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Summary

Dynamic biological phenomena such as the development of immunity due to

vaccination or the division of a single zygote into the �37 trillion cells in an adult

human are triggered and driven by bio-molecular interactions. The bio-molecular

species involved in these interactions are categorised based on their molecular

properties and physiological function. Typically, the abundance or characteris-

tics of only a single category of molecular species are measured in experimental

protocols, and the data generated is noisy, biased and incomplete.

Due to the limitations of measurement technology, computational models can-

not represent bio-molecular interactions in full mechanistic detail and have to

be restricted to operational definitions of complex biological phenomena. Despite

these constraints, computational models tailored to the idiosyncracies of data gen-

erated by various technologies enable the identification of bio-molecular species

and interactions relevant to particular biological processes.

A cell is composed of various bio-molecular species such as nucleic acids, pro-

teins, metabolites etc. The entire bio-molecular composition of a cell is known

as a cell-state. mRNA are polymeric bio-molecules whose sequence encodes in-

formation for the production of proteins. While proteins are ultimately respon-

sible for the execution of cellular functions, mRNA can be measured much more

comprehensively with single-cell RNA sequencing technology. mRNA sequences

corresponding to different protein segments are called transcripts, and the rela-

tive abundance of the various transcripts indicates the functional properties of the

cell. Therefore, the cell-state can be approximated as a vector of mRNA transcript

abundance.

The change of the cell-state over the course of a biological process is called

differentiation. This thesis presents three models of cell differentiation and their

application for different scRNAseq. experimental protocols and discovery goals.

The first two models are based on the simulation of cell differentiation with Markov

chains. The first model provides a generally applicable trajectory inference ap-

proach to model differentiation in any biological system with no topological con-

straints. The second model utilises simulations to model differentiation as a latent

state-space process and is used to cluster cells based on transcriptional activity

in order to identify transitional cell-states. The third model is based on ordinal

logistic regression and is used to identify transcripts whose expression varies along

a specified ordinal axis, even in data with other prominent sources of variation.





Zusammenfassung

Dynamische biologische Phänomene wie die Entwicklung von Immunität durch

eine Impfung oder die Teilung einer einzigen Zygote in die 37 Billionen Zellen eines

erwachsenen Menschen werden durch biomolekulare Wechselwirkungen ausgelöst

und vorangetrieben. Die an diesen Wechselwirkungen beteiligten biomoleku-

laren Spezies werden anhand ihrer molekularen Eigenschaften und physiologis-

chen Funktion kategorisiert. In der Regel werden in Versuchsprotokollen nur

die Häufigkeit oder die Eigenschaften einer einzigen Kategorie von Molekülarten

gemessen, und die dabei gewonnenen Daten sind verrauscht, verzerrt und un-

vollständig.

Aufgrund der Beschränkungen der Messtechnik können Computermodelle

die biomolekularen Wechselwirkungen nicht in allen mechanistischen Details

darstellen und müssen sich auf operative Definitionen komplexer biologischer

Phänomene beschränken. Trotz dieser Einschränkungen ermöglichen Computer-

modelle, die auf die Besonderheiten der mit verschiedenen Technologien erzeugten

Daten zugeschnitten sind, die Identifizierung von biomolekularen Spezies und

Wechselwirkungen, die für bestimmte biologische Prozesse relevant sind.

Eine Zelle besteht aus verschiedenen biomolekularen Spezies wie Nuk-

leinsäuren, Proteinen, Metaboliten usw. Die gesamte biomolekulare Zusam-

mensetzung einer Zelle wird als Zellzustand bezeichnet. mRNA sind polymere

Biomoleküle, deren Sequenz Informationen für die Herstellung von Proteinen

kodiert. Während Proteine letztlich für die Ausführung zellulärer Funktionen ver-

antwortlich sind, kann mRNA mit der Einzelzell-RNA-Sequenzierungstechnologie

viel umfassender gemessen werden. mRNA-Sequenzen, die verschiedenen Pro-

teinsegmenten entsprechen, werden als Transkripte bezeichnet, und die relative

Häufigkeit der verschiedenen Transkripte gibt Aufschluss über die funktionellen

Eigenschaften der Zelle. Daher kann der Zellzustand als ein Vektor der mRNA-

Transkript-Häufigkeit angenähert werden.

Die Veränderung des Zellzustands im Verlauf eines biologischen Prozesses

wird als Differenzierung bezeichnet. In dieser Arbeit werden drei Mod-

elle der Zelldifferenzierung und ihre Anwendung für verschiedene scRNAseq.-

Experimentierprotokolle und Forschungsziele vorgestellt. Die ersten beiden Mod-

elle basieren auf der Simulation der Zelldifferenzierung mit Markov-Ketten. Das

erste Modell bietet einen allgemein anwendbaren Ansatz zur Trajektorieninferenz,

um die Differenzierung in jedem biologischen System ohne topologische Ein-

schränkungen zu modellieren. Das zweite Modell nutzt Simulationen, um die



Differenzierung als Prozess in einem latenten Zustandsraum zu modellieren, und

wird verwendet, um Zellen auf der Grundlage der Transkriptionsaktivität zu grup-

pieren, um Übergangszellzustände zu identifizieren. Das dritte Modell basiert auf

einer ordinalen logistischen Regression und wird verwendet, um Transkripte zu

identifizieren, deren Expression entlang einer bestimmten ordinalen Achse vari-

iert, selbst in Daten mit anderen auffälligen Variationsquellen.
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1. Introduction

1.1 Tissue development and organisation

Complex, multi-cellular life forms rely on the coordinated activity of hundreds
of specialised cell-types1. In the early days of cell biology, after the invention of
the compound microscope and subsequent discovery of cells as the atomic unit of
biological organisation, cells were characterised based on morphology, tissue local-
isation and sub-cellular organisation. The discovery of the molecular, biochemical
basis of biological activity ushered in a new understanding of a cell-type. The
current view includes bio-molecular composition and the corresponding impact on
biological function as criteria for cell-type categorisation [2].

Cell di�erentiation is the process by which cells change in bio-molecular com-
position and, therefore, in biological functionality. The change in biological func-
tionality leads to the development of specialised cell-types that multi-cellular or-
ganisms are composed of. For example, the development of the human body from
a single zygote is a cell di�erentiation process. The process by which naive T-cells
are activated and acquire cytotoxic functions in response to a viral infection is also
an example. Even cell division can be framed as a di�erentiation process consider-
ing cell-cycle stages analogous to cell-types. In general, cell di�erentiation involves
the emergence of cells with distinct functional characteristics, or cell-types, from
cells of a di�erent type [3].

The concept of discrete cell-types de�ned based on tissue functions, morphol-
ogy, and bio-molecular composition is challenged by considerable cell-to-cell varia-
tion within cell-types. This variation can be attributed to individual genetics, the
in
uence of the external environment and the prior cellular micro-environment.
In the context of di�erentiation, such variation suggests that cell-types arise from
gradual changes in bio-molecular composition rather than discrete shifts. A cell-
state is the exact bio-molecular composition of a cell without reference to its
functional identity or other cells. The ontological relationship between cell-types
de�ned on common functional or phenotypic properties and cell-states de�ned on
bio-molecular composition has not been fully resolved [2].

1Cell ontology of the human cell atlas already categorises� 1900 cell-types and their relation-
ships [1].
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1.2 Molecular measurements in single-cell biology

The central dogma of molecular biology describes the hierarchical relationship
of bio-molecular species within a living system [4]. The study of di�erent bio-
molecular species is comprehensively organised into variousomics domains. Ge-
nomics is the study of the genetic code (DNA), which is common to all cells in
an organism. Transcriptomics is the study of the transcriptional products of the
genome, which are RNA molecules. The biological activity of a cell is regulated
by the di�erential expression of genes leading to di�erences in function between
cell-types. messenger RNA (mRNA) are transcriptional products of gene expres-
sion that encode information for the synthesis of proteins. Proteins are molecular
machines that execute physiological processes. Proteomics involves the study of
proteins, their structure, function, and interactions. Epigenomics is the study
of non-structural modi�cations of the genetic code that regulate gene expression,
such as DNA methylation and histone modi�cations [5].

Genomic and transcriptomic measurement technologies have improved dramat-
ically in scale, mainly due to the super-exponential decrease in sequencing costs
and the development of micro
uidics. These technologies are commonly called
high throughput sequencing technologies [5]. The advent of single-cell resolution
measurements has enabled highly resolved investigations of cell-state changes in
the context of di�erentiation. In particular, single-cell RNA sequencing (scR-
NAseq.) technologies measure the expression of the entire set of genes/transcripts
at cellular resolution, providing a broad and detailed view of the transcriptional
composition of a cell. In contrast, single-cell proteomic measurements are re-
stricted in the number of distinct species that can be measured and single-cell
epigenomic measurements are highly sparse. Therefore, single-cell transcriptomic
measurements via RNA sequencing have been widely adopted to study biological
systems at single-cell resolution [6]. scRNAseq. measurements also have addi-
tional properties that make them particularly suited to modelling di�erentiation
processes that will be detailed in the forthcoming sections.

1.3 Conceptual models of cell di�erentiation

C. H. Waddington's epigenetic landscape model has been very in
uential in con-
ceptualising cell di�erentiation and continues to be widely used. The epigenetic
landscape represents transitions toward specialised cell-types as a slope with val-
leys and ridges. In this analogy, cells act as marbles released from the top of the
slope. The marbles will roll down and, despite variation in initial positioning,
be canalised into the valleys. As the marbles roll down, the number of potential
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paths they could take reduces, re
ecting the increasing specialisation of cells and
an irreversible commitment. The marbles come to rest in positions with no down-
ward inclination, representing the terminal cell-types beyond which cells no longer
di�erentiate [7].

While not entirely correct2, the landscape analogy provides a useful abstrac-
tion of the regulatory mechanisms that drive cell-type transitions. The biological
activity of a cell is the result of a complex biochemical interaction; however, ex-
perimental bio-molecular techniques do not produce comprehensive measurements
of the bio-molecular composition of cell-states and are typically restricted to par-
tial measurements of a single bio-molecular species. Therefore, the abstraction3

of molecular mechanisms is essential in modelling di�erentiation processes from
experimental data4. For example, the change in expression of transcripts is reg-
ulated by a class of proteins called transcription factors. Transcription factors
are themselves the products of corresponding transcripts. In general, the e�ect of
the expression of a transcript on another is indirect and mediated via intermedi-
ate bio-molecules like proteins. However, a model of cell di�erentiation based on
scRNAseq. data can only represent the interaction between transcripts as direct
interactions [11]. Furthermore, information such as the epigenetic state of the
genome, which governs the allele variant expressed, cannot be represented at all.

1.4 Di�erentiation models with single-cell transcriptomics

In the context of transcriptomics, a cell-state is the amount of expression of all
genes/transcripts in a cell. Di�erentiation processes are interpreted as sustained
changes in gene/transcript expression. Change in expression leads to a change in
functional properties of the cell, thus giving rise to a di�erent cell-type. In contrast
to the description of cell di�erentiation as transitions between cell-types, models
developed on single-cell measurements typically consider transitions between cell-
states. Interpretation of di�erentiation in terms of cell-type transitions, along with
the development of models of cell-state transitions, presents unresolved challenges.

2Although Waddington's landscape would appear to suggest an analogy to the change in
potential energy of marbles rolling down a hill, several mechanisms exist by which cellslower in
the landscape can transition into cellsupper in the landscape or transition laterally over ridges.
The de-di�erentiation of terminal cells into stem-like cancerous cells and cellular reprogramming
of skin cells into induced pluripotent stem cells are two such examples [8][9].

3Conceptual abstraction being the process of selecting aspects of a concept relevant to a
speci�c purpose.

4Experimental protocols that allow for the measurement of multiple omics modalities are
increasingly common. Such data-sets are expected to enable the inference of biologically causal
mechanisms, thus reducing the need for abstraction [10].
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A common approach is to cluster cell-states and identify clusters of cell-states
as functional cell-types. Subsequently, a model of cell-type transitions is devel-
oped, and variability within clusters is discarded as biological or technical stochas-
ticity [12]. Alternatively, di�erentiation can be modelled with greater resolution.
In the latter formulation, change in expression is gradual and measured cell-states
may represent transitional states that are possibly intermediate in both expression
and function. For di�erentiation processes with multiple outcomes, an incremental
commitment towards terminal fates is suggested [13][14].

scRNAseq. measurements read out the number of molecules of each
gene/transcript in a single cell. The process of gene expression is in
uenced by
individual genetics, the epigenetic state of the genome and external conditions.
Models of cell di�erentiation seek to distinguish sources of variation in cell-states
that represent a change in biological activity and functionality. It is implicitly
assumed that not all variation in cell-states is physiologically meaningful. Con-
versely, whether experimental techniques capture the entire spectrum of cell-states
in a di�erentiation process is unknown.

Descriptive models of di�erentiation processes characterise cell-state transi-
tions along the di�erentiation axis and can be used to discover relevant genes in
an associative fashion. It is relatively di�cult to model the data-generating process
even with modelling approaches agnostic to mechanistic accuracy. For example,
whether interpolating measured cell-states or generative models [15][16] would pro-
duce physiologically viable cell-states is unclear. Thus far, no universal functional
mapping between expression and biological activity has been established. Fur-
thermore, experimental investigation of predicted or simulated cell-states remains
challenging due to the absence of experimental tools capable of inducing exact
expression pro�les5.

Conceptually, scRNAseq. measurements enable the development of highly re-
solved models of expression dynamics. In practice, measurement noise, biological
stochasticity and the phenomenon of dropout6 lead to a trade-o� between resolu-
tion and con�dence. In addition, technical variability between data from di�erent
experiments is high and is referred to as a batch-e�ect7.

5Perturbation screens provide a degree of control over gene expression and can be used to
investigate the biology of induced cell-states however, these interventions a�ect expression levels
coarsely [17].

6single-cell RNA sequencing protocols begin with the isolation of single-cells, followed by the
capture of individual mRNA molecules. Lastly, a data matrix is entered with the number of
molecules of each gene/transcript for each cell. This matrix is very sparse, and the current
understanding of this phenomenon is that most missing values represent a technical inability
to capture mRNA molecules rather than an absence of transcription. The sparsity precludes
partitioning of cells on a restricted selection of well-characterised genes.

7Batch-e�ects are a combined e�ect of stochastic biological di�erences between samples, dif-
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scRNAseq measurements can be conducted using either a time-series protocol
or single samples called snapshots. In time-series experiments, biological samples
are collected at regular intervals over a period of time. The expression dynamics
over time, possibly for multiple cell-types, can be modelled with such data. The
activation of di�erentiation in biological systems is often asynchronous; therefore,
individual samples in both protocols will measure a mixture of cell-states at various
stages of the di�erentiation process.

Models of cell di�erentiation, commonly called lineage inference or trajectory
inference, aim to order the measured cell-states along an estimated di�erentiation
coordinate known as pseudotime representing the continuum of di�erentiation.
Models developed on time-series data can additionally utilise temporal labels as-
sociated with each sample as side information, prior knowledge, or for supervised
learning. Time-series data also enables modelling changes in di�erent cell-types'
frequency as di�erentiation progresses. If multiple di�erentiation processes are
active in the biological sample being measured, then in addition to pseudotime,
cell-states are assigned to co-occurring lineages, each corresponding to one termi-
nal fate [18].

1.5 Transcriptional dynamics-based di�erentiation models

The life-cycle of mRNA molecules comprises three steps, �rst is the transcription
of the DNA sequence to produce unspliced mRNA transcripts that contain both
exonic and intronic sequences. In the second step, unspliced transcripts are spliced
to create a mature spliced transcript that can be read by a ribosome. Finally,
mRNA transcripts are degraded by ribonuclease back into individual nucleotides.

scRNAseq. protocols are designed to measure spliced transcripts; however,
through several mechanisms, unspliced transcripts are also measured8. The de-
tection of both mature, spliced mRNA and nascent, unspliced mRNA has been
used to develop models that make a local prediction of a cell's future state. These
models are commonly known as RNA velocity [20]. RNA velocity models produce
estimates of each gene's rate of change of expression by �tting parameters for the
transcription-splicing process described above.

Several challenges of this modelling approach have been outlined, primarily on
measurement biases due to unintentional capture of unspliced transcripts and the
over-simpli�cation of biological processes [21]. Despite these issues9, RNA velocity

ferences in scRNAseq. protocol, technical variability due to di�erent sequencing runs and di�er-
ences in library preparation.

8The mechanisms by which unspliced transcripts are measured, and the proportion of such
measurements vary depending on the scRNAseq. protocol [19].

9RNA velocity modelling is an active topic of computational and experimental research.
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models have been useful in modelling cell di�erentiation with scRNAseq. data.
Models that do not utilise RNA velocity rely on distance measures to arrange

cells into a pseudo-temporal ordering. The lack of directed cell-state transitions
limits the ability to model the directionality of repeating or convergent di�eren-
tiation patterns. Furthermore, the overall direction of di�erentiation has to be
inferred from the biological context, an approach that can be challenging to apply
to under-characterised biological systems. RNA velocity-based models consider
the rate of change of expression, therefore, can infer pseudo-temporal ordering
re
ecting the temporal distance between cell-states rather than approximate it
with distance in gene expression. This leads to a pseudotime that is a better
representation of di�erentiation dynamics.

Protocols speci�cally designed to capture this signal combined with more sophisticated modelling
of the transcription-splicing process have been published since the original publication by La
Manno et. al. in 2018 [22][23].
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2. Objectives

The ultimate goal of di�erentiation modelling is to identify transitional rela-
tionships between cell-states and cell-types and aid in the identi�cation of relevant
bio-molecular interactions. scRNAseq. measurements performed for the study of
various biological conditions under di�erent experimental protocols di�er in the
availability of prior biological knowledge, data from other modalities and contex-
tual information. This necessitates the development of models of di�erentiation
that address speci�c research goals. I developed and applied di�erentiation models
during my doctoral research, particularly utilising RNA velocity.

Trajectory inference methods either cannot model non-tree-like di�erentiation
patterns that require revisiting cell-states or use specialised approaches only ap-
plicable to cyclical patterns. Since such models do not have a signal for directed
cell-state transitions, they do not discriminate between cell-states with similar ex-
pression but di�erent transitions. Typically, biological context is required to assign
the overall directionality of the modelled lineage. I developed a model that utilises
RNA velocity to overcome the limitations of conventional methods. The model
performs trajectory inference with no assumptions about the topology of the pro-
cess and is generally applicable, including cyclical and convergent patterns. The
model allows data-driven identi�cation of di�erentiation processes and therefore
�nds application in under-characterised biological systems [Manuscript 1].

Due to the high variability and dropout, the functional identity of cell-states
is typically established by clustering cell-states and then identifying clusters as
cell-types. While aiding interpretability, the exclusive assignment of cell-states to
cell-types may hinder the discovery of transitional cell-states. Clustering cell-states
on only expression does not utilise dynamical information from RNA velocity. I
developed a latent state-space model that models di�erentiation dynamics in a
discrete latent state-space. The model can perform kineticsoft clustering of cells
which aids the discovery of transitional cell-states while also producing highly
resolved estimates of pseudotime and cell-fate.[Manuscript 3].

Prior information on the ordering of cell-types or the sequential order of scR-
NAseq. data from multiple samples, if utilised as input, can enable the charac-
terisation of di�erentiation processes even if there are large technical or unrelated
biological sources of variation. I benchmarked and applied a regularised ordinal
logistic regression-based modelling approach for estimating pseudotime and iden-
tifying genes in scRNAseq. data with ordinal labels [Manuscript 4].
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3. Results

The following sections summarise the manuscripts included in this thesis. Each
section covers one di�erentiation model and consists of the primary motivation for
developing the model, the model speci�cation and a description of analyses of
scRNAseq. data with the model to demonstrate key utilities.

3.1 Simulation-based trajectory inference

RNA velocity models estimate the rate of change of gene expression of cell-states
measured in a scRNAseq. experiment. This estimatedvelocity can be used to
predict the future state of a cell; however, since velocity cannot be assumed to
be constant over time, only local predictions can be made. Assuming that the
measured cell-states are representative of cell-states that arise during the di�er-
entiation process, the di�erentiation process can be simulated as a Markov chain
of cell-state transitions [20]. The probability of transitioning from cellca to cell
cb, pab is estimated as following,

pab / ecos (� ab) (3.1)

where� ab is the angle between the di�erence of gene expression vectorsca, and
cb, and the velocity vector ofca.

Manuscript 1 reports Cytopath, a data-driven trajectory inference method that
utilises properties of RNA velocity to infer pseudotime, trajectories and cell-fate
probabilities with no assumptions on the topology of the di�erentiation process.
The method aims to improve upon prior trajectory inference methods, particularly
for non-tree-like topologies like cycles, convergence and interlaced processes, by
incorporating the directional signal from RNA velocity.

3.1.1 Cytopath: Modelling di�erentiation with Markov chains

Cytopath estimates trajectories from root to terminal cell-states of a di�erentiation
process [Figure 3.1A]. The method involves four steps. First, multiple simulations
of the di�erentiation processes are produced by Markov sampling of cell-state
sequences initialised at pre-de�ned root states [Figure 3.1B.1].

The cell-statecij at step i of the simulation is selected randomly according to
the transition probability matrix T from the nearest neighbours ofci � 1. Let F be
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the cumulative probability distribution of T. A value � is sampled from a uniform
distribution over [0; 1) and,

ci = arg min
c2C

(F ( c
ci � 1

) � � ) 3 F ( c
ci � 1

) � � (3.2)

Second, simulations with a common terminal state are aligned using Dynamic
Time Warping to establish a common di�erentiation coordinate (pseudotime) [Fig-
ure 3.1B.2]. Third, consensus expression states are estimated by averaging cell-
states at each step of the aligned sequence to obtain the trajectory. Last, cell-states
are then assigned to the trajectory; for a cell with neighboursK , its alignment
score to stepi of a trajectory is calculated as,

� f
i =

1
jK j

KX

k

cos(� f
k ) � exp(
 k) (3.3)

where� is the cosine angle between the section of the trajectory and all possible
transition partners k 2 K of the cell. 
 is the cosine similarity between the velocity
vector of the cell with the distance vector between the cell and its neighbours
[Figure 3.1B.3]. Following the assignment, pseudotime and cell-fate scores are
estimated per cell [Figure 3.1C.2-3].
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Figure 3.1: Cytopath overview. (A) Inputs for Cytopath trajectory inference subsequent to
a RNA velocity analysis. (A.1.) Single-cell gene expression pro�les, RNA velocity pro�les, (A.2.)
Transition probability matrix, (A.3.) Root and terminal state annotation. (shown here: inferred
using RNA velocity) (B) Steps performed during Cytopath inference. (B.1.) Simulations of the
di�erentiation process generated by sampling a Markov chain based on the cell-to-cell transition
probabilities. Sampling is initialized on cells annotated as root states. (B.2.) Simulations are
performed for a �xed number of steps that are automatically selected using the properties of
the transition probability matrix. Simulations are aligned using Dynamic Time Warping. After
alignment, cells at each transition step represent the same consensus state. (B.3.) Cells along
the inferred trajectory are assigned to multiple trajectory segments based on the alignment of
their average transition vector (with respect to neighbours) and the trajectory segment. (C)
Outputs from Cytopath trajectory inference. (C.1.) The frequency of simulations terminating
at each cell highlights regions of switch in transcriptional programs as well as terminal regions.
(C.2.) Trajectories are inferred independently for each terminal region. The trajectories are
composed of multiple segments. The pseudotime of a cell is estimated as the weighted average
segment rank of all the segments it aligns with. (C.3.) Di�erential alignment scores to multi-
ple trajectories are used to estimate the cell-fate probability with respect to the terminal regions.

Figure reproduced from �gure 1 of manuscript 1.
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3.1.2 Modelling non-tree-like di�erentiation topologies

Modelling of tree-like di�erentiation topologies can be accomplished by assuming
that a greater di�erence in gene expression between cell-states corresponds to
a greater di�erence in progress along the di�erentiation axis. Cell-states with
divergent gene expression trends may be grouped into lineages representing parallel
di�erentiation processes in the sample. RNA velocity-enabled trajectory inference
may better estimate branch points in such data. However, methods that assume
the di�erentiation topology can be modelled as a Minimum Spanning Tree (MST)
are conceptually suitable.

However, modelling convergent di�erentiation topologies requires an increase
in the similarity of gene expression pro�les of cell-states to correspond to the
progress of the di�erentiation process. Cyclical processes require modelling os-
cillating patterns of gene expression. Conceptually, Cytopath enables modelling
such topologies by relying on directed transitions estimated using RNA velocity,
that are asymmetric between pairs of cell states. Therefore, sequences of cell-state
transitions sampled from the transition probability matrix can navigate through
gene expression space that may appear isotropic.

Cell cycle reconstruction

Cytopath's utility in modelling di�erentiation processes with a cycle followed by
further linear di�erentiation was demonstrated with an analysis of scRNAseq.
data of cells undergoing cell-cycling [24]. Cell-cycle stages were experimentally
annotated based on the 
uorescence intensity of Green and Red 
uorescent pro-
tein tagged proteins. Cell cycle stage annotations were only used to validate the
analysis. Trajectory inference with Cytopath modelled an unbroken trajectory
starting in the G1 stage (root states inferred with RNA velocity) through the in-
termediate stages back to the G1 stage and further into the G1-checkpoint stage
[Figure 3.2C].

Cells in the G1 stage can be partitioned into two groups based on pseudo-
time inferred by Cytopath [Figure 3.2G]. The expression of markers associated
with cell cycle is signi�cantly higher in early-pseudotime G1 cells than in those
committed towards the G1 checkpoint phase and, accordingly, are associated with
higher pseudotime [Figure 3.2H]. The partitioning of cells in the G1 stage and the
di�erence in marker expression can be observed as two separate bands of G1 cells
(blue) in the radial plot [Figure 3.2A]. Comparative analysis with non-velocity-
based methods highlighted issues arising from the inability to incorporate RNA
velocity (see Manuscript 1).

11



Figure 3.2: Reconstruction of cell cycle in U2OS cell line. (A) RNA velocity stream
plot overlayed on the UMAP projection, annotated with the cell cycle phase adapted from
Mahdessian et al. [24] Considering all cell-to-trajectory alignments binned into percentiles, the
radial heatmap shows cell cycle phase fraction (outer set of rings) and marker expression (inner
set of rings) sorted by trajectory step. The directionality of the radial heatmap is clockwise,
with the origin at zero degrees (B) The separation of the G1 phase into G1 and G1-chk
was performed based on marker expression of cell cycle genes. (C{F) Trajectories inferred
and pseudotime per cell by (C) Cytopath, (D) Angle, (E) ReCAT, (F) PAGA and velocity
pseudotime (vpt). (G) Distribution of Cytopath pseudotime for cells in the G1 cluster. (H)
Normalized expression of cells classi�ed as early and late G1 cells (blue/orange, respectively).
Signi�cance was estimated by an independent t-test for each marker.

Figure reproduced from �gure 3 of manuscript 1
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Figure 3.3: Reconstruction of convergent di�erentiation in developing neonatal
mouse inner ear. (A) Known di�erentiation trajectories from [25]. (B) Probability estimated
based on RNA velocity of a cell being a root and terminal states, respectively. (C) RNA velocity
overlayed on the PCA projection of neonatal mouse inner ear data annotated with stages of
di�erentiation. (D) Inferred trajectories and mean pseudotime by Cytopath. (E) Spearman
correlations between known lineage ordering of cell types and pseudotime inferred by Cytopath
(10 runs).

Figure reproduced from �gure 5 of manuscript 1

Reconstruction of convergent di�erentiation in developing neonatal
mouse inner ear

The development of hair cells (HCs) in the sensory epithelium of the utricle origi-
nates from transitional epithelial cells (TECs) via support cells (SC). A secondary
di�erentiation path from TECs to HCs and a transitional zone where cells can
easily switch fate results in two convergent di�erentiation trajectories [25] [Fig-
ure 3.3A].

Root and terminal state probability estimation using RNA velocity was used
to select root and endpoints. A PCA projection of the data was generated, as
indicated in the original study. Trajectory inference with Cytopath reproduced
the two di�erentiation trajectories in a completely data-driven manner. The cor-
relation between known cell type ordering and pseudotime estimated by Cytopath
is robust for either lineage [Figure 3.3D-E].
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Figure 3.4: Reconstruction of convergent di�erentiation in developing neonatal
mouse inner ear. (A) Root and terminal state probability inferred using RNA velocity.
(B) UMAP projection annotated with the duration of stimulation for each cell. (C) UMAP
projection annotated with trajectory and pseudotime inferred by Cytopath. (D) Cytopath
pseudotime per cell with respect to stimulation duration. Note the monotonic relationship
between median pseudotime and stimulation duration. (E) Pearson correlation between
pseudotime inferred by Cytopath, non-velocity-based pseudotime estimated using Cytopath
trajectory inference (Cytopath-Euclidean) and baseline methods.

Figure reproduced from �gure 6 of manuscript 1

3.1.3 Approximating the real rate of di�erentiation

RNA velocity is an estimate of the rate of change of expression. Therefore, pseu-
dotime estimated based on RNA velocity can order cell-states along a coordinate
that represents progress along the di�erentiation process, unlike prior methods
that only measure the di�erence in expression values and do not account for the
di�erence in the rate of change of expression.

Pseudotime inference was performed for scRNAseq. data from mouse corti-
cal neurons stimulated for various durations within the range of 0-120 minutes.
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Asynchronous activation of di�erentiation typically precludes the use of time-series
labels as a proxy for di�erentiation progress in individual cells. Therefore, only
gene expression of activity-regulated genes was considered for the analysis, and
thus the duration of stimulation would indicate di�erentiation progress [22].

Pseudotime inferred by Cytopath had a monotonic relationship with stimula-
tion time [Figure 3.4D]. Comparative analysis with pseudotime estimated using
both velocity and non-velocity-based methods revealed higher Pearson (linear)
correlations between pseudotime and stimulation time for velocity-based methods
[Figure 3.4E].

The impact of RNA velocity-based cell-to-trajectory assignment with Cytopath
was assessed by computing a pseudotime (Cytopath-Euclidean pseudotime) using
non-velocity Euclidean distance-based cell assignment to the trajectory inferred
by Cytopath. Cytopath-Euclidean pseudotime had a lower correlation with stim-
ulation time but outperformed non-velocity-based methods.

3.1.4 Fate trajectories of CD8+ T cells in chronic LCMV infection

CD8+ T cells are cytotoxic cells essential for the clearance of viral infections.
Under conditions of chronic infection, these cells undergo a process ofexhaus-
tion during which they lose the ability to clear the viral load but persist in a
senescent-like state. This state is characterised by reduced e�ector function and
the expression of co-inhibitory receptors due to persistent T-cell receptor (TCR)
stimulation. Manuscript 2 reports a study on CD8 T cell di�erentiation towards
either terminally-exhausted or memory-like-exhausted CD8+ T cell subsets. Tra-
jectory inference with Cytopath [Manuscript 1] suggested an early commitment
of CD8+ T cells towards either the terminally-exhausted or the memory-like-
exhausted CD8+ T cell fate.

Comprehensive multi-sample scRNAseq. time-series data captured from the
induction of infection to terminal exhaustion in CD8+ T cells was produced to
investigate lineage relationships between the cell-types that arise during the pro-
cess. scRNAseq. data was produced post-infection corresponding to early phases
(day 1-4), peak phase (day 7), contraction phase (day 14) and late phase (day
21) [Figure 3.5A]. Root and terminal cell states were inferred data-driven using
RNA velocity. Subsequently, trajectory inference was performed using Cytopath
[Manuscript 1] to model the terminally-exhausted and memory-like lineages.
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Figure 3.5: Overview of CD8+ T cell trajectory inference with Cytopath. (A) Trans-
genic P14 CD8 T cells were sampled in a time-series protocol under chronic infection with LCMV.
The samples were acquired from four phases of the infection activation (day 1-4), e�ector (day
7), early exhaustion (day 14) and late exhaustion (d21), and scRNAseq was performed using
the 10x Genomics platform. Figure reproduced from �gure 1 of manuscript 2. (B) UMAP
projection of scRNAseq. data. (b.1) Color indicates the time-point after infection, at which
cells were isolated for scRNAseq. (b.2) Louvain cluster assignment (b.3) Cell composition of
the phenotypic clusters by sample time-point. (b.4) phenotypic cluster annotation based on
marker and di�erentially expressed genes. Figure adapted from �gure 2 of manuscript 2. (C)
RNA velocity analysis of scRNAseq. data. (c.1) Stream plot visualising transitions between
cells inferred from RNA velocity (c.2) The stationary distribution of the backward and the for-
ward transition matrix, respectively, indicate root and terminal cell-state. Figure adapted from
�gure 4 of manuscript 2. (D) Trajectory inference with Cytopath. (d.1) Trajectory path and
pseudotime for the terminally-exhausted and memory-like cell-types projected on UMAP. (d.2)
Cell-fate commitment of cells towards either lineage. Figure adapted from �gures 5 and �gure 6
of manuscript 2.
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