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Abstract

In haematopoiesis research, the description of the molecular states involved in differentia-
tion from tip stem cells to unipotent progenitors is an ongoing effort that incorporates newly
available technologies.

In particular, the application of single-cell sequencing technologies enables the dissec-
tion of transcriptional, epigenetic and immunophenotypic heterogeneity of stem and pro-
genitor cells. As importantly, in-vivo fate mapping allows to trace the progeny of stem cells
and their progeny and infer dynamical properties of the haematopoietic system.

However, a unified view of haematopoietic states that incorporates molecular hetero-
geneity in the context of differentiation relationships between subsets is still lacking.

In this thesis, I integrate information frommultiple assays to obtain a high-resolution de-
scription of haematopoietic heterogeneity and link it to differentiation insights from lineage
tracing evidence using statistical testing. The results presented here support a hierarchical
model of the haematopoietic system, in which tip stem cells undergo an ordered sequence
of regulatory events involving exit from a primitive state, proliferative activation, followed
by intermediate lineage restriction steps that result in uni-potent progenitors.

In Chapter 2, fatemapping and index-sorted scRNA-seq data are combined to investigate
how transcriptional and immuno-phenotypical heterogeneity affect the direct differentiation
pathway between LT-HSCs and MkPs.

In the following chapters, amulti-omic dataset featuring paired scRNA-seq and scATAC-
seq layers is analysed to investigate the mappability between the two and unveil modality-
specific states related to proliferation, extrinsic signalling, and three-dimensional chromatin
re-modelling.

Next, I utilise probabilistic trajectory inference and validate it using transcriptional map-
ping to lineage tracing datasets. The output of this procedure is used to inform a lineage
potential model that enables statistical testing of fate association and thus the degree of hi-
erarchy in lineage choices. Unbiased grouping of mature cell fates results in a branching
model that features early lineage split within the stem cell compartment into intermediate
oligo-potent progenitors before further specification into uni-potent progenitors.

To gain a molecular understanding of the detected branching events, I make systematic

vii



viii Abstract

use of differential expression and differential accessibility analysis to investigate the over-
all mechanisms that govern commitment at both transcriptional and chromatin level, thus
use mathematical modelling to detect the hierarchical order of regulatory events. Finally, I
utilise a recently developed gene regulatory network inference algorithm to reveal a highly
dynamical regulatory landscape that links haematopoietic specification to key transcription
factors.

In summary, the work presented in this thesis makes use of bioinformatic analysis, math-
ematical modelling and lineage tracing to obtain a robust description of the cellular states
that comprise the haematopoietic system and their relation to differentiation potential and
proposes a computational framework that can be used to enable the quantitative description
of differentiation systems starting from single-cell sequencing data.



Zusammenfassung

Das hämatopoetische System erneuert kontinuierlich eine große Vielfalt von Zelltypen,
die für den Sauerstofftransport, die Immunabwehr und die Aufrechterhaltung der Integrität
der Blutgefäße zuständig sind. Das Verständnis der molekularen Zustände und Übergänge,
während der Differenzierung von hämatopoetischen Stammzellen zu unipotenten Progeni-
toren, ist eine fortlaufende Anstrengung, die erheblich von neuen Technologien profitiert.
Insbesondere ermöglicht die Anwendung von Einzelzell-Sequenzierungstechnologien die
Analyse der transkriptionellen, epigenetischen und immunphänotypischen Variationen in-
nerhalb von Stamm- und Vorläuferzellen. Im Gegensatz dazu ermöglicht es das in vivo
“fate mapping”, die Nachkommenschaft von Stammzellen zu verfolgen und die dynamis-
chen Eigenschaften des hämatopoetischen Systems abzuleiten. Jedoch fehlt noch eine ein-
heitliche Sicht auf die hämatopoetischen Zustände, welche die vielfältigen molekularen
Zustände mit den Differenzierungsbeziehungen zwischen den Stamm- und Vorläuferzell-
subsets integriert.

In dieser Dissertation integriere ich Informationen aus mehreren Assays Experimenten,
um eine hochauflösende Beschreibung der zellulären Heterogenität im hämatopoetischen
System zu erhalten. Die Ergebnisse diskutiere ich im Kontext von Erkenntnissen aus lin-
eage tracing Studien. Diese Analyse unterstützt ein mehrschichtiges hierarchisches Modell
des hämatopoetischen Systems: Spitzenstammzellen durchlaufen eine geordnete Abfolge
von regulatorischen Prozessen, die den Austritt aus einem primitiven Zustand und die pro-
liferative Aktivierung beinhalten. Es folgen schrittweise Einschränkungen der möglichen
Zelltypspezifikationen, die schließlich zur vollständigen Festlegung des Zelltyps führen.

Zunächst werden Schicksalsmapping und scRNA-Seq-Daten von indexsortierten Stamm-
undVorläuferzellen kombiniert, um zu untersuchen, wie transkriptionelle und immunphäno-
typischeHeterogenität den direktenDifferenzierungsweg zuMegakaryozytenvorläufern bee-
influssen. Diese Analyse deckt zwei unabhängige Wege der Thrombopoese auf und kartiert
diese auf molekularer Ebene.

In den folgenden Kapiteln wird ein Datensatz analysiert, der für jede Zelle, sowohl deren
mRNA-Profil (scRNA-seq), als auch Informationen zur Chromatinzugänglichkeit (scATAC-
seq) enthält. Mit diesem Multi-Omics-Datensatz wird die Abbildbarkeit zwischen den bei-
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den Ebenen untersucht und modalitätsspezifische Zustände im Zusammenhang mit Prolifer-
ation, extrinsischer Signalgebung und dreidimensionaler Chromatin-Umgestaltung werden
aufgedeckt.

Anschließend, nutze ich eine Methode zur probabilistischen Inferenz von Trajektorien
und validiere diesemit Transkriptom-Daten aus Tracing-Experimenten. Das Ergebnis dieses
Verfahrens dient zur Konstruktion eines Modells, das es ermöglicht, die Assoziation ver-
schiedener Differenzierungswege statistisch zu quantifizieren.

Eine unvoreingenommene Gruppierung von unipotenten Entwicklungsstadien führt zu
einem nicht baumartig verzweigten Modell, das eine frühe Aufspaltung innerhalb des Stam-
mzellkompartiments in intermediäre oligopotente Progenitoren zeigt, bevor eine weitere
Spezifikation zu unipotenten Progenitoren erfolgt.

Um ein molekulares Verständnis der Verzweigungsvorgänge zu gewinnen, verwende ich
systematisch Differential Expression (DE) und Differential Accessibility (DA) Analysen,
um die Mechanismen zu identifizieren, die die Genregulation während der Spezifizierung
beeinflussen. Zuletzt verwende ich einen neu entwickelten Algorithmus zur Analyse von
Genregulationsnetzwerken. Dieser zeigt eine sehr dynamische regulatorische Landschaft
auf, in der die anfängliche Zusammenarbeit spezifischer Transkriptionsfaktoren zur Dif-
ferenzierung übergeht und durch gegenseitige Hemmung Unipotenz erreicht wird.

Zusammenfassend nutzt die in dieser Arbeit vorgestellte Forschung bioinformatische
Analysen, mathematische Modellierung und Lineage-Tracing, um eine robuste Beschrei-
bung der Zellzustände im hämatopoetischen System und ihrer Beziehung zum Differen-
zierungspotenzial zu erlangen. Zudemwird ein Rechenmodell vorgeschlagen, das zur quan-
titativen Beschreibung von Differenzierungssystemen ab Einzelzell-Sequenzierungsdaten
verwendet werden kann.
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Chapter 1

Introduction

Haematopoiesis is one of the most important processes that sustains life in complex or-
ganisms. It allows the continuous replenishment of a remarkable variety of cell types that
perform crucial functions in the body, ranging from oxygen transport to wound healing and
defence against pathogens. An impressively large number of cells are involved in the ex-
ecution of these functions, estimated to be around 1013 for humans and 1010 for mice [1].
These disparate cell types, which include erythrocytes, granulocytes, platelets, and lym-
phocytes, are not static but require constant replenishment. Humans produce 1014 cells per
year, whereas mice produce 1011. This massive flow of newly specialised cells is ultimately
maintained by a comparatively rare population of stem and progenitor haematopoietic cells
through intermediate steps of amplification and differentiation.

The discoveries that led to the current understanding of haematopoietic stem cells (HSCs)
retain a strong footprint on the current research questions in the field. The notion of a unique
stem cell type that could differentiate into any mature blood lineage [2] started as a con-
troversial hypothesis. Long after the initial formulation, foundational work from Till and
McCulloch [3] demonstrated that bonemarrow contains haematopoietic clones that could di-
vide and give rise to mixed myeloerythroid progeny. This remarkable finding was achieved
by administering lethal irradiation to mice and then transplanting cells marked by a distinct
chromosomal aberration induced using radiation. In the following years, clinical bone mar-
row transplantation became widespread and, although HSCs were thought to be present in
bone marrow, they could not yet be isolated.

A fundamental change ensued when it became possible to isolate cells based on the
expression of surface markers [4]. After a series of experiments proposing several com-
binations of surface markers for different progenitors, a hierarchy of different progenitors
emerged [5]. LT-HSCs represent the apex population, capable of self-renewing and reconsti-
tuting the entire haematopoietic system in lethally irradiated hosts. Downstream of LT-HSCs
(Lin-Kit+Sca1+CD48-CD150+), equallymultipotent progenitors with lower self-renewal and
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reconstitution capabilities (ST-HSCs and MPPs) generate lineage-restricted subsets (CMPs
and CLPs) with myeloerythroid and lymphoid potential. From these oligopotent progen-
itors, another step of lineage restriction yields unipotent specialised progenitors. Succes-
sive refinement of the gating strategy allowed the isolation of LMPPs, a subset of MPPs
whose output is mostly lymphoid [6], and more primitive LT-HSCs that express the EPCR
marker [7]. As the definition of populations became more refined and experimental tech-
niques evolved, it became possible to transplant single HSCs and confirm their ability to
replenish the entire haematopoietic system [8].
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1.1 Lineage Tracing

While these studies allowed the discovery of the fundamental properties of haematopoiesis,
they are mainly based on in vitro assays and transplantation in highly disrupted animals. As
such, they are more likely to indicate what HSCs and downstream progenitors can do, rather
than the function they actually perform under physiological conditions. For this reason, a
more recent wave of research has focused on investigating how HSCs and progenitor cells
behave in vivo. A paramount development that enabled lineage tracing was the development
of Cre-inducible systems, in which Cre recombinase expression is driven by a specific cell-
type marker, causing the excision of a stop cassette that permanently turns on the expression
of a reporter gene [9]. This technique allows to measure the temporal interval between label
induction in HSCs and the detection of labelled progeny in downstream compartments. This
line of research revealed that, contrary to transplantation settings, tip HSCs rarely differen-
tiate into ST-HSCs, and that the bulk of haematopoiesis is dependent on less self-renewing
MPPs [10], as exemplified by the absence of phenotype in mice whose HSCs are selectively
ablated [11]. Moreover, different mature lineages receive label at different times: platelets
receive labels first, followed by granulocytes and erythrocytes, while labelled lymphocytes
are not detected until much later [12]. Population-level lineage tracing was shortly followed
by a more refined class of lineage tracing systems, in which random unique barcodes were
induced in single cells, thus allowing investigation of the clonal aspects of haematopoiesis,
highlighting how multiple clones contribute to haematopoiesis at different times [13]. In
a transposon-based system, barcodes whose detection was restricted to the Megakaryocyte
lineage introduced the hypothesis of a platelet-restricted subset of HSCs [14].



4 Single-cell RNA-seq

1.2 Single-cell RNA-seq

While informative on the lineage output of haematopoietic stem and progenitor cells (HSPCs),
lineage tracing alone cannot offer molecular insight into the different clonal behaviours ob-
served solely based on the handful of surface markers used to sort cells. An in-depth snap-
shot ofmolecular heterogeneity in haematopoiesis can be accessed throughRNA-sequencing
technologies, that allow to collect mRNA from a selected population and, more recently,
from single cells (scRNA-seq). A typical scRNA-seq is performed on hundreds to millions
of cells, for which the transcript count for the 48000 genes comprising the mouse genome
is available. Such large amount of data requires careful computation to extract meaningful
biological insights [15]. A fundamental step in a scRNA-seq sequencing pipeline is dimen-
sionality reduction: how can thousands of cells and genes be summarised and visualised?
Typically, the first linear step consists of detecting the main axis of variation using Principal
Component Analysis (PCA), and 20 to 50 components are used to build a k-neighbors graph,
in which the k closest neighbours are linked in a network structure. Subsequently, based on
the objective of the analysis, cells can be divided into similarity clusters, further reduced or
visualised in 2 dimensions using non-linear visualisation techniques, such as t-SNE, UMAP,
or more specialised methods such as PHATE [16].

However, drawing conclusions about the dataset solely based on 2-dimensional visuali-
sations leads to erroneous interpretations [17], and quantification of the metric of interest in
higher dimensions is recommended. In this regard, it is usually helpful to resort to non-linear
dimensionality reduction methods that better capture nuanced features of the transcriptional
landscape. Diffusion maps [18] model the transcriptional landscape as a stochastic diffu-
sion process and are particularly indicated in datasets comprised of a continuum of states
such as haematopoiesis. Particularly relevant in haematopoiesis research are methods that
attempt to leverage proximity relations in transcriptional landscapes to infer differentiation
trajectories. The field of trajectory inference bloomed in the last decade and is built on
the assumption that, as cells differentiate, they occupy all intermediate states between the
progenitor and final state in monotonic order. Therefore, cells can be ordered based on the
transcriptional distance from an initial cell; this process is called pseudotemporal ordering
and the inferred quantity pseudotime [19]. Another necessary assumption of pseudotem-
poral ordering is that the variation in the data can be imputed to the differentiation process
for which pseudotime is estimated. This assumption is clearly problematic in scRNA-seq,
whose variation is affected by other processes, such as cell cycle, signalling state, and cell
death. However, haematopoietic stem cells do not differentiate into one lineage only, but
branch into several mature cell types. Detection of branching points (and, in general, dif-
ferentiation topology) is another primary task in trajectory inference that inspired several
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classes of methods based on different theoretical assumptions, starting fromminimum span-
ning trees [20], fitting of principal curves to low-dimensional embeddings [21], and link-
ing clusters based on modularity properties of the neighbourhood graph [22]. Once again,
methods that make use of stochastic process theory [18, 23, 24] are of particular relevance
in haematopoiesis, as they are particularly indicated to describe datasets that cannot be eas-
ily divided into clusters, but rather form a relatively continuous landscape of intermediate
states. Using these methods, a large number of studies (reviewed in [25]) have detected
and described heterogeneity in the stem cell compartment with regard to proliferation, lin-
eage bias, and metabolic state. When considered on its own, scRNA-seq evidence seems to
challenge the classic hierarchical model of haematopoiesis, in favour of a more fuzzy view
in which stem cells gradually acquire bias towards the major lineages. If two-dimensional
embeddings of the transcriptional landscape are interpreted at face value, they seem to in-
dicate that HSCs and progeny do not undergo discrete choices that restrict their potential in
a stepwise manner, but rather drift towards one branch or the other and end up committing
to the closest one [26]. However, it can be argued that this conclusion relies heavily on
one of the previously cited limitations on the interpretation of scRNA-seq data, in particular
the identification of molecular heterogeneity with developmental ordering of cells. In other
words, observing a transcriptional state does not necessarily equate to a distinct identity of
such a state in terms of differentiation output. In summary, while lineage tracing can track
progeny in hematopotic clones but cannot resolve their heterogeneity aside from surface
markers, single cell sequencing data describe heterogeneity down to the molecular level,
but with no direct link to functional heterogeneity in terms of output.
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1.3 Integration of multiple data modalities

A few studies have successfully merged lineage tracking and scRNA sequencing. In [27],
uniquely barcoded cells are cultured and their progeny is analysed in ex vivo culture and in
transplantation settings, thus trying to link the transcriptional state of a cell with its future
lineage output. Surprisingly, the transcriptional state is a poor predictor of a cell output,
even in ex-vivo settings in which the fate of cells is only determined by culture conditions
and their internal state. In a successive study [28], unique barcodes were induced in-vivo
and lineage output was evaluated after 7-20 weeks, and unique barcodes were classified as
differentiation-inactive, myeloid-restricted, and multipotent. Similarly to the previous ex-
ample, the authors tested whether a transcriptional signature obtained by comparing cycling
and non-cycling HSCs [29] could discriminate the subsets of differentiation defined by bar-
code, with a negative result. However, the paucity of barcodes in each category lacked the
statistical power to obtain robust signatures for each of these subsets, except for a few genes.
If transcriptional data alone cannot describe lineage choices in haematopoiesis, where is this
information available? One possibility is that such information is simply not contained in
the cells that undergo the decisions. In an instructive model of fate choice, external cues
such as cytokines enforce lineage decisions in HSPCs, which trigger specific programmes
depending on the external cues. Although evidence for the effect of cytokines on com-
mitment has long been available [30], the intrinsic contribution to this mechanism is still
debated. Rather than directly instructing decisions, cytokines might act on a heterogeneous
population of stem cells and promote survival of the ones that had already made the in-
tended choice [31]. This defines a permissive model of commitment at the opposite end of
the instructive model. Initially, evidence leaned in favour of the instructive model [32, 33],
but the mass adoption of single-cell sequencing technologies has returned the spotlight to
molecular heterogeneity. Moreover, direct evidence for the relevance of the intrinsic state
of stem cells for their differentiation output has been shown using a combination of lineage
tracing and transplantation [34].

If not in the transcriptional layer, researchers have often hypothesised that the epigenetic
state of a stem cell carries more reliable information about its lineage fate. In a successful
biological metaphor to describe differentiation [35], cell-intrinsic dynamics that lead to dif-
ferentiation are described as a downhill path in an epigenetic landscape, that defines what
states are available to a cell as it rolls down and carries out decisions. Epigenetic modifica-
tions, such as DNA methylation, covalent histone modifications, nucleosome remodelling,
have shown primary relevance in the regulation of stem cell function [36]. Among the sev-
eral technologies developed to probe the epigenetic state of a biological sample, the most
relevant to the scope of this thesis is the assay for transposase-accessible chromatin with
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sequencing (ATAC-seq) [37], which captures open chromatin sites, thus allowing to mea-
sure the net impact of epigenetic modifications on the folding structure of DNA [38]. A few
years after its bulk implementation, single-cell ATAC-seq was developed [39] and deployed
on human haematopoietic populations to dissect the regulatory heterogeneity underlying
differentiation from HSCs to mature populations [40]. If not in the transcriptional layer, re-
searchers have often hypothesised that the epigenetic state of a stem cell carries more reliable
information about its lineage fate. In a successful biological metaphor to describe differen-
tiation [35], cell-intrinsic dynamics that lead to differentiation are described as a downhill
path in an epigenetic landscape, that defines what states are available to a cell as it rolls
down and carries out decisions. Epigenetic modifications, such as DNA methylation, co-
valent histone modifications, and nucleosome remodelling, have shown primary relevance
in the regulation of stem cell function [36]. Among the several technologies developed to
probe the epigenetic state of a biological sample, the most relevant to the scope of this thesis
is the assay for transposase-accessible chromatin with sequencing (ATAC-seq) [37], which
captures open chromatin sites, thus allowing to measure the net impact of epigenetic mod-
ifications on the folding structure of DNA [38]. A few years after its bulk implementation,
single-cell ATAC-seq was developed [39] and deployed on human haematopoietic popula-
tions to dissect the regulatory heterogeneity underlying differentiation from HSCs to mature
populations [40].

The transcriptional and chromatin states of a cell are closely related to each other, as a
locally open chromatin configuration is required for polymerases and transcription factors
to bind DNA and exercise their function. At the same time, chromatin remodelling depends
on the transcription and translation of multiple chromatin factors [41]. Although causality
between the two layers flows in both directions, chromatin states are thought to precede
transcriptional and phenotypical changes in differentiation and development systems. This
phenomenon is known as lineage priming (a more in-depth introduction is given in Chapter
5) and is associatedwith the activation of enhancers that lead tomassive changes in transcrip-
tion [42]. In haematopoiesis, chromatin priming has so far been supported by bulk popula-
tion analysis using Chip-seq in combination with ATAC-seq and RNA-seq [43,44]. Despite
its advantages in describing regulatory states over transcriptomics, there are technical and
conceptual drawbacks in only using ATAC-seq to describe cellular states: as mentioned pre-
viously, chromatin and transcriptional states interact causally with each other without a pre-
definite hierarchy. A typical example is the cell cycle: although it has little to no impact on
the chromatin landscape at the single-cell level, proliferative activation of HSPCs has been
repeatedly associated with commitment to one or more mature lineages [29]. Ideally, a com-
plete description of events that determine lineage commitment includes both transcriptional
(e.g., cell cycle, signalling cues, metabolic activation) and chromatin states. Technologies
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that include more than one -omic layer in a biological sample are termed multi-omics, and
respond to the need to integrate information across assays [45]. While computational tools
to align samples across modalities have developed, they rely on the assumption that different
assays are underlied by the same factors of variation, which arguably defeats the purpose
of a multi-omic approach if the research questions concern priming or other assay-specific
states. More recently, it became possible to profile multiple layers from single-cells simul-
taneously [46–48], unlocking a new set of possibilities and challenges to interpret such rich
datasets [49]. One of the most common research questions addressed using these data is
whether chromatin priming can be detected by ordering cells along a pseudotemporal tra-
jectory. In particular, systematic analysis of RNA features paired with correlated chromatin
peaks in [48] enabled the detection of chromatin unfolding before the onset of RNA expres-
sion during the development of the hair follicle in mice. Another crucial insight that can be
discerned using paired multiomic data involves the regulatory interactions that originate the
heterogeneity in the data. In particular, transcription factors (TFs) link the transcriptional
and chromatin configurations of a cell: they either require open chromatin sequencing or
cause chromatin opening (pioneer TFs) and bind target DNA sequences in enhancers, thus
causing three-dimensional alterations and affecting the transcription rates of target genes.
The net impact of regulatory interactions between TFs and target genes can be summarised
in gene regulatory networks (GRNs), in which nodes correspond to genes and links are
weighted based on the intensity and direction of regulation. Although dynamical analysis
of simple regulatory circuits can be promptly analysed using dynamical systems theory, the
inverse task of inferring the correct gene regulatory network underlying observed transcrip-
tional states has not yet been achieved [50]. Multi-omic data have the potential to dramat-
ically improve GRN inference algorithms by leveraging chromatin level information, such
as TF motif enrichment in chromatin peaks. Several methods for GRN inference from mul-
tiomic data have been published and deployed to dissect regulatory dynamics in multiomic
datasets [51–53].
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10 Overview of this thesis

1.4 Overview of this thesis

Throughout its historical development, haematopoietic research has moved from consid-
ering LT-HSCs as a homogeneous cell type to observing many aspects of their molecular
heterogeneity using single-cell sequencing technologies. However, the amount of diversity
that can be ascribed to a system could merely be a consequence of the resolution used to
look at the data. Lineage tracing evidence seems to indicate that functional heterogeneity in
terms of lineage output is a true feature of haematopoiesis. However, a satisfactory mapping
between lineage output heterogeneity and molecular features available using modern single-
cell sequencing technology is lacking. The aim of this thesis is to investigate how single-cell
sequencing experiments can be paired with lineage tracing assays to detect lineage bias in
sequencing data.

In the first chapter of this thesis, I describe how the combination of bulk-level lineage
propagation, mitotic tracking, index sorting, and scRNA-seq data generated by Clara Munz
and N. Morcos at the TU of Dresden has helped me inform a mathematical model that links
the megakaryocyte bias detected within the LT-HSC compartment using lineage tracing and
scRNA-seq. In this work, I leveraged index-sorting to identify the LT-HSC subset that
originates the shortcut toward the Megakaryocytic lineage and contextualise it with respect
to stem cell heterogeneity. Using trajectory inference on index-sorted defined subsets of
HSPCs, I generated a candidate topology for haematopoietic differentiation that was fur-
ther refined by Congxin Li by integrating label propagation and mitotic tracking data. The
results of this collaboration were published in [54].

The remainder of the thesis is dedicated to the explorative analysis of a multiomic dataset
obtained thanks to work from Larissa Frank (Division of Cellular Immunology, DKFZ),
Nina Claudino and Jonas Metz (Division of Theoretical Systems Biology, DKFZ) using
the commercially available 10x Single Cell Multiome ATAC + Gene Expression kit. In
the second chapter, I introduce the general features of the data and leverage the matched
transcriptional and chromatin assays to quantify the mappability between the two and detect
and obtain a molecular description of modality-specific states.

Chapter three focuses on trajectory inference. First, I devise a sampling strategy to over-
come previous issues in haematopoietic datasets and detect an early stem cell population that
contains non-activated stem cells. Next, I use pseudotemporal ordering and mathematical
modelling to estimate the sequence of events that lead to lineage commitment. Next, I use
probabilistic trajectory inference on chromatin data and validate its results against lineage
tracing and transplantation datasets using transcriptional annotations. Next, I propose a
lineage potential model to obtain a discrete partition of data based on differentiation prob-
abilities and perform statistical tests on its outcome to achieve a quantitative assessment
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of lineage coupling and hierarchy within the haematopoietic system. Lastly, I use statis-
tical associations between single lineages to group trajectories into branches and compare
them against immunophenotypic gates, thus retrieving a phenotypical description of lineage
emergence.

In Chapter 4, I make systematic use of differential expression and differential accessi-
bility analysis to investigate the overall mechanisms that govern commitment at both the
transcriptional and chromatin level, thus I use mathematical modelling to detect the hierar-
chical order of regulatory events in haematopoiesis. Next, I test two methods to quantify
chromatin priming, use a recently developed GRN modelling tool, and reveal a highly dy-
namical regulatory landscape that enables haematopoietic specification.





Chapter 2

Integration of scRNA-seq and lineage
tracing evidence to reveal distinct
pathway of thrombopoiesis

13
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2.1 Introduction

As introduced in the previous Chapter, the populations that constitute the haematopoietic
system and their differentiation relationship are a matter of active research since the discov-
ery of the existence of multipotent haematopoietic stem cells [3]. Advancements in genetic
barcoding allowed to progress from transplantation-based assessment of lineage potential
to investigation of in vivo realisations of differentiation trees. However, many aspects of
haematopoietic differentiation remain debated.

The earliest models of differentiation, based on transplantation and in vitro experiments,
represented the haematopoietic hierarchy as a tree in which HSCs occupy the top, followed
by intermediate progenitors lacking self-renewal and with restricted lineage potential [55].
According to this model, to differentiate into MkPs, HSCs must go through a phenotypic
sequence that includes ST-HSCs, MPPs, CMPs, and MEPs. However, the hypothesis of a
direct differentiation path from HSCs to MkPs started to emerge based on transplantation
experiments [56], response to challenges [57], and finally lineage tracing [14]. Furthermore,
successive attempts to chart the landscape of haematopoiesis by single cell RNA sequenc-
ing revealed a high similarity between stem cells and MkPs [56, 58]. However, several
aspects of this connection remain unresolved. Does a specific subset of HSCs exclusively
generate Mks, or does direct differentiation occur from genuinely multipotent stem cells?
Are platelets produced solely in this manner, or do both the classical and direct pathways
coexist? Does inflammation influence differentiation through this path?

In a joint effort with Clara Munz (who performed mouse experiments) and Congxin Li
(who performedmathematical modelling on lineage tracing data), I integrated evidence from
fatemapping data andmitotic trackingwith scRNA-seq analysis of index-sorted haematopoi-
etic populations to investigate lineage relations between HSCs and progenitor populations.
I investigated transcriptional proximity and used partition-based trajectory inference to pro-
pose a differentiation topology to be compared against fate mapping and mathematical mod-
elling.

In addition to SLAM-defined haematopoietic populations [59], surface expression of
Sca-1 and CD201 (EPCR) was used to further resolve HSPC populations. Mathematical
modelling indicates that tip LT-HSCs (ES HSC) are EPCR+, multipotent, and self-renewing.
In addition, Sca-1 expression divides HSCs, MPPs, and HPC-1 into subpopulations that dif-
fer in their lineage bias: Sca1hi cells retain lymphoid potential, while loss of Sca-1 (Sca-1-/lo)
shifts HSPCs toward myelo-erythroid and megakaryocyte lineages. Transcriptional and fate
mapping analysis reveals that, in addition to the canonical route of thrombopoiesis through
the CMP, MEP and MkP gates, a direct differentiation path between Sca-1lo HSCs and
CD48-/lo MkPs is responsible for the production of roughly half the platelets, and its usage
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increased in emergency setting to replenish the platelet pool more rapidly. Pseudotempo-
ral analysis of megakaryocyte marker expression further corroborates independent matura-
tion along the two pathways. Furthermore, I analysed bulk RNA-seq samples of the two
newly defined MkP subsets to investigate their molecular differences and concluded that
while platelet-related genes are substantially equal, myeloid markers are more expressed in
CD48hi MkPs, possibly due to rare myeloid contamination or transient myeloid potential
during the intermediate stages.
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2.2 Fatemapping data implicate loss of Sca-1-/loHSCs, fast
labelling of platelets

Haematopoietic populations were isolated from bone marrow, as described in [59]. The
addition of EPCR to the marker panel allowed further subdivision of the LT-HSC gate into
CD201+ LT-HSC (ES HSC), while all populations were further subdivided based on the sur-
face expression of Sca-1 (Fig. 2.1 A). Fate mapping evidence was obtained by generating
a mouse model Fgd5ZsGreen: CreERT2 / R26LSL-tdRFP (Fig. 2.1 B), which introduces
a fluorescent RFP label in LT-HSCs with high specificity (Fig. 2.1C). The system was
complemented with H2B-GFP label dilution measurements, allowing the estimation of pro-
liferation and differentiation rates across populations. A large cohort of mice (n=82) was
induced and data was collected at different timepoints (Fig. 2.1D). By observing label prop-
agation trends in HSC subsets, one can observe how the percentage of labelled cells among
ES HSCs does not grow over time, indicating that this population self-renews completely
and represents the ultimate source of HSCs (Fig. 2.1 E).

Fate mapping and mitotic tracking evidence were modelled using ordinary different
equations by Congxin Li. Each of the previously defined populations is characterised by
rates of proliferation, death, and differentiation toward downstream progenitors. Of all pos-
sible models that can be fitted to the data, those that perform best using Akaike’s information
criterion are marked by three elements (Fig. 2.1F) :

• Commitment to the myeloid branch (CMP) is accompanied by loss of Sca-1 surface
expression;

• Commitment to the lymphoid branch requires retention of Sca-1 surface expression;

• A large number of Sca-1-/lo HSCs exit the system, by either death or differentiation
into an external compartment.

To further elucidate the nature of the loss term originating from Sca-1-/lo HSCs obtained
by mathematical modelling, it is worth considering fate mapping evidence downstream of
the populations considered so far, specifically in megakaryocyte progenitors (MkP) and
platelets. Since labelled cells descend from ES HSCs, it is expected that each haematopoi-
etic population has a lower portion of labelled cells with respect to its direct progenitor.
Surprisingly, a clear violation of this constraint is observed between platelets and MPPs
and CMPs (Fig. 2.1G), suggesting that an HSC subpopulation feeds into the megakary-
ocytic differentiation pathway, bypassing some of the phenotypical steps usually ascribed
to thrombopoiesis. Furthermore, successive inclusion of MkPs in the dataset revealed that
their label accumulation is also slower than platelets (Fig. 2.1H). Given that platelets only
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descend fromMkPs, the only explanation for this observation is that the latter are composed
of subsets of different origins labelled at different speeds from the ES HSC source, requiring
an in-depth analysis of molecular heterogeneity and similarities across HSPC populations.
For this reason, I analysed a single-cell transcriptomic dataset obtained using the Smart-seq2
protocol on index-sorted HSCs, MPPs, HPCs-1, and LS–K progenitors (including MkPs)
performed at TU Dresden by the group of Alexander Gerbaulet.
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Figure 2.1. A, Stratification of LT-HSC populations based on surface expression of CD201 and
Sca-1. B, Mouse model schematics. Fgd5 expression drives fluorescent marker ZsGreen and Cre-
estrogen receptor fusion protein Cre-ERT2. Tamoxifen administration triggers the excision of the
stop cassette from the R26LSL-tdRFP allele, causing Fgd5-expressing cells and their progeny to be
permanently labelled by RFP expression. C, Percentage of RFP+ cells after TAM administration. D,
Timepoints of analysis. E, Labelling frequency over time in HSCs and ESHSCs. The non-increasing
frequency in the latter indicates that the labelled cells are the ultimate source of adult haematopoiesis.
F, Results of mathematical models performed by Congxin Li. Arrow thickness is indicative of the
flux between populations. G, Labelling frequency over time relative to MPP. Platelets equilibrate the
label faster than MPPs, suggesting an alternative route of differentiation. H, Labelling dynamics in
platelets and MkPs. Faster platelet labelling points to heterogeneity in the MkP compartment. All
panels in this figure are adapted from [54], data produced by Mina N.F. Morcos, Clara M. Munz,
Congxin Li.
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2.3 scRNA-seq embedding unveils heterogeneity inLT-HSCs,
MkPs

The datawere preprocessed using a standardBioconductor preprocessing pipeline (seeMeth-
ods), while populations were annotated using the gates introduced previously. To gain a first
understanding of similarities across populations, I used PHATE [16], a visualisation method
based on information-geometric principles that is particularly indicated to embed continuous
differentiation processes in low dimensions. PHATE arranges haematopoietic populations
consistently with results from mathematical modelling: transcriptional states progress from
LT-HSCs, through MPPs and HPCs, to myeloid and erythroid progenitors. Megakaryocyte
progenitors are placed close to both LT-HSCs and erythroid progenitors (Fig. 2.2A). Accord-
ingly, scoring of transcriptional lineage sets obtained from [60] shows higher expression of
differentiation markers downstream of LT-HSCs (Fig. 2.2B).

As reported previously [56,61], Vwf and Itga2b are expressed by LT-HSCs close to the
megakaryocytic region of the landscape (Fig. 2.2 B). Surface marker expression, measured
through index sorting, demonstrates the link between transcriptional and immunophenotypi-
cal heterogeneity in LT-HSCs: as inferred using fate mapping evidence, EPCR (CD201) and
Sca1 expressionmarks tip stem cells. CD41 and CD150 are associated withmegakarayocyte
signal, while MkPs population show heterogeneous CD48 surface expression (Fig. 2.2C).

In summary, the initial exploratory analysis of the single-cell RNAseq dataset suggests
transcriptional continuity between HSC subpopulations and the MkP and MPP subsets.
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Figure 2.2. A, Sorted populations and expression of lineage markers obtained from [60]. B, Tran-
scriptional expression of Vwf and Itga2b(Cd41). C, Surface marker expression of SLAM markers
obtained through index sorting. All panels in this figure are adapted from [54]
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2.4 Transcriptional connectivity graph generates candidate
links for mathematical modelling

To make the results of the scRNAseq analysis comparable to the modelling framework,
I divided the populations based on Sca-1 and CD201 surface expression and annotated a
subpopulation of HPC-1 cells as lymphoid based on the transcriptional score of relevant
markers. Additionally, I split MkP into CD48+ and CD48-/lo, as fate mapping strongly sug-
gested heterogeneity within this population (Fig. 2.3A). Next, I sought to use transcriptional
proximity relations between populations to inform mathematical modelling. As a first step,
I computed diffusion pseudotime [18] and ordered cell states based on transcriptional simi-
larity to LT-HSCs. By comparing pseudotime and H2B-GFP expression, I observed how the
pseudotemporal succession of populations mirrors mitotic history: cells with higher pseudo-
time have undergone more divisions, while early populations exhibit higher levels of H2B-
GFP protein. Notably, MkP subsets display similar pseudotemporal scores, but the CD48-/lo

group has divided significantly less. (Fig. 2.3B). Next, I sought to focus on HSCs and MkP
subsets to generate candidate topological configurations to compare against lineage tracing
data. By measuring the Euclidean distance on the first ten principal components, I observed
that:

• CD48-/lo MkPs are transcriptionally closer to LT-HSCs than their CD48hi counterpart
(Fig. 2.3C);

• In turn, CD48-/lo MkPs are nearest to the Sca-1-/lo LT-HSC subset (Fig. 2.3D).

These two observations on the transcriptional proximity of MkP and LT-HSC subsets
provide further evidence of a direct differentiation route between Sca-1-/lo LT-HSCs and
CD48-/lo MkPs. To develop a more comprehensive and systematic approach to elucidate
similarities in this dataset, I used PAGA [22]. This method draws links between discrete
partitions based on a statistical comparison between the number of links between cells that
belong to distinct partitions and a null model connectivity. The resulting graph shows con-
nections among sorted populations (Fig. 2.3E) with high confidence (Fig. 2.3F). Embed-
ding using Fruchterman–Reingold layout summarises and expands the previous proxim-
ity analysis by assigning higher similarity between Sca-1-/lo subsets and myelo-erythroid-
megakaryocytic subsets. Moreover, CD48hi MkPs are connected to HPC-1 via LS-K pro-
genitors.
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2.5 Pseudotemporal analysis corroborates independentMkP
maturation in direct pathway

At first, this evidence seems to suggest that MkPs progress from a CD48-/lo state to a CD48hi

one as they differentiate into Mk. To dig deeper into the potential relationship between the
MkP subsets, I computed the expression of megakaryocytic markers as a function of pseudo-
time progression. The correlation analysis shows that there is no significant difference in the
accumulation of Mk transcripts in relation to pseudotime between the two subpopulations
(Fig.2.3G).

The contradiction between PAGA connectivity and independent maturation of the two
pathways is only apparent, since links inferred using snapshot transcriptomic data are in-
dicative of proximity and do not necessarily signify a direct descent relationship between
the linked populations. To corroborate the PAGA topology with fate mapping data, Congxin
Li expanded the previous mathematical modelling using PAGA links as candidate lineage
connections to fit fate mapping and mitotic tracking evidence. Results were successively
validated using culture and transplantation assays performed by Clara Munz. This infer-
ence reveals a scheme remarkably similar to that obtained with PAGA, identifying a direct
thrombopoiesis pathway that progresses from CD201-/lo Sca1-/lo LT-HSCs to CD48-/lo MkPs
in addition to the typical path through MPPs and MEPs (Fig.2.3H). Of note, further math-
ematical modelling work on thrombopoietin-stimulated HSPCs revealed how the CD48-/lo

subset replenishes platelets faster during challenges.
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Figure 2.3 (previous page). A, Further stratification of sorted populations based on surface ex-
pression of Sca-1, CD201 (EPCR) and CD48. B, Comparison of the dilution marker H2B-GFP
and pseudotime in stratified populations. C, Proximity of the HSC subsets to MkP population in
transcriptional space, computed using Euclidean distance on the first 10 principal components. D,
Proximity of MkP subsets to LT-HSC population in transcriptional space computed on first 10 princi-
pal components. E, PAGA connectivity graph of sorted populations. Link colours indicate whether
the connections were confirmed (red) or disproved (grey). Blue links could not be tested; while the
direct connection from HSCs to MkPs was highlighted in green. F, PAGA link confidence. G, Pseu-
dotemporal trend for the expression of megakaryocyte markers in the MkP subsets. H, Mathematical
modelling performed by Congxin Li integrating CD48-based MkP subsets reveals that each CD48
MkP subset produces roughly half of the Mks. All panels in this figure are adapted from [54],
data produced by Mina N.F. Morcos, Clara M. Munz, Congxin Li

2.6 MkP subsets express platelet markers, but different
levels of myeloid markers

Once these MkP subsets were established, my focus shifted to identifying molecular fea-
tures that distinguish them. To achieve this, I analysed bulk RNA-seq data of CD48hi and
CD48-/lo MkPs generated and normalised using DeSeq2 [62] at the TU of Dresden and per-
formed pathway enrichment analysis on the data. Differential expression analysis reveals
that multiple myeloid markers, including Irf8 and Mpo, were upregulated in CD48hi MkP;
however, comparison with scRNA-seq samples indicated that these were only expressed in a
small portion of cells. At the same time, the core markers of megakaryocytic differentiation,
such as Pf4, Cd9, and Vwf, were expressed similarly across subsets, suggesting a compara-
ble ability of producing platelets (Fig.2.4A). I used GSEA [63] to compare transcriptional
profiles with Gene Ontology gene sets [64], and found that CD48hi MkP are enriched in
genes associated with cell cycle (in agreement with the reported differences in H2B-GFP
concentrations) and with epigenetic regulation (Fig.2.4B).

Next, the results of the differential expression analysis were put in the context of other
haematopoietic cell types via comparison of expression profiles of the two subsets with rel-
evant cell types from Msigdb. The results indicate a higher enrichment of CD48-/lo MkPs
with respect to erythroid cell types, while CD48hi MkPs were enriched in myeloid signa-
tures (Fig.2.4C). Comparison with curated gene sets from the Msigdb database revealed a
strong enrichment of Cbfa2t3 targets in both subsets, albeit in opposite direction (Fig.2.5A).
This gene is a transcriptional co-repressor that recruits histone-modifying enzymes [65] and
interacts with several master regulators of haematopoiesis such as Gata1, Gata2 and Tal1
during lineage specification of erythroid, megakaryocytic and myeloid lineages [66, 67].

Lastly, I included a comparison with a recently published dataset that defines distinct
Megakaryocyte subtypes, including a newly discovered subpopulation with immunologic
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and phagocytic capabilities [68]: in agreement with the previous myeloid characterisa-
tion of CD48hi MkP, this subset shares a high similarity with the immunologic Mk subset
(Fig.2.5B).
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2.7 Discussion

The debate about the position of megakaryocytes within the haematopoietic system has
gained traction in recent years: their similarity to HSCs in transcriptional [58], immunophe-
notypic [69], and labelling dynamics [14] has confounded the characterisation of their dif-
ferentiation pathway. To address this, I integrated mathematical modelling by Congxin Li
with transcriptomic analysis to uncover two native pathways to thrombopoiesis. Specifi-
cally, I employed the PAGA method on sorted cell populations rather than on transcription-
ally defined clusters, which has proven successful in representing necessary conditions for
a differentiation link between populations in this and subsequent works.

Transcriptional analysis of CD48-based MkP subsets has revealed that the two subsets
share a substantial equivalence in platelet-related genes, but mostly differ in the expression
ofmyeloid-relatedmarkers. There could be different explanations for this observation, listed
below in increasing order of speculation: CD48hi MkPs are phenotypically close to some
myeloid cell types, with which they share CD41 expression. It is possible that the gate is
contaminated by these progenitors, resulting in differential expression of myeloid markers.
This contamination would also explain the high significance enrichment of myeloid markers
in CD48hi paired with a low number of expressing cells in the scRNA-seq dataset. Given
that CD48hi MkPs share a developmental path with more myeloid cell types, expression of
myeloid genes could be a residual trace of the transient myeloid potential of these progeni-
tors. An increasing number of authors report the existence of novel Mk subsets that warrant
a re-evaluation of the functions performed by this cell type. After initial reporting in [68],
several works analysing Mk subsets have been published [70, 71], including a paper iden-
tifying CD48 itself as a marker of immune Mks that assume immunomodulatory functions
during infection [72]. This finding resonates with results from this Chapter, which assigns
to CD48-/lo MkPs the complementary role of platelet generation upon challenges. However,
evidence for Mk heterogeneity is still accumulating, and further validation of these findings
is needed before considering its implications.

In general, the integration of index-sorted transcriptomic datasets with fate mapping ev-
idence presents a powerful approach to enhance our understanding of haematopoietic pop-
ulations and their differentiation pathways.







Chapter 3

Single-cell multiomic analysis of
haematopoiesis differentiation:
comparison between chromatin and
transcriptional landscapes

3.1 Introduction

In the previous chapter, the integration of transcriptional data with fate mapping experiments
enabled new insights into haematopoietic differentiation.

Among the numerous mechanisms that contribute to the molecular decisions that deter-
mine fate commitment, epigenetic regulation of gene expression is considered one of the
most important [36]. As described in the Introduction, the scATAC-seq can be used to read
out the net contribution of epigenetic modifications to the chromatin configuration of single
cells [39].

Until now, due to technological limitations, most single-cell sequencing studies have
focused on transcriptional profiling. However, the transcriptional and chromatin states are
strongly interdependent: to enable transcription, chromatin needs to be open; in turn, tran-
scription factors and other chromatin factors can cause DNA folding or unfolding around
nucleosomes in relevant regions [41]. While gene expression profiles provide a detailed
snapshot of several molecular processes at work in a cell, chromatin configurations capture
the large-scale effects of cis-regulatory elements affecting the genome, rendering it an ideal
technology to investigate differentiating systems, in which enhancer dynamics play a promi-
nent role. Indeed, chromatin profiles obtained using ATAC-seq have often been reported to
be more accurate than RNA-seq in describing differentiation trajectories [43, 73].

Multi-omic datasets, in which multiple omic layers are sequenced from the same biolog-

31



32 Introduction

ical sample, offer a window into the study of how gene expression and epigenetic landscapes
are related to each other.

Applied to single-cell paired datasets (in which sequencing of both RNA and ATAC
is performed on the same cells), multi-omic analysis has fuelled research into the field of
trajectory inference, lineage priming and gene regulatory network inference [74, 75].

While each of these topics will be addressed in depth in the following chapters, this
chapter focuses on the exploratory analysis of an HSPC multi-omic dataset obtained using
the commercially available 10x multi-omics kit. Mouse experiments were kindly performed
by Larissa Frank (Division of Cellular Immunology, DKFZ), while Jonas Metz and Nina
Claudino (Division of Theoretical Systems Biology, DKFZ) handled sample processing and
sequencing using the 10xmultiomic protocol. I contributed by designing the experiment and
performing all the computational analyses shown in this Chapter.

In particular, I focused on the detection and quantification of the differences between the
RNA and ATAC landscapes. A typical example is proliferation, a process reported to affect
gene expression more prominently than chromatin configuration [74]. This observation is
confirmed in this dataset, whose RNA layer clearly clusters based on the proliferative state
of cells, while the chromatin landscape remains substantially unaffected. I leveraged this
difference to select the most appropriate cell cycle removal method for the transcriptome.

Aside from the cell cycle, gene expression and chromatin landscapes are overall very
similar, displaying the same branching behaviour in correspondence of lineage decisions.

Interestingly, I observed some other differential states in both layers: a signalling state
that can only be observed in transcriptional features, and a chromatin cluster dominated by
high CTCF motif enrichment that is undetectable in gene expression space.

Despite themostly technical nature of the work presented here, the focus is on the biolog-
ical annotation of the data; thus bioinformatic aspects are discussed in detail in the Methods
section.
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3.2 Experimental design and pre-processing

In previous experiments, the primary objective of immunophenotypic gating was to obtain
highly pure cell populations with large cell numbers. This approach was adopted to ensure
that the experimental results were not confounded by the presence of other cell types. Con-
sequently, the gates were intentionally designed to be non-contiguous, to minimise the risk
of contamination by unwanted cell types.

However, this gating strategy may result in inadvertent loss of information from cells
that reside in the transitional zones between two gates. To address these issues, the exper-
iment was designed to achieve two primary objectives: first, enrich rare cell types, such
as long-term haematopoietic stem cells (LT-HSC), and second, sample all intermediate cell
states spanning the range of phenotypes, i.e., not leaving any gaps between gates (Fig.3.1A,
Fig.3.1B). This gating strategy preserves the definition of LT-HSCs, ST-HSCs, and LS-K as
in [5], while extending the MPP phenotype to CD150+CD48+ LSK cells, defined as MPP2
in [76]. Importantly, sampling cells from all the intermediate LS-K regions improves the
performance of trajectory inference algorithms, as described in more detail in the next chap-
ters.

Sequencing of the samples was performed simultaneously to minimise batch effects.
Alignment using CellRanger yielded similar values in terms of sequencing saturation, li-
brary size, and the number of features detected in all samples (Fig.3.1B, Fig.3.1C). Once
aligned reads are available, obtaining feature matrices (i.e., a matrix containing quantifica-
tion of each feature in single cells) for RNA-seq and ATAC-seq requires separate pipelines
(sketched in Fig.3.1D, Fig.3.1E more in-depth in Methods). From a computational point of
view, the scRNA-seq literature has developed accurate statistical models to select features
and normalise counts [77, 78], while scATAC-seq features are much more sparse, and pre-
processing is based on techniques adapted from text mining [79]. At the same time, some
core biological differences set the two layers apart: while it is relatively straightforward to
obtain a gene expression matrix in RNA-seq, ATAC-seq reads can generate multiple feature
matrices with information regarding transcription factor motif enrichment, genome tiles or
peaks accessibility, or gene body accessibility (reviewed in [80]). In my work, I used either
of these matrices based on the biological question at hand.
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A - Experiment design
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Figure 3.1 (previous page). A, Experiment design. Bone marrow cells are harvested from a male
adult mouse, sorted into LT-HSCs, ST-HSCs, MPPs and LS-K and sequenced using the 10x multi-
omics kit. The experiment was carried out by Larissa Frank, Nina Claudino, and Jonas Metz. B,
Cells were sorted in broad gates, so there was no phenotypical gap between populations. Bottom
right: proportion of cells in each gate in the FACS experiment, compared to the number of cells in
the 10x experiment. The frequency of LSK populations is enriched to compensate for their paucity
in the bone marrow. C, Quality control plots for RNA (green) and ATAC (blue) libraries across
samples. ATAC fragments, RNA library size and number of RNA features are comparable across
the samples, while the saturation is slightly lower in the LS-K gate. D,E, Diagram of bioinformatic
processing of RNA and ATAC data to obtain feature matrices. While both pipelines involve steps of
quality control, normalisation, and feature selection, multiple feature matrices can be extracted from
ATAC reads.

3.3 Cell cycle signature distinguishes chromatin and tran-
scriptional landscapes

The first analysis I performed on the data was a comparison between the manifold struc-
ture of the RNA and the ATAC landscape. Initial visualisation using UMAP embeddings
obtained independently from each layer shows how the structure of the data is overall simi-
lar: a progression from LT-HSC to MPP culminates in the highly heterogeneous progenitor
gate, in which branching toward mature cell types appears prominent (Fig. 3.2A). However,
some differences between UMAP embeddings are also noticeable. In particular, the RNA
embedding features a group of cells from the LSK gates that occupy an intermediate region
between the LSK and LS-K progenitors.

The colouration of cells based on transcriptional inference of cell cycle activity high-
lights the impact of proliferative status on transcriptional, but not chromatin state, as previ-
ously reported in the multiomics literature [74]. To compare the two layers while accounting
for this effect, it is necessary to remove the cell cycle signature.

A common approach to achieve this is through linear regression models. However, this
method may inadvertently remove correlates of cell cycle status that hold significant biolog-
ical insights, particularly in developmental and differentiation systems. When applied to this
dataset, linear correction for cell cycle appears to successfully remove the cycling cluster,
although not entirely, as cycling cells are still more clustered than in the ATAC embedding
(Fig. 3.2C).

Alternatively, Independent Component Analysis (ICA) can be used to decompose data
into independent sources of variation. This technique has proven to be effective in isolating
cell cycle signatures in transcriptomics data [81]. In the present dataset, while the associa-
tion of principal components with the proliferative signature is moderately present in more
components that are also associated with other biological signals, two ICs can be directly
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associated with S and G2M signatures (Fig. 3.2 D, Fig. 3.2 E), allowing cell cycle removal
simply by excluding these components in subsequent analyses.

To measure the extent of the correction more quantitatively, I measured the assortativity
(i.e., the tendency of vertices in a network to be connected to similar vertices, defined in [82])
of the cell cycle phase in the neighbourhood graph, confirming that ICA-based cell cycle
correction outperforms linear methods to regress out cell cycle (Fig. 3.2F).

A - ATAC embedding (UMAP)

D - Correlation between cell cycle
scores and PCs, ICs

E - ICA-based
cell cycle correction
(UMAP)

B - RNA embedding (UMAP) C - Linear cell
cycle correction

LT−HSC
ST−HSC
MPP
LK

S

G2M

Cell cycle scores Cell cycle scores Cell cycle scores

S

G2M

S

G2M

ICA:G2M
ICA:S
PCA:G2M
PCA:S

0.0

0.2

0.4

0.6

0 10 20 30

ce
ll
cy
cl
e
sc
or
e
co
rre
la
tio
n

0.00

0.25

0.50

0.75

1.00

RNA
RNA_linear

RNA_ica

ATAC

C
el
lc
yc
le
ph
as
e
as
so
rta
tiv
ity

F - Assortativity of cell
cycle phase

ICA components

IC9

IC11

rank

Figure 3.2. A, Left: UMAP embedding of Peak Matrix, coloured by sorted population. Right:
Transcriptional estimate of cell cycle activity. B, UMAP embedding of gene expression matrix,
coloured by sorted population. Right: Transcriptional estimate of cell cycle activity. C, UMAP
embedding of GEX matrix after removal of cell cycle signature using a linear method. D, Left:
Correlation between linear dimensionality reduction coordinates and transcriptional estimate of cell
cycle activity: while multiple principal components are correlated with proliferative score, each
phase-specific score can be assigned to one specific independent component. Right: RNA embedding
coloured by projection of ICs maximally correlated with cell cycle. The patterns obtained closely
resemble the cell cycle scores shown in panel B. E, UMAP embedding of GEX after exclusion of
cycle-related independent components. F, Assortativity of cell cycle phase in neighbourhood graph
across different cell cycle removal strategies, compared with ATAC baseline, in which cell cycle is
not expected to influence the embedding.
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3.4 Quantitative comparison yieldsmodality-specific states

Once cell cycle has been successfully removed, I investigated the similarities between the
RNA and ATAC landscape in higher dimensions. To achieve this, I used Diffusion Maps, a
non-linear dimensionality reduction technique that models the dataset as a diffusion process
and is particularly suitable for capturing differentiation-like dynamics [18]. Of note, differ-
ently from UMAP, t-SNE, and PHATE, the purpose of this method is to summarise the data
in a lower dimension space, rather than 2D visualisation. While similar to PCA and ICA in
this purpose, its non-linear nature allows to de-noise the data and obtain a low-dimensional
representation that reconstructs the geometrical manifold underlying the data.

1. I operated on the premise that if RNA and ATAC show similarities, then it is feasible
to predict the diffusion map coordinates of one based on the other. To put this into
practice, I used a random forest algorithm to predict RNA coordinates from ATAC
data, and vice versa, and then I quantified the accuracy of these predictions using the
r-squared statistic (see Methods for a detailed description). As shown in Fig.3.3A, it
is in general possible to reconstruct the diffusion coordinates of a cell in one assay
using the coordinates of the other one, although less precisely for higher components.
A noticeable exception is represented by RNA:DC5, which seems to have no relation
to ATAC diffusion components. To investigate this, I visualised the RNA:DC5 coor-
dinate as a colour scale on RNA UMAP coordinates, revealing that this component
captures the variation associated with a small subset of LSK cells in RNA coordinates.

The existence of a mapping between RNA and ATAC for each diffusion component is
not sufficient to conclude that the two landscapes are equivalent. It can be the case, indeed,
that regions of high cell density in one landscape might not correspond to regions of high
density in the complementary one. When this condition occurs, clusters that are detected
using one assay will not be detected using the complementary one. Therefore, I obtained
clusters in both RNA and ATAC, annotated them, and thus compared their homogeneity in
the complementary assay (see Methods).

Since the two datasets are preprocessed using different methods (ICA for RNA, LSI for
ATAC), I opted for clustering on diffusion map coordinates to ensure that neighbourhood
graphs across assays are similarly denoised. Clusters obtained in early haematopoiesis pop-
ulations are generally poorly separated and not suited for the description of the slow kinetics
of lineage emergence. For this reason, I did not put emphasis on a precise annotation of these
clusters but rather used them to compare high-density regions of the transcriptional and chro-
matin landscape. An in-depth analysis of lineage emergence in the dataset is presented in
Chapter 4.
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Clusters obtained using the Leiden graph clustering algorithm on RNA diffusion com-
ponents are distinct but overlap in RNA coordinates (Fig.3.3B). Marker detection yields a
set of genes that enable annotation of states such as early stem (rna5, rna3, rna12), lympho-
myeloid (rna1), lymphoid (rna10), myelo-erythroid (rna2), myeloid (rna4, rna6, rna9), megakary-
ocytic (rna11), erythroid (rna7, rna8). Similarly, I computed clusters using ATAC coordi-
nates and detected TF motifs associated with each cluster, generating the annotation of the
stem (atac7, atac9, atac1), lympho-myeloid (atac3), myeloid (atac4), and lineage-specific
progenitor clusters (Fig.3.3C).

Next, I sought to compare the homogeneity of these clusters between RNA and ATAC
by measuring cluster connectivity in the nearest-neighbourhood graph. To do so, I used
modularity, a graph metric that quantifies the significance of links across clusters compared
to a null connectivity model, returning a normalised connectivity measure for each pair of
clusters [22]. In graph-based approaches such as the one I utilised, cluster solutions are
determined by maximising the number of connections within a cluster while minimising the
number of intra-cluster connections. Consequently, the clusters computed on RNA can be
regarded as optimally separated on the RNA neighbourhood graph; however, these clusters
are not optimally separated on the ATAC graph. As a result, RNA clusters are anticipated
to exhibit greater connectivity in the ATAC graph. Accordingly, in Fig.3.3D, chromatin
connectivity across clusters is consistently higher than in the transcriptional counterpart and
vice versa (Fig.3.3E).

Aside from this global trend, I observed a remarkable difference in connectivity in two
occurrences:

• rna12 links to rna1 and rna3 are sensibly higher in ATAC than in RNA, indicating
that this transcriptional state is not discernible in ATAC. This observation is in line
with the results from the previous section, which assigned low mappability between
RNA:DC5 and ATAC components;

• atac7 displays a large number of RNA links to cells from the atac1 cluster, indicating
that these two clusters are virtually indistinguishable in RNA coordinates. The lack
of a distinguishable transcriptional state associated with atac7 contributes to the high
ATAC connectivity observed in clusters rna1, rna3, and rna5, as numerous cells within
these RNA clusters belong to the atac7 cluster (Fig.3.3F).

To interpret the features that distinguish these cells from their immediate neighbours,
I first compared the clusters with the most connections to rna12 and atac7 in the comple-
mentary modality (Fig.3.3G, Fig.3.3I, see Methods), thus performed marker detection using
the neighbouring clusters as contrast. The vast majority of genes associated with rna12 are
related to interferon response (Iigp1, Stat1, Ifi44, Ifi203), indicating that these cells are re-
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sponding to interferon-mediated inflammatory signals (Fig.3.3H). A cluster with a very sim-
ilar transcriptional signature has been described in response to poly(I:C) in [83] and steady
state [84].

On the other hand, atac7 is clearly defined by a strongCTCFmotif enrichment (Fig.3.3J).
This DNA-binding protein is involved in the formation of long-range chromatin interactions
and is often associated with the formation of promoter-enhancer complexes. In the context
of haematopoiesis, it has been associated with several key transcription factors, such as
Runx1 and [85], Tal1 [86], linked to erythroid development [87] and both activation [88]
and quiescence [89] in HSPCs.
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Figure 3.3 (previous page). A, Left: Each ATAC diffusion component is regressed using a random
forest algorithm trained on RNA components. The quality of each of each regressor is reported using
the mean of the R-squared metric between the target values (ATAC diffusion components) and their
prediction based on RNA diffusion components. Centre: Same as previous, swapping RNA and
ATAC. Diffusion component 5 cannot be regressed using ATAC information. Right: Visualisation
of DC5 from RNA assay on RNA landscape. B, Clusters detected in the GEX assay and their relative
markers. Dot size indicates detection percentage, while dot colour refers to the average expression
value. C, Difference in the connectivity of RNA clusters between the RNA and ATAC neighbour-
hood graphs. Given that RNA clusters minimise intra-cluster connectivity in the RNA layer, more
connections between clusters are detected in the ATAC neighbourhood graph. In particular, cluster
rna12 has numerous connections with cluster 1 and cluster 3 in the ATAC layer, indicating poor de-
tectability of this cluster in the ATAC layer. D Clusters detected in the ATAC assay and their relative
marker motifs. E, Difference in the connectivity of the ATAC clusters between RNA and ATAC
neighbourhood graphs. The atac7 cluster shows a high number of connections to cluster atac1 in the
RNA layer. F, Comparison of LSK clusters across assays. Each line represents a single-cell and
connects its own classification in ATAC and RNA. The high mixing between clusters indicates that
there is no clear correspondence between RNA and ATAC clusters in this region of the landscape.
G, For cells in poorly rna12, the RNA cluster of its ATAC neighbours is shown. H, logFC of top
significant marker genes for rna12. I, Same procedure as in G for atac7. J, logFC of enriched atac7
motifs.

3.5 Discussion

In this chapter, I introduced a coarse grain description of the multi-omic data generated
using 10x, which will serve as a basis for the inference of trajectories and gene regulatory
networks, and quantification of lineage priming. By pre-processing the available modalities
separately, I was able to compare RNA and ATAC landscapes and annotate them.

First, proliferative status has been shown to impact the transcriptional state, but not its
chromatin counterpart, as previously reported in [74]. I leveraged this observation to use the
ATAC-seq state as a benchmark for evaluating various cell-cycle correction methods. The
chosen ICA-based correction that achieves the removal of proliferation-associated clusters
while retaining secondary groups of cycling cells was also observed in ATAC-seq embed-
dings.

Mitigation of the proliferative signature is of primary importance, as it allows for the
evaluation of the differential impact of other processes on each modality. Of note, the avail-
ability of paired data is only a recent development in multiomics. Due to the predominance
of unpaired datasets, multi-omic methods have so far chiefly focused on aligning different
modalities based on similarity, rather than detecting differences across layers [90]. In this
work, the availability of paired data allowedme to investigate subtle differences between the
transcriptional and chromatin layer. To do so, the random-forest regressor approach shown
here is well-suited for evaluating howmuch information is shared across the two modalities,
and can be extended to compare any kind of cell-level annotation across modalities in any
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multi-omic dataset.
Mapping single diffusion components is necessary, but not sufficient, to establish the

equivalence of the transcriptional and chromatin landscape, since co-localisation acrossmul-
tiple components can still differ across layers. This prompted me to compute clusters and
compare their connectivities using modularity-based metrics. Both clustering solutions of-
fer a description of the main lineages included in the dataset: myeloid, megakaryocytic,
erythroid, and lymphoid. Furthermore, the comparison of cluster connectivities allowed the
annotation of modality-specific states.

The RNA cluster associated with interferon response has recently been described in
[84]. In addition to its well-documented role during inflammation [91], interferon signaling
plays a role in tuning differentiation and proliferation during homeostasis [92]. The low
coherence of this cluster in ATAC coordinates suggests that the transcriptionally detected
signaling state has not affected cells at the level of chromatin organisation, possibly due
to the short timescale of such a mechanism. However, one of the clusters detected on the
chromatin coordinates has no transcriptional equivalent. Interestingly, this cluster has a
strong association with CTCF, a transcription factor that plays a key role in the formation
and stabilisation of loops that define interacting DNA domains and has been associated with
some key transcription factors in haematopoiesis [85, 86]. It is possible that the chromatin
rearrangement mediated by CTCF factor has not propagated to the transcriptional level,
thus resulting in poor detection of this cluster in RNA coordinates. Further analysis of this
cluster will be performed in the context of trajectory inference and gene regulatory network
inference in the following chapters.







Chapter 4

Trajectory inference quantifies hierarchy
and branch emergence in haematopoiesis

4.1 Introduction

The current notion of haematopoiesis as a deeply hierarchical system in which multipotent
stem cells are capable of differentiating into all types of mature blood cells emerged grad-
ually in the second half of the XXth century [55]. These findings were obtained chiefly
through transplantation experiments, followed by iterative refinement of the definition of
the tip stem cell population by stratifying progenitors based on the expression of surface
markers. More recently, technological advances introduced the possibility of assessing the
fate of the line without the need for transplantation by using in-vivo lineage tracing [93].
On the other hand, the immunophenotypic description of progenitor populations has been
combined with single-cell sequencing technology to explore the potential heterogeneity hid-
den in FACS-defined populations [94]. In particular, the tree-like topology, in which each
population descends from one compartment only, has been questioned by lineage tracing
evidence that showed how megakaryocytes [14,95], basophils [96], and monocytes [27] are
likely to have more than one source.

On the other hand, obtaining putative lineage relationships from single-cell sequenc-
ing data is not as straightforward: the task of inferring and parametrising the most likely
topology to generate a dataset has caused the flourishing of a class of algorithms known as
trajectory inference, which aim to order single cells based on a putative developmental time
(termed pseudotime) and infer a graph-like structure that recapitulates the developmental
relationship between populations [50]. Many such methods rely on clustering to reduce the
complexity of the dataset and define the cell types that constitute the progression from stem
to terminally differentiated cells [21,22]. However, the discrete labels produced by clusters
are resolution parameter-dependent and suboptimal for describing the various fate combina-
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tions that can occur within the haematopoietic system. Alternatively, cluster-free methods
model differentiation as a stochastic random walk on the neighbourhood graph and allocate
a differentiation probability into terminal lineages for each cell [23,24,97]. Although these
methods accurately depict continuous states within the haematopoietic landscape, they lack
a straightforward way of grouping cells into branches. Moreover, all of these methods are
based on the underlying assumption that the measured heterogeneity is the result of differ-
entiation. In the previous chapter, I showed how the interpretation of transcriptome data
is affected by processes that are not directly related to differentiation, such as cell cycle
progression and interferon signalling. By contrast, ATAC-seq is sensitive to processes that
are likely involved in lineage commitment, such as enhancer dynamics and CTCF-mediated
chromatin remodelling reported in the previous chapter. Another issue that affects trajec-
tory inference in haematopoiesis is the dependence of the observed landscape on the relative
abundance of the populations that make up the data. In the haematopoietic field, this results
in a trade-off between an unbiased sample of the progenitor gate, resulting in a data set
dominated by committed progenitors [58, 95, 98] or data in which the upper compartments
are enriched [99–101], resulting in unnaturally dense neighbourhood graphs that confound
probabilistic trajectory inference.

In this Chapter, I used a novel subsampling strategy to overcome these limitations and
obtain a reliable probabilistic description of lineage commitment on the chromatin data, re-
sulting in the detection of an early metastable stem cell state. I validate the outcome of the
trajectory inference pipeline using transcriptional mapping to fate mapping and transplan-
tation datasets. Next, I compare RNA-derived cell cycle estimates with fate probabilities
to uncover the impact of proliferation on lineage choice, resulting in the detection of the
first molecular bifurcation between lymphoid fate and proliferative activation. Addition-
ally, I combined trajectory inference with a newly designed procedure to iteratively assign
lineage potentials to single cells and quantify the association between mature lineages along
the haematopoietic system. I used statistical testing to infer a quantitative description of
haematopoietic topology that is close to a fully hierarchical lineage restriction model, with
the notable exception of the basophil and monocyte lineage, which are statistically associ-
ated with multiple lineages.

As in the previous chapter, I selected the content for this chapter to emphasise the bi-
ological relevance of the reported results. A more in-depth discussion of the technical and
computational aspects of the analysis is contained in the Methods appendix.
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4.2 Detecting of an early metastable state by subsampling
of HSPC populations

As a preprocessing step for trajectory inference, I considered the impact of the gating strat-
egy on the estimation of the transition matrix. The FACS experiment was designed to ac-
quire a substantial number of LSK cells, notwithstanding their rarity in the bone marrow,
to increase the statistical power of the analysis. However, this approach results in the over-
representation of these cell populations within the dataset (4.1A). This disproportion can
negatively impact the performance of probabilistic trajectory inference methods, as they
may incorrectly assign elevated transition probabilities towards these states owing to their
artificially increased density in the landscape. To overcome this limitation and preserve the
statistical power offered by a high number of LSK cells, I first subsample the dataset based
on FACS proportions between cells to compute pseudotime and fate probabilities. Subse-
quently, the results were projected back on the complete data set using the shared nearest
neighbourhood (SNN) graph (see ??, Fig. 4.1B). Importantly, feature selection is not re-
peated on the subsampled dataset, as the paucity of stem cells would penalise features that
distinguish them. Next, I used the diffusion pseudotime method to estimate the succession
of states that follow an initial one, detected here using the diffusion component maximally
correlated with stem markers (see 6.3). Two features of the pseudotemporal distribution of
cells stand out (Fig.4.1C):

• As cells differentiate, the pseudotemporal gap between gated populations becomes
narrower. This aligns with endogenous fate mapping kinetics, which suggests that it
takes much longer for label equilibration to occur from LT-HSCs to ST-HSCs than it
takes from ST-HSCs and MPPs [102];

• An initial peak in cell density, comprising a subset of LT-HSCs (48% of the total), is
followed by a monotonic increase in cell numbers downstream. In unbiased sam-
pling conditions, cell densities reflect the speed at which cells transition towards
higher pseudotime [18]. This means that the early high-density region represents a
metastable state associated with stem cells.

In summary, the sampling strategy described in this paragraph enables the detection of
an early metastable stem cell populations that reconciles single-cell sequencing description
with evidence from fate mapping.
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4.3 Trajectory inference unveils lineage emergence within
a short pseudo-temporal window

Next, I investigated the proliferative and differentiative behaviour of cells along pseudotime.
To do so, I compared pseudotime against transcriptional proliferation estimates and differ-
entiation probability. Of note, this analysis is viable only on chromatin data, as proliferative
status impacts pseudotemporal estimates on scRNA-seq data, confounding proliferation and
lineage emergence signals.

The proliferative trend in pseudotime is characterised by a gradual increment in the
portion of cycling cells in proximity of the ST-HSC/MPP transition. I fitted this trend using
monotonic splines (see Methods) and reported the half-saturation constant in Fig.4.1D.

Next, I performed trajectory inference using cellRank, which enables the detection of
terminal states and computation of fate probabilities by integrating nearest-neighbourhood
graph information with cell-ordering information such as pseudotime (in this case diffusion
pseudotime [18]) to infer a directed cell-to-cell transition matrix (see Methods). I chose to
compute these results on the ATAC layer, as it is themost sensitive to differentiation-relevant
processes such as enhancer dynamics and chromatin remodelling [103,104].

When plotted against pseudotemporal ordering, probability trends for single lineages
exhibit a consistent pattern: early cells display a flat ’baseline’ probability, followed by
increasingly variable values that generate a bifurcation between cells with a near-certain
differentiation probability and cells that commit to other lineages, for which the chances
of differentiating into the considered lineage reach zero (Fig. 4.1E). I parametrised this
bifurcating pattern using a monotonic spline fitting on binned pseudotemporal trends (see
6.3). Thus, I repeated the estimation of half-saturation pseudotime for the detected lineages
(Fig.4.1E, Fig.4.1F). In Figure 4.1F, G, I juxtaposed the pseudotemporal values of the events
described so far, resulting in a sequence of events that characterise the early haematopoi-
etic landscape: a nonproliferative subset of LT-HSCs gives rise to increasingly proliferative
states that include ST-HSCs andMPPs, followed shortly by a series of branching events that
establish the major blood lineages (Fig.4.1F).

To ensure that this result is not a consequence of how I measured the half-saturation
constant, I repeated the comparison using an alternative method, i.e. computing the pseu-
dotemporal coordinate at which the pseudo-derivative of the reported quantities exceeds
one, indicating the point at which the growth is higher than the identity function (Fig.4.1G).
This measure confirms the ordering obtained using half-saturation constants, while the on-
set timing is shifted to an earlier pseudotime. The difference between the onset values ob-
tained using the two different measures is unimportant, as pseudotime measures an ordering
rather than physical time (this topic is discussed further in the Discussion section). Finally,



Trajectory inference unveils lineage emergence within a short pseudo-temporal window 49

I jointly visualised the differentiation probabilities using a method developed in [95] to em-
bed the six-dimensional matrix containing lineage fate probabilities inferred using cellRank.
The resulting reduction provides an intuitive understanding of the pairing between emerg-
ing lineages radiating from the central region. Monocytic and neutrophil, and erythroid
and megakaryocytic lineages share common progenitors downstream of stem cells, while
lymphoid and basophil fates do not belong to a larger group. Lineage association will be
discussed more in-depth in section 4.5. To summarise, in this section, I used mathematical
modelling on proliferation estimates and trajectory inference, resulting in a pseudotempo-
rally resolved picture of haematopoietic differentiation and proliferation, in which exit from
a primitive cell state is followed by proliferative activation and lineage commitment.
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Figure 4.1 (previous page). A, Schematic of the subsampling strategy used in trajectory inference.
Left: lineage probability and pseudotime are computed on the subsampled dataset to reflect the
physiological proportions of haematopoietic progenitors. Right: results are projected on the full
dataset based on the values of neighbouring cells in the Shared Nearest Neighbour (SNN) dataset.
B Overview of the cellRank algorithm proposed in [105] with a pseudotemporal kernel: The undi-
rected KNN graph computed on the original matrix is directed using pseudotemporal estimate. The
resulting transition matrix is used to infer fate probabilities. C, Density of LSK population over pseu-
dotime. A local minimum in cell density indicates an early metastable state. D, Proliferative trend
over pseudotime fitted using monotonic splines. The half-saturation pseudotemporal coordinate is
indicated by the dotted red line. E, Bifurcating trends in lineage probability inferred using cellRank.
As pseudotime increases, the range of probability values expands. Upward (brown) and downward
(grey) trends were fit using monotonic splines, and the half-saturation constant of the upward func-
tion is indicated by the dotted brown line. F, Joint visualisation of pseudotemporal events detected
in the previous panels. The blue-yellow stripes indicate upward lineage probabilities. Underneath,
the early stem state, proliferation, and lineage onset values are juxtaposed, revealing the order of
these events (grey strip). G, same as F, but event coordinates were detected using the superlinearity
method. H, Circular visualization of the lineage probability simplex using the algorithm proposed
in [26].

4.4 Mapping probability values to lineage tracing data val-
idates trajectory inference

Despite its appealing theoretical framework, probabilistic trajectory inference is not directly
interpretable as differentiation probability, as it represents a simple autonomous model of
cellular differentiation that does not account for proliferation, cell death, and extrinsic sig-
nalling that is known to play a role in haematopoietic differentiation. For this reason, before
seeking further biological insights from cellRank output, I validated the inference outcome
using transcriptional evidence from RNA-seq studies featuring lineage tracing or transplan-
tation evidence that reported bias in lineage decisions associated with different subsets.
Briefly, I used singleR [106] to map the multi-omic data to the reference datasets, thus com-
pared the fate probabilities with the biases reported in the relevant publication (Fig. 4.2A).
The datasets selected for this task are:

• Drissen et al. 2016 [96], in which authors reported a marked lineage bias in the
myeloid output of preGM and GMPs dependent on the expression of Gata1 and vali-
dated their findings using lineage tracing. Gata1+ GMPs and preGMs are more likely
to produce basophils, while Gata1- progenitors are biased towards monocyte and neu-
trophil fates;

• Pietras et al., 2015 [76], where MPPs are further subdivided based on surface marker
expression of Flk2 (encoded by Flt3), CD150 and CD48 into MPP2 (biased towards
megakaryocytic-erythroid lineages), MPP3 (myeloid bias), andMPP4 (lymphoid bias).
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Findings are validated through transplantation;

• Morcos et al., 2022 [54], presented in Chapter 2, this work used lineage tracing and
mitotic tracking to unveil heterogeneity in HSC bias based on surface expression of
EPCR and Sca-1: while Sca-1lo LT-HSCs are less likely to produce lymphoid progeny,
their megakaryocytic output is enhanced.

As shown in Fig.4.2, the probabilities inferred using cellRank agree with data from the
reported studies. It should be noted that lineage bias across the different mapped subsets is
also detected in LSK populations, whose pseudotemporal placement occurs mainly before
the definitive bifurcation of lineage probability. This implies that, even in the early region
of the landscape, subtle bias can be assigned to different subsets of progenitor cells based
on co-variability patterns of fate probability.
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4.5 Discrete potentialmodel uncovers the topology of haematopoi-
etic differentiation.

Cells with similar properties are typically viewed as a subpopulation. Hence, discretization
of the dataset into partitions is desirable as it offers an intuitive view of what kind of pro-
genitors are observable in terms of lineage output. To obtain such description, I designed a
two-step method to infer branches starting from probability values:

1. For each detected lineage, I set a probability threshold computed on low pseudotime
cells to label cells as lineage-potent (Fig.4.3A, see Methods);

2. During the iterative refinement step, I successively define higher probability thresh-
olds based on the median probability of oligo-potent progenitors to filter out cells with
probability values higher than the initial threshold but lower than the progenitor cells
(Fig.4.3B, see Methods). In this way, I set adaptive thresholds to classify branching
events that occur for higher pseudotemporal values.

The iterative labelling procedure assigns a set of potential fates available to each cell. To
visualise them, I used PHATE [16], a visualisation method based on stochastic modelling
that is suitable for the representation of continuous differentiating systems (Fig.4.3C). The
lineage potential model yields a set of multipotent cells that can differentiate into any mature
lineage, generating a natural identification of these cells with the ”stem branch” from which
all successive branches originate. Downstream of the stem cell branch, a large number
(n=61) of potential combinations are detected in the data, making it impractical to use these
subsets for further analyses. To solve this problem, I grouped lineages based on the statistical
association among lineages, evaluated using a multi-set intersection test statistic [107]. As
shown in Fig.4.3D, most potential combinations are detected in much higher numbers than
chance alone would entail. In principle, it is possible that the significance of lineage pairing
is solely a consequence of the stem cell branch, in which all lineages co-occur. In fact,
removing multipotent cells and repeating the statistical test yielded a much lower number
of significant associations (4.3E). By iteratively removing the cells of the highest potency
and testing for downstream associations (see Methods), I obtained a significantly reduced
set of significant associations (Fig.4.3F), exhibiting the following features:

• Erythroid and megakaryocytic, monocyte, and neutrophil fates are strongly associ-
ated. To a lower extent, the monocyte and lymphoid fates are paired too;

• Two prominent 3-fate associations are detected, assigning a highly significant pairing
of basophil fate with both myeloid and megE branches;
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• A higher-order association is only detected for the non-lymphoid lineages, indicating
early branching of the lymphoid cells.

The iterative testing procedure provides a quantitative measure of the hierarchical fea-
tures of haematopoietic differentiation. Although previous single-cell studies have proposed
amodel in which unipotent progenitors emerge independently from a ’cloud’ of HSPCs [95],
the significant associations between the fates obtained here strongly support a more classical
view of haematopoiesis, in which three main branches (lymphoid, myeloid, and megakary-
ocytic erythroid) emerge from a branch of the tip stem. On the other hand, in a strict,
tree-like differentiation topology, unipotent progenitors are expected to be only linked to
one upstream compartment. This is not the case either, as pairing monocyte and basophil
lineages with multiple other branches is incompatible with a tree structure. Interestingly,
basophil / mass fate has recently been associated with a Gata1-dependent pathway shared
with megakaryocytic-erythroid lineage [96] or with other myeloid lineages [108]. Since the
goal of the presented analysis was to group lineages in the most informative way, I opted to
incorporate basophil fate in the myeloid branch, given the higher significance of the associ-
ation.

In summary, combining an iterative procedure to define potentials with statistical testing
yields a quantitative picture of the hierarchy within the haematopoietic system.
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Figure 4.3 (previous page). A, Initial assignment of lineage potential based on pseudotemporal prob-
ability trend. For each lineage, cells whose probability exceeds the baseline probability threshold
(dashed line) are annotated as lineage-potent, starting with the erytrhoid potential (top left panel).
The addition of a potential classification for lymphoid potential (top right panel) creates potential
combinations, indicated by colour. As neutrophil and monocyte potentials are added (bottom pan-
els), multiple lineage combinations are created in the data. B, Schematic representation of iterative
refinement of the potential model: downstream of {A,B,C}-potent cells, a branching event generates
the unipotent branch {A}. Due to the normalisation of the probability, the baseline probability for
fates B and C in the remaining cells is artificially increased. To compensate for this, a new threshold
is selected based on the probability of {B,C}-potent cells (purple), which is used to reassign potential
in downstream cells, resulting in loss of B potential in the dark purple cells. Right: Depiction of the
net effect of the iterative refinement of the potential model on a dimensionality reduction embedding.
C, PHATE embedding coloured by lineage potential for each fate. D, Visualisation of multi-set in-
tersection significance results. Fate combinations are displayed in the central tiles and ordered on
the basis of the p-value, while the height of the bars is proportional to the number of cells in the in-
tersection. Significant combinations (p-value < 0.05) are indicated with black bar outlines. E, Same
as D, but comparisons are made after removal of tip stem cells. F, Results of iterative testing of fate
combinations: 5-fate combinations were tested after removal of 6-potent cells, 4-fate combinations
after removal of 5-potent cells, etc., resulting in six fate combinations that are significantly enriched
in the dataset.

4.6 Branchingmodel detects LT-HSC split, choice between
lymphoid commitment and proliferation

Building on the findings of the previous analysis, I defined discrete partitions of the data
in terms of putative differentiation output, and compared them with sorted populations,
proliferation estimates, and chromatin clusters. I categorised cells based on their poten-
tial to develop along any of the three identified branches, namely lymphoid, myeloid, and
megakaryocytic-erythroid (megE). In this way, I obtained a simplified partition of the data
into potential combinations, including lympho-myeloid and myeloid-megE intermediate
progenitor stages, recapitulating previous studies that identified populations exhibiting sim-
ilar patterns of lineage bias using transplantation and lineage tracing data [96, 109], (4.4).
Comparing the inferred brancheswith the original gates used to sort the cells reveals a clearer
understanding of branch emergence within phenotypic compartments:

• Although a small portion of MPPs are labelled as stem cells (17%), the majority are
already classified as having restricted lineage potential in one of the other branches;

• Amore significant proportion of ST-HSCs belong to the stem cell branch (56%), while
another considerable subset falls into either the lymphoid or lympho-myeloid branch
(29%);

• Most LT-HSCs are labelled as stem cells (65%), but a substantial number of LT-HSCs
(33%) have lost their lymphoid potential and are classified as myeloid-megE. This
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observation supports the reported lineage bias of Sca-1lo HSCs discussed in Chapter
2.

The resolution of the branching model can be enhanced by dissecting each of the ma-
jor branches into their constitutive lineages and their relative combinations, as shown in
Fig.4.4C. Pseudotemporal analysis of this higher-resolution version of the branching model
shows how the unipotent myeloid and megE branches emerge for higher pseudotemporal
values (Fig.4.4D).

The outcome of the branching model can be used to examine the proliferative trends in
the dataset in further detail. Consistent with the previous result, branches with lower pseu-
dotime are less proliferative, with the oligopotent branches presenting intermediate values
between stem cells and committed branches. Interestingly, the lymphoid branch constitutes
an exception to this trend, given its low proliferative score (Fig. 4.4E). Next, I directly
compared proliferation and lineage emergence by determining differentiation trajectories
for each of the identified endpoints and measuring the portion of proliferating cells in each
pseudotemporal bin. As shown in Fig.4.4F, proliferation and lineage emergence are gen-
erally linked, while the lymphoid trajectory shows lower cell cycle activity. Interestingly,
prior analysis of lineage/proliferation onset placed the emergence of the lymphoid lineage in
pseudotemporal proximity of the proliferation onset event, suggesting that the initial deci-
sion made by stem cells involves choosing between lymphoid commitment and proliferative
activation. The inverse relationship between lymphoid potential and proliferation appears
to be rooted in the molecular regulation of the key lymphoid transcription factor Tcf3, as its
knockout induces hyperproliferation and loss of lymphoid potential [110].

Lastly, I compared the branching model with the chromatin clusters identified in the pre-
vious chapter. Specifically, I calculated the proportion of cells that exhibit potency in any
of the described lineages. As demonstrated in Fig.4.4G and Fig.4.4H, clusters detected in
the progenitor gate are predominantly unipotent, while some clusters display a myeloid and
lymphoid-myeloid potential. Interestingly, clusters 1 and 7, which exhibit similar transcrip-
tomes but distinct chromatin structures, differ in erythroid, megakaryocytic, and neutrophil
potential, implying a subtle bias toward these lineages that cannot be identified using tran-
scriptional information alone.
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Figure 4.4 (previous page). A,C, Visualization of main (A) and expanded (C) branches obtained
merging potentials based on fate co-occurrence testing. B,D, Pseudotemporal distribution of sorted
populations across main (B) and extended (D) branches reveals that a significant portion of LT-HSCs,
ST-HSCs and MPPs have limited potential. E, Portion of cycling cells in each of the main branches.
F, Portion of cycling cells across multiple trajectories. Cells are binned based on pseudotime and
the portion of cycling cells is quantified for each bin within each lineage. G, Proportion of lineage-
potent cells for each of the ATAC clusters detected in Chapter 2. H, Pseudotemporal distribution of
ATAC clusters.

4.7 Discussion

A much-used representation used to describe differentiating cells is the Waddington epige-
netic landscape [35], in which a differentiating system is depicted as a system of valleys and
hills along which cells roll down from a multipotent to a committed stage autonomously.
In the haematopoiesis system, the starting point of this descent is represented by long-term
HSCs; a population characterised by a low differentiation rate (few differentiation events per
cell per year [102]), balanced by equally rare self-renewing divisions. These kinetic rates
indicate that stem cells are in a relatively stable state, represented as a valley in theWadding-
ton landscape at the very top of the epigenetic landscape. Accordingly, previous trajectory
inference work has theorised that such metastable states would manifest in single-cell omics
datasets as dense regions along differentiation trajectories [18, 111]. Puzzlingly, single-cell
sequencing experiments featuring the top haematopoietic compartments have yielded a con-
tinuum of cellular states [99,112], in which clusters are largely overlapping and not clearly
separated [58, 100]. These studies sample LSK populations more densely to gain enough
statistical power to identify relevant subpopulations within the LSK gate at the cost of losing
information relative to cell density along the maturation paths. Conversely, unbiased sam-
pling of LS-K cells inevitably causes the comparatively large number of heterogeneous pro-
genitors to determine the features selected for downstream analysis, thus effectively “drown-
ing” stem cell heterogeneity in favour of more prominent branching events [98,113]. In this
chapter, I showed how, by combining feature selection on the LSK-dense dataset and trajec-
tory inference on its unbiased subsample, the divide between the tip HSCs and their progeny
can indeed be observed as a low-density interval at low pseudotemporal coordinates, thus
delineating a single-cell chromatin landscape that accommodates the slow kinetic aspects
of haematopoiesis discovered in lineage tracing experiments [11, 102, 114].

Downstream of this initial state, differentiation progresses towards terminal differentia-
tion in a series of bifurcating events that combine to originate intermediate progenitor states.
The computational inference of such intermediate states requires clustering [21, 22, 97] or
constraining the available topologies [18, 80]. While previous work has identified such
states by defining a probability threshold based on stem cells [108], this approach is limited
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in the presence of successive bifurcations. Here, an iterative thresholding method was intro-
duced to define branches that could, in principle, be tested against various acyclic topologies.
Using this approach, I defined intermediate progenitor states, evaluated their statistical sig-
nificance, and thus quantified the amount of hierarchy in the haematopoietic system. The
outcome of this analysis shows a strong hierarchical association of monocyte and neutrophil,
megakaryocytic, and erythroid fates, as often reported in the literature, thus speaking against
a ’cloud’ model in which lineages emerge individually from a lowly primed set of HSPCs.
Nevertheless, pairing monocyte and basophil fates with multiple other lineages suggests
that the topology cannot be strictly defined as a tree, in which each leaf descends exactly
from one branch. The work presented in this chapter supports an acyclic-directed graph as
the most likely topology of the haematopoietic system using unbiased, data-driven parti-
tions inferred using trajectory inference. Importantly, rather than being a consequence of
the clustering algorithm and resolution chosen to discretise the data, this outcome emerges
from the significance of potential combinations directly inferred on trajectories. By further
refining the branching model to extract lineage-specific trajectories, I observed that down-
stream of the previously reported early stem cell state, the first molecular decision taken by
stem cells is likely to be between lymphoid commitment and proliferative activation. This
observation aligns with the findings presented in Chapter 2, where proliferation rates are
largely different across the Sca-1-defined branches and is grounded on molecular regula-
tion of the lymphoid lineage, whose emergence is compromised in response to proliferative
activation caused by genetic alteration [110] or immunological challenges [76, 115].

However, the procedure proposed here has some limitations. In the first place, the thresh-
old used to classify the potency of cells is arbitrarily set at a fixed percentage (90%) of the
baseline probability shown in early stem cells. The dependency of computational pipelines
on arbitrary hyperparameters is a prevalent issue in most single-cell methods.

A more fundamental limitation of the work presented here involves the relationship be-
tween time and its computational counterpart, pseudotime. Despite its naming, the pseu-
dotime simply measures the distance between a root cell and any other cell on a manifold.
Assuming that states close to the root one are reached following a proximity order, one
can consider pseudotime as a monotonic function of physical time. This assumption is no
longer valid for branching processes, since the speed at which successive states along differ-
ent branches are reached might differ, implying that comparing pseudotime between cells
placed after branching events is not meaningful. More generally, in a multi-dimensional
manifold, it is not guaranteed that different directions will be covered at similar speeds. De-
spite recent advances in pairing pseudotime with physical time using RNA velocity, the lat-
ter is riddled with technical and conceptual limitations that limit its applicability to systems
characterised by higher kinetic rates, rendering it unsuitable for haematopoiesis [116, 117].
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The drawbacks described can help contextualise some of the findings described in this
chapter. For example, I showed how the lymphoid lineage is the first to emerge in pseu-
dotemporal order, indicating an early differentiation event. On the contrary, lineage trac-
ing evidence has repeatedly demonstrated that label induced in LT-HSCs of the tip reaches
lymphoid-biased cells last [102, 118]. Taken together, these findings suggest that the lym-
phoid fate is specified early within the LSK compartment, but actual differentiation is slow,
due to the high self-renewing capacity of lymphoid-biased progenitors. Interestingly, a pop-
ulation characterised by lymphoid bias and a near complete self-renewal of embryonic origin
has recently been described in [119], although its kinetic and dynamic properties are yet to
be proven to be distinct from their mature counterparts, LMPPs. Lymphoid emergence is a
prime example of how single-cell omics technologies and fate mapping can be integrated to
gain deeper insight into differentiation systems.

Notwithstanding the listed caveats, obtaining the pseudotemporal ordering of branching
events is paramount in defining the intermediate states between multi- and uni-potent stem
cells. In future developments of this work, data from paired transcriptional and lineage
tracing datasets ( [27,108,120]) will be mapped onto the multi-omic landscape and used to
reconstruct the kinetics that unfold over the state landscape of steady-state haematopoiesis.







Chapter 5

Molecular regulation of haematopoietic
differentiation

5.1 Introduction

In the previous chapter, I used trajectory inference and mathematical modelling to quantita-
tively describe lineage emergence in haematopoiesis. In this chapter, I describe the molecu-
lar interactions that contribute to the generation of the haematopoietic landscape, focussing
on the interaction between the transcriptional and chromatin layers.

Multilineage priming is a key concept in the regulation of cell differentiation. The term
was initially used to describe the early co-expression of genes expressed by competing
branches in HSPCs [121, 122]. These observations lead to a permissive model of commit-
ment, in which the initial opening of gene and enhancer loci for all possible fates is followed
by restriction of alternative fates during commitment, as suggested by the detection of open
chromatin loci for conflicting lineages prior to commitment in MPPs [43,44,123]. Alterna-
tively, lineages can be established by de-novo opening of chromatin regions that regulate a
specific fate. Current estimates of the balance between de-novo establishment and restric-
tion of alternative fates have been limited by the reliance on bulk analysis [43, 44, 123] or
clustering methods [43, 124], which confines the analysis to discrete populations. More re-
cently, a looser definition of lineage priming has emerged in single-cell sequencing studies.
In recent scRNA-seq studies [95, 100], priming refers to the potential to infer cellular fate
based on the expression of a few key markers. However, a study employing single-cell tran-
scriptomics paired with lineage tracing indicates that transcriptional data alone contain little
information on early lineage commitment [27].

In current work [74,124], lineage priming refers to the possibility that information about
fate decisions is available in a subset of epigenetic or transcriptional features before they can
be observed phenotypically. Now, single-cell multiomic data allow us to empirically test
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how transcriptional and epigenetic layers are temporally related: pseudotemporal ordering
which can be compared against transcriptional or chromatin features to establish the order
of molecular differentiation events. In [48], a systematic comparison of gene expression
and correlated ATAC peaks resulted in the detection of substantial delay between the two
layers in stem cells differentiating in the hair follicle of mice. In the first part of this chapter,
differential expression and accessibility analysis are used to quantify how RNA and chro-
matin are regulated in the establishment of mature lineages. Next, I use two complementary
methods to quantify the amount of lineage priming that can be observed in the chromatin
features with respect to RNA.

Mechanistically, the interplay between chromatin and gene expression is mediated by
transcription factors (TFs). These proteins bind to specific DNA sequences, thereby facili-
tating or alternatively inhibiting the recruitment of RNA polymerase to target genes. Addi-
tionally, transcription factors often interact with chromatin remodelling complexes to com-
pact or decompact chromatin regions, influencing gene expression. The role of individual
transcription factors such as GATA-1, PU.1, and C/EBPα has been extensively studied [125],
revealing their importance in lineage commitment and cell differentiation. However impor-
tant the singular contribution, the diversity of TF regulation involves interaction, through
regulation of TF themselves and the regulation of common targets. A natural way to encode
these complex interactions is through gene regulatory networks (GRNs), which provide a
schematic representation of interactions between transcription factors, epigenetic modifiers,
and other regulatory elements. In this framework, the links between a TF and a gene are
often weighted based on whether the relationship is activatory or inhibitory. Understanding
these networks is essential to elucidate the mechanisms underlying normal and pathologi-
cal haematopoiesis. Advances in single-cell sequencing technologies have facilitated more
comprehensive analyses of these GRNs, offering new perspectives for targeted therapeu-
tic interventions. Despite these recent technological advancements, scRNA-seq alone has
proved so far ineffective in reconstructing causal networks, mainly due to the difficulty in
disentangling correlations from causation in transcriptional datasets [50]. The availability
of paired transcriptional and chromatin assays has led to improved GRN inference strate-
gies that proved more effective in extracting significant links between TFs and downstream
targets [126]. In the second part of this chapter, I use a recently developed GRN inference
tool on the haematopoietic dataset to investigate the core aspects of haematopoietic differ-
entiation and identify the drivers of lineage commitment in haematopoiesis.
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5.2 Molecular analysis of commitment uncovers hierarchi-
cal regulation of lineage markers

Initially, I sought to obtain a molecular description of commitment across lineages using dif-
ferential expression analysis on differentiation-relevant features (seeMethods). I performed
differential expression testing between stem cells and tips of the detected lineages for both
upregulation and downregulation of RNA and ATAC features (Fig. 5.1A) Given the inter-
mediate position of the basophil lineage and its low cell numbers, I excluded it from this
section of the analysis). It has to be noted, however, that while the myeloid and megE lin-
eages are clearly separated in the progenitor population, the cells with the highest lymphoid
signal are likely to be phenotypic LMPPs, whose commitment to the lymphoid lineages is
not yet complete [127, 128]. Accordingly, RNA features are mostly differential in megE
and GM lineages in both directions, with a consistent portion of markers shared between
the two branches. Over-representation analysis of these features indicates that translation is
enhanced, likely due to increased cell cycle activity required for amplification, while stem
cell features are downregulated (Fig. 5.1B). Differential Availability Region (DAR) anal-
ysis is dominated by downregulatory events, as reported in [123], favouring a permissive
model for commitment. Interestingly, I detected the most opening events in the lymphoid
lineage, of which a substantial amount is shared with the GM branch. On the other hand,
this branch displays minimal closing compared toMegE and GM branches. Given the lower
commitment of LMPPs with respect to their myeloid and megE counterparts, this analysis
indicates that, while lymphoid gene opening is robustly established in lymphoid MPPs, the
potential for at least GM lineages is retained (as discussed in [127, 129, 130]), as suggested
by the paucity of downregulation/closing events. The large amount of closing events shared
with the GM lineages is likely linked to the loss of megE competence, already detected at
the LMPP level ( [76]).

Next, I sought to investigate the pseudo-kinetical aspects of opening and closing by fit-
ting monotonic functions for each of the detected markers and detecting their half-saturation
constant (see Methods).

As shown in Fig.5.1C, both upregulation and downregulation tend to follow a hierar-
chy, in which genes/regions co-regulated across branches are affected earlier, while lineage-
specific ones are affected later. Moreover, by aggregating regulation pseudo-series by assay
and direction of regulation, consistent precedence of downregulation with respect to upreg-
ulation is shown in Fig.5.1D. However, this analysis shows no clear succession between
ATAC and RNA regulation, as chromatin and transcriptional features are not linked. In
summary, systematic analysis of differentiation features favours a predominantly permis-
sive model of lineage commitment, in which features are hierarchically regulated to origi-
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nate the unipotent branches in the data. In the next section, I pair RNA and ATAC features
to investigate lineage priming between these layers.
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A - Co-occurrence of upregulated and
downregulated features across branches

B - Enriched pathways for genes co-regulated in
GM and MegE branches

D - Pseudotemporal activation of differential
features (grouped by assay, direction)

C - Pseudotemporal activation of differential features
(grouped by lineage co-occurrence)
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Figure 5.1. A, Overlap between differential features across major branches in RNA and ATAC
(DAR stand for Differentially Accessible Regions). GM and MegE lineages share a large number of
regulated features in both assays. B, Over-representation analysis of gene sets in the Curated Msigdb
category for RNAmarkers shared between GM andMegE branches. The x-axis indicates the number
of genes in each category, color indicates significance. C, Each dot in the violin plots indicates the
half-saturation pseudotime for differential features, stratified by assay and direction of regulation. In
most cases, shared features are up/down-regulated prior to the assay-specific ones. D, Comparison
of half-saturation pseudotime across assays and direction. The typical sequence of regulation events
is: closing of stem regions in ATAC, downregulation of stem markers expression, the opening of
lineage-specific peaks, upregulation of lineage-specific RNA markers.
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5.3 Priming analysis unveils chromatin priming around the
promoter region

Next, I paired RNA and ATAC features to measure whether a consistent delay could be
detected between the two layers. To do this, it is crucial that transcriptional and chromatin
features are paired. To achieve feature pairing, I used two approaches that combine RNA
expression with chromatin availability in both the gene body region and in distal correlated
peaks:

• The Gene Score Metric (GSM), as implemented in ArchR [131], quantifies chromatin
accessibility around the gene body. It aggregates accessibility across the entire gene
body, applies distance-dependent exponential weighting for potential distal regulatory
elements, and sets boundaries to exclude neighbouring genes. While in scATAC-seq
analysis this metric is typically used as a proxy for gene expression, in this work I used
it to measure the accessibility of the promoter and gene body regions, thus comparing
it to actual RNA measurements to quantify lineage priming (Fig. 5.2A);

• DORCs, or Domains of Regulatory Chromatin, are peaks correlated to gene expres-
sion. To associate a DORC score to a specific gene, the counts in all peaks signif-
icantly correlated with the target gene expression are summed. DORCs have been
reported to play a role in the priming of active chromatin states, with chromatin in
DORC-regulated genes becoming accessible prior to induction of the corresponding
gene expression [48]. Although in its default implementation, all peaks are retained,
in my analysis I focused on more distal regions (i.e., peaks distant at least 103 bp) to
provide a complementary measurement to the Gene Score (Fig. 5.2A) that focuses on
putative enhancers.

For bothGSMandDORC computation, I restricted the analysis to upregulated lineagemark-
ers described in the previous section, while downregulated markers are included in the stem
category, as most of them are shared across lineages (Fig. 5.1A).

Once these two methods are used to extract chromatin features linked to RNA expres-
sion, the pseudotemporal ordering of cells along trajectories is used to generate pseudotem-
poral series (or pseudoseries) that capture the expression of features as differentiation pro-
gresses downstream of tip stem cells (Fig. 5.2A). If such series display monotonic be-
haviour, the half-saturation constant computed on the smoothed data can be used to quantify
the priming of chromatin features relative to RNA, as described in [48]. Quantification of
pseudotemporal activation delay requires that the considered pseudoseries display a mono-
tonic behaviour. To discriminate between monotonic and non-monotonic pseudoseries, I
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compared two regularised models used to smooth the data: an unconstrained b-spline and a
monotonic spline using positive coefficients. The log-likelihood of the competing models
is similar for monotonic series, while nonmonotonic trends show a higher likelihood for
the unconstrained b-spline model (Fig. 5.2B, see Methods). Non-monotonicity is detected
mostly in RNA pseudotime series, especially in basophil, erythroid and megakaryocytic
lineages (Fig. 5.2C). Features that are labelled as non-monotonic are excluded from the
quantification of priming, as half-saturation constants are not interpretable in these cases.

DORC detection returned an extensive list of genes potentially regulated by nearby chro-
matin peaks for each lineage (Fig. 5.2D), whose aggregated expression was tested for prim-
ing.

I quantified lineage priming in monotonic trends as previously described. Overall, the
distribution of the priming delay is spread around zero. Remarkably, the median priming
values indicate a slight precedence of RNA expression over DORC features (Fig. 5.2E).
While this observation requires further analysis, it is worth noting that the detection of
DORC features is based on correlation, and thus opening or closing of peaks that are anno-
tated as putative enhancers might be caused, rather than caused, by upregulation or down-
regulation of lineage markers. In other words, detected peaks could be correlated with RNA
expression because they are placed lower in the regulatory cascade that unfolds during dif-
ferentiation.

Conversely, GSM priming measurements show that, in general, the opening of the chro-
matin around the gene body precedes the expression of RNA in all branches except the
stem, which includes genes down-regulated during differentiation (Fig. 5.2F). Of particu-
lar interest is the large amount of priming detected in the lymphoid lineage, whose priming
dynamics have been discussed in [132].

Overall, while priming using DORCs cannot be readily interpreted due to the lack of
directionality between chromatin opening and RNA expression detected using correlation,
GSM analysis offers evidence of a small but consistent amount of lineage priming in chro-
matin with respect to RNA.
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Figure 5.2 (previous page). A, Schematic representation of lineage primingmetrics: gene expression
is directly compared against pseudotime, while ATAC reads are used to generate both Gene Scores,
indicative of accessibility in the gene body region, and DORCS, summarizing accessibility in peaks
correlated with gene expression. B, Left: Pseudotemporal series are fitted using both a monotonic
and an unconstrained model. The Likelihoods of gene-specific models are compared to detect non-
monotonic trends to exclude from the analysis. Right: Example of a monotonic pseudoseries (Pf4), in
whichmonotonic and unconstrainedmodels completely overlap, with a non-monotonic one (Rpl37a),
where the unconstrained model outperforms the monotonic one. C, Quantification of non-monotonic
pseudoseries across assays and lineages reveals that RNA is generally less monotonic. In particular,
18 % of basophile and erythroid markers show a nonmonotonic behaviour. D, Results of the DORC
detection pipeline. For each lineage, the genes whose expression is correlated with a high number
of peak accessibility are labelled. E, F, Difference between half-saturation pseudotime between
RNA and DORC (E) or GSM (F) monotonic trends is reported for all lineages. In most cases, RNA
regulation precedes DORC dynamics and follows GSM opening/closing.

5.4 Gene Regulatory Network inference resolves regula-
tory heterogeneity

Next, I used a gene regulatory network inference framework to establish the regulatory link
between RNA and ATAC features that are rooted in molecular interactions between tran-
scription factors and their targets. I used cellOracle, a method that leverages both ATAC
and RNA to infer GRN [53]. This method comprises different steps: first, for each gene,
the co-accessibility of its transcription starting site (TSS) and nearby peaks (within a 106bp
window) is computed. The co-accessible peaks are then tested for TF motif enrichments,
yielding a set of potential TF-target interactions. In the last refinement step, the RNA ex-
pression of each target gene is predicted using a regularised linear model with candidate TF
expression as input. Regression coefficients that are significantly different from zero are
retained and represent the links in the GRN model (5.3A). The resulting network links tran-
scription factors to putative target genes, together with a signed coefficient that indicates
the inferred strength of activation or inhibition. To detect heterogeneity in how target genes
are regulated by transcription factors, the last step involving refinement through regularised
regression is performed separately for each of the sub-populations in the data. In this work,
I used the high- and low-resolution branches defined in the previous chapter to investigate
the dynamic aspects of haematopoietic regulation. I selected 127 transcription factors and
920 target genes based on unbiased feature selection using mean-variance relationships and
added a few further transcription factors whose role in haematopoiesis has been consolidated
in previous studies [133–135] (see Methods).

Methods that infer gene regulatory networks on scRNA-seq data alone are often con-
founded by the detection of an excessive amount of links between transcription factors and
their targets. As shown in Figure 5.3B, the inclusion of chromatin information and regular-
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isation increases the sparsity of the inferred networks, prunes a large number of redundant
interactions, effectively reducing the number of links by roughly an order of magnitude.
As shown in Fig. 5.3C, the majority of the significant links across branches are positive,
suggesting that activation is slightly more prevalent than inhibition in the inferred networks.

To gain an overview of the features of the inferred network, positive links were embed-
ded in the stem cell network using a force-directed layout (Fig. 5.3D). In this representation,
nodes represent genes, which are coloured based on the branch in which they are expressed
maximally. Surprisingly, while most genes reflect the colour of the stem branch, multiple
genes expressed in different branches are present.

To analyse this observation, I grouped genes based on the lineage of maximal expression
and aggregated the regulatory interactions between lineage genes across the main branches
(see Methods). As shown in Figure 5.3E, regulation is not exclusive to genes expressed in
the branch under consideration, but involves multiple lineages simultaneously. The regula-
tory difference across branches lies in the switch from overall activating to inhibitory inter-
actions between lineages. For example, the interactions between lymphoid and neutrophil
genes are overall positive in the stem cell branch, but turn negative in the lympho-myeloid
progenitors and downstream compartment, indicating how lineage-specific factors inhibit
opposing lineages as differentiation progresses. Similarly, the initial co-activation between
monocyte and neutrophil markers turns inhibitory in the myeloid branch, in which the two
lineages become mutually exclusive. A similar downward trend is observed between neu-
trophil and basophil, lymphoid, and monocytic lineages (although the overall regulation in
the latter never turns fully inhibitory). By contrast, interactions between basophil, erythroid
and megakaryocyte branches are inhibitory from the start, with growing intensity as differ-
entiation proceeds downwards.

Next, I set to further resolve regulatory interactions by inferring regulatory networks for
the high-resolution branches detected in the previous chapter, resulting in twelve regulatory
networks featuring thousands of significant links among TFs and target genes. To interpret
this large amount of data, I reasoned that the regulatory importance of a gene or a tran-
scription factor in a network is encoded in its centrality (here measured using eigenvector
centrality [82]). Each of the initially selected features has a different centrality score across
the inferred networks, resulting in a feature matrix that can be deconvoluted using PCA.
In Fig.5.4A, original features are projected on PC2 and PC3, displaying how similarity in
regulation can be broadly grouped into three major groups involving stem and lymphoid,
myeloid and megakaryocyte-erythroid branches. Notably, while the statistical tests based
on trajectory inference presented in the previous chapter suggested slightly closer associa-
tion of basophils with the myeloid lineages, this analysis groups the basophil lineage with
megakaryocytic and erythroid cells. This association is confirmed when computing overall
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A - Overview of cellOracle network inference (adapted from Kamimoto et.al, 2020)

B - TF-target links D - Network of positive links in Stem network
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Figure 5.3 (previous page). A, Overview of cellOracle pipeline. Left: Potential connections between
TF and target genes are detected based on motif analysis of co-accessibility patterns between TSSs
and ATAC peaks to generate a base GRN. Centre: Regularized MLmodels are used to prune connec-
tions based on the expression of transcription factors. Right: Regularized regression is performed
in each partition to obtain context-dependent GRNs. B, Number of links detected in the base GRN
and in the final regularized network. Transcriptional-dependent regularization reduces the number
of links by a factor of 10. C: Distribution of link weights in branch-specific GRNs displays higher
prevalence of positive regulation across branches. D, Force-directed embedding of positive links
in the stem network, in which each node (gene) has been coloured based on the branch of maximal
expression. E. Overall interactions between lineage markers in each of the branch-specific networks.
Each panel refers to a different branch, while each dot represents the aggregate interaction between
lineage markers of row and column lineages. The size and colour of each dot indicate the overall
strength and direction of inferred regulatory interactions.

correlation across the branches (Fig. 5.4B), in which the three major groups are reproduced
by using hierarchical clustering.

At the gene level (Fig. 5.4A, right panel), most genes occupy the centre of the landscape,
while known lineage markers are detected in correspondence of the myeloid (Cebpb, Elane,
Spi1), stem/lymphoid (Hlf, Satb1) and megE (Gata1, Apoe, Fli1) branches.

Of particular interest is the centrality of transcription factors, whose expression causes
the regulatory heterogeneity so far described. I selected TFs whose centrality is highly
dynamic across branches, thus repeated the hierarchical clustering analysis (Fig. 5.4C).
While the resulting clusters are similar to the previous descriptions, it is clear here how the
Gata factors are the main drivers of megE and basophil branches, while the stem cell state
is dependent on a handful of Klf factors. Finally, myeloid lineages are strongly enriched in
Spi1 (encoding PU.1) and Cebpb.

A more detailed regulatory analysis can be achieved by comparing gene centralities in
a pairwise fashion, as shown in Figure 5.5. In particular, this comparison outputs Gata1
as the primary driver in the emergence of megE and basophil branches from stem cells,
while Gata2 is also differentially central when these lineages are juxtaposed with lymphoid
and myeloid cells. Interestingly, the separation between basophils and megE is imputed to
genes (Auts2, Nrf1) whose role in this branching point is not studied yet, offering interesting
candidates for further investigation. On the other hand, lymphoid emergence is attributed
to Hlf and Klf factors, whose interactions and involvement in haematopoiesis have been
documented [136, 137], although the similarity in the binding motifs of such factors makes
it difficult to pin which specific ones are involved in lymphoid emergence.

Finally, I set to analyse the stem cell subsets detected using trajectory inference and clus-
ter mappability analysis (Chapter 3) and trajectory inference (Chapter 4) to gain a deeper
understanding of the regulatory roots of the detected heterogeneity. First I focused on regu-
latory differences between early stem cells and their immediate multi-potent progeny. Dif-
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B - Branches correlation of centrality scores C - Transcription factor centrality across branches
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Figure 5.4. A, PCA decomposition of gene centralities across gene networks computed on the ex-
panded branch model. Left: Branches projection on PC2 and PC3 results in three groups of branches:
myeloid, stem+lymphoid, and megE+baso, highlighting the regulatory similarities across branches.
Right: Gene projections on principal components unveil how regulatory heterogentiy is largely de-
pendent on a handful of lineage markers marked by large principal component projections. B, Pear-
son correlations between gene centrality scores across branches are hierarchically clustered, confirm-
ing the branch groups resulting from PCA decomposition. C, Hierarchical clustering of TF centrality
scores highlights regulatory determinants of regulatory heterogeneity across branches.
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A - Pairwise centrality comparison across hematopoietic branches
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Figure 5.5. Pairwise comparison of gene centrality scores across selected branches.
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ferential centrality analysis between the subsets yielded genes whose centrality is dynami-
cally regulated during the transition from early stem cells to multipotent progenitors (5.6A).
The early stem cell state is marked by high centrality of crucial transcription factors. In
particular, Egr1 has been assigned a role in keeping HSCs from proliferating and differen-
tiating [138], similarly loss of Klf6 results in a more proliferative and differentiated state
similar to ageing [139]. Nrxn1 and Ncam2 were first described in a neural context, but the
former acts as an inhibitor of proliferation in HSCs [140], while the latter encodes and adhe-
sion molecule that could play a role in physical interaction with the niche [141]. At the other
end of the spectrum, exit from the primitive state is associated with the regulation of Elf1,
a critical regulator of haematopoietic activation, involved in responsiveness to interferon
signalling [142], positive regulation ofMeis1 [143], and co-regulation of myeloid and lym-
phoid development together with Fli1 and Ets1 [144]. Intriguingly, the same transcription
factor is the main driver of the regulatory identity of the ATAC-specific cluster detected in
Chapter 3, together with Pou2f2, Nfia, andMef2c, whose role has been described in regula-
tion of the emergence of multiple branches [61].
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B - Differential centrality in atac7 cluster vs atac1 and
atac 9
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5.5 Discussion

In the present chapter, I investigated the molecular dynamics of haematopoiesis with a fo-
cus on the interrelationship between RNA and ATAC features. This exploration elucidates
the cis-regulatory dynamics that underpin lineage determination. First, I investigate how
haematopoietic commitment is achieved at the chromatin level. Two possible mechanisms
have been proposed: de novo opening of chromatin regions for specific lineages or ini-
tial openness followed by progressive restriction of alternative fates (permissive model).
Previous estimates of the proportion between the two mechanisms estimated between 50
% [43] and 70% [123] relying on a bulk-level analysis of chromatin data. Here I used the
scATAC-seq dataset to confirm that the permissive model is the dominant one in differen-
tiation. Moreover, leveraging the pseudotemporal ordering enabled by single-cell resolu-
tion, I established that the two mechanisms are likely to follow an order in which the clos-
ing of stem cell peaks precedes de-novo opening of lineage-specific regions, with a large
overlap between the two regimens. A similar transient state, in which downregulation of
stem features and upregulation of lineage-specific ones coexist, is described in [130, 145]
for the LMPP population at the transcriptional level, but here is shown for chromatin fea-
tures and all lineages. The in-depth analysis of lineage markers sheds further insight into
the combinatorial nature of haematopoietic commitment. Following up on the previous
findings on pseudotemporal onset of proliferation and lineage commitment, here I showed
that while myeloid and megakaryocytic-erythroid lineages upregulate metabolic markers
related to translation, the lymphoid branch shows little differences with respect to the stem
cell branch. This metabolic activation is accompanied, by several closing events on the
chromatin level, while the lymphoid branch follows the opposite trend, opening lymphoid
and myeloid-specific regions of DNA. This observation confirms the previously discussed
notion that lymphoid specification is not, at this level, accompanied by the exclusion of
myeloid fates [128]. This plasticity in lymphoid commitment is likely to be an important
element in response to challenges, during which lymphoidMPPs are temporarily re-directed
towards the myeloid branch to meet the increased demand for innate immune cells.

However, this is not the sole interpretation of the observed behaviour. It has to be noted
how the lymphoid end of the haematopoietic hierarchy here is phenotypically within the
MPP compartment, and thus less differentiated than its myeloid-erythroid counterparts. It
is possible that the observed metabolic activation and chromatin closing events occur more
downstream in the lymphoid maturation process, in the CLP compartment [132]. In addi-
tion, the effects described here do not account for the presence, within the lympho-myeloid
MPP compartment, of the recently described [119] embryonic MPP population that pro-
vides a lifelong contribution to the production of mature lymphoid and myeloid populations:
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the features observed in the lymphoid compartment could be a distinctive signature of this
eMPPs subset on the chromatin level.

Overall, I show here how commitment at the chromatin level follows a hierarchical order
inwhich sharedmarkers are regulated first, while lineage-specific ones are affected later, and
downregulation of stem markers happen before the upregulation of lineage-specific ones.

In the following analysis, I used mathematical modelling to quantify chromatin priming
with respect to RNA priming using both promoter and gene body accessibility as defined
in [131] and DORCs as defined in [48], which focus onmore distal elements. While analysis
using the GSM uncovered a consistent amount of chromatin priming, especially in lymphoid
and mk-ery lineages, the results from the DORC analysis seem counterintuitive, as in most
cases RNA upregulation precedes DORC opening, in stark contrast with what described
in [48]. As mentioned in the results paragraph, it is worth noting that in a model in which
regulation is a multi-step process where protein and chromatin interact in successive steps,
it is not guaranteed that peaks correlated to RNA expression are situated higher in the causal
(and thus temporal) chain that triggers transcription.

In the last section of this chapter, I used cellOracle [53] to infer branch-specific GRNs
and extrapolate putative causal links between TFs and target genes and extract dynamical
features of haematopoietic differentiation. In this case too, I observed a highly dynamic
regulatory landscape, in which differentiation is achieved by hierarchical steps of initial co-
activation, followed bymutual inhibition of lineage-specific markers. By inferring GRNs on
the high resolution branches defined in the previous section, I obtained a low-dimensional
representation of the regulatory landscape in haematopoiesis. Interestingly, the basophil
lineage, which was previously associated with both myeloid and megakaryocytic-erythroid
lineages, is here closer to the latter, although retains typical myeloid-associated factors,
such as Spi1. In general, this analysis showed how the haematopoietic diversity is can be
recapitulated by differential regulation by a limited number of transcription factors.







Chapter 6

Discussion

Running alongside biotechnological advancement, our understanding of haematopoiesis has
evolved to incorporate evidence from different modalities. As discussed in the introduction
chapter, each technology influences the theoretical framework used to describe the system.
For example, the transition from FACS-based analysis to single-cell sequencing technolo-
gies fuelled a shift in the description of the haematopoietic hierarchy, from homogeneous
discrete populations to a landscape of continuous states. In this thesis, I integrated lineage
tracing, single-cell RNA sequencing, and single-cell ATAC sequencing data to gain a more
unbiased description of haematopoietic commitment.

Each of the previous chapters includes a Discussion section, thus topics discussed here
pertain to topics that involve multiple chapters.
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6.1 The topology of the haematopoietic system

A key topic that I addressed in this thesis is the topology of the haematopoietic system.
Throughout the previous chapters, I used different methods based on the dataset at hand to
extract salient aspects of the differentiation hierarchy. The term “topology” itself under-
went a fundamental and yet perhaps overlooked evolution during the advent of single-cell
sequencing technologies: historical studies based on FACS and transplantation yielded a
tree-like model in which links between populations represented likely differentiation routes.
On the other hand, the renewed attention on molecular heterogeneity brought by scRNA-
seq shifted the emphasis on proximity relations rather than progeny, given how similar or
overlapping in the transcriptional landscape populations appear [26,58]. However, this ob-
servation could be a mere consequence of the visualization algorithms used to embed the
data in a two-dimensional layout: even when used on FACS data (usually featuring between
5 and 10 markers in their feature space), the same visualization methods (e.g. UMAP, t-SNE
and PHATE) return embeddings in which the gate-defined populations are highly overlap-
ping, due to the nonlinear nature of such methods [146]. Moreover, the interpretation of
such plots as a map of states that cells follow while undergoing differentiation is easiliy
prone to oversimplification: higher-dimension dynamics forced into a two-dimensional rep-
resentation result in chaotic behaviour [147], i.e. the high-dimensional trajectories that cells
undergo during differentiation are mapped to a discontinuous series of ”jumps” in the two-
dimensional embedding. Across this thesis, I used trajectory inference methods that account
for the higher dimensionality of the data [22, 24] and combined them with lineage tracing
data to robustly reconstruct differentiation pathways in haematopoietic datasets.

In the first chapter, this approach was facilitated by the availability of index-sorted data
that allowed to combine and compare lineage tracing data and transcriptional heterogeneity.
The multiomic dataset shown in the later chapters does not contain labelling propagation
evidence, but I leveraged its transcriptional layer to map trajectory inference results onto
fate mapping datasets.

Analysis of both datasets robustly confirmed the differentiation pathways leading to
megakaryocyte differentiation from tip stem cells:

• A subpopulation of HSCs can be labelled as tip multipotent stem cells: in Chapter
1 this subset was defined based on surface expression of EPCR, while in Chapter 4
pseudotime estimation yielded a locally dense cell-state with the lowest pseudotime;

• Downstream, a subset of HSCs is myelo-erythroid restricted and generates MkPs. In
Chapter 1, the subset was detected using stratification of LT-HSCs based on Sca-1
expression, while in Chapter 4 it was detected using the iterative lineage potential
model on trajectory inference data.
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However, while direct differentiation from HSCs to MkPs does not contradict the results
of Chapter 4, the multiomics dataset does not explicitly support the two alternative paths
as separate. Notably, the MPP2 subset, reported to have the highest MegE bias among
the MPP subsets [76], is not explicitly accounted for in the mathematical model used in
[148]. While this population cannot be the source of the fastly labelled CD48-/loMkPs (Supp.
Figure 8e in [148]), they are likely to represent an intermediate pathway between direct HSC
differentiation and progressive restriction through CMP and MEP. In other words, the two
distinct pathways might be opposite ends of a spectrum of possible input into the MkPs that
span HSCs, MPP2 andMEPs population. If that were the case, it is reasonable to expect that
there are multiple adjacent “entry points” that are similar both in terms of surface marker
expression (aside from Sca-1, MkPs and HSCs can virtually have the same surface marker
profile [69], thus resulting hard to distinguish solely based on chromatin similarity).

Moreover, flux estimates between populations available in [148] indicate that the daily
flow of cells from Sca1-/lo HSCs to MkPs ( 103 cells/day) is lower than the one from CMPs
to MkPs by a factor of 4.3, thus resulting in a pathway whose low cell density can compro-
mise direct observation on snapshot sequencing data.

The emergence of basophil/mast branch from HSPCs is another example of a tolpologi-
cal aspect of haematopoiesis that benefits from the integration of lineage tracing and single-
cell omics technologies. Initially grouped with the neutrophil branch due to their morpho-
logical and functional similarity, recent in-vitro and fate mapping evidence highlighted how
basophil andmast cell development are dependent onGata1 expression [96,149]. Moreover,
single-cell sequencing studies have highlighted the proximity between basophils and megE
branches using either tree-like hierarchical clustering of single-cell transcriptomes [113] or
two-dimensional embeddings [58]. On the other hand, several other studies link basophils
transcriptomes to both meyloid and megE branches based on high-dimensional modularity
analysis of clustering solutions [22], and trajectory inference constrained to tree topologies
(Supp. Fig. 6d in [80]). Moreover, recent fate mapping evidence suggests abundant input
from a myeloid GMP-like cluster [108]. These two lines of evidence are contradictory only
if haematopoietic differentiation is interpreted as a tree-like system, in which each mature
lineage has only one progenitor: using a clustering-free trajectory inference approach paired
with statistical testing, I was able to detect the link between basophil emergence and both
myeloid and megE branches. Nonetheless, gene regulatory network analysis clearly groups
basophils closer to the megE branch, indicating that Gata1-driven modulation of gene ex-
pression is likely to represent a necessary step along the path of basophil maturation.
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Another interesting aspect emerging from this analysis is the interplay between land-
scapes generated through single-cell sequencing and their dynamical behaviour. Most single-
cell sequencing studies correctly place MkPs close to HSCs. On the other hand, transcrip-
tional (and epigenetic) analysis also places the lymphoid region of the system close to LT-
HSCs, but all available lineage tracing evidence shows how lymphoid cells receive label
very slowly. One can speculate on what causes this dissonance: the computational steps
that produce trajectory inference and pseudotemporal estimates are built on a series of steps
that can bias the analysis. In particular, manifold distance registered by pseudotime is influ-
enced by the features selected, the normalization and the dimensionality reduction methods:
all these factors can affect the final result. But more importantly, the kinetic rates that regu-
late the flux between populations cannot directly be read using single-cell molecular assays.
For example, lymphoid MPPs are characterised by a high self-renewal tendency, contrary
to their MPP2 counterpart, as shown by the integrated approach followed in [108].

6.2 The interplay between transcriptional and chromatin
landscape

The earliest analyses of multiomic datasets were based on unpaired data, in which distinct
biological replicates would be used for different assays. This procedure is cheaper but cre-
ates the necessity to successively align modalities, a task that can only be performed by
assuming that the same topology underlies the two modalities. In general, some pipelines
are focused on integrating the two layers to create a unique embedding that incorporates
features from each modality. In this thesis, I compared transcriptional and chromatin layers
without integrating the two layers, but rather emphasizing the subtle differences between
the modalities and their biological significance.

A positive control for the detection of differential structures across layers is the cell cycle
signal: its prominence in RNA over ATAC is well documented [74] and confirmed in this
dataset. The availability of chromatin information, which is roughly independent of cell
cycle but can, at the same time, produce a fine-resolution description of the differentiation
landscape, allowed me to unveil how cell cycle is related to differentiation (for a description
ofwhy this is not possible on scRNA-seq data alone, see Chapter 4). From the outcome of the
Chapter 4 analysis, I could conclude that exit from the tip state in HSCs does not immediately
imply cell cycle activation, but rather an intermediate state in which stem features are lost,
followed by proliferation and onset of lineage programs.

In Chapter 3, a direct comparison of clustering solutions on both datasets revealed that
transcriptional profiling is more sensitive to cytokine signalling, while chromatin landscape
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can detect a cluster enriched in Ctcf motifs which has no transcriptional signature. Classi-
fication of these cells using the iterative potential assignment on t.i. results revealed that
they might be slightly biased towards the myelo-erythroid end of the differentiation spec-
trum, hinting at a lineage-primed cell cluster that cannot be detected using transcriptional
analysis.

Chapter 5 contains a more systematic analysis of lineage priming. The lymphoid lin-
eage shows a consistent signature of massive priming: while it’s the most similar to stem
cells transcriptionally, differentially accessible region analysis has shown that massive chro-
matin re-organization has already taken place at this stage. The single-cell resolution of this
multiomic dataset has allowed, in addition, to obtain pseudotemporal series of promoter
availability and compare it side by side with the transcriptional onset of lineage markers,
revealing chromatin priming in the promoter lineage for all the detected lineages. Alterna-
tively, the detected changes that accompany lymphoid differentiation may originate from
the embryonically-derived MPP biased subset described in [119]. However, aside from its
embryonic origin, the eMPP subset has a kinetic and molecular behaviour that is indistin-
guishable from HSC-derived MPP4, raising the question of whether its independent origin
has any further implications in differentiation.
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6.3 Future directions

Molecular decisions inside single cells depend on extremely diverse mechanisms, that in-
volve chromatin conformation, epigeneticmodification, transcription dynamics, post-transcriptional
effects, and protein degradation. Aside from extrinsic regulation, all these layers provide
a causal contribution in shaping the differentiation path that single cells undergo. Unsur-
prisingly, thousands of such mechanisms have been investigated in the literature, and their
impact on the haematopoietic system assessed. It has now become clear that it is unlikely
that one particular interaction has a hierarchical superiority over the others, but decisions
are an emergent property that needs a profound knowledge of the internal state of a cell to
dissect.

In this thesis, I integrated multiple data modalities to gain a deeper description of such
cellular states. However, inferring causal mechanisms that direct cell behaviour from snap-
shot data requires the adoption of strong assumptions that might limit the applicability of
the findings.

For this reason, a desirable future direction for this project is the integration of single-cel
barcodes from published datasets [27, 28] through transcriptional mapping, similar to what
is shown in Chapter 4 to validate trajectory inference.

However, it is important to note that the results displayed in this thesis were obtained
on a single multi-omic dataset. Two more replicates have so far been generated and find-
ings presented in this thesis on the topics of lineage priming, haematopoietic topology and
molecular regulation of commitment will be tested against biological replicates before pub-
lication.







Methods

In this Appendix I provide a more detailed account of the bioinformatic methods used to
obtain results presented throughout the thesis. When previously published methods were
used, the relevant publications are referenced. In the following text, methods are ordered
based on the Chapter and section in which they first appear. To facilitate reading, functions
from specific R libraries are indicated using the package::function syntax. Upon publica-
tion, the code used to produce results related to the multi-omic dataset will be published as
a repository. To facilitate

Chapter 2

Methods for Section 2.3

Preprocessing of scRNA-seq data

The function isOutlier from the R package scranwas used to detect and exclude quality con-
trol outliers (library size, detected genes, ERCC, and percentage of mitochondrial counts ).
Given that one plate used for Smart Seq2 exhibited a large number of poor-quality cells,
detection of low-quality cells in this plate was performed by comparison with QC val-
ues from the remaining plates. Normalisation was performed using the pooling method
(scran::computeSumFactors function) followed by scaling within each plate to account
for heterogeneous coverage (batchelor::multiBatchNorm). After observing poor mixing of
plates in dimensionality reduction plots, batch effects were corrected using a linear model
(limma::removeBatchEffectmethod). Feature selection was performed using variance mod-
elling on spike-in transcripts (scran::modelGeneVarWithSpikes blocked by plate) and selec-
tion of genes whose variance could not be fully ascribed to technical variation (biological
variance >0 and FDR< 0.05,), thus excluding cell cycle genes from the Gene Ontology
database. Selected features were used to compute PCA (scater::runPCA).
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Embedding using PHATE

PHATE embedding was computed using the phateR package on the first ten principal com-
ponents.

Scoring of transcriptional lineage sets

Lineage sets were obtained from [60] and scored using the Seurat::AddMosuleScore func-
tion.

Normalization of surface markers expression

Surfacemarkers expression was transformed using log10 transformation with a pseduocount
of 1.

Methods for Section 2.4

Gating on surface marker expression

Sca-1, CD48, and CD201 (EPCR) gating was performed by identifying the minimum in the
bimodal distribution of normalised surface marker expression in the considered population.
In cases where the distribution did not follow a bimodal distribution, I selected thresholds
that reflected the proportions of cells in each gate in the FACS experiments.

Computation of diffusion pseudotime

To compute diffusion pseudotime, I computed Diffusion Maps (destiny::DiffusionMap) on
10 PCs and used the cell with lowest PHATE1 coordinate as root, as it correlated with ex-
pression of stem markers.

Computation of PAGA graph

PAGA was performed using the python package scanpy package on the knn (k =15) neigh-
bourhood graph computed on the first 10 PCs.

Methods for Section 2.6

Gene sets pertinent to specific lineageswere retrieved from theMolecular SignaturesDatabase
(Msigdb; [63]) via the MsigdbR package, targeting the cell type-specific collection (C8)
through lineage-associated keyword searches. Overrepresentation analysis was subsequently
conducted using the clusterProfiler::enricher function. Similarly, Gene Set Enrichment
Analysis (GSEA) was implemented using the clusterProfiler::GSEA function.
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Chapter 3

Methods for Section 3.2

Cell calling and pre-processing

Each of the four samples was separately analysed using the R DIEM package [150] to iden-
tify debris and empty doublets based on the percentage of mitochondrial genes andMalat1.
Droplets whose debris score exceeded the default threshold of 0.5 were classified as debris.
Additionally, the package DropletUtils [151] was used to obtain an independent estimate of
empty droplets using the emptyDrops function with an FDR threshold of 0.001. Droplets
classified as non-empty by both methods were retained for further processing.

Cell quality filter was based on both transcriptional (library size, mitochondrial reads)
and chromatin (number of fragments, TSS enrichment) metrics. Cells that exceeded sample-
specific thresholds determined by the overall metric distribution were retained for down-
stream analysis.

The retained cells displayed a high amount of ambient RNA signal, likely due to residual
cytoplasmatic material during sequencing. To remove it, I used the celda::decontX function
[152] on each sample.

Normalization, feature selection and dimensionality reduction (scRNA-seq)

Ambient-corrected RNA counts were normalised using the pooling method from the scran
package [77]. Feature selection (n = 1000) was performed excluding genes involved in cell
cycle according to Gene Ontology (GO:0007049) and genes with high contribution to the
ambient RNA profile using the Seurat::FindVariableFeatures function.

Normalization, feature selection, and generation of feature matrices (scATAC-seq)

The tile matrix was obtained using the ArchR package [131] and reduced using the itera-
tiveLSI function. Clustering was computed using a resolution of 0.5 on the LSI matrix and
Peaks were called using the addReproduciblePeakSet function (n = 193554), thus the peaks
obtained were used to obtain a Peak Matrix using ArchR::addPeakMatrix.

To obtain a Motif Matrix, I used the addMotifAnnotations and addDeviationsMatrix
from the ArchR package using the cisbp database motifs [153].

Peaks were normalised using Signac::RunTFIDF to normalise peak counts and selected
using Signac::FindTopFeatures(min.cutoff =’q50’) to identify top accessible peaks (n =
96797). SVD reduction (analogous to PCA for scRNAseq data) was obtained using the
RunSVD function, followed by the exclusion of the first component due to the high correla-
tion with the number of fragments.
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Methods for Section 3.3

Transcriptional cell cycle annotation was obtained using the Seurat::CellCycleScoring func-
tion, while Seurat::ScaleData with the G2M and S scores as variables to regress yielded a
linearly corrected feature matrix. To produce the embeddings deriving from linear cell cycle
correction shown in Fig. 2C, PCA and UMAP (on 20 PCs) were computed using default
Seurat functions.

Next, principal component analysis (Seurat::RunPCA) and Independent component anal-
ysis (Seurat::RunICA) were performed on the selected features of the normalised expression
matrix. Components from both reductions that were maximally correlated to G2M and S
scores were compared (Fig. 2D) and, following the observation of the highest mappability
of cell cycle scores to ICs, the two components with the highest correlation to proliferation
scores were removed before computation of the UMAP embedding, effectively using 18 ICs
to compute the UMAP coordinates.

To compute assortativity scores, Diffusion Maps were computed for each of the cell
cycle regression pipelines (no regression, linear regression, ica-based regression) and com-
pared to the ATAC embedding. On each of these Diffusion Maps embeddings, a neighbor-
hood graph (k=30) on the first 20 diffusion componentswas computed (Seurat::FindNeighbors
(annoy.metric = ’cosine’, k.param= 30)) and assortativity quantified using the igraph::assortativity_nominal
function.

Methods for Section 3.4

Regression of diffusion components using complementary assay using RandomForests

As a preprocessing step, individual RNA and ATAC diffusion components were scaled be-
tween 0 and 1, and outliers outside 0.005 and 0.995 quantiles were trimmed to these quan-
tiles, as diffusion maps are known to assign extreme coordinates to few outliers, potentially
hindering the precision of the regression pipeline. Next, the randomForest::randomForest
function was used to train one model for each RNA component using all ATAC components
as predictor variables. The same procedure was repeated by inverting the roles and using
RNA to predict each ATAC component.

Clustering of Diffusion Maps embedding

Clustering on diffusionmapswas performed using the Leiden algorithm (Seurat::FindClusters
(algorithm = 4)) and a resolution of 0.3 and 0.7 for RNA and ATAC respectively. Cluster
markers were obtained using scran::findMarker on normalised RNA and TF motif matrices
with the following arguments: pval.type = ‘all’, direction = ‘up’, test.type = ‘wilcox’.
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Modularity analysis for RNA and ATAC clusters

Modularity between clusters was computed on the previously computed nearest neighbour
graphs using bluster::pairwiseModularity(as.ratio = TRUE) and normalised by dividing for
the modularity of single clusters. The difference in modularity across assays was quantified
as the difference between the log2 transformed normalised modularity scores across assays.

Purity analysis and marker detection

Neighbourhood purity was computed using bluster::neighborPurity(k=30) on the Diffusion
Map embedding of the relevant assay. To obtain modality-specific markers and motifs, the
scran::findMarkers function was used, restricted to clusters with a high number of cross-
modality neighbours (i.e. rna12 cells displayed a high number of ATAC neighbours in rna1
and rna3 and it was compared against them, atac7 was compared to atac1 for the same
reason).

Chapter 4

Methods for Section 4.2

Downsampling strategy

The proportions between cells in the LT-HSC, ST-HSC, MPP, and LK compartments were
computed based on the FACS experiment. Next, cells in the sequencing dataset were sam-
pled according to these proportions. Given that preserving the original proportions was
limited by the number of cells in the LK gate, the analyses that did not require an estimate
of cell numbers in the LK gate were performed using the same strategy only on LSK popu-
lations to retain more cells.

Projection on full dataset using shared nearest neighbourhood graph

Projection of pseudotime and cellRank differentiation probabilities onto the full dataset was
performed by assigning the missing metadata using a weighted mean over neighbours in the
Shared Nearest Neighbor (SNN) graph (k=20) in which the weight is assigned based on the
proportion of shared neighbours.
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Methods for Section 4.3

CellRank trajectory inference

The subsampled dataset was exported into adata format to enable cellRank inference in a
Python (3.9.12) environment. First, a knn graph (k=15) on LSI components was computed
(scanpy::pp.neighbors function). The cellRank pipeline can use different kernels to com-
pute the transition matrix between cellular states. Given the low reliability of velocity esti-
mates in haematopoietic datasets, I opted for a pseudotemporal kernel (cellrank.tl.kernels::
PseudotimeKernel). Next, to compute diffusion pseudotime (scanpy::tl.dpt function), the
root cell was selected as the one with the highest projection on the diffusion component
maximally correlated to stem score. The transition matrix was then computed using the cell-
rank:: compute_transition_matrix function. Next, among the macrostates obtained using
the compute_schur (using 20 components) and compute_macrostates (n_states =12) func-
tions, 8 were selected as terminal states based on the maximal expression of lineage markers.
Of note, while one of the endpoints in proximity of the basophil state was excluded due to
low enrichment of lineage markers, two terminal states displayed high monotonic scores,
and thus were both retained. The function compute_absorption_probability was then used
to compare terminal differentiation probabilities. The absorption probabilities for the two
monocyte states were summed.

Monotonic spline fitting for trend estimates (proliferation and lineage probability)

Prior to spline fitting, a dataframe containing the relevant quantities was generated:

• Proliferative trend: cells were grouped in bins with an equal number of observations
using the ggplot2::cut_number(n=50) function and counted the portion of cycling
cells (inferred phase ≠ G1) in each bin.

• Lineage probability (upwards): First, cells whose probability for the considered lin-
eage was lower than the threshold used for the potential model were excluded. Next,
lineage-potent cells were binned using the ggplot2::cut_number(n=50) function. For
each of the bins, the 0.9 quantile was used to robustly summarise upward probability
trend estimates and exclude outliers.

• Lineage probability (downwards): The same procedure for the upwards case was
repeated with no cells excluded and the 0.05 quantile to summarise each bin.

A basis of integral splines with 7 knots is generated in correspondence of the follow-
ing quantiles of the x range: {1/16, 1/8, 1/4, 1/2, 3/4, 7/8, 15/16} using splines2::iSpline.
Integral splines are built as integral of b-splines, thus non-decreasing by construction. To
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obtain a monotonic fit, I used the penalised package to constrain the coefficients to be non-
negative. In particular, the optL2 function was used to fit splines using ridge regression
(which features a penalisation term proportional to the square sum of the coefficients) whose
penalisation parameter was chosen using 10-fold cross-validation. To fit monotonically de-
creasing trends (i.e. in the downwards probability trend case) the metric of interest was
multiplied by -1 and fitted using the described method.

The half-saturation constant was computed by predicting the smoothed value on the
uniformly sampled pseudotemporal range and selecting the first value whose prediction ex-
ceeded half of the half-saturation value y1/2 = min(f(x))+0.5 · (max(f(x))−min(f(x))

.
The super-linearity constant was computed by computing incremental ratios on the uni-

formly sampled pseudotemporal range and reporting the first one that exceeded 1.

Methods for Section 4.4

SingleR mapping to published datasets

For each of the comparisons, highly variable features (n=300) that are not annotated as pro-
liferation markers or ambient genes were retained and the singleR::SingleR function was
used to annotate cells from the query dataset using reference labels. Cells with high la-
bel uncertainty, marked as the ones in which the score difference (delta) between the top
and second label was lower than an arbitrary threshold (set as the first quartile of the delta
distribution), were excluded from figure 4.2.

Methods for Section 4.5

Iterative model for branch assignment

Initial potential assignment For each of the detected endpoints (lymphoid, monocyte,
neutrophil, basophil, erythroid, megakaryocyte) a threshold for differentiation probability
was set as 90% of the mean differentiation probability of early pseudotime (pt < 0.15) cells
(see Fig.4.3A). Cells whose lineage probability is higher than the threshold are assigned
potential for that lineage.

Iterative refinement The initial potential assignment outputs for each cell a combination
of lineage potentials (e.g. mk + ery + mono + neutrophil). Downstream of the stem branch
(in which all 6 potentials are present), cells have a lower number of fates available (e.g.
cells that don’t have lymphoid potential have 5 possible fates left). I reasoned that, once
a fate is no longer available, the threshold for qualifying a cell as potent in a lineage A
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or not is better computed on the lowest-potent progenitor that includes A as an attainable
fate. For example, the threshold to assign neutrophil potential should not be computed on
mean probability of stem cells, but rather the mean probability of cells with mono, neut,
baso potential. The reason for this adjustment is rooted in the probabilistic assignment of
differentiation probability in cellRank and the normalisation of probabilities to sum to 1:
this means that cells with a low number of fates available have, by construction, higher
probabilities for all the reachable lineages. In the schematic example shown in Fig 4.2B,
the branching event generating the uni-potent branch A yields an increase in differentiation
probability towards B and C due to the normalisation of probability.

To compensate for this artefact, I generated a loop that, for each oligopotent branch
downstream of stem cells, detects downstream lineage potential combinations (e.g., the
{B,C,D} branch has {B,C}, {B,D}, {C,D} as downstream combinations) and sets a new
probability threshold based on the average probability for each fate available in the oligopo-
tent branch:

Algorithm 1 Cell Fate Analysis
1: for nfates in [6, 5, 4, 3] do
2: Identify unique root_branches ▷ e.g. ”mk.ery.baso”
3: root_branches← unique values of cellrank_potential_i for cells with ‘nfates‘
4: for each root_branch in root_branches do
5: Split root_branch into available_fates
6: available_fates← split root_branch by ’.’
7: Identify downstream cells for the current root_branch
8: downstream← cells with nfates-1 & corresponding to available_fates
9: for lin in available_fates do
10: new_threshold← 0.9 × mean(lin probability in root_branch)
11: cells_to_downgrade← downstream[lin probability < new_threshold]
12: potential[cells_to_downgrade]← potential[cells_to_downgrade] - lin
13: end for
14: end for
15: end for

PHATE embedding

PHATE embeddingwas obtained using the phateR::phate function (knn=30, t=10, decay=100)
on the LSI components of the ATAC layer 2 to 30 (LSI1 was removed due to high correlation
with number of fragments).
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Multi-set intersection testing

The significance of multi-set intersection was quantified using the supertest function from
the SuperExactTest package in R. Next, multi-set intersection testing was repeated after
removing the multi-potent branch, to remove its influence on the significance of association
between lineages.

However, this is not sufficient, as the null hypothesis of a hyper-geometric distribu-
tion includes an expected amount of multi-potent cells, thus removing all multi-potent cells
would skew the results in the opposite way, i.e. lower the significance of overlaps artifi-
cially. Thus, in practice, unbiased estimation of overlap significance requires to “add back”
some multi-potent cells in agreement with the prediction of the null model.

Let’s considerK independent lineages andN cells in total. The goal of this computation
is to compute the number of multi-potent cells to ad back (termed s) such that it fulfills the
null hypothesis of lineage independence. For each fate k, nk potent cells are present in
the dataset. It follows that the probability of observing K-potent cells after adding s multi-
potent cells is:

∏K
k=1

nk+s
N+s

. This quantity needs to be equated to the frequency of added
multipotent cells: s

N+s
. The resulting equation was solved by generating a range of integers

from 1 to N and selecting the best approximate solution. This procedure was implemented
in R and used to adjust the significance in all the comparisons shown in Fig.4.3F.

Branching model

The main branching model was obtained by grouping lineages according to the maximum
association detected in the previous stage: myeloid includes monocyte, neutrophil and ba-
sophil fates, megE includes megakaryocytic and erythroid, and lymphoid is unaltered.

In the expanded branching model, the main branches were retained unless a cell only had
potentials belonging to the same branch, in which case the explicit potential combination
was used to assign the branch. For example, a cell with monocyte and lymphoid poten-
tial retained the lympho-myeloid classification, while a cell with monocyte and neutrophil
potential was assigned the mono+neut expanded branch.

Definition of lineage trajectories

Trajectories for each lineage were defined as the set of all cells that have lineage potential
for the selected fate according to the iterative model.
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Chapter 5

Methods for Section 5.2

Detection of differentiation-relevant features

First, variable genes were selected separately for each trajectory using Seurat:: FindVari-
ableFeatures and selecting genes with variance stabilised mean>0.1 and stabilised variance
>1, then excluding mitochondrial genes.

From the union of the variable features, differentiation-relevant features were detected
using scran:: findMarkers (arguments: pval.type=’all’, test.type = ‘wilcox’, direction =
‘up’) on the expanded branches partition, restricted to stem cells and terminal branches. The
procedure was repeated using direction = ‘down’ to detect downregulated lineage markers.

Due to the impossibility of selecting ATAC peaks based on mean-variance relationships,
all ATAC peaks were retained for differential accessibility testing, using scran:: findMark-
ers(test.type = ‘binom’) to account for the discrete counts in the Peak matrix.

Over-representation analysis of shared GM and megE markers

Over-representation analysis of genes upregulated or downregulated in both GM and megE
lineages was performed using the msigdbr package to import curated gene sets (category
C2). The over-representation test was performed using clusterprofiler::enricher using the
union of variable features used for differential testing as gene universe.

Detection of monotonic trends for individual markers

For each of the selected markers, pseudotemporal trends were computed as described in
Section 6.3, using knn-pseudoaggregates in place of pseudotemporal bins to reduce noise in
feature expression.

Methods for Section 5.3

Computation of DORCs

DORCs were computed separately for each of the trajectories. To increase the robustness
of correlation estimates, pseudobulk knn-graph aggregates were generated using the Milo
package in R [154] and used for the remainder of the DORC analysis.

In order to allow to compute correlations on a wider window, ATAC features were se-
lected using a novel pipeline developed by Jonas Metz, not presented in this thesis. Feature
selection on ATAC Peaks allowed to significantly shrink the feature space (from 2 · 105 to
2 · 103).
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DORCwere computed using the Signac::LinkPeaks functionwith the following parame-
ters: distance = 109, min.distance= 103, score_cutoff =0.1. Theminimal distance parameters
were set to this value to reduce the contribution of ATAC reads in the gene body region to
DORCs.

Detection of non-monotonic pseudotime series

To distinguish monotonic from non-monotonic pseudotemporal series, monotonic spline fit-
ting as described in 6.3 was paired with a non-monotonic counterpart, in which coefficients
were non-constrained. For each of the pseudotemporal series in each lineage, I computed
the difference between the log-likelihood of monotonic and non-monotonic fit. Outliers in
this distribution (for which loglikelihoodmonotonic << loglikelihoodunconstrained were de-
tected using the scater::isOutlier function (nmads=3) and excluded from the priming delay
statistics.

Methods for Section 5.3

Inference of Gene Regulatory Networks using cellOracle

The inference of gene regulatory networks was performed by replicating the pipeline de-
scribed in the cellOracle package documentation:

1. Computation of co-accessibility scores Co-accessibility between peaks was computed
in R using ArchR::addCoAccessibility(maxDist = 1e06) on the Peak matrix, generat-
ing a co-accessibility edge list.

2. Preprocessing of peak data (Python) First, transcription starting sites (TSS) are de-
tected using themotif_analysismodule from the cellOracle package. Next, only links
involving TSSs are retained for downstream processing. The resulting list of peaks
was annotated using get_tss_info such that each peak is paired with the correlated
TSS. Next, peaks with low co-accessibility scores (r<0.75) are filtered out.

3. Enrichment of TF motifs in peaks (Python)

In this phase, the list of peaks generated in the previous step is scanned for TF motifs.
This is achieved by accessing the gimmemotifs database (gimme.vertebrate.v5.0.) us-
ing the scan method of the TFinfo class in the motif analysis (fpr=0.02). The enrich-
ment results are filtered to retain only highly enriched motifs (enriched score >10).
The result can be represented as a dataframe with a row for each peak and as one
column for each TF whose motifs are enriched in any of the examined peaks. This
dataframe constitutes the base GRN, whose links will be pruned in the final step.
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4. Feature selection prior to final GRN inference

In this step, unbiased feature selection of 3000 genes (excluding ribosomial, mito-
chondrial and ambient genes) was paired with a selection of 150 transcription factors
based on an unbiased selection of highly variable transcription factors (vst.mean >0.1,
vst.variance.standardized > 1) augmented with a set of transcription factor whose role
in haematopoiesis has been described in the literature, for which the variability re-
quirements for inclusion in the selection were relaxed (vst.mean > 0.05, vst.variance.
standardized > 0.05).

5. Branch-specific inference of GRN (Python)

Following the indication of the cellOracle documentation, knn imputation (.knn_imputation(k
=83)) based on pca neighbours (n_pcs = 20) was used to obtain more robust estimates
of gene expression and peak accessibility. Links between TF and target genes were
obtained using a regularised linear regression method (bagging ridge) as described
in [53], in which target gene expression is regressed as the weighted sum of signed
contributions from putative TF regulators using the get_links function from cellOr-
acle package. I performed a sensitivity analysis for the regularisation parameter and
concluded that it has little relevance in the resulting networks, thus selected a value of
alpha = 500. This procedure is repeated for each main branch and extended branch as
described in section 6.3 to obtain stage-specific GRNs. Next, top links (n = 2000) are
retained for downstream processing. Centrality measures across networks are com-
puted using the get_network_score function of the network object.

Aggregation of regulatory interactions across branches

To obtain aggregate interaction scores across genes expressed in different branches, I utilised
the lineage markers computed in Section 6.3 and computed the average weight links for
interactions between genes of any pair of lineages for each of the inferred networks.

PCA of gene centralities

The eigenvector centrality metrics of the networks obtained using the extended branching
model were loaded into an R session and merged by gene, resulting in a matrix with genes
as rows and eigenvector centrality in each network as columns. PCA on this matrix was per-
formed using stats::prcomp(center=T, scale=T). After noticing that the gene projections on
the first principal component were correlated to mean gene expression (not shown), the cen-
trality matrix was reconstructed by excluding the first component exploiting the properties
of PCA decomposition: given that the PCA decomposition of the original matrixX = AB,



Future directions 105

where A contains projections on samples onto principal components, while B contains the
loadings of features onto PCs. To reconstruct X while regressing out the first component,
it’s sufficient to compute X ′ = A′B′, in which A′ and B′ are the same matrices as in the
original decomposition in which the first row ( A′) and column ( B′) have been removed.

Corrected centrality matrices were used to compute correlation of centrality scores using
Pearson correlation (Fig. 5.4B), hierarchical clustering of TF centralities (Fig 5.4C; using
the pheatmap::pheatmap function) and pairwise centrality comparison (Figure 5.5).
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List of Abbreviations

LT-HSC: Long-term hematopoietic stem cell
ST-HSC: Short-term hematopoietic stem cell
MPP: Multipotent progenitor
LMPP: Lympho-myeloid primed progenitor
CMP: Common myeloid progenitor
GMP: Granulocyte-macrophage progenitor
CLP: Common lymphoid progenitor
MEP: Myeloid-erythroid progenitor
HSPC: Hematopoietic stem and progenitor cell
HPC: Hematopoietic progenitor cell
MyP: Myeloid Progenitor
EryP: Erythroid Progenitor
preGM: myeloid-restricted pre-granulocyte-macrophage progenitor
GM: Granulocyte-macrophage
MegE: Megakaryocyte-erythroid
Mk: Megakaryocyte
MkP: Megakaryocyte Progenitor
Ery: Erythroid
scRNA-seq: Single-cell RNA sequencing
scATAC-seq: Single-cell assay for transposase-accessible chromatin with sequencing
GEX: Gene expression
FACS: Fluorescence-activated cell sorting
TF: Transcription factor
GRN: Gene Regulatory Network
LSK: Lin− Sca-1+ c-Kit+ cells
PCA: Principal component analysis
ICA: Independent component analysis
LSI: Latent semantic indexing
DAR: Differentially accessible region
DEG: Differentially expressed gene
GSM: Gene score metric
DORC: Domain of regulatory chromatin
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