship with CM biology

Junb

Member of the JUN protein family that constitutes the AP-1 TF complex
together with FOS TFs [314]. Together with Fosl1, promotes the expression
of the cell cycle regulator Ccnt!l during zebrafish heart regeneration [235].
Additionally, regenerative zebrafish CM change their chromatin accessibility
landscape to activate AP-1 binding sites, a process necessary for CM prolifera-
tion and protrusion into the injury area. Junb and Fosll are key mediators
of this process [235]. In mammals, I/R and chronic S-AR activation induce
Junb expression, followed by replacement with Jund [315, 316]. Junb plays a
key role in regulating CM hypertrophy, sarcomeric stability and function, and

preventing apoptosis [317-319).

Kify

Zinc-finger TF that, together with Oct4, Sox2 and Myc, constitutes the
Yamanaka TF cocktail for cell reprogramming [320]. Overexpression of these
four TF cause CM dedifferentiation and permit adult mouse heart regeneration
[321]. KIf} expression alone induces CM dedifferentiation and proliferation
[322]. KIf is also a mediator of the anti-hypertrophic transcriptional response

and its expression is induced by hypertrophic stimuli [323, 324].

Maf

Leucine zipper TF that regulates eye development [325].

Meox1

Homeobox mesodermal TF involved in somitogenesis and development of the
sclerotome. It expressed by muscle cell progenitors [326] and is a central

regulator of fibroblast activation upon heart injury [327, 328].

Myc

bHLH TF that acts as a master regulator of cell growth and proliferation
[329]. Myc can functionally replace Mycn, the main Myc isoform in CM [85].
The total Myc and Mycn levels guide a CM competition mechanism during
development and adulthood [85, 330]. Myc is not normally expressed in the
adult heart, but is induced upon hypertrophic stimuli [331]. Overexpression of

Myc and Centl leads to regeneration in the adult mouse heart [86, 87].

Mycn

Essential cell-autonomous factor for CM proliferation and heart development
[332]. While Mycn is exclusively responsible for developmental CM proliferation,
its function can be recovered by Myc by elimination of Mycn-deficient cells
through cell competition [85]. Mycn mutations are associated with congenital
heart defects [333]. In the context of heart regeneration, Mycn has been found
to participate in the conserved HH-GLI1-MYCN signaling network [234].
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TF Function and relationship with CM biology

Nkx2-5 Homeobox TF essential for heart development and CM lineage commitment
and differentiation [334, 335]. Mutations in Nkz2-5 cause congenital heart
defects [336]. Zebrafish with a loss of Nkz2-5 have impaired regeneration [337].

Npm1 Cytoprotective agent against nucleolar stress, an early event associated with

cardiac stress [338].

Nr2f2 Orphan receptor critical for heart development [300, 339]. Nr2f2 promotes
atrial chamber differentiation and maintenance and mutations in Nr2f2 are
associated with human defects in atrioventricular septation [340]. Elevated
Nr2f2 levels lead to dilated cardiomyopathy, reduced mitochondrial function

and increased levels of reactive oxygen species [341].

Ppargcla Transcriptional regulator of cellular energetics that induces mitochondrial
biogenesis([342]. It mediates the metabolic switch from fatty acid oxidation to

glucose oxidation seen in cardiac hypertrophy and HFrEF [343].

Rarb RA plays a crucial role during heart development by establishing anteroposterior
polarity, inflow and outflow tract progenitors, and inducing growth of the
ventricular compact wall [344]. RA also has been found to be protective against
MI [345]

Stat3 TF activated by several cytokines and growth factors. It generally plays
a protective role in CMs, activating antioxidative and antiapoptotic gene
programs while suppressing antiinflammatory and antifibrotic responses [346,
347]. Additionally, it is a key modulator of the cardiac microenvironment and

the communication between the CM and endothelial cells [348]

Thzd Key regulator of heart development and CM lineage commitment [349]. Tbhz5
is involved in formation of the septum and specifying and maintaining atrial
identity [350]. During development, it is expressed throughout the myocardium
and septum, regressing towards the atria in adulthood, and has also been
implicated in the development of the conduction system [351]. Loss of func-
tion of Tbx5 has been associated with Holt-Oram syndrome, causing heart

abnormalities and atrial fibrillation problems [352].

Tfdp1 Heterodimerizes with E2F proteins to enhance their DNA binding activity.
Promotes G1-to-S transition [353].
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TF

Function and relationship with CM biology

Thra

Nuclear receptor for thyroid hormone. It regulates the proliferative potential
of CMs [354], causing cell cycle arrest and polyploidization [202]. It has been
involved as a regulator of cardiac hypertrophy [355, 356] and as a regulator of
CM metabolic maturation [357].

witi1

C2H2-type zinc-finger TF involved in embryogenesis and required for normal
heart development [358]. Wt is involved in the development of the epicardium
and promotes epicardial-like properties when overexpressed in CM [359]. Wt1
represses the epicardial expression of chemokines Cxcll10 and Ccl5 and might

therefore be relevant to positively respond to injury [311]

Ybx3

TF able to regulate the expression of amino acid transporters [224]. While it has
not been widely studied in the heart, it is expressed at detectable levels [360].
Ybx1, from the same family of TFs, is a known regulator of CM hypertrophy
that becomes upregulated upon stress [361, 362].

Table S5.1: Primer sequences used for qPCR detection of Lefl and Tcf712 in axolotl CT.

Gene Forward primer Reverse primer

Left1 CGCTCTCAGTCGACAACTCC TGTTCCTTCCTCTGGGTCGTG
Tcf712 TTAGAGGAAGCCGCCAAGAG ATGACTACCCGGACTGCAACA
Rp4 TGAAGAACTTGAGGGTCATGG CTTGGCGTCTGCAGATTTTTT
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