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Abstract

Every cell in an adult arises from a single zygote through a sequence of cell
divisions and fate decisions, in which a cell makes a transition from one type
or state to another. Cell states can be characterized by specific transcriptomic
signatures and can lead to different functions and abilities for the cells to deal
with internal and external stimuli. While such changes in cell states are crucial
for the proper functioning of organisms, they can also contribute to diseases if
they become dysregulated. Understanding the molecular mechanisms regulating
cell state transitions is fundamental in many fields, ranging from developmental
biology to cancer biology.

The advent of single-cell sequencing techniques has offered an unprecedented
opportunity to explore cell state changes in great detail. However, the huge
amount of data produced is complex to analyze and interpret. For example, se-
quencing techniques capture only a snapshot of the single-cell molecular features
at a given time point, but computational modelling is needed to reconstruct the
dynamics, unlike with non-destructive but lower throughput technologies such
as microscopy-based approaches. Thus, to exploit single-cell sequencing data,
the development of dedicated machine learning methods is needed alongside the
use of mathematical models that can help interpret the results.

Developmental biology is one of the fields that have benefited the most from
single-cell sequencing technologies, which have been extensively used to study
cell state transitions during embryonic development. As the embryo develops,
changes in cell states can mark variations in the differentiation potential of stem
cells, affecting the cell types they can give rise to. This is the case of the transi-
tion between the totipotency to the pluripotency state, which is crucial for the
development of an organism but is governed by molecular drivers that we still
don’t fully understand. During development, there are changes in cell states
that can also modify the way in which cells interact with their neighbors. For
example, the pluripotent epiblast cells in mouse can exist in a "winner" and
a "loser" state, where the cells in the latter state are eliminated by the "win-
ners" via cell competition. While this process might ensure that only the fittest
cells will contribute to the embryo, we don’t know what the molecular features
that distinguish "loser" from "winner" cells are, and how the transition between
these states occurs.

During my research, I focused on the totipotency/pluripotency and the "win-

ner" /"loser" cell state transitions, which are key during embryonic development,
aiming to find their molecular drivers and their function with a combination of
single-cell RNA-seq data analysis and mathematical modeling.
More specifically, by examining the transcriptomes of in vivo as well as in vitro
models of totipotency and pluripotency in several mammalian species, I aimed
to gain a better understanding of the mechanisms that control the totipotency-
pluripotency transition, and whether they are conserved among mammalian
species. In particular, it has been shown that transitions from a pluripotent to
a totipotent-like state rarely occur in in vitro cultures of embryonic stem cells in
mouse and human. To study if such rare transitions also occur in other species,
I developed a new machine-learning algorithm to identify in an unsupervised
manner rare cell types in single-cell sequencing datasets, called CIARA. With
this method, I have found previously uncharacterized rare cell types in human
and mouse embryos, as well as in in vitro cell cultures.



I also used single-cell RNA-seq to characterize the "winner" and "loser" states
of epiblast cells in mouse embryos. Using an algorithm I developed called Mi-
toHEAR, I discovered that the transition into a lower fitness state (the "loser"
state) is likely caused by mitochondrial mutations that impair mitochondrial
performance. Additionally, using mathematical modelling, I showed that cellu-
lar competition might contribute to the regulation of embryo size. This study
provided evidence that cellular competition in mouse embryos is a purifying
selection ensuring the presence of epiblast cells with an optimal mitochondrial
pool in preparation for the following steps in development.

Overall, the work that I have done during the thesis has led to the character-
isation of the molecular mechanisms underlying fundamental cell state transi-
tions occurring during embryonic development. Moreover, the computational
methods I developed are very general and will be useful in studying cell state
transitions in many other biological contexts.



Zusammenfassung

Jede Zelle in einem erwachsenen Organismus entsteht aus einer einzigen Zygote
durch eine Abfolge von Zellteilungen und Schicksalsentscheidungen, bei denen
eine Zelle von einem Typ oder Zustand zu einem anderen libergeht. Zellzustdnde
kénnen durch spezifische transkriptomische Signaturen charakterisiert werden
und zu unterschiedlichen Funktionen und Féhigkeiten der Zellen fiihren, um
mit internen und externen Reizen umzugehen. Wahrend solche Verdnderungen
in den Zellzusténden fiir das ordnungsgemaéfse Funktionieren von Organismen
entscheidend sind, kénnen sie auch zu Krankheiten beitragen, wenn sie aus dem
Gleichgewicht geraten. Das Verstdndnis der molekularen Mechanismen, die die
Ubergiinge der Zellzustinde regulieren, ist in vielen Bereichen von grundlegen-
der Bedeutung, angefangen von der Entwicklungsbiologie bis zur Krebsbiologie.
Das Aufkommen von Einzelzell-Sequenzierungstechniken hat eine beispiellose
Moglichkeit geschaffen, Zellzustandsdnderungen im Detail zu erforschen. Die
grofse Menge an erzeugten Daten ist jedoch komplex in der Analyse und In-
terpretation. Zum Beispiel erfassen Sequenzierungstechniken nur einen Mo-
mentaufnahme der einzelzelluldren molekularen Merkmale zu einem bestimmten
Zeitpunkt, aber zur Rekonstruktion der Dynamik sind rechnergestiitzte Mod-
elle erforderlich, im Gegensatz zu zerstorungsfreien, jedoch niedrigeren Durch-
satztechnologien wie mikroskopiebasierten Anséitzen.

Um also die Daten der Einzelzell-Sequenzierung zu nutzen, ist die Entwick-
lung spezialisierter maschineller Lernmethoden erforderlich, die zusammen mit
mathematischen Modellen eingesetzt werden kénnen, um die Ergebnisse zu in-
terpretieren. Die Entwicklungsbiologie ist eine der Disziplinen, die am meis-
ten von Einzelzell-Sequenzierungstechnologien profitiert haben, die ausgiebig
genutzt wurden, um Zellzustandsiibergénge wahrend der embryonalen Entwick-
lung zu untersuchen. Mit fortschreitender Entwicklung des Embryos kénnen
Verdnderungen der Zellzusténde Variationen im Differenzierungspotenzial von
Stammzellen kennzeichnen und die Zelltypen beeinflussen, aus denen sie her-
vorgehen konnen. Dies ist zum Beispiel der Fall bei dem Ubergang von der
Totipotenz zur Pluripotenz, der fiir die Entwicklung eines Organismus entschei-
dend ist, aber von molekularen Treibern gesteuert wird, die wir noch nicht
vollstéandig verstehen.

Wahrend der Entwicklung gibt es Verdnderungen der Zellzustédnde, die auch
die Art und Weise beeinflussen konnen, wie Zellen mit ihren Nachbarn inter-
agieren. Zum Beispiel knnen pluripotente Epiblastzellen bei M&usen in einem
"Gewinner"- und einem "Verlierer"-Zustand existieren, wobei die Zellen in let-
zterem Zustand durch die "Gewinner" durch zelluldren Wettbewerb eliminiert
werden. Wahrend dieser Prozess sicherstellt, dass nur die am besten geeigneten
Zellen zum Embryo beitragen, wissen wir nicht, welche molekularen Merkmale
"Verlierer"- von "Gewinner"-Zellen unterscheiden und wie der Ubergang zwis-
chen diesen Zusténden erfolgt.

In meiner Forschung habe ich mich auf diese beiden Zellzustandsiibergéinge
konzentriert, die wahrend der embryonalen Entwicklung entscheidend sind, um
ihre molekularen Treiber und ihre Funktion mithilfe einer Kombination aus
Einzelzell-RNA-Sequenzierungsdatenanalyse und mathematischer Modellierung
zu finden.

Genauer gesagt habe ich durch die Untersuchung der Transkriptome von in vivo-
und in vitro-Modellen der Totipotenz und Pluripotenz in mehreren S&ugetier-



arten versucht, ein besseres Verstandnis der Mechanismen zu gewinnen, die
den Ubergang von der Totipotenz zur Pluripotenz kontrollieren. Insbesondere
wurde gezeigt, dass Ubergiinge von einem pluripotenten zu einem totipotenten-
dhnlichen Zustand selten in in vitro-Kulturen von embryonalen Stammzellen
bei Mausen und Menschen auftreten. Um zu untersuchen, ob solche selte-
nen Ubergéinge auch bei anderen Arten vorkommen, habe ich einen neuen
maschinellen Lernalgorithmus entwickelt, um in einer nicht iiberwachten Weise
seltene Zelltypen in Einzelzell-Sequenzierungsdatensétzen zu identifizieren, genannt
CIARA. Mit dieser Methode habe ich zuvor uncharakterisierte seltene Zelltypen
in menschlichen und mausartigen Embryos sowie in in vitro-Zellkulturen gefun-
den.

Ich habe auch Einzelzell-RNA-Sequenzierung verwendet, um die "Gewinner"-
und "Verlierer"-Zustdnde von Epiblastzellen in Mauseembryos zu charakter-
isieren. Mit einem von mir entwickelten Algorithmus namens MitoHEAR habe
ich entdeckt, dass der Ubergang in einen Zustand geringerer Fitness (der "Verlierer"-
Zustand) wahrscheinlich durch mitochondriale Mutationen verursacht wird, die
die mitochondriale Leistung beeintréachtigen. Dariiber hinaus habe ich mit
mathematischer Modellierung gezeigt, dass zellulirer Wettbewerb zur Regu-
lation der Embryogréfse beitragen konnte. Diese Studie lieferte Hinweise da-
rauf, dass zelluldrer Wettbewerb in M&useembryos eine reinigende Selektion ist,
die das Vorhandensein von Epiblastzellen mit einem optimalen mitochondrialen
Pool zur Vorbereitung auf die folgenden Entwicklungsschritte sicherstellt.
Insgesamt hat die Arbeit, die ich wéhrend der Dissertation durchgefiihrt habe,
zur Charakterisierung der molekularen Mechanismen beigetragen, die grundle-
gende Zellzustandsiibergédnge wiahrend der embryonalen Entwicklung steuern.
Dariiber hinaus sind die von mir entwickelten rechnergestiitzten Methoden sehr
allgemein und werden in vielen anderen biologischen Zusammenhéangen niitzlich
sein.
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Chapter 1

Introduction

The chapter includes an introduction to the concepts of cell states and cell po-
tency. The state of a cell encompasses many different functions. One of these,
which is particularly important during development, concerns the ability of cells
to differentiate into different types. Cell potency refers to the varying ability of
cells to differentiate into specialized cell types. Cells with the greatest potency
can generate more cell types or states than those with lower potency.

In this chapter, I will introduce the biological background of my PhD projects.
I will focus on changes in cell states and potency in both in vivo models (de-
veloping embryos) and in vitro models (stem cells and embryo organoids). A
more detailed description of the projects will be provided in the third chapter
(Summary of contributed articles) and the fifth chapter (Appendices) of the
thesis.

1.1 Cell states and cell potency

Every cell in an adult arises from a single zygote through a sequence of cell
divisions and fate decisions, in which a cell transitions from one type or state to
another. Although several definitions are possible, in this thesis, I refer to "cell
state" as the functional features of the cell (i.e., what cells can do) [1].

The state of a cell encompasses many different functions. One of these, which is
particularly important during development, concerns the ability of cells to dif-
ferentiate into different types. Cell potency refers to the varying ability of cells
to differentiate into specialized cell types [2]. Cells with the greatest potency
can generate more cell types or states than those with lower potency.

A developing embryo is a prominent example of a system where cells change
continuously and rapidly their states and potency. In particular, during embryo
development, the potency of the cells decreases over time. These changes are
driven by complex gene regulatory interactions [3]. Recently developed single-
cell methods are allowing the characterization of cell-to-cell heterogeneity and
the tracking of differentiation pathways [4].

Understanding how cell potency works can open up unexplored scenarios with
important applications in regenerative medicine, including the ability to manip-
ulate cell identity and create any desired cell type.

Cells change their state in a very precise manner. A crucial question is how the



ability of changing state coexists with the robustness of cell fate decision (i.e.
the process in which a particular cell develops into a final cell type). Indeed,
it has been shown that the embryo is very robust to changes in the number of
cells or the construction of chimeric embryos with cells of varying fitness levels.
However, the molecular mechanisms by which cells change state, the timing and
location of these changes, and how cells maintain their identity and robustness
against external perturbations remain largely unknown. A comprehensive and
in-depth understanding of cell potency is still lacking.

1.2 Cells states in embryo development and stem
cells

Cells from the earliest stages of development can generate both embryonic and
extraembryonic tissues and are called totipotent cells. In mouse embryos, cells
from the zygote and 2-cell stage are totipotent [5]. During the late 2-cell stage,
a network of genes (in particular, the Zscan4 genes family) is activated. These
genes are highly specific to this stage and not expressed in later stages [6]
(Figure 1.1).

After the late 2-cell stage, the cells of the mouse embryo become committed to
two lineages: either the embryonic lineage (represented by the inner cell mass
that will give rise to the epiblast) or the extra-embryonic lineages (primitive
endoderm and trophoblast cells that form a large part of the placenta). Cells
from the inner cell mass (ICM) are pluripotent because they can contribute
only to embryonic but not extra-embryonic lineages [6]. In mice, the transi-
tion from totipotency to pluripotency occurs between the 4-cell stage and the
morula stage. Pluripotent cells from inner cell mass give rise to hypoblast and
epiblast. Hypoblast originates the yolk sac, while the epiblast, at the gastrula
stage, differentiates into the three primary germ layers that will constitute the
embryo proper.All these transitions between different pluripotent states occur
during early stages of embryonic development, which are difficult to study in
vivo for both technical and ethical reasons.

However, there are also in vitro models of the different potency states. For ex-
ample, embryonic stem cells (ESCs) and induced pluripotent stem cells (iPSCs)
are two models of pluripotency that are available for multiple species ([7], [8]).
Embryonic stem cells (ESCs) can be derived from ICM cells and maintain
pluripotency in culture. Differentiated cells can be reprogrammed into pluripo-
tent cells through forced expression of pluripotency-associated master transcrip-
tion factors to get induced pluripotent stem cells (iPSC).

The geometry of tissues can have important consequences on how cells interact
with each other, which can ultimately affect cell state transitions. While stan-
dard stem cell models do not generate 3D structures, more advanced in vitro
models of embryos have been developed in recent years that can form a 3D struc-
ture and reproduce aspects of in vivo embryonic development more faithfully[9].
How well these embryo models reproduce in vivo systems and how they differ
from real embryos are important and still largely unanswered questions. In the
next sections, I focus on the open questions regarding the characterization of
heterogeneity in embryo development and stem cells that I faced during the
PhD.
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Figure 1.1: Mouse embryo development from zygote stage to gastrula-
tion. Scheme of mouse embryo development from early totipotent stages until
gastrulation. EO0.5 (and similar for all the other stages) stands for embryonic
day 0.5. Image adapted from [10]

1.3 Cell states in pluripotent cells at the begin-
ning of gastrulation

In mouse embryos, in the 24 hours time window before gastrulation (between em-
bryonic stages 5.5 and 6.5) around 35% of epiblast cells are eliminated through
apoptosis [11]. This has led to the hypothesis about the existence of two states
of epiblast cells, one with higher level of fitness and the other with a lower level
of fitness that is eliminated [11]. The process whereby cells with higher quality
eliminate cells with lower quality is known as cell competition [12]. Cell compe-
tition is a fitness-sensing mechanism that eliminates cells that, although viable,
are less fit than their neighbours (Figure 1.2).

There are several in vitro models of cell competition available. For example,
it has been shown that ESCs that display defective bone morphogenetic pro-
tein (BMP) signaling or defective autophagy or are tetraploid are eliminated in
an apoptosis-dependent manner. The elimination takes place only when they
are co-cultured with wild types cells but not when they are cultured alone [13]
(Figure 1.3).

In the mouse embryo at the onset of gastrulation, the eliminated cells show
features such as a low level of Myc and mTor, and a high level of p53, which
have been associated with cell competition observed in vitro [11, 14]

However, very little is known about the characteristics of the cells that are elim-
inated in the embryo in a physiological context.

Our research, in collaboration with Prof. Dr. Tristan Rodriguez and Dr. Ana
Lima, aims to characterize the transcriptional features of the loser cell state
and how the transition from winner to loser cells occurs. Additionally, us-
ing mathematical modeling, we have begun to explore whether cell competition
plays additional beneficial roles for the embryo, aside from eliminating cells with
lower fitness (see chapter 3 (sections 3.1.1, 3.2.3) and chapter 5 (Appendix
A) of the thesis for more information).
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Figure 1.2: Cell competition. Schematic representation of cellular competi-
tion. Cells with lower fitness (represented in green) are eliminated when they
are cultured together with higher-fitness cells (represented in blue) in an het-
erogeneous population. Instead, cells with lower fitness are able to survive and
proliferate if they are cultured alone (homogeneous population).
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Figure 1.3: Example of an vitro model of cell competition. Wild type
ESCs (WT) are the winners of the competition, while ESCs with defective BMP
signaling (mutant cells) are the losers.

When WT and mutant cells are cultured separately, they both survive and
proliferate over time (from day 1 to day 4). On the contrary, when they are
co-cultured together, the mutant cells are eliminated by the WT.

This elimination is dependent on apoptosis because if a pan-caspase inhibitor
is used to block apoptosis, the ratio of WT to mutant cells in separate and
co-culture conditions remains the same. However, under normal conditions
(DMSO), the ratio between WT and mutant cells is higher when they are co-
cultured.Image adapted from [13]



1.4 Characterizing the transition between pluripo-
tency and totipotency in stem cells

Studies in mouse ESCs and iPSCs have revealed that a rare subpopulation of
ESCs (less than 0.5%) expresses much lower levels of Oct4, Nanog and Sox2
than the majority of ESCs while expressing a group of genes that are only de-
tected in 2-cell mouse embryos (Zscan4 genes) [15].

Based on these transcriptional features, they are named 2-cell embryo-like cells
(2CLC). The 2CLC have the ability to contribute to both embryonic and ex-
traembryonic tissues and so they are totipotent-like cells [15] (Figure 1.4).
Recently, it has been shown the existence of totipotent-like cells in human em-
bryonic stem cells (hESCs) [16]. For humans, the totipotent-like cells are tran-
scriptionally similar to the cells from the 8-cell stage, which is a totipotent stage.
The transition from pluripotent cells to totipotent like cells is still not well char-
acterized.

Our project, in collaboration with Prof. Dr Maria Elena Torres Padilla and Ane
Tturbide, aims at finding pathways that can regulate the 2CLC program. We
identified retinoic acid (RA)-signaling pathway as robust inducers of 2CLC.
Using single-cell RNA-seq, we revealed the transcriptional dynamics of 2CLC
reprogramming and showed that ES cells undergo distinct cellular trajectories
in response to RA.

The comprehension of the mechanism that regulates the transition from pluripo-
tency to totipotency in stem cells is crucial to obtain an in vitro model of totipo-
tency (Figure 1.5). Having an in vitro model of totipotency would allow us to
study the mechanisms regulating totipotency that are still unknown, without
the need to rely on in vivo models that are limited by technical and ethical
issues (Figure 1.6).
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Figure 1.4: Current model of pluripotency in mouse embryo. Embryonic
stem cells (ESCs) are derived from the inner cell mass of an embryo at the
blastocyst stage. A rare subpopulation of ESCs, which comprises less than 0.5%
of all ESCs, expresses lower levels of OCT4 and a network of genes, particularly
the Zscan4 gene family that uses the retrotransposon element MERVL as an
alternative promoter, that are typically only detected in the 2-cell stage embryo.
These ESCs are known as 2-cell embryo-like cells (2CLC) [15]. Due to their
transcriptional features, 2CLCs have the ability to contribute to both embryonic
and extraembryonic tissues, making them totipotent cells.
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Figure 1.5: Mammalian models of pluripotency. In vitro models are avail-
able for various mammal species. For certain species, naive pluripotent cells are
utilized, while for others, primed pluripotent cells are used. The naive state rep-
resents the cellular state of the preimplantation blastocyst inner cell mass, while
the primed state is representative of the post-implantation epiblast cells[17].
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1.5 Modelling human embryo development with
organoids

More sophisticated in vitro models are available for studying embryo devel-
opment during pluripotent stages. These are self-organizing three-dimensional
(3D) models generated with stem cells and are called embryonic organoids.
The last few years have seen the emergence of several types of embryonic
organoids, each modelling a specific stage or process occurring during embryo-
genesis. One of these models is called gastruloids, which consist of aggregates of
embryonic stem cells that, under defined culture conditions, undergo controlled
proliferation, symmetry breaking, and the specification of all three germ layers
characteristic of vertebrate embryos [18].

During gastrulation, the epiblast cells invaginate and undergo epithelial to mes-
enchymal transition (EMT), giving rise to primitive streak (PS) and the forma-
tion of mesoderm and endoderm. Primordial germ cells (PGCs), the precursors
of sperm and oocytes, also appear during gastrulation. Post-gastrulation devel-
opment is marked by the initiation of neuronal precursors followed by organo-
genesis.

Gastruloids provide opportunities to conduct mechanistic studies on specific as-
pects of human gastrulation, and some of these models recapitulate aspects of
post-gastrulation human development. In collaboration with Prof. Dr. Azim
Surani and Dr. Jitesh Neupane, I characterized a novel human embryonic
organoid model that recapitulates crucial features of human gastrulation and
early neurulation.

1.6 Aim of the thesis

The aim of the thesis is to characterize the molecular mechanisms underlying
fundamental cell state transitions occurring during embryonic development us-
ing in vivo and in vitro systems. To achieve this goal, I have analyzed single-cell
RNA sequencing datasets using state-of-the-art algorithms as well as original
machine learning methods that I have developed (Figure 1.7).

In particular, I focused on two key cell state transitions in early embryonic de-
velopment. The first transition concerns the epiblast cells in mouse embryos.
In my project, I aimed to address the following questions:

1. Do epiblast cells coexist in two states, one with low fitness and the other
with high fitness?

2. Are epiblast cells with low fitness eliminated through cell competition?

3. What are the mechanisms that lead cells to transition into a lower fitness
state?

To investigate these questions, I analyzed single-cell RNA-seq datasets and de-
veloped a tool called MitoHEAR, which quantifies mitochondrial heteroplasmy.
The second transition that I studied is the switch from the totipotency to
pluripotency state, which is crucial for the development of an organism as it
determines the cell types that a given cell can differentiate into. It has been
demonstrated that transitions from a pluripotent to a totipotent-like state are



rare in in vitro cultures of embryonic stem cells in mice and humans [15] [16].
However, we don’t know whether such state transitions occur in stem cells of
other mammalian species, and whether there is an evoluationary conserved
totipotency gene network. I have investigated these questions by analysing
single-cell RN A-seq datasets generated from in vitro stem cell models of multi-
ple species, including rabbits, pigs, cows and monkeys. To this aim, I developed
a new machine-learning algorithm, called CIARA, to identify rare cell types in
single-cell sequencing datasets in an unsupervised manner.

Model of cell state
transitions

Mathematical modelling

of cell competition (*)

|

Winner/Loser (*)

Totipotency/ Human embryo
Pluripotency (1) organoids ()

-
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Figure 1.7: Overview of the PhD projects.

My thesis focused on key cell state transitions occurring early in embryonic de-
velopment, in stem cells, and in embryo organoids. To study these transitions,
I developed novel computational methods for analyzing single-cell sequencing
data. MitoHEAR quantifies heteroplasmy based on single-cell RNA sequencing
datasets. SCOPRO facilitates annotation transfer between a reference and query
dataset by scoring gene pairs with conserved fold-change across testing and ref-
erence datasets. WOTPLY establishes connections between clusters at different
time points using transition matrices derived from Waddington-OT analysis.
CIARA is a cluster-independent computational tool designed to identify genes
likely to serve as markers for rare cell types. For more detailed information on
the methods I developed, please refer to chapter 2, chapter 3, and chapter 5
of my thesis. Projects marked with an (*) indicate the availability of a published
paper, while those marked with a () indicate that the manuscript is currently
under revision or in preparation.



Chapter 2

Materials and Methods

In this chapter, after introducing single-cell RN A-sequencing, I will describe the
algorithms and the computational pipelines that I utilized during my analyses
of single-cell sequencing datasets. I will also introduce the original machine
learning methods that I developed during my PhD in order to address specific
research questions for which an established method was not yet available. In
particular, I will briefly introduce new methods to: find rare cells (see section
2.4); project a query onto a reference dataset while identifying the genes with
conserved or non-conserved expression patterns (section 2.7); visualize the re-
sults of a cell lineage relationship analysis (section 2.11); analyze mitochondrial
DNA heteroplasmy from single-cell RNA-sequencing (section 2.12). A more de-
tailed description of the developed methods will be given in the third chapter
and in the fifth chapter of the thesis.

2.1 Single-cell RNA sequencing

Single-cell RNA sequencing (scRNA-seq) is an experimental technique that al-
lows the profiling of the expression levels of all genes at a single-cell resolution.
Hence, it is commonly used to characterize the heterogeneity of cell states in
tissues [4]. As such, scRNA-seq is particularly suitable to address the research
questions mentioned in the first chapter, which concern the molecular mecha-
nisms underlying cell state transitions. Typical scRNA-seq workflows include
single-cell dissociation, single-cell isolation, library construction, and sequencing
[19]. The output of sequencing is read data.

Single-cell isolation is performed differently depending on the experimental pro-
tocol. While plate-based techniques isolate cells into wells on a plate, droplet-
based methods rely on capturing each cell in a microfluidic droplet. The main
advantage of plate-based techniques is the high sequencing depth (i.e. more
reads per cell). On the contrary droplet-based methods are able to sequence a
larger number of cells, at the cost of lower sequencing depth.

Library construction is the process in which the intracellular mRNA is cap-
tured, reverse-transcribed to cDNA molecules and amplified. During this step,
the mRNA from each cell is labelled with a well- or droplet-specific cellular
barcode. Furthermore, many experimental protocols also label captured mRNA
molecules with a unique molecular identifier (UMI) [20], before the amplifica-
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tion step. The purpose of UMIs is to account for amplification bias, which
plays an important role in single-cell RNA sequencing, due to the low amounts
of starting material. Furthermore, scRNA-seq techniques can be divided into
full-length and tag-sequencing methods. Full-length techniques generate reads
from all regions of the transcript, while tag-sequencing techniques are biased to-
wards reads from the 3’ or 5" end of the transcript. Full-length methods provide
better coverage across transcripts, while tag-sequencing methods are better for
detecting short transcripts [21].

Raw data generated by sequencing machines are processed to obtain matrices
of molecular counts, representing a quantification of gene expression levels in
single cells. Raw data processing pipelines, such as Cell Ranger [22] and Salmon
[23], can be used to obtain such gene count matrices. The resulting count ma-
trices have as dimensions the number of barcodes (corresponding to cells) and
the number of transcripts (Figure 2.1).

Raw data processing

Figure 2.1: Generation of single-cell RNA sequencing data.

This schematic picture shows how a single-cell RNA-sequencing dataset is gen-
erated, after single-cell capture and library preparation. Sequencing reads are
generated, e.g., via an Illumina NGS platform, and then processed with dedi-
cated algorithms (such as CellRanger, etc) that produce count matrices. Such
matrices, where features (genes) are listed on the rows and samples (cells) on
the columns, represent the starting point of most computational analyses. This
image is adapted from [24].

2.2 Quality control and normalization

Once a count matrix has been generated, the first, crucial steps in the analysis
are quality control and data normalization. The purpose of quality control is
to keep for downstream analysis only good-quality single cells and to discard
libraries generated from, e.g., dying cells, doublets, etc.

Cell quality control (QC) is commonly performed based on three QC covariates:
the number of molecular counts (count depth), the number of genes detected,
and the fraction of counts mapped to mitochondrial genes [25]. Generally, "bad
cells" have a low number of molecular counts, a low number of genes detected
and a high fraction of counts mapped to mitochondrial genes (Figure 2.2).
Count depths can differ between cells for biological as well as for technical rea-
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sons, i.e., due to the inherent variability in the steps involved in RNA sequencing.
As a result, any differences observed when comparing gene expression between
cells based on raw count data may have arisen solely due to sampling effects. To
address this issue, data normalization techniques are employed, such as scaling
count data to obtain relative gene expression abundances in cells (Figure 2.2).
These techniques are described in detail in references such as [24] and [26]..
The most commonly used normalization method in scRNA-seq is count depth
scaling, also referred to as “counts per million” or CPM normalization. This
method, derived from bulk expression analysis, normalizes count data by di-
viding them by a size factor proportional to the count depth per cell. CPM
normalization is widely used and has been implemented in many scRNA-seq
analysis packages. Data from full-length protocols may benefit from normaliza-
tion methods that correct for differences in gene length. One commonly used
normalization method for full-length scRNA-seq data is transcript per million
(TPM) normalization. This normalization method first normalizes for gene
length and later normalizes for count depth.

However, scRNA-seq data normalization is still an open problem, and the most
suitable technique might depend on the specific features (such as sparsity) of
the dataset one is analysing [27].

2.3 Batch el[edts

Batch effects are technical, non-biological, differences between samples that can
originate from different sources (e.g., changes in temperature, reagents, etc). If
these effects are not taken into account, the analysis can lead to incorrect con-
clusions. Batch effects can be corrected using linear or non-linear approaches.
Linear methods work well to correct batch effects between samples that are ex-
pected to include cells in the same states, while non-linear methods are suitable
for cases where some cell types or states are not shared among datasets (Figure
2.2).

In the last few years, many computational techniques for batch effect correction
have been developed and tested in systematic benchmarking studies [28] [29].
In my analyses, I have employed Scanorama [30], one of the most popular non-
linear methods for batch correction and also one of the best performing methods
according to [29].

Scanorama automatically identifies the scRNA-seq datasets, among those given
as input, with at least one cell type in common and can leverage those matches
for batch correction. Scanorama searches nearest neighbors to identify shared
cell types among all pairs of datasets. Mutually linked cells form matches that
can be leveraged to correct for batch effects and merge experiments together.
The method is robust to different dataset sizes, preserves dataset-specific pop-
ulations and does not require that all datasets share at least one cell population.
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2.4 Features selection and dimensionality reduc-
tion

scRNA-seq datasets include the expression profiles of thousands of genes. Typi-
cally, many of these genes will not be informative, e.g., because of data sparsity
or because the variation of their expression levels is predominantly driven by
noise. Feature selection is a processing step during which the genes that are
more likely to include biologically relevant signals are filtered to be used in
downstream analyses.

A typical approach consists in selecting the highly variable genes [31], i.e., genes
whose expression across cells varies more than average (Figure 2.2). While
selecting highly variable genes can aid in tasks such as identifying cell types
via clustering, more specific feature selection strategies should be employed for
targeted tasks. For example, standard feature selection methods often miss po-
tential markers of rare cell types (present with a frequency <1%) [32], which
can be a significant limitation in many biological contexts. For instance, in
developmental studies, it may be important to pinpoint at what stage a par-
ticular cell type starts to emerge; in cancer research, researchers may need to
search for rare cells that could develop drug resistance [33]; and in stem cell line
characterization, researchers may need to search for cell transitions in different
pluripotency states [16, 34].

Being able to reliably identify rare cell types was crucial for my projects. Hence,
I developed a new method called CIARA (Cluster Independent Algorithm for
the Identification of Markers of Rare Cell Types) to identify potential markers
of rare cell types. CIARA tests the local enrichment of cells expressing any
given gene on k-nearest neighbors graphs and selects those genes that tend to
be expressed by a small number of transcriptionally similar cells (Figure 2.3).
More details about CIARA are included in the manuscript published in Devel-
opment, which is included in the thesis in chapter 5 (Appendix C).

Feature selection algorithms typically select ~ 10% genes for downstream analy-
ses. However, for data visualization or other types of analyses, it is necessary to
reduce the dimensionality even further. Many dimensionality algorithms have
been proposed that embed the expression matrix into a low-dimensional space,
which is designed to capture the underlying structure in the data in as few di-
mensions as possible (Figure 2.2).

Reduced dimensions are generated through linear or non-linear combinations
of feature space dimensions (gene expression vectors). Principal component
analysis (PCA) is a linear approach that generates reduced dimensions by max-
imizing the captured residual variance in each further dimension [35]. Among
non-linear dimensionality reduction methods, the Uniform Manifold Approxima-
tion and Projection method (UMAP) is a very common approach [36]. UMAP
constructs a high-dimensional graph representation of the data, then optimizes
a low-dimensional graph to be as structurally similar as possible to the high-
dimensional one. This is achieved by minimizing the binary cross-entropy be-
tween the high-dimensional and low-dimensional probability distributions. Since
UMAP is a non-linear method, it is able to capture more complex relationships
between features in the high-dimensional space compared to linear methods like
PCA. However, UMAP has limitations when it comes to the interpretability of
the reduced dimensions, while for PCA the new features (principal components)
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are simply a linear combination of the old features (genes).

Diffusion maps is another popular non-linear dimensionality reduction technique
that is often used in the analysis of scRNA-seq data[37]. In particular, diffusion
maps are particularly suitable for reconstructing continuous transcriptional tra-
jectories that represent, for example, differentiation processes [38]. At the core
of diffusion maps there is the transition matrix T that approximates the dynamic
transitions of cells through stages of the differentiation process. This transition
matrix is computed using a nearest neighbor graph whose edge weights have
a Gaussian distribution with respect to Euclidean distance in gene expression
space; transition probabilities correspond to edge weights. The eigenvectors of
T are known as diffusion components.

An alternative to classical visualization on the cell level is partition-based graph
abstraction (PAGA) [39]. PAGA generates a graph whose nodes correspond to
cell groups, and whose edge weights quantify the connectivity between these
groups. The statistical model considers groups as connected if their number of
inter-edges exceeds the number of inter-edges expected under random assign-
ment. PAGA is able to preserve both continuous and disconnected structures
in data.

Quality Control = Normalization

i

Count depth Size factor
Data correction (i.e. batch) | Feature selections

Count depth

B Highly variable
genes

° Other genes

-

Visualization

Figure 2.2: First steps of single-cell RNA sequencing data analysis.
The figure illustrates the first key steps in the analysis of the single-cell RNA-
seq datasets. Quality control is a critical step needed to remove cells with
poor quality from downstream analysis. Data normalization is then performed,
followed by feature selection and batch correction. Typically, a 2D visualization
of the data is then produced, using techniques like UMAP. This image is adapted
from [24].
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Figure 2.3: Schematic representation of CIARA.

CIARA computes a score for each gene based on how cells expressing that
gene are distributed on a K-nearest neighbor graph (left panel). Lower scores
correspond to genes that are mostly expressed in neighboring cells, i.e., are
“highly localized”, and hence are more likely to be markers of rare cell types.
The right panel summarizes how the top-ranked genes are used to visualize
and identify groups of rare cells. CIARA can generate a 2D representation of
the data, which shows how many and which of the top selected genes each cell
expresses and shares with its neighbors. The “highly localized” genes can be
used with standard clustering algorithms to define the group of rare cell types.
Importantly, CIARA also provides an unsupervised, quantitative evaluation of
whether a cluster in the data may include a rare sub-population of cells: this
is done by testing the statistical significance of the overlap between the set of
highly variable genes within the cluster and the potential rare cell type markers
identified by CIARA. Image adapted from [40], also included in Appendix C
from chapter 5.

2.5 Cluster analysis

After dimensionality reduction and visualization, the next step is typically the
identification of groups (clusters) of cells with similar gene expression profiles,
which tend to coincide with the cell types present in the dataset (Figure 2.7).
In general, there are two different approaches that clustering algorithms can
adopt: some algorithms (like hierarchical clustering) [41] aggregate cells based
on a distance matrix, while others (such as community detection algorithms)
start from a graph-based representation of the data [42].

For the first class of algorithms, cells are assigned to clusters by minimizing
intracluster distances or finding dense regions in the reduced expression space.
For instance, the popular k-means clustering algorithm divides cells into k clus-
ters by determining cluster centroids and assigning cells to the nearest cluster
centroid. Centroid positions are iteratively updated. This approach requires
the expected number of clusters as input, which is usually unknown and must
be calibrated heuristically.

Community detection methods are graph-partitioning algorithms and thus rely
on a graph representation of single-cell data. This graph representation is ob-
tained using a K-nearest neighbors (KNN) graph. In KNN graph, cells are
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represented as nodes. Each cell is connected to its K most similar cells, which
are typically obtained using euclidean distances on the PCA-reduced expression
space. A common community detection method is the Louvain algorithm. Con-
ceptually, the Louvain algorithm detects communities as groups of cells that
have more links between them than expected from the number of links the cells
have in total. The optimized modularity function includes a resolution parame-
ter, which allows the user to determine the scale of the cluster partition. Tools
like clustree [43] can help choose the value of the resolution. Clustree shows the
relationships between clusters at multiple resolutions, allowing users to see how
clusters change as the resolution increases. This can help assess the relation-
ship between distinct clusters (e.g., clusters representing the same or similar cell
types tend to merge at lower resolutions) and can also highlight the presence of
"unstable" clusters that only appear at very high resolutions. As an alternative
to clustree, other approaches are based on subsetting genes or cells to identify
robust clusters.

2.6 Cluster annotation

Once clusters are identified, the next step is to annotate them with a meaningful
biological label, which will indicate the type or state of cells in each given clus-
ter. Clustering labelling is done by finding the gene signatures (marker genes)
that characterize the clusters (Figure 2.7).

The sets of marker genes can be identified by performing differential expression
(DE) testing between two groups: the cells in one cluster versus all other cells
in the dataset. To this aim, the expression data can be modeled with a nega-
tive binomial (NB) distribution, and a fit with a negative binomial generalized
linear model for each gene is performed [44] [45] [46]. Other methods are based
on the utilization of a zero-inflated negative binomial distribution [47]. The
zero-inflated negative binomial distribution is employed to model count data
that exhibit a higher proportion of zeros than what would be expected from a
standard negative binomial model. This approach is particularly well-suited for
data generated through droplet-based methods, which often have low sequenc-
ing depth, leading to an excess of zeros.

Other methods for differential expression analysis simply perform a non-parametric
test such as a Wilcoxon Rank Sum test.

In the presence of reference datasets, automated cluster annotation is possible
by directly comparing the gene expression profiles of annotated reference clus-
ters to individual cells. Tools such as scArches [48], scmap [49], SciBet [50] and
Seurat [51] can transfer annotations between a reference and a target dataset.
Most of the currently available methods have two main limitations:

e the annotation depends on the cell states included in the reference. If a
cell type in the dataset is not included in the reference, then it will still
be assigned to the closest reference cell state.

e the set of genes with conserved or non-conserved expression patterns across
the reference and the target dataset are not provided as output.

The algorithm SCOPRO (SCOre PROjection), which I developed and intro-
duced in the section below, overcomes both of these limitations by scoring pairs
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of genes that exhibit a conserved fold-change across both testing and reference
datasets.

2.7 SCOPRO: an algorithm for projecting a query
onto a reference dataset

As more and more scRNA-seq datasets are generated, it has become crucial
to compare them with existing annotated references. In recent years, several
tools have been developed to perform label transfer from a reference to a query
dataset. Among the most popular ones are scArches, Seurat, SciBet, and scmap
([48], [51], [50], [49]). However, for most of the methods, the final labeling
depends on the composition of the reference dataset, and it is not possible to
assess the statistical significance of the assignment. Another limitation is that
they do not provide the genes whose expression patterns are conserved or differ
between the atlas and the query datasets (Figure 2.7 f).

To overcome these limitations, I developed a new algorithm called SCOPRO.
First, for each cluster in the reference dataset, SCOPRO builds a network where
marker genes are nodes, and an edge is added between a pair of genes if the ratio
between their average expression in the cluster is above a given threshold. Then,
an analogous network is built for each cluster in the query dataset (Figure 2.7
a). Finally, SCOPRO compares the networks obtained in the reference and
the query dataset by computing a score ranging from 0 to 1 that quantifies
the degree of similarity between each pair of networks, and, thus, between the
corresponding clusters in the query and the reference datasets. The score is
assigned by computing the percentage of intersection (perINT) [52] of the links
in the corresponding networks (Figure 2.7 b). A p-value is then estimated by
comparing the value of such a score with the score obtained from a randomly
shuffled dataset (Figure 2.7 d, e).

The score returned by SCOPRO is not dependent on the composition of the
reference dataset, in contrast with the scores given by other methods such as
Seurat and scmap, or the discrete labeling provided by SciBet. Moreover, the
networks that SCOPRO builds allow the identification of the best-conserved
genes and those that differ the most between the query and the reference data.
A gene A is defined to be conserved between a cluster in the reference and a
cluster in the query if the jaccard index between the links from gene A in the
two networks is above a defined threshold (Figure 2.7 c).
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Figure 2.4: Overview of SCOPRO.

a)A network is built for each cluster in the reference and the query dataset.
SCOPRO builds a network where marker genes are nodes, and an edge is added
between a pair of genes if the ratio between their average expression in the clus-
ter is above a given threshold

b) Score (percentage of intersection) given by SCOPRO for the comparison be-
tween a cluster in the reference and a cluster in the query.

C) A gene is defined to be conserved between reference and query if the jaccard
index between the links from the gene in the two networks is above a defined
threshold.

d, e) With SCOPRO is possible to assess the significance of the given score.
A p-value is estimated by comparing the value of such a score with the score
obtained from a randomly shuffled dataset.

f) Comparison between SCOPRO and previously published methods for projec-
tion from reference to query. SCOPRO is the only method that gives as output
a quantitative score, a list of conserved genes between the reference and the
query and a p-value from which is possible to asses significance.

To illustrate how SCOPRO works, I used a scRNA-seq dataset from mouse
embryos as a reference (in vivo dataset ([53]; [54])), which includes blastomeres
from 2-cell stage embryos and epiblast cells from embryos at 4.5, 5.5 and 6.5
days post-fertilization. As a query, I used a scRNA-seq dataset from mouse em-
bryonic stem cells [55]. This dataset includes three clusters, respectively with
1101, 153 and 31 cells (Figure 2.5).
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Figure 2.5: Query dataset.
As a query for SCOPRO, a scRNA-seq dataset generated from mouse embryonic
stem cells [55] is used.

Using SCOPRO, I computed the projection scores of all clusters in the query
dataset with respect to the cluster of the 2-cell stage blastomeres present in the
reference. This showed that the score for cluster 2 is very high (and above sta-
tistical significance, p-value = 0), while the score for cluster 0 and 1 was very
low (Figure 2.6 a). Conversely, the projection scores computed with respect to
the epiblast cluster were not significant for cluster 2 and statistically significant
for the clusters 0 and 1 (Figure 2.6 a). This suggests that cluster 2 is most
similar to 2-cell stage embryos, while the other two clusters in the query dataset
resemble epiblast cells found in later stages.

Interestingly, among the conserved markers between cluster 2 and the late 2-cells
stage, there were Zscan4 family genes (Figure 2.6 b). Indeed, it is known that
in mouse embryonic stem cells, a rare population of cells with typical markers
of the late 2-cells stage, including Zscan4 genes, is present. This population
is called 2 cells like cells (2CLC) ([34]; [15]). Therefore, cluster 2 in our query
dataset corresponds to the 2CLC.

Among alternative methods, Seurat is able to correctly assign cluster 2 to the
late 2-cells stage, while both scmap and SciBet fail to recover the 2CLC identity
of cluster 2 because they assign it mainly or only to epiblast 4.5 (Figure 2.6 c,
d, e). The advantage of the score provided by SCOPRO is shown in the case
where we only have epiblast stages (from 4.5 to 6.5) in the reference dataset,
but not the late-2 cell stage. In this scenario, SCOPRO correctly assigns a very
low score for cluster 2 to each of the epiblast stages. Consistently in all cases,
the score is below the random expectation (Figure 2.6 f). On the contrary,
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Seurat, scmap, and SciBet still assign cluster 2 to epiblast 4.5 and epiblast 5.5,
although it is known from the previous analysis that cluster 2 corresponds to
2CLC (Figure 2.6 g, h, i). This is an intrinsic limitation of these methods that
can assign a final prediction only relative to the stages present in the reference
dataset.

SCOPRO is available as an R package on CRAN (https://CRAN.R-project.
org/package=SCOPR0O) and on github (https://github.com/ScialdoneLab/
SCOPRO).

I used SCOPRO in the project "Single cell dissection of pluripotency states
across mammals" (see chapter 3 section 3.2.2 for a more detailed description
of the project).
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Figure 2.6: Projection of mouse embryonic stem cells dataset on
mouse embryo data.
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Figure 2.6: Projection of mouse embryonic stem cells dataset on mouse
embryo data.

a) Final score obtained from SCOPRO for a mouse embryonic stem cells dataset
([55]) projected over a dataset from mouse embryo development (in vivo dataset
([53]; [54]) including late 2-cells stage (L2) and epiblast stages from embryonic
day 4.5 to 6.5 (E4.5, E5.5 and E6.5) The black line shown the fraction of con-
served links that would be expected in a random scenario, where the same
amount of links in the network are randomly assigned.

b) List of conserved genes given by SCOPRO between cluster 2 from a mouse
embryonic stem cells dataset ([55]) and late 2-cells stage from mouse embryo
development (in vivo dataset ([53]).

¢) Result obtained by Seurat for mouse embryonic stem cells dataset projected
over mouse embryo data (late 2-cells stages and epiblast stages from 4.5 to 6.5).
For each cell, Seurat assigned a relative score to each stage in the mouse embryo
data. Finally, the cell is assigned to the stage with the highest score.

On the columns there are the clusters from the reference datasets. On the rows
there are the clusters from the query. Each number indicates the percentage of
cells from the cluster in the query assigned to the corresponding cluster from
the reference.

d) Result obtained by scmap for mouse embryonic stem cells dataset projected
over mouse embryo data (late 2-cells stages and epiblast stages from 4.5 to 6.5).
For each cell, scmap assigned a score to each stage in the mouse embryo data.
Finally, the cell is assigned to the stage with the highest score .

e) Result obtained by SciBet for mouse embryonic stem cells dataset projected
over mouse embryo data (late 2-cells stages and epiblast stages from 4.5 to 6.5).
For each cell, SciBet assigned a discrete label corresponding to one of the stage
in the mouse embryo data.

f) Final score obtained by SCOPRO for cluster 2 from mouse embryonic stem
cells dataset projected over mouse embryo data where only epiblast stages from
4.5 to 6.5 are present. The score is always below the random expectation for
each of the three epiblast stages.

g) Result obtained by Seurat for cluster 2 from mouse embryonic stem cells
dataset projected over mouse embryo data with only epiblast stages from 4.5 to
6.5. For each cell, Seurat assigned a relative score to each stage in the mouse
embryo data. Finally, the cell is assigned to the stage with the highest score.
h) Result obtained by scmap for cluster 2 from mouse embryonic stem cells
dataset projected over mouse embryo data with only epiblast stages from 4.5 to
6.5. For each cell, Seurat assigned a relative score to each stage in the mouse
embryo data. Finally, the cell is assigned to the stage with the highest score.
i) Result obtained by SciBet for cluster 2 from mouse embryonic stem cells
dataset projected over mouse embryo data with only epiblast stages from 4.5 to
6.5. For each cell, SciBet assigned a discrete label corresponding to one of the
stage in the mouse embryo data.

Abbreviated cluster names: "L2" stands for "late 2-cells stage", “E4.5” for “epi-
blast at the embryonic day 4.5”; "E5.5" for "epiblast at the embryonic day 5.5";
"E6.5" for "epiblast at the embryonic day 6.5"; "UN" for "unassigned".
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2.8 Trajectory inference methods

Discrete classification may not be sufficient to describe cellular diversity, as the
biological processes underlying this heterogeneity are often continuous [56]. In
order to capture transitions between cell identities and branching differentia-
tion processes, trajectory inference (TI) methods are required (Figure 2.7).
The temporal order of differentiating cells can be intrinsically encoded in their
single-cell expression profiles. For methods such as diffusion maps, the one-
dimensional variable representing each cell’s transcriptional progression towards
the final state is referred to as diffusion pseudo time (DPT). DPT measures tran-
sitions between cells using diffusion-like random walks [57].

The DPT is computed in the following way. For each cell, the probabilities of
transitioning to each other cell in the dataset using random walks of any length
on this graph are computed; these walks can be seen as a proxy for the cells’
probabilities of differentiating toward different fates. The probabilities for each
cell are stored in a vector, and the DPT between two cells is calculated as the
Euclidean distance between their two vectors. The developmental progression
of each cell is measured in the dataset by computing its DPT with respect to a
specified root cell. An alternative to diffusion pseudo time is provided by sling-
shot [58]. The method works in two steps: first, it identifies lineages (ordered
sets of clusters), and then it assigns pseudotime coordinates to individual cells.
For this purpose, it makes use of principal curves to draw a path through the
gene expression space of each lineage.

While trajectory inference tools typically work with gene expression levels, com-
mon single-cell RNA seq protocols allow the identification and quantification of
unspliced pre-messenger RNAs (mRNAs) and mature spliced mRNAs for each
gene. By using the information of unspliced and spliced mRNA, one can infer
the RNA velocity of individual cells. RNA velocity describes the rate of gene
expression change for an individual gene at a given time point based on the ra-
tio of its spliced and unspliced mRNA. [59, 60]. Whereas traditional trajectory
inference methods reconstruct cellular dynamics given a population of cells of
varying maturity, RNA velocity relies on a dynamical model describing splicing
dynamics [61].

CellRank [62] combines the robustness of trajectory inference with directional
information from RNA velocity, taking into account the gradual and stochastic
nature of cellular fate decisions, as well as uncertainty in velocity vectors.
CellRank models state transitions using a Markov chain, where each state in
the chain is given by one observed cellular profile, and edge weights denote
the probability of transitioning from one cell to another. The resulting matrix
of directed transition probabilities is independent of any low-dimensional em-
bedding and reflects both transcriptional similarity and directional information
given by RNA velocity. CellRank identifies final states from a given number
of macrostates and assigns to each cell a probability of fate towards one of the
terminal states.
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2.9 Dilerential expression analysis along trajec-
tory

Once a transcriptional trajectory is identified, it is useful to identify the genes
that show dynamic patters of expression along it. Some trajectory inference
methods also provide as output the differentially expressed genes along a tra-
jectory. For example, CellRank finds genes whose expression levels change along
the trajectory by using the fate probabilities to smooth gene expression trends
along lineages.

Lately, specific tools to infer differentially expressed genes along trajectory, such
as tradeSEQ [63], have been developed.

TradeSEQ is a framework based on generalized additive models and the negative
binomial distribution, which allows for flexible inference of differential gene ex-
pression within and between lineages. To achieve this, TradeSEQ infers smooth
functions for gene expression measures along pseudotime for each lineage, using
generalized additive models.
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