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Abstract

Assessing the transition state model for cellular differentiation in vivo: a
case study of zebrafish neuromesodermal progenitors
Toh Qin Kane
During the process of cellular differentiation, stem or progenitor cells undergo a sequence of cell state changes before acquiring the characteristics of their destination fate.
The transition state model proposes that a transient window of increased gene expression
stochasticity and diversity precedes the coherent entry into the differentiated state. As the
model has been assessed primarily via in vitro studies, I sought to explore whether a similar
phenomenon can be observed within a cell population in vivo. In my thesis, I chose to study
the neuromesodermal progenitors (NMps) in the zebrafish tailbud due to their relative biological simplicity. These progenitors co-express sox2 (neural marker) and tbxta (mesodermal
marker) and differentiate into the posterior spinal cord or paraxial mesodermal lineages at
the late somitogenesis stages, in the absence of other cellular processes such as proliferation,
apoptosis and extensive mixing. Thus, I was able to relate cell states to cell fates as I analysed
the gene expression heterogeneities in the NMp population in situ.
To assess whether the transition state model applies to zebrafish NMp differentiation
in vivo, I established four experimental predictions. First, there should be an increase in
the heterogeneities of sox2 and tbxta expression in the NMps as they enter the transition
state. During mid to late somitogenesis, I found that the heterogeneities in sox2 and tbxta
expression as well as the variability in cell number peaked at the 24-somite stage (24ss),
which is when NMps contribute to the developing axis.
Second, as a transition state results from the flattening of the progenitor attractor during a
bifurcation event, it should display several quantitative signatures of a critical transition. By
analysing a high-dimensional single-cell RNA-seq dataset at 18ss, I observed an increase in
the critical transition index and transcriptional noise in the NMp population relative to its
derivatives.
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Next, to follow the expression of neural and mesodermal markers within the tailbud at
18ss, 24ss and 28ss, I co-developed an image registration pipeline with my colleague in order
to construct gene expression composite maps. Using these maps, I assigned individual NMps
with an ‘NM index’ based on the cumulative expression of their neural and mesodermal
markers. I used the NM index to assess my third prediction: that cell-cell variability in
the NMp population should peak upon entry to the transition state. Consistent with this
prediction, I found that the entropy of the NMp population is highest at 24ss.
Finally, during the transition state, a recent in vitro study proposed that ‘Rebellious’
cells may explore cell states that oppose their predicted cell fates. I noted an increase in the
number of ‘Rebellious’ cells in my dataset, in the form of neural-biased cells that possess
high Wnt/TCF activity residing in the mesoderm-fated domain at 24ss. To understand how
these cells can arise under a stochastic regime, I explored a stochastic model of the genetic
toggle switch and showed that by making the Wnt input time-dependent, I can recreate these
rebellious cells in silico.
Taken together, my work demonstrates that several predictions of the transition state
model hold true within an endogenous cell fate decision making event.
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Chapter 1
Introduction
1.1
1.1.1

Theoretical introduction on cellular differentiation
Waddington’s epigenetic landscape metaphor

Picture a ball sitting on top of a hilly landscape. We can take the ball to represent the
beginning of a human life - a totipotent, single-celled zygote with the potential to generate
all the embryonic and extraembryonic tissues of the human body. Over time, the ball rolls
downhill along the valleys, choosing between a series of bifurcating channels, before settling
into the valley bottom. The landscape metaphor was introduced by Conrad Waddington
around 60 years ago and remains a powerful tool to reason intuitively about embryonic
development (Figure 1.1A) [314]. As the ball rolls downhill, so does the cell’s potential
to differentiate into a range of cell types decrease along the course of development. The
epigenetic landscape is named as such as it illustrates the complex relationship between
development (epigenesis) and genetics during the generation of the adult phenotype [88]. In
humans, the adult body is estimated to have at least 210 stable cell types [3], ranging from the
stratified squamous epithelial cells in the epidermis of the skin to the Purkinje neurons in the
cerebellum of the brain. How do different cell types emerge from an initial, undifferentiated
cell?

1.1.2

Early models of differentiation

A simple model describes cellular differentiation as the gradual loss of genetic information
in somatic cells. Taking a liver cell as an example, the model asserts that liver cells are
different from nerve cells as they retain genes for liver functioning and concomitantly lose
the genes for nerve cell functioning. Supporting this model, in the early mitotic divisions of
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the parasitic nematode Parascaris univalens, chromosomes fragment and specific functional
genes are eliminated from cells to produce more specialised cell types [22, 219]. However, it
is now understood that the roundworm’s mechanism of “chromatin diminution” is an exceptionally rare mechanism for cellular differentiation. In most cases, the differentiated adult
nucleus contains all the genetic material necessary to reinitiate the development of the entire
animal [113, 127]. Thus, healthy liver cells and nerve cells have different phenotypes not
because they have different genomes, but because they express the same genome differently
(differential gene expression).
To explain differential gene expression from identical genomes, a traditional pathwaycentric model states that a liver cell acquires its function through the expression of a set
of liver-specific transcription factors. Specifically, these transcription factors, encoded
by the HNF1A, HNF4A and HNF6A genes, act as master regulators of the liver-specific
regulatory circuit [137, 222]. This is a plausible explanation, considering that the forced
expression of a single transcription factor such as MyoD or GATA1 can induce the formation of myotubes in fibroblasts [56] or force multipotent hematopoietic precursors into
the megakaryocyte/erythrocyte lineage over the macrophage/monocytic lineage [162] respectively. However, this model falls short for at least three reasons. First, mapping of the
gene regulatory network (GRN) architectures across diverse taxa demonstrates that GRNs
possess a scale-free topology, where a large fraction of nodes possesses high connectivity
[14, 139, 226]. Consequently, viewing cell type determination as the activation of independent, modular subcircuits is inconsistent with these observations as the largest group of
connected nodes encompass most of the nodes [139]. Second, it neglects the importance of
cellular context during differentiation. Whilst forced expression of MyoD in mesodermal
fibroblasts converts them into muscle cells, this does not work when MyoD is expressed in
endodermal HepG2 cells [322] or hepatocytes [259]. Third, the model lacks quantitative
detail - it does not account for the stability of the differentiated state, nor does it explain how
the duration, concentration and order of exposure to signalling inputs can result in varying
cellular responses [60, 140].

1.1.3 Extending the epigenetic landscape with the theory of dynamical
systems
We can address these limitations by returning to Waddington’s epigenetic landscape metaphor
and recognising that it has formal roots in dynamical systems theory [138, 291]. In this
representation, a cell is a dynamical system with a set of rules describing the interaction
between components that result in cell state changes over time [142]. These biological
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components are commonly taken to be mRNA or protein abundances. Assuming that the
component under study is mRNA, then each cell state represents a particular gene expression
configuration that corresponds to a point in high-dimensional state space (Figure 1.1B upper).
Under this framework, the epigenetic landscape is interpreted as a three-dimensional state
space where the x and y-axes are the abundances of two mRNA species and the z-axis
(elevation) represents the quasi-potential energy, or relative stability, of each state [134]
(Figure 1.1B lower).
How does the mathematicised landscape account for the context-dependence of cell state
transitions and the stability of the differentiated states? Coordinated changes in expression
levels (network dynamics) corresponding to the movement from one point to another in state
space is constrained by the hardwired physical architecture of the GRN. Thus, depending
on the initial gene expression state, some states may be more accessible than others and
epigenetic ‘barriers’ are erected along the path towards less accessible states [135]. To explain
the stability of cell types, cell-type specific gene expression profiles have been proposed to
correspond to a high-dimensional attractor state which draws in neighboring trajectories that
lie within its basin of attraction [37, 59, 137, 150].
By imbuing the epigenetic landscape with the theory of dynamical systems and taking a
network-based approach [54], it is possible to go beyond the study of static representations
of GRNs towards a dynamical mechanistic explanation of development with mathematical
modelling [66]. Modelling is necessary as a simple subcircuit can have a broad dynamical
repertoire depending on the initial conditions and parameter values [237], and non-linear
interactions quickly complicate our understanding of the system’s dynamics [66]. Although
these dynamical models tend to be low-dimensional and phenomenological in nature, they
can deepen our understanding of why GRNs are constructed the way they are if they capture
the critical aspects of the system [66, 208, 294].
A simple, deterministic model that has been used repeatedly to explain developmental
dynamics in different contexts is the toggle switch model [5, 136]. In the genetic toggle
switch, a pair of cell-fate regulators mutually repress each other [85, 141]. This simple
circuit, with the incorporation of autoactivation, has been used to describe the differentiation
of multipotent hematopoietic progenitors into the erythroid (GATA1) or myelomonocytic
(PU.1) fates [138], of T cells into the Th1 (T-bet) and Th2 (GATA3) subtypes [148], and of
cells in the early embryo between the trophoectoderm (Cdx2) and inner cell mass (Nanog)
lineages [40] (Figure 1.1B). The incorporation of autoactivation leads to a tristable, instead
of a bistable regime, which explains the stability to the two differentiated attractors as well
as the initial metastable progenitor state [136, 138].
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Figure 1.1: Waddington’s epigenetic landscape. A) (Upper) Waddington’s epigenetic
landscape. (Lower) Beneath the landscape lies a series of guy ropes attached to pegs
that shape the contours of the valleys. The pegs represent the genes whereas the guy
ropes represent the gene products or GRN interactions that exert their effects jointly on the
landscape above. B) (Upper) Phase portrait of a toggle switch with autoactivation. The
axes correspond to the concentrations of proteins X and Y. Black dots labelled as SA , SB ,
SC , indicate the three attractors of the tristable system. Schematics of the toggle switch
network architecture are indicated next to their corresponding attractors, with darker (lighter)
magenta indicating a higher (lower) regulator concentration. The basins of attraction of
the attractors are colored with the orange, blue and purple backgrounds. The red asterisk
denotes the unstable high X, high Y state, which rapidly converges into the attractor SB as
indicated by the arrow. B) (Lower) Quantitative version of the epigenetic landscape. The
elevation of the hills represents the quasi-potential, which is a proxy for the stability of each
point in state space.

1.1 Theoretical introduction on cellular differentiation

1.1.4

5

The pseudotime model of differentiation

How do gene expression trajectories change over time, and what is the relationship between
gene expression states and cell fate? Based on the discussion thus far, it is reasonable to
assume that as cells progress along the path of differentiation, the intermediate transcriptomic states become more similar to the transcriptomic state of the destination fate. Using
the familiar example of the GATA1-PU.1 circuit in hematopoietic progenitors, we may
expect progenitors that differentiate into the erythroid lineage to gradually upregulate GATA1
and repress PU.1 expression. As cells almost always differentiate asynchronously due to
variations in cell cycle, size and other factors, static single-cell resolution snapshots of a
differentiating population would reveal a heterogeneous mixture of cells at varying time
points along the transition. However, if we know the initial and final transcriptomic states of
each lineage, then we can infer the developmental progression of individual cells by virtue of
their transcriptomic states alone (GATA1-high cells are further along the erythroid lineage
than GATA1-low cells). The process of trajectory inference, where we infer the developmental time (or pseudotime) of each cell, therefore seeks to remove the aforementioned
heterogeneities as they obscure our perception of the underlying transcriptomic changes. In
this way, trajectory inference methods recover the latent order within heterogeneous static
snapshot datasets [297, 300]. Apart from simple linear or bifurcating trajectories, these
methods are also able to infer more complex trajectories such as multifurcating and cyclic
trees [254] and identify oscillatory genes [52, 174]. In short, the pseudotime model of
cellular differentiation assumes that cellular maturity is reflected in the transcriptomic state,
and that gene expression trajectories are hidden from the investigator by various sources of
heterogeneities.

1.1.5

Importance of non-genetic heterogeneities in lineage choice

The previous discussion of the pseudotime model protrays embryonic development as a
predominantly deterministic process. This means that cells with identical initial starting
conditions, ceteris paribus, should display near identical behaviour along lineage trajectories.
It is common for the effects of stochastic fluctuations in single cells to be removed to align
them along the manifold that describes the deterministic programme [115]. However, this
view omits the importance of stochastic gene expression during cellular differentiation
[33, 146, 244]. Far from being a negligible phenomenon, theoretical work has shown that
there are fundamental constraints on how much a cell can suppress the effects of stochasticity
[175]. In particular, cells need to increase the number of signalling events by sixteen times
to be able to double signalling accuracy, making noise suppression extremely energetically

6

Introduction

costly. The inevitability of stochastic effects therefore raises the question about its prevalence
and impact on cellular differentiation.
In vitro studies have demonstrated that fluctuations in transcription factor levels due to
transcriptional noise lead to non-genetic heterogeneity in genetically identical cell populations. Non-genetic heterogeneity is a property of the cellular population and is defined as
the phenotypic variability between genetically identical (clonal) cells [132]. Crucially, these
heterogeneities play an important role during differentiation - they influence lineage choice
and result in a statistically reproducible pattern at the level of the cellular population [104].
Thus, this has been described as a phenomenon of regulated stochasticity [289].
In a clonal mouse hematopoietic progenitor cell line, spontaneous variability in the
expression of the stem cell surface marker Sca-1 correlates with lineage choice: Sca-1 high
(low) cells have increased propensity towards the PU.1 high, myeloid lineage (GATA-1
high, erythroid lineage) [36]. Apart from hematopoietic progenitor cells, studies of mouse
embryonic stem cells (ESCs) have shown that components of the pluripotency network such
as Nanog [34, 147], Sox2 [275], Stella [122] and Rex1 [296] also demonstrate dynamic
heterogeneities that affect their lineage potential [8]. Despite the prevalence of these heterogeneities in vitro, their biological relevance remains controversial. It has been argued that
these fluctuations are artefacts induced by the serum and leukemia inhibitory factor (LIF)
culture condition, as ESCs grown in the two small molecule inhibitors (2i) condition appear
homogeneous [268].
In vitro studies highlight the prevalence and importance of non-genetic heterogeneities
during differentiation, but whether the phenomenon occurs in the tightly regulated embryonic
environment is an open question. In vivo studies across different model organisms provide
essential experimental support for the biological relevance of non-genetic heterogeneities
during cell fate decision making [244]. Studies of retinal development in Drosophila identified the importance of stochasticity in two key differentiation events. The Drosophila eye
is made up of approximately 800 optical units called ommatidia, each of which contains 8
photoreceptor cells (R1-R8) that express different types of rhodopsin molecules to detect
various wavelengths of light [298]. During the differentiation of multipotent progenitors
into the photoreceptor subtypes, a transient and sudden increase in the heterogeneity of
Yan protein expression in progenitor cells precedes the transition into a more homogeneous
differentiated state [235]. This period of maximal heterogeneity, which I discuss extensively
in Section 1.1.7, was posited to reflect an intervening transition state [214] that primes
cells to receive signals towards differentiation. Following this event, during the terminal
differentiation of the inner photoreceptor cells (R7 and R8), the stochastic expression of a
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single transcription factor, Spineless, results in an approximate 7:3 split in the adoption of
the ‘yellow’ ommatidia fate over the ‘pale’ ommatidia fate [324].
Besides Drosophila eye development, early mouse preimplantation development also
illustrates the importance of non-genetic heterogeneities. Heterogeneity in gene expression
arises as early as the 4-cell stage, where variability in the expression of Oct4, Sox2 and their
target genes bias the differentiation into the TE and ICM fates [99]. Beginning from the 8-cell
stage, stochastic, overlapping expression of the two lineage-specifying transcription factors,
Cdx2 (TE) and Nanog (ICM) results in a heterogeneous, spatially intermixed cell population.
Eventually, Cdx2 and Nanog are expressed in mutually exclusive fashion as cells segregate
spatially by the late blastocyst stage [63]. Following the first cell fate decision between the
TE and ICM fates, the second fate decision involves a choice between the primitive endoderm
(PrE) and epiblast (EPI) fates within cells of the ICM during the early to late blastocyst
stage [339]. Reminiscent of the first cell fate decision, the EPI transcription factor Nanog,
and the PrE transcription factors Gata6 and Pdgrfa, are stochastically expressed in ‘salt and
pepper’ fashion. This occurs prior to the relocation of GATA-6 positive cells to the ICM
surface to form the PrE lineage whilst the remaining Nanog-positive cells adopt the EPI
fate [38, 242]. In summary, in vitro studies, together with studies performed in Drosophila
and mouse, have shown that non-genetic heterogeneities are a prominent feature of cellular
differentiation events. This inspires the development of theoretical models that account for
these heterogeneities during differentiation.

1.1.6

Stochastic models of differentiation

Given the prevalence of non-genetic heterogeneities, cellular differentiation models have
been developed to account for regulated stochasticity [289]. Generally, these models involve
two qualitatively distinct phases - an initial period of increased stochasticity where cells
dynamically explore a broader region of state space followed by the convergence into cell-type
specific gene expression profiles. Support for the first phase of transient, elevated stochasticity
started with in vitro studies on multipotent hematopoietic progenitors. These studies showed
that hematopoietic progenitors simultaneously co-express genes from multiple lineages in a
phenomenon called multilineage priming, producing a mixed/promiscuous gene expression
profile [129, 172, 210]. This observation has also been observed in vivo. Cells of the early
Xenopus gastrula were found to express genes from multiple germ layers, and when exposed
to the mesendodermal-inducing factor Activin, single cells co-express both mesoderm and
endoderm genes within the same cell [319]. Recent single-cell RNA sequencing (scRNAseq) studies of Caenorhabditis elegans also noted the occurrence of multilineage priming in
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numerous lineage branches [228], providing further evidence against the strict deterministic,
mosaic view of C. elegans development that dominated early thinking [8, 280].
The two-phase model of cellular differentiation was first articulated by Kupiec in the
selection stabilisation model (SSM) of cell differentiation, which was motivated by early
observations of stochasticity in gene expression [165–167, 230]. In the SSM model, analogous to Darwinian natural selection, Kupiec proposes that the initial period of stochastic
gene expression generates cellular diversity, with signals acting later to select and stabilise
particular gene expression configurations over others. In a similar vein, the exploratory
model of decision making, which is rooted in complex systems theory, proposes that the
GRN first self-organises into a critical-like state that primes multiple transcriptional programs
[117]. Pruning of the initial diversity occurs through subsequent interactions between the
cellular state and the microenvironment. A similar model has been used to describe the
cellular reprogramming of fibroblasts to induced pluripotent stem cells (iPSCs), suggesting
that cellular differentiation and dedifferentiation are two sides of the same coin. An early
phase of stochastic gene expression is thought to precede a late deterministic phase where the
expression of critical genes, beginning with Sox2 expression, triggers a series of hierarchical
events that permit cell entry into the pluripotent state [26].
Returning to the epigenetic landscape model, to account for non-genetic heterogeneities,
cellular differentiation has been formulated as a critical bifurcation event where the initial
period of stochasticity is represented by the destabilisation of a high-dimensional metastable
attractor state [73, 138, 212]. Consequently, cells have increased room to fluctuate within
the flattening attractor and spread out to form a more dispersed “cloud” of points in state
space [133, 195]. In addition, to account for the slow relaxation kinetics back to the ground
state as well as the inefficiency of reprogramming, Huang has proposed that the epigenetic
landscape is ‘rugged’, with multiple sub-attractors that trap cells in intermediate metastable
states [133]. This period of dynamic state-space exploration has also been called a ‘transition
state’ [23, 214, 220]. During the transition state, cell state transitions are reversible and do
not necessarily approach in similarity to the final cell-type specific gene expression state,
thus resulting in a transient divergence of transcriptomic profiles [214].
The view that multiple gene expression states can correspond to a broader transition state
is analogous to the microstate and macrostate distinction in statistical mechanics [84, 302].
For instance, the temperature of a gas in a closed chamber is a macroscopic observable of
the system or macrostate, whereas a list of the position and momentum of each individual
molecule in the chamber describes the system’s microstate. Crucially, many different
interchangeable microstates correspond to the same macrostate. By applying the statistical
mechanical interpretation to cellular differentiation, Stumpf and colleagues demonstrated
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that as mouse ESCs differentiate along the neuronal lineage, cell-cell variability increases
transiently and can be well-described by a stochastic process with memory [279].
Following the transition state, how do cells choose between the two lineage attractors?
The decision is likely to be influenced by both intrinsic and extrinsic factors. Cells may
stochastically transition between different parts of the destabilised attractor, and temporarily
acquire a higher probability of differentiating into one lineage attractor over another. This
could correspond to the phenomenon of lineage priming observed in vitro [73]. Aside from
intrinsic fluctuations, extrinsic signals may filter out cellular noise levels to enforce a fate
decision [7, 281] or tilt the epigenetic landscape in favor of one attractor over the other and
result in the biased destabilisation of the attractor [212]. In short, the two-phase model of
cellular differentiation, exemplified by the transition state model, proposes that an initial
period of elevated stochasticity results in extensive heterogeneities which eventually resolve
as cells differentiate. Therefore, to monitor the transition state, we need to investigate
different methods of quantifying these heterogeneities.

1.1.7

Methods of quantifying heterogeneity

To study the extent of non-genetic heterogeneities, adopting a single-cell approach is essential.
Population averaging methods cannot distinguish between graded and all-or-none/bistable
responses [37] and can lead to opposite conclusions about gene expression patterns as
subgroups within the cell population are not identified [297]. In addition, as the GRN is
a high-dimensional network, one should be wary of analysing heterogeneities at the level
of a few genes as the inadvertent omission of other critical genes can lead to inaccurate
conclusions. For example, in the study by Chang and colleagues, the authors demonstrated
that the entire Sca-1 low population is erythroid-biased and yet can still reconstitute the
parental Sca-1 distribution in separate culture [36]. However, subsequent work has shown
that the Sca-1 low population is heterogeneous with respect to GATA1 and CD34 expression.
Only the Sca-1 low, CD34+ population has culture-reconstitution capacity, whereas the Sca-1
low, CD34- subpopulation is erythroid-committed and expresses most of the GATA1 protein
in the population [241]. Considering the above, the advance of single-cell transcriptomics,
spearheaded by developments in scRNA-seq technologies, offers an unprecedented view of
non-genetic heterogeneity at the genomic level [161]. Heterogeneities at the proteomic and
epigenomic levels are also being studied, for instance with single-cell mass cytometry and
single-cell Assay for Transposase-Accessible Chromatin with high-throughput sequencing
(single-cell ATAC-seq) respectively [45, 169].
One popular approach to quantifying heterogeneities uses the notion of entropy. In
information theory, Shannon’s entropy is defined for a probability distribution and measures
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the extent of departure from the uniform distribution - the flatter the distribution, the greater
the entropy and the greater the degree of uncertainty [269]. Stem cells and progenitors have
been proposed to be in a state of high uncertainty [345], co-expressing markers from different
lineages [129]. Under this framework of the stem cell state, entropy becomes a particularly
useful proxy of differentiation potential [289]. For instance, by combining the scRNA-seq
profile of single cells with a protein-protein interaction network, Teschendorff and colleagues
have demonstrated that cancer and pluripotent cells possess high network entropy, defined by
the increased promiscuousness of gene expression [13, 74, 290]. Aside from network entropy,
another algorithm (StemID) predicts stem cell identity from single-cell transcriptomic data
by calculating the Shannon entropy of the transcriptomic profile of a cell, which measures
the uniformity of the distribution of gene read counts [108]. The capacity to predict stem
cell identity has also been applied in several packages on trajectory inference such as SLICE
[112] and CytoTRACE [111] to define the root of the trajectory.
Another set of heterogeneity measures is motivated by complexity theory. In the study of
other complex dynamical systems such as ecological networks [261] and climate systems
[53], early warning signals can be detected prior to the bifurcation event [260]. As biological
systems are complex dynamical systems, this motivated the development of early warning
signals in clinical medicine and cellular differentiation. Chen and colleagues demonstrated
that during disease progression, a subset of molecules called dynamical network biomarkers
(DNBs) are highly informative about the pre-disease state and can serve as early warning
signals for various cancers [39, 42]. Specifically, they anticipate changes in the standard
deviation and the Pearson correlation coefficients of the DNBs during the critical transition
and summarised these expectations in an I score which peaks at the onset of the critical
regime shift [180]. Support for the practical utility of the DNB approach in studying cellular
differentiation came from a quantitative reverse transcription polymerase chain reaction
(RT-qPCR) study of avian erythrocytic progenitor cells [247]. In the study, a transient
peak in heterogeneity, as measured by the I score, precedes the irreversible commitment to
differentiation. In a similar vein, the critical transition index (Ic ) which involves the ratio
of Pearson correlation coefficients, was developed separately and applied to RT-qPCR and
publicly available scRNA-seq datasets [212]. Consistent with theoretical predictions, Ic peaks
at the point of the critical state transition where the progenitor attractor flattens. Aside from
both indices which were formally derived from dynamical systems theory, Shannon’s entropy
has also been used to measure changes in heterogeneity of the cellular population. Here,
instead of computing entropy directly on single-cell transcriptomes, entropy is calculated
on gene expression distributions across the cellular population. As progenitors differentiate
into their destination fates, there are conflicting reports on whether the entropy decreases
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monotonically [187] or peaks transiently. However, recent reports [247, 279, 326] appear to
favor the latter observation. In short, theoretical considerations led researchers to measure
changes in heterogeneity during development with the I score, Ic index and Shannon’s
entropy.
In addition to the transient surge in heterogeneity, another signature of the critical
transition event is the existence of rebellious cells [212]. Rebellious cells are cells that
express a transcriptomic profile inconsistent with the external differentiation signal. In the
study by Mojtahedi and colleagues, these are cells at day 3 of treatment that express an
erythroid profile when stimulated with Granulocyte macrophage colony-stimulating factor
(GM-CSF)/IL-3 or a myeloid profile when stimulated with erythropoietin (EPO). Eventually,
at day 6, these rebellious cells disappear. This phenomenon resembles the “type-infidelity”
observed in cancer cell lines, where some ‘edge’ cells adopt a gene expression profile that
is different from the average profile in the population [178]. Importantly, this phenomenon
has also been observed in vivo in an earlier study on Xenopus embryonic development [319].
Cells that express a lineage marker at the ‘wrong’ place, such as Goosecoid expressing
cells in the ventral instead of the dorsal region of the embryo, were labelled as ‘rogue’ cells
to indicate their abnormal expression profile. These cells appear more frequently in the
early gastrula stage and reduce in frequency at the late gastrula stage. In both cases, these
rebellious/rogue cells are proposed to ‘fit in or die trying’. They would either die by apoptosis
or transdifferentiate to adopt the appropriate gene expression profile. Transdifferentiation can
occur if the cells are rescued by delivery of the appropriate signal, or through interactions
with neighbouring cells via the community effect [212, 319].

1.1.8

Relationship between cell state and cell fate during the transition
state

As exemplified by the existence of rebellious/rogue cells, during the transition state, one
cannot assume that a cell’s current gene expression profile is necessarily indicative of
the future cell fate that it would adopt. Thus, when utilising the large suite of trajectory
inference algorithms available [254], one should bear in mind that fundamental limitations
exist in reconstructing lineage trajectories from high-dimensional, single-cell snapshot
data [315, 321]. Utilising static scRNA-seq data alone is insufficient for the inference
of temporal dynamics unless one makes a maximum parsimony assumption [286]. This
assumption becomes problematic when cells enter the transition state. During this period,
trajectories may display complex oscillatory dynamics [306], excitable dynamics [147] or
slow fluctuations that persist across cell division cycles [36]. In addition, transdifferentiation
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Figure 1.2: Relationship between cell state and cell fate. Colored balls correspond to
the gene expression profiles of differentiating single cells. Colored rectangles indicate the
gene expression profiles of the progenitor (P) or differentiated cell types (A and B). In the
pseudotime model, the mapping between state and fate is surjective in that multiple cell
states can relate to a single cell fate. Also, the solid arrows highlight the strong predictive
relationship between state and fate. In contrast, during the transition state, the state-fate
mapping is degenerate in that a single cell state can relate to multiple cell fates with different
transition probabilities. The dotted arrows highlight the looser, more plastic relationship
between state and fate.
events in rebellious/rogue cells (Section 1.1.7) may result in incomplete lineage sorting,
where cells appear to jump from one branch of the state manifold to another [286]. Thus,
in the transition state model of cellular differentiation, cellular maturity is only loosely
associated with transcriptomic state.
Considering this, the relationship between cell state and cell fate should ideally be
established by combining single-cell transcriptomics with lineage tracing [152, 255, 315].
An example of a prospective lineage tracing method involves in toto live imaging of transgenic
reporter lines, and this has been employed to reconstruct the lineage history and reporter
dynamics of zebrafish [151] and mouse [204] embryos. However, a simplification can be
made if a reliable fate map of the embryo can be constructed. In this case, as the spatial
position of cells is highly predictive of their cell fate, static snapshot image data of mRNA
expression that preserve spatial information would suffice to reliably correlate state with fate
without the need for lineage tracing. For instance, Wardle and Smith were able to identify
cells that expressed genes at the wrong place in Xenopus because the fate map at the gastrula
stage is well-established [171, 319].
In summary, I discussed the importance of studying non-genetic heterogeneities during
the process of cellular differentiation. Whilst in vitro studies point to the importance of
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investigating the role of heterogeneities, in vivo work would solidify the biological relevance
of the findings. With this, I turn to the zebrafish neuromesodermal progenitors (NMps) and
motivate why they may be a useful in vivo system for studying heterogeneities. At the end of
the chapter, I summarise a set of experimental criteria, motivated by the preceding theoretical
discussion, which I employ to assess the extent of heterogeneities in NMp differentiation in
vivo.

1.2
1.2.1

Biological discussion on zebrafish NMps
The rise of the Janus-faced progenitors

With the rise of scRNA-seq technologies, progenitor cells that co-express transcription
factors of multiple lineage programmes were identified across multiple organisms in vivo.
The ‘Janus’ progenitor state was a memorable phrase coined by Kumar and colleagues to
denote these ’two-faced’ progenitors that simultaneously express developmental programmes
from different lineages [163]. Janus progenitors were identified in mouse lung alveolar
progenitors that co-express markers of the alveolar type 1 and type 2 lineages [299], in mouse
hematopoietic multipotential progenitors that co-express the neutrophil marker Gfi1 and
the macrophage marker Irf8 [224], in numerous progenitors throughout the development
of C. elegans [228] and in NMps that co-express the early mesodermal marker Brachyury
and the neural marker Sox2. From the perspective of dynamical systems theory, these Janus
progenitors could represent cells within the transition state which are marked by dynamic
instability of their gene expression states [224, 273].

1.2.2

Why are NMps interesting to embryologists?

Recent studies on vertebrate development have identified NMps in amniotes such as mouse
[28, 29] and chick [25, 110, 330], as well as anamniotes such as xenopus [55, 56, 97], zebrafish [199] and axolotl [287]. Besides being Janus progenitors, NMps are also intriguing
as they challenge various biological models of embryonic development. First, the existence
of NMps casts doubt over the traditional germ layer model, which states that in triploblastic
organisms, the three primordial germ layers (ectoderm, mesoderm and endoderm) fully
segregate during gastrulation. Clearly, this view is incompatible with the contribution of
NMps to the ectodermal neural tube and the mesodermal somitic tissues, implying that germ
layer specification continues beyond primary gastrulation until the end of somitogenesis.
Second, NMps challenge the prevailing model of vertebrate neural induction, the so called
“activation-transformation” model that was derived from observations in amphibian embryos
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[221]. In this model, anterior neural induction of the overlying ectoderm (activation) precedes
a graded signal that posteriorizes (transformation) the neural substrate [124, 273]. The similar
origin of both anterior and posterior neural tissues is challenged by NMps as they contribute
solely to the posterior central nervous system (CNS) (spinal cord), suggesting that at least
some posterior neural tissue is derived independently from the anterior neural tissue. Third,
NMps are relevant to the longstanding debate on vertebrate tail development [118]. One
model proposes that the tailbud consists of a homogeneous, undifferentiated mass of cells
akin to a blastema. These cells contribute to secondary tail development in a manner distinct
from the primary development of the anterior head and trunk tissues [128]. Alternatively, the
tailbud could consist of a mosaic pool of lineage-restricted progenitors, where tail development is an elaboration of the germ layer specification events occurring during gastrulation
[232, 233, 312]. Therefore, as NMps reside in the tailbud, the developmental dynamics of
NMps is central to assessing the validity of both models.

1.2.3

Defining zebrafish NMps

Zebrafish NMps are bipotential progenitors that co-express sox2 and tbxta mRNA at the
single-cell level, and they contribute to the posterior neuroectoderm and paraxial mesoderm
(PSM) during axis elongation [199]. They reside along the dorsal posterior wall (dorsal
PW) at bud stage, and remain largely quiescent throughout axis elongation until the late
somitogenesis stages [11, 21, 199] (Figure 1.3). At around 24ss, they move either dorsally
into the neural tube and differentiate into neural progenitors or ventrally and laterally into
the tbx16+ maturation zone [11]. Eventually, these PSM-committed NMps would move
anteriorly into the tbx16+tbx24- posterior PSM, tbx16-tbx24+ anterior PSM and finally into
the somites that form the axial skeleton and musculature (Figure 1.3).
Sox2 is a member of the family of B1 Sox transcription factors, which in zebrafish
also includes sox1a/1b/3/19a/19b [130]. These B1 transcription factors are functionally
redundant, and quadruple knockdown of sox2/3/19a/19b demonstrated that together with
pou5f1 (oct4) or otx2, they play critical roles in neural differentiation by regulating proneural
genes (neurog1, her3) and signalling pathway genes (cyp26a1, shh) [223]. Tbxta (previously
known as ntl or no tail) is an orthologue of Brachyury, which is a T box transcription factor
that directs posterior mesoderm formation [197, 264]. Chromatin immunoprecipitation
experiments have identified the direct regulatory targets of tbxta (tbx16, eve1, fgf8, sp5l),
demonstrating that tbxta is the key orchestrator of posterior mesoderm formation [215].
Thus, sox2 and tbxta are the primary regulators of the neural and mesodermal programmes
respectively.
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However, in the zebrafish tailbud, sox2 and tbxta co-expression also captures the hypochord
population and the midline progenitor cells (MPCs) (Figure 1.3). The hypochord is a transient structure located ventral to the notochord and organises the formation of the embryonic
vasculature [46]. On the other hand, the MPCs are found in the notochord progenitor domain
and generate the notochord, floor plate and the hypochord [251]. As the bona fide NMps
reside within the PW, it is possible to distinguish between these three populations if the
anatomical locations of the cells are provided on top of their sox2 and tbxta expression levels
(Figure 1.3).

1.2.4

Properties of zebrafish NMps

Neural/Mesodermal competent
What is the evidence for the neural and mesodermal competence of the zebrafish NMps?
Martin and Kimelman performed transplants of individual NMps into the ventral margin
of shield stage host embryos and showed that under wild type conditions, most transplants
produce clones in the somites with a smaller proportion colonising the neural tube [199].
However, by using a cell-autonomous heat-shock inducible Wnt inhibitor line, they showed
that Wnt inhibition can alter the fate distribution and significantly increase the proportion
of cells that differentiate into the spinal cord. Conversely, Wnt overexpression with another
reporter line resulted in all the transplanted cells residing in the somites. Importantly,
this transplantation experiment provides the strongest evidence for the bipotency of NMps.
Previous studies in other organisms involved the transplantation of groups of cells [25, 28,
29, 97]. Without single-cell resolution, it was unclear whether the neural and mesodermal
contribution arose from bipotent NMps or from a mixed pool of unipotent neural and
mesodermal progenitors. By transplanting single cells, Martin and Kimelman demonstrated
convincingly that single zebrafish NMps are bipotent and can be steered towards either neural
or mesodermal fates depending on the level of Wnt signalling.
In fact, the germ layer plasticity extends to multiple progenitor populations in the zebrafish
tailbud. The tailbud also consists of two distinct populations of MPCs (Figure 1.3). The
dorsal population makes a floor plate / notochord decision whereas the ventral population
makes a hypochord / notochord decision [251]. The striking finding by Row and colleagues
was that although the MPCs normally differentiate into the axial mesoderm (notochord)
and not the somitic mesoderm, they retain the competence towards somitic mesoderm. If
Msgn1 was ectopically expressed in the MPCs or if MPCs at 12ss were transplanted into
the dorsal PW at bud stage, they can successfully contribute to skeletal muscle tissue. The
authors thus conclude that the tailbud consists of multiple multipotent progenitor populations.
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These populations are competent towards various tissue types but appear limited to two cell
fates during normal development as they are spatially segregated into disparate signalling
environments. Whilst this may be true, it remains to be tested whether NMps can differentiate
into axial mesoderm when transplanted into the MPC region, and whether this plasticity also
applies to the neural tissues (floor plate and spinal cord) as well.
Monofated with limited axis contribution
Although NMps are bipotent, this does not entail that they are bifated. The bipotency of
NMps implies that under appropriate circumstances, the cell can adopt either a neural or
mesodermal fate. For NMps to be bifated, however, they should divide to form two daughter
cells, one of which differentiates into a spinal cord neuron and the other into the PSM. In
amniotes, NMps are also referred to as axial stem cells since they can self-renew and generate
a large segment of the trunk [28, 206, 273]. In contrast, zebrafish (anamniote) NMps are
largely quiescent during somitogenesis and are held in the S or G2 phase [11, 21]. Thus,
they have very low rates of proliferation and are a priori unlikely to be bifated. By tracking
NMps in a light-sheet imaging dataset at 21ss, Attardi and colleagues confirmed that tailbud
NMps contribute almost exclusively to either neural or mesodermal lineages but not both
[11]. Photolabelling work showed that NMps contribute to the nine caudal neural segments
(23rd to 32nd) and final seven somites (25th to 32nd), and not to the rest of the body axis
[11]. Thus, NMps probably contribute to the developing axis at around 23ss - 25ss.
Neural and mesodermal fated NMps are spatially segregated
During differentiation, one possibility is that mono-fated NMps sort out and move either
dorsally into the neural tube or ventral-laterally into the PSM. Alternatively, NMps could be
spatially segregated to begin with and display very little cell mixing. Attardi and colleagues
retrospectively assigned the cell fates of neural and mesodermal cells at the end of the lightsheet dataset back to cells at 21ss and found that the mono-fated progenitors are spatially
segregated [11]. Thus, a reliable fate map of the tailbud NMps can be constructed, where the
fate of an NMp can be predicted using knowledge of its spatial location at the mid to late
somitogenesis stages (Section 3.3.2).

1.2.5

Roles of Wnt and FGF signalling

Two core signalling pathways, canonical Wnt/β -catenin and fibroblast growth factor (FGF)
signalling are critical in regulating the neural/mesodermal differentiation of zebrafish NMps.
In contrast to amniotes, retinoic acid (RA) signalling is not required in posterior body
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elongation in zebrafish. In mouse and quail embryos, RA represses posterior FGF8 expression
such that the loss of RA signalling in Aldh2 mutants results in defective neural differentiation
and the formation of smaller somites [50, 51, 65]. However, in zebrafish, the chemical
inhibition of RA led to cardiac edema and the loss of pectoral fins but had no observable
effect on the development of the neural tube and somites [16].
In zebrafish, Wnt/β -catenin signalling and tbxta exist in a positive-feedback loop to
promote the acquisition of the mesodermal fate [197]. As NMps move ventrally and receive
sufficiently high levels of Wnt, they activate tbx16 (spadetail) and irreversibly commit to the
mesodermal programme [20]. As discussed in Section 1.2.4, single-cell transplants show
that Wnt overexpression and inhibition is sufficient to drive NMps towards the mesodermal
and neural fate respectively [199].
At the gastrula stage, the effect of FGF signalling is similar to Wnt as it is required for
the activation and maintenance of tbxta expression [106]. However, it has the opposite effect
on the post-gastrula stage tailbud. In the tailbud NMps, FGF represses the expression of tbxta
and sox2 and activates the mesodermal markers tbx16 and msgn1 [75, 100]. The exit from
the NMp state and entry into the mesodermal programme is reinforced by tbx16 and msgn1
as they in turn repress sox2 and tbxta [20].
As NMps exit the progenitor zone and enter the PSM, changes in gene expression need
to be coordinated with cellular movement. Mesoderm production involves an epithelialto-mesenchymal (EMT) transition where adherent cells become migratory. This process
is tightly regulated by canonical Wnt and FGF signalling via a two-step process in which
Wnt initiates the EMT event whereas FGF terminates EMT by activating the downstream
genes tbx16 and msgn1 [100, 192]. Interestingly, sox2-expressing cells in the high Wnt
mesodermal region, reminiscent of the rebellious cells (Section 1.1.7), are stuck in a partial
EMT transitional state that prevents their differentiation into mesoderm [156]. By preventing
the sox2+ neural-primed cells from acquiring a mesenchymal phenotype characteristic
of mesodermal cells, the partial EMT state functions as a developmental checkpoint that
coordinates the dynamic changes in gene expression with the migratory properties of the
NMps.

1.3

Project aims

In the theoretical section (Section 1.1), I have introduced two models of cellular differentiation, the pseudotime model and the transition state model, both of which make different
predictions (Table 1.1). In brief, the pseudotime model describes cellular differentiation as
an ordered transcriptomic process, where transcriptomic profiles display increasing similarity

18

Introduction

over developmental time to the differentiated states. In contrast, the transition state model
divides cellular differentiation into two distinct phases. The first phase is a stochastic regime
where cells explore different states in a disorderly fashion, resulting in the prevalence of
non-genetic heterogeneities. This is followed by a later phase, as described by the pseudotime
model, where transcriptomic profiles evolve in an ordered manner into the differentiated
states (Figure 1.4).
My primary aim is to assess whether the transition state model is a more appropriate
representation of zebrafish NMp differentiation than the pseudotime model. To do so, I ask
whether zebrafish NMps display the following four features that characterise a system which
is approaching a critical transition:
1. Relative increase in the heterogeneities of sox2 and tbxta expression upon differentiation.
2. Higher critical transition index (Ic ) relative to its differentiated progenies.
3. Higher entropy relative to its differentiated progenies.
4. Existence of Rebellious NMps.
In Chapter 3, I evaluate the suitability of the zebrafish NMps as an in vivo model to
study non-genetic heterogeneities via an in situ snapshot imaging approach (HCR) that
provides single-nuclei resolution. In addition, I perform quantitative analyses of the sox2
and tbxta gene expression distributions of NMps to analyse the changes in gene expression
heterogeneities over the course of mid to late somitogenesis.
In Chapter 4, I move beyond the analyses of sox2 and tbxta and probe a scRNA-seq
dataset of zebrafish embryos at 18ss. I identify the NMp population and obtain a set of
NMp-cluster enriched genes. To verify my computational findings, I validate the expression
of selected genes via HCR.
Together with a colleague, in Chapter 5, I develop a computational pipeline called ZebReg.
ZebReg aligns multiple different HCR images onto a single target image to build a composite
gene expression map of the zebrafish tailbud. This forms the basis of my analytical work in
Chapter 6, where I use ZebReg to assess the extent of heterogeneities in the NMp population.
Here, I uncover the existence of Rebellious NMps.
Finally, in Chapter 7, I develop a stochastic, non-autonomous toggle switch model to
evaluate whether the mechanism can recapitulate the heterogeneities observed and account
for the existence of Rebellious NMps. I fit my model to the average number of NMps
in my datasets and demonstrate that the stochastic model yields realistic gene expression
distributions.

Not productive towards differentiation.

1. Role of noise

Transition state model

Table 1.1: Properties of the pseudotime and
transition state models

An initial diversity of gene expression states
arises due to stochastic gene expression.
2. Similarity between molecular trajectories
If stochastic effects are minimal, then cells can Overall, trajectories follow different paths
be shown to follow a common transcriptomic towards the differentiated states, as constrained
path. This path of least action is called the
by the underlying GRN.
Minimum Action Path and was employed in
several theoretical studies of developmental
systems [23, 238].
3. Existence of distinct phases
Cell state changes are continuous, with the
Cell state changes may be discontinuous, with a
progenitor and its derivatives differing
qualitatively distinct ‘stochastic’ regime that
quantitatively in the expression levels of marker constitutes a separate discrete functional state.
genes.
This distinct phase is also called the transition
state [214, 220].
4. Relationship between molecular trajectories Given a cell’s gene expression state, we can
Knowledge of cell states alone is
and cellular lineage
reliably infer which developmental lineage a
underdetermined vis-à-vis a cell’s fate [286].
cell is on, as well as its maturity along the path The relationship between molecular trajectories
(how close a cell is to the differentiated state). and cellular lineage is complex [262].
In other words, molecular trajectories are highly
correlated to a cellular lineage [262].
5. Relationship between intermediate states and Intermediate states become progressively more Intermediate states along one lineage may
differentiated states
similar to the differentiated states.
switch to another lineage (transdifferentiate).
Thus, intermediate states may not necessarily
approach the differentiated states
unidirectionally.

Pseudotime model

Properties
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Figure 1.3: Anatomy of the zebrafish tailbud A) Medial slice of the tailbud stained for
sox2 and tbxta mRNA expression. NMps reside in the PW, which consists of the dorsal PW,
intermediate zone and ventral PW. B) Lateral slice of the tailbud stained for tbx16 and tbx24.
tbx16 and msgn (not shown) marks cells in the maturation zone and the posterior PSM,
whereas the anterior PSM is marked by tbx24 expression [75].
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Figure 1.4: Pseudotime vs Transition State models of differentiation. A-B) An example of
neural (N) and mesodermal (M) differentiation from an initial NM progenitor. Colors represent the cellular gene expression profiles. (Left) In the pseudotime model of differentiation,
transcriptomic states gradually become more similar to the N and M gene expression profiles
in an orderly succession. In the transition state model of differentiation, there exists an intervening period of increased heterogeneity where cells reversibly transition between a more
diverse set of cell states. Following the transition state, transcriptomic profiles gradually
approach the N and M profiles. C) Epigenetic landscape representation of the transition state
model which displays the outcome of a bifurcation event. Longitudinal measurements of the
gene expression state of single cells during the transition state reveal a transient period of
increased stochasticity. This period is marked by an increase in the I score [180] and the
critical index or Ic [212]. Whether the transcriptomic entropy peaks during the period or
decreases monotonically is unclear. Adapted from [214].

Chapter 2
Methods
2.1
2.1.1

Experimental methods
Zebrafish husbandry

All zebrafish procedures were conducted under the Animals (Scientific Procedures) Act 1986
Amendment Regulations 2012, following ethical review by the University of Cambridge
Animal Welfare and Ethical Review Body (AWERB). In my research, wild type lines used
are either Tüpfel long fin (TL), AB/TL or AB. The Tg(7xTCF- Xla.Sia:GFP) reporter line
[216] was provided by the Steven Wilson laboratory. All embryos obtained were obtained
and raised in standard E3 media at 28oC. Embryos were staged according to [155].

2.1.2

V3 HCR

Zebrafish embryos at the required stages were fixed in 4% PFA in DEPC-treated, calcium
and magnesium-free PBS at 4oC overnight. Embryos were then stained with V3 HCR, as
described by [301]. All hairpins were purchased from Molecular Instruments. All probes
were purchased from Molecular Instruments except for sox2 and tbxta which were manually
designed. Probe sequences for sox2 and tbxta can be found in Appendix A. After the staining
procedure, samples were counterstained with DAPI at a dilution of 1:1000 in 5xSSCT for
2 hours at room temperature. The tailbud region was cut out with a forceps and eyelash
tool, and then mounted on a 35mm glass bottom dish (MatTek) with the Vectashield antifade
mounting medium for confocal imaging.
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Immunostaining with anti-PH3 and anti-caspase 3 antibodies

Zebrafish embryos at the required stages were fixed in 4% PFA in DEPC-treated, calcium and
magnesium-free PBS at 4oC overnight. Embryos were then co-stained with a 1:500 dilution
of mouse anti-PH3 antibody (abcam, ab14955) and 1:500 dilution of rabbit anti-caspase3
antibody (abcam, ab13847), as described in [270]. Secondary anti-mouse Alexa Fluor 488conjugated antibody and anti-rabbit Alexa Fluor 647-conjugated antibody were both diluted
in 1:500 PDT solution and incubated with the samples overnight at 4°C. DAPI was added at
the final step with a 1:1000 dilution in PDT and incubated for 2 hours at room temperature
for nuclear detection. Images were quantified in the 3/4D Image Visualisation and Analysis
Software Imaris 9.2.1 (Bitplane). The percentages of mitotic or apoptotic cells for each
sample were calculated as the fraction of PH3+ or caspase3+ nuclei over the total number
of nuclei in the tailbud, multiplied by 100. Presented images in Figure 3.1 are maximum
intensity projections of z-stacks obtained from ImageJ.

2.1.4

Photolabeling with nuclear-targeted kikume

The hsp70l:p2a-NLS kikGR vector [21] was extracted from an overnight grown bacterial
culture with a crude miniprep method. Briefly, bacterial cells were collected via centrifugation
and washed sequentially with the following 3 buffers: P1 containing 50 mM Tris-Cl at pH
8.2, 10 mM EDTA at pH 8.0, RNase A (QIAGEN); P2 (filter-sterilised) containing 0.8%
NaOH and 1% SDS; P3 containing 3M KOAc that is adjusted to pH 5.5 with glacial acetic
acid. Plasmid DNA was precipitated with 70% isopropanol and washed with 70% ethanol
before resuspension in nuclease-free water.
The vector was linearised by restriction digestion with the KpnI-HF enzyme (NEB),
and subsequently purified using the QIAquick PCR purification kit (Qiagen). The purified,
linearised plasmid was transcribed at the SP6 promoter with the SP6 mMessage mMachine
kit (Invitrogen), and lithium chloride precipitation was carried out for mRNA recovery.
Quantification of the transcribed kikGR mRNA was performed on the NanoDrop instrument
(Thermofisher).
One-cell stage zebrafish embryos were injected with the NLS-kikGR mRNA and then
embedded in low gelling point agarose (Sigma) at 1% w/v in E3 media at the bottom of a
MatTek 35mm glass bottom dish. Photoconversion and image acquisition was performed on a
Zeiss LSM 700 confocal microscope. Efficient, irreversible photoconversion of NLS-KikGR
in the zebrafish embryos at mid-somitogenesis stages was carried out by scanning the 405
nm laser at 15% laser power for approximately 30 seconds in a region of interest.
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Confocal microscopy imaging

Samples were imaged on either a Zeiss LSM700 inverted confocal or a Leica TCS SP8
inverted confocal at 10X, 20X or 40X magnification.

2.2
2.2.1

Computational methods
Quantification of nuclear gene expression intensities in NMps

HCR images were processed in Imaris. Unless otherwise stated, all sox2+tbxta+ HCR images
were analysed for the number of NMps according to the following pipeline (Figure 2.1). First,
general surfaces were created on the DAPI channel of the entire image with the following key
parameters: Surfaces Detail = 0.300, Split touching Objects (Region Growing) = Enabled,
Seed Points Diameter = 3. When classifying the seed points for these general surfaces, all
points were selected by default unless outlier spots were present. If so, these outlier spots
were removed using the Quality filter. Next, tbxta+ sox2+ surfaces were selected by filtering
from the general surfaces. Specifically, surfaces with tbxta mean intensity and sox2 max
intensity above both of their respective automatic lower thresholds were selected. These
surfaces represent nuclei that co-express above background levels of sox2 and tbxta. The max
intensity threshold was chosen for sox2 as I used the B4 488 HCR hairpins for sox2 mRNA
detection. I found that with the increased background autofluorescence, the max intensity
threshold is more accurate in selecting the sox2+ surfaces than the mean intensity threshold
(not shown). Finally, tbxta+sox2+ surfaces in the hypochord region were excluded and the
remaining tbxta+sox2+ surfaces were classified as NMp surfaces. The mean intensities
of sox2 and tbxta were exported from the NMp surfaces. For the purposes of min-max
normalisation, the maximum intensity means of sox2 and tbxta in the general surfaces were
exported into a metadata spreadsheet and used for normalisation.

2.2.2

Preprocessing scRNA-seq data

The wild type 18hpf zebrafish scRNA-seq raw counts dataset and the associated clusterIDs of
[316] were downloaded from GEO with the accession number GSM3067194. First, outlier
cells with log-transformed library and feature sizes more than 3 median absolute deviations
(MADs) from the respective median metric values were removed. Genes that were not
expressed in the dataset were filtered out. At this quality control threshold, most genes and
cells were retained for downstream analysis (Figure 2.2A), resulting in a dataset with 30296
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Figure 2.1: Segmentation of NMps from confocal images with Imaris.
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genes x 6954 cells (381 genes and 8 cells discarded). The data was then converted into a
Seurat 3.0 object [278] for subsequent analyses.
A set of cell-cycle associated genes for zebrafish was obtained from supplementary figure
4 of [186]. Cell cycle scoring and regression were performed in Seurat 3.0, with the S.Score
and G2M.Score as inputs to the vars.to.regress argument in the SCTransform function. Data
normalisation, scaling and the identification of the top 3000 most variable genes were also
carried out using the SCTransform wrapper.

2.2.3

Dimensionality reduction, visualisation and clustering

The normalised and scaled data was projected into low dimensional subspace via principal
components analysis (PCA) with default settings for the RunPCA function. I examined the
elbow and jackstraw plots to determine the number of principal components (PCs) to retain
for subsequent analysis. Whilst there was no clear cut-off from the elbow plot, the result
of the jackstraw procedure indicates that the first 25 PCs are significant. Thus, the first
25 PCs were used as input features for all dimension reduction and clustering algorithms
(Figure 2.2B). Following this, the uniform manifold approximation and projection (UMAP)
embedding was implemented via the RunUMAP function. I also embedded cells with the
t-distributed stochastic neighbor embedding (t-SNE) algorithm with a perplexity of 76 using
the RunTSNE function. To perform clustering, groups of similar cells on the UMAP or
t-SNE embedding were identified by generating a shared nearest neighbor (SNN) graph of
the dataset with the FindNeighbors function, and then clustered using the Louvain algorithm
with the FindClusters function at various resolutions. Subclustering on the tailbud cells
was performed in similar manner to the above clustering procedure, with a resolution of 1
set for the FindClusters function. To examine the clustering results, clustering trees were
plotted with the clustree package whilst the adjusted rand index and clustering entropy were
implemented in the mclust and NMF packages respectively.

2.2.4

Identification of differentially expressed genes

For each cluster, supervised annotation was carried out by examining the marker genes
identified by a Model-based Analysis of Single-cell Transcriptomics (MAST) and a Wilcoxon
Rank-Sum test. The tests were carried out using the FindAllMarkers function in Seurat that
compares cells in each cluster against all other remaining clusters. The function is set to
return only positive markers for each cluster (only.pos = TRUE). Differentially expressed
genes with an adjusted p-value less than 0.05 were retained for analysis. They were then
sorted in order of priority, based on the log fold-change of the average expression between
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the cluster under study and the remaining 7 clusters (avg_log2FC). Information on the marker
genes of the NMp cluster that have been validated by HCR can be found in Appendix B.

Figure 2.2: Quality control results for scRNA-seq analysis. A) Total read counts and number
of detected features for each sequencing library in the dataset. Each point corresponds to a
cell that is either retained (blue) or discarded (orange) from downstream analyses. B) Elbow
plot (Left) and Jackstraw plot (Right) for determining the number of principal components to
keep.

2.2.5

Single-cell trajectory inference

Cells were ordered in pseudotime using the slingshot package [276], setting the NMp cluster
as the root node of the minimum spanning tree. Next, using the tradeseq package [305],
gene expression trajectories were inferred with the fitGAM function, which fits a negative
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binomial generalised additive model to each gene, and then visualised with the plotSmoothers
function.

2.2.6

Computation of the critical index and transcriptional noise index

The critical index is defined as the ratio of two averaged Pearson correlation coefficients: the
average correlations between all pairs of gene vectors over the average correlations between
all pairs of cell state vectors [212]. In the scRNA-seq analysis, to account for the differences
in cell number between clusters, 200 cells from each cluster were randomly sampled with
replacement to calculate the index, and the procedure was repeated for 10,000 times. I also
verified that the pattern in the critical index was independent of the number of cells sampled
from each cluster and the number of marker genes used by repeatedly sampling for 45 cells
in the former case and 100 genes in the latter case and showing that the relative trend in the
critical index is preserved (Appendix C.1). The transcriptional noise was measured using
the top 2000 highly variable genes of each cluster following the work of Mohammed and
colleagues [211].

2.2.7

Permutation test for the MAE metric

A permutation test was carried out to test the following hypotheses:
H0 : ZebReg cICP registration has no effect on the color intensity residuals between source
and target clouds.
H1 : ZebReg cICP registration reduces the color intensity residuals between source and
target clouds.
The mean absolute error (MAE) test statistic was chosen to measure the effect of ZebReg
cICP registration on the color intensity residuals. The sampling distribution under the null
hypothesis was constructed by randomly rearranging the order of the target color array, and
then calculating the MAE using the permutated and original target color arrays over 10,000
iterations. In effect, the null distribution provides the range of MAE estimates under the
condition where ZebReg’s reported correspondence mapping between the source and target
color arrays is random. The null distribution was then fit to a gaussian distribution for the
computation of the 95% confidence interval.

30

Methods

2.2.8 Generating the noise-calibration curve with noise-corrupted images
Zero-mean gaussian distributions with standard deviations ranging from 0 to 30 were sampled
to construct an array of noise matrices. These noise matrices were added to the positions
of the source clouds to generate an array of noise-shifted point clouds. To construct the
noise-calibration curve, all noise-shifted point clouds were registered against the original
source cloud, which returned the values for the fitness, inlier RMSE and inlier MAE metrics.
For the heavily noise-shifted point clouds, many points are classified as outliers and therefore,
the inlier metrics overestimate the registration quality by omitting these points. To correct
this, I scaled the inlier RMSE and inlier MAE metrics by the corresponding fitness and
plotted the scaled inlier RMSE and scaled inlier MAE values instead.

2.2.9

Comparison of imputed images and HCR images

Using the pcd_to_tiff function, the original and imputed point cloud intensity values were
exported into .tif files. Since a nucleus is represented as a single point, which is exported as a
single pixel, a dilation operation was applied to the image to facilitate the visual comparison
between the original and imputed images. The dilation operation uses a 3D rectangular prism
of dimensions 3x6x6 as the flat structuring element, which increases the number of pixels that
represent the nuclei. These images were then imported into Fiji for processing. First, a 2D
sum slices projection of each image was performed. Next, to convert the 2D projection into
a heatmap-like image, a rolling ball background subtraction with the following parameters
(radius - 3 pixels; create background and sliding paraboloid options were both selected) were
applied to all images. Finally, images were pseudo-colored using the mpl-magma lookup
table.
To compare the intensity distributions between the imputed and HCR images, a quantilequantile (Q-Q) plot was constructed for the expression values of each gene derived from
the original and imputed distributions. Specifically, the intensity values of the imputed
distribution at defined percentiles were plotted along the y-axis against the values of the
original distribution at the corresponding percentiles. Outlier intensities were defined as
intensity values at three MADs away from the median, and these were omitted during the
construction of the plot.
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2.2.10

Identification of in silico NMps in the composite map

After gene expression imputation, a quantile-based threshold was applied to define the
background level of each gene in the composite map. Specifically, for all genes, intensity
values below the 0.7 quantile were set to 0. I chose this quantile threshold retrospectively as
it results in NMp numbers that are close to that observed in vivo for all three stages (Figure
2.3 Panel 1). Next, the intensity value at the 0.7 quantile for each gene was subtracted from
the remaining non-zero intensity values for the corresponding gene, and these values were
rescaled by min-max normalisation. I then visualised in 3D the anatomical locations of all
points (Figure 2.3 Panel 2), highlighting those with non-zero values of sox2 and tbxta (cyan).
Points that map to the hypochord (red region), as well as points that lie outside of the NMp
domain, were filtered out (Figure 2.3 Panel 3). The remaining points were identified as in
silico NMps.

Figure 2.3: Identifying in silico NMps in ZebReg.

2.2.11

Computing the Pearson correlations between genes

Following the segmentation of NMps as described in Section 2.2.1, the expression values
in the segmented surfaces were exported from Imaris. Then, for each gene, min-max
normalisation was performed using its maximum intensity value in the HCR image, which
was recorded in a separate metadata sheet. Finally, the Pearson correlation between gene
pairs were calculated using the cor function from the R stats package. A similar approach
was used to compute the Pearson correlations between genes in the in silico NMps.

2.2.12

Construction of the neural-mesodermal index

The neural-mesodermal index, NM j for the jth cell is defined as:
NM j = N j − M j

(2.1)
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where NM j , N j , M j are the neural-mesodermal index, neural index and mesodermal index of
the jth cell, respectively, and j = 1, 2, ...,C for a total of C NMps.
The neural index, N j , for the jth cell is defined as:
G

N j = sox2 j + ∑ ρ˜k (1 − εk )Genek j

(2.2)

k=1

where Genek j is the min-max normalised expression intensity of the kth gene in the jth
cell; ρ˜k is the median of the Pearson’s correlation coefficients of Genek and sox2, computed
from the NMps segmented from all the HCR images of the same somite stage; εk is the
interquartile range of Genek ’s correlation coefficients. The (1-εk ) term penalises Genek ’s
contribution to the neural index if it displays large variability in its correlation coefficients
between all the HCR images of that somite stage. The summation is applied to all the genes,
G, minus tbxta and sox2. The total number of genes is G + 2.
The mesodermal index, M, is defined symmetrically but with tbxta replacing sox2 and
the correlation coefficients calculated with respect to tbxta instead.

2.2.13

Construction of an NMp probability map

The procedure I used to construct the NMp probability map in ZebReg is summarised in
Figure 2.4. For each stage, I chose a target image arbitrarily and aligned all remaining tailbud
images (source images) to the target. As with all images used for registration in ZebReg,
they have been cropped to retain only cells posterior to the developing notochord. For each
source image, I have segmented the NMp nuclei beforehand in Imaris, and I can therefore
count the number of times each target cell receives a mapping from a source NMp (count
number) (Figure 2.4 Panels 1-2b). After the alignment of all the source images, each target
cell is associated with an aggregate count number. Thus, cells with a large count number
have a high probability of being an NMP as they are mapped onto very frequently by source
NMps (Figure 2.4 Panel 3). In panels 2b and 3, the yellow surface in the target tailbud has
a higher NMp probability than the purple surface as more source NMps map to the yellow
surface than the purple surface. Since most target cells are not NMps, the count number is
zero for most cells. For visualisation purposes, in my probability maps, I thresholded the
image to display only target cells with a minimum count number of 2 for each probability
map (Figure 5.11).
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Figure 2.4: Constructing the probability map in ZebReg.

2.2.14

Estimation of the standard error of empirical entropy via jackknife resampling

The standard error was estimated by jackknife resampling, as implemented in the R bootstrap
package. Specifically, the leave-one out jacknknife was employed. In this method, the
entropy was repeatedly estimated but with one of the data points randomly removed during
each computation. Then, the standard error of the entropy estimate can be obtained from the
equations presented in Efron and Tibshirani [71].

2.2.15

Dynamical systems modelling of a toggle-switch model

Deterministic model
The stability of the steady states was determined by linear stability analysis [277]. Briefly,
the Jacobian matrix for the ordinary differential equations (ODEs) (Equations 7.3 and 7.4)
was constructed in order to obtain an approximate description of the phase portrait around
the fixed points. By neglecting the quadratic and higher order terms in the Taylor series
expansion, one can describe the dynamics of the linearised system with the Jacobian matrix.
Next, to assess the stability of the fixed points, I compute the determinant of the Jacobian
at each equilibrium point. A negative determinant corresponds to a saddle, while a positive
determinant corresponds to a sink (stable node), source (unstable node) or center. In my
model, all equilibria with positive determinants correspond to sinks (Figure 2.5).

34

Methods

Figure 2.5: Classification of phase portraits along the determinant-trace plane. The
poincaré diagram describes the stability of fixed points of a two-dimensional linearsed
system in terms of the determinant ∆ and trace τ of the Jacobian matrix A. Note that the
determinant ∆ and trace τ fully describe the eigenvalues λ1,2 of A. Adapted from [277].
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Stochastic model
Derivation of the CLE approximation

Stochastic modelling of the toggle switch was carried out using the chemical Langevin
equation (CLE) approximation [94]. As an informal proof of the validity of the model, I
interpret the CLE as a stochastic differential equation (SDE) that represents the diffusion
approximation to a Markov Jump process [96]. As the toggle switch model consists of simple
production and degradation events, the CLE can be derived informally from considering the
diffusion approximation of the immigration-death process which I reproduce below [327].
We can reformulate the problem as an immigration-death process with immigration rate
ρ and death rate λ , and the random variable X takes the state x at time t. Let dXt be the
increment of the process. Then the state transition probabilities are:
Pr (dXt = −1) = λ xdt

(2.3)

Pr (dXt = 1) = ρdt

(2.4)

Pr (dXt = 0) = 1 − λ xdt − ρdt

(2.5)

where expectation: E(dXt ) = (ρ − λ x)dt and variance: E[(dXt )2 ] − [E(dXt )]2 = (ρ + λ x)dt
as the dt 2 term is negligibly small. Matching the mean and variance, we arrive at the CLE
equations (Equations 7.5 and 7.6).
Numerical simulation with the Euler-Maruyama method
As shown in [94], the standard form of the Langevin equation is written as the following
difference equation, where Ω is the volume parameter:
Xt+dt

r
p
dt
= Xt + (ρx − λ x)dt + ( ρx + λ x)N(0, 1)
Ω

(2.6)

In the limit Ω → ∞, we obtain the deterministic result.
Numerical simulation of the CLE was carried out with the Euler-Maruyama algorithm,
which has the following numerical scheme that approximates the infinitesimal dt with finite
∆t [327]:
Xt+∆t
where ξ ∼ N(0, 1)

r
p
∆t
ξ
= Xt + ∆x = Xt + (ρx − λ xt ) + ( ρx + λ xt )
Ω

(2.7)
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If the molecule count number dips below zero, it is automatically set back to zero to
prevent the molecule numbers from assuming negative values.
Modelling non-autonomy using a stepwise approximation approach
The incorporation of non-autonomy was carried out following the work of Verd and colleagues [307], where the parameter value is kept constant over a short time step and incremented at regular intervals.
Data quantification and model fitting
I provide a broad overview of the entire stochastic modelling pipeline in Figure 2.6. First,
a HCR-stained tailbud sample from the TCF reporter line with 182 segmented NMps was
selected to initialise the sox2 and tbxta expression levels in the model and determine the
pattern of the Wnt signalling input for each trajectory based on the NMp positions (more
detail is included in Figure 7.6). The sample was chosen specifically as the NMps captured
in the snapshot HCR image spans the dorsal-ventral axis, allowing me to analyse NMps
along both neural and mesodermal differentiation trajectories. After processing the image,
I exported the expression levels of sox2 and tbxta from the segmented NMps, which were
then used to initialise my stochastic simulations. Each stochastic simulation represents
the evolution of the sox2 and tbxta gene expression states of an in silico NMp over time,
initialised with its corresponding sox2 and tbxta expression values. Thus, each model run
consists of a batch of 182 stochastic trajectories where each in silico trajectory represents a
hypothetical in vivo trajectory of a corresponding NMp in the tailbud sample.
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Figure 2.6: Overview of stochastic modelling and model fitting approach. 1) Initialisation:
Each of the 182 segmented NMps from the HCR sample is used to initialise a corresponding
stochastic trajectory. The exit_nmp_val parameter defines the sizes of the bottom-left and topright quadrants (cyan) which contain the NMps. Each NMp is also assigned a Wnt signalling
profile which corresponds to the non-autonomous α1 parameter in the stochastic toggle
switch. 2) Simulation - 3) Fitting: The number of NMps at defined simulation timepoints
is compared against the average number of NMps at the corresponding developmental
timepoint in the time-course HCR dataset (Figure 3.6H).

To approximate the posterior distributions of the parameter sets in the stochastic nonautonomous toggle switch model, I implemented an ensemble Markov Chain Monte Carlo
(MCMC) algorithm implemented via the emcee package in Python. Specifically, I reverseengineered values for the following nine model parameters: α2 , a, c, b, d, λ1 , λ2 , Ω and
exit_nmp_val. This was performed by using MCMC to fit the model to the number of
NMps quantified from the HCR samples ranging from 18ss to 30ss (Figure 3.6H). Thus, the
cost function that is minimised during the MCMC procedure is the sum of squared errors
between the model’s output of the NMp count number and the interpolated NMp count
number obtained from the time-course HCR experiment (Figure 3.6H) at 100 corresponding
timepoints (Figure 2.6 last row). The interpolation was carried out with a local regression
curve.
In my MCMC implementation, I employed a two-step process to approximate the posterior distributions following the recommendation by Foreman-Mackey and colleagues [77].
First, due to the absence of quantitative information on the regulatory details underlying
the expression of sox2 and tbxta, I ran the model with 300 walkers for around 50,000 steps
using a uniform prior (Table 2.1). Next, I re-ran the model with 300 walkers for around
10,000 steps using a Gaussian prior. This prior initialises the run around the parameter
combination obtained from the first run which maximises the log-likelihood of the model.
To output the number of NMps at each timepoint in the stochastic simulation, I defined the
exit_nmp_val parameter which demarcates two NMp quadrants in the instantaneous phase
portrait (Figure 7.7D, upper left). At any given simulation timepoint, trajectories residing
within these two quadrants are counted as NMps. Therefore, the total number of NMps at
any simulation timepoint is simply the sum of the number of trajectories that reside in these
two NMp quadrants. The results of the second run is described in Figure 7.7. All MCMC
runs were performed on the Cambridge Service for Data-Driven Discovery high performance
computing system.

39

2.2 Computational methods

Parameter
α2
a
c
b
d
λ1
λ2
Ω
Exit_nmp_val

Prior lower bound Prior upper bound
0
0
0
0
0
0
0
0.1
0.05

1
1
1
1
1
5
5
1000
0.6

Table 2.1: Upper and lower bounds of the uniform prior probability distribution used in
the first MCMC run.

Chapter 3
Preliminaries
3.1

Introduction

One of the features of the transition state is the loosening of the relationship between cell
state and cell fate (Section 1.1.8, Table 1.1), leading to the emergence of rebellious cells
(Section 1.1.7). To assess this characteristic with static snapshots of zebrafish NMps in
vivo, the fate map of these progenitors should be robust such that one can reliably predict
the fate of each cell based on their anatomical location alone. Thus, I first examine other
possible cellular decisions in the NMp population which include apoptosis, proliferation and
non-directional migration. These alternative cellular decisions have been studied directly or
indirectly in other studies (Section 1.2.4). Therefore, this chapter seeks to first address the
following aim:
1. To verify the roles of proliferation, apoptosis and non-directional migration in the
NMp population with reference to previous work.
Previous studies demonstrate that zebrafish tailbud NMps simultaneously co-express
sox2 and tbxta mRNA at 12ss and 22ss [11, 199], but detailed analysis of sox2 and tbxta
gene expression in the NMp population is lacking. Such an analysis has been performed in a
study on mouse NMps where the authors characterised sox2 and bra mRNA expression from
E8.5 to E13.5 and counted the number of NMps at each stage [331]. However, a technical
limitation of the in situ hybridsation technique is that the alkaline phosphatase enzymatic
reaction leads to non-linear amplification of the signal intensities [301]. Consequently,
analyses of the staining intensities remained qualitative. To build a quantitative picture of
the NMp differentiation process, I stained zebrafish tailbuds from mid to late somitogenesis
(18ss to 30ss) for sox2 and tbxta expression using the in situ Hybridisation Chain Reaction
(HCR) technique. The technique is highly accurate, precise, and sensitive, which allows me

42

Preliminaries

to quantify gene expression states with single-cell resolution [43, 301]. These experiments
were conducted to address the following aims:
2. To compare the sox2 and tbxta distributions of the NMp population with the caudal
neural tube and notochord population.
3. To quantify the number of NMps.
4. To visualise the locations of NMps.

3.2
3.2.1

Results
Proliferative and apoptotic activity

Proliferative activity in the zebrafish NMps occurs in two phases: a period of high proliferative
activity in the gastrula-stage NMps (6hpf - 10 hpf) followed by low proliferative activity in the
tailbud NMps during the segmentation stages [11, 21, 149, 155]. The relative unimportance
of proliferation in the development of the posterior body is highlighted in a study of the
emi1 zebrafish mitotic mutant which had no noticeable defect in posterior body elongation
[340]. In several studies, mitotic nuclei were identified using the antibody specific for
phosphorylated histone H3 (PH3), which consistently showed that proliferative activity in the
zebrafish tailbud remains low [11, 209]. I confirmed this observation by fixing and staining
zebrafish tails with the anti-PH3 antibody from 18ss to 30ss at two somite intervals (Figure
3.1). Like the 18hpf (approximately 18ss) mitotic index from [149], the percentage of cells
undergoing division during this entire period ranges from around 5% to 10% (Figure 3.2A).
Also, from the acquired images, I did not observe a preferential zone of proliferative activity
(Figure 3.1).
In a previous study of apoptotic activity, Cole and Ross detected apoptotic cells in whole
mount zebrafish embryos by terminal deoxynucleotidyl transferase dUTP nick end labelling
(TUNEL) staining [47]. They found a peak in the number of apoptotic cells in the tailbud at
20ss (mean of 35.33 cells), as opposed to the number of apoptotic cells at 18ss (mean of 6
cells) and 22ss (mean of 9.33 cells) and suggested that apoptosis could play an important role
in eliminating residual cells for proper morphogenesis of the tailbud. To assess this result,
I stained zebrafish tails with the anti-caspase3 antibody. Compared to TUNEL staining,
caspase3 staining is a more reliable assay of apoptotic activity as the results of TUNEL
staining is sensitive to enzymatic concentration, incubation duration and embryo number
[270]. To account for the varying number of cells between images at the different stages, on
top of quantifying the number of apoptotic cells, I also calculated the percentage of apoptotic
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cells in each sample by normalising the count to the total number of nuclei within the field of
view (Figure 3.1B). Contrary to the results of Cole and Ross, I did not find a transient surge
in apoptotic activity at 20ss. Instead, the percentage remains low from 18ss to 30ss, with an
average of less than 2.5% positive cells across the entire duration (Figure 3.2B). Similar to
the spatial distribution of PH3 expression, I did not notice a preferential zone of apoptotic
activity in my images (Figure 3.1). Aside from the difference in the apoptotic assay used,
another possible reason for the disparity in results is that Cole and Ross did not quantify the
total number of nuclei in their tailbud samples. Correcting for the total number of nuclei
within the field of view would yield a more reliable estimate, since the tailbud consists of
a mass of undifferentiated cells and lacks clear anatomical landmarks to make a precise
delineation [334].
Therefore, I conclude that during the middle to late somitogenesis (18ss-30ss) stages, the
zebrafish tailbud is a region with low proliferative and apoptotic activity.
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Figure 3.1: Time-course immunofluorescence for cell division and apoptosis in the zebrafish tail Zebrafish tails from 18ss to 30ss were stained for Caspase3 to estimate the levels
of apoptosis and PH3 staining was used to detect cell division. Nuclei were stained with
DAPI. All tails are orientated towards the right.

3.2.2

Characterising NMps over mid to late somitogenesis

To characterise the tailbud NMps, I stained zebrafish tailbuds for sox2 and tbxta expression
from 18ss to 30ss with an interval of two somites between stages. First, I visualised the
anatomical locations of sox2+tbxta+ co-expressing nuclei in the tailbud at single-nuclei
resolution. As expected (Section 1.2.3), co-expressing cells are found in the posterior
hypochord ventral to the chordoneural hinge (CNH) (Figure 3.3B, 3rd row). As the hypochord
tissue is thought to have an endodermal origin [181, 251], it is not relevant to my investigation
of the neural-mesodermal fate decision. Henceforth, all nuclei identified as NMps are
characterised by two properties: first, they are sox2+tbxta+ and second, they reside in tailbud
regions excluding the hypochord. Following this definition, I found that NMp nuclei are
predominantly located in the PW, maturation zone and CNH (Figures 3.3 and 3.4). In the
CNH, co-expressing cells tend to be located along the posterior CNH (Figure 3.3B, last row)
where the early midline progenitor cells are located [62, 251].
Next, I compared the locations of NMps between samples of the same stage and across
samples of different stages. Whilst NMps tend to be localised in the PW, maturation zone
and CNH (Figure 3.4), there is substantial variability in the precise NMp locations between
stage-matched samples (Figure 3.5). In some 18ss samples, NMps are absent from the
maturation zone and ventral PW and are distributed more dorsally instead (Figures 3.4 and
3.5A top rows), whilst in others, their spatial distributions are more like the distributions at
later stages (Figure 3.5A middle and last rows). In contrast, from 21ss onwards, NMps are
found all along the dorsal-ventral axis (Figure 3.5B and C). One possible explanation for
this phenomenon is that in some 18ss embryos, NMps have yet to move out of the dorsal
wall and initiate differentiation into the PSM. In contrast, by 21ss, NMps are en route to
differentiation.
To characterise the gene expression states of the NMp population, I compared its sox2
and tbxta nuclear expression levels against the caudal neural tube and notochord populations
(Figure 3.6A-C). The caudal neural tube population is characterised by a narrow tbxta
distribution with a low mean expression level and a broader sox2 distribution (Figure 3.6C).
The broad sox2 distribution indicates that nuclear sox2 expression is not uniformly high
across the caudal neural tube population. This accords with our understanding of sox2 in
neural tube development - whilst the neuronal progenitor population maintains high sox2
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Figure 3.2: Time-course quantitative analysis of cell division and apoptosis in the zebrafish
tailbud. The number and percentage of (A) PH3-positive nuclei and (B) Caspase3-positive
nuclei in the zebrafish tail from 18ss until 30ss with an interval of two somites between stages.
n refers to the total number of samples analysed for each stage and is indicated above the
x-axis.
expression, differentiating cells downregulate sox2 as they begin to express neuronal-specific
markers [105]. When comparing the sox2 distributions of the NMp and caudal neural tube
populations, I observed a significant overlap in the distributions (Figure 3.6B) which is also
reflected in the range of sox2 intensities in the image data (Figure 3.6E).
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In the notochord population, sox2 expression is low with a broad range of tbxta expression
(Figure 3.6C). Comparing the tbxta distributions of the NMp and notochord populations,
there is also a significant overlap, although the Noto tbxta distribution has a more pronounced
right skew (Figure 3.6B). From the image data, tbxta nuclear expression levels along the
ventral PW and maturation zone are comparable to the notochord (Figure 3.6E). This is
puzzling as tbxta expression is a defining feature of the notochord [49] and hence, I expected
the notochord tbxta distribution to be centred at higher values and right-shifted relative to the
NMp tbxta distribution. Strong tbxta expression is indeed observed in the notochord for all
my HCR stains (Figures 3.3, 3.4, 3.5), but closer inspection of the notochord reveals that
the notochord nuclei have smaller volumes than other tailbud nuclei (Figure 3.6Diii), and
more importantly, tbxta expression is higher in the surrounding cytoplasm than the nuclei
(Figure 3.6Di and ii). Thus, I infer that tbxta is rapidly exported into the notochord cytoplasm
for translation into protein. Taken together, the NMp population is characterised by broad
marginal distributions of sox2 and tbxta, with some NMps expressing relatively high levels
of sox2 or tbxta.
Next, to visualise the joint distribution of both genes in the NMp population, I plotted
nuclear sox2 levels against nuclear tbxta levels to obtain a sox2-tbxta scatterplot for each
developmental stage, where each point corresponds to the sox2 and tbxta nuclear expression
levels for a single NMp (Figure 3.6F). In the two-dimensional gene expression space, most
NMps reside in the lower-left quadrant with low levels of nuclear sox2 and tbxta (sox2+low
tbxta+low ), with few to no cells that are sox2+high tbxta+high . There are also NMps situated
outside of the lower-left quadrant which are sox2 +int tbxta+int , sox2 +high tbxta+low and
sox2 +low tbxta+high . Intriguingly, at 24ss, a greater number of NMps co-express higher
levels of sox2 and tbxta (sox2+int tbxta+int ) as indicated by the red box on the scatterplot
(Figure 3.6F). This is illustrated in Figure 3.6G, where the circled region marks NMps along
the intermediate zone co-expressing intermediate levels of sox2 and tbxta.
When I quantified the number of tailbud NMps at each of these stages (Figure 3.6H), I
noted a steep decline in the number of NMps after 24ss. More prominently, I observed a large
variability in the number of NMps from 18ss to 24ss, with peak variability observed at 24ss.
This is in stark contrast to the period beginning from 27ss onwards, where the variability in
NMp number is minimal with a consistently low number of NMps in each sample.
In conclusion, NMps are a heterogeneous cell population with a broad range of sox2
and tbxta values, and most cells co-express low levels of both genes. A defining feature
of this population is their spatial variability in the tailbud, which makes it insensible to
circumscribe a fixed NMp domain for each developmental stage. I will attempt to address
this conundrum in a later chapter by constructing NMp probability maps (Section 5.2.4). In
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addition, there is also significant variability in the number of NMps at the earliest stages
under study (18ss-24ss), peaking at 24ss, which is substantially reduced near the completion
of somitogenesis.
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Figure 3.3: Locations of sox2+tbxta+ cells in the tailbud. A) 2D slices depicting locations
of NMps. i) Lateral slice showing NMps in the maturation zone. ii) Medial slice showing
NMps in the hypochord, CNH and PW. B) 3D surfaces depicting locations of NMps. (Left)
NMps are depicted as rainbow surfaces. (Right) Magnified images of the NMps masking the
expression of sox2 and tbxta outside of the surfaces.

Figure 3.4: Time-course HCR experiment of the zebrafish tailbud NMps. Each row depicts
the imaging channels and segmented NMp nuclei for a single sample. (First column) 3D
composite image of sox2, tbxta and DAPI. (Second column) NMp surfaces colored by tbxta
intensity, shown alongside tbxta expression. (Third column) NMp surfaces colored by sox2
intensity, shown alongside sox2 expression. (Fourth column) NMps depicted as rainbow
surfaces. (Fifth column) Magnified images of the NMps masking the expression of sox2 and
tbxta outside of the surfaces.
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Figure 3.5: Heterogeneity in sox2 and tbxta expression and variability in the number
and locations of NMps. Three sets of HCR-stained samples at 18ss, 24ss and 28ss, with
three representative images per set, are depicted. Each row represents the HCR staining
on a single sample. n refers to the number of NMps in each sample and is shown at the
bottom-right of the merged image.
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Figure 3.6: Heterogeneity in sox2 and tbxta expression and variability in the number and
locations of NMps. A) Segmented surfaces of the caudal neural tube and posterior notochord.
B) Ridge plots showing the (Left) sox2 distributions of the NMp and caudal neural tube
populations and (Right) tbxta distributions of the NMp and notochord populations. C) Ridge
plots showing the sox2 and tbxta distributions in the (Left) caudal neural tube, (Middle)
notochord, and (Right) NMp populations. D)i) Nuclear expression of tbxta. Dii) Cytoplasmic
expression of tbxta. Diii) tbxta-positive surfaces colored by nuclear volume. Dashed lines
refer to the notochord cells. Ei) sox2-positive surfaces depicted as points, colored by sox2
expression. Dashed lines indicate the expression intensities of the caudal neural tube and PW
cells. Eii) tbxta-positive surfaces depicted as points, colored by tbxta expression. Dashed
lines indicate the expression intensities of the notochord and maturation zone cells. F)
Scatterplots of sox2 and tbxta expression of NMps from 18ss to 30ss at two-somite intervals.
Each point corresponds to the normalised nuclear sox2 and tbxta intensities of a single
NMp. The dashed red box at 24ss emphasises the sox2+int tbxta+int cells. G) HCR stains
of tbxta and sox2 at 24ss, highlighting the existence of NMps in the intermediate zone that
co-express intermediate levels of sox2 and tbxta. H) Box and whisker plots of the number of
NMps from 18ss to 30ss at two-somite intervals. Each point corresponds to the number of
NMps in a single sample. The median NMp number is indicated in bold. n refers to the total
number of samples analysed for each stage (biological replicate). N refers to the number of
distinct imaging experiments, where different biological samples imaged on the same day are
considered a single imaging experiment.

3.2.3

Fate of dorsal posterior cells at 18ss

In my HCR stains, I noticed that along the dorsal PW, there is a stretch of sox2+ nuclei
with prominent cytoplasmic expression of tbxta at all stages under study, which suggests
that these cells had previous tbxta expression (Figure 3.7B). Anatomically, these cells tend
to be located more dorsally relative to the NMps. To verify that the differences in nuclear
and cytoplasmic expression permit the inference of a cell’s previous and instantaneous gene
expression state, I stained tailbuds for the expression of her1. Her1 is a Notch target gene
that oscillates in the PSM via a negative feedback mechanism, which leads to the emergence
of a travelling wave pattern from the anterior to posterior direction [83, 176]). As illustrated
in Figure 3.7A, there is a clear difference in the nuclear and cytoplasmic expression levels
of her1 in the PSM, with a higher level of cytoplasmic her1 expression in the anterior PSM
relative to the posterior PSM. Thus, I infer that these sox2+ nuclei with high cytoplasmic
expression of tbxta were previously NMps (sox2+ tbxta+) but have since downregulated
tbxta upon differentiating into neuronal progenitors.
If NMps display directional migration, then these cells with cytoplasmic tbxta expression
should enter the neural tube only. In contrast, if extensive cellular mixing occurs, then
some of these cells may enter the PSM instead. To distinguish between these possibilities, I
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photolabelled the dorsally localised cells and followed them until around 26ss (Figure 3.7C).
Consistent with the former hypothesis, I found that all the photolabelled cells eventually
reside in the fin mesenchyme and the dorsal neural tube. This implies that NMps in the dorsal
PW move anteriorly into the dorsal NT. My result reinforces the light-sheet tracking work by
Attardi and colleagues, where they demonstrated that zebrafish tailbud NMps are spatially
segregated into neural-fated and mesoderm-fated domains [11].
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Figure 3.7: Photolabels of the dorsal posterior cells at 18ss. A) Expression of nuclear her1
(magenta) and cytoplasmic her1 (yellow) in the PSM. The boxed regions, (i) and (ii), label the
anterior and posterior PSM. The magnified images are displayed on the right. B) 2D medial
slice of a HCR stain at 18ss with nuclear tbxta (Cyan), cytoplasmic tbxta (Orange) and 2D
slices of NMp surfaces (Blue) shown. The dashed oval region is magnified on the right, where
the dashed lines indicate regions of strong cytoplasmic tbxta expression and strong nuclear
sox2 expression. C) (Top) Representative image depicting photolabelled dorsal posterior
cells (red) at 18ss. C) (Bottom) Image of the same photolabelled embryo at 28ss.

3.3
3.3.1

Discussion
Definition and identification of NMps

A recent controversy in the NMp field arose regarding the molecular definition of NMps,
where Mugele and colleagues argued that NMps do not actively maintain the co-expression of
sox2 and tbxta [218]. Crucially, it was shown by whole-mount in situ hybridisation that sox2
mRNA is not expressed in the CNH (Figure 21 [218]). In addition, Sox2 protein expression
was criticised to be an artefact of the long half-life of the Sox2 protein (Section 4.2.2.2
in [218]). Given the high sensitivity and specificity of the in situ HCR technique [43], I
show unambiguously at single cell resolution that the PW of the zebrafish tailbud consists
of cells that co-express nuclear sox2 and tbxta mRNA, which exist from 18ss to the end of
somitogenesis. As this corresponds to the known zebrafish NMp domain [11, 100, 199], my
data indicate definitively that zebrafish NMps co-express sox2 and tbxta.
However, what degree of co-expression of sox2 and tbxta characterises the NMps? I
uncovered significant heterogeneity within the identified pool of sox2+tbxta+ co-expressing
cells in the zebrafish tailbud. In fact, there’s significant overlap in the sox2 and tbxta
distributions of the NMp population with the caudal neural tube and notochord populations,
indicating that nuclear sox2 and tbxta expression in the tailbud are not necessarily coexpressed at low levels only. I decided to adopt a conservative definition of NMps to refer
to all cells that co-express sox2 and tbxta in the tailbud, excluding those cells residing in
the hypochord. This definition includes not only sox2+low tbxta+low cells, but also all
the sox2+int tbxta+int , sox2+high tbxta+low and sox2+low tbxta+high cells identified in
my analysis. In addition, it also includes cells in the CNH, which consist of the midline
progenitor cells (MPCs) that make a notochord/floor plate and notochord/hypochord decision.
In my definition of NMps above, why were NMps not defined to be the sox2+low
tbxta+low cells only? If NMps were exclusively sox2+low tbxta+low , we would expect the
PW to be occupied by sox2+low tbxta+low cells only as this is where the progenitors reside
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since bud stage. Whilst most NMps are sox2+low tbxta+low , at 21ss and 24ss, I observed
that sox2+int tbxta+int , sox2+high tbxta+low and sox2+low tbxta+high are also present in
the PW (Figure 3.6F and G). In addition, Attardi and colleagues showed that when the NMp
domain (dorsolateral wall of the tailbud) at bud stage was photolabelled, a crescent-shape
distribution of photolabels at 22ss in the posterior tailbud was observed (Fig 5A in [11]). This
distribution of photolabels is consistent with the distribution of sox2+tbxta+ cells in my HCR
data from 21ss-24ss (Figure 3.4 second and third rows), and crucially, these co-expressing
cells express a wide range of sox2 and tbxta levels and are not just sox2+low tbxta+low .
Combined with the preceding argument, this supports the inclusion of a broader range of
molecular states into my definition of NMps, beyond just the sox2+low tbxta+low cells.
Another important criterion in my definition of NMps involves the inclusion of MPCs.
This decision was motivated by single-cell transplantations of MPCs into the NMp domain
(ventral margin of shield stage embryos) by Row and colleagues [251]. These progenitors
would normally make either a notochord/hypochord or notochord/floor plate decision, but
upon transplantation, they are able to contribute to somites. This suggests that similar to the
NMps, the MPCs are competent to differentiate into somites (Section 1.2.4). As my study is
focused on studying the neuromesodermal differentiation process, I include the MPCs in my
study as they also possess neuromesodermal competence.

3.3.2

Zebrafish NMps - an in vivo minimal differentiation model

Proliferation, apoptosis, migration and cellular differentiation are important cellular phenomena that contribute to the formation of different tissue types. In this chapter, I have
established that in line with existing evidence [11], zebrafish NMps display very low rates of
proliferation throughout mid to late somitogenesis (Figure 3.2). As Bouldin and colleagues
have demonstrated, NMps remain in a quiescent G2/S state until differentiation [21]. In
addition, apoptosis occurs at a consistently low rate during this period (Figure 3.2). My
photolabels of the dorsally localised cells do not contribute to posterior PSM formation
(Figure 3.7), supporting the finding that the dorsal neural-fated progenitors and the more ventrally localised mesoderm-fated progenitors are spatially segregated and migrate in opposite
directions [11]. This therefore supports the fate map constructed by Attardi and colleagues
(Fig 7I in [11]).
Considering this, I conclude by an argument of elimination that the main phenomenon
which characterises the NMps during 18ss-30ss is cellular differentiation. In this sense, zebrafish tailbud NMps constitute a minimal in vivo differentiation model where differentiation
is largely uncoupled from other alternative cellular phenomena.
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Heterogeneity and variability in the NMp population

In my analyses of the nuclear expression of sox2 and tbxta, I observed a broad range of sox2
and tbxta co-expression states in the tailbud sox2+tbxta+ (NMp) population (Figure 3.6F). In
contrast, the caudal neural tube and notochord population are exclusively sox2+tbxta- and
sox2-tbxta+ respectively (Figure 3.6C). What could drive the gene expression heterogeneity
in both sox2 and tbxta within the NMp population?
One biological source of the heterogeneity could arise from the fact that zebrafish
embryos make a range of 30-32 somite pairs, and therefore, the final seven somites which
the NMps contribute to (Section 1.2.4) could start from somite 23, 24 or 25 [155]. Hence,
the precise developmental stage in which NMps contribute to the posterior somites would
vary between embryos. In addition, even if two embryos from the same clutch have the
same total number of somites, they may still develop asynchronously [155], especially if they
have been maintained at different temperatures [263]. Whilst this explanation may explain
the variability in NMp number at 24ss, it does not account for the transient peak in gene
expression heterogeneity specifically at 24ss.
According to the transition state model, an important source of heterogeneity arises from
the stochasticity in gene expression. During NMp differentiation, stochastically fluctuating
levels of sox2 and tbxta could result in the broad range of sox2 and tbxta distributions
observed within the NMp population. In particular, the peak in heterogeneity at 24ss could
coincide with the entry into the transition state as cells sample a broader set of sox2 and tbxta
states, as seen from the emergence of sox2 +int tbxta+int cells in Figure 3.6F.
To assess whether the gene expression heterogeneities reflect a dynamic cell population
undergoing a fate choice, I will need to assess analyse whether there are signatures of
increased stochasticity or criticality in the NMp population. This motivates the work in
Chapter 4 where I analyse the gene expression states of NMps in a 18ss scRNA-seq dataset.

Chapter 4
ScRNA-seq analysis
4.1

Introduction

In Chapter 3, I examined the expression of sox2 and tbxta, which are the primary regulators
of the neural and mesodermal fate decision in the zebrafish tailbud NMps. Currently, much of
our understanding of these NMps are derived from studies in other model systems [124, 256],
and no published study at the time of writing has systematically elucidated the other candidate
genes involved in the zebrafish NMp GRN. In this chapter, I study a high-dimensional scRNAseq dataset at 18ss to address the following aims:
1. To identify the candidate genes involved in the NMp GRN in silico with an unbiased
approach.
2. To validate the expression of selected candidate genes in the NMps in vivo.
3. To assess whether NMps at 18ss display a signature of a critical transition and increased
stochasticity.
4. To evaluate the reliability of trajectory inference methods on predicting the dynamics
of NMp candidate genes.

4.1.1

Description of the scRNA-seq dataset

I chose to analyse the publicly available 18hpf scRNA-seq dataset from Wagner and colleagues [316] because the 18hpf stage corresponds approximately to 18ss [155], which is the
developmental stage where I began my analysis of zebrafish NMps. The dataset at the later
timepoint (24hpf) analyses embryos at the Prim-5 stage, by which point somitogenesis has
concluded and NMps would have already contributed to the axial tissues.
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To generate the single-cell transcriptomes of zebrafish embryos from 4hpf to 24hpf,
Wagner and colleagues utilised the inDrops scRNA-seq method [159, 344], which is a highthroughput droplet microfluidic approach to generate single cell transcriptomic libraries. As
droplet-based systems generate libraries at lower cost and are not limited by the number
of reaction chambers unlike other preparation methods [159, 341], a larger number of cells
can be sequenced, albeit with a trade-off of shallower sequencing depth per cell [283].
Importantly, it has been shown that accuracy quickly saturates at increasing depth [284] and
thus, sequencing a greater number of cells at shallower depth enables the discovery of rare
cell populations without compromising the overall quantitative accuracy [145, 243]. This is
particularly important considering that zebrafish tailbud NMps are a small cell population
(Figure 3.6H) that display low rates of proliferation (Figure 3.2). In addition, the potential to
analyse NMps from the dataset is reinforced by the authors’ analyses of NMp differentiation
from 8ss to 18ss, where they hypothesise that the Chordin-expressing cells in the identified
subgraph constitute a distinct pool of cells embarking on the initiation of the posterior neural
developmental programme. Therefore, I conclude that the inDrops-generated dataset is
well-suited for the study of zebrafish NMps.
The 18hpf dataset consists of 6,962 cells obtained after excluding cell barcodes with
low read numbers. After preprocessing, Wagner and colleagues embedded cells in a lowdimensional latent subspace by t-distributed Stochastic Neighbour Embedding (t-SNE). Next,
they grouped cells in the t-SNE representation by density-peak clustering, a density-based
clustering algorithm which assumes that cluster centers have higher density of points than
neighboring points and are separated by a large distance from other high-density points
[249]. Finally, clusters were either retained or refined by sub-clustering or merging, and
then annotated based on inspection of marker genes. A total of 45 cluster annotations are
provided, 2 of which (18hpf-tailbud-PSM and 18hpf-tailbud-spinal cord) correspond to the
tailbud cells.

4.1.2

Outline of analytical strategy

Despite the availability of the authors’ cluster assignments and cell type annotations, I will
not be using their annotations directly to identify tailbud NMps. Instead, in my analysis
of the scRNA-seq dataset, I will compare the authors’ annotations with an alternative
dimensional reduction (Uniform Manifold Approximation and Projection or UMAP for
short) and clustering pipeline (Louvain algorithm) to be more stringent in my final selection
of the tailbud cells. It is important to validate the clustering assignments with an alternative
approach to assess its consistency across a range of assumptions [6]. Also, the case for my
method of analysis is supported by clustering benchmarking studies, which showed that
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the graph-based clustering approach implemented in Seurat outperforms other clustering
strategies, especially for the class of sparse droplet-based datasets that includes the studied
InDrops dataset [69, 79].
Downstream of my computational analyses, I will then validate the expression of the
selected candidate genes in NMps using HCR. A key limitation of the inDrops method is its
lower sensitivity, even when compared to alternative droplet-based approaches [341], and
this limits its ability to capture low-abundance transcripts in the population. In contrast, HCR
is highly sensitive with the capacity to achieve subcellular or single molecule resolution
[43, 301]. Therefore, my experimental work complements the computational analyses by
providing a more precise quantitative description of the expression of these relevant genes in
the zebrafish NMps.

4.2
4.2.1

Results
Selection of tailbud cells

In my analysis of the dataset, I carried out an orthogonal approach for dimensional reduction
and clustering by embedding the 6,954 cells in the 18hpf dataset into UMAP space and using
the Louvain community detection algorithm to identify clusters. As cells in the dataset carry
the annotation labels originally assigned by Wagner and colleagues, I exploited this by first
assigning each Louvain cluster with the majority annotation label held by cells within the
cluster.
To assess the similarity between the density-peak clustering results and the Louvain
clustering results, I quantified the distribution of these labels at various clustering resolutions
(Figure 4.1A). From a resolution parameter range of 0.2 to 2, most cells in the Louvain tailbud
clusters carry the density-peak tailbud cluster labels (“shared”) suggesting that the same
group of cells are being robustly identified as tailbud cells across both approaches at various
resolutions. Indeed, when I assessed the similarity between the two data clusterings using the
Adjusted Rand index (ARI) and clustering entropy, high ARI values and low entropy values
are obtained across a wide range of clustering resolutions, apart from the initial resolution
of 0.2 (Figure 4.1C). Clustering trees facilitate the evaluation of the clustering results at
different resolutions [157, 338]. Analysis of the clustering tree shows that at a resolution of
0.2, there are 11 clusters which continue to be split up gradually. At increasing resolutions,
the number of in-proportion edges (edges with low transparency) remain low which indicates
only minor changes in the clustering tree (Figure 4.1B). The overall stability of the clustering
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results suggest that my analysis is not strongly dependent on the clustering resolution. In
short, the clustering results are highly concordant across a range of clustering resolutions.
Given its ARI and entropy values, I proceeded with a clustering resolution of 0.8 which
yielded 22 clusters for downstream analysis (Figure 4.2). I visualised the UMAP and t-SNE
representations of the dataset. At this resolution, I reannotated 4 clusters (0: 18hpf-neural
- Radial glial cells gfap+ pcna+; 1: 18hpf-neural - Forebrain neural progenitors her2+; 3:
18hpf-neural - Proliferative zones; 17; 18hpf-Erythroblasts gata1a+ blf+) based on the marker
genes in each cluster. Comparing this with the t-SNE embedding, I observed that the UMAP
embedding recovers the order of developing trajectories and better separates the clusters in
the dataset. For instance, the two tailbud clusters are located closely to each other and are
contiguous with the mesodermal and neural derivatives (Figure 4.2A inset).
I then re-examined the density-peak and Louvain clustering results at this resolution,
focusing specifically on the density-peak clusters (authors’ labels) and Louvain clusters (my
labels). From the perspective of the authors’ tailbud labels (Figure 4.3A, y-axis), they consist
mainly of my Louvain cluster tailbud cells; with the only notable exception being that 16
of the radial glial cells (Louvain cluster 0) fall into the authors’ 18hpf-tailbud - spinal cord
cluster (Figure 4.3A red asterisk). The similarity in the tailbud cluster annotations contrasts
with the authors’ neural hindbrain clusters (Figure 4.3A cyan asterisks), which consist of
cells from Louvain clusters 0, 1, 7 and 10. Viewing from the perspective of the Louvain
tailbud clusters instead (Figure 4.3B, x-axis), they largely intersect with the density-peak
tailbud clusters, although 46 and 25 cells in the Louvain tailbud spinal cord cluster come
from the density-peak dorsal and ventral hindbrain clusters (Figure 4.3B red asterisks). In
summary, the tailbud clustering results from both analytical pipelines are highly concordant.
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Figure 4.1: Optimizing parameters for Louvain clustering and tailbud cell selection. A)
Faceted bar plots assessing the distribution of cell labels across ten (0.2 - 2.0) different
Louvain clustering resolutions. Cells in the shared category were identified by the authors
to be in the tailbud and are also assigned to Louvain tailbud spinal cord or PSM clusters.
Cells in the author_only category were identified by the authors to be in the tailbud but are
not assigned to the Louvain tailbud clusters. Cells in the mine_only category are assigned
to the Louvain tailbud clusters but were not identified as belonging to the tailbud by the
authors. ARI: Adjusted rand index; H: Entropy. B) Clustering tree displaying how cells
move across clusters as the Louvain resolution increases (greater number of clusters). C)
Line plot displaying the change in clustering entropy (Left) and ARI for the tailbud clusters
at different resolutions, using the authors’ labels as ground truth. D) Bar plot displaying
the number of cells that are assigned to the shared category across all 10 iterations of the
Louvain clustering algorithm, with a different resolution parameter for each iteration. For
instance, 239 cells were assigned to the shared category in 9 out of the 10 iterations. The
dotted red line indicates the threshold above which the cells are identified as tailbud cells
and retained for downstream analysis.

4.2 Results

65

Figure 4.2: UMAP and t-SNE visualisations of the 18hpf (18ss) zebrafish. A) UMAP
visualisation of the 6,959 zebrafish cells at 18hpf color coded according to assigned cluster.
The inset at the top-right highlights the tailbud spinal cord and PSM clusters. B) t-SNE
visualisation of the same dataset.
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Figure 4.3: Distribution of authors’ labels and differentially expressed features across
clusters A) Heatmap displaying the distribution of 4 of the authors’ labels across all 22
Louvain clusters. B) Heatmap displaying the distribution of all the authors’ labels across the
Louvain tailbud spinal cord and PSM clusters.

4.2.2

Annotation of subclusters and identification of DE genes

To select the tailbud cells for downstream analysis, I kept cells that are consistently located
in the tailbud clusters for 9 and 10 iterations as these are the cells with the most robust
assignment (Figure 4.1D). 636 cells are kept as the tailbud cells. I subclustered these cells
to obtain a greater resolution of the NMps and their derivatives. At a clustering resolution
of 1, I obtained eight clusters and manually annotated them by examining the differentially
expressed genes (DE genes) in each cluster (Figure 4.4A). In my clustering annotations, one
cluster corresponds to the NMp cluster, which is sandwiched between two neural clusters
(Posterior NT and pou5f3+ posterior NT) and five mesodermal clusters (Maturation zone,
Posterior PSM, Nascent somites, Tail somites and Lateral mesoderm). Expression of selected
neural, mesodermal and NMp cluster DE genes are visualised across clusters as dot plots,
feature plots and violin plots, which facilitate the validation of the identity of these clusters
(Figure 4.4D and E). Also, the top 7 marker genes of each cluster are visualised together in a
heatmap to provide a bird’s eye view of all clusters (Figure 4.4C).
I noticed the exclusive expression of pou5f3 (oct4) in one of the two neural clusters, which
led me to distinguish the two posterior neural tube neural clusters by pou5f3 expression. The
pou5f3+ posterior NT cluster also has relatively higher levels of zic5 and zic2a expression and
lower levels of prtga, sox3 and gfap as compared to the posterior NT ((pou5f3-) cluster. The
latter three genes mark the development of the central nervous system, and since oct4 works
alongside sox2 to repress neural differentiation [225], both of these observations suggest
that the posterior NT cells are further along the neural differentiation trajectory than the
pou5f3+ posterior NT cells. This is consistent with the placement of the pou5f3+ posterior
NT cluster adjacent to the NMp cluster, which may be significant as UMAP has been shown
to better preserve the global relationships between clusters in biological datasets [68]. The
mesodermal cluster closest to the NMp cluster is labelled as ‘Maturation zone’ [100, 196],
which marks a unique niche for the mesodermal differentiation of NMps. DE genes in the
cluster include cyp26a1, msgn1, tbx16, tbx6 and hes6, which are target genes of tbxta that
regulate mesodermal specification [198, 215]. The top 5 DE genes in the posterior PSM
cluster include the fibronectin genes fn1b and fn1a, which are expressed in 98.9% and 86.5%
of cells respectively, as well as the Ephrin gene ephb3 that is expressed in 78.7% of cells.
Both sets of genes are critical in the mesenchymal-to-epithelium transition of cells from
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the posterior PSM during somitogenesis [15, 201]. I identified two clusters as being somite
clusters (nascent somites and tail somites) based on the expression of ripply2, ripply1 and
meox1 [35, 329], with one cluster likely corresponding to the more differentiated tail somites
due to the additional expression of aldh1a2 and myod1 [240, 320]. Finally, I identified a
lateral mesoderm cluster which has high levels of actin (acta1a and actc1a) and tropomyosin
(tpma), and thus most likely represent cells along the cardiomyocyte differentiation route
[203].
Next, I examined the DE genes in the NMp cluster. tbxta and sox2 emerge as DE genes
in the cluster. I further confirmed that co-expression of sox2 and tbxta is enriched in cells in
the NMp cluster, with co-expression declining along both neural and mesodermal branches
(Figure 4.4B). Notably, the NMp cluster is enriched for the posterior Hox genes hoxc13b,
hoxc13a and hoxa13b, with avg_log2FC of 1.02, 0.94 and 0.78 respectively. The posterior
Hox genes confer positional identity to the caudal-most region of the axis and mediate the
termination of axial elongation [1, 336]. In zebrafish, the hox13 genes also appear to play an
additional role in directing mesoderm formation in the NMp niche by working synergistically
with tbxta [335]. In terms of signalling pathways, wnt8a and fgf8a appear as the top two
genes enriched in the NMp cluster, both of which are actively involved in NMp maintenance
and differentiation [100, 251]. Notably, fgf8a is expressed in >80% of cells in the NMp
cluster (PCT1 = 0.816) and <8% of cells in all other clusters (PCT2 = 0.075). As FGF
signalling in the zebrafish tailbud NMps has been proposed to repress the expression of
sox2 and tbxta [100], the enrichment of fgf8a alongside tbxta and sox2 suggests that the
NMps are maintained in a state of dynamic instability. My analysis also identified cyp26a1,
a retinoic-acid degrading enzyme that safeguards the Wnt/tbxta positive feedback loop, with
an avg_log2FC of 1.02 [198]. The identification of wnt8a, fgf8a and cyp26a1 reinforce
the notion that the signalling environment plays a key role in modulating the NMp gene
regulatory network.
Besides identifying the known molecular players in NMp differentiation, I also uncovered
numerous other genes involved in a diverse range of processes. Genes with annotations that
implicate their roles in signalling pathways feature prominently and include wls, wnt8-2, and
depdc7 for Wnt, angptl2b and her12 for Notch, nog2 and id3 for BMP and fgf4 for FGF
signalling. Also, three genes were annotated with cytoskeleton-associated processes (tagln3b
and enc1 have actin-binding activity and kif26ab regulates microtubule motor activity),
two possess histone deacetylase binding activity (znf703 and kdm6a) and another two are
associated with ubiquitination (traf4a and ubl3a). Interestingly, foxd3, a neural crest marker,
emerged as a candidate that is enriched in the NMp cluster, with an adjusted p-value of
1.92x10−6 . It is expressed in >20% of cells in the NMp cluster (PCT1 = 0.245) and < 4% of
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cells across all the other 7 clusters (PCT2 = 0.034). This suggests a relationship between the
NMps and neural crest cells, which I explore further in Section 6.2.10.
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Figure 4.4: Differentially expressed genes within the tailbud subclusters. A) UMAP
embedding showing the 8 tailbud subclusters alongside the key DE genes used for manual
cluster annotation. B) UMAP embedding colored by sox2 (Left) and tbxta (Middle) expression
and co-expression (Right). C) Heatmap displaying the top 7 DE genes for each tailbud
subcluster.

4.2.3

Critical index and noise

Another advantage of analysing the high-dimensional dataset, on top of the identification of
potential new candidates in the NMp GRN, is that it provides a large amount of data on the
expression levels of multiple genes. I can leverage this information to compute the critical
index [212] and transcriptional noise index [211] of the NMp population to assess whether
NMps are held in an NM competent state as they should demonstrate signatures of criticality
and increased stochasticity (Section 1.1.7).
I computed the critical indices for the NMp, neural (pou5f3+ posterior NT and posterior
NT) and mesodermal (posterior PSM and tail somites) clusters (Figure 4.5A). Along both
the neural and mesodermal differentiation trajectories, the NMp cluster cells have the highest
critical index, which is consistent with a cell population undergoing a dynamical bifurcation.
To account for the different number of cells and marker genes identified for each cluster, I
performed a bootstrap resampling procedure in the computation of the critical indices, which
demonstrated the robustness of my results to different cell and gene numbers (Appendix C.1).
I also assessed the level of transcriptional noise in the population, which indicates that the
NMp cluster cells have a higher transcriptional noise relative to the other cell populations
(Figure 4.5B). Therefore, both quantitative indices support the hypothesis that NMps are
approaching a critical transition at 18ss.

4.2.4

Pseudotime and trajectory analyses

Next, I analysed the predicted expression trajectories of the NMp cluster DE genes. For
the mesodermal lineage, I kept the Maturation zone and Posterior PSM clusters as they are
the closest mesodermal derivatives of the NMps. Most gene expression trajectories decline
over pseudotime as these genes are identified by virtue of being enriched in the NMp cluster.
There are a few exceptions however, as some genes are also expressed in the early neural
and mesodermal programmes. For instance, sox2 and ndnf persist along the neural trajectory
whilst cyp26a1 and hes6 remain highly expressed along the mesodermal trajectory (Figure
4.6B-E).
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Description

Genes

NM group Similar trend of decline along both neural Depdc7a, fgf8a, id3, marveld1, mcamb,
M group

N group

and mesodermal lineages.
nog2, nradd, sult6b1, traf4a, ube2e2
Expression levels along the mesodermal cx43.4, cyp26a1, eve1, fndc3ba, hes6,
lineage are higher than the neural lineage. hoxa13b, hoxc13a, hoxc13b, hoxd12a,
kdm6a, kif26ab, prickle1b, sp5l, tbxta,
tagln3b, thbs2, wnt8-2, wnt8a, znf703
Expression levels along the neural lineage angptl2b, apela, cdh6, efhd2, her12, ndnf,
are higher than the mesodermal lineage. sox2, wls

Table 4.1: Grouping trajectory patterns across the neural and mesodermal lineages. Bolded
genes were selected for downstream HCR validation.

Comparing across lineages, I observe that trajectory patterns fall broadly into three groups
(Table 4.1, Figure 4.6B-E). Genes within each of the NM, M and N groups show similar
expression dynamics over pseudotime and their correlated expression suggests a shared role
in the NMp differentiation process [125]. Specifically, it is possible that genes within the M
and N groups prime cells towards the mesodermal and neural differentiation programmes
respectively. Having identified a list of genes enriched in the NMp cluster, as well as the
predicted gene expression trajectories along pseudotime, I now seek to validate my results.

4.2.5

Analysis of gene expression by HCR

I selected seven of the NMp cluster DE genes (cdh6, fgf8a, hes6, id3, sp5l, tagln3b and
znf703) to perform HCR staining on 18ss zebrafish tailbuds. In each HCR experiment,
I stained a subset of these genes together with sox2 and tbxta to check for their nuclear
expression within the segmented NMps (sox2+tbxta+ cells). In support of the accuracy of
my preceding computational analyses, I find that all seven DE genes are expressed within the
NMps with distinct spatial patterns of expression (Figure 4.7C).
To assess the results of the trajectory inference, I assume that developmental progression
can be adequately captured by the minimum spanning tree approach taken by Slingshot. Then,
as the neural-fated and mesoderm-fated NMps migrate stereotypically in opposite directions,
I relate the anatomical positions of cells in the tailbud with their expected pseudotime along
the neural and mesodermal differentiation branches, by comparing against the 21ss fate map
produced by Attardi and colleagues (Figure 4.7B). For instance, along the neural branch,
cells along the dorsal PW that are located closer to the caudal neural tube should be assigned
a higher pseudotime value than cells that are located more ventrally (Figure 4.7A left).
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Therefore, I expect the expression of N group genes to be higher for cells located more
dorsally. The converse applies for the M groups genes along the mesodermal differentiation
branch. (Figure 4.7A right).
I then examined the expression of the N group gene (cdh6) and M group genes (hes6,
tagln3b, sp5l and znf703) within the NMps and in the tailbud cells. cdh6, an N group gene,
displays nuclear expression only in the dorsal-most NMps, which increases in expression
as NMps migrate into the developing caudal neural tube (Figure 4.7C cdh6 row). This is
consistent with the predicted neural trajectory, although I am unable to conclude whether cdh6
eventually declines as the neural progenitors differentiate. An opposite pattern is observed
in the M group gene, hes6, which increases in expression level as NMps migrate ventrally
and laterally to differentiate into the posterior PSM (Figure 4.7C hes6 row). Comparing this
pattern with the predicted trajectory, I notice that the inferred trajectory is slightly inaccurate
as it describes an approximately constant level of hes6 expression along the mesodermal
branch, whereas it should increase according to my HCR data. For both genes, I also noted
cytoplasmic expression levels in regions where nuclear expression is low, suggesting that
these cells are en route to exhausting their protein expression (Figure 4.7D). Therefore,
in general, the predicted trajectories for cdh6 and hes6 are consistent with the expression
patterns observed in the HCR stains.
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Figure 4.5: Critical index and transcriptional noise in the NMp population and its descendents. A) Distribution of the critical transition index Ic [212] calculated using marker genes
of each cluster along the mesodermal (left) and neural (right) branches. A bootstrapping
procedure was applied in calculating Ic to account for the differences in cell number between
cell clusters. B) Distribution of pairwise cell-to-cell distances / transcriptional noise [211]
along the neural (left) and mesodermal (right) branches. For all boxplots, the lower and
upper hinges correspond to the first and third quartiles. In addition, the upper whisker
extends from the hinge to the largest value no further than 1.5 times the interquartile range.
Outlier samples are colored in red. Wilcoxon-Mann-Whitney unpaired two-sample test ****:
p-value < 0.0001; * p-value < 0.01; ns = not significant.
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Figure 4.6: Predicted gene expression trajectories along pseudotime. A) Principal curves
for the neural and mesodermal lineages in UMAP coordinates, starting from the NMp cluster.
B) Predicted trajectories for sox2 and tbxta. C) Three NM group genes. D) Six M group
genes. E) Three N group genes.
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Figure 4.7: HCR validation of the expression of NMp cluster enriched genes. A) Expectations for the expression patterns of N group and M group genes under the pseudotime
assumption. Dotted arrows indicate the direction of increasing pseudotime along the neural
differentiation branch (left) and mesodermal branch (middle). B) Fate map of the zebrafish
tailbud at 21ss, obtained by retrospectively mapping cell fates at the end of a light-sheet
movie back to their positions at 21ss (Image reproduced with permission from [11]). C)
Each row consists of a series of images of the same tailbud stained for tbxta, sox2 and a
selected NMp cluster gene. For instance, in the first row, znf703 was stained together with
tbxta and sox2. The “Znf703 Tailbud” image depicts the expression of znf703 across the
entire image, where each point corresponds to a DAPI nucleus and is colored according to
its znf703 expression. The “Znf703 NMps” image depicts sox2+tbxta+znf703+ NMp nuclei
that were segmented and colored based on the expression of znf703. Dashed lines emphasise
the regions discussed in the text. All scalebars are 20 µm, unless otherwise stated. DAPI is in
grey. D) Medial 2D slices of cdh6 and hes6 highlighting nuclear (Orange) and cytoplasmic
(Blue) expression. For each gene, the right image is a magnified version of the circled region
in the left image. In the magnified cdh6 image, the dashed line indicates cytoplasmic cdh6
expression in the more ventrally localised cells that do not express nuclear cdh6. Nt: Neural
tube; No: Notochord; S: Somite.

Turning to the expression patterns for tagln3b, sp5l and znf703, my data suggest that the
predicted trajectories are unlikely to recapitulate the actual trajectories undertaken. Whilst
tagln3b expression increases ventrally and is lowly expressed in the dorsal PW, its expression
level increases as cells migrate towards the anterior-dorsal neural tube (Figure 4.7C, tagln3b
row dashed lines). Thus, along the neural branch, the decline in tagln3b expression over
time should be followed by a delayed increase in tagln3b expression. znf703 is similarly
expressed in both the neural and mesodermal domains (Figure 4.7C, znf703 row), which
contrasts with the predicted decline in znf703 expression levels along pseudotime on the
neural differentiation branch. Finally, sp5l nuclear expression increases as NMps migrate
dorsally and decreases as NMps migrate ventrally (Figure 4.7C, sp5l row). This contradicts
the trajectory predictions along pseudotime, suggesting that sp5l is misclassified into the M
group and should have been classed as an N group gene instead.
A key assumption in the above analysis is that the expression domains from 18ss onwards
do not change significantly at a coarse-grained level. With this assumption in place, I can
infer that NMps eventually adopt the gene expression states of cells in the regions that they
migrate into. To verify this assumption, I stained for cdh6, hes6, tagln3b, sp5l and znf703
in zebrafish tailbuds at 24ss and 28ss (Figure 4.8A). Apart from sp5l, I observe that all
four other genes have stable spatial expression patterns over time when comparing between
regions. For example, tagln3b is expressed in the dorsal neural tube and maturation zone
at all stages. hes6 is expressed in the PSM and maturation zone throughout. However, for
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sp5l, it appears that nuclear expression in the maturation zone increases from 18ss to 28ss
(Figure 4.8A sp5l row and Figure 4.8B). Therefore, I cannot conclude that sp5l has been
misclassified as an M group gene - if a cell migrates into the PSM, it would most likely
increase the expression of sp5l. Therefore, I reserve my judgement about the quality of the
trajectory prediction for sp5l.
As discussed, at a coarse-grained resolution, the spatial patterns of gene expression
for most genes appear relatively stable across the three stages. However, at a fine-grained,
single-cell resolution, I observed significant heterogeneities in the expression intensities in
the tailbud within the 24ss stage (Figure 4.9). For instance, the number of cells that express
cdh6 and tagln3b in the dorsal PW differ between samples. In addition, the quantitative
levels of znf703 and sp5l expression in the tailbud are also heterogeneous.
In conclusion, I have identified a list of NMp cluster enriched genes and validated
the expression of a subset of these genes in the NMp population experimentally. My
observation that all seven selected genes are co-expressed in NMps supports the accuracy
of my computational analyses. In addition, I showed that whilst the predicted trajectories
may recapitulate the actual trajectories of cdh6 and hes6, the quality of the predicted sp5l
trajectory is unclear. Importantly, the predicted trajectories are inaccurate in the case of
tagln3b and znf703. At 24ss, there is also significant gene expression heterogeneity in these
NMp cluster enriched genes. Finally, I observed that NMps at 18ss are undergoing a critical
transition with significant levels of stochasticity at the transcriptional level.

4.3
4.3.1

Discussion
Possible relationship between NMps and the trunk neural crest

One of the main findings of the chapter is the identification of a list of NMp cluster enriched
genes, many of which are relatively understudied and ripe for further exploratory work. These
genes could be the starting point for the reconstruction of a zebrafish NMp gene regulatory
network. To verify the accuracy of my computational analyses, I have selected a small subset
of these genes for experimental validation and found that they are all expressed in the NMps.
A summary of these genes is presented in Appendix B.
An unexpected finding from this chapter is that a significant number of DE genes from the
NMp cluster are involved in neural crest development. Recent work on multipotent zebrafish
neural crest cells suggests that at least a portion of the neural biased trunk neural crest
(NC) progenitors arise from early neural biased zebrafish NMps at 5-6ss [185]. A similar
conclusion was reached in multiple studies of in vitro human pluripotent stem cell-derived
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axial progenitors, which demonstrate that the generation of trunk NCs involves an obligatory
NMp intermediate [81, 114]. I identified sp5l, cdh6, znf703 and foxD3 as DE genes of the
NMp cluster; all of which have important roles in neural crest specification (Appendix B). In
addition, many DE genes identified from the NMp cluster are involved in signalling pathways
(FGF, Wnt, BMP) and the synergistic action of these pathways play a critical role in neural
crest differentiation [258]. I will follow up on the connection between NMps and trunk
neural crest cells in Section 6.2.10.

4.3.2

Limits in the interpretation of dynamics from snapshot data

Although the identification of the NMp cluster enriched genes at 18ss is useful, I have only
analysed a high-dimensional static snapshot of the tailbud at a single developmental timepoint.
This means that I do not know when (dynamics) and where (location) the NMp decisionmaking process is occurring. As a first attempt to address the dynamics of gene expression, I
ordered cells along pseudotime and fitted a smooth curve onto the expression data. I found
that except for cdh6 and hes6, tagln3b, sp5l and znf703 show a more complicated spatial
pattern of expression that is not captured in the inferred trajectories. Even for the cases of cdh6
and hes6 where the inferred trajectories are consistent with the HCR stains, the interpretation
that gene expression changes monotonically over time assumes the absence of significant
stochastic fluctuations and oscillations, which is a maximum parsimony assumption implicit
in pseudotemporal ordering methods. In this sense, the problem of trajectory reconstruction
is underdetermined by the snapshot expression data [286].
Careful reconstruction of dynamics from snapshot data performed by Weinreb and
colleagues make explicitly stringent assumptions, where they assume that the population is
in steady state, that cell state transitions are Markovian and that oscillations are absent [321].
My analyses show that these assumptions are unlikely to hold for the NMp population. I
observed that the NMp population has a higher critical index and transcriptional noise relative
to all other descendent populations, suggesting that the population is highly heterogeneous
with non-negligible stochasticity in gene expression (Figure 4.5).
However, this does not mean that some degree of reliable dynamical information cannot
be extracted from scRNA-seq or other snapshot data. A way forward was established by La
Manno and colleagues in their development of RNA velocity, which examines the ratio of
spliced to unspliced mRNAs in single cells, thus conferring the instantaneous directionality
of cell state transitions [168]. This was later generalised to remove the assumptions of a
shared splicing rate by utilising an expectation-minimisation framework to infer gene-specific
parameters, which allows the model to account for stochasticity and transient cell states in
the developmental process [17]. Therefore, future work to explore the role of transient states
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in the dynamics of NMp differentiation would involve a reanalysis of the inDrops dataset
using the scVelo framework.

4.3.3

Consequence of heterogeneity in the analysis of snapshot data

Another consequence of the observation that the NMp population has a high critical index
and transcriptional noise (Figure 4.5) is that snapshot data will not provide a comprehensive
description of the cell’s gene expression state. Revisiting my quantification of NMp number
in the cell population (Section 3.2.2), I discussed the intriguing observation that there is a
wide variability in NMp number from 18ss to 24ss, which is then drastically reduced at 27ss
and 30ss (Figure 3.6H). A likely cause of this variability in cell number is the identifiability
problem: a subset of NMps may transiently express low levels of sox2 or tbxta and go
undetected when they are identified by the instantaneous nuclear co-expression of both genes.
The identifiability problem is a symptom of systems with strong stochastic fluctuations.
Given that most of the NM cluster enriched genes likely display significant fluctuations as
seen from the heterogeneity in expression at 24ss (Figure 4.9), then some cells may have
transiently undetectable levels of expression (Figure 4.10). To account for these ‘missing’
cells, a more accurate description of the gene expression states from snapshot data would
require the integration of gene expression information across neighboring cells and embryos.
Thus, in chapter 5, I will discuss the development of an image alignment pipeline that
averages the gene expression levels of the neighbours of tailbud cells and leverages upon
cellular information from other tailbud samples, to collectively provide a more comprehensive
picture of the NMp gene expression landscape.
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Figure 4.8: Expression of selected genes at 18ss, 24ss and 28ss. A) Each row displays the
expression of a selected gene at 18ss, 24ss and 28ss. For instance, in the first row, the 18ss
image represents each nucleus as a point and colors points based on their expression of cdh6.
Intensities below the identified background threshold are displayed as purple. In the sp5l
row, the dashed lines highlight the increase in sp5l expression in the maturation zone over
time. All scalebars are 20 µm, unless otherwise stated. DAPI is in grey. B) Medial 2D slices
of sp5l highlighting nuclear (Orange) and cytoplasmic (Blue) expression. For each gene, the
right image is a magnified version of the square region in the left image. In the magnified
sp5l image at 18ss, the arrow indicates the dorsal to ventral decrease in nuclear sp5l. In the
magnified sp5l image at 28ss, the dashed circle indicates the increase in nuclear sp5l in the
maturation zone.
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Figure 4.9: Gene expression heterogeneities at 24ss. For each gene, four separately acquired
images of the zebrafish tailbud at 24ss are displayed, with the points colored according to
gene expression intensity. The dashed line in the cdh6 row emphasises the heterogeneity in
cdh6 expression along the dorsal PW.
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Figure 4.10: Limitation of snapshot imaging in analysing dynamic gene expression. Each
colored line corresponds to the expression trajectory of a single cell. Within the analysed
timeframe (18ss to 20ss), the expression levels of the blue and green lines fluctuate around a
constant value. Thus, the mRNA concentration at any time provides a reasonably accurate
representation of the cell’s expression dynamics. The red line exemplifies a cell that expresses
a transiently low (undetectable) level of mRNA in a period between 18ss and 19ss, followed
by a delayed increase in expression. If a snapshot was taken at time t0 , then this cell would
be classified as expressing the mRNA. However, if a snapshot was taken at time t1 , then this
cell would be classified as not expressing the mRNA, since the expression level is below
the instrument detection limit. Hence, for an mRNA with significant stochastic fluctuations,
taking a fixed image of the mRNA levels at various timepoints may yield different conclusions.

Chapter 5
ZebReg
5.1
5.1.1

Introduction
Motivation

In Chapter 4, I have shown that NMps at 18ss display signatures of criticality and increased
transcriptional stochasticity, which is consistent with the transition state model. A consequence of this is that a fixed snapshot imaging approach of individual samples would not
reflect the full range of gene expression states (Section 4.3.3), nor would it yield an accurate
picture of the probable locations of NMps.
A second significant consideration arises from the limitation of the HCR in situ hybridisation technology. Whilst HCR enables the quantification of multiple gene expression at
the single cell level without compromising spatial information, the dimensionality of the
acquired image dataset is still small. This arises due to limitations in traditional confocal
fluorescent microscopy and the state of development of the HCR technology. Confocal
imaging is invariably restricted in the number of distinct channels that can be simultaneously
acquired from a sample due to spectral bleed-through from the overlapping emission spectra
of different fluorophores. In addition, V3 HCR is currently constrained to a maximum of five
hairpins [43]. Even if the confocal microscope used was equipped with a tunable variable
optical bandpass filter or possessed a spectral imaging functionality, the maximum number of
color channels that can be acquired is five (or six, if we include DAPI as a separate channel).

5.1.2

Aims and limitations

With these two points in mind, in this chapter, I develop a customised image registration tool
that simultaneously quantifies the nuclear expression levels of multiple genes and integrates
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spatial and quantitative gene expression information across multiple developing zebrafish
tailbuds. The aim would be to extend the capabilities of the HCR technology and provide a
richer picture of the NMp gene expression states by borrowing gene expression information
from neighbouring cells and multiple embryos to reconstruct the NMp gene expression
landscape.
Thus, I seek to address the following aims:
1. Validate ZebReg’s performance by:
(a) A series of computational feasibility tests.
(b) Qualitative and quantitative comparisons to HCR image data.
2. Apply ZebReg to:
(a) Generate a gene expression composite map of the zebrafish tailbud at 18ss, 24ss
and 28ss by aligning multiple tailbud samples onto a common reference (target)
image.
(b) Construct an NMp probability map which demarcates the most probable spatial
locations of NMps at 18ss, 24ss and 28ss.
In constructing the image registration tool, my aim is not to map the same cells across
multiple embryos. Indeed, stage-matched zebrafish tailbuds, even if optimally registered,
will always differ in their nuclei position and gene expression intensities due to biological
variability such as differences in rates of development, stochasticity in nuclear positioning,
precise developmental stages et cetera. Instead, for each nucleus in the image, the image
registration tool should be able to map it to its most similar cell counterpart in the target
image, based on their proximity to each other and similarity in expression of a reference gene.
This approach involves a trade-off: on one hand, by combining information across images,
the analysis is not entirely dependent on the expression of a single sample, thus partially
alleviating the issue of gene expression heterogeneity (Figure 4.10). On the flip side, the
resulting maps are coarse-grained and gene expression is no longer at the single cell level.
Taken together, the image registration tool should yield a reasonably accurate, coarse-grained
approximation of the NMp gene expression states at various anatomical locations.
Collaboration note: Dillan Saunders and I jointly conceived and designed ZebReg. I
performed all the validation, analytical and application studies presented below.

5.1 Introduction

5.1.3
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Image registration tools in developmental biology

Image registration involves finding the best geometric transformation that maps different
sets of images into a single coordinate system [317]. This process involves the alignment of
the positions of features, as well as the projection of gene expression intensities, from input
images onto a target or consensus image.
In developmental biology, image registration has been used to build gene expression
atlases across different model organisms [9, 78, 182]. Image registration tools that construct
gene expression atlases for zebrafish have been focused mainly on the larval stage to study
brain neurobiology, given the convenient optical properties of the zebrafish larvae for imaging
[164, 194, 245, 250]. However, registration tools built for the study of zebrafish embryonic
development are rare. A gene expression atlas was constructed for the early embryonic shield
stage [32] and another registers reporter gene activities of embryos at prim-20 and long-pec
stages [86]. To the best of my knowledge, there is no existing image registration tool built
for the purpose of aligning zebrafish embryos at segmentation stages (10.33 hpf to 24 hpf),
and certainly none exist for the quantification of gene expression intensities in the zebrafish
tailbud. Therefore, I turned to registration tools in other model organisms and assessed the
feasibility of applying these tools directly into my work, cognisant that many tools are highly
specific to the model system under study, imaging modality and biological questions posed
[303].
Landmark-based image registration relies on the presence of distinct anatomical or gene
expression landmarks to drive the alignment of multiple images [107]. For instance, to
generate 3D atlases of Drosophila brains, Hanchuan and colleagues trained an automated
landmark matching algorithm that involved the manual labelling of 172 landmarks in brains
labelled with neuropil staining [236]. McDole and colleagues manually identified 250-450
landmarks per embryo for the spatiotemporal registration of mouse embryos [204]. Unlike
the larval brain or a developing mouse embryo, the zebrafish tailbud consists of a mass
of undifferentiated cells [334] and is therefore a comparatively landmark-poor anatomical
structure. Thus, this casts doubt on the feasibility of a landmark-based detection approach
for the purpose of my study.
Image registration methods can also be distinguished by whether the algorithm uses
geometric features such as points, lines and surfaces extracted from the image for alignment, or if the registration transformation operates by optimising some measure obtained
directly from the image voxel values [116]. Fowlkes and colleagues aligned hundreds of
Drosophila blastoderm stage embryos onto a single VirtualEmbryo via the spatial registration
of PointClouds, where each PointCloud consists of the 3D position of the blastoderm nuclei
and the associated average fluorescence intensities of two genes [78]. After conversion
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into this data format, spatial registration was performed by warping PointClouds iteratively
onto a reference morphological template, using the ftz or eve gene expression domains as
markers for alignment. Finally, the expression intensities for each gene were projected onto
the morphological template by averaging the normalised expression intensities of multiple
mapped embryos. A significant advantage of the PointCloud representation of the nuclei
is the gain in computational tractability without losing critical information on nuclear gene
expression [184]. Given that in my study, I am primarily interested in a readout of the
NMp’s instantaneous gene expression state, a PointCloud representation of the tailbud nuclei
carrying information about the segmented nuclei’s position and gene expression intensities
would be sufficient for my purpose. In their study, Fowlkes and colleagues also extracted the
fluorescence intensities in the cytoplasm by examining the autofluorescence within sample
images and expanding the nuclear segmentation masks by tessellation. I surmise that the
regular and tight arrangement of cells within the blastoderm epithelia makes the system particularly amenable for the Voronoi tessellation-based segmentation of cells. In the zebrafish
tailbud, a significant proportion of cells appear to possess membrane protrusions and blebs,
appearing highly irregular as they undergo the process of EMT [100]. Therefore, inferring
cytoplasmic mRNA concentrations based on nuclear stains alone would incur significant
inaccuracies, and the task would require a membrane label such as fluorophore-conjugated
phalloidin followed by extensive 3D segmentation.
An example where the registration uses a voxel similarity measure was employed by
Tomer and colleagues to shed light on the evolutionary origins of the vertebrate pallium [293].
In their work, they aligned in situ hybridisation images of the mushroom bodies of an annelid
by utilising the bf-1 axonal scaffold channel that is common across all images. Specifically,
they maximised the mutual information of the channel between the source and target images
[311]. Given the stereotypic and reproducible localisation of bf-1 expression across different
embryos in the telencephalon [288], they were able to successfully reconstruct the Platynereis
brain. In my study of the zebrafish tailbud, the caudal neural tube and notochord express
sox2 and tbxta respectively (Figure 3.6C). Thus, this motivates an approach that leverages
the information inherent in at least one of these imaging color channels.

5.2 Results

5.2
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Results

5.2.1

ZebReg: a point-based rigid-body registration tool for zebrafish
tailbuds

Overview
With these studies in mind, we developed ZebReg. ZebReg is a 3D, non-landmark-based
image registration Python tool which we developed to integrate cellular position and nuclear
gene-expression information from confocal images of zebrafish tailbuds. Leveraging upon
the open-source open3D library [342], ZebReg implements a set of rigid body, point-based
registration algorithms that are popular in the field of geometric registration to align a 3D
point cloud (source cloud) into a reference point cloud (target cloud).
Briefly, ZebReg performs the alignment by first identifying the centroid of segmented
nuclei and converting each image into a cloud of points (point cloud). Then, given a set of
point cloud images (source clouds) and a reference point cloud (target cloud), ZebReg finds
the best linear transformation (no shearing, stretching or other deformations) between each
source cloud and the target cloud. Additionally, if color intensities of the source clouds are
provided, ZebReg can map them onto the target cloud to generate a composite image. In
the thesis, I will focus only on two application cases of ZebReg (Figure 5.1A and 5.1B),
although ZebReg has also been used to verify the locations of laser ablations (Figure 5.1C,
Unpublished).
Pipeline
I now discuss the four stages of the ZebReg pipeline (Figure 5.2).
1. Data Acquisition
At present, I have tested ZebReg on zebrafish tailbuds ranging from 18ss to 30ss. Zebrafish tailbuds were stained with HCR and counterstained with DAPI, which label the
mRNA and nuclei respectively. Tailbuds were imaged by confocal fluorescence microscopy
under a 40x objective.
2. Data Preprocessing
The confocal images were preprocessed in Imaris in three stages. First, nuclear surfaces
were constructed on DAPI across the entire image. As images with different fields of view
would compromise the quality of image alignment, in the next step, the nuclear surfaces
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Figure 5.1: Application examples for ZebReg. A) Impute the expression of multiple genes
onto a single composite image. In the example shown, we seek to impute the levels of tbxta,
cdh6, hes6, tcf, depdc7a and wnt8a in a target image that is stained only for sox2. sox2 is the
common color channel used for alignment. B) Construct an NMp probability map through
the alignment of multiple tailbuds onto a single target image. For a target point, its NMp
probability is proportional to the number of times NMps from different source images map
onto it. C) Verify the location of disparate ablations by mapping these laser-ablated embryos
onto a HCR-stained target image. Grey points correspond to the target image; Colored
points correspond to aligned source images with ablation in the dorsal PW (Blue), neural
tube (Orange) and PSM (Green). Image was shared with permission from Dillan Saunders.
were filtered to retain only the image volume of interest. In my analyses, as the focus is on
the NMps and their derivatives, I selected all nuclei posterior to the tip of the developing
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notochord for all the images analysed. As the tip of the notochord is a readily identifiable
morphological landmark, this selection is a practically convenient choice and helps ensure
consistency of the cropped images. Finally, the 3D centroid coordinates and average gene
expression intensities within these surfaces were exported.
3. Alignment by ZebReg
ZebReg requires, at minimum, the centroid coordinates of the DAPI surfaces. This will
act as the position coordinates for the point cloud. As my images of interest have multiple
color channels, all point clouds that I construct also store the intensity values of these color
channels.
After selecting a target point cloud, the source clouds are aligned onto the target cloud
using the Iterative Closest Point (ICP) or colored ICP (cICP) algorithm. If a single source
cloud is considered, the registration can be performed via the RegistrationObj class. Instead, if multiple source clouds are considered, the IterativeRegistration class, which inherits
from the parent RegistrationObj class, should be called. After the image registration, the
in-built registration metrics as well as other relevant metrics can be called with the obtain_registration_metrics method.
ZebReg also enables imputation of gene expression intensities by mapping the source
intensities to the target cloud during the spatial alignment step. From the perspective of a
target point, there are three possible sets of outcomes of the image registration procedure.
i First, the mapping may be unique, in which case the target point simply adopts the
intensity value of the corresponding source point.
ii In cases where there is not a single source point corresponding to the target point,
ZebReg provides the user with several options to resolve the discrepancy. If multiple
source points map to the same target point, the target point adopts either the mean or
median of these source intensity values (default: ‘median’). In other words, the target
point takes on the median intensity value of the closest source points.
iii Alternatively, if there is no source point that corresponds to the target point, ZebReg
provides three options to impute the gene expression intensity of this target point: ‘null’,
‘complete’ or ‘knn’ (default : ‘knn’). ‘null’ sets the intensity of the target point to 0,
whilst ‘complete’ can be used if the target point cloud already has an intensity channel
for that gene, in which case the point simply retains the original target intensity value.
In the default ‘knn’ case, regression is performed based on the k-nearest neighbors of
the point (default : n = 5) as implemented in the sklearn package. In short, the target
point takes on the mean intensity value of the closest target points.
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In cases ii) and iii), ZebReg imputes the expression intensities of the target points by
borrowing information from multiple neighboring source or target points.
4. Result Analyses

Following the mapping, one can visualise the colored points within Jupyter Notebook
with the visualise_pcd method or export the image stack in a .tif extension using the pcd_to_tif
function. Both functions can be found in the utils.py script.

Figure 5.2: ZebReg image registration pipeline.

Point set registration algorithms
To conduct the image alignment, ZebReg employs the following point set registration
algorithms:
i Random Sample Consensus (RANSAC)
The RANSAC algorithm is a non-deterministic global alignment algorithm that is used
in ZebReg to provide the initial coarse alignment for the ICP and cICP local algorithms
[76].
ii Iterative Closest Point (ICP)
In the vanilla ICP algorithm, the algorithm repeatedly updates the transformation
required to map the source to target cloud by minimizing the distance between points
[18, 333]. In ZebReg, we use the point-to-plane ICP variant due to its increased speed
of convergence [252].
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iii Colored Iterative Closest Point (cICP)
For images with a color channel in common, it is advantageous to consider their color
on top of geometry during point set registration. In these cases, ZebReg uses cICP, a
modified version of ICP implemented in open3D, which optimises a joint geometric
and photometric objective [231].
In summary, ZebReg carries out all alignments by first performing a coarse global
alignment with RANSAC, followed by either a finer alignment with ICP (if no color channel
is supplied) or cICP (if a common color channel is present in the source and target image).

5.2.2

Computational validation

Image alignment with ZebReg reduces the color intensity residuals between point clouds
Currently, to assess the outcome of the image registration, open3D provides two useful
metrics:
i Fitness
The fitness is defined as the ratio of the number of mapped source points (inlier points)
to the number of source points. The higher the value, the greater the number of mapped
source points. The maximum fitness value is 1.
ii Inlier root mean square error (Inlier RMSE)
The Inlier RMSE calculates the RMSE for the Euclidean distances between the inlier
source points and their corresponding target points. Classification of points as inliers
or outliers is performed during the initial RANSAC registration step.
Whilst the open3D in-built fitness and inlier RMSE metrics are useful in assessing the
alignment of points by geometry, they do not indicate whether each pair of mapped points is
also similar in their color intensities. The color dimension is critical to evaluate ZebReg’s
performance- if ZebReg is successful in aligning a colored source cloud to a colored target
cloud, then we would expect the color intensity differences between the point clouds, on
top of their Euclidean distances, to be minimised. This motivated me to construct a third
metric that can quantify the average difference in normalised signal intensities between the
shared color channel of the image pair after image registration is performed. To this end, the
mean absolute error (MAE), instead of the RMSE, was my metric of choice. As individual
errors contribute linearly and not quadratically to the MAE, the MAE provides increased
interpretability of the average error over the RMSE [328] and is also insensitive to outliers in
the data.
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For two HCR images with at least a color channel in common, ZebReg can perform
image alignment by considering both geometry and color using the cICP algorithm. Using
the MAE, I asked whether the ZebReg cICP registration reduces the color intensity residuals
between the source and target colored point clouds. By using the MAE as the test statistic in
a permutation test (Figure 5.3A), I observed that the empirical cICP MAE score obtained
from registering my source and target point clouds is 14.81 which lies outside of the 95% CI
(16.00, 16.85) of the null distribution. Therefore, there is sufficient evidence to support the
claim that cICP reduces the color intensity residuals between point clouds.
ZebReg recovers the exact correspondence map between an image and its linearly
transformed duplicate
Next, I reasoned that at bare minimum, for a registration algorithm to have any potential
at all at registering separately acquired tailbud images, it must successfully recover the
correspondence map between an image and its near-duplicate. Thus, analogous to a positive
control experiment, I created a near-duplicate that differs from its original merely by rotation
and translation operations (Fig 5.3B top-left) and demanded that the correspondence is
bijective.
I performed the image alignment using 3 algorithms that are implemented in open3D:
RANSAC, ICP and cICP. Given that RANSAC only provides a rough alignment between
point clouds, I expect it to perform the worst.
After image alignment, a maximal fitness of 1.0 with one-to-one correspondence between
every source and target point was obtained for ICP and cICP, whilst the RANSAC algorithm
performed suboptimally with a fitness of 0.78. In addition, the MAE score for RANSAC was
0.11, whilst a score of 0.0 was obtained for both ICP and cICP. Furthermore, by visualising
the registration result, I observed that the rotated target image had indeed been successfully
registered onto its counterpart with the ICP or cICP algorithms but not when RANSAC was
applied (Figure 5.3B). These results suggest that the points were mapped perfectly with both
ICP and cICP but relatively poorly with RANSAC. Therefore, I conclude that ICP and cICP,
in conjunction with RANSAC as an initializer, can perform point set registration of zebrafish
tailbuds.
ZebReg performs best when aligning different tailbuds of the same developmental stage
To assess the performance of the registration pipeline more stringently, I sought to compare
the cICP’s performance across different datasets. The datasets (Figure 5.4A) I have chosen
for comparison are:
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Figure 5.3: Preliminary computational validation of ZebReg. A) Comparison of the cICP
MAE score against the corresponding null distribution. B) Alignment of a source and target
point cloud by different algorithms. In this trivial example, the source cloud is a linearly
transformed version of the target cloud.
i Images of two separate zebrafish tailbuds at 18ss. I called this pair of images Test
sample. Test sample exemplifies the performance of the algorithm on an actual use
case in practice.
ii Images of two lateral halves of a single 18ss tailbud image. I called this pair of images
Lateral halves. Since the point clouds do not overlap, any correspondence between
the points in Lateral halves are spurious. However, given that the lateral halves of the
embryo are quite symmetrical, I expect this to score relatively well as many points
may coincide in space by chance.
iii Images of the anterior and posterior ends of a single 18ss tailbud image. I called this
pair of images AP. Like Lateral halves, any correspondence found between points in
AP are spurious. Relative to Lateral halves, the positions of points differ more between
the anterior and posterior ends of the tailbud.
Given the nature of the datasets, ZebReg should ideally indicate, consistently across all
three metrics, that the Test sample registration outperforms the Lateral halves registration,
which in turn outperforms the AP registration. From Figure 5.4B, I observe that this relation
between the datasets holds true.
Despite this, it is still premature to make a conclusion about ZebReg’s overall performance.
There is no ground truth to compare the quality of the alignments against, and hence I do not
know what range of values a well-optimised metric would possess. To have a better grasp of
ZebReg’s performance, I benchmarked the registration results of these three datasets onto
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a noise calibration curve, which I obtained from registering noise-shifted versions of the
source cloud onto its original copy. Conceptually, each noise-shifted point cloud is an in
silico analogue of a tailbud that differs from its idealised, identical twin in nuclei position by
a prespecified level of noise (Section 2.2.8).
With increasing noise standard deviation (sd), I expect the performance of the algorithm
to degrade along all metrics. From Figure 5.4C, I observe that the fitness calibration curve
displays a decreasing trend, while the RMSE and MAE curves display an increasing trend.
This is consistent with the expected degradation of all three metrics with increasing sd.
Examining the fitness calibration curve (Figure 5.4C left), I observe that registering the
image pair in the Test sample dataset is akin to registering an image onto its associated noisecorrupted copy with a noise sd of 3.1. Aided by the visual representation of these latter pair
of points, I observe that at sd = 3, both point clouds retain a tight geometrical correspondence
(Figure 5.4D left). The same result is obtained when examining the scaled RMSE calibration
curve (Figure 5.4C right). From the perspective of the MAE metric however, the MAE value
of 10.1 corresponds to a noise sd of 12.9. Although this is worse than the noise sd inferred
from the fitness metric, I judge that the point clouds still appear reasonably well aligned with
each other at this level of noise (compare Figure 5.4D middle to 5.4D right). Importantly, the
MAE metric performs significantly worse for the Lateral halves and AP datasets (16.8 and
18.7 respectively), suggesting that the MAE reduction in Test sample is significant (Figure
5.4C middle).
ZebReg’s performance on the Test sample, Lateral halves and AP datasets was encouraging. Notably, ZebReg was able to rank Test sample higher than Lateral halves. This was a
surprise given that a priori, it was unclear whether points in Test sample are more similarly
distributed than their counterpart in Lateral halves. I suggest that despite the inevitable
differences in cell positions and gene expression patterns across similarly staged tailbuds
as exemplified in the Test sample dataset, the similarities are still strong enough (at least,
stronger than the Lateral halves and AP dataset) for ZebReg to execute the alignment. The
noise-calibration curves for the fitness and RMSE metrics provided additional support that
the Test sample dataset registration is satisfactory. It is possible that the higher noise sd
estimate obtained from the MAE noise-calibration curve is a result of the heterogeneity of
sox2 expression in the tailbud (Figure 3.5).
In conclusion, I tested ZebReg’s relative performances on the Test sample, Lateral halves
and AP datasets and benchmarked the metrics using the noise calibration curve framework.
This framework provided a useful interpretative lens to appreciate the significance of these
metrics and affirmed the possibility of aligning different zebrafish tailbuds of the same
developmental stage successfully.
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Figure 5.4: Noise calibration curves for the fitness, MAE and inlier RMSE metrics. A)
The Test sample, Lateral halves and AP datasets. B) Performance of the Test sample, Lateral
halves and AP datasets evaluated on the three metrics. For the fitness metric, the higher the
value, the better the performance. For the MAE and inlier RMSE metrics, the lower the value,
the better the performance. C) Calibration curves for the fitness, MAE and inlier RMSE
metrics. The bolded black lines are the calibration curves which correspond to the values
of the metrics when the registered image is subjected to varying levels of noise-corruption.
D) 3D visualisation of the original point cloud, alongside the unaligned and aligned noisecorrupted point clouds at increasing standard deviation of noise.
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Constructing composite maps

I was encouraged by the results of my computational validation experiments and proceeded
with the imputation of 8 genes (sox2, tbxta, tcf, hes6, cdh6, znf703, sp5l, tagln3b) to construct
composite maps at 18ss, 24ss and 28ss.
Procedure
Each collection of HCR experiments stains for sox2 and tbxta alongside one or two additional
genes, and I call each image within the set as belonging to an image group (Table 5.1). There
are a total of five image groups which are called STT, STHC, STSC, STTC and STZC. Using
the IterativeRegistration class, I registered five HCR source images of the same stage, one
from each of the five image groups, onto an arbitrarily chosen target image using sox2 as the
common color channel for cICP alignment (Figure 5.5). As a result, each composite map
combines information across six images (one for the target image and five for the source
images) to generate an eight-dimensional (sox2, tbxta, cdh6, hes6, sp5l, tagln3b, tcf and
znf703) point cloud image.
To evaluate the result of the alignment and imputation, I compared the composite maps
against the experimentally acquired (original) HCR images on several criteria which I discuss
below.
Visual comparison of original and imputed tailbud images
To assess the fidelity of the imputation procedure, I performed a gene-by-gene qualitative
inspection of the spatial expression patterns in the composite maps to the corresponding
patterns observed in the original HCR images. Here, I will discuss the results for the 18ss
composite map only, as similar results are obtained for the composite maps at 24ss and 28ss.
A visual comparison between the imputed and original images demonstrates a striking
degree of resemblance in the expression patterns (Figure 5.6, Section 2.2.9). For instance,
sox2 and cdh6 are expressed strongly in the caudal neural tube and hypochord but not in the
notochord. tbxta is expressed strongly in the notochord progenitor zone and the dorsal PW.
Thus, the overall visual correspondence between the original and imputed gene expression
images is evidence that ZebReg has aligned these images appropriately, at least when assessed
on a qualitative level.
Quantitative comparison of gene expression distributions
On a quantitative level, given ZebReg’s mapping procedure, it is unclear how the averaging
procedure applied during imputation alters the gene expression distribution. To assess this, I
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Image Group

Number of images considered for alignment

1. sox2, tbxta, tcf mRNA (STT)

18ss: 3
24ss: 2
28ss: 4
18ss: 3
24ss: 6
28ss: 5
18ss: 4
24ss: 3
28ss: 5
18ss: 3
24ss: 5
28ss: 6
18ss: 4
24ss: 4
28ss: 4

2. sox2, tbxta, hes6, cdh6 (STHC)

3. sox2, tbxta, sp5l, cdh6 (STSC)

4. sox2, tbxta, tagln3b, cdh6 (STTC)

5. sox2, tbxta, znf703, cdh6 (STZC)

Table 5.1: Summary of HCR Image groups. Each image group represents a collection of
identical HCR experiments that stain for the genes described. The number of source images
considered for the construction of the composite maps at each stage are shown in the right
column, although ultimately only 1 image from each image group was used to construct the
composite map at each stage. Note that 2 target images for the 18ss and 24ss maps (bolded)
were chosen from the STSC image group, whilst the target image at 28ss (bolded) was chosen
from the STZC image group.
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Figure 5.5: Construction of the composite map. The target image is shown in the middle,
with its sox2 expression in cyan. The gene(s) selected for imputation from each image group
is indicated.
constructed Q-Q plots for the original and imputed distributions of 12 genes at 18ss. For the
purposes of the comparison of Q-Q plots, I also analysed the expression of four additional
genes (wnt8a, thbs2, id3 and depdc7a) that were not used in constructing the composite maps
(Figure 5.7). As the imputation procedure is identical for the composite maps at 24ss and
28ss, the Q-Q plots at these later stages are not shown. I observed that for all the Q-Q plots,
most of the points lie approximately along the y=x line. Points with significant deviation
from the line correspond to values with extreme percentile scores. Therefore, the averaging
procedure reduces the variance of the original distribution, affecting the expression values at
the tails more significantly. It does not have a significant impact on the distribution otherwise.
From these qualitative and quantitative comparisons, I conclude that imputation largely
preserves the original gene expression patterns and distributions.
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Figure 5.6: Comparison of expression domains in the imputed and original images. The
left column shows the 2D projections of the imputed genes in the composite map. The right
column shows the corresponding expression from the original HCR data.
Spatial positions of the in silico NMps
To successfully impute a high-dimensional, spatially resolved gene expression map for the
NMps, ZebReg would need to fulfill two additional criteria: first, it should correctly infer
the approximate locations of NMps in the tailbud. Second, it should preserve the average
quantitative relationships between genes to enable the accurate comparison of multiple genes
within an NMp cell.
I identified a quantile threshold for the expression levels of imputed genes that results in
the number of in silico sox2+tbxta+ cells closely matching the median number of NMps at the
corresponding stage (Section 2.2.10). Since the segmentation of NMps in the HCR images
included all sox2+tbxta+ cells in the tailbud, removing only the sox2+tbxta+ hypochord
population due to their endodermal origin (Section 3.2.2), I expect the number of in silico
sox2+tbxta+ cells to match the average number of segmented NMps. Next, I compared the
locations of the in silico sox2+tbxta+ cells against the locations of NMps segmented from
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Figure 5.7: Q-Q plots of the imputed and original gene expression distributions at 18ss.
our HCR images. Given that in vivo NMps are spatially heterogeneous, there was no single,
definite description of the in vivo NMp domain that I can use to compare the locations of
these sox2+tbxta+ cells against. Instead, I was content that for each of the three composite
maps, NMps reside predominantly in their known anatomical locations (PW, maturation
zone, CNH) and not in others (compare Figure 5.8A and 5.8B).
However, some of the sox2+tbxta+ cells in the composite map fall outside of the regions
where NMps reside (Figure 5.8B). These cells can be split into two groups. The first group
consists of aberrant cells that have most likely arisen from technical errors in either ZebReg’s
alignment or its mapping procedure. I observed this first group of cells in the 18ss composite
map only, which contains 17/146 (11%) of the sox2+tbxta+ cells. As seen from the low NM
index, these cells are mesoderm-biased and appear to flank the floor plate and the hypochord.
From these observations, I suggest that they have been mistakenly assigned above-background
levels of sox2 due to their proximity to these two sox2-expressing structures. The second
group corresponds to the hypochord cells. They form the bulk of cells that were identified as
non-NMps and constitute 47/146 (32%), 43/203 (21%) and 29/56 (52%) of the total number
of sox2+tbxta+ cells in the 18ss, 24ss and 28ss composite maps, respectively. Therefore,
staying consistent with the definition of NMps, I removed these two groups of cells from the
composite maps, finally resulting in 78, 183 and 27 in silico NMps at 18ss, 24ss and 28ss
respectively (Figure 5.8C).
When I visualised the expression of sox2 and tbxta in the in silico NMps, I note that their
expression levels are broadly consistent with the expression seen in the HCR images (Figure
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5.9). For instance, at 18ss, I notice that sox2 is more highly expressed in the dorsal PW
whilst tbxta expression increases more ventrally. At 24ss, tbxta expression is higher within
the CNH where the midline progenitors reside. When I colored the point cloud by the NM
index, I notice a strong similarity between the values of the NM index and the corresponding
sox2 and tbxta levels. This is a consequence of the way in which the NM index was designed,
which will be discussed in detail in Section 6.2.1.
In conclusion, given that the locations of the in silico NMps are consistent with the
selected stage matched NMp domains and that most of the non-NMps reside in the hypochord
region, I conclude that ZebReg has been successful in recovering the approximate spatial
dimension of NMps in its imputed composite maps.

102

ZebReg

Figure 5.8: ZebReg recovers the spatial positions of zebrafish NMps. A) HCR images of
tailbuds stained for sox2 and tbxta with segmented NMp nuclei represented as cyan surfaces.
Note that these HCR images are not the same images that were selected for the imputation
of sox2 and tbxta in the composite map shown in B). B) Point cloud representation of the
tailbud from 18ss, 24ss and 28ss, with the locations of sox2+tbxta+ nuclei colored in cyan.
Dashed blue circle highlights aberrant cells that most likely arise from registration error.
Dashed red circle highlights hypochord cells. C) Point cloud representation of the tailbud,
with the locations of in silico NMps colored in cyan. For both panels B) and C), the number
of identified NMp nuclei is shown in cyan at the bottom right-hand corner of the image.
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Figure 5.9: Comparing the gene expression levels between in silico and in vivo NMps.
A) Expression of (i) sox2 and (ii) tbxta in segmented NMp surfaces from the original HCR
images. (iii) Same image as (i) and (ii) but showing only sox2 and tbxta signal within the
NMp nuclei. B) Coloring in silico NMps in the composite maps by (i) sox2 expression (ii)
tbxta expression (iii) NM index. The NM index indicates the extent of neural and mesodermal
bias in each cell and will be discussed in Section 6.2.1.

Pairwise correlations between genes
Next, I assessed the extent to which ZebReg maintains the quantitative relationships between
genes in the NMps by examining the pairwise linear correlations of imputed genes. With the
same set of 8 genes used to construct the composite map for each developmental stage, a

total of 82 =28 distinct gene pairs can be formed for each stage. I computed the correlation
value of each gene pair from the composite map (imputed correlation), and then grouped
the imputed correlations by stage and visualised them as lower triangular heatmaps (Figure
5.10C). Given the way in which the five HCR image groups were set up, I was able to
compute the correlation values of 17 out of 28 of these gene pairs (original correlations)
from my HCR images. Thus, I compared the original and imputed correlations of these 17
gene pairs (Figure 5.10A). As a measure of how close the original and imputed correlations
are to each other, I assessed whether the imputed correlations lie within the range of the
original correlations and find that this is true for most correlation pairs (28/36). To make this
more concrete, I computed the minimum difference between the imputed correlation and the
associated original correlations (Figure 5.10B). Across the 17 gene pairs in all three stages,
the minimum differences between the original and imputed correlation values lie within the
range of -0.27 to 0.18. Additionally, I note the absence of positive or negative biases in these
differences, nor is there any apparent relationship between the stages and the magnitude of
the differences. The absence of systematic errors suggests that the registration quality is
reasonably consistent across the three stages.
In conclusion, I have shown that the composite maps retain the qualitative and quantitative
information present in the original HCR images, whilst incorporating the local neighborhood
information to reduce the heterogeneity between cells. Thus, these composite maps are
suitable for downstream analyses, which I perform in detail in chapter 6.

5.2.4

Constructing NMp probability maps

On top of gene expression heterogeneity, another feature of the NMp population is the
variability in their spatial locations. My HCR images show that NMps do not have a fixed
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spatial position in the tailbud (Figure 3.5). Due to the spatial variability, the NMp region
demarcated in a single image is not necessarily representative of the NMp region at that
developmental stage. By examining all the images across each developmental stage, I note
that NMps are more likely to reside in certain regions than others (Figure 3.5). Therefore,
I leveraged upon ZebReg’s alignment capabilities to construct probability maps of NMps
at each stage (Section 2.2.13). Each composite map distills information across multiple
HCR images to provide an integrative view of the spatial locations of NMps at that stage.
Following the construction of the probability maps, it is now evident that NMps are most
probably found along the dorsal to medial PW at 18ss (Figure 5.11A). At 24ss and 28ss,
NMps appear to be more spatially heterogeneous, and are also more likely to be present in
the maturation zone and the CNH (Figure 5.11B and C).
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Figure 5.10: Pairwise correlations between genes. A) 17 boxplots showing the distributions
of the pairwise correlations between genes obtained from the segmentation of NMps in HCR
images. Red points indicate the correlations in the composite maps. B) Minimum difference
plot. First, I computed the differences between the correlations obtained from the HCR
images and the correlation from the composite map, and then take the minimum value of the
differences (depicted in the inset). C) Lower triangular heatmaps depicting the correlations
between genes in the in silico NMps in the composite maps at 18ss, 24ss and 28ss.

5.3

Discussion

Constructing composite maps
The purpose of constructing the composite maps was to obtain a more comprehensive view
of the cellular gene expression states within the tailbud. This was achieved in two ways. First,
with the composite maps, I can analyse the expression states of eight genes simultaneously,
and this was not possible initially when relying on the HCR technology alone. Second,
unmapped target points acquire the average expression levels of their neighboring cells
whilst multiply mapped target points acquire the median expression levels of the mapped
source intensities (Section 5.2.1). This averaging step creates a dependency between a point’s
expression level and its nearest neighbors. Assuming that there is a degree of positive spatial
autocorrelation in the gene expression intensities, points with transiently undetectable levels
of expression would be conferred a reasonably accurate non-zero expression value (Figure
4.3.3, Figure 5.12). Consequently, the imputation procedure could help to recover these
otherwise ‘missing’ cells from my analysis.
There are two additional technical points to discuss. First, prior to the imputation, I
considered averaging the expression intensities of each gene across multiple source images.
Ultimately, I omitted this step in the analysis as this would most probably alter the gene
expression distribution significantly and mask the variability present in the original source
distribution. This could certainly be attempted in future work to incorporate the gene
expression information across multiple source images, although a judicious choice of source
and target images is likely necessary to minimise the influence of poorly aligned images.
Another point of note relates to the selection of the source and target images. In the
construction of the composite map, there were multiple choices of source and target images to
select from, and as cdh6, sox2 and tbxta were imaged across multiple image groups, different
source images could be selected for the imputation of these genes. In my analysis, I selected
the final set of source and target images by assessing the quality of the cICP registration
metrics and the results of the qualitative and quantitative assessments, and then adjusting
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the choice of images and imputed genes accordingly. This manual iterative process was
time-consuming but necessary to ensure that the resultant composite map accurately reflects
the quantitative relationships between genes and the spatial locations of NMps. Future work
should consider an automated approach in the selection of the source and target images.
Strengths and limitations of ZebReg
ZebReg’s key strength lies in employing a point-based registration approach by converting
the centroids of segmented nuclei surfaces into points, which enabled us to access state
of the art point-based registration algorithms without reinventing the wheel. In addition,
ZebReg performs the alignment with minimal computational time without reference to
anatomical landmarks. By using a rigid transformation for the mapping, we avoided the
possible introduction of distortion artifacts that may arise during non-rigid transformation.
In my use case, I have shown that the mapping procedure preserves the finer quantitative
relations between genes, which allowed me to build a quantitative gene expression atlas of
the zebrafish tailbud.
The point-based registration approach was successful as my biological question chiefly
relates to the quantification of the levels of nuclear mRNA expression. This naturally lends
itself to a point-based representation of the data, where each point stores the 3D coordinates
of the nuclei and its average nuclear gene expression intensities. Although ZebReg can be
extended to store non-nuclear information such as cytoplasmic mRNA concentration, cell
shape et cetera if the information were available, the approach does not allow these features
to be visualised directly. More sophisticated alignment pipelines, such as those implemented
by [293] and [10] in the generation of the Platynereis gene expression atlases, would be
required. In addition, a rigid transformation approach was also sufficient for my purpose for
two reasons. First, I was able to crop the volumetric images of the zebrafish tailbud easily
to maintain a consistent field of view, which simplifies the registration task considerably
[116]. Second, zebrafish tailbuds of around the same stage are reasonably consistent in their
morphology and there were no obvious shrinkage artifacts arising from the experimental
procedure. In cases where significant biological and technical variation exist [78], a pipeline
that uses non-rigid transformation methods for correction of these distortions would be
required [153].
How does ZebReg compare to the rapidly developing field of single-cell spatial transcriptomics? These techniques hold the promise to combine the high-dimensionality of the
scRNA-seq datasets with spatial resolution, although cost, acquisition time, sensitivity of
mRNA detection and various computational and technical difficulties still need to be surmounted for widespread usage [19, 173, 202]. Indeed, an inevitable downside of ZebReg and
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image registration pipelines used for the construction of gene expression atlases in general is
that due to biological and technical variability, it is impossible to obtain accurate one-to-one
correspondence maps for images of separate biological samples. Consequently, some degree
of averaging and imputation is inevitable, which dilutes the resolution of the resulting gene
expression atlas. In contrast, one may argue that single-cell spatial transcriptomics should
be able to obtain a high-dimensional snapshot of the tailbud without the need for such
imputation.
However, in the case of tissues with significant heterogeneity in gene expression, analysis
of snapshot images from individual samples, regardless of the dimensionality of the images,
would inevitably fall prey to the identifiability problem discussed in Section 4.3.3. By
combining information across neighbouring cells and using multiple samples to construct
an NMp probability map and gene expression composite map, ZebReg has the advantage of
integrating various sources of information to account for the heterogeneity inherent in the
biological data.
Concluding remarks
Currently, all Python scripts and Jupyter Notebooks can be downloaded from the github page
https://github.com/kane9530/ZebReg. To make the tool more accessible, a next step would
be the development of a graphical user interface that allows users to upload their excel files
directly and visualise the outcome of the alignment and various imaging channels outside of
the Jupyter Notebook interface. In addition, to extend the versatility of the ZebReg tool to
other systems, it is necessary to implement non-rigid point-set registration algorithms on top
of the existing rigid registration algorithms.
Taken together, preliminary computational and experimental validation work suggest
that ZebReg can reliably align multiple images together onto a common target. In the next
chapter, I will exploit its alignment capabilities to probe the NMp differentiation landscape.
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Figure 5.11: NMp probability maps. A-C) (Left) NMp probability maps displaying the entire
target point cloud. (Right) NMp probability maps displaying only target points with 2 or
more mappings from source NMps.
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Figure 5.12: Relationship between spatial autocorrelation and accuracy of imputation. In
the figure, each box in the 3x3 grid corresponds to a cell. The grey box in the middle of the
3x3 grid refers to the target cell whose gene expression intensity is being imputed.

Chapter 6
Quantification of NMps
6.1

Introduction

In Chapter 5, I co-developed an image registration pipeline (ZebReg) to align multiple HCR
images of zebrafish tailbuds. I applied ZebReg to construct an NMp probability map, as well
as 8-gene composite maps at three stages of somitogenesis (18ss, 24ss and 28ss) that also
retain the spatial information of cells. I have shown that the composite maps preserve the
quantitative information between gene pairs (Section 5.2.3) and that in a dynamic population
undergoing a fate choice, the imputation procedure is likely beneficial in dealing with cells
with transiently undetectable levels of expression (Section 5.3).
In this chapter, I leverage upon the composite maps to probe the changes in neural and
mesodermal states during NMp differentiation, beyond just examining the expression levels
of sox2 and tbxta.

6.2
6.2.1

Results
Construction of a neural-mesodermal index (NM index)

Individual in silico NMps in the composite maps were assigned a value from the NM index,
which serves as an indicator of their neural/mesodermal biases (Section 2.2.12). For each
cell, the NM index was calculated from the normalised values of 8 genes: sox2, tbxta, tcf,
cdh6, sp5l, tagnln3b, znf703, hes6. The last 5 genes were identified from the scRNA-seq
dataset in Chapter 4 as genes that are enriched in the NMp cluster (Section 4.2.2). In addition,
tcf was included as it is a transcriptional readout of canonical Wnt signalling, which allows
me to monitor the signalling state of these cells.
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The NM index was designed to reflect the primary roles of sox2 and tbxta in orchestrating
the early neural/mesodermal programmes. This was carried out by weighting the contribution
of the 6 other selected genes to the index by their correlations to sox2 and tbxta at the
corresponding stages. As the NM index is the difference between the Neural and Mesodermal
indices, a positive value indicates a neural bias whilst a negative value indicates a mesodermal
bias (Figure 6.1A). The index thus marks a continuum of neural/mesodermal states for the
NMp population, with its magnitude highlighting the extent of bias in either direction.
Example
I provide a brief example of how the NM index is calculated for an in silico NMp at 24ss,
bearing in mind that the calculation can be applied to in silico NMps at any stage. To compute
the NM index for an NMp at 24ss, three sets of information for each gene is needed:
(a) The (corrected) median correlation with sox2 at 24ss (Table 6.1)
(b) The (corrected) median correlation with tbxta at 24ss (Table 6.2)
(c) The expression value in the NMp (Tables 6.1 and 6.2, ’Expression’ column)
For each gene, the correlations with sox2 and tbxta were computed from segmented
NMps in our HCR images (Section 2.2.11). I correct the median correlations by multiplying
them with 1-IQR to reduce the contribution of correlation pairs with high variability. Each
gene’s contribution to the Neural or Mesodermal index is then calculated by multiplying
its expression levels with its correlation to sox2 or tbxta. To obtain the Neural index, I
sum over all the genes’ contributions towards the index. In the example, the Neural index
is 0.636(0.406 + 0.224 + 0.003 + 0.003 = 0.636). Likewise, similar calculations yield a
Mesodermal index of 0.104(0.157 − 0.0524 + 0.00226 − 0.00250 = 0.104). The NM index
is then simply the difference between the Neural and Mesodermal index (0.636 − 0.104 =
0.529).

6.2.2

Descriptive statistics for the NM index

To obtain a general characterisation of the NM index at 18ss, 24ss and 28ss, I selected descriptive statistics that describe the shape, central tendency, and variability of the distributions
(Figure 6.1B, [101]).
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Gene

Median
Interquartile
correlation with range (IQR)
sox2

Corrected
median
correlation

Expression

Contribution to
Neural index

sox2

1

0

1

0.406

0.406

cdh6

0.706

0.170

0.586

0.383

0.224

tcf

-0.256

0.113

-0.227

0

0

sp5l

0.178

0.112

0.158

0.0190

0.003

znf703

0.259

0.237

0.284

0

0

hes6

-0.097

0.192

-0.079

0

0

tagln3b

0.195

0.633

0.07

0.0504

0.00361

Table 6.1: Calculation of Neural index for an in silico NMp at 24ss.

Gene

Median
Interquartile
correlation with range (IQR)
tbxta

Corrected
median
correlation

Expression

Contribution to
Mesodermal
index

tbxta

1

0

1

0.157

0.157

cdh6

-0.157

0.129

-0.137

0.383

-0.0524

tcf

0.535

0.0286

0.346

0

0

sp5l

0.132

0.0973

0.119

0.0190

0.00226

znf703

-0.0138

0.261

-0.0102

0

0

hes6

-0.058

0.267

-0.0425

0

0

tagln3b

-0.0522

0.0505

-0.0495

0.0504

-0.00250

Table 6.2: Calculation of Mesodermal index for an in silico NMp at 24ss.
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Shape of distributions
First, I used the Shapiro-Wilk (SW) test for normality to test the null hypotheses that
the observed NM index distributions are sampled from normally distributed population
distributions. Results from the SW test at 18ss indicate a statistically significant departure
from normality (W = 0.965, p-value = 0.0285, α = 0.05). In contrast, there is insufficient
evidence to reject the null hypothesis that the sample came from a normal distribution at 24ss
(W = 0.985, p-value = 0.0532, α = 0.05) and 28ss (W = 0.968, p-value = 0.539, α = 0.05), at
a standard 0.05 level of significance.
From plotting the quantiles of the data against the quantiles of the normal distribution
(Q-Q plot), I noted that whilst most of the points lie along the diagonal, both the 18ss and 24ss
NM distributions appear more spread out than a normal distribution as seen from the deviation
at the tails (Figure 6.1C). Datapoints from 28ss lie close to the diagonal. Considering that at
24ss, the p-value from the SW test is very close to the threshold of significance and that the
Q-Q plot indicates a degree of non-normality, I interpret the NM index distribution at 24ss as
‘bordering on non-normality’.
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Figure 6.1: Quantification of the NM index distributions. A) Correspondence between
NM index values and gene expression states. B) NM index density distributions computed
on the 8-gene composite maps at 18ss, 24ss and 28ss. med: median; p.val: p-value
for the Shapiro-Wilk test; out: outlier percentage; H: empirical entropy estimate; var:
variance. C) Quantile-Quantile plots of the NM index distributions against the normal
distribution for visual assessment of normality. D) Upper: Empirical entropy estimates
of the NMp populations, with the estimation of the standard error obtained via jackknife
resampling. Lower: Comparison of the empirical entropy (maximum likelihood) estimate
against four other entropy estimates. entropy_jeffrey: Dirichlet-multinomial pseudocount
entropy estimator (Dirichlet) with Jeffrey’s prior; entropy_laplace: Dirichlet with Laplace’s
prior; entropy_ML: empirical maximum likelihood estimator; entropy_MM: Miller-Madow
estimator; entropy_shrink: James-Stein type shrinkage estimator. (E) Number of mesoderm
biased and neural biased outliers at 24ss. F) Proportion of NMps in different expression
categories.

Central tendency of distributions
Next, I chose the median as the measure of central tendency due to its robustness to outliers,
which is especially important since the distribution is non-normal at 18ss. At 18ss, the
median value of the NM index is 0.58, which decreased to 0.2 and 0.23 at 24ss and 28ss
respectively (Figure 6.1B). Thus, the median value is positive across all stages, which implies
a consistent neural bias in the NMp population.
Heterogeneity of the NMp population
I computed the heterogeneity of the NM index distributions using the empirical maximumlikelihood entropy as the Shannon entropy estimator. I observed a surge in empirical entropy
(H) at 24ss with H = 6.23 nat, compared to the neighboring values of H = 4.17 nat at 18ss
and H = 3.18 nat at 28ss (Figure 6.1D upper).
On a technical note, the biases in entropy estimates can vary considerably depending on
the number of bins chosen, especially when the sample size is small [121, 269]. To assess
the robustness of the estimate, I computed four additional estimators of the Shannon entropy
including a bias-corrected empirical entropy estimate (Miller-Madow), two entropy estimates
that replace the bin frequencies with Bayesian estimates which use a Dirichlet prior and a
multinomial likelihood, and the non-parametric, James-Stein type shrinkage estimator. A
similar qualitative trend is observed across the three stages albeit with minor quantitative
variations (Figure 6.1D lower). Interestingly, I noticed a systematic overcorrection in the
Miller-Madow estimator, similar to [326]. In sum, the validation work provides additional
support for the trend captured by the empirical entropy estimator.
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How many MAD away from the median?

Number of outliers

2

18ss : 1
24ss: 11
28ss: 1

2.5

18ss : 0
24ss: 1
28ss: 1

3

18ss : 0
24ss: 1
28ss: 0

Table 6.3: Number of outlier cells at 18ss, 24ss and 28ss.

Another measure of diversity is the variance of the distributions. I noticed that the
variance at 18ss and 24ss are similar (18ss: 0.22; 24ss: 0.21) but declines at 28ss (28ss: 0.15)
(Figure 6.1B).
Last, I examined the percentage of outliers at each stage. At 24ss, there is a significant
increase in the number of outliers n = 11 (6.01%), as compared to 18ss and 28ss with n = 1
(1.28%) and n = 1 (3.7%) outlier cells respectively (Figure 6.1B). For the outliers at 24ss, I
note that the number of mesoderm biased and neural biased outliers are approximately equal
(Figure 6.1E). At 3 MAD away from the median, only a single outlier was identified at 24ss
(Table 6.3).

6.2.3

Classifying NMps into distinct expression categories

Next, I replotted my data on the NMp indices as boxplots overlaid with individual data points
(Figure 6.1F). This mode of representation allows me to dissect the distribution of NMps
into distinct groups. Specifically, I grouped NMps into three expression categories:
1. ‘Neural biased’ - NMps with an NM index greater than 0.05.
2. ‘Meso biased’ - NMps with an NM index less than -0.05.
3. ‘Indecisive’ - NMps with an NM index between -0.05 and 0.05.
I then examined the changes in the number and proportions of these group of cells across
all three stages.
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1. Neural biased The proportion of neural biased NMps is the highest amongst the three groups, in line
with the observation that NMps display a neural bias across all stages (Figure 6.1B).
This is especially prominent at 18ss where 82% of all in silico NMps are neural biased.
2. Meso biased There is an increase in the proportion of mesoderm biased NMps, from around 13% at
18ss to 26% at 24ss and 28ss.
3. Indecisive There is a low number of Indecisive cells at 18ss (n = 4), which increases markedly at
24ss (n = 20). At 28ss, the number of Indecisive cells is small (n = 3), although this
constitutes a sizeable proportion of cells (11%) given the small number of NMps at
this stage.

6.2.4

UMAP representation of in silico NMps

To visualise the gene expression space of the in silico NMps in two dimensions, I carried out
dimensionality reduction with UMAP implemented via the uwot package in R (n_neighbors
= 100, min_dist = 0.01, n_sgd_threads = 1). n_neighbors was set to a relatively large value
to obtain a global view of the manifold; n_sgd_threads was set to 1 to ensure reproducibility.
In this representation, neural biased cells (high NM index) are found closer to the top
right corner of the plots and are marked by high sox2 and cdh6 levels (Figure 6.2A and
Figure 6.2B top row). The mesoderm biased cells (low NM index) with high tcf, tbxta and
hes6 levels are found at the opposite end of the diagonal, in the bottom left corner of the plots.
Notably, there is no clean separation between these two groups of cells, which indicates
a degree of continuity between the neural-mesodermal states. In addition, at 24ss, points
appear to be more spread out in UMAP space. Furthermore, at this stage, sp5l, tagln3b and
znf703 are expressed in both neural biased and mesoderm biased cells, with strong tagln3b
expression marking a separate group of cells at 24ss Dashed circle in 6.2A Left).
In sum, UMAP embedding of our 8-dimensional dataset underscores the continuity
between the neural and mesodermal states, with the highest degree of heterogeneity seen
at 24ss. Viewed alongside the peak in entropy and increase in the number of outliers and
Indecisive cells at this stage, my analysis of the NM index distributions suggests that the
NMp population is the most heterogeneous at 24ss.
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Figure 6.2: UMAP representation of NMps. A) Left: Points colored by NM index. Right:
Points colored by expression category. B) Points colored by gene expression intensities. Note
that for each plot, the intensity was normalised against the cell with the highest expression in
the tailbud, which may not be an NMp. Therefore, the intensities do not span the full range
of normalised values.

6.2.5

Spatial mapping of in silico NMps

Since the composite maps contain spatial information, I can map the in silico NMps from
gene expression space to anatomical space. As argued in chapter 3 (Section 3.3.2), NMps
move in a stereotypic and deterministic fashion which allows me to construct a reliable fate
map and prospectively infer an NMp’s fate based on its current spatial location. Hence, by
using space as the bridge between genotypic and phenotypic information, I ask the following
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question: Are neural-fated NMps (phenotype, inferred from spatial location) always neural
biased (genotype), and are mesoderm-fated NMps always mesoderm biased? To address
this, I first defined the neural and mesoderm-fated domains based on my photolabels (Figure
3.2.3) and the fate-mapping work of the zebrafish tailbud previously performed by Attardi
and colleagues [11]. I then assessed the locations of the neural biased, mesoderm biased and
Indecisive cells vis-à-vis these spatial domains. Unsurprisingly, I find that at all stages, the
majority of neural and mesoderm biased cells are found in the neural and mesoderm-fated
domains, respectively. At 24ss, I find that the Indecisive cells are spread out along the
posterior wall throughout the dorsal-ventral axis (Figure 6.3D).
However, I noticed some neural biased cells (high NM index) in the mesoderm-fated
domain and mesoderm biased cells (low NM index) that reside in the neural-fated domain
(Figure 6.3A, blue arrows). These are cells that express gene expression profiles incongruent
with their destination fate. I further examined the expression levels of tcf in these cells, and
labelled cells as having high (low) levels of tcf if they expressed above B)elow) average
levels of tcf with respect to the entire population of in silico NMps at the corresponding
stage. tcf levels act as proxies for the levels of canonical Wnt signalling. In zebrafish NMps,
canonical Wnt promotes the mesodermal fate by initiating EMT and is thought to repress
the neural fate [100, 156, 199]. A cell which possesses a gene expression profile that is
incompatible with its tcf level is labelled as Rebellious, following the work of Mojtahedi and
colleagues [212]. Conversely, I label a cell with a profile that is compatible with its tcf level
as Compliant.
To illustrate these distinctions, suppose we have a mesoderm biased cell in the dorsal
PW. As its mesoderm biased gene expression profile is incompatible with its prospective
neural fate, the cell is labelled as Incongruent. Conversely, a neural biased cell in this region
would be Congruent. Depending on its tcf levels, this cell would be either Rebellious or
Compliant. The cell would be Compliant if its tcf level is high as high canonical Wnt
activity should promote a mesodermal state and this matches its mesodermal expression
profile. Alternatively, it would be Rebellious if its tcf level is low as low canonical Wnt
activity should promote a neural state and this does not match with its mesodermal expression
profile. For clarity, I summarise these 4 definitions (Congruent, Incongruent, Rebellious and
Compliant) in Table 6.4.
With these distinctions in mind, I proceeded to count the number of cells in these groups
in the composite maps (Figure 6.3C). Except for the mesoderm-fated domain at 24ss, the
majority of NMps are Congruent. Across all three stages, the neural-fated domains have a
lower proportion of Rebellious and Compliant cells than the corresponding Mesoderm-fated
domains. In the mesoderm-fated domain at 24ss, I find a greater number of cells which are
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Type

Congruent

Incongruent

Subtype

Gene expression profile consistent Gene expression profile consistent
with prospective fate
with Wnt signalling activity

N/A

Yes

Yes

Irregular

Yes

No

Compliant

No

Yes

Rebellious No

No

Table 6.4: Definitions of different categories of cells.

Rebellious (n = 26) and Compliant (n = 17). In fact, the total number of Rebellious and
Compliant cells (n = 43) is greater than the number of Congruent cells (n = 38). I assessed a
representative image of my HCR stains at 24ss for the existence of these cells (Figure 6.3B).
In the neural-fated domain, I marked a cell that has relatively high levels of tbxta and low
levels of sox2. Conversely, in the mesoderm-fated domain, I marked two cells that have
relatively low levels of tbxta and high levels of sox2. Given the relative importance of sox2
and tbxta in driving the neural and mesodermal programmes respectively, these cells would
most likely have low and high NM indices and would therefore be Incongruent.

6.2.6

Relationship between the Neural index and Mesodermal index

The NM index combines the neural and mesodermal potentials of single cells into a single
value. With this approach, I carried out statistical and quantitative analyses and classified
cells into biologically meaningful groups. However, a downside of this analytical strategy
is that it masks the Neural and Mesodermal indices, and this omission may complicate
our biological interpretations. Although I do not expect this to occur for NMps given the
antagonistic nature of the neural and mesodermal programmes, cells with a positive NM
index may have a high Mesodermal index but an even higher Neural index. By labelling this
cell as neural biased, I would fail to account for its latent Mesodermal potential.
When I replotted the data to show the Neural and Mesodermal indices, I noticed that
at 18ss, most cells have a high Neural and low Mesodermal index (Figure 6.4A). Thus, my
inference that most cells at 18ss are neural biased is valid. In addition, apart from 24ss, there
are no cells in the upper right quadrant. This quadrant demarcates a region where cells have
high levels of both indices. 4 neural biased, 2 Indecisive and 1 mesoderm biased cell at 24ss
fall in this region (Figure 6.4B). Notably, these 4 neural biased cells with relatively high
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Figure 6.3: Anatomical locations of different NMp classes in 2D projected composite maps.
A) Demarcation of the neural-fated and mesoderm-fated domains. Non-NMps are colored
in red to highlight their tbxta expression levels. Blue arrows mark a subset of cells with
expression profiles discordant with their destination fates. B) HCR stains of a representative
zebrafish tailbud at 24ss for tbxta and sox2. Segmented surfaces correspond to NMps, which
are colored by the expression levels of tbxta (Left) and sox2 (Middle). Nuclear signals for
sox2 and tbxta are shown to illustrate co-expression (Right). Arrow heads point to a subset
of Incongruent cells. C) Proportion of Congruent, Compliant and Rebellious cells in the
mesoderm-fated and neural-fated domains at 18ss, 24ss and 28ss. Note that by summing
across the number of Compliant and Rebellious cells, we obtain the number of Incongruent
cells. D) Location of Indecisive cells.
Mesodermal indices fall in the mesoderm-fated spatial domain and are thus also Incongruent
(Figure 6.4C dashed circle). This suggests that at least a subset of cells at this stage is already
en route to switch towards the correct fate.
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Critical index

Increased heterogeneity between cells is an indicator that the NMp population may be
undergoing a critical transition. To assess this, I recomputed the critical index for the
NMps at each stage and compared the result against the sox2+tbxta- and sox2-tbxta+ cell
populations of the same stage. Similar to the critical index calculation on the 18ss scRNA-seq
data (Section 4.2.3), I find that the NMp population reports a higher critical index than
the other populations at all three stages (Figure 6.5A). To assess what drives the increase
in the critical index, I plotted the distributions of the gene-gene correlations and cell-cell
correlations of all populations. I observe that the decreased cell-cell correlations (denominator
term in the index) drive the increase in the index for the NMps, in line with the observation
that the NMp population is highly heterogeneous. In contrast to theoretical predictions [212],
I do not observe an increase in gene-gene correlations in the NMp population relative to the
other populations (Figure 6.5B Middle).
I further compared the critical index of each population across the different stages with
one another (Figure 4.5C).
(a) NMps:
There is an increase in the critical index across the stages, from a median value of 1.05
at 18ss to 1.97 at 24ss and 3.98 at 28ss.
(b) sox2-tbxta+:
The median value of the critical index stays approximately constant at around 0.21 for
all three stages.
(c) sox2+tbxta-:
Unexpectedly, I observed a sharp increase in the critical index at 24ss where the median
value rises to 1.57. This is followed by a decline to a median value of 0.66, which is
close to the median value at 18ss of 0.57. At 24ss, the increase in the NMp index is
accompanied by an increase in the variability of the critical index distribution.

6.2.8

Multilineage primed cells are localised to the CNH and dCNH
regions

I next examined the gene expression profiles and locations of cells that co-expressed all 8
genes under study. Following Hu and colleagues, I call these cells Multilineage primed [129].
At 18ss, there are no Multilineage primed cells, which contrasts with 24ss and 28ss where
6.5% (n = 12) and 22.22% (n = 6) of NMps are Multilineage primed (Figure 6.6A). When
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I mapped these cells back in anatomical space, I find that at 24ss and 28ss, Multilineage
primed cells are located at the chordoneural hinge (CNH) where the midline progenitors
reside (Fig 2I in [251]) and in the region dorsal to the CNH (dCNH) (Figure 6.6B). Within
these cells at 24ss, both groups of cells are mesoderm biased, with the CNH cells possessing
a greater mesoderm bias compared to the dCNH cells.
At 28ss, Multilineage primed cells reside in the dCNH region. When I examined the gene
expression profile of these cells, I observed that the dCNH cells have relatively high levels of
tcf expression, despite being neural biased and residing in a neural-fated region. Collectively,
these cells are rare and constitute a fourth subtype of cells which I call Irregular (Table 6.4).
When I counted the number of Irregular cells in the composite map, I noticed that they appear
to increase in proportion at 28ss and correspond to these Multilineage primed cells (Figure
6.6C).
To ensure that these Multilineage primed cells are not an artifact of ZebReg’s registration
procedure, I examined the expression of all 8 genes qualitatively in my HCR datasets at
24ss and 28ss. Without simultaneous staining of all 8 genes, I cannot ascertain definitively
whether the co-expression exists in vivo due to the limited number of genes I can stain for in
each experiment. However, if the co-expression exists, I expect at bare minimum that these
genes should be expressed within the CNH. Indeed, I observe that at both timepoints, all
8 genes are expressed in the CNH (Figure 6.7 and Figure 6.8). Expression of these genes
also appear to extend into the dCNH, although Flh marker gene expression is required to
definitively distinguish between cells located in the dorsal posterior CNH and those located
in the dCNH [62].

6.2.9

The dCNH region contains sox2+oct4+tbxta+ (SOT) cells

I have identified Multilineage primed and Irregular cells in the dCNH. To further investigate
their gene expression states, I stained zebrafish tailbuds for sox2, oct4 (pou5f3) and tbxta.
oct4 is of interest to NMp biology due to its role in regulating trunk length diversity in
vertebrates [2] and in maintaining proliferation in the mouse primitive streak to expand the
pool of progenitor populations [61, 217]. In addition, previous in situ hybridization work
showed specific expression of oct4 in the caudal spinal cord and thus, potentially in cells in
the dCNH [253]. Indeed, in my analysis of the 18ss scRNA-seq dataset, I distinguished the
two neural clusters based on the expression of oct4 (pou5f3), which is expressed exclusively
in one cluster (pou5f3+ posterior NT) over the other (posterior NT) (Figure 4.4D).
My HCR results demonstrate that from 18ss to 30ss, there is a persistence of SOT cells
in the dCNH and in the dorsal PW (Figure 6.9A and Figure 6.9B). Quantification of cell
number shows that collectively, these cells are rare, with a median of 22-23 cells at 18ss
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to 24ss. Reminiscent of the depletion of the NMps, they then decline in number, reaching
around 2 cells on average at 30ss (Figure 6.9C). I noted considerable heterogeneity in tbxta
expression in the SOT cells in the dCNH at all stages, with several SOT cells expressing
relatively high levels of tbxta (Figure 6.9D). HCR stains of tcf showed that the dCNH region
has a higher level of tcf than the dorsal PW (Figure 6.9E), which supports the claim that
these cells are Irregular (Figure 6.6D). Therefore, it is likely that these cells correspond to
the Multilineage primed cells that are mesoderm biased in the composite maps. Further study
would be required to identify the fates of these cells, and to elucidate the significance of the
high degree of heterogeneity in the dCNH.

6.2.10

Mid to late NMps retain competence towards the trunk NC
progenitor lineage

The likely developmental continuity between early neural biased zebrafish NMps at 5-6ss
and trunk neural crest (NC) progenitors was recently established [185]. In the work by
Lukoseviciute and colleagues, they showed that neural differentiation of early 5-6ss zebrafish
NMps were also correlated with an increase in oct4 expression. As I observed a pool of
sox2+oct4+ neural progenitors in the dorsal PW, I was therefore curious whether the NMpderived, sox2+oct4+ neural progenitors at mid to late somitogenesis could contribute to the
derivatives of trunk NC progenitors, or if there is a discontinuity in their differentiation
potential compared to the earlier NMp pool. Given that in my analysis of the 18ss scRNA-seq
dataset, I identified Foxd3 (trunk NC marker) in the search for genes enriched in the NMp
cluster (Section 4.3.1), I speculate that late NMps may retain the competence towards the
trunk NC progenitor lineage.
To assess this, I repeated my photolabels of the dorsal PW region where the sox2+oct4+
cells reside at 18ss to track these cells as they differentiate until around 42hpf (Figure 6.10A).
Similar to my previous photolabels (Figure 3.7), when following the photolabelled 18ss
tailbud, I noticed that at 28ss, the photolabels are found in the fin mesenchyme and the dorsal
neural tube. Upon closer examination however, I note that the anterior photolabels in the
dorsal neural tube appear to be emigrating away, whilst the posterior labels do not show signs
of migration. 24 hours later, the photolabels were found to have spread more anteriorly, with
the anterior labels appearing more dispersed ventrally. When I photolabelled the dorsal PW
at 28ss, I also found similar photolabels in the dorsal neural tube 24 hours post-photolabeling
(Figure 6.10B).
The localisation of the labels in the dorsal neural tube alongside the anterior pattern of
cell migration strongly suggest that the differentiation of the NMp-derived neural progenitors
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into the trunk NC progenitors continues throughout somitogenesis and occurs even as we
approach the end of somitogenesis. Therefore, I extend the observation made in [185],
providing support for an NMp to trunk NC progenitor lineage that occurs even in the later
tailbud NMp population.
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Figure 6.4: Visualising the relationship between the Neural and Mesodermal indices. A)
Points are colored according to their NM index. B) Points are colored by their type. The
diagonal line marks cells that are perfectly Indecisive. The cyan region at the upper right
quadrant highlights cells with high values of the Neural and Mesodermal indices. The boxed
region highlights neural biased cells in the cyan region. C) Location of cells in the boxed
region are circled.

130

Quantification of NMps

Figure 6.5: Critical index of the NMp, sox2-tbxta+ and sox2+tbxta- populations. A) The
index is computed for the NMp, sox2+tbxta- and sox2+tbxta- populations and grouped by
developmental stage. B) Left: Cell-cell correlation values (numerator). Middle: Gene-gene
correlation values (denominator). Right: Critical index values. Cells from all stages were
pooled and grouped by their expression category. C) The critical index of the three populations, grouped by expression category. In all plots when indicated, pairwise comparisons
between the medians of the populations are performed using the one-sample Wilcoxon signedrank test. *** refers to a p-value < 0.0001.
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Figure 6.6: Quantification and spatial mapping of Multilineage primed and Irregular cells.
A) Boxplots depicting the NM index values of Multilineage primed cells. B) Locations of
Multilineage primed cells in the tailbud at 24ss and 28ss. C) Proportion of Congruent and
Irregular cells in the mesoderm-fated and neural-fated domains. D) Location of Irregular
cells at 28ss. Dashed circles in B) and D) mark cells in the dCNH. Dark blue cells mark the
remaining Multilineage primed cells.
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Figure 6.7: Co-expression of 8 genes in the CNH and dCNH at 24ss. In each panel, 2D
medial slices of the tailbud are shown, followed by a 3D view of the tailbud. In the 3D view,
expression intensities were masked to only display signal within the sox2+tbxta+ cells in the
CNH and dCNH. Asterisks mark a subset of cells that co-express all genes in the panel.

6.2 Results

133

Figure 6.8: Co-expression of 8 genes in the CNH and dCNH at 28ss. In each panel, 2D
medial slices of the tailbud are shown, followed by a 3D view of the tailbud. In the 3D view,
expression intensities were masked to only display signal within the sox2+tbxta+ cells in the
CNH and dCNH. Asterisks mark a subset of cells that co-express all genes in the panel.
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Figure 6.9: sox2+oct4+tbxta+ (SOT) expressing cells in the dorsal PW and dCNH. A) HCR
stains of sox2, tbxta and oct4 of the zebrafish tailbud from 18ss to 30ss. B) Magnification of
the boxed region in A). Left: Nuclear surfaces of triply co-expressing cells are shown, colored
by object ID. Right: Nuclear signals of all three genes are shown to illustrate co-expression.
C) Quantification of numbers of SOT cells over mid to late somitogenesis. n: Number
of images used for quantification (biological replicate). N: Number of distinct imaging
experiments, where different biological samples imaged on the same day are considered a
single imaging experiment. D) Representative images depicting relatively high tbxta levels
within SOT cells in the dCNH, indicated by the asterisks. E) Representative images showing
the expression of tcf in SOT cells residing within the dorsal PW and dCNH. Top: Segmented
surfaces of SOT cells, colored by tcf expression. Bottom: sox2 and tcf expression in the nuclei
of SOT cells, with tbxta colored in dark blue to provide the spatial context.

6.3

Discussion

6.3.1

NM index

I constructed a single-cell NM index which acts as a summary statistic of a cell’s neural/mesodermal potential. Previously, an NMp index has been designed by Edri and colleagues in their study of in vitro derived mouse NMps, as a proxy of a cell population’s bias
towards the neural or mesodermal fates [70]. Despite the similarity in intent, the two indices
for neural-mesodermal potential differ in several important dimensions (Table 6.5).
Given that my NM index is constructed using correlations, it may give us a skewed
estimate if the NMp genes chosen from the scRNA-seq dataset for HCR validation are all
highly correlated towards either the neural (sox2) or mesodermal (tbxta) fates. Consequently,
the consistent neural bias reported from the NM index could be due to the chance omission
of mesodermal genes and is therefore not a true reflection of the bias of the NMp population.
To assess whether this is likely, I reexamined the correlation data of all 6 genes with sox2
and tbxta. I noticed that for both genes at all three stages, the correlation values span a range
of positive and negative values, although there is a slight bias towards a positive correlation
towards sox2 and negative correlation towards tbxta at the later stages (Figure 6.11). Thus,
the neural bias that I have reported is unlikely to be a result of examining genes that are
specifically correlated positively to sox2 or negatively to tbxta only.

6.3.2

Normality of NM distributions

Within a cell population, macro-heterogeneity of a trait is the result of a mixture of different
subpopulations and manifests as a non-normal population distribution. In contrast, micro-
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Comparison

NMp index [70]

NM index [Section 6.2.1]

How is the index defined?

Relationship between the neural A summary statistic defined as
averaged value/potential and the the difference between the
neural and mesodermal indices.
mesodermal averaged
value/potential. This
construction is similar to the
analysis of the Neural and
Mesodermal indices in Section
6.2.6.

How are the gene expression
values normalized?

Z-score normalization.

Min-max normalization.

How many genes (including
19.
sox2 and T/tbxta) are used in the
construction of the index?

8.

Are genes categorised?

Yes. There are 4 neural genes
and 15 mesodermal genes. The
effect of categorization is that
neural genes contribute only to
the neural average value, and
mesodermal genes contribute
only to the mesodermal average
value.

No. All 6 genes contribute to
both indices (sox2 and tbxta
contribute only to the Neural and
Mesodermal indices
respectively).

Do genes contribute equally to
the index?

Yes. For instance, the neural
potential is an average of the 4
neural genes (including sox2).

No. sox2 and tbxta has the
highest contribution to the index,
with the other 6 genes weighted
by their correlation to each gene.

How were genes selected?

Supervised selection by experts. Unsupervised approach based on
analysis of scRNA-seq data.

Is the index defined at a
single-cell level?

No. The index is defined for
Yes. Each cell is assigned a
entire cellular populations.
value of the index based on its
mRNA from bulk samples were imputed gene levels.
extracted and quantified via
qRT-PCR.

Table 6.5: Differences between the construction of NMp indices.
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Figure 6.10: Photolabels of the dorsal neural tube followed until approximately 42hpf. A)
Representative example of a photolabel (yellow) made in the dorsal neural tube at 18ss. B)
Same region photolabelled in a representative 28ss sample. In both panels, a magnified view
of the boxed region is shown at the right.
heterogeneity arises when the differences within a single population are due purely to
stochastic fluctuations either on a shorter (temporal noise) or longer (population noise)
timescale. In this case, the trait would manifest as a normal distribution [132]. Taking the
NM index as the quantitative trait of interest which reflects an NMp’s neural and mesodermal
potential, I tested for the normality of the NM index at various timepoints [101].
A possible explanation for the non-normality at 18ss is that a fraction of the NMps have
already committed into neural progenitors, forming another separate subpopulation. This is
supported by the high average value of the NM index and low proportion of mesoderm biased
cells in the population. This separate subpopulation could correspond to the sox2+oct4+tbxta+
(SOT) cells along the dorsal PW (Figure 6.9B). Interestingly, at 24ss, despite the occurrence
of mesoderm biased cells, the distribution is only bordering on non-normality. I reason that
this is because of the relatively large number of Incongruent and Indecisive cells at this
stage (Figure 6.3 and Figure 6.1F). Consequently, I do not observe a bimodal distribution
but a single heterogeneous distribution. At 28ss, the NM indices appear to follow a normal
distribution. Here, it is likely that I am capturing a single population of residual NMps that
are undergoing cellular differentiation as the progenitor attractor completely disappears.
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Figure 6.11: Correlations of genes with sox2 and tbxta. Correlations of the six genes used
in the study with sox2 and tbxta were computed and plotted across three stages.

6.3.3

Choice of heterogeneity estimators

Biological heterogeneity is a property not of a single cell, but of a cellular population
[132]. Therefore, to measure heterogeneity, we should focus on quantifying the variability
of a distribution. However, it is not straightforward to thoughtfully select the appropriate
descriptive statistics that capture variability since a wide palette of measures are possible,
and the choice ultimately depends on the biological question at hand. [187]. Here, I briefly
discuss the motivations behind choosing my three measures of heterogeneity, provide careful
definitions of each and compare my results from these different estimators.
Shannon entropy estimators
In the Introduction chapter, I introduced the role of statistical mechanics in cell fate decision
making (Section 1.1.6) [84]. Reminding ourselves of the statistical view, the statistical
mechanical expression of entropy which is used to measure the amount of disorder in a system
has an information-theoretic analogue called the Shannon entropy. Heterogeneity, sensu
Shannon, measures the uncertainty of a probability distribution and implies that the uniform
probability distribution, which is maximally agnostic, has the maximum heterogeneity. In
several in vitro studies, all conducted on hematopoietic progenitors, it has been proposed
that there is a correlation between changes in Shannon entropy and the process of cellular
differentiation [247, 248, 326]. From my analysis, I do not observe a monotonic decrease
in entropy as NMps differentiate as predicted by [187]. Instead, I find an initial increase in
entropy from 18ss - 24ss followed by a later decrease from 24ss - 28ss. This is consistent
with the finding from [247, 326].
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Variance
Whilst entropy measures the spread of the probability distribution of the variable, the variance
measures the spread of data values of the variable. One of the known cases in which they are
equivalent measures of uncertainty is when the data follows a normal distribution, although
in general, the relationship between the variance and entropy is complicated [343]. In my
comparison of the two measures, I noticed that unlike the entropy, the variance at 18ss and
24ss are similar although the entropy was shown to peak specifically at 24ss. Given the likely
non-normality of the 18ss NM distribution (Section 6.2.2), this probably accounts for the
discrepancy between the two heterogeneity estimates.
Outlier Counts
Outliers should be treated with caution as they may reflect technical artifacts (e.g., alignment
errors from ZebReg) or experimental artifacts (e.g., non-specificity of HCR hairpin polymerisation), instead of the underlying biology. Notwithstanding the foregoing, outlier analysis
may provide a lens through which we can better understand cellular differentiation. I defined
outliers to be NMps with NM indices further than 2 median absolute deviations (MAD) away
from the median. In comparison to other methods for outlier detection such as the standard
deviation or interquartile range, the MAD estimate is advantageous as the median has a high
breakdown point and the MAD is insensitive to sample size [177]. In my analysis, I chose
a ‘poorly conservative’ threshold (2 * MAD) to capture as many of these extreme cells as
possible [177].
Outliers feature heavily in cancer cell biology. In this field, it has been suggested that
outlier or ‘edge’ cells [133, 178] may emerge naturally in a clonal cell population due
to the ‘ruggedness’ of the epigenetic landscape [133]. The ‘ruggedness’ arises from the
multidimensionality of the complex GRN [139], and stochastic transitions could result in
cells dwelling for extended periods of time within subattractors near the basin of attraction
[24]. As a functional consequence, a clonal cell population may produce outliers in response
to a drug, thereby facilitating the acquisition of a malignant phenotype even in the absence
of oncogenic mutations [135]. The preceding argument echoes studies of non-genetic
heterogeneity in clonal bacterial colonies [271, 309] and suggests a connection between
bacterial persisters and eukaryotic outlier cells. At the very least, these studies show us that
under some circumstances, outliers can provide insight into the underlying biology of the
cellular differentiation process.
In my analysis, I find a surge in the number of outliers at 24ss, although overall, the
number of outliers is still relatively small. Indeed, when I recomputed the mean (instead of
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the median) of the NM distributions, I find that the mean values (18ss: 0.583; 24ss: 0.196;
28ss: 0.221) are close to the median, confirming the small outlier counts. I suggest that the
rarity of these outliers despite the ongoing destabilisation of the NMp progenitor attractor is
due to the relatively strong attractive force that is still being exerted by the attractor [212].
In summary, both the entropy estimator and outlier counts show an increase at 24ss
compared to the neighboring stages. The variance of the NM distribution at 24ss is also
high relative to 28ss. In addition, I note my observation in Chapter 3 that there is a greater
variability in NMp number at the earlier stages (18ss-24ss) compared to the later stages
(27ss-30ss) with maximal variability arising at around 24ss (Figure 3.6H). At 24ss, more cells
also appear to occupy the sox2+int tbxta+int states (Figure 3.6F). Therefore, the collection of
evidence supports the conclusion that the heterogeneity of the NMp population is maximal at
24ss.

6.3.4

Classification into discrete groups

Neural biased, Mesoderm biased and Indecisive cells
My decision to discretise the NM index into three groups (Neural, Mesodermal and Indecisive) is motivated by theoretical considerations on the nature of cellular differentiation
vis-à-vis the microstate and macrostate distinction in statistical mechanics [214, 279, 302].
In essence, each discrete category is analogous to the macrostate of a thermodynamic system,
with the range of NM states within the category akin to the interchangeable set of microstates
that map to the macrostate (Section 1.1.6).
Whilst statistical mechanics provide the intuition to discretise the NM index, the theory
of dynamical systems underpinned the concrete decision to divide cells into three specific
groups. The first two of these groups, the neural biased and mesoderm biased groups,
represent cells primed towards either lineage. In Waddington’s epigenetic landscape, these
are the cells that are situated in the vicinity of the attractor basins for the destination fates. In
contrast, Indecisive cells show a balanced expression of both lineage-specific programmes
and reflect cells poised between both destination attractors. In dynamical systems modelling
of GRNs where a toggle switch formulation was used, a tristable system can emerge under
specific parameter regimes such that the progenitor attractor contains cells that co-express
low levels of lineage-specific markers [138, 274].
Multilineage primed cells
Multilineage primed cells are defined to be those that express all eight genes in the study. At
24ss and 28ss, unlike the Indecisive cells which are found throughout the dorsal-ventral axis,
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one of the regions where the Multilineage primed cells are localised to is the CNH where the
MPCs reside.
I speculate that unlike the NMps located in the posterior wall, these Multilineage primed
cells may remain competent for a longer period. This is supported by a recent study on the
MPCs, where transplanted cells which end up in the CNH at around 18ss differentiated into
the notochord after a 5- hour delay (Fig 1A in [251]). In addition, I observed that these
Multilineage primed cells are not Indecisive but have a mesodermal bias. This is consistent
with another observation made by Row and colleagues, where they showed that the MPCs
can contribute to PSM if they are transplanted to the posterior wall (Figure 7M in [251];
Section 1.2.4). However, they did not analyse the differentiation of the MPCs into neural
progenitors. It would be interesting to assess whether neural differentiation occurs at a lower
efficiency, presumably due to the mesodermal bias of the MPCs.

6.3.5

Incongruent cells

My finding that most Incongruent cells, Compliant and Rebellious, are found in the mesodermfated domain extends the conclusion made by Kinney and colleagues [156]. They proposed
that sox2 and canonical Wnt co-expression in mesoderm-fated NMps primes these cells
towards both neural and mesodermal fates and acts as a developmental checkpoint that traps
these cells in a poised, intermediate state [156]. This intermediate state where EMT is delayed
very much resembles a hybrid EMT transition state found in cells with high potential for
metastasis [234]. However, whilst they demonstrated co-expression qualitatively, they did not
quantify the levels of sox2 mRNA and the extent of Wnt signalling in their mesoderm-fated
cells.
Consistent with their conclusion that these cells remain poised to both fates, I found
an increase in the number of Indecisive cells at 24ss. My additional finding is that a
significant number of these primed cells are also Rebellious and Compliant. The existence
of Incongruent cells is evidence of incomplete lineage sorting during NMp differentiation
[286], which is an important feature of the transition state model (Table 1.1). Therefore,
my analysis emphasises a strong connection between the hybrid EMT transition state with
multiple intermediate cell states [265] and the neural-mesodermal transition state [214]. In
fact, tbxta (Brachyury) is a driver of EMT in various tumors and is correlated with metastatic
activity and the acquisition of a mesenchymal phenotype [41]. Further study would be
required to uncover the interrelationships between the GRNs that control EMT and NMp
differentiation, as well as the mechanisms that coordinate the two processes.
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Differentiation into mesodermal and neural fates

When examining the trend of the median NM index, I noticed a decline from 18ss to 24ss,
reflecting the emergence of mesoderm biased NMps at 24ss. Considering that these mesoderm
biased cells are located in the maturation zone where the intermediate filament vimentin
genes are expressed (Fig 2A in [100]), I propose that the relative increase in mesoderm biased
NMps from 18ss to 24ss is due to an increase in EMT initiation into the partial EMT state
during this period as NMps mature along the path of mesodermal differentiation.
One likely reason for the increase in EMT initiation between 18ss-24ss is a change in the
NMp signalling environment during this period. As I will soon demonstrate in Chapter 7,
the relative levels of tcf in NMps along the posterior wall is low but increases slightly on
average at the medial portion of the axis (Figure 7.5). This is opposed to the expression of
tcf at 18ss, which is low homogeneously throughout the posterior wall. As more epithelial
NMps enter a slightly higher canonical Wnt signaling environment in a conveyor belt fashion,
I speculate that this raises the probability of EMT initiation events [100]. Given the intimate
relationship between tcf activity and cellular position, my study reinforces the notion that
gene expression activity and morphogenesis are tightly coupled events that should be studied
in tandem [27, 82].
In neural progenitors, sox2 works alongside oct4 to repress neural differentiation by
activating repressors of neural differentiation such as Hes3 and Hesx1 [223, 225]. sox2+tbxtaoct4+ cells, therefore, are maintained in the progenitor state. The stability of the sox2+oct4+
neural progenitor state is reflected in my preceding scRNA-seq analysis, where the oct4+
sox2+ (pou5f3+ posterior NT) cell cluster has a lower critical index than the oct4-sox2+
(Posterior NT) and NMp clusters at 18ss (Figure 4.5B right). Conversely, the sudden increase
in the critical index in sox2+tbxta- cells at 24ss (Figure 6.5C right) could be explained by the
neural differentiation of the sox2+tbxta-oct4+ population.
HCR snapshots revealed that SOT cells are located posterior to the sox2+oct4+tbxtacells (Figure 6.9A). Consistent with the cytoplasmic tbxta expression in cells migrating
into the dorsal neural tube (Figure 3.7A) and the anterior migration of my photolabels at
18ss, I suggest that at least a subset of SOT cells transition into sox2+oct4+tbxta- state by
downregulation of tbxta and thereby enter the neural progenitor state.

6.3.7

Neural biased nature of NMps

In addition, the median NM index of the in silico NMp population is positive across all
timepoints, which implies that the population is consistently neural biased. I have shown
that NMps residing along the posterior wall have higher levels of sox2 (Figure 3.6E and G)
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and that neural biased NMps in the probability map tend to be found along the posterior wall
(Figure 5.9B). Coupled with the knowledge that the neural ectodermal fate is specified by
members of the SoxB1 family [158], I conclude that these neural biased cells correspond
predominantly to the sox2-expressing epithelial NMps.
At present, it is unclear whether this neural bias is an intrinsic feature of the NMp
GRN, making the neural fate the ‘default’ option in the absence of extrinsic signals, or
if it is promoted extrinsically by another signalling pathway. In the development of the
chick caudal spinal cord, an anterior to posterior gradient of retinoic acid (RA) expression
emanating from the somites promotes the neural fate by counteracting an antiparallel gradient
of FGF expression [64, 65]. However, in zebrafish, RA is not required for NMp maintenance
and differentiation into either neural or mesodermal fates [16]. In addition, single-cell
transplantation of zebrafish NMps to the ventral margin of shield stage embryos followed
by Wnt signalling inhibition at bud stage, results in an increased proportion of NMps that
adopt the neuronal fate [199]. This suggests that the inhibition of Wnt signalling, without
the upregulation of another signalling pathway, is sufficient to promote the neuronal fate.
The possibility of a default neural programme in NMps has also been suggested in an in
vitro study of mouse ESC-derived NMps, as an explanation for the gradual decrease in the
NMp markers and concomitant increase in neural differentiation markers (Cdh2, Sox2, Hes5)
across multiple passages of these cells [70]. In sum, although the available evidence by no
means rules out the action of an unidentified neural-promoting signal in the zebrafish, it lends
support to the former hypothesis that the neural fate is the default programme.

6.3.8

Model for zebrafish NMp differentiation

Based on my findings in this chapter as well as the current evidence on zebrafish NMps, I
propose the following dynamical systems model for zebrafish NMp differentiation between
18ss to 28ss (Figure 6.12).
From bud stage until 24ss, NMps reside within the progenitor attractor. Most NMps
are neural biased. This could be because of the increased accessibility of the neural attractor. Alternatively, differentiation towards the neural lineage could occur earlier than the
differentiation into the mesodermal lineage. A prominent consequence of the high levels of
stochasticity in the NMps is that the cells explore a larger region of state space, forming a
cloud of points [147, 195].
At around 24ss, EMTs occur at a higher frequency resulting in a greater number of mesoderm biased cells. Continuous or higher exposure to canonical Wnt signalling pushes cells
towards the mesodermal attractor and initiates EMT [100, 199]. FGF signalling subsequently
reinforces the mesodermal fate by promoting the completion of EMT [100]. Stochastic
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Figure 6.12: Model for zebrafish NMp differentiation from 18ss to 28ss. * labels an
Incongruent cell. + labels an outlier cell. = labels an Indecisive cell. Dashed lines indicate
fluctuations within the progenitor attractor. Shades of green represent the extent of neural
bias; Shades of pink represent the extent of mesodermal bias. Cyan cells are Indecisive.
fluctuations result in cells with an incongruent gene expression profiles residing close to the
wrong attractor. In the absence of selective mechanisms such as cell division and apoptosis,
Incongruent cells ultimately transdifferentiate into the correct fate due to sustained exposure
(or lack thereof) to the appropriate signals. Cells that are roughly equidistant from either
attractor basin are Indecisive and poised to enter either lineage. Amongst the cells distributed
over the epigenetic landscape, outliers are cells with the highest bias towards differentiation,
located closest to the edges of the progenitor attractor basin. In summary, at 24ss, the NMp
population is highly heterogeneous.
At 28ss and onwards, the remaining pool of NMps are forced to differentiate as the
progenitor attractor continues to flatten and eventually disappears completely.

Chapter 7
Modelling a stochastic non-autonomous
genetic toggle switch
7.1

Introduction

In the previous chapters, I have demonstrated that NMps form a cell population that is most
likely undergoing a critical transition. The population is highly heterogeneous, and cells have
a considerable degree of transcriptional noise. In addition, I also observed the existence of
Compliant and Rebellious cells, which are cells that express a gene expression profile that is
inconsistent with their prospective fate. This leads me to the following question - how does
stochasticity result in the emergence of these Incongruent cells in the context of a developing
zebrafish embryo?
To address this question, I construct a stochastic non-autonomous toggle switch model
of the NMp decision-making process. In contrast to the stochastic autonomous framework,
the non-autonomous framework reveals the existence of Rebellious cells that persist past the
pitchfork bifurcation event. Therefore, the combination of a time-varying signaling input in
a population experiencing significant levels of transcriptional stochasticity is sufficient to
recapitulate the emergence and persistence of these Rebellious cells. By fitting the model
to the NMp counts from my HCR data (Figure 3.6H) and examining the phase portraits, I
demonstrate that the model provides an adequate approximation of the NMp differentiation
process.

7.1.1

GRN modelling and the role of transient dynamics

Embryonic development in vivo is a dynamic process that unfolds over time, where intrinsic
changes in a cell’s molecular state exist in a causal feedback loop with extrinsic changes
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occurring in its surrounding environment [27]. Indeed, it is well-known that the same set of
signalling proteins distributed differently in time and space, can result in completely different
gene expression patterns and physiological responses [154]. This co-dependence between
a cell’s state and its changing environment over time is most distinctively emphasized in
Waddington’s original idea of the epigenetic landscape based upon the riverine landscape
drawing by John Piper [313]. Here, just as the river continually carves and modifies the
landscape, the changing landscape topography continually shapes and guides the rivers and
channels [89, 272]. In Waddington’s iconic landscape ([314]), one can also imagine the guy
ropes on the underside tugging at the landscape with varying tension, causing the landscape
to morph with time (Figure 1.1A lower).
From the perspective of GRN modelling, Waddington’s imagery, beyond serving as a
useful visual metaphor [12], is useful as it is rooted in the first principles of dynamical
systems theory [133]. In the study of autonomous dynamical systems, only the state variables
(mRNA concentration levels) have an explicit time-dependence. Parameters of the dynamical
system that influence the regulatory structure of the GRN such as the nature (activation or
repression) and strength of the gene-gene interactions, as well as the contribution of external
signaling inputs, are kept constant throughout the simulation [308]. The simplicity of this
representation lends mathematical convenience, rendering autonomous dynamical systems
amenable to detailed analytical study [277].
However, as Waddington’s landscape reminds us, development does not occur in a static
environment. This motivates the study of GRNs with the framework of non-autonomous
dynamical systems. Here, the values of parameters change with time, such that both the
state variables and parameters display explicit time-dependence [160]. The time-varying
parameter values thus capture the important consequences of changing cellular contexts
which arise inevitably in embryonic development. Viewing from the perspective of state
spaces, an autonomous dynamical systems approach models the phase space at a single point
in parameter space, whereas a non-autonomous approach studies a time-varying phase space
moving across parameter space [143, 308].
The geometric analysis of the phase space of a non-autonomous dynamical system can
yield novel insights into biological processes. Specifically, analysis of a deterministic nonautonomous toggle switch by examining the number and positions of steady states over time
revealed that the associated transient (far from equilibrium) behaviors can be classified into
four qualitatively distinct types of dynamics [307]. Notably, these transient behaviors would
be completely overlooked if the model were constructed under asymptotic (steady state)
conditions. The importance of transient behaviors in biological patterning was illustrated in
studies of gap gene patterning during Drosophila segmentation, which until recently, was a

7.1 Introduction

147

system studied predominantly under an autonomous formulation [306, 308]. Posterior gap
domains are known to shift anteriorly over time [144, 282]. By changing the levels of the
maternal regulatory inputs (Bcd and Cad) and fitting the model to experimental data, Verd
and colleagues demonstrated that the shift in gap domains emerges via a damped oscillator
mechanism [306]. This conclusion conflicts with the work by Manu and colleagues where
they concluded, under an autonomous formulation, that the shifts were driven by transient
dynamics along the path from the saddle point to the nearest attractor (unstable manifold)
[193, 308]. Interestingly, the predictions from the damped oscillator mechanism provided
a better fit to the existing experimental evidence, thus emphasizing the role of transient
phenomena in development.

7.1.2

Features of stochastic toggle switch models

The continuous, deterministic modelling approach assumes that reactant species are abundant,
allowing the rate of individual reactions to be described adequately by mass action kinetics
[327]. However, biochemical reactions are inherently stochastic in nature and the effects
become more obvious when the number of molecules is low [146]. In this scenario, stochasticity confers an element of unpredictability that is left unexplained by the deterministic
picture, which motivates a stochastic representation of the model [72].
Stochasticity can arise either from fluctuations in the timing of transcription and translation reactions due to the inherent stochasticity of molecular events (intrinsic noise) or from
fluctuations arising from the environment (extrinsic noise) such as variation in cell cycle
timing, cytosolic RNA polymerase concentrations et cetera [109, 188, 285]. Noise can also
be modelled in a state-independent (additive) or state-dependent (multiplicative) manner.
By studying the role of additive and multiplicative noise in a simple autoactivation circuit,
Frigola and colleagues demonstrated that the circuit possesses different properties under both
noise regimes [80]. Specifically, the incorporation of intrinsic multiplicative noise leads to a
greater reduction in the stability of the ‘ON’ state of the circuit, drives larger fluctuations
within the ‘ON’ state and provokes a faster ON -> OFF switch rate than the converse OFF ->
ON switch at the same energy potential.
Stochastic toggle switch models can reveal qualitatively novel behaviours that are unobserved in deterministic models. Noise-induced switching (stochastic switching) in toggle
switches occur when gene expression trajectories switch between alternative steady states
[120, 183, 292]. To quantify the average time in which trajectories switch from one state to
another (mean first passage time or MFPT), Xu and colleagues introduced extrinsic, multiplicative noise into the degradation rates [332]. They showed that as the noise intensities in
the degradation rates increase, trajectories switch between stable steady states with increasing
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frequency, leading to the reduction in the MFPT. Noise can also have contrasting effects
on the stability of steady states. It can stabilise a deterministically unstable steady state
in an activator-repressor circuit as the system approaches a critical bifurcation [304] or in
many other cases, destabilise deterministically stable steady states by allowing trajectories to
escape from the basin of attraction [190, 246]. Noise can also lead to the counterintuitive
phenomenon of stochastic resonance - by introducing an appropriate noise strength into a
non-linear system, one can improve the output signal quality [57, 205, 337].
How can noise be introduced in a toggle switch model? One can construct the chemical
master equation (CME) which offers an exact description of the stochastic process for a well
stirred, gaseous phase chemical system under thermal equilibrium [92]. The CME is a set of
differential equations that describes the time evolution of the probability that the system is
at a particular state. Although solving the CME completely specifies the dynamics of the
Markovian model, it is only analytically solvable for the simplest of systems as the computational time grows exponentially with the number of reactants (curse of dimensionality)
[31]. Therefore, noise in toggle switch models is introduced almost exclusively by numerical
simulation techniques which draw sample paths from the CME.
The stochastic simulation algorithm was first introduced by Daniel Gillespie via two
different (but logically equivalent) formulations - the First Reaction method [90] and the
Direct method [91]. Whilst other variations such as tau-leaping [87, 95] improve the simulation speed and are approximately exact (the next-reaction method by Gibson and Bruck
are still exact), they are still relatively computationally inefficient [170]. Instead, a class of
numerical simulation techniques that sacrifice exactitude for computational speed involve
approximating the stochastic Markov jump process with a diffusion approximation [327].
Specifically, the stochastic process is approximated by the chemical Langevin equation (CLE)
which describes a stochastic differential equation (SDE) [94, 327]. In this Langevin-type
formulation, the rate of change of gene expression is the sum of a deterministic drift term
and a noise term. Consequently, it is possible to generate approximate solutions to the SDE
cheaply by using numerical integration schemes. A common example is the Euler-Maruyama
integration scheme [327] which I use to simulate the stochastic trajectories in this chapter.

7.2
7.2.1

Models and Results
Model - Deterministic dynamics

To characterise the dynamics of the NMp fate decision, I consider a toggle switch model. Its
regulatory architecture consists of two genes that mutually repress each other and, in this
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formulation, both genes are also capable of autoactivation [142, 172, 307]. The addition of
the autoactivation loop means that the toggle switch also includes a tristable regime, on top
of the monostable and bistable regimes that arise from mutual repression under a constitutive
promoter [85]. The deterministic model consists of two continuous ODEs describing the rate
of change of protein concentrations (Figure 7.1B). As shown in equations 7.1 and 7.2, the
regulatory interactions between genes are summarised by Hill functions, whereas the decay
rate of each product is set to be linearly proportional to the protein concentration.
dx
bn
max1 xn
= (α1 + n
)(
) − λ1 x
dt
a + xn bn + yn

(7.1)

dy
max2 yn
dn
= (α2 + n
)(
) − λ2 y
dt
c + yn d n + xn

(7.2)

where:
• x and y are the concentrations of the two proteins X and Y.
• α1 and α2 are the rates of production of gene X/Y, in the absence of activation by X/Y.
• n is the Hill coefficient and is set to 4 for all simulations.
• a and c are the concentrations for the half-maximal activation by genes X/Y on genes
X/Y. The inverses, 1a and 1c represents the efficiency of the activator in other equivalent
formulations [103].
• b and d are the concentrations for the half-maximal repression by genes X/Y on genes
Y/X. The inverses, 1b and d1 represents the efficiency of the repressor in other equivalent
formulations.
• λ1 and λ2 are the protein degradation rates.
• max1 and max2 are the maximum rates of protein production by activators X / Y. To
max1 xn
see this, take lim n
.
a→0 a + xn

7.2.2

Dynamical regimes of a deterministic toggle switch model

The behavioural repertoire of deterministic toggle switch models has been extensively
investigated [85, 138, 307]. Nevertheless, as a starting point, I outline the dynamical regimes
of my toggle switch model that arise from changing the external activation strengths α1 and
α2 . These two parameters encapsulate the net effect of all other regulators on the rate of
production of the primary cell fate determinants X and Y [172]. This includes the action of
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signalling pathways, as well as the regulatory interactions between X/Y and other genes in
the GRN.
The bifurcation diagram summarises the solutions of Equations 7.1 and 7.2 as a function
of the external activation strength α1 when α2 is fixed at 0.3 (Figure 7.1C). The diagram
displays the locations of two types of fixed points in phase space - the stable steady states
(attractors) in blue and the saddle points in red. In a Lyapunov stable fixed point, all
trajectories that start in the neighborhood of the fixed point stay near the fixed point across
all time [277]. On the other hand, the saddle point is a type of unstable steady state that
attracts trajectories along one direction (stable manifold) and repels them along another
(unstable manifold). The bifurcation diagram therefore depicts two distinct dynamical
regimes. The system exhibits bistability (two attractors and one saddle point) at small values
of α1 . However, as α1 increases until it reaches a critical threshold (marked as a red line on
the x-axis), a sudden qualitative change in the system’s behaviour occurs (bifurcation event).
The bifurcation diagram bends over itself, resulting in a total of three attractors and two
saddle points. The system remains in this new tristable regime until it reaches another critical
threshold (marked as a purple line on the x-axis), where another bifurcation event annihilates
the attractor and saddle, returning the system to a bistable regime. Thus, tristability arises
when the value of α1 is in a narrow range around α2 (α1 ≈ α2 ). The range is represented by
the distance between the red and purple lines on the x-axis.
I next graphed the phase portrait corresponding to the toggle switch architecture, plotting
the concentrations of proteins X and Y against each other (Figure 7.1D). In the phase portrait,
each point on the plot maps to a two-dimensional state vector that corresponds to a particular
gene expression state. The bolded points mark the initial conditions in the simulations used
to draw the gene expression trajectories of the system. On the other hand, the attractors and
saddle points are indicated by filled circles and hollow circles respectively. Trajectories are
colored according to the attractors that they converge into. For instance, in the monostable
regime which arose when α1 = 0.1 and α2 = 0.8, all trajectories starting from the bolded points
will inevitably move into the attractor at around x=0. Therefore, the basin of attraction covers
the entirety of the state space depicted, and all trajectories are colored blue. In contrast, in the
bistable regime where α1 = 0.5 and α2 = 0.3, the stable manifold generates a basin boundary
which partitions the basins of both fixed points. Thus, trajectories are colored orange or
blue depending on the basin that they reside in. In addition, the separatrix is the trajectory
that runs along the stable manifold. From the phase portraits, it is clear that the monostable
regime arises when the difference between α1 and α2 becomes large. In the monostable
regime, if α1 > α2 then the single attractor is positioned at high x, low y and vice versa. In
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summary, in the deterministic toggle switch model, varying the external activation strengths
alone is sufficient to generate all three distinct dynamical regimes.

7.2.3

Model - Stochastic dynamics

To introduce a stochastic component to the toggle switch model, I used the CLE continuous
approximation of the CME, which re-expresses the gene expression dynamics as the sum of a
deterministic drift component and a randomly fluctuating, multiplicative noise term [94, 327].
Realisations of individual stochastic trajectories of the CLE have been integrated with the
Euler-Maruyama algorithm that is used to simulate diffusion processes (Section 2.2.15).
As per the deterministic formulations, the rate of production of X and Y can be written
as:
bn
max1 xn
)(
)
ρx = (α1 + n
a + xn bn + yn

(7.3)

max2 yn
dn
)(
)
cn + yn d n + xn

(7.4)

ρy = (α2 +

The CLE approximation for the process leads to the following white noise form of the
Langevin equation:
p
dx
= ρx − λ1 x + ( ρx + λ1 x)Γx (t)
(7.5)
dt
q
dy
= ρy − λ2 y + ( ρy + λ2 y)Γy (t)
(7.6)
dt
Here, the Γi (t) terms correspond to Gaussian white noises, which are formally defined as
[93, 94]:
Γi (t) ≡ lim N(0,
dt→0

1
)
dt

(7.7)

The two averaged properties of Gaussian white noise processes are:
1. ⟨Γi (t)⟩ = 0
2. ⟨Γi (t)Γ j (t ′ )⟩ = δi j δ (t − t ′ )
The first property indicates that the white noise process has zero mean. In the second, the first
delta function is Kronecker’s delta and the second is Dirac’s delta, which indicates that white
noise processes are statistically independent and that the white noise process is temporally
uncorrelated.
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Behaviour of a stochastic autonomous toggle switch

Here, I outline the behaviour of the stochastic autonomous toggle switch by examining the
sample paths obtained from numerical simulations of the CLE. Despite the identical initial
conditions, the behaviour of trajectories differ markedly from one another (Figure 7.2A).
Consequently, an analysis of the mean expression levels of these trajectories does not yield
an accurate representation of the system’s properties. An examination of the phase portrait at
the final time steps of the stochastic simulations in the tristable regime reveals that all three
attractors are visited with considerable frequency (Figure 7.2B and C Middle panel). From
the inset in Figure 7.2C, most trajectories at the end of the simulations in this regime reside
in attractor 0, which is the attractor closest to the initial starting condition. In addition, I also
observe frequent noise-induced stochastic transition events between attractors; a phenomenon
which is exemplified by the trajectory depicted in Figure 7.2D.
In contrast, for both bistable regimes shown, given the initial condition, one of the
attractors is visited exclusively with only a minority of transient trajectories at the end of the
simulations (Figure 7.2C). Therefore, at the volume parameter value (Ω = 50) used for these
simulations, the stability of the attractors in the bistable and tristable regimes differ. The
high rate of spontaneous stochastic switching events destabilises the attractors in the tristable
regime, whereas stochastic switching events are negligible in the bistable regime given the
initial condition.
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Figure 7.1: Deterministic toggle switch. A) Schematic representation of the toggle switch
model. B) The pair of ODEs used to construct the model. C) Bifurcation diagram of the
toggle switch, showing the solutions of the ODE for gene X as a function of α1 . D) Phase
portraits of the toggle switch at different levels of α1 and α2 . α2 = 0.3, n = 4; a = c = 0.6; b
= d = 0.4; max1 = max2 = 1; λ1 = λ2 = 1.25; Ω = 50.
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Figure 7.2: Stochastic autonomous toggle switch. A) Five stochastic trajectories of genes
X and Y under the tristable regime (α1 = 0.3, α2 = 0.3) with identical initial conditions (x
= y = 0.6). The mean expression level (bolded black line) is also displayed. The mutual
repression between genes X and Y is highlighted in their opposite expression trends - when
X is high (low), Y is low (high). B) Deterministic phase portraits for the toggle switch at
three different pairs of the external activation parameters, α1 and α2 . The initial condition
for the stochastic simulations is indicated with a plus symbol. C) Combined results of
1000 stochastic simulations. The locations of stochastic trajectories at the final 1% time
interval of the simulations are shown as density plots imposed onto the state-space. Hotter
colors reflect the higher frequency of occurrence. Attractors (filled colored circles) are
labelled numerically. For each state-space plot, the corresponding inset tallies the number of
trajectories that have either converged into an attractor or have yet to converge (‘Transient’).
D) Example of a stochastic trajectory that switches between attractors under the tristable
regime (α1 = 0.3, α2 = 0.3). The trajectory is colored according to the simulation time as
represented in the colorbar. The vector field is depicted faintly to facilitate comparison with
the corresponding deterministic phase portrait (Figure 7.2B Middle panel). In this example,
the trajectory can be seen switching frequently between attractors 0, 1 and 2 before finally
returning to attractor 0. In all the simulations, the remaining parameters are the same as the
simulations in Figure 7.1.

7.2.5

Behaviour of a stochastic non-autonomous toggle switch

In section 7.2.4, I studied the behaviour of a stochastic autonomous toggle switch where all
parameter values remain constant throughout the stochastic simulations. As discussed in
the introduction, changing biological parameter values over time would more realistically
represent the in vivo cellular environment. To introduce non-autonomy into the stochastic
model, I partitioned the entire simulation duration into three stages as illustrated in the
schematic diagram (Figure 7.3A). Specifically, in the second stage of the simulation (02
changing), the external activation parameter, α1 is gradually increased until it attains a value
of 0.8 (Figure 7.3B, Section 2.2.15). I chose to introduce non-autonomy to this parameter as
it reflects the influence of developmental signals on the NMp differentiation process.
At the end of the second regime (02 Changing), I observed that most stochastic trajectories reside in the primary attractor (attractor 0) (Figure 7.3B middle). Attractor 0 is the
attractor that the trajectory would have entered under a deterministic scenario given the initial
conditions. Interestingly, some trajectories deviate from this behaviour - around 9.5% of
trajectories exhibit transient behaviour and a smaller percentage of trajectories (5.1%) end
up in the alternate attractor (attractor 1). When the trajectories were allowed to equilibrate
in the new regime (03 Constant) during which the external activation parameter α1 is kept
constant at a value of 0.8, trajectories eventually converge into the primary attractor. This
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Figure 7.3: Stochastic non-autonomous toggle switch. A) Schematic of the computational
experiment. The experiment has three stages: first (01 constant), the simulations are allowed
to equilibrate in the tristable dynamical regime from t = 0 to t = 5 × 104 . Next (02 changing),
from t = 5 × 104 to t = 1 × 105 , the external activation parameter, α1 is increased stepwise
and reaches a value of 0.8 at t = 1 × 105 . Finally (03 constant), α1 is kept constant for
the remaining simulation duration from t = 1 × 105 to t = 1.5 × 105 . B) Combined results
of 10,000 stochastic simulations. Each ‘+’ symbol corresponds either to the location of a
trajectory with transient behaviour (purple) or to a trajectory residing in the alternative
attractor (orange).
is seen from the increase in the number of trajectories in attractor 0 depicted in the inset.
Trajectories demonstrating transient behaviour disappear over time and those residing in the
‘wrong’ attractor, attractor 1, eventually switch into the primary attractor. Therefore, on top
of stochastic switching, the introduction of non-autonomy into a stochastic toggle switch
leads to a novel phenomenon that was not present in the autonomous case - the emergence of
trajectories with gene expression states inconsistent with the signalling environment. Over
time, these trajectories eventually switch into the primary attractor and adopt the appropriate
cell fate. These trajectories, therefore, appear to represent the behaviour of Rebellious cells
(Table 6.4).
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Fitting the stochastic non-autonomous toggle switch to experimental data

In this section, I aim to infer the parameter values for the stochastic non-autonomous genetic
toggle switch model that best recapitulate the trend in NMp numbers from 18ss to 30ss
(Figure 3.6H). In the ensuing discussion, I will refer to genes X and Y in the toggle switch as
tbxta and sox2 respectively.
Tailbud Wnt signalling environment
To appropriately describe the signalling dynamics of the canonical Wnt signalling pathway
in my stochastic modelling work, I investigate their expression in the zebrafish tailbud. The
zebrafish tailbud NMps reside in a complex signalling environment, with the NM cell fate
specification process being driven primarily by canonical Wnt/β -catenin and FGF signalling
cues [100, 199]. Despite the critical roles of canonical Wnt signaling in driving the mesoderm
fate choice in tailbud NMps [199], a single-cell resolution quantitative spatial landscape
of Wnt response levels in the tailbud has not been constructed. Thus, to examine the Wnt
response levels in the tailbud, I studied the expression of TCF in a zebrafish TCF reporter line
[216]. Wnt/β -catenin signalling converges onto the formation of a transcriptional activator
complex between stabilised β -catenin and the TCF/LEF family of transcriptional factors that
activates Wnt target gene expression. Hence, TCF/LEF expression is a good proxy for the
activity of the canonical Wnt pathway, and the specific reporter line was chosen as previous
validation work affirmed that it provides an accurate readout of Wnt/β -catenin signalling
activity [189, 216].
I analysed tcf mRNA expression in the dorsal PW, intermediate zone and posterior PSM
(Figure 7.4A and B). When examining these three regions in tailbuds staged at 18ss, 24ss and
30ss, I found a consistent increase in Wnt activity along the dorsal PW to intermediate zone
to PSM trajectory, which traces the approximate path of mesoderm-fated NMps (Figure 7.4B
right and C). To specifically examine the Wnt activity of NMps along the PW, I quantified
tcf expression in sox2+tbxta+ cells along the PW in tailbuds at 18ss and 21ss (Figure 7.5). I
did not analyse the tailbuds from 24ss onwards because most NMps have already left the
PW and are residing in the MZ during these stages. At 18ss and 21ss, tcf expression remains
low throughout the PW although at 21ss, a slight peak in tcf expression was seen along the
midline, which is positioned close to the intermediate zone domain.
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Figure 7.4: Wnt signalling activity in the tailbud. A) Representative HCR images of tailbuds
from the TCF reporter line at 18ss, 24ss and 30ss. B) (Left) Segmented tailbud nuclei colored
according to tcf expression. (Middle) Nuclei residing in the dorsal PW (green), intermediate
zone (yellow) and PSM (red) are depicted. (Right) Same nuclei from the middle column
colored according to tcf expression. C) Quantification of normalised tcf expression levels
in the dorsal PW, intermediate zone and PSM at 18ss, 24ss and 30ss. D) Scatterplots of
TCF-GFP expression against tcf mRNA expression. In each scatterplot, the linear regression
line is shown. n: Total number of nuclei analysed across all images; R: Pearson’s correlation
coefficient; p: p-value for the correlation coefficient.

Model result
I elaborate on the model implementation in greater detail in the Methods section of the
thesis (Section 2.2.15). In summary, I first exported the levels of sox2, tbxta and tcf mRNA
expression, as well as the positions of the NMps, from a HCR-stained TCF reporter sample.
Given that NMps move in stereotypical fashion as they differentiate into their neural and
mesodermal fates (Section 3.2.3) and that Wnt signalling domains have a clear region-specific
expression (Figure 7.4C), I inferred the Wnt signalling profiles of the segmented NMps based
on their positions in the tailbud (Figure 7.6). Then, I modelled the effects of the changing Wnt
signalling input by introducing non-autonomy via the α1 parameter, which corresponds to the
external activation on tbxta (gene X). Although a positive feedback loop exists between tbxta
and canonical Wnt signalling [197], I chose to keep the model simple in my investigations
and omitted the influence of tbxta expression on the Wnt expression levels. Of the 182 NMps,
122 NMps fall into the ventral spatial domain fated to become PSM and thus experience an
increasing Wnt signal over time. Conversely, the remaining 60 NMps residing in the dorsal
domain are fated to become neural progenitors and are assigned a decreasing Wnt signalling
profile (Figure 7.6).
Next, I fitted the model to the experimentally derived trend in NMp number with the
ensemble markov chain monte carlo (MCMC) algorithm (Section 2.2.15). The approximate
posterior distributions of the 9 parameters are depicted in (Figure 7.7C). From examining
Figure 7.7B, I conclude that the resultant parameter set which maximises the log-likelihood
function (Table 7.1) results in a model output that closely tracks the NMp counts obtained
from the HCR data. In addition, the efficiency of repression of sox2 on tbxta is around
2.5-fold greater than the cross repression of tbxta on sox2 (b = 0.952; d = 0.385 in Table 7.1
and Figure 7.7A). Thus, the model predicts an asymmetry in the repression strength between
the two genes in the toggle switch.
On top of assessing whether the model fits to the trend in NMp number, I also examined
qualitatively whether the stochastic non-autonomous model can recapitulate the expected
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Parameters
α2
a
c
b
d
λ1
λ2
Ω
Exit_nmp_val

Initialisation value Standard deviation Inferred value
0.280
0.489
0.301
0.788
0.431
2.07
2.09
561
0.232

0.05
0.05
0.05
0.05
0.05
0.1
0.1
10
0.05

0.239
0.448
0.334
0.952
0.385
2.2
1.69
580
0.233

Table 7.1: Mean (Initialisation value) and standard deviation of the Gaussian prior
probability distribution used in the second MCMC run, along with the resultant maximum
likelihood value (Inferred value).

dynamics of NMp differentiation. To do this, I examined the phase portraits at t = 25, 50,
75 and 100. At t = 50 and t = 75, the trajectories occupy a large region of the state space,
with some expressing intermediate levels of both genes X and Y. This is consistent with the
gene expression heterogeneity observed in the NMp population and the existence of sox2+int
tbxta+int cells (Figure 3.6F). At t = 100 (final timepoint of simulation), trajectories are found
either in the high X low Y region (bottom-right corner) or the low X high Y region (upper-left
corner) which suggests that most of them have converged into the attractors by the end of
the simulation. Therefore, a stochastic model with non-autonomy in the signalling input can
capture the important aspects of the NMp differentiation process.
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Figure 7.5: Wnt signalling activity along the posterior wall. A) HCR image of a tailbud
from the reporter line at 18ss. Segmented NMp nuclei are colored according to their tcf
expression level. B) (Top) Normalised tcf expression in the NMps located in the PW along
the dorsal-ventral axis. (Bottom) Box plot showing the expression distribution of tcf in the
PW. C)-D) Similar to panels A)-B), except the tailbuds analysed are at 21ss.
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Figure 7.6: Inferring the Wnt expression dynamics in NMps. A) Segmented NMp surfaces
are categorised into two groups according to their anatomical locations: dorsal cells are
colored in cyan and ventral cells are in orange B) Segmented NMp surfaces colored by their
tcf expression levels, with a transparent overlay colored according to their category. C) The
inferred Wnt signalling dynamics of a representative sample of NMps from both categories.
Cells in the dorsal (cyan) category experience a decreasing level of Wnt over time whilst cells
in the ventral (orange) category experience increasing Wnt levels. The initial (normalised)
tcf expression level of each NMp is derived from the HCR data.
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Figure 7.7: Results of fitting a stochastic non-autonomous toggle switch model to experimental data. A) Schematic representation of the toggle switch that is identical to Figure
7.1A), except that the α1 external activation term is replaced with a time-dependent tcf
parameter to introduce non-autonomy into the simulations. B) Plot of the number of NMps
over time. The blue line represents the interpolated NMp count values obtained from five
equally spaced somite stages. The red line is the model’s output of the NMp count values over
simulation time. C) Approximated posterior distributions of nine parameters obtained from
MCMC. D) Phase portraits of the model at five simulation timepoints. The ‘NMp regions’
diagram depicts the two quadrants (red) defined by the exit_nmp_val parameter to contain
the NMps.

7.3
7.3.1

Discussion
Interpretation of results

The stochastic model was constructed by extending the deterministic Hill type equations
using a Langevin approach, and this was also the approach adopted by a recent publication
that modelled the stochastic dynamics of an miRNA-mediated network motif [119]. In the
modelling framework, I interpret X and Y to correspond to the protein products of the genes
tbxta and sox2. Whilst a direct repression between tbxta and sox2 has not been shown, the
toggle switch formulation is still an adequate one as the regulatory arrows do not necessarily
represent de facto interactions between both genes. They could also encompass indirect
interactions via as yet unidentified intermediates. The underlying premise of the toggle switch
model is that the interaction between sox2 and tbxta, direct or indirect, is an antagonistic one
and drives the mutually exclusive choice between the neural or mesodermal fate [20, 318].
In a study conducted by Gouti and colleagues on the mouse NMps, the best-fit NMp GRN
topology, obtained by reverse-engineering, includes mutual repression between sox2 and
tbxta [102].
Three key results emerge from my preceding modelling work. First, simulations of a
stochastic non-autonomous toggle switch show that a small proportion of trajectories switch
to the primary attractor after a delay. I interpret these trajectories to be the in silico analogue
of the Rebellious cells that I have previously identified in vivo (Section 6.2.5). Second, the
model can recapitulate the trend in NMp numbers over time as well as the dynamics of the
binary NMp differentiation process. This demonstrates that Rebellious cells arise out of a
stochastic framework and reaffirms the consistency in the predictions of the transition state
model (Section 1.3). Third, the model predicts an asymmetry in the repressive interactions
between sox2 and tbxta. Whilst this does not mean that the asymmetry is necessary to account
for NMp differentiation (Section 7.3.2), it would nevertheless be interesting to explore further
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how differences in repressive strengths between mutually repressive genes can regulate the
differentiation dynamics.
Taken together, these results support the view that NMp differentiation in vivo can be
adequately represented by a coordination between the stochasticity of gene expression that is
intrinsic to cells and the exposure to changing extracellular signals.

7.3.2

Limitations of MCMC fitting framework

When examining the trace plots of the MCMC walkers, I observed high serial correlation in
the chains between successive draws (Figure 7.8). The chains mix very slowly and appear to
get ‘stuck’ in a particular region of parameter space. In addition, the length of the chains is
shorter than 50 times the integrated autocorrelation time of all 9 parameters, which is the
recommended heuristic by the authors of the emcee package for a sufficiently converged
MCMC run. Therefore, as the chains do not explore the parameter space effectively, the
samples are unlikely to be drawn from the target posterior distribution and the performance
of the MCMC algorithm is poor. Consequently, the inferred parameter values (Table 7.1)
should not be taken as the optimal parameter set for the data. Instead, they demonstrate the
existence of a parameter set for the stochastic non-autonomous model that can satisfactorily
describe the dynamics of the NMp differentiation process.
One likely reason for the poor performance of the MCMC algorithm is that the target
posterior distributions are heavily multi-modal, resulting in walkers being trapped in different
modes [77]. This is an issue faced in MCMC algorithms in general, and several modified
MCMC algorithms have been designed to explore such distributions more efficiently [4, 131].
Unfortunately, this issue persists after increasing the number of iterations, discarding a
significant chunk of the initial observations as burn-in, using a combination of different
‘moves’ [98] and decreasing the a parameter value [77]. As described in section 2.2.15, I
employed an approach that initialises the walkers with a tight 9-dimensional ball around
a point corresponding to the maximum likelihood result of the preceding MCMC run.
This initialisation strategy was chosen to deal with the problem of a multi-modal posterior
probability landscape. Even though the walkers are not initialised by sampling from the prior
directly, they should eventually expand to reach the remaining parts of the parameter space
[77]. However, the approximated posteriors (Figure 7.7C) and maximum likelihood result
(Table 7.1) both suggest that the chains are still stuck near the initialisation point. Further
work to address the issue may involve reparameterising the model to reduce the dependence
between parameters, changing the model formulation or employing different algorithms
altogether such as the approximate Bayesian computation methods [239, 295].
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Figure 7.8: Trace plots of two MCMC walkers. There is high serial correlation between the
successive draws from the MCMC sample. Thus, as the chains mix poorly, this suggests that
the MCMC run has not converged to the stationary distribution.

7.3.3

Future work

In my model, the cis-regulatory function chosen involves the use of Hill functions. Hill
functions are phenomenological in nature, and this limits my ability to extract detailed mechanistic insights from studying the model [126, 257, 323]. For instance, the Hill coefficients
in my model were set to 4 for both the autoactivation and mutual repression terms, which
assumes a significant degree of positive cooperativity in transcription factor binding for
both processes. This choice is arbitrary - in fact, even if we have a greater understanding
of the physical architecture of the Sox2 and Tbxta regulatory system, it is not possible to
translate this understanding directly into the Hill equation. Therefore, a sensible next step is
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to rewrite the model using a thermodynamic formulation which assumes that the binding of
the RNA polymerase complex to the promoter is the critical factor that promotes transcription
[266, 267]. The advantage of this formulation is that the model parameters carry physical
meaning and allows one to test various hypotheses about the underlying physical mechanism.
Future work can also consider tracing the Wnt dynamics in single cells directly by
performing live-imaging of the TCF reporter line. In my current work, the Wnt expression
levels in single cells over time is inferred based on the cell’s position in the tailbud. Whilst
direct live-imaging of TCF expression is desirable, given that the half-life of the fluorescent
eGFP tag is around 26 hours [48], it is unclear whether the expression of the eGFP protein
accurately reflects the nuclear eGFP mRNA expression pattern, which is taken to be a
proxy of instantaneous Wnt activity. To assess this, I performed HCR with antisense DNA
probes complementary to the eGFP reporter tag to obtain an instantaneous readout of tcf
mRNA levels. I then computed the Pearson’s correlation between normalised tcf mRNA
and GFP expression levels across all tailbud nuclei. I found that at all stages, Pearson’s R
is significantly greater than 0, which implies that the mRNA and protein levels are highly
positively correlated for the reporter line (Figure 7.4D). Therefore, this supports the feasibility
of moving forward with the live imaging project.

Chapter 8
Conclusion
8.1

Summary of main findings

The aim of the thesis was to assess whether characteristics of the transition state model apply
to the differentiation of zebrafish NMps in vivo. To achieve this, I distilled the theoretical
characteristics of the transition state model (Table 1.1) into a set of four experimentally
verifiable predictions (Section 1.3). I then employed a descriptive and quantitative approach
to investigate whether these characteristics can be observed during unperturbed, wild-type
zebrafish development. I combined experimental techniques such as in situ mRNA imaging
and photolabelling with computational approaches such as scRNA-seq analyses, image
registration and stochastic modelling to answer my question. Here, I summarise the findings
of the thesis using the four predictions as scaffold.
1. Relative increase in the heterogeneities of sox2 and tbxta expression upon differentiation. In the transition state, increased stochasticity allows cells to sample a greater
range of cellular states, resulting in an increase in gene expression heterogeneity across
the cellular ensemble.
• Relative to the caudal neural tube and notochord populations, the NMp population
is characterised by broad marginal distributions of both sox2 and tbxta, with some
NMps expressing relatively high levels of both genes (Figure 3.6B-C).
• In particular, at 24ss:
– A greater number of NMps co-express intermediate levels of sox2 and tbxta
(Figure 3.6F).
– The number of NMps at this stage is most variable (Figure 3.6H).
– Emergence of a greater number in number of outliers (Figure 6.1B).
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2. Higher critical transition index (Ic ) relative to its differentiated progenies. As
the transition state likely results from a bifurcation event, it should display several
signatures of a critical transition, one of which is an increase in the critical index Ic
[212]. This was shown in the analyses of Ic in the:
• ScRNA-seq dataset at 18ss (Figure 4.5).
• Composite maps at 18ss, 24ss and 28ss (Figure 6.5A).
In both cases, the NMp population has a higher Ic relative to its progenies.
3. Peak in entropy of the NM index at 24ss (Figure 6.1). As NMps are likely to enter
the transition state at around 24ss, I expect a peak in heterogeneity of the NM index at
this developmental stage, which was measured using the notion of entropy (Section
1.1.7).
4. Increase in number of Indecisive and Incongruent (Rebellious and Compliant)
cells at 24ss (Figure 6.3C). One of the predictions of the transition state model is
the loosening of the relationship between cell state and fate such that single-cell
snapshots of gene expression states alone would fail to accurately predict the resultant
differentiated state (Table 1.1). Consequently, one should be able to detect cells that
express a gene expression profile that is discordant with its prospective fate (Table 6.4,
[212, 319]).
Taken together, my work supports the existence of a transition state within an endogeneous cell fate decision making event. Viewed in light of the evidence from other in
vitro and in vivo systems (Section 1.1.5), it becomes likely that the transition state is not an
idiosyncracy of in vitro culture conditions or a peculiarity of cancer models. Instead, it may
be a fundamental characteristic of cell state transitions in biological systems. Recognising
the functional importance of transcriptional stochasticity and non-genetic heterogeneities in
cellular differentiation models has important practical consequences. For instance, it drove
the discovery that regulators of transcriptional noise may play a general role in the acquisition of malignancy by modulating the balance between proliferation and differentiation [67].
In addition, there is also a growing appreciation that on top of inter-clonal heterogeneity,
intra-clonal, non-genetic heterogeneity is also an important dimension to consider when
improving the efficacy of mesenchymal stem cell-based therapies [207, 227].
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Future work

In the thesis, I employed a descriptive, imaging-based approach to interrogate the role of
non-genetic heterogeneities in NMp differentiation. Whilst this enabled me to study the gene
expression states of NMps in their native spatial context, my work has two important limitations. First, snapshot imaging of fixed samples limits my ability to infer the dynamics of the
differentiation process [321]. Although the increased levels of transcriptional heterogeneity
in the NMp population at 24ss points towards an elevated level of stochasticity around this
time, the evidence remains circumstantial. Future work could perform live imaging of sox2
and tbxta mRNAs to monitor the changes in transcription dynamics around 24ss as NMps enter and exit the transition state. Due to its optical transparency, zebrafish embryos have been
amenable to live RNA imaging using various techniques such as the MS2 labelling system
[30], 3’ poly(A) tail labelling system [325] and molecular beacon sensors [179]. Second, the
findings of my work would be strengthened if it is complemented by functional perturbation
studies that assess the consequences of modulating gene expression variation during NMp
differentiation. For instance, this can be carried out by modifying the chromatin landscape
using pharmacological agents such as the DNA methylation inhibitor 5-azacytidine or histone
deacetylase inhibitor trichostatin A whilst monitoring the transcriptional fluctuations of sox2,
tbxta or other relevant genes with live imaging [123, 200, 310].
The current widespread definition of NMps is the co-expression of sox2 and tbxta (Section 3.3.1). Throughout my analysis, I assumed that nuclear mRNA levels are indeed reliable
indicators of the N/M states. However, in eukaryotes, mRNA and protein concentrations
generally show a weak to moderate correlation, with around 40% of the variation in protein
abundances being explainable by mRNA abundances [58]. Numerous cis- and trans-acting
mechanisms, ranging from differences in mRNA secondary structures and the role of regulatory small RNAs to differential protein half-lives, intervene in the translation of mRNA to
protein, and these factors could jointly account for the remaining 60% of the variation [191].
In addition, extensive post-transcriptional and post-translational mechanisms are critical in
the regulation of stem cell function in other systems [44], and these latent variables remain
unexplored in the context of NMp differentiation. Therefore, future work would assess the
correlation between mRNA and protein levels and further establish that changes in the levels
of mRNA causally modulate the probability of differentiation into the N/M derivatives.
In my analyses of the 18ss scRNA-seq dataset, I identified several novel genes enriched
within the NMp cluster (Section 4.2.2). As the molecular players regulating the zebrafish
NMp GRN are relatively unknown compared to other vertebrate species, my work provides a
useful starting point for the construction of the zebrafish NMp GRN. The identification of
foxd3 alongside other genes involved in neural crest development (Section 4.3.1), together
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with my photolabels (Section 6.2.10), collectively suggest that the NMp GRN is likely
to be interconnected with the neural crest GRN. Amongst the novel genes identified, the
histone deacetylases znf703 and kdm6a deserve special mention as they further motivate an
investigation into the role of epigenetic chromatin modifications in the NM fate decision
process. In the context of the transition state model, the initial diversity in gene expression
could be due to the increased accessibility of chromatin to transcription factor binding,
mediated via changes in the histone acetylation landscape [213, 229].
In summary, in this study, I utilise the simplicity of the zebrafish NMp system to study
the process of cellular differentiation in vivo. Specifically, I tested the notion that a transient
window of elevated non-genetic heterogeneity occurs in cell populations during a decision
making event in vivo, and demonstrated that this occurs at around 24ss during NMp differentiation. Moving forward, I hope that studies in other systems will also focus on taking an
interdisciplinary approach, combining experimentation with theoretical and computational
work, to further elucidate the principles of cell fate decision making.
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Appendix A
HCR probe sequences for sox2 and tbxta

(B4) Sox2 - 16 probe pairs
B4 split initiators:

Sequence

Spacer

Initiator_4_odd:
Initiator_4_even:

CCTCAACCTACCTCCAAC
TCTCACCATATTCgCTTC

AA
AT

Identifier

Sequence

1_B4_sox2_odd
2_B4_sox2_even
3_B4_sox2_odd
4_B4_sox2_even
5_B4_sox2_odd
6_B4_sox2_even
7_B4_sox2_odd
8_B4_sox2_even
9_B4_sox2_odd
10_B4_sox2_even
11_B4_sox2_odd
12_B4_sox2_even
13_B4_sox2_odd
14_B4_sox2_even
15_B4_sox2_odd
16_B4_sox2_even
17_B4_sox2_odd
18_B4_sox2_even
19_B4_sox2_odd
20_B4_sox2_even
21_B4_sox2_odd
22_B4_sox2_even
23_B4_sox2_odd
24_B4_sox2_even
25_B4_sox2_odd
26_B4_sox2_even
27_B4_sox2_odd
28_B4_sox2_even
29_B4_sox2_odd
30_B4_sox2_even
31_B4_sox2_odd
32_B4_sox2_even

cctcaacctacctccaacaaAAGGAAGCGCTCTTAGGTCCTGTTG
TAGCAGTTGGAGGTAACTTTGCTGGattctcaccatattcgcttc
cctcaacctacctccaacaaCGCCGGGGGCTTCAGCTCGGTTTCC
CCCCGTGCCCCCGGTGTTGGGCTGGattctcaccatattcgcttc
cctcaacctacctccaacaaCTGGTTGTTTCCCGAGGAGTTGGTG
TCTCTTGATGCGGTCCGGGCTGTTTattctcaccatattcgcttc
cctcaacctacctccaacaaCGACCACACCATGAAGGCGTTCATG
CTGTGCCATTTTCCGCCGCTGTCCCattctcaccatattcgcttc
cctcaacctacctccaacaaATGAATGGTCGCTTCTCGCTCTCGG
AGAGCCCGAAGGCGTTTGGCTTCGTattctcaccatattcgcttc
cctcaacctacctccaacaaTTGTAATCCGGGTGTTCCTTCATGT
GTCTTGGTTTTCCTCCGGGGTCTGTattctcaccatattcgcttc
cctcaacctacctccaacaaCCGGCCCCTACACCCACGCCGGCGC
ATCCTCTGGTTGACCCCGGCGCCCAattctcaccatattcgcttc
cctcaacctacctccaacaaCAGCCGTTCATATGCGCGTAGCTGT
TGCATCATGCCGTAGCCTCCGTTGGattctcaccatattcgcttc
cctcaacctacctccaacaaGGGTGCTGCGGGTAACCCAGCTGCT
TGCGCCGTGTTGTGCGCGTTCAAACattctcaccatattcgcttc
cctcaacctacctccaacaaATGTCGTAGCGGTGCATGGGCTGCA
GTCATGGAGTTGTACTGGAGCGCGCattctcaccatattcgcttc
cctcaacctacctccaacaaGAGCCGTTCATGTAGGTCTGCGAGT
TGCGAATAGGACATGCTGTAGGTGGattctcaccatattcgcttc
cctcaacctacctccaacaaCCCAGTGTCATTCCCGGCGTGCTTT
TCGGACTTGACCACCGAGCCCATGGattctcaccatattcgcttc
cctcaacctacctccaacaaGTGACCACCGGCGGACTCGAACTAG
TGTCCGGCCCGGGAATGAGACGACGattctcaccatattcgcttc
cctcaacctacctccaacaaATGTCCCGCAGGTCCCCCGTTTGGC
TCCGCCCCGGGCAGGTACATACTGAattctcaccatattcgcttc
cctcaacctacctccaacaaCTGCTCTGAGCGCTCTGGTCCTGCA
CTCTGGTAATGTTGGGACATGTGCAattctcaccatattcgcttc
cctcaacctacctccaacaaTTAATCGTCGTACCGGGCACAGGTG
TACATATGCGATAAGGGAATCGTGCattctcaccatattcgcttc

(B1) Tbxta - 26 probe pairs
B1 split initiators:

Sequence

Spacer

Initiator_1_odd:
Initiator_1_even:

gAggAgggCAgCAAACgg
gAAgAgTCTTCCTTTACg

AA
TA

Identifier

Sequence

1_B1_tbxta_odd
2_B1_tbxta_even
3_B1_tbxta_odd
4_B1_tbxta_even
5_B1_tbxta_odd
6_B1_tbxta_even
7_B1_tbxta_odd
8_B1_tbxta_even
9_B1_tbxta_odd
10_B1_tbxta_even
11_B1_tbxta_odd
12_B1_tbxta_even
13_B1_tbxta_odd
14_B1_tbxta_even
15_B1_tbxta_odd
16_B1_tbxta_even
17_B1_tbxta_odd
18_B1_tbxta_even
19_B1_tbxta_odd
20_B1_tbxta_even
21_B1_tbxta_odd
22_B1_tbxta_even
23_B1_tbxta_odd
24_B1_tbxta_even
25_B1_tbxta_odd
26_B1_tbxta_even
27_B1_tbxta_odd
28_B1_tbxta_even
29_B1_tbxta_odd
30_B1_tbxta_even
31_B1_tbxta_odd
32_B1_tbxta_even
33_B1_tbxta_odd
34_B1_tbxta_even
35_B1_tbxta_odd
36_B1_tbxta_even
37_B1_tbxta_odd
38_B1_tbxta_even
39_B1_tbxta_odd
40_B1_tbxta_even
41_B1_tbxta_odd
42_B1_tbxta_even
43_B1_tbxta_odd
44_B1_tbxta_even
45_B1_tbxta_odd
46_B1_tbxta_even
47_B1_tbxta_odd
48_B1_tbxta_even
49_B1_tbxta_odd
50_B1_tbxta_even
51_B1_tbxta_odd
52_B1_tbxta_even

gaggagggcagcaaacggaaACTGTTGCTTTGACAGCGGGAATTC
CGACGATCCTACTAAATCCCGTTGGtagaagagtcttcctttacg
gaggagggcagcaaacggaaGGACTTGAGGCAGACATATTTCCGA
CTAAGGAGATGATCCAGGCGCTGGTtagaagagtcttcctttacg
gaggagggcagcaaacggaaCCCTTCTGAAATTCGCTCTCCACGG
CGCTCGGACGCGTCCCCTTTCTCGCtagaagagtcttcctttacg
gaggagggcagcaaacggaaCTCCGCGTCTTCAAGCGAAAGTTTA
TTGGTGAGCTCTTTAAATTTGGTCCtagaagagtcttcctttacg
gaggagggcagcaaacggaaCACGGGAAACATTCGTCTCCCAGTC
GTCGAGACCGGTGACACTGGCTCTGtagaagagtcttcctttacg
gaggagggcagcaaacggaaCAGCAGGACCGAGTACATTGCATTA
CCGATTATTATCGGCCGCCACAAAAtagaagagtcttcctttacg
gaggagggcagcaaacggaaGGGCACCCATTCACCGTTCACGTAT
CGGGCTTTGGGGTTCGGGTTTCCCAtagaagagtcttcctttacg
gaggagggcagcaaacggaaTGAGTCCGGGTGGATGTAGACGCAG
TTTCATCCAGTGCGCGCCGAAGTTGtagaagagtcttcctttacg
gaggagggcagcaaacggaaTTTGACTTTGCTGAAAGATACGGGT
TAACATAATCTGTCCTCCTCCGTTGtagaagagtcttcctttacg
gaggagggcagcaaacggaaGACTTTCACGATGTGTATCCTGGGT
ACTGCTGATCATTTTCTGAATCCCAtagaagagtcttcctttacg
gaggagggcagcaaacggaaGTGACTGCAATAAACTGTGTCTCAG
GTGTTTGATTTTCAGAGCGGTAATCtagaagagtcttcctttacg
gaggagggcagcaaacggaaACTTCTCTCTTTGGCATCGAGGAAA
GCTGTGGTCTGGGACTTCCTTGTGGtagaagagtcttcctttacg
gaggagggcagcaaacggaaTGAATATCCAGATTGCTGGTTGTCA
ACTGGGCAGGAACCAGCCACCGAGTtagaagagtcttcctttacg
gaggagggcagcaaacggaaGCTGCTGCTGGGGCCCATGGGGCCG
AACAGGGGCCCCATTGAACTGAGGAtagaagagtcttcctttacg
gaggagggcagcaaacggaaTCTCTCACAGTACGAACCCGAGGAG
AGCTCTGTGGTTCCTCAAGCTGGAGtagaagagtcttcctttacg
gaggagggcagcaaacggaaGTGGGAGTAATGGCTGGGATATGGA
CATGTAGTTATTGGTGGTAGTGCTGtagaagagtcttcctttacg
gaggagggcagcaaacggaaGAGACGCAAGACTTCCGGAAGAGTT
GGATCTGCAGGGCTGACCAGCTGTCtagaagagtcttcctttacg
gaggagggcagcaaacggaaCCAGGGTTCCCATCCCGCTGGAGTT
TGTTGGAGGTAGTGTTTGTGGTGTGtagaagagtcttcctttacg
gaggagggcagcaaacggaaCTGACCACAGACTTGGGTACTGACT
CTGATGGGGTGAGAGTCGTCCCTGCtagaagagtcttcctttacg
gaggagggcagcaaacggaaCACCTGTAATGGAGCCCGATGCTGA
AACCGCGTAGGAACTGAGATGTCAGtagaagagtcttcctttacg
gaggagggcagcaaacggaaAGGTCAGACCCGAGTAGGACATCGA
AGGAGGGAGAGGACACAGGCAGCGAtagaagagtcttcctttacg
gaggagggcagcaaacggaaCCTCGCTTAGGCCTGGATCGTACAT
TCTCGAACTGGGCATCTCCAACGCCtagaagagtcttcctttacg
gaggagggcagcaaacggaaATGATGCTGTGAGCCGGGCGATGGA
CTCAGTAGCTCTGAGCCACAGGCGCtagaagagtcttcctttacg
gaggagggcagcaaacggaaAGCATCAGTCCTTAAATGTGAAGCG
CTGAAGCCAAGATCAAGTCCATAACtagaagagtcttcctttacg
gaggagggcagcaaacggaaCAACCCGTTTTCTGATTGTCAAATC
CACCCTCAAGTTGTTCCAAACTTTAtagaagagtcttcctttacg
gaggagggcagcaaacggaaTCTTCTGTGATACAATGAAACCGGA
CAGCAAAGTCTGTCTTTCTCTCGTTtagaagagtcttcctttacg
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Information on NMp cluster marker genes
Gene
cdh6

Expression across clusters

Trajectory inference

Biological
function
Cadherin molecule
involved in cellular
motility and
adhesion and
promotes neural
crest migration by
facilitating the
epithelial-tomesenchymal
transition (Clay and
Halloran, 2014).

fgf8a

A growth factor
molecule which
represses the NMp
markers sox2 and
tbxta to promote
EMT completion
into the paraxial
mesoderm (Goto et
al., 2017).

hes6

A non-oscillating,
hairy-related gene
that regulates somite
formation in the
posterior PSM
(Kawamura et al.,
2016).

id3

A helix-loop-helix
(HLH) protein that
is induced by BMP
signalling and
promotes the
acquisition of lateral
fates (Row et al.,
2018).

tagln3b

A relatively
unstudied gene in
zebrafish that
encodes an actinbinding protein. Its
paralog, Tagln, is
expressed in
vascular smooth
muscle cells in
zebrafish (Stratman
et al., 2017) whilst
Tagln3 is an early
marker for postmitotic neurons in
chicks (Ratié et al.,
2014).

sp5l

A target of
canonical Wnt
signalling involved
in the regulation of
dorsal-ventral
mesoderm
patterning as well as
posterior neural and
tail development
(Thorpe et al., 2005;
Weidinger et al.,
2005). Like znf703,
in Xenopus, the Sp5
ortholog, Sp5, is
implicated in early
neural crest
specification (Park
et al., 2013).
A histone
deacetylase in the
conserved family of
NET zinc finger
transcriptional
repressors
(Nakamura et al.,
2008), has numerous
functions. In
Xenopus, it
regulates hindbrain
and neural crest
development and
overexpression of
znf703 can alter
neural crest and
placode patterning
post-gastrulation
(Hong et al., 2017;
Janesick et al., 2019).

znf703
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Figure B.1: Violin plots of selected genes. Each point corresponds to a single cell expression
value.
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Figure B.2: Dot plots of selected genes. Dot plots displaying the expression of DE genes
for the (A)NMp cluster, (B)Neural clusters and (C)Mesodermal clusters.

Appendix C
Statistical robustness of the Critical Index
Ic
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Statistical robustness of the Critical Index Ic
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Figure C.1: Statistical robustness of the critical index. Distribution of the critical transition
index Ic [212] calculated using marker genes of each cluster. A) Critical index calculation
along the neural branch. B) Critical index calculation along the mesodermal branch. For
both A) and B), a bootstrapping procedure was applied in calculating Ic to account for the
differences in cell number between cell clusters. 200 cells from each cluster were randomly
sampled with replacement, and the procedure was repeated for 10,000 times. A1) and B1)
Similar calculation as A) and B) but with 100 randomly selected marker genes for each
cluster. The difference in the index between the posterior PSM and nascent somites loses
its statistical significance upon the random selection of 100 marker genes. A2) and B2)
Similar calculation as A) and B) but with 45 randomly selected cells within each cluster. The
plots show that the trend in the critical index is preserved across the random subsampling
of genes and cells. For all boxplots, the lower and upper hinges correspond to the first
and third quartiles. In addition, the upper whisker extends from the hinge to the largest
value no further than 1.5 times the interquartile range. Outlier samples are colored in red.
Wilcoxon-Mann-Whitney unpaired two-sample test ****: p-value < 0.0001; * p-value <
0.01; ns = not significant.

