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1 Abstract

The early embryo begins life in a transcriptionally silent state, and undergoes a process of genomic activation

as it is reprogrammed from an egg cell into a mass of stem cells. In the zebrafish, this process of genome

awakening, the zygotic genome activation, occurs over several embryonic stages and consists of rapid

cell cycles which exclusively switch between S-phase and mitosis. This raises the question of how genome

awakening is able to occur concurrently with a genome occupied by DNA replication events. We investigated

how transcription is coordinated with the cell cycle. Through developing image processing and analysis

tools, I was able to parse complex 4D microscopy datasets to characterise the progressive loss of mitotic

synchrony and increase in cell cycle lengths in the phases prior tomid blastula transition (MBT). 3D visualisation

and analysis of high resolution imaging of microRNA-430 morpholino visualised transcription revealed large

localised transcription compartments within nuclei, termed here as ’foci’, which contain transcripts from

multiple genes. The presence and duration of transcription occurs a coordinated manner, showing heritable

relationships between parent and daughter cells, and the cell cycle duration showed a similar relationship.

This provoked a question regarding how cell cycle influences transcription as a heritable feature. These

analyses also revealed the limitations of conventional image processing methods, so I designed a 4D

microscopy image analysis tool which utilised a novel iteration of the watershed algorithm to segment nuclei

in highly noisy deep tissue environments. This tool was also able to trace nuclei over generations to provide

lineages, with data about cell cycles and nuclear geometries. Based off this, I was able to make early

characterisations of potential cell cycle memory effects between parent and daughter cells in pre-MBT cell

cycles. I also analysed these variations in cell cycle lengths in the context of nucleocytoplasmic ratio, and

position in the embryo, shedding light on how cell cycle variation and asynchrony can influence a mitotic

wave, which spreads across the embryo.
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2 General Introduction

2.1 Preamble

Transcription and cell division are processes fundamental to the existence of life, thus their regulation and

coordination are core paradigms to survival and growth. The coordination of these two processes in time

and space defines the orderly transition from fertilised egg to fully grown organism.

The early developmental stages of the zebrafish embryo represent a versatile model for studying systems

which undergo rapid growth and differentiation, as well as elucidating the primordial steps of embryonic

organisation. This embryonic environment offers a sandbox for probing the coordination of genetic events

in a rapidly dividing system, and their implications and consequences for downstream developmental states.

The zebrafish model is useful for in vivo imaging studies due to the accessibility to numerous transparent

eggs per clutch, relative accessibility for genetical manipulation to produce bespoke strains, and resilience

of embryos to the handling involved in preparing live imaging samples.

The rise of light sheet fluorescence microscopy (LSFM) has presented exciting opportunities for in vivo

biologists interested in the inner mechanics of such specimens in real time. This technology has made

it possible to conduct long term imaging in 3 dimensions, giving additional insights into embryogenesis,

tumorigenesis and neural function. The additional depth of data offered by such imaging modalities provides

the potential for discerning organism level implications of cellular function, but also provides challenges in

how questions are asked and how data is handled.

This thesis aims to shed light on spatiotemporal aspects of the organisation of genomic activation across

the embryo; specifically addressing the overarching biological questions of:

• Where/when does the early wave of transcription manifest across the embryo, and what it is its

relationship with cell cycle regulation

• Are cell cycle features inherited within pre-MBT embryonic cell lineages?

This work follows the handling of LSFM data in trying to understand the timing and manifestation of

genomic activation in the early zebrafish embryo and addressing the subsequent technical challenges and

biological questions spawned by this inquiry.
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2.2 Setting the scene: The transcriptionally silent environment of the early embryo

The role of transcription is a pivotal concept to understand when investigating nuclear phenomena in early

embryonic cells. The emergence of this fundamental life process is a hallmark of early embryonic development.

The transitional environment of the very early embryo presents a unique biological state which helps inform

when and where to look when trying to characterise the presence of transcriptional activation in the embryo,

as well as informing experimental design when probing the onset of zygotic transcription in model systems.

2.2.1 Maternal zygotic transition and Mid blastula transition

The early embryo is transcriptionally silent with maternal proteins and mRNAs responsible for driving the

majority of developmental processes; a phenomenon thought to be universal across the animal kingdom

(Vastenhouw et al. 2019). This period of transcriptional silence marks the duration in which the differentiated

egg and sperm cell are reprogrammed back into a totipotent cell. This totipotent cell will go on to divide

into the myriad cells which will construct a new organism. These maternally proteins and mRNAs are

maternally deposited in the egg pre-fertilisation and deprogram the fertilised egg by reverting it from a

differentiated germ cell to stem cells and perform metabolic and developmental duties in the zygote, whilst

also repressing zygotic transcription (K. N. Schulz and Harrison 2019). Very early development is thus

primarily translationally regulated, with translation of maternal transcripts being coordinated to perform the

metabolic and life support functions of the primordial embryo.

Thematernal zygotic transition (MZT) is a coordinated period of development during whichmolecular and

developmental processes are shifted from being driven by maternally deposited gene products to zygotic

controlled processes (Vastenhouw et al. 2019). Activation of endogenous transcription gradually activates

across the embryo and causing changes in the organisation and duration of the cell cycle (K. N. Schulz

and Harrison 2019). In slow developing organisms (e.g. mammals: humans and mice), this process

occurs until shortly after the first cell division following fertilisation, yet in fast developing organisms (e.g.

poikilothermic egg laying organisms such as Drosophila, Xenopus and zebrafish) this process occurs over

several synchronous cell divisions following fertilisation (Tadros and Lipshitz 2009). This is illustrated in

figure 2.1.

The cell cycle lengths of slow developing animals are also much longer than those of fast developing

animals, with the time until the first mitosis in mice occuring after 22hrs. In zebrafish, the first cell division

occurs after 40mins, with subsequent cell cycles until MBT ranging between 15 and 30mins (figure 2.1).

The embryos of slow developing animals such as mice and humans develop in the relative safety of their

mothers’ womb, and as such developmental processes may be delayed in favour of developing physiology
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Figure 2.1: Organisation of genome activation in animals models representing fast developing animals (left) and slow
developing animals (right). Clear triangular arrow denoting earliest detected transcripts represents the minor early wave
of ZGA and the filled triangular arrow indicates the onset of themajor wave of transcription. Diagram adapted from Jukam
et al. 2017.

to utilise resources provided by the mother (O’Farrell et al. 2004). The embryos of zebrafish or Xenopus are

within eggs, released into the wild for fertilisation. Development into larvae must be rapid to achieve motility

and increase chances of survival (O’Farrell 2015, K. N. Schulz and Harrison 2019, Yuan et al. 2016).

The Mid Blastula Transition (MBT) is the point at which the body plan of the organism begins to organise

(ibid.). Increased cell cycle lengths permits time for more transcription as well as time for cytoskeletal

remodelling so cells may migrate and drive shape changes during epiboly and gastrulation (O’Farrell et

al. 2004). MBT is a process absent from mammals, but is prevalent in fast developing animals (Yasuda

1992, Jukam et al. 2017). The MBT defines the point of global cell cycle desynchronisation and elongation

(Tadros and Lipshitz 2009). Whereas the maternal-zygotic transition (MZT) and the mid blastula transition

share overlap in their basic functions, they are distinct phases in embryonic development. Contrary to MZT,

which encompasses a prolonged period of transition, the MBT describes a singular switching point between

developmental stages, marking the onset of the major wave of zygotic genome activation (ZGA), and the

introduction of fully formed gap phases in nuclei (Yuan et al. 2016, Tadros and Lipshitz 2009, K. N. Schulz

and Harrison 2019).

2.2.2 The early embryo is in a state of transcriptional repression

The transcriptional silence of the early embryo is the result of genomic repression. The cellular environment

is non conducive to active transcription, either by inhibition or by not providing the conditions for it to occur.

Maternally deposited histones are thought to be involved in transcriptional repression in the zygote.
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The binding of histones to DNA may form heterochromatin that is inaccessible to transcription machinery.

Additionally, unbound histones may repress signalling pathways involved in permitting transcription. The

tail region of unbound histone 3 has been implicated in inhibiting the onset of gap phases, ordinarily during

which transcription is supposed to occur (Shindo and Amodeo 2020). Unbound histone 3 levels have been

shown to be elevated in the early embryo, prior to the conclusion of the MZT. Replication factors such as

treslin, RecQ4, Drf1 and Cut5 also contribute to repression of transcription (C. Collart et al. 2013, Langley

et al. 2014). Elevated levels of these factors drive increased levels of replication initiation events in the

rapidly dividing cells of the preMBT embryo, allowing complete genome replication in the short cell cycles.

In fast developing animals, the extremely short cell cycles also serve to repress transcription as there is not

enough time to transcribe longer genes (C. Collart et al. 2013).

The lack of essential transcription factors in the very early embryo is another reason for genomic repression.

A key component of transcription initiation, TATA binding protein (TBP), is scarce in the pre MBT embryo

(Ferg et al. 2007, Jallow et al. 2004). Experiments expressing TBP prior to MBT in Xenopus show it has the

capacity to bring the onset of MBT earlier (Veenstra et al. 1999).

2.2.3 Zygotic genome activation describes the release of transcriptional repression during MZT

The process of zygotic genome activation is not a discrete step, but encompasses multiple waves of gene

activation across the zygote, beginning with a minor early wave (figure 2.1)(discussed in more detail in

sections 2.2.4 and 4.1.2) of activation of a limited subset of genes, and then followed by one or more major

waves of activation in which genes are activated on a larger scale (Clara Collart et al. 2014, Harvey et al.

2013). The timing and organisation of these waves varies between species, yet this multistep process of

zygotic genome activation is conserved across animal species [Lee, Bonneau, and Giraldez 2014, K. N.

Schulz and Harrison 2019, Hwang et al. 2018].

A leading model regarding how zygotic transcription globally activates posits that the concentrations of

repressive maternal factors are titrated out by successive cell divisions. Termed Nucleocytoplasmic Ratio

model (NCR), cytoplasmic volume reduces drastically with early cell divisions and the concentration of non-

renewable maternally deposited factors drops concurrently (Newport and Kirschner 1982). Support for this

model primarily comes from experiments involving ploidy manipulation. Halving the nucleus content of pre

MBT cells in Xenopus and Drosophila by generating haploid embryos delayed MBT (Edgar et al. 1986,

Jevtić and Levy 2017). The concentration of maternally deposited transcriptionally repressive histones

decreases with cell divisions in the pre-MZT embryo. The titration of these proteins correlating with the

onset of transcription further supports the NCR model. TBP has been shown to be involved in this process

through its interaction with putatively repressive histones (Veenstra et al. 1999). The early expression of TBP
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in preMBT Xenopus egg extract only hastens the onset of transcription if chromatin assembly is disrupted,

suggesting that the titration of chromatin through successive divisions may be permissive for TBP to exert

its effect (Veenstra et al. 1999). One potential candidate repressive histone is the aforementioned histone

3 tail, whose titration over successive divisions has been implicated in the progression of MZT (Shindo and

Amodeo 2020).

Another model to explain the timing of the onset of MZT is thematernal clockmodel, in which a cascade of

biochemical reactions initiated by fertilisation function as a timer for transcriptional activation. Once particular

points in the cascade are reached, certain factors may be activated to begin clearance of maternal factors

and allow the onset of transcriptional activation. The accumulation of transcriptional activators, and of mRNA

degrading proteins, typically RNA binding proteins (RBP) is also pivotal in establishing the shift to zygotic

control transcription. The RBP Smaug is translated from maternal RNAs and its main role during MZT is

to bind to and target maternal RNAs for degradation (Benoit et al. 2009), which may reduce the translation

of repressive maternal gene product. The TBP levels in the early Xenopus embryo evidences this model.

TBP concentrations remain very low in the early embryo but translation of maternal TBP mRNA lead to

accumulation up until a peak at MBT (Veenstra et al. 1999). At MBT, TBP can facilitate ZGA through enabling

transcription initiation and aiding the clearance of maternal RNAs (Ferg et al. 2007).

Multiple models for the shift from maternal to zygotic may not be mutually exclusive occurrences, with

separate lines of evidence supporting either model, and TBP plays a key role in this process.

Small non coding RNAs are also involved in targeting maternal factors for degradation, which include

various microRNAs (miRNA), PIWI-interacting RNAs (piRNA) and small interfering RNAs (siRNA) (Pauli et

al. 2011). miRNAs are well characterised in this regard, having been shown to facilitate deadenylation and

repression of maternal transcripts (Giraldez 2010). There is further discussion of miRNA in section 4.1.2.

2.2.4 The MZT initiates a minor, early wave of transcription

A defining feature of the MZT is the early wave of transcription, which heralds the onset of zygotic genome

activation (ZGA). This is the gradual activation of the genome in cells across the embryo, presenting as a

low number of genes being expressed (Heyn et al. 2014, Tadros and Lipshitz 2009). These genes produce

products which facilitate the transition from reliance on maternal gene products. In mice, where ZGA begins

prior to the first cell division, many genes show a low level of activation although most of the resulting mRNA

is non functional due to inefficient processing, representing another layer of maternal repression (Abe et al.

2015). In zebrafish, over 500 genes are active in the early wave. These genes are short, suggesting

quick transcription times, seemingly limited by the repressive environment of the early embryo (Heyn et al.

2014) (further discussion in section 4.1.2). Across species, the early wave increases in gene production
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and intensity until the level of maternal products has been reduced and the subsequent major wave of

transcription may commence. Clearance of maternal gene product occurs in multiple stages beginning

during the MZT.

2.2.5 Initiation of transcription in the context of genome activation

There are numerous transcription factors which have been implicated in ZGA. Chiefly, Zelda (Zld) has been

shown to be instrumental in the activation of transcription in Drosophila embryos. Zld mRNA is maternally

deposited in the Drosophila embryo, and has been shown to associate with open chromatin regions, to

the extent that it is deemed a predictor of imminent transcription occurrences (Harrison et al. 2011). Zld is

associated with chromatin accessibility to transcription machinery, and is important in advancing ZGA via

pioneer factor like activities in enabling transcription (Katharine N Schulz et al. 2015).

Analogous to Zld in zebrafish are the transcription factors SoxB1, Nanog and Pou5f3. These transcription

factors activate transcription of the earliest genes during MZT. These factors are maternally deposited and

are highly translated prior to MZT where their activity comes into effect (Lee, Bonneau, Takacs, et al. 2013).

Additionally, TBP, as already discussed, is important to ZGA and MBT in zebrafish and Xenopus. TBP, the

levels of which rise up until MBT, forms part of the TFIID complex, which sets up the pre initiation complex

to which RNA polymerase ii (pol ii) is recruited (Margottin et al. 1991, Klages and Strubin 1995, Veenstra

et al. 1999).

Central to the production of RNA are the RNA polymerases. The main polymerase of interest during MZT

is pol ii, which is responsible for transcription of most mRNAs, microRNAs and sRNAs. Pol ii elongates

transcripts upon being recruited to the preinitiation complex (PIC) at the gene promoter (Petrenko et al.

2019). The PIC consists of transcription factors (TFs) which prepare the gene and pol ii for transcription. Pol

ii transcribes a small number of nucleotides, encounters a pause and then reinitiates transcription following

phosphorylation in serine 5 on the main subunit, to continue transcribing in this stop-start manner (Bartman

et al. 2019). The process of transcription initiates and progresses with the involvement of numerous TFs,

painting a picture of a dynamic machine with many moving parts needing to be in proximity with pol ii.

2.2.6 Phase separated bodies compartmentalise nucleus functions

Transcription factories (TxnFs) are foci of transcription initiation where regions of DNA requiring transcription

are localised (Iborra et al. 1996). These factories will contain all the relevant RNA polymerase ii (pol ii) and

TFs required to initiate andmaintain transcription. TxnFs appear to be small foci, smaller than 100nm in size,

just large enough for the clustering of the key components of transcription machinery (figure 2.2) (Rieder

et al. 2012). Understanding the relationship of TxnFs with nuclear and chromatin organisation may provide
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Figure 2.2: Diagram of transcription factory showing genes being transcribed from central location adapted from Weng
and Xiao 2014

important navigational cues when trying to visualise transcriptional processes.

TxnFs are sub-compartments within the nucleus, akin to other nuclear bodies such as the nucleolus or

Cajal body. These nuclear bodies are discrete, membrane-less compartments which contain the necessary

transcription factors to access DNA and produce RNA. They are thought to exist as phase separated liquid

regions with separate physical properties to the nucleoplasm surrounding them (Hnisz et al. 2017). High

concentrations of TFs and pol ii may facilitate this phase transition. The C terminus domain (CTD) of pol ii

is an important regulatory site, involved in numerous post translational modifications, and interactions with

TFs and chromatin modifiers. Additionally, it has been shown that the heptapeptide repeat sequence nature

of pol ii CTD may facilitate liquid-liquid phase separation through the formation of a hydrogel environment in

regions rich in pol ii (i.e. putative TxnFs). Clustering of TFs around a focus such as those that occur around

promoter and enhancer sites may also contribute to liquid phase separation, due to myriad non-covalent

linkages between the high concentration of TFs (ibid., Harlen and Churchman 2017).

How TxnFs are formed is not fully understood, although current evidence suggests TxnFs consist of a

protein core in which high concentrations of TFs, notably pol ii, are tethered in place (Iborra et al. 1996,

Hari-Gupta et al. 2020). The persistence of pol ii rich foci following inhibition of transcription initiation and

elongation suggest regions where TxnFs form are organised prior to the initiation of transcription, and exist

as discrete subnuclear compartments (Mitchell and Fraser 2008). Current models posit that genes are

brought in proximity to a preformed TxnF via chromatin remodelling (A. Kim and Dean 2012, Mitchell and

Fraser 2008, Sutherland and Bickmore 2009). This remodelling may be the result of histone acetylation

(Canals-Hamann et al. 2013). The notion of TxnFs as discrete nuclear structures existing in the absence

active transcription is not without controversy, with an alternative model suggesting TxnFs emerge at sites

of high transcriptional activity as a result of high local concentrations of pol ii and other TFs producing a
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highly proteinaceous microenvironment around a gene cluster, causing the induction of a phase separated

droplet (Sutherland and Bickmore 2009, Yao et al. 2007).

2.3 Single cell to blastula: Cell divisions are a focal point in understanding the

maturation of the embryo

2.3.1 Pre-MBT cell cycles are rapid

The cell cycle is a highly coordinated process, consisting of compartmentalisation of processes to discrete

phases. Of these functions are DNA synthesis and transcription. In the pre-MBT embryowithin fast developing

organisms such as the zebrafish, the rapid cell cycles present an environment which contrasts with the

conventional understanding of how cell cycle events are coordinated.

The embryonic cell cycle is divided into discrete phases, describing a progression of growth, synthesis

and division. The basic divisions of the cell cycle are interphase, prophase, metaphase, anaphase and

telophase (figure 2.3). Interphase is the phase during which DNA is synthesised and genes are transcribed,

and the other phases are the mitotic phases (M-phase) where the nuclear contents are reorganised in

preparation of cell division.

In organisms where MZT occurs later in development, early embryonic cell cycles are typically faster than

post MZT cell cycles, and these cell cycles are highly synchronous with each other. During and following

MZT, cell cycles drastically elongate, resulting in cell cycle lengths more typical of differentiated cells (Tadros

and Lipshitz 2009).

Figure 2.3: Phases within interphase (G1, S, G2), followed by mitosis during which mitotic phases (prophase,
metaphase, anaphase, telophase) occur. Diagram adapted from Coleman et al. 2004.
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2.3.2 The elongation of the cell cycle and gap phases is a major outcome of MBT

Interphase is further divided into subphases. The general structure of interphase follows a progression of

G1-phase -> S-phase -> G2-phase (figure 2.3). The G-phases are ‘gap phases’ in which transcription

predominately occurs. S-phase is ‘synthesis phase’, which is the phase for DNA replication in a non-

quiescent, or a senescent cell (Sankar et al. 2016). The presentation of these early embryonic gap phases

varies between organisms. In humans and mice, they are present but are relatively brief compared to gap

phases beyond MZT, yet in Drosophila, Xenopus and zebrafish (our system of interest), gap phases are

absent until after MZT. In these organisms, the early embryonic interphase is synonymous with S-phase

(figure 2.4) (Newport and Kirschner 1982, Edgar et al. 1986, Kane and Charles B Kimmel 1993).

Figure 2.4: The organisation of the cell cycle changes as development progresses, with simple mitosis to S-phase
making up the earliest cell cycle program, followed by the onset of gap phases (G1 and G2) later in development, which
together with S-phase form the interphase, which emerges in the phase denoted by embryonic stem cells (ES cells). The
embryonic stages shows depictions of both mouse and zebrafish embryos, representing the difference in onset of gap
phases between slow and fast developing animals. Diagram adapted from Padgett and Santos 2020 with modifications
added using resources from BioRender.com.

DNA content must be doubled via replication prior to mitosis. S-phase is the dedicated phase in which

this process occurs. Transcriptional processes are significantly reduced during this period. Transcriptional

repressors are elevated during S-phase, as both DNA synthesis and transcription both require access to

the DNA and there is a risk of clashes between the two processes which could potentially lead to cell cycle

arrest (discussed below). Other key components to advancing S-phase are replication factors. Replication

factors which have relevance to MZT include treslin, RecQ4, Drf1 and Cut5. These four replication factors

are maternally deposited and have been shown to repress not only zygotic transcription, but also the onset

of gap phases in early embryonic cells (C. Collart et al. 2013, Langley et al. 2014).

The development and/or elongation of gap phases is a key driver of cell cycle lengthening, via increasing
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the duration of interphase. The progression from G phases to S phase or mitosis is regulated by checkpoint

signalling pathways (Kastan and Bartek 2004). Checkpoint mechanisms help shift the cell through the

different phases of the cell cycle, by sensing if conditions are favourable to enter mitotic programs, or

programs permissive to mitosis. Notable proteins in checkpoint pathways include Chk1, cyclins, and various

Cyclin dependent kinases (CDK’s). CDK1 has numerous functions in cell cycle progression, but has a key

role in advancing S-phase. Furthermore, Chk1 is important in advancing the cell fromG2 phase intoM-phase

(Tang et al. 2006), through its inhibition. The fast cell cycles of the early embryo exhibit Chk1 inhibition by

way of excess histone 3, preventing prolongation of interphase and advancing rapid cell divisions (Shindo

and Amodeo 2020). Disinhibition of chk1 due to the titrating of unbound histones contributes to gap phase

development during MZT. In Drosophila, titration of cyclins with successive nuclear divisions is associated

with cell cycle elongation. Cyclins, important for the transition from interphase into mitosis, are reduced thus

permitting elongation of interphase (Stiffler et al. 1999).

2.3.3 Chromatin conformation changes with cell cycle phases

The process of M-phase prepares the nucleus to be able to divide and form two daughter cells. The visually

indistinct, amorphous conformation of chromatin during interphase begins to take on order in the earliest

stages of M-phase. During prophase, chromatin, whilst still diffuse begins condensing, forming small local

clumps of compact chromatin. In metaphase, chromosomes are tightly wound into condensed discrete

structures, ready for segregation into the two poles of the dividing cell. In anaphase, the chromosomes are

pulled into their separate poles, and in telophase, chromatin begins to unpack as the new nuclear membrane

reforms in the newly divided cell (these phases shown in figure 2.5) (Alberts 2008). These phases can be

characterised in microscopy, though the examination of imaging parameters (discussed in section 4.2.6).

Figure 2.5: Phases of early (256 cell stage) zebrafish embryo cell cycle showing the various states of chromatin. a)
S phase b) prophase c) metaphase d) anaphase e) telophase. Chromatin is visualised with H2B mRuby. Images are
maximum intensity projection views of light sheet imaging by Yavor Hadzhiev.

It was long assumed that transcription ceased during M-phase, largely due to the compacted chromatin

rendering its component nucleosomes inaccessible to transcription machinery (Parsons and Spencer 1997,

D. Prescott and Bender 1962). Chromatin conformation is permissive to transcription as chromatin remodelling
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has been shown to precede transcriptionally active states in embryonic cells during interphase (Eckersley-

Maslin et al. 2018). Emerging evidence suggests a low level of transcription can be sustained into the mitotic

phases, through transcription machinery which remained bound from interphase. This phenomenon was

shown in cell culture on HeLa cells and is yet to be observed in vivo, but it represents the possibility of low

levels of transcription persisting into M-phase (Palozola et al. 2017).

2.3.4 Rapid cell cycles present challenges to the cooordination of transcription and DNA synthesis

Transcription andDNA replicationmachinery require access to the sameDNA template. Concurrent transcription

and DNA replication risks collisions between machinery if both processes happen to occur at the same place

at the same time. This can result in arrest of DNA replication fork, termination of transcription, or breakage

of the DNA strand (Alzu et al. 2012, Brewer and Fangman 1988, Wang et al. 2021).

Typically, this conflict is avoided by temporally compartmentalising transcription and replication into gap

phases and S-phase respectively. Checkpoints would also be involved in regulating the progression of cell

cycle by ensuring DNA integrity is preserved, and arresting cell cycle if something is awry (Kermi et al.

2019). The early wave of transcription during MZT seems counter-intuitive, given the knowledge that early

embryonic gap phases are extremely fast, or non-existent; hinting at potential conflict with how replication

and transcription can coexist in this abnormally truncated cell cycle.

How replication and transcription are reconciled in the rapid cell cycles of fast developing organisms is

unclear. Cell cycle length, and thus interphase/S-phase duration in fast developing organisms has been

shown to influence the quantity and length of transcripts (Vastenhouw et al. 2019, Dalle Nogare et al.

2009). This hints at a juggling act between replication and transcription, and there may be limited separation

between the two processes. Analysis of transcribed mRNAs in Drosophila, which lacks gap phases during

ZGA, reveals that mostly short intronless genes are transcribed and much of the transcribed product is

truncated and ineffective (Kwasnieski et al. 2019). This suggests that in organisms where gap phases

are absent, the transcription-replication conflict may be unresolved and replication occurs at the expense

of transcription. Additionally some truncated transcripts may be the product of incomplete transcription of

longer genes which did not have the time to complete transcription during the brief pre-MBT cell cycle. This

suggests that cell cycle may be a regulating factor for pre-MBT transcription, by being too brief to allow high

levels of transcription to occur.

2.3.5 Inherited variations in dividing cells: Epigenetic inheritance

In addition to passing on copies of their genomes to their daughter cells, dividing cells also pass on idiosyncratic

features developed over the course of their own cell cycle. This epigenetic inheritance is mainly achieved
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through post translational modifications of histones within nucleosomes, and via methyl marks on DNA itself.

Inherited characteristics which may affect gene regulation or cellular processes may influence cell cycle and

transcriptional dynamics in embryos undergoing MZT [Cheedipudi et al. 2014, Probst et al. 2009, Xu et al.

2011].

During MZT, chromatin is remodelled to open various chromatin sites for transcription (Orsztynowicz et

al. 2017). Chromatin states have been implicated in epigenetic inheritance through multiple mechanisms.

The conformation of chromatin is thought to be passed on to the next generation via methylation and

acetylation modifications to the histones which comprise it. Nucleosomes have been shown to ‘remember’

their positions within the nucleus following division, and this has been suggested to have implications for

transcriptional regulation (Reinberg and Vales 2018).

Heterochromatin is often marked with Histone 3 Lysine 9 Trimethylation (H3K9me3), a ubiquitous histone

modification, which can be inherited by daughter cells in the early embryo. In zebrafish H3K9me3 appears

during MZT, but not prior. This is reflected in the lack of heterochromatin prior to the completion of MZT

(Laue et al. 2019). The appearance of H3K9me3 opens the possibility of transmitting chromatin states, and

potentially influencing gene regulation in embryonic cell lineages.

An example of inheritance of active transcriptional states is from experiments in Dictyostelium which

showed through the use of live imaging of transcription that Histone 3 Lysine 4 methylation (H3K4me)

was associated with correlated transcriptional activity between parent and daughter cells. Intefering with

H3K4me abolished such correlated activity (Muramoto et al. 2010). Inheritance of transcription promoting

chromatin states may be involved in driving differentiation and cell fate.

In this vein, transcriptional memory was identified in the earlyDrosophila embryo, through visualisation of

early transcribed genes during MZT. The asynchronous activation of transcription across the embryo shows

that only a small number of nuclei show transcription activation at the beginning of MZT. These experiments

showed that parent nuclei which transcribed earlier during MZT were more likely to produce daughter cells

with active transcription (Ferraro et al. 2016).

2.4 How to investigate development in real time: An overviewofmicroscopicmethods

and their considerations

2.4.1 Light scattering

Prior to acquiring and analysing light microscopy data, it is contextually important to discuss the nature of

the diffractive properties of light. An understanding of diffraction phenomena as a useful orientational primer
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before exploring microscopic data in a meaningful way, as diffraction is an unavoidable phenomenon which

will define the clarity of an acquired image. When designing imaging experiments, an understanding of

diffraction is implicit when selecting numerical aperture (NA) and imaging media.

Light emitted from a circular point source is diffracted when it enters the objective lens of the microscope.

This scattering of light causes interference with overlapping diffracted signals, producing diffraction pattern.

The 2 dimensional cross sectional pattern of diffracted light in the microscope focal plane is known as the

point spread function (Cole, Jinadasa and Brown, 2011).

The light emitted from the central source point spreads in the x,y directions, perpendicular to the direction

of emission. The point spread function (PSF) of a circular point source and numerical aperture consists of a

central beam of focussed emitted light, and a repeated concentric pattern surrounding it are scattered light.

The intensity, of scattered light decreases in magnitude with more distant rings (Cole et al. 2011). The central

focus of light is known as the airy disk, the diameter of which is the Airy Unit. The peripheral concentric rings

are known as airy rings (Korobchevskaya et al. 2017). Together, the airy disk and rings produce the airy

pattern. In terms of applying this knowledge to imaging, airy rings carry photonic information from the light

source, but their quality and intensity progressively degrades with each ring (Karman et al. 1998).

This is informative for data analysis because the way light is scattered and is collected before reaching

the sensor determines the clarity of the image, the introduction of artifacts and noise, the ability to distinguish

between adjacent light sources (resolution) and the ability to determine the approximate size of a light source

in an image. It is also representative of the notion that the image seen on the computer screen following

a round of imaging is only ever an approximate representation of the light source. Some information is

invariably lost in transmission, via interference and computational reconstruction, from light source to image

output.

An important and unavoidable factor which will affect image quality regardless of imaging modality is

depth. Image acquisition from deep within a sample will be of lower quality as light emitted from fluorophores

will be scattered by the sample around them. In the case of imaging a whole zebrafish embryo, fluorescence

emitted from the centre of the embryo will undergo more scattering and signal degradation than fluorescence

emitted from the surface of the embryo.

2.4.2 Light sheet fluorescence microscopy

Light sheet fluorescence microscopy (LSFM) relies on passing a sheet of laser light through a transparent

sample, and exciting fluorophores. Although the fundamental principles of lightsheetmicroscopy are constant

across machines, the light sheet set up described here will be based off the workings of the Zeiss Z.1, as

that is the instrument relevant to this report.
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The specimen is suspended in a column of low melting point agarose. A beam of laser light is expanded

into a sheet by passing it through a series of lenses, mirrors and prisms. This sheet of light is passed through

the specimen, with the plane of light oriented perpendicular to the objective lens (figure 2.6). Fluorophores

introduced in/endogenous to the specimen are excited, emitting fluorescence which is collected by the

objective lens and sent to the sensor. The light is not passed through a pinhole, as the field of view is large

and is expected to cover numerous light sources. The light is focussed via lenses onto a single sCMOS

sensor.

A key issue with this with regards to producing images for analysis is the optical anisotropy across the field

of view. In images covering a large area, fluorophores from the periphery will be of lower clarity. The PSF

properties from fluorophores distant to the focal centre will be different to the PSF of the central fluorophores.

This can lead to an ‘out of focus’ effect for peripheral regions, making them harder to interrogate during image

analysis (Wu et al. 2016).

The specimen is moved in the z axis to image in 3D. LSFM is useful as it can quickly perform a 3D scan

of a specimen, while minimising photo-toxicity and photo-bleaching. Adverse effects of laser light exposure

are minimised as laser light sheet illumination only occurs in a single plane at a time, rather than illuminating

the whole specimen, preserving fluorophores in the rest of the specimen until the light sheet passes through

(Pampaloni et al. 2013). This method of imaging can relatively quickly produce an entire embryo scan, as

the sheet of light illuminates an entire Z plane at once.

Figure 2.6: Zeiss Z.1 lightsheet microscope render, showing embryo (located at intersection between blue and green)
mounting, sheet of laser light (blue) and fluorescence (green). Adapted from (Zeiss, 2014).

2.4.3 Airyscan confocal microscopy

Airyscan confocal microscopy (ACM) is a variant of confocal laser scanning microscopy (CLSM) able to

utilise more photonic information from airy rings emitted from the laser excited fluorophore, to construct

more clear, detailed images. Generally, CLSM is favourable over widefield microscopy as a single laser

beam illuminates a single point on the specimen, rather than bathing the whole specimen in light. This can
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reduce phototoxicity and photobleaching (Korobchevskaya et al. 2017).

In conventional CLSM, the laser beam stimulates fluorescence from fluorophores in the specimen, which

is collected by the objective lens, and passed through a pinhole, which allows only the airy disk to reach the

sensor while blocking the less focussed airy rings.

The airyscan module for a confocal microscope uses the same laser illumination and objective lens,

but redirects the collected light down a different path where the light is not passed through a pinhole but is

focussed through lenses and the entirety of the emitted fluorescence is detected. ACM does not discard the

airy rings but collects scattered light from the source and reconstructs the image using this extra information,

via it’s array of 32 tessellated hexagonal sensors (figure 2.7)(Huff 2015). This can lead to a higher quality

image, as the PSF is collected not from a single sensor, but discrete portions of it are detected by individual

sensors, and the original image is reconstructed by digitally re-stitching the scattered airy rings together to

form the original image, prior to diffraction at the NA. In this way, it is expected to reconstruct some of the

information obscured by diffraction, and usually lost in conventional CLSM (Korobchevskaya et al. 2017).

Figure 2.7: The spread of the airy pattern on the hexagonal sensor array of the airyscan microscope

For both described methods of confocal microscopy, it is important to note that a single laser beam is

used for illumination, which needs to scan in the X and Y dimensions, per Z plane. This can make obtaining

a single 3D image (per time point) relatively time consuming, making ACM suboptimal for whole embryo

scanning, but is best used for focussing on a region of tissue, for maximal image quality and clarity.

Spinning disk technology substantially decreases the image acquisition time of CLSM. This has potential

for increasing the field of view while maintaining reasonable temporal resolutions for 4D imaging. Spinning

disk modules utilise an array of pinholes covering the entire sample, and tracking over the sample for

simultaneous excitation and detection of fluorescence in a sample, and in doing so, eliminate the need

for x,y scanning.
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2.4.4 Data Handling: Current methods and issues

4D imaging methods output large volumes of data, particularly in the case of whole embryo LSM which

outputs data sizes into the terabyte range. Large data sets, while powerful in terms of the data they can

contain, have large computational overheads. There are many technical aspects of imaging technology to

be aware of when querying data for reliability and analytical purposes. The structure of an output image

from 4D microscopy will determine how to approach analysis, and which manipulations to make at the

fundamental level for computational tasks to be viable, while maintaining integrity of the image quality.

Image file size increases in magnitude with the addition of more dimensionality. This dimensionality

can be broken down into bit depth, and resolution in x, y, z and t. Bit depth and resolution arise from the

physical capabilities of the camera sensor (sCMOS, or CCD) in the microscope. Dimensionality relies on

the mechanical capabilities of the microscope.

The first factor which will set the size of the output image file is the bit depth. Bit depth represents the

amount of bits of data that are encoded per pixel. The level of bit depth determines the fidelity of the image,

as it determines the levels of light (termed grey scales) the sensor is able to discriminate between (Wallace

et al. 2015). A higher bit depth increases the number of bits per pixel, increasing the data per pixel, thus

using more memory per pixel, and increasing the final file size. A 16 bit pixel carries twice as much data

as an 8 bit pixel. In geometrical terms, this can be seen as data representation in 1 dimensional space. An

image processing consideration arising from this could be to reduce the bit depth of a high bit image, though

this is dependent on what level of quality is required for performing a reliable analysis.

The image resolution in 2 dimensions (x,y) is the next determinant of file size. Modern sCMOS chips

can support resolutions up to 2560 x 2160 pixels, increasing image resolution and file size (Fowler et al.

2010). A 3D image is a stack of 2D images (the z plane). The number of stacks used to obtain a 3D image

will affect the size of the data file, making the axial resolution an important consideration when obtaining

data; better axial resolution will produce higher fidelity images for analysis but will inflate data sizes, making

computation difficult. With regards to fidelity, the z-stack parameters will determine how the pixels for each

2D sheet are converted to voxels (display unit of 3D image, with an x, y and z coordinate and a colour/gray

value) in 3D rendering. This can affect how volumes are represented, and reduce 3D geometrical accuracy.

A 4D output is a series of 3D stacks, making temporal resolution (t) the focus of data size compromise.

With this in mind, it is not unreasonable that a high fidelity 4D image will have a file size in the terabyte

range. Parsing this kind of data in its raw form can be problematic for all but the most powerful computers,

due to system memory limitations. Image processing on large data sets thus becomes prohibitively time

consuming or simply not possible. As a result large datasets need to be manipulated before processing can
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begin. Understanding how to store data, and what tools are available to process and analyse it follows from

understanding how the imaging data is constructed.

2.5 Danio rerio: a fine laboratory model for studying developmental phenomena

2.5.1 Zebrafish model

Zebrafish are useful laboratory animals due to their high fecundity, ease of manipulating their breeding

cycles, rapid development from fertilisation to larva, and relatively short maturation period from egg to sexual

maturity of approx. 3 months (C. B. Kimmel et al. 1995). They function well as a model vertebrate system as

development occurs in transparent eggs, and the larvae remain transparent during organogenesis, allowing

researchers to observe visceral phenotypes that would ordinarily be hidden in other developing vertebrates.

These attributes make phenotypes easy to screen very early on bypassing the need for complex, risky

invasive procedures thus making in vivo intracellular imaging feasible.

Zebrafish are useful in genetic studies as their genome is sequenced and well-studied. There is a large

degree of genetic similarity, with 71.4% of human genes having at least 1 orthologue in zebrafish, and 69%

of zebrafish genes having at least 1 orthologue in humans (Howe et al. 2013). Processes critical to life, such

as early embryonic transcription, show high levels of genetic and functional conservation among vertebrates

(Duret et al. 1993). In addition to the homology between humans, this conservation suggests that studies

performed in zebrafish may be applicable to human biology also. As a result, zebrafish are a useful model

organism to study transcription, particularly before translating research into mammalian systems.

2.5.2 Zebrafish development

The cell cycle divisions immediately following fertilisation are highly synchronous and rapid. MZT begins

at the 6th cleavage, or 64 cell stage, which occurs at approximately two hours after fertilisation (Kane and

Charles B Kimmel 1993). MZT concludes and ZGA is achieved at approximately 1000 cell stage, midway

through the blastula period approximately one hour after MZT onset. During this time period, blastomeres

form, the yolk syncytial layer forms and global cell cycles are elongated and asynchronous. This is the

primary time period of interest for this thesis.

The dividing cells of the embryo sit atop the yolk, from where they draw nutrients for growth. The yolk is

a prime target for delivery of substances into the very early embryo as the cells sitting atop the yolk cell are

still in partial syncytium with the yolk and substances introduced into the yolk may be actively transmitted

into the cells of the cleavage stage embryo (ibid.). After cleavage stage, the syncytium with the animal cop
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Figure 2.8: The progression from cleavage to blastula stage, showing the arrangement of cells of the animal cap in
relation to the yolk. Adapted from C. B. Kimmel et al. 1995

begins to decline as cells cluster atop one another, as shown in figure 2.8 (Kane and Charles B Kimmel

1993). This poses a challenge for late stage injections into yolk as it would result in unpredictably uneven

distribution of substance across embryonic cells, assuming this was intention of injection.

The single large cell divides into smaller cells, conserving the overall geometry of the animal cap:

resulting in drastic reductions in cytoplasmic volume relative to nuclear volume. Nuclear volume also

decreases with these early divisions, although not nearly as drastically. This physiology is consistent with

the NCR model of MZT.

2.6 Relevance to this thesis

In this introductory chapter, I have discussed the period of maternal zygotic transition, and how cell cycles

and transcription fit into this environment. This primer lays the groundwork for the following chapters, where

in the context of MZT in the zebrafish embryo, I will discuss the activation of transcription, microscopy

processing and analysis methods, and inheritance of cell cycle features and transcription.

Our initial inquiry is about the activation of transcription in the early zebrafish embryo. We will attempt to

understand global spatiotemporal aspects of transcription activation across the embryo. Secondly, I attempt

to address technical challenges brought forth from handling 4D data sets. I design and create a software

tool to analyse inherited features in early embryonic lineages. Thirdly, I implement said tool on light sheet

imaging datasets to identify the presence of inherited cell cycle characteristics.
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3 Methods

3.1 Zebrafish

All zebrafish handling and imaging was conducted by Yavor Hadzhiev, Kacper Wozniak, Aleksandra

Jasiulewicz.

3.1.1 Husbandry

Zebrafish were kept in a recirculating system (ZebTEC, Tecniplast) in an aquatics facility. Fish were kept at

26oC in a set 10hr dark/14hr light photoperiod, and were fed three times per day. Breeding was set up in a

pair wise manner. Males and females pairs were put in breeding tanks with a clear breeding barrier between

the pair. The following morning, within an hour of the light cycle, the barriers in each breeding tank were

removed to allow males and females to mate. Eggs were harvested and sent immediately for injection.

3.1.2 Protein preparation

All protein preparation methods outlined in this section were carried out by Divyasree Poovathumkadavil of

the Gambus Lab

mRuby3:H2B was amplified via PCR from the pKanCMV-mRuby3-10aa-H2B (Addgene, 74258) plasmid,

and mApple:PCNA was PCR amplified from mApple-PCNA-NLS-4 (Addgene, 54937). Using an In-Fusion

HD Cloning Plus Kit (Clontech, 638910), mRuby3:H2B and mApple:PCNA were each sub-cloned into a

Ndel/BamHI linearised pET-28a+ plasmid, keeping in frame with the N-terminal 6xHis-Tag.

The resultant plasmids underwent transformation into E. coli BL21 (DE3) and the subsequent proteins

was expressed in LB media following IPTG induction at 20oC.

Cell lysates containing mApple:PCNA were resuspended in 50mM Tris HCL (pH8), 250mM NaCl, 10mM

imidazole, 2mM MgCl2 and 10% glycerol.

Cell lysates containing mRuby3:H2B were resuspended in in 50mM Tris HCl (pH8), 500mM NaCl, 10mM

imidazole, 2mM MgCl2, 5% glycerol and 0.3% Brij.

Buffers were supplemented with BitNuclease, PMSF and protease inhibitors.

Sonication, followed by centrifugation of lysates clarified cell extracts, and proteins were purified using

Nickel affinity chromatography (Generon). mApple:PCNA and mRuby3:H2B were dialysed against 500mM

KCl, 20mM PIPES, 100µ M EGTA at pH6.8 using 12kDa columns (Pur-A-Lyzer, Sigma).

29



3.1.3 Injections

One-cell stage wild type zebrafish embryos were injected with 2nL solutions of 7µM morpholino (Gene Tools

LLC) in the yolk in nascent transcription visualisation experiments.

400ng/uL of both mApple:PCNA protein, and mRuby3:H2B were injected at one-cell stage for their

respective experiments. mApple:PCNA was used to visualise S-phase in vivo, and mRuby3:H2B was used

as a general in vivo nuclear dye.

Following injections, embryos were incubated at 28oC in E3 fish media until imaging.

3.1.4 Transcription block

Transcription block was applied at one cell stage zebrafish embryos bymicroinjection with 200pg α -amanitin

(Sigma A2263), or treatment from one cell stage until imaging with 1µ M triptolide (Sigma T3652).

3.1.5 Cell cycle elongation

Wild type embryos were injected at one cell stage with a solution mixture containing 200pg of Xenopus chk1

mRNA, 200pg miR430 MO and mRuby3:H2B. Controls were injected with 200pg mCherry mRNA, 200pg

miR430 MO and mRuby3:H2B.

3.1.6 Generation of tetraploid embryos

Tetraploid embryos were generated by applying heat shock of 42oCat 20mins following fertilisation. Embryos

were transferred from 28o C incubator into a dish in a 42o C water bath for 2mins. Embryos were then

returned to 28o C to continue development. Heat shock treated embryos were selected based on failure

to undergo cytokinesis at the timing of the first cleavage, and were used to imaging once they reached the

appropriate developmental stage.

3.1.7 Lines

In addition to using wild type embryos injected with mRuby3:H2B for visualising the nucleus, a transgenic line

with fluorescent Histone H2Bwas initially used. This was line Tg(Xla.Eef1a1:h2b-mrfp1) (http://zfin.org/ZDB-

TGCONSTRUCT-130711-1 26), provided from the University of Sheffield, UK. Embryos from this line were

also used in transcription imaging experiments.
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3.2 Imaging

3.2.1 Light sheet

Light sheet microscopy was conducted on Zeiss Light Sheet Z.1 using a 20x objective lens. Embryos were

mounted in a column composed of 1% low melting point agarose, and imaged at 28o C. Images in the light

sheet microscope were taken every 30-90s, with between 200-300 z-slices acquired for different datasets

(datasets and accompanying metadata in appendix). Post imaging processing was performed in Zeiss Zen

Black software.

3.2.2 Airyscan

Airyscan microscopy (used for 3D analysis in chapter 4) was conducted on Zeiss 880 confocal microscope

with a fast scanning airyscan module. Embryos were mounted in 0.5% low melting point agarose, inside

a glass bottom imaging dish maintained at 28oC during imaging. 100-200 Z-slices were taken every 30-

60s using a 40x objective lens. Post processing of imaging outputs was performed using Zeiss Zen Black

software.

3.3 Statistical analysis

Statistical analyses were performed using the R programming language, specifically R 3.5.1 (R Core Team

2018). R was used to perform Pearson regressions and to create boxplots. No special statistical packages

were downloaded for this use.

3.4 Software

All computational work was conducted by myself, with a contribution from Andor Magony in setting

up the base for the 3D segmentation tool.

3.4.1 2D and 3D processing

4D (3D + t) microscopy data from light sheet imaging was converted to maximum intensity projection using

Zeiss Zen Black Software (Carl Zeiss GmbH, Germany). Zeiss Zen Blue software was used to subset data

for small scale 3D analyses in chapter 5.
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2D Image analysis of maximum intensity projections (for chapter 4) were principally conducted using Icy

Bioimage (versions 1.9.5.0-1.9.7.0, Quantitative Image Analysis Unit, Pasteur Institute, France). A script

was written in the Icy script writing tool, using the Icy JavaScript libraries. 3D image analysis of Airyscan

data was also conducted via the same versions of Icy Bioimage as used for 2D analysis. Github URLs for

scripts linked in section 3.4.3.

ROI’s were generated around features automatically using the spot detector plugin (further elaboration

on development and implementation of this method in section 4.2.2, with size criteria for feature area or

volume being created individually for each dataset. Spot detection was used in both 2D and 3D.

Fiji ImageJ (Schindelin et al. 2012) was used to convert .czi files as .tiff series for processing in my

custom segmentation software.

3.4.2 Software Development

Python scripts were constructed using Python 3.8.5 within the Linux Ubuntu operating system, version 20.04

LTS (Canonical, USA). Key libraries used in the construction of the 2D segmentation software are as follows:

Watershed seed creation was built using find_peaks function from scipy library (Virtanen et al. 2020). Peak

clustering was performed using DBSCAN clustering algorithm from scikit-learn library (Pedregosa et al.

2011). OpenCV2 library was used for dilation image transforms, creating exclusion zones around watershed

seeds, gaussian blurring and creating the watersheds from the seeds.

The 3D segmentation part of the tool was constructed in MATLAB (Mathworks, MATLAB ver. 2019b). A

segmentation base was provided by Andor Magony, which used the in built watershed library to convert raw

images into 3D segmented outputs. This basic version of the tool operates on raw microscopy slices via

implementing a median filter to remove noise. A threshold is applied to create a binary, and a small object

filter to remove debris. 8-connected components (bwconncomp) labelling between binary image stacks joins

binarized features per slice into 3D objects. Imfill function is used to close holes in segmented objects to

give solid volumes, the measurements for which can be exported as metadata. My modifications bypass

the raw image processing and feed 2D segmented stacks into the 3D segmentation portion. Multithreading

was also added, using the parfor function.

The transformation module part of the segmentation/tracking tool was written in Python to link the 3D

segmentation output with the tracking tool. Centroids of 3D features are stored in a csv file, with metadata

containing their volumes and x,y,z and t dimensions. All values used in processing to this point have been

in pixels, so the transformation converts this to microns, based on user input provided from the graphical

user interface. The tracking module was also built using Python. The tracking functionality was based on

the KDTree function from the scikit-learn library. Github URLs to scripts linked in section 3.4.3.
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More detailed discussion regarding how this tool came together is in chapter 5.

3.4.3 Scripts

The scripts created for this thesis can be found at:

• Icy javascript for 2D tracking analysis - https://github.com/Subject-Infinite/icy_roi_group

• Segmentation and tracking software tool - https://github.com/Subject-Infinite/SME

• File and folder arranging before segmentation/tracking - https://github.com/Subject-Infinite/

SME/tree/main/utility_scripts

• Validation of tracks using 4Dmax projection - https://github.com/Subject-Infinite/SME/commit/

d9be7597180b515d4c3ba9054ad2b8b727c4fb99

• Script to compare cell cycle lengths between parent and daughter cells - https://github.com/Subject-Infinite/

SME_output_lineage_plot

• Create 2D plots of mitosis locations in the transition between pre-MBT embryonic stage - https:

//github.com/Subject-Infinite/Mitosis_point_detect
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4 In vivo detection and characterisation of transcription and cell cycle

during the early transcriptional wave

4.1 Introduction

4.1.1 The Midblastula transition in the zebrafish embryo

The zebrafish embryo undergoes rapid growth in the first 5 days post fertilisation, developing from a single

cell to a free swimming, free feeding larva with a mostly developed set of internal organs (C. B. Kimmel et al.

1995). The first 3-4hrs of development post fertilisation see near exponential cellular growth (figure 4.1), a

time during which the developmental physiology of the embryo shifts from maternal control to endogenous

control.

Figure 4.1: Milestones in zebrafish development, showing the extent to which zebrafish develop in the first 3hrs hours
post fertilisation adapted from C. B. Kimmel et al. 1995. At 64 cell (2hrs post fertilisation) stage the first vestiges of
transcription are detected, and by 1000 cells (approx. 3hrs post fertilisation), full genome activation has occurred. This
hour of development will be the subject of discussion for this thesis.

The earliest developmental stages in animals are controlled by maternal RNAs and proteins, deposited in

the oocyte during its formation (Tadros and Lipshitz 2009). The switch from maternal control of development

to embryonic/zygotic control is a critical milestone in the development of an animal and involves the degradation

of maternally deposited factors and the activation of the embryonic/zygotic genome. In zebrafish, MBT

occurs at cell cycle 10, or 1000 cell stage figures 4.1, 4.2(C. B. Kimmel et al. 1995, Vastenhouw et al. 2019).

Figure 4.2: Diagram depicting activation of zebrafish genome. The red section denotes maternally driven transcription.
Light blue denotes the early wave of transcription which occurs at approximately 64 cell stage when ‘early’ genes are
transcribed, and dark blue denotes full embryonic genome activation when the rest of the genome awakens. Image
adapted from Tadros and Lipshitz, 2009 (Tadros and Lipshitz 2009).
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In the pre-MBT zebrafish embryo, initial cell divisions are very rapid, and synchronouswith cells undergoing

mitosis at approximately the same time (Tadros and Lipshitz 2009). From the earliest division up until 32

cell stage, cell cycle lengths decrease in length. Following this, cell cycles progressively elongate and cells

begin to lose synchrony. Initial loss of synchrony is slight, but the level of asynchrony amplifies with each

cell division. Post MBT, cell cycles become much longer to accommodate for gap phases during which high

levels of transcription occur (Olivier et al. 2010).

4.1.2 Early wave of transcription

Maternal RNA and proteins are used for much of the cellular functions of the early embryo, and the pre

MBT genome is mostly silent (Kane and Charles B Kimmel 1993). An early, minor wave of transcription is a

characteristic feature of MZT in many organisms (figure 4.2). This early wave consists of the activation of a

small number of genes. In the zebrafish, such genes include miRNAs, DNA binding proteins and histones

(Heyn et al. 2014).

microRNA-430 (miR430) is a notable transcription product in the pre-MBT zebrafish embryo as it is

involved in clearingmaternally deposited transcripts (Giraldez 2010, Giraldez et al. 2005). miR430 transcription

is first detected at the 64 cell stage (Heyn et al. 2014). miR430 has been shown to facilitate clearance

of maternal mRNAs, establishing a functional role in MBT onset. Transcription of krüppel-like factor (klf )

transcription factors (TFs) and histones are other notable early wave transcripts (ibid.). miR430 and klf17 are

located on different chromosomes in the zebrafish. They are located on chromosomes 4 and 2 respectively

(Pei andGrishin 2013, Thatcher et al. 2008). Thesewere selected asmodel transcripts to use for investigating

ZGA, in the imaging used herein.

4.1.3 In vivo imaging of transcription

Current establishedmethods of imaging transcription in vivo rely on using transgenicMS2 stem loop structures;

the main implementation of which is the MCP-MS2 system, used to image nascent RNA transcripts (Tutucci

et al. 2017). This technology relies on genetically modifying the target organism with a reporter gene

preceding the gene of interest. The reporter genewill carry sequences which become stem loops. Applying a

GFP tagged viral coat protein (MCP) from the MS2 bacteriophage, with a high affinity to stem loop structures

will cause the MCP to bind the stem loops, producing a bright fluorescent focus at the point of transcription

(Larson et al. 2011). The advantages of this approach are that it can be used for in vivo real time imaging

of transcription. Notable shortcomings include: the need to produce a transgenic organism beforehand,

optimising the reporter gene structure and length to get the best signal to noise ratio (SNR) while not

disrupting the chromatin organisation (too long a reporter gene could interfere with the heterochromatin)
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Figure 4.3: Schematic of how the transcription imaging MO works, using miR430 as an example gene.

(Coleman et al. 2004, Ferraro et al. 2016). Our laboratory engineered a morpholino (MO) based system

to address these shortcomings. This technology, named MOVIE (MOrpholino VIsualisation of Expression)

involves applying an external MO compound to the system of interest, and allowing the hybridisation of MO

with nascent RNA transcripts (Hadzhiev et al. 2019).

Morpholino (MO) oligonucleotides are DNA analogs with an altered sugar/phosphate backbone. Normal

nucleic acid bases can be attached to this backbone, and they bind with complementary nucleic acid strands

with the same affinity as ordinary nucleic acids. The atypical backbone structure of MOs prevents them from

being digested by nucleases. MO oligomers need to be at least 25 base pairs long in order to stably bind to

complementary sequences (Corey and Abrams 2001).

The MO used to label nascent transcripts in the experiments discussed herein are tagged on the 3’ end

with up to 3 Cy5 moieties. The Cy5 tagged MO binds at the 5’ end of nascent transcripts, as this is the first

region to emerge from the transcriptosome (figure 4.3).

The MO is injected into the early embryo prior to the first cleavage. The MO will be transported to

the nucleus where MO molecules will bind to emerging transcripts. The MO will accumulate at sites of

transcription, specific to the gene whos transcript products are being targeted by the MO.

4.1.4 Transformation of 4D lightsheet data

With the smallest whole embryo lightsheet data sets taking up over 500GB space, the data needed to be

manipulated to make it feasible for timely computational analysis. Maximum intensity projections (MIP’s)

were constructed from whole embryo lightsheet data, using Zen Black. A maximum intensity projection is a

2D reconstruction of 3D data, where the brightest pixel in the z dimension is selected as the representative

brightness value for its corresponding x,y position and plotted onto a static image. In this image, each pixel

corresponds to the brightest pixel in the z plane for that x,y coordinate, in the original 3D image stack.
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4.1.5 How are cell cycle and transcription organised during the early wave of genomic activation,

prior to MBT?

The fast dividing cells of the pre MBT zebrafish embryo present a compelling case study into the organisation

of nuclear functions. How and where does transcription fit into the pre-MBT cell cycle, in the absence of gap

phases?

Using MOVIE in conjunction with LSFM, researchers in our laboratory were able to generate insightful

images showcasing the dynamics of the nucleus over the course of the cell cycle, and where transcription

may fit into this picture.

4.1.6 General aims

The aims of this first set of inquiries were to address the spatiotemporal aspects of the relationship between

cell cycle and transcription, and how the two processes are coordinated. My role in this arm of the investigation

was principally to design workflows to interrogate obtainedmicroscopy data, and to implement such analyses

to derive biological insights from this data. I aimed to measure and quantify the cell cycle and find when

transcription occurred in relation to it. To achieve this, I aimed to:

• Create a workflow to be able to process light sheet imaging data

• Measure when and where endogenous transcription is first detected

• Measure cell cycle lengths, and length of time transcription is detected

• Determine how transcription is localised within the nucleus
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4.2 Results

All laboratory and microscopy work used for the following analyses was conducted by Yavor Hadzhiev. My

contribution to this chapter was image processing and image analysis.

Developing a 2D analysis workflow The primary goal of the analyses in this chapter was to try to

understand how the cell cycle and transcription are spatiotemporally coordinated in the rapid pre-MBT

cell cycles of the zebrafish embryo. Temporal analysis of cell cycle and transcription from whole wmbryo

data required 2D analysis due to the sheer size and complexity of the raw data output by the light sheet

microscope. The first step to performing temporal analysis in this way, was to transform large scale light

sheet and confocal microscopy data into a computationally useful format: the maximum intensity projection.

Following this, I needed to set up workflows to detect MO to address transcription, and to detect nuclei to

address the cell cycle.

4.2.1 Establishing the intensity topography and implementing manual tracking of nuclei

The premiere challenge to overcome before drawing biological conclusions was to create a workflow which

enabled the analysis of large scale 4D datasets. The workflow development consisted of two principle parts,

one was developing a workflow for 2D analysis, and one was for spatial analysis of smaller scale 3D data.

The design of these workflows dictated the course of analysis, and determined which biological conclusions

we could draw.

The imaging data processed for temporal analysis, and basic quantification of features was received in

2D maximum intensity projection format. The image analysis workflow designed to parse incoming data

underwent iterations as I became familiar with the data.
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Figure 4.4
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Figure 4.4: Top. Screenshot of Icy bioimage workspace, showing manual registrations drawn over 2D maximum
intensity projection data. Nucleus in red. miR430 nascent transcription signal highlighted in green. Middle.
Characterisation of brightness intensity topography across embryo. Left: Scatter plot showing positions of nuclei and
symbols representing the average intensity of nucleus ROI, as percentile figure. Squares represent nuclei in top 50% of
average brightness (in 10% increments, with 10 the brightest), and circles the lower 50% of brightness. The percentiles
of different symbols are described in the legend on the left. Right: Corresponding maximum intensity projection image
from which nucleus intensity data was derived. Bright zone is highlighted in both with black outline and label. Bottom.
Contrasting visibility of nuclei (red, highlighted with dotted white circle) in bright (left) and dark (right) zones of embryo.

Initial forays into exploration were defined bymanual frame by frame registration of nuclei and transcription

signals using Icy Bioimage ROI drawing tool (figure 4.4, 4.5 top). ROI’s were taken from across the embryo,

and their average intensities were compared, allowing me to produce a map of intensity variation of nuclei

across the embryo (figure 4.4). The peak brightness of a nucleus was dictated by its background (figure 4.4),

and the unevenness of illumination across the embryo led to poorer quality of imaging in the periphery of

the image. This notion rendered a basic thresholding approach for 2D analysis less feasible, unless one

focussed analysis on regions with similar intensity. Manual registrations of nuclei and transcription was a

good way to familiarise oneself with the data, but it was time consuming, and increased the scope for human

error and judgement. Quantification of bright/dark zones is shown here calculated from a single embryo,

but this method was applied to all analysed MIP datasets prior to analysis.

40



4.2.2 Semi-manual tracking using Icy Bioimage spot detection and custom scripts

To refine on nucleus and transcription detection, and improve the efficiency of nucleus and transcription

detection in maximum intensity projection data, the workflow took on a semi-manual design as 2D feature

registrations were carried out automatically by the spot detection tool in Icy Bioimage (figure 4.5). The spot

detection plugin Icy was used to detect both nuclei and transcription signal, to allow transcription signal to

be tied to specific nucleus tracks and lineages.

To complement automated spot detection, I designed a script in JavaScript to speed up the process

of grouping tracked features together (Github URL for Icy 2D tracking in section 3.4.3). Spot detection

can only detect features per frame, but is unable to perform tracking on detected features. The script I

designed would colour code ROI’s of features in a track and give them a unique family ID, so they could

be extracted from the exported metadata and analysed together as a single track. In this iteration, spot

detection automatically detected features in bright regions within pre-defined size constraints. This was

followed by manual selection of positive hits, as the tool was highly susceptible to the noise in the data, as

visible by the non selected/renamed hits (figure 4.5 bottom panels).

This became the standard method for segmentation and tracking for light sheet maximum intensity data

for the rest of this chapter, and was the foundation for analysis of cell cycle and transcription duration.
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Figure 4.5
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Figure 4.5: Upper, main panel. Screenshot of Icy bioimage workspace, showing manual registrations drawn over
2D maximum intensity projection data. Nucleus (mRuby3:H2B) in red. miR430 nascent transcription signal in green.
Lower 4 panels,to be read left to right for chronology. Screenshots from Icy Bioimage workspace showing preview
screen and ROI metadata box (right hand side of each panel). Step by step process of automatic detection and manual
refinement of miR430 signal (green) ROI’s. Positive candidates labelled as A1 and A2. Top left: Spot detection on
frame n. Top right: Manual selection of positive hits and autorename using custom grouping script. Bottom left: Move
to next frame. Bottom right: Repeat process as described for Top right image. Additional detected spots, not renamed
(keeping their original name of ’spot #’), are noise.

4.2.3 Developing a 3D tracking workflow

Another question we askedwas about spatial coordination of transcription within the nucleus; more specifically

we were interested in howmuch transcription (by volume) was occurring in the rapid cell cycles, and whether

it was actually possible to gauge this using the MO visualsation technology.

To address this, I used 3D imaging data from confocal airy scan microscope to take granular looks within

the nucleus, to gauge the size of the transcription signal.

The method of 3D image processing relied on creating subsets of airyscan data to focus on specific

regions of the embryo, and importing these 3D subsets into Icy Bioimage. This method of 3D segmentation

consumed a lot of RAM, as it would load the entire dataset to RAM. Segmentations would offer overhead

on top of this, so data was subset to specific regions of the 4D datasets, limiting the scope of tracking.

The 2 fluorophores were visualised in 2 different channels. miR430 MO signal occupied the green channel,

and histone mRuby:H2B occupied the red channel. Removing a channel (figure 4.6 top right) reduced the

memory footprint of the dataset, allowing a larger subset to be used, providing a larger field of view to work

with.

3D Tracking utilised similar principles of tracking to the 2D data. Spot detection automatically segmented

bright regions, which needed to be manually grouped together in a track. To streamline this process, ROI’s

from multiple time points were overlayed in the same viewing frame and features visually forming tracks

were grouped using the grouping JavaScript script that was written for figure 4.6. This method made it

possible to inspect and track nuclei and transcription signals in small subsets of data, RAM permitting, in a

semi manual process of automated feature detection and manual refining and tracking.
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Figure 4.6: a. Using 3D spot detection and thresholding to isolate bright regions of miR430 localisation. Visualisations
in Icy Bioimage 3D VTK viewer. Top left: Raw image of 3D airyscan output being visualised in Icy VTK 3D viewer.
miR430 MO Transcription signal in green. Red is histone, nucleus signal. Thresholding has been applied to only show
nuclei and transcription signal in field of view. Top middle: using more aggressive thresholding on green channel to
remove background green fluorescence. Icy spot detection has been run to create 3D ROI’s, in green and blue. Top
right. isolated transcription signal sites (multicolours). Raw image data has been hidden to only show 3D segmented
regions of interest. BottomScreenshot of Icy Bioimageworkspace showing tracking of dual miR430 transcription signals
(Red and purple) from within the same nucleus. Nucleus signal is hidden to expose miR430 MO channel only. ROI’s
of segmented transcription signals were visualised in 4D space, showing the progression of growth and decay of the
signal.
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Initial characterisation of transcription via miR430 detection

4.2.4 Initial observations: Transcription of miR430 manifests as dual hyper intense foci

The very first inquiry I made of the light sheet imaged data was how does the transcription signal present

in imaging? The first step of analysing MO signals in embryos was to perform a basic characterisation of

how the active signal presents in imaging data. The aim of this analysis was to gain an overview of how MO

signals appear in nuclei, and how this is visible across the embryo.

Global observations of themiR430MOsignal in embryos show a transcription signal which either appears

as dual signals, or evolves into 2 signals during a cell cycle. The proportion of nuclei showing dual dots

increases with successive embryonic stages. These hyper intense regions of nascent transcripts will be

termed transcription foci.

The basic organisation of transcription foci is 2 foci per nucleus, with each one possibly corresponding to

a single allele. The quantification of the proportion of double focus nuclei showed an initial low level of double

foci, which increased with successive cell divisions. This gradual increase in transcription detection over

successive embryonic stages opened questions regarding how transcription was activated over time across

the embryo (4.7). Although seldom observed, nuclei bearing single foci were observed in the timeframes

analysed in this figure. These nuclei were not counted, and as the occurence was so rare it is not deemed

to have had an impact on analysis here.
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Figure 4.7: Top left. light sheet image (maximum intensity projection), whole embryo view, 512 cell stage. Green
(miR430 MO) channel only, showing signal foci. Inset shows zoomed in dual signal per nucleus. Top right. same light
sheet frame as in top left panel, whole embryo view. Green and red (histone, H2B:mRuby) channels, showing signal foci
and interphase nuclei. Inset shows zoomed in nuclei, from same region as inset for top left panel. Bottom. Percentage
of miR430 signal expressing nuclei which exhibit a dual dot signal at any point during their cell cycle, for 3 cell cycle
stages. 2 lines represent data from 2 different embryos.
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Temporal analysis of transcription focus

4.2.5 Transcription expression is switched on asynchronously across the embryo, over multiple

embryonic stages

Having established the dual dot nature of the transcription focus, I was able to probe when and where these

signals arose across the embryo. To address the question of how early transcription is detected, and how

the activity increases over the course of MZT, and prior to MBT, I quantified the levels of transcription activity

in an embryo. In this way we could probe the growing wave of ZGA.

Global temporal analysis shows discrete waves of signal in the pre-MBT embryonic stages, with a

growing expression time per successive stage and a progressive loss of synchrony for time of signal onset.

The number and proportion of expressing nuclei increaseswith each successive embryonic stage (figure 4.8).

miR430 transcription occurs in waves, with the time of transcription onset showing synchrony. This is in

line with the synchronous cell cycles and divisions of the pre-MBT embryo. The length of time transcription

foci persist extends with each embryonic stage, and synchrony is steadily lost. At 256 cell stage, some nuclei

are still showingmiR340 signal, while new 512 cell stage nuclei are beginning expression. By 512 cell stage

the embryo is approaching MBT where cell cycle synchrony is mostly lost, and the timing of transcription

signals reflect this. At 512 cell stage we begin to see lengthening of cell cycle duration (Figure 4.12).

The proportion of visible nuclei expressing mir430 transcription never reaches 100% (figure 4.8). In the

earliest stages showing transcription (64 and 128), transcription may not yet have been activated across

the embryo, but as MBT is approached the proportion of expressing nuclei at a given time point does not

breach 80%. At 512 cell stage, the maximum proportion of expressing nuclei at a given time decreases.

These data show a metasynchronous activation of transcription across the embryo, beginning with only

a small number of nuclei showing transcription and progressively growing with each stage.

47



Figure 4.8: a. Timing of the onset of gene expression (orange) and number of nuclei (green) showing expression activity,
total and new miR430 expressing nuclei per frame. Stages of development are indicated at the bottom of the panels,
purple line represent percentage of nuclei expressing miR430 at the time and stages indicated. b.Expression span of
individual nuclei over time. Each horizontal bar represents the miR430 expression time of a single nucleus. The frame
rate (51s) was used as reference for the elapsed time in (b). Adapted from Hadzhiev et al. 2019.

Identification of cell cycle phases and transcription foci duration

4.2.6 Characterisation of stereotypical features of cell cycle and transcription

Identifying when transcription is occurring in relation to the cell cycle required identifying different cell cycle

phases from the light sheet data. Using this information, I could find when the transcription signal begins

and ceases in relation to different phases.

To build a quantitative reference of cell cycle phase characteristics (in 2D), nuclei were specifically
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selected for being exceptionally clear, as based onmy analysis in figure 4.4, andmatching literature references

for cell cycle phase milestones.

Figure 4.9: a. example of reference images used for quantification of cell cycle features. Images of mRuby3:H2B
visualised nuclei from 256 cell stage. b. Cell cycle reference chart constructed from cell cycle analysis showing
characteristic trends and features explored to help inform cell cycle segmentation. Individual lines represent imaging
parameters from 2D ROI’s generated around 256-cell stage nuclei from lightsheet maximum intensity projection data.
Annotations on lines denote manually labelled cell cycle phase transition points, based off comparisons with reference
library. Overlaid coloured boxes show overall segmentation into cell cycle phases based off common features in the line
graph.
A=anaphase T=telophase S = S-phase P=prophase M = metaphase Figure adapted from Hadzhiev et al. 2019.

Condensed chromatin states are easiest to see, as shown by the spike in average signal intensity.

Surface level nuclei tend to provide the clearest signals, particularly when trying to discern prophase where

the difference from interphase is subtle. The consistency of the chromatin becomes less smooth as condensation

begins. This phase can be difficult to characterise in deeper nuclei due to scattering and due to the very
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short amount of time spent in prophase. In the imaging data used to construct this reference, prophase

would only last for up to 3 frames. This highlighted a frame rate issue in our data, but with large numbers

of nuclei to choose from in the embryonic stages running up to MBT, I was able to determine prophase

characteristics.

This reference shows how the area of the nucleus changes with different phases, and how the intensity

varies over the course of the cell cycle via the ‘Standard deviation in histone channel’ chart in figure 4.9b.

The standard deviation parameter would calculate the standard deviation of the fluorescence intensity in

a region of interest. In this case, regions of interest were manually drawn around candidate nuclei over

multiple frames, and the specific cell cycle phases were highlighted per frame. The measure of intensity

gives an idea of chromatin density in the nucleus, and was selected for its consistent trends across nuclei

sampled.

Some subjective oversight was necessary to create such a reference, in the use of judgment to match

the light sheet image with reference information to determine cell cycle phases (figure 4.9a), however, this

tool provides a set, consistent reference point for producing cell cycle related analysis.
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4.2.7 Characterising variations in transcription persistence and cell cycle duration

Using my cell cycle phase reference, I asked where transcription signal placed over the course of the cell

cycle. Initial observations showed that some foci would still persist into metaphase, when transcription is

thought to be mostly silent. I examined the extent of the duration of the transcription focus across multiple

cell cycles to see if it related to the duration of cell cycle phases (figure 4.10).

Figure 4.10: Top. Timelapses of cell cycle per embryonic stage, showing how cell cycle phases are segmented, based
on the reference constructed in figure 4.9. Red channel is histone H2B, denoting nucleus. Green represents miR430
MO. Bottom. Cell cycle phase segmentation as shown in top panel. Horizontal bars represent a nucleus each, they
are aligned to onset of detection of miR430 expression and ordered according to length of miR430 expression and cell
cycle length. x-axis shows time relative to initial detection of miR430 signal in minutes
Colour code beneath cell cycle timelapse.
Figure adapted from Hadzhiev et al. 2019.

Using the reference constructed in figure 4.9, I probed cell cycle progression and transcription occurrence

51



in granular detail. In 128 and 256 cell stages, miR430 transcription focus was first detected midway during

S-phase, and continue into prophase. In 64 cell stage, the transcription focus appeared during the end of

S-phase. This may be due to detection limitations. Cell cycle and miR430 transcription lengths were also

seen to increase.

Analysis of when transcription is detected relative during the cell cycle shows that transcription signal

is detected part way through S-phase. The timing relative to onset of S-phase gets earlier with later cell

cycles. There is variability in when the mir430 transcription focus is first detected within embryonic stages.

Additionally, the transcription signal would often extend into the mitotic phases. The duration of transcription

appeared to follow the length of the cell cycle, and this offered us initial evidence of a relationship between

cell cycle and transcription (figure 4.10).

Cell cycle phase analysis showed transcription focus persistence into prophase, and sometimes into

metaphase. Transcription is known to stop prior to the mitotic phases of the cell cycle as chromatin becomes

condensed and closed off to transcription machinery. This suggests that the transcription signal being

detected is an accumulation of RNA, rather than a direct measure of the process of transcription. Emerging

literature suggests a low level of transcription may be maintained during mitosis (Palozola et al. 2017), and

this may be a contributing factor to the persistent transcription signal seen during mitosis.
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Elongation of cell cycle and transcription focus presence

4.2.8 Cell cycle length is not significantly affected by histone and morpholino injection

As this investigation used a mixture of transgenic histone lines and wild types with histone injected to be able

to visualise nuclei, we were concerned that adding additional histone may influence MZT and disrupt cell

cycle. Although we were injecting Histone H2B into the yolk for cellular uptake, and the primary candidate for

genomic repression is H3, we deemed it cautious to check the effects on cell cycle. We measured whether

injected histone interfered with baseline cell cycle length, measured using transgenic fluorescent histone

line (see methods). Furthermore, we also tested whether MO uptake would also interfere with cell cycle by

comparing cell cycle lengths from embryos injected with MO, and embryos injected with water (figure 4.11).

There was no significant difference between histone injected and transgenic only cell cycle lengths across

4 embryonic stages. Furthermore, inspecting the effect of introducing MO into the embryo showed no

significant differences between the cell cycle lengths in embryos injected either with water or MO. This

outcome suggested MO or histone injections were not likely to cause changes to cell cycle.
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Figure 4.11: a. Cell cycle lengths measured from anaphase to anaphase, based on LSFM MIP data. ‘Tran’ denotes
transgenic, ‘Histinj’ denotes histone injection group. Each box shows duration data from different cells within a single
embryo. Embryonic stages denoted in grey headers. b. Box plot comparison of cell cycle durations between MO
injected and water injected embryos to assess the impact of MO on the cell cycle. Each box shows duration data from
different cells within a single embryo. Embryonic stages denoted in grey headers.
Figure adapted from Hadzhiev et al. 2019.
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4.2.9 Cell cycle and transcription progressively elongate with successive embryonic stages

The aim of the following analysis was to establish the relationship between cell cycle length and transcription

duration by measuring the lengths of both across embryonic stages. It is already established that cell cycles

begin to elongate during MZT, and become fully elongated past the MBT (Vastenhouw et al. 2019, K. N.

Schulz and Harrison 2019). Consistent with this knowledge, data analysis on cell cycle and transcription

focus signal duration (figure 4.12) also showed successive pre-MBT embryonic stages followed this trend of

progressive elongation. We noted variation within embryonic stages, showing a non uniform increase in cell

cycle length. We also noted transcription duration appeared to increase in duration also. This data showed

concomitant progression of transcription and cell cycle duration with successive stages, furthering support

for the linked nature between transcription and the cell cycle.

Figure 4.12
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Figure 4.12: Box plot quantification of miR430 signal (green) alongside cell cycle length (red). Data from 2 embryos
used. Total number of nuclei (cell cycle): 64-cell=17, 128-cell=60, 256-cell=62. All groups were significantly different
from one another (p<0.001) (One-way ANOVA with multiple comparisons). Middle line=median. whiskers=nearest
hinge±1.5 * interquartile range. Cell cycles were measured for nuclei across 4 embryonic stages, across 2 embryos
(Cell cycle: 64 cell n=26 nuclei, 128 cell: n=60 nuclei, 256 cell: n=62 nuclei; mir430 length: 64 cell n=17 nuclei, 128 cell:
n=120 nuclei, 256 cell: n=335 nuclei). Cell cycle length was measured from onset of anaphase to end of metaphase.
Progressive cell cycles show cell cycle lengthening (Median Cell cycle length: 64 cell: 14.7mins, 128 cell: 17.05mins,
256 cell: 19.62mins), and concurrent M430 transcription signal lengthening (Median transcription focus length: 64 cell:
0.85mins, 128 cell: 3.42mins, 256 cell: 6.57mins). Figure adapted from Hadzhiev et al. 2019.

4.2.10 Transcription focus persistence and cell cycle length are correlated

I next asked where elongation was occurring. The aim of this question was to investigate how cell cycle

elongation may be increasing transcription duration. The rapid cell cycle of the pre-MBT embryo suggests

S-phase would be limiting to transcription as DNA is being rapidly replicated during the short cell cycle,

reducing capacity for transcription machinery access to the DNA. I hypothesised that prolonged S-phases

would facilitate longer transcription duration as there is increased time for transcription to occur (figure 4.13).

Longer cell cycle lengths were correlated with longermiR430 expression times. Cell cycle length increase

appears to be mostly due to S-phase elongation, but time for mitosis is not correlated with cell cycle

length. This suggests that cell cycle elongation is principally due to S-phase elongation. This supports the

hypothesis that S-phase elongationmay be responsible for an increase in transcription duration (figure 4.13).
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Figure 4.13: Correlations of cell cycle, S-phase and M-phase length with miR430 expression length, at 256-cell stage
(2 embryos, 15 nuclei each). The Pearson correlation coefficient (r) and the corresponding p-value (p) are shown on
each plot.
Figure adapted from Hadzhiev et al. 2019.

Volumetric analysis of the transcription focus: The transcription focus appears proportionally very

large in relation to the nucleus, when viewed in the LSFM MIPs. The notion of a focus of dedicated

transcriptional activity within the nucleus is not a novel concept, this idea is posited by TxnFs. The notable

difference with established transcription factory theory is the size of the transcription focus that we were

detecting; the current model suggests TxnFs have a diameter in the order of 10’s of nanometers (Iborra

et al. 1996). In contrast, our measurements yield transcription foci with volumes ranging in the 10’s of cubic

microns (figure 4.14). To validate the appearance of transcription foci in 2D analysis, and to gain a spatial

understanding of this feature, I used airyscan confocal microscopy data to perform 3D analysis on the size

and life cycle of the transcription focus.
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4.2.11 Characterising the size of the transcription focus

The size dynamics of the transcription focus were probed in time series to gain an understanding of how

much transcription may be occurring in the focus. This analysis would provide an understanding of how the

focus develops, and which sizes it has the potential to reach. I also viewed the 3D shapes of foci over time

to observe how it grows and decays (figure 4.14).

Figure 4.14: Top. Charts representing the transcription focus volume over time based on miR430 MO signal, measured
using spot detection plugin Icy Bioimage software. Plots aligned at onset of signal. top panel: 128-cell stage, bottom:
512-cell stage. Boxplots on the right show variation in peak volume. Middle line=median. whiskers=nearest hinge±1.5 *
interquartile range. Bottom. Timelapse showing growth and decay of isolated transcription focus (green), from a single
cell during 512 cell stage, imaged using Airyscan microscope. Timestamps show time from onset of signal detection.
Focus isolated computationally using Icy Bioimage.
Figure adapted from Hadzhiev et al. 2019.

Computationally isolating the transcription foci from high resolution, high magnification 3D datasets
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allowed me to probe the life cycle of the transcription focus. To explore the aspects of the spatial dynamics

of the transcription focus, volume data was extracted from 3D ROI’s segmented around transcription foci

from subsetted datasets. 3D analysis was very RAM intensive, and required individual nuclei or small nuclei

clusters to be isolated to allow for analysis, presenting computational challenges.

Focus pairs which merged to form a single focus were excluded from analysis. Foci showed steeper

growth and decay phases at 128 cell stage in comparison to 512 cell stage. The plateau phase was also

extended in 512 cell stage. An abnormal terminal phase in a single nucleus produced an aberrant tail on

the terminal phase for the best fit curve.

The visual observations of focus growth and decay align with the numerical analyses, showing a rapid

ballooning phase of growth, followed by plateau and then a decline in size. Foci would often crumble and fall

apart as the cell cycle entered mitosis (figure 4.14 bottom). (Figure 4.14 bottom) is supported by a video I

generated using Icy biomage. This video was uploaded as supplementary material for Hadzhiev et al. 2019.

The supporting video is the source from which the images for figure 4.14 bottom were taken. This video

can be found at: https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-019-08487-5/

MediaObjects/41467_2019_8487_MOESM6_ESM.mp4.

The extent of symmetry between dual foci is unclear. Data from 128 cell stage and upwards consistently

shows dual miR430 transcription foci per nucleus, although volume measurements and visually inspecting

3D segmentation show that some nuclei have a disparity between focus sizes within them, while other nuclei

show 2 similarly sized foci.

4.2.12 The transcription focus occupies a histone deficient region within the S-phase nucleus

Further to characterising the size and life cycle of the transcription focus, I next asked how this large feature

exists alongside chromatin, which occupies the majority of the nuclear volume. Was the transcription focus

a diffuse but heavily concentrated cloud of RNA, or did it occupy exclusive space within the nucleus?

I investigated this by close examination of high resolution, high magnification 3D LSFM data of nuclei

visualised using a Proliferating Cell Nuclear Antigen fusion protein (mAPple:PCNA). I also examined dual

channel 3D confocal airyscan images of embryos with histone and MO visualised (figure 4.15).
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Figure 4.15
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Figure 4.15: a. Time-lapse of 512-cell stage nucleus, injected with mApple:PCNA (red). Image shows individual z-
slices from within the nucleus exhibiting two PCNA deficient regions. Graph below shows the evolution of the individual
depicted PCNA deficient regions over time (A & B), in addition to deficient regions from other 512-cell stage nuclei from
the same embryo, detected using spot detection plugin in Icy Bioimage. Time indicates duration from first detection
of PCNA signal within the cell cycle in seconds and minutes. b. 3D rendered image showing nucleus segmented for
histone channel (rendered in pink), with a 90o spherical wedge cut from the histone ROI to reveal the interior. MO signal
(green) occupies a region in the ROI, which was occupied by low intensity histone signal, and thus was not segmented
with the rest of the nucleus. Top left: 3D schematic diagram showing how the nucleus was computationally sliced for
this visualisation, revealing the cavity (white arrow) within. Top right: view of the sliced nucleus ROI, showing the MO
within. Bottom left: Front view of the slice, showing the position of the transcription focus. Bottom right: Histone ROI
only, with MO removed to show cavity

The role of PCNA imaging is to visualise S-phase. PCNA is a protein that enhances the binding of

DNA polymerase to DNA (J. E. Celis and A. Celis 1985, Schönenberger et al. 2015). Accumulation of

fluorescent PCNA indicates that the nucleus is undergoing S-phase, a period in which the entire genome is

replicated. A nucleus in the midst of S-phase will have its volume visualised by fluorescent PCNA (evident

from the left-most panel of figure 4.15a) (ibid.). Analysing nuclei visualised via PCNA showed histone

deficient regions where the transcription focus occurred, and the volume of these deficient zones mirror

the size, and trends of growth and decay of the transcription focus. Closer examination of the chromatin

structure shows histone deficient regions where the transcription signal is detected. These cavities persist

into prophase and eventually collapse in metaphase. The peak volume of the mir430 transcription signal

filling these cavities varies between nuclei, but individual signals regularly reach up to 10µm3 in volume. This

represents a sizeable volume within the nucleus. These data show that the transcription focus occupies a

chromatin deficient space, suggesting a form of compartmentalisation of transcripts.

Quantifying the presence of mRNA from other genes within the transcription focus: Due to the

size of the transcription focus, we questioned whether this contained other early transcripts. I tested the

hypothesis that multiple genes were outputting their products into the transcription focus. To address this,

I received dual channel imaging visualising the transcripts of 2 genes, miR430 and klf17, and measured

whether they occupy the same transcription focus and to what extent this occurs (figure 4.16).

4.2.13 Multiple early wave transcripts are identified in transcription foci

My preliminary analysis was to establish that multiple transcripts occupy the same space in the nucleus,

and thus the same focus.

In imaging experiments in which a different MO designed to visualise klf17 was used alongside miR430

MO, transcription foci of klf17 MOs were detected, which also colocalised with miR430. The klf17 MO

showed similar behaviour to the miR430, highlighting distinct, large hyperintense foci within the nucleus.
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Figure 4.16: Panels are all same frame with different channel settings, from diploid embryo.a. Example of klf17
transcription signal, represented by green hyper intense spots. Green channel only. b. Example of miR430 transcription
signal, represented by red hyper intense spots. Red channel only. c. Example of overlay of klf17 and miR430
transcription signals, represented by green/red hyper intense spots, or yellow where signals overlap. Dual channel
image, Green and red channels.

4.2.14 The number of transcription foci is increased in tetraploid embryos

Having established that multiple transcripts can occupy the same focus, the next step was to test whether

this was a universal phenomenon and quantify levels of colocalization in transcription foci (figure 4.16).

Tetraploid embryos were generated to see if the transcription focus was related to allele number, and if the

symmetry of transcripts occupying dual foci held in multiple foci.

Dual channel maximum intensity projection data, with red channel representing miR430 MO and green

channel; representing klf17 MO was analysed in Icy Bioimage. ROI’s were generated for both channels,

and if transcription signals were seen to overlap within a vicinity equivalent to a nucleus diameter, then that

nucleus would be noted as exhibiting colocalization (figure 4.17 a).

Colocalisation was examined on 2 levels; on the nuclear level, and on the individual signal level. Nuclear

colocalization sought to quantify how many discrete transcription foci were present per nucleus, and if these

bodies showed colocalised transcription signals in them. Colocalisation states were defined prior to analysis.

Individual colocalization sought to quantify how much colocalization was occurring, across the whole

dataset. This was a straightforward binary question applied to each focus; If there was a signal, was it

colocalised with another gene transcription signal? This would provide a global colocalization rate.
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Figure 4.17
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Figure 4.17: a. Determining colocalization states. Individual transcription foci were deemed to be nuclear body-like
structures. If 2 transcription signals from different genes colocalised, they were deemed to inhabit the same transcription
focus. If a nucleus showed perfect colocalization, then all differential signals showed colocalization. A nucleus showing
imperfect colocalization would have a disparity between the number of foci per gene, leaving one lone focus. b. Data
from 2 diploid embryos. Nuclei grouped into the maximum number of foci they showed in analysis data set (x axis). Chart
quantifies the number of transcription foci detected per nucleus group, and the colocalization status of each individual
focus. c. Data from 2 tetraploid embryos. Nuclei grouped into the maximum number of foci they showed in analysis data
set (x axis). Chart quantifies the number of transcription foci detected per nucleus group, and the colocalization status of
each individual focus. d. Data 2 from diploid embryos. Nuclei grouped into the maximum number of foci they showed in
analysis data set (x axis). Chart quantifies the number of nuclei per nucleus group, and the level of colocalization being
shown per nucleus. e. Data from 2 tetraploid embryos. Nuclei grouped into the maximum number of foci they showed
in analysis data set (x axis). Chart quantifies the number of nuclei per nucleus group, and the level of colocalization
being shown per nucleus.

For the diploid group, 98% of foci in showed colocalization (total foci counted = 99), and 92% of nuclei

showed 2 hubs (total number of nuclei counted = 52), in line with the ploidy of the embryo. 92% of nuclei

showed perfect colocalization.

In the tetraploid group, 29% of nuclei showed 4 hubs of which 90% showed perfect colocalization, 26%

showed 2 hubs and 20% showed 6 hubs (total number of nuclei counted = 35). In total, 83% of nuclei

showed perfect colocalization. 92% of all individual foci (total number of foci counted = 133) counted showed

colocalisation.

The presence of other transcripts from other chromosomes colocalising withmir430 suggests the transcription

foci may be a storage area for transcripts. Klf17 mRNA showed a high degree of colocalisation withmir430.

Manipulating the ploidy of the embryo increased the number of foci, and the high level of colocalisation

was maintained. Additionally, hist2A transcripts have also been detected colocalising with mir430 (data not

shown). Hist2A and klf17 genes are located on chromosome 5 and 2 respectively.

It is notable that colocalisation is not always perfect, and some nuclei showed only partial colocalisation.

This would manifest when 2 foci out of 4 would show colocalisation, yet the other two foci would only exhibit

a single type of transcript.

These data from figures 4.17 and 4.16 suggest that the number of alleles may influence the number of

foci present, with one focus serving as a repository for multiple gene products.

Analysing the lineages of the earliest transcription expression nuclei: Having explored how transcription

takes place during the cell cycle, and documented the relationship with the cell cycle I sought to probe

this relationship more deeply. We noted in figure 4.8 that transcription is turned on gradually across the

embryo, beginning with only a small number of nuclei, which increases with each division. I hypothesised

that the transcription state of the mother may influence the transcriptional state of the daughter cell, leading

to mothers with active transcription state early in the MZT being more likely to produce early transcribing
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progeny. Based on the findings from Ferraro et al. 2016, transcriptional states appear to be transmitted

between mother and daughter cells, shown in Drosophila. I sought to investigate this phenomenon in a

vertebrate model.
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4.2.15 Early expressing nuclei are more likely to produce transcription expressing nuclei

With the temporal analysis of asynchronous transcription activation from figures 4.8 and 4.10 characterising

the variation in cell cycle and transcription lengths, and the cell cycle/transcription relationships observed

from the analysis shown in figure 4.13, I probed whether there was a pattern to how transcription activates

across the embryo. To do this, I took a samples of nuclei from 128 cell stage and followed their progeny

for 2 cell cycles up to 512 cell stage to examine the frequency and duration of transcription signal across

lineages (figure 4.18).

Cells expressing transcription at 128 cell stage were more likely to produce transcription expressing

daughter cells than those that weren’t, as shown above where significantly more 256 cell stage cells from

expressing parents expressed transcription signal than those from non transcription expressing parents.

offspring than (P<0.05). By the next generation, granddaughter cells of either group of nuclei had similar

chances of expressing transcription with 512 cell stage cells showing no significant difference between 512

cell stage cells from expressing 128 cell stage grandparents and non expressing 128 cell stage grandparents.

Further to the analysis into frequency of transcription presence in descendants from early expressing

ancestors, I analysed the signal strength from early expressing lineages, using expression time as a proxy

for expression strength. Cell lineages which showed miR430 expression at 128 cell stage produced cells

which expressed transcription for longer in comparison to expressing 256 and 512 cell stage ancestors

(P<0.05 and P<0.001 respectively) which did not show transcription expression at 128 cell stage.

Collectively, these data support the hypothesis for the presence of transcription memory in the early

zebrafish embryo.
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Figure 4.18: a. Lineage trees showing a lineage where the parent nucleus showed miR-430 expression (green section
of bar) at 128 cell stage (top) and the other where the parent nucleus was not expressing at 128 cell stage (bottom); each
bar represents an individual nucleus from the lineage, and how long its cell cycle persisted for. b. Counts of expressing
and non-expressing nuclei which showed miR-430 expression, per cell cycle stage from each lineage group (lineage
groups are based on whether the parent cell showed miR430 expression at 128 cell stage). c. Comparison of miR430
expression duration at different embryonic stages from different lineage groups. Groups designated based on their cell
cycle and whether they are expressing miR430 at that stage. Figure adapted from Hadzhiev et al. 2019.
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Figure 4.19: Correlation between 512 cell stage nuclei cell cycle lengths and their respective cumulative ancestral cell
cycle lengths. 39 nuclei from single embryo, r2=0.81

4.2.16 Cells with longer cell cycle are more likely to produce daughters with longer cell cycles

The finding of transcriptional memory like behaviour regarding inheritance of transcription duration, coupled

with the relationship between cell cycle length and transcription duration identified in figure 4.18 led me to

investigate whether the cell cycle also exhibited memory.

I measured the length of cell cycles at 512 cell stage, and compared them to the cumulative cell cycle

time of ancestors up to and including 64 cell stage (3 prior cycles). These preliminary findings from a

single embryo showed correlation between ancestral cell cycle length and descendent cell cycle length

(figure 4.19).
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4.3 Discussion

The analysis and observations made regarding the nucleus dynamics prior to the MBT present a dichotomy

between the activation of transcription and the desynchronisation and elongation of cell cycles. At first

glance there appears to be a link between cell cycle and transcriptional dynamics, prompting the question

of which factor is driving this link. How is transcription occurring during rapid cell cycles alongside DNA

synthesis, and how does this relate to the events of the cell cycle?

4.3.1 Transcription of select early wave genes manifests as chromosomally associated foci

In experiments and analysis performed by other members of the laboratory, the transcription focus was

shown to be abundant in phosphorylated RNA polymerase II, suggesting it as a site of active transcription

(Hadzhiev et al. 2019). The appearance of double transcription foci per nucleus is consistent with the diploid

nature of the zebrafish. A single focus may represent a gene locus on a single chromosome, in the case

of miR430, chromosome 4. This is supported by the generation of polyploid embryos, where the number

of transcription foci is increased. These embryos did not end up being perfectly tetraploid (confirmed with

FACS in an independent experiment by JosephWragg, (ibid.)), and this is reflected in the abnormal numbers

of foci. Examining of the transcription focus in tetraploid embryos helped establish the consistency of the

existence of the transcription focus, as modifications to ploidy were mirrored by changes to the number of

transcription foci. Through this we were able to observe that the transcription focus is a consistent product

of early genomic function prior to MBT.

4.3.2 Transcription foci appear in a metasynchronous manner across the pre-MBT embryo

Analysis of real time in vivo temporal dynamics of transcription activation shows that transcription foci appear

asynchronously across the embryo between 64 cell stage and 1000 cell stage. This is consistent with early

data from fixed Drosophila specimens, showing a gradual increase in early wave transcription expression

(Pritchard and Schubiger 1996). The length of time the signal persists for suggests a low level of transcription

may be occurring throughout S-phase, indicating concurrent transcription alongside DNA replication. The

length of time the transcription focus persists increases with cell cycle length suggesting a relationship

between transcription time and cell cycle length, indicating either cell cycle length is being elongated by the

presence of transcription, or that cell cycle length is driver making it permissible for transcription to occur, or

a combination of both of these ideas.

In comparison to the post-MBT embryo, a comparatively low number of genes is active during the

early, minor wave of transcription of the pre-MBT embryo (Heyn et al. 2014, Tadros and Lipshitz 2009).
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The entirety of the genome is not replicated simultaneously (D. Prescott and Bender 1962), indicating

that transcription may occur in the regions where DNA synthesis is not occurring (D. M. Prescott and

Kimball 1961). The pre-MBT embryonic cells may thus be able to fit in the lower number of genes for

transcription around DNA synthesis during those short cell cycles. The early wave of transcription shows

a gradual increase in the level of transcription with successive cell cycles. The variation in cell cycle

lengths may reflect a different complement of genes being activated at different rates in different cells in

the early embryo. Consistent with this notion, Boettiger and Levine showed stochastic activation of genes,

in addition to a set of genes synchronously activated across all nuclei, in the early Drosophila embryo.

Such stochasticity of genome activation may explain the variations in cell cycle and transcription length.

Transcription interference experiments conducted within our laboratory showed that transcription itself was

not driving cell cycle elongation (Hadzhiev et al. 2019), but the cell cycle elongation could be permissible

of further gene activation in addition to the set of obligatory developmental genes which are synchronously

activated across the early embryo (Boettiger and Levine 2009).

Transcription focus expression lengths show variation between cells, within embryonic stages. S-phase

ranges between 7-10mins at 128 cell phase. The growth phase alone of the mir430 transcription focus

volume at 128 cell stage is approximately 7mins long, followed by a plateau and then decline, suggesting

that the transcription focus may persist for the full length of S-phase. This is supported by the large scale

analysis of transcription expression and S-phase lengths which showed similar timings for each. It is also

notable that the very earliest stages of the transcription focus may be missed by lower magnification 2D

maximum intensity projection visualisation method due to thresholding and sensitivity. High magnification

3D airyscan data suggests the focus begins earlier than is suggested by whole embryo 2D analyses, based

on the length of time the foci persist for in high magnification 3D airyscan data compared to the MIP whole

embryo data. This would also support the notion that transcription may begin at the onset of S-phase, as

the MOVIE detection we observe from our imaging in early S-phase may represent a relatively matured

transcription focus. The imaging would detect the focus when it was of volume, potentially missing the

earliest growth phase of the focus. As the focus would decline and degrade, transcription focus would often

persist into the mitotic phase.

A potential explanation for the persistence of the transcription focus into prophase and metaphase

may be the existence of a low level of transcription persisting into M phase (Palozola et al. 2017). It is

unclear whether this low level of transcription would be discernible using the MOVIE tool, and whether the

persistent transcripts would include the gene products of miR430. Palozola et al suggest that mitotically

active transcription would concern genes involved in the maintenance and growth of post mitotic daughter

cells, and miR430 is not involved in such function (Giraldez 2010, Giraldez et al. 2005).
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4.3.3 The transcription focus bears the hallmarks of being a large phase separated body

A distinct nuclear storage compartment for transcripts is likely to be non-membrane bound as membranes

would leave a trace in the imaging, which we have not detected. A phase separation model is a potential

explanation for the structure of the focus, in line with current understanding regarding TxnFs. The density

of transcription factors (Hadzhiev et al. 2019) and RNA may form hydrogel with different fluid dynamics to

the surrounding matrix. This is consistent with the presence of sub-nuclear organelles such as nucleolus

and histone locus body, and additional experimentation from this investigation suggest this compartment to

be distinct to those bodies (ibid.).

To further support this theory that the transcription focus is a phase separated body, following themorphology

of transcription foci during growth and decay shows that it forms as a small, low intensity amorphous cloud,

and grows with irregular geometries until it plateaus in volume and then declines in size. At the end of its

life during prophase or metaphase, it crumbles, falls apart and dissipates. These dynamics are contrary

to the expected growth and decay dynamics of membrane bound organelles which decay by breaking into

approximately spherical blebs.

The transcription foci measured in this research are orders of magnitude larger than TxnFs and seem

to influence the organisation of the chromatin around them. This may be a unique transient structure in

the early zebrafish embryo, related to regulating transcription in the pre-MBT nucleus. Phase separated

structures have been posited to provide protective environments for transcribing genes (Hilbert et al. 2018).

In line with the conclusions from (ibid.), the transcription focus could protect transcribing genes from the

transcriptionally repressive environment of the pre-MBT embryo. A case strengthened by the idea that

gene products such as miR430 are important in clearing maternal RNAs in preparation for MBT, and must

be free to transcribe to promote ZGA. Further experiments carried out in the laboratory (Hadzhiev et al.

2019) show that the transcription focus is undetectable after 50% epiboly (5.5hrs post fertilisation) at which

point the embryo is forming the basic body structure of the larval zebrafish, and nucleoli are an established

feature of the nuclear architecture.

4.3.4 Transcriptional states may be inherited

Analysis of transcription activation by following cell lineages over generations, revealed patterns in how the

activationmetasynchronymanifests. Aminority of nuclei exhibit miR430 expression at 64 and 128 cell stage,

and the offspring of these nuclei had an increased tendency to show transcription in comparison to nuclei

from ancestors which did not express transcription at 128 cell stage. Furthermore, lineages which show

their first transcription expression at 256 cell stage had a ‘weaker’ expression, as shown by shorter average
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durations of transcription focus detection. The finding that 128 cell stage nuclei expressing transcription

are more likely to produce offspring expressing transcription, prior to MBT, hints at a form of memory.

Phase separated bodies containing RNA have been implicated in forms of cellular memory (Lau et al. 2020),

suggesting a potential mechanism by which the transcription focus may be involved, but this is untestable

with the data we have access to currently. The nature of this memory is unclear from these transcriptional

findings alone, but analysis of how transcription relates to the cell cycle offers further insights into how this

memory may operate.

4.3.5 Cell cycle inheritance may influence transcription

Much like the variations in transcription detection durations, cell cycles became progressively elongated

and less synchronised with successive generations, between 64 cell stage and MBT. Within embryonic

stages, nuclei showed variation in cell cycle lengths, which was mainly attributed to S-phase elongation.

The elongation of S-phase alongside activation of transcription may suggest that the rate of DNA synthesis is

slowing to allow for concurrent transcription. Tests into cell cycle duration duringMO injected andmRuby3:H2B

injected embryos showed that the visualisation manipulations were unlikely to be behind such variation, and

additional injected histone was not interfering with cell cycle elongation. mApple:PCNA dataset analysis

showed that the PCNA signal does not fade outside of mitotic phases, suggesting continuous S-phase, and

ruling out gap phase interference. The length of the mitotic phase did not show correlation with cell cycle

length, ruling out elongation of M-phase also.

Nuclei with longer cell cycles also showed longer transcriptional durations, encouraging us to explore

whether there is a link between the two. Other data obtained and analysed by Aleksandra Jasciulewicz,

a researcher in our laboratory (Hadzhiev et al. 2019), showed inhibiting transcription with triptolide did not

affect the progressive elongation of cell cycle lengths, yet increasing cell cycle length with synthetic Chk1

increased transcription focus duration. Taken together, these data support the notion that cell cycle is the

principal driving factor for transcription presence and duration, with longer cell cycles offering permissive

environments in which transcription can occur with minimal interference with DNA synthesis.

Regions where DNA replication occurs typically show local transcriptional repression, suggesting DNA

synthesis can be limiting to transcription (Hamperl andCimprich 2016, Tsirkas et al. 2022). Our data supports

this, with elongated cell cycles producing longer transcription durations (Hadzhiev et al. 2019). In extremely

fast cell cycles, the rapid pace of genome replication may only be permissive for a select few key genes to

be transcribed. Genome replication in developed animals typically follows a temporal order, with regions

of the genome being replicated in a particular sequence (Rhind and Gilbert 2013). In contrast, current

evidence suggests pre-MBTDNA replication does not adhere to a strict schedule, with multiple simultaneous
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replication events, potentially enabling a faster S-phase. As there is less overall transcription going on in

these early cell cycles, a replicating cell can afford to invest in faster synthesis with minimal expense to

transcription.

The variation in cell cycle lengthsmay be a heritable phenomenon due to the potential stochastic variation

in genome activation shown by Boettiger and Levine 2009. Genes may be activated in cell primed for

particular cell fates, or perhaps due to their position in the embryo. Differing genome activation levels of

cells positioned in various regions of the embryo may contribute to coordination of early cell divisions Ding

et al. 1998, or the coordination of developmental events such as YSL formation or epiboly. This coordination

is explored and discussed in chapter 6.

Analysis of cell cycle lengths within pre-MBT cell lineages showed correlations of longer parental cell

cycle lengths with longer descendant cell cycle lengths. Just as we showed with trends of transcriptional

activation within lineages, we observed similar familial trends with cell cycle. These cell cycle trends were

only from a single embryo so the data is extremely preliminary, yet they corroborated data from transcription

duration and activation trends from multiple embryos. As a result, familial cell cycle trends offer a promising

avenue of investigation to better understand hereditary phenomena in the pre-MBT embryo. This is explored

in more detail in chapter 6.

As the putative inheritance of transcriptional states appears to be dependent on potential hereditary

factors regarding the cell cycle, our next priority became deep, granular analysis of inheritance of cell cycle

states, and how this relates to developmental organisation in the early embryo.

4.3.6 Technical considerations and next steps

The early conclusions regarding transcription suggest that the earliest transcriptional activity occurs in

synchrony, with a steady loss of synchrony with each embryonic stage in line with the loss in cell cycle

synchrony. Transcription likely begins at the onset of S-phase, with the transcripts persisting into the mitotic

phases. This may be due to transcription products being stored in discrete foci, the number of which possibly

match the ploidy of the cell. This focus may be a cavity within the chromatin where transcripts from multiple

genes are stored.

Technical difficulties which arise from handling multiple terabytes of multidimensional imaging data made

it difficult to achieve efficient analysis of familial trends. Analysis of 2Dmaximum intensity projection data was

a necessary compromise to achieve timely analysis of early embryonic transcription and cell cycle durations,

yet 2D images offer challenges in tracking lineages as nuclei move behind each other and converting to 2D

only reliably allows analysis of nuclei closer to the surface of the animal cap.

Further limitations were imposed by the manual nature of much of the image analysis, limiting samples
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which could be analysed in the given time. These data are no less valid, but require further elaboration from

greater and varied sample sizes.

To better understand the potential role of cellular memory in cell cycle elongation, we would need to

improve the image processing pipeline and use alternative solutions to the ones thus far implemented.
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5 A lightweight segmentation and lineage tracking tool for noisy, low

frame rate 4D fluorescence microscopy data

5.1 Introduction

The early stage data regarding correlations between ancestral and descendant cell cycles within cell lineages

was promising, but was limited by how the imaging data was manipulated for analysis and by the low

throughput of the semi-manual methods of image analysis. This low throughput lead to low numbers of

embryos analysed, especially with regards to cell lineage tracking, owing to cell tracking being a time

consuming and computationally complex task. MIPs offered a global overview of transcriptional and cell

cycle events within the embryo, but the compression of 3D into 2D led to issues in tracking lineages of cells

as cells frequently move behind each other during mitosis and this led to only comparatively few lineages

being traced in comparison to how many cell are present in the embryo. The lineage tracing method used

was also time consuming due to the semi manual nature of tracking nuclei. Existing software solutions

struggled to handle the large datasets, and the speed at which nuclei moved during mitosis would lead

to issues in tracking, chiefly because such software relies on comparing overlapping features between

consecutive frames, which was often not the case with our data due to the frame rate of the video time

lapse we found ourselves working with. In this chapter, I discuss a novel software tool I designed and

created for the purpose of detecting and tracking nuclei in the developing embryo.

5.1.1 The compromise of light scattering in in vivo imaging

A major disadvantage of in vivo imaging is the light scattering which occurs deep within the specimen. Light

scattering is particularly pronounced deepwithin the specimens, whichmay obscure nuclei inside developing

embryos, such as the zebrafish embryos analysed for this thesis. Obtaining clearer images from the depths

of the embryo would require a compromise on the temporal resolution, rendering the tracking of nuclei during

development less feasible. Alternatively, increasing the laser power to greater stimulate fluorophores from

deep nuclei risks phototoxic damage and will hasten bleaching (Philipp J. Keller et al. 2008, Jemielita et al.

2013, Dima et al. 2011).

5.1.2 Multidimensional imaging data is computationally unwieldy

Single channel light sheet imaging yields monocolour grayscale outputs in 4 dimensional format, carrying

information in dimensions x,y,z and t (time). These outputs are often very large. In the case of the data used
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in chapter 4, the datasets fell between 300 GB and 500GB. This is too much for consumer computers to

natively handle for manipulations and analysis due to RAM constraints, as conventional image processing

tools rely on storing datasets to the RAM for quick and efficient image transformations. Free, open source

tools which are available for complex image analysis for 4D data include Fiji ImageJ and XPIWIT. Fiji is a

very popular Java based tool due to the wide array of tools it offers for image processing, but relies heavily

on storing data to memory for image processing rendering it unfeasible for large scale analysis in the office

setting. XPIWIT shows potential for memory efficient image analysis but requires creation of customised

pipelines, and the tracking function may struggle with low frame rate datasets.

5.1.3 Watershed algorithm

The process of isolating features within an image, be it 2D or 3D, is known as segmentation. Segmentation

relies on detecting pixels which similar characteristics, defined by the user.

The watershed algorithm is a commonly used segmentation tool. It relies on dividing an image into a

foreground, which contains the features of interest, and a background, which is to be excluded. Watershed

algorithms work by placing ‘seeds’ in regions of the image which meet user defined criteria which would

define them as interesting parts of the foreground (i.e. a feature). A catchment basin is set up around the

seed, within which the shape of the feature is determined and the segmentation occurs. The catchment

basin is scanned to locate pixels which are similar to the pixels in the seeding region. The similar pixels are

grouped together to be defined as a feature.

The watershed algorithm relies on basic thresholding to identify watershed seeds (Preim and Botha

2014), where regions above an intensity threshold are considered features, and anything below is discarded

as background. A region around the seeds is determined as the zone within which to search for similar pixels,

using a flood-fill algorithm which inspects the intensities of neighbouring pixels, progressively scanning a

larger radius until it meets the boundary of the catchment basin.

5.1.4 Feature tracking and aims

A caveat with the fast moving nuclei of the early zebrafish embryo is that they require high frame rate

4D imaging, which can lead to the aforementioned compromises in illumination and image quality. This

interferes with standard cell tracking algorithms as cell trackers use amethodwhich inspects overlap between

features over time to determine whether they are the same feature moving through space (Xiaowei et al.

2006).

The solution I sought to design was aimed to be able to work in noisy datasets with low frame rates,

whilst computationally lightweight, and accessible to use without necessitating the use of supercomputing
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clusters. In this chapter, I present a novel segmentation and tracking pipline composed of an original 2D

segmentation algorithm, a 3D segmentation tool that was created with the help of a fellow researcher (Dr

Andor Magony), and a tracking tool. The aim of this tool is to:

• Effectively segment features in the varying fluorescence environment of the embryo

• Track features which do not spatially overlap between time frames
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5.2 Results

All laboratory and microscopy work used for the following analyses was conducted by Yavor Hadzhiev. My

role in this chapter was designing and creating a piece of software. All programming work described in this

chapter was conducted by me, except for a contribution from Andor Magony, who is credited in the section

which uses his work.

Software design overview:

5.2.1 Software architecture, displaying how separate functional modules integrate in the workflow

The process of segmenting and tracking light sheet microscopy images required multiple discrete steps. I

needed to outline how these tasks would be organised and how data would flow between program modules

in the overall pipeline. This would inform how each module output and receive data, and would also be

crucial to designing a graphical user interface to bring this together into a software package (figure 5.1).

The pipeline is divided into discrete modules which each perform distinct functions. Except for 3D

detection which is built in MATLAB, all modules are built in using the Python programming language. Image

data is passed betweenmodules for the individual stages of processing, 2DSegmentation, 3D segmentation,

Transformation and Tracking. The pre-processed images are passed into 2D segmentation where they

are segmented into binary images which are stacked into 3D features in the MATLAB based 3D feature

detection program. The 3D segmentation outputs are data files containing geometries of the segmented

objects, which are transformed into tracking friendly format. Quality control is user inspection of outputs, to

determine whether the process has executed correctly.

The preprocessing steps are not handled by this software I developed, but are the processes by which

raw files from the microscope are made available for the computer. This involves splitting the raw file into

2D images, which can be achieved using Fiji ImageJ. Each timepoint is represented by a stack of 2D slices,

with each slice corresponding to a z plane in the stack. These 2D images will be segmented one by one,

converted into a binary image and restitched together for 3D segmentation.
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Figure 5.1: Architecture of tracking pipeline: Different modules are dedicated to different phases in processing.

5.2.2 Graphical User Interface design

A graphical user interface (GUI) was designed and implemented using the PySimpleGUIQt Python library

to integrate all of the python based modules described in section 5.2.1 to streamline usage of the pipeline

and to make it user friendly. Different tabs contain parameter inputs for different modules, and a console

window displays the progress of the module being executed. The console is primarily for debugging, and

will also display errors which occur during execution of a module (figure 5.2).

Figure 5.2: Graphical User Interface design: The GUI offers a more user friendly method for running the segmentation
and tracking script.
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Uneven intensity topographies in light sheet images influenced 2D Segmentation algorithm design:

5.2.3 One-dimensional peak detection locates area of interest

Reliably segmenting light sheet data in 2D, in chapter 5, was a challenging task, owing to the amount of light

scattering which occurs within the embryo. I initially sought to understand how fluorescence intensity varies

around the embryo, in order to understand how scattering was interfering with image properties. Based on

this knowledge I could design strategies to work around it. I investigated the topography of intensity across

images, and the effects of conventional thresholding on segmentation of light sheet images (figure 5.3).

Analysing the brightness histogram along a 1 dimensional line taken across a single z slice of imaging

data from the embryo at various depths reveals the vast intensity variation across the plane of view (figure 5.3a).

The intensity topography shows the embryo periphery is the most dim, with the fluorescence of peripheral

nuclei also being dim. Deeper into the embryo, scattering of light reduces intensity and clarity of nuclei,

making them more difficult to detect, with nuclei in the centre of the embryo showing similar fluorescence

intensities to those on the periphery.

With ongoing embryonic development, the fluorescence intensity decreases, due to bleaching and fluorophore

diffusion, presenting challenges for conventional thresholding, which is used in the foreground setup for

general watershed methods .

Using conventional watershed seeding methods provided by the MATLAB programming environment

revealed issues with the uneven intensity topologies in noisy light sheet data. The conventional watershed

methodology in MATLAB was susceptible to noise, and would not detect all of the available nuclei.

The uneven intensity topography of the embryo proved to be an obstacle to segmentation when using the

conventional method of global thresholding (figure 5.3b upper/lower). Underthresholding would occur; less

nuclei would be detected when a higher thresholding value was used. Peripheral nuclei in the darker zone

of the image would be excluded from segmentation as their peak fluorescence was below the set threshold

value . At 128 cell stage, only 16 nuclei were detected, and 61 nuclei were detected at 256 cell stage.

Overthresholding occurred when the threshold was lowered to include more features, and this modification,

while capturing features from the periphery of the embryo, still under detected features. 47 nuclei were

detected at 128 cell stage, and 163 nuclei were detected at 256 cell stage. This represents a limit to useful

thresholding, as this level of thresholding leads to features in the brightest zone of the embryo being detected

as a single feature as whole regions of the embryo are above the threshold will allows capture of peripheral

nuclei.

This analysis highlighted how scattering of light made deep embryo features less detectable by lowering

the overall intensity environment, and causing features to be missed by thresholding limits, or otherwise
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detecting too many objects as features. Variation between embryos may also contribute, possibly with

regards to quality of mRuby3:H2B injection and uptake, although this has not been measured.

Figure 5.3: a. 1D intensity topography (taken along yellow line) of different z slices (upper panels) from progressively
deeper (left to right) regions of embryo. Red arrows denote nuclei, and are lined up between the z slice and their graphs.
Scale Bar = 50µM b. Consequences of 3D segmenting binary outputs of conventional watershed methodology. Left
panels show 3D representation of segmented embryo, showing segmentation of nuclei from 128 cell stage and the right
panels are from 256 cell stage (same embryo, same time lapse). Axis units are in pixels. Upper: 3D segmented feature
outputs when using a high thresholding value (overthresholding). Lower: 3D segmented feature outputs when using a
low thresholding value (underthresholding). Source data from LSFM, nuclei visualised with mRuby3:H2B.
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5.2.4 Isolating intensity peaks in 1 dimension forms the basis of feature detection

Having identified how light scattering influenced the detection of objects in the embryo, I designed an

algorithm which would be able to work around the vast disparities in brightness, and detect objects with a

high brightness relative to their background. This algorithm is part of the overall segmentation and tracking

pipeline, the code for which can be found in section 3.4.3. The purpose of this detection was to perform

a preliminary sweep for feature candidates, which could produce seeds for watershed algorithm. These

candidates may then be segmented in 2D (figure 5.4).

The software reads 2D images from an image stack, and the first step to detecting features involves

applying a gaussian blur to enhance contrast and smooth noisy fluctuations in intensity. This highlights

peaks related to features and reduces the complexity of peak detection calculations performed by the peak

prominences package. The minimum height of a prominence is a user defined input. This figure shows how

gaussian blur highlights features against gaussian noise in an image, and how dim and bright nuclei alike

are selected against the varying intensity topography of the embryo. This algorithm has been designed to

process gaussian blurred images in a row-by-row manner, detecting peaks horizontally per row to generate

a 2D map of peaks across the whole image (figure 5.4).
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Figure 5.4
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Figure 5.4: Isolating intensity peaks in 1 dimension forms the basis of feature detection. a. 4 panels showing the effect
of gaussian blur on intensity topography in 1 dimension Upper left: raw unaltered Z slice. Bottom left: 1 dimensional
intensity topography of line drawn across upper left. Arrows highlight nuclei which intersect with line. Upper right: Z
slice post gaussian blur. Inset: Zoom in on nuclei of interest which intersect with line. Bottom right: Corresponding 1D
intensity topography. b. 2D map of detected peaks (light blue crosses) from row-wise peak detection. Peaks overlaid
onto original raw image.

5.2.5 Two-Dimensional feature analysis allows for creating watershed seed candidates

The row by row peak detection performed in figure 5.4 produces clusters of peaks across the 2D image,

but to create a watershed seeding point, a single point from this cluster must be selected. The next step

of designing the 2D segmentation algorithm was to find clusters of peaks within a defined distance, a user

defined maximum feature radius value, and to group these peaks as part of single feature. These clusters

would be used to generate the seeding point for creating a watershed. From this seed, the flood fill method of

watershed could be used (using the standard Python OpenCV2.0 library). Once distinct clusters pertaining

to individual nuclei are established, the watershed seed candidate can be extracted to offer the best starting

location for producing watersheds.

Intensity peak clusters were grouped using DBSCAN module from the scikit-learn toolkit, a technique

used in machine learning to group objects based on similarity between parameters (Pedregosa et al. 2011).

In this case, clustering is based on proximity of 2D coordinates. Initially the seeding method was to take the

middle most detected peak from the cluster and retain this as the singular seeding point, while deleting the

rest of the peaks from the cluster.

The watershedding method required optimisation, as shown in figure 5.6. Initial watersheds were over

flowing, suggesting the foreground/background separation was not good enough, producing vast watersheds

which covered large portions of the embryo. The first step to removing the overly large watersheds was to

remove watersheds which exceeded a certain size. This size was user defined.

I also modified the seed selection algorithm, selecting the brightest peak in the brightest zone of the

cluster. This was determined by creating a sliding window algorithm to inspect groups of peaks within the

cluster and identify the brightest group on average, and take the brightest peak from this bright cluster as

the seed. These changes to the seeding algorithm reduced eliminating erroneous watersheds.

5.2.6 A user defined exclusion zone sets up watershed basin

I observed watersheds would still produce irregular morphologies inconsistent with the shape of the actual

feature (figure 5.6 top panels). This stemmed from the crude thresholding method used to determine the

basin which could potentially be filled by watershedding. As a result, I opted to use ‘exclusion zones’
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Figure 5.5: Optimising foreground detection via the process of refining watershed seeding.a. Process of generating
watershed seeds from row by row 1D feature detection. Left: All detected feature candidates are annotated on Z
slice. Middle: Clustering algorithm (DBSCAN) sorts detected feature clusters into distinct groups (visualised with
different colours for different clusters). Right: Candidate watershed seeding points, selected from scanning for median
brightest peak in cluster. b. Progression of filled watershed outcomes, showing progression of improved watershed seed
placement. Left: First watershed outcome, with no watershed size filtering or refinement of watershed seed placement.
Right: Watershed outcomes with refined watershed filtering and size filter.

(figure 5.6) around seed candidates into which a feature could grow. This would limit the size of resultant

watersheds. The size of this zone would be approximately the same size as the user defined maximum

feature diameter. This method produced false positive detections, which would be filtered out using local

environment sensing (figure 5.7).
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Figure 5.6: Left. Original z slice used for testing watershed. LSFM data, green foci are nuclei visualised using
mRuby3:H2B (printed in false colour). Top. Standard thresholding based foreground separation method. Left:
Watershed seeds, represented by yellow dots. Middle: Foreground watershed basin (yellow) set up by basic threshold
of z slice image. Right: Resulting binary outline of detected features. Red arrows highlight improperly segmented
nuclei, producing inaccurate morphologies. Bottom. Exclusion zone determined foreground separation method. Left:
Watershed seeds, represented by yellow dots. Middle: Foreground watershed basin set up by setting up exclusion
zone of user defined size around detected features. Right: Resulting binary outline of detected features. Yellow arrows
highlight false positive detections.

5.2.7 Local environment sensing on detected watersheds removes unwanted features

Figure 5.7: Inspecting the immediate environment around detected features to determine if it is a nucleus. Left: Raw
image of nucleus (zoomed in). Middle: Binary segmentation of nucleus from left, following watershed algorithm. Right:
Corona region created via OpenCV dilation, to inspect for brightness, for comparison with intensity within feature.

To ensure that random fluctuations in unbound fluorescence are not detected as features, a final step of

feature validation was designed (figure 5.7). A corona around a feature was generated by using the dilation

tool from the OpenCV2 Python library. To isolate the feature corona, the original feature is subtracted from

the dilated image. The average intensity of the pixels in the corona, representing the immediate environment

around a watershed, was compared with the average intensity of the pixels within the watershed. If the
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difference between the 2 regions exceeds 10% intensity, then the watershed is retained, otherwise it is

deleted. 10% was selected to allow for detections in darker regions with lower intensity differentials between

background and foreground, but this number can be modified by the user depending on their dataset.

3D segmentation process of nuclei: The 2D segmented images are analysed as whole stacks in the

MATLAB based 3D segmentation software. The 3D analysis base of this software was designed by Dr

Andor Magony, but I modified and customised the base code to work with datasets like our own, through

parallelising segmentation acrossmultiple cores, readingmultiple time points and to be able to read intensities

from the original raw data file to increase the metadata per detected feature (Github URLs for segmentation

and tracking script linked in section 3.4.3).

5.2.8 3D segmentation reveals the expected number of features at specific embryonic stages

Our novel segmentation tool follows the expected value of features for given developmental stages (C. B.

Kimmel et al. 1995), and shows superior detection over established 2D detection tools, such as the ones

used on MIP based data (as used in section 4.2.2). The value of comparing with the 2D detected data is

that as there is human validation at every step, we have confidence that it is detecting synchronised mitotic

events accurately. That our 3D tool closely follows these trends in nucleus counts is a positive validatory

step which suggests that our feature detection shows accuracy in feature detection. Notably, multiple factors

contribute to the number of nuclei detected by the segmentation algorithm not matching precisely with the

expected values of cells at a particular embryonic stage. For example, at 256 stage, the number of detected

features increases up to 256, and then increases beyond 256 features as 256 cell stage progresses. Of note

is the loss of cell cycle and division synchrony, where mitosis will be occurring over a prolonged period of

time. This logic may also apply to why fewer than 512 nuclei are detected at 512 cell stage, as divisions may

not be complete from the previous embryonic stage. This phenomenon is also visible in manually counted

nuclei from MIPs in figure 4.8 in chapter 4. Another issue is the quality of imaging, where imaging does not

capture all nuclei present in the embryo, particularly nuclei deep within the embryo. Light is too scattered

within the deepest parts of the embryo to allow any kind of detection.

The over detection of features, as noted from the 256 cell stage in figure 5.8, was noted to be false

positives, biologically inert grains of fluorescence. A filter was designed within the transformation step

(figure 5.1) to exclude these features from tracking and analysis, which works by excluding features below

a specific volume (set by the user).
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Figure 5.8: a. 3D representation of nuclei segmented by MATLAB 3D segmentation tool. Left image is segmentation
taken at 128 cell stage, right image is segmentation taken at 256 cell stage. Axis units are in pixels. b.Comparison
of detected features between manual counting (using 2D MIP) and 3D segmentation via our pipeline, showing the
increase in features with periods of metasynchronous mitosis between 3 embryonic stages, 128, 256 and 512 cell stage
- indicated by coloured boxes and labels. Data shown from single embryo.
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Figure 5.9: a. Mitosis detection is achieved by comparing the location of a feature a at time point (frame) n (an), with
the number of features within a defined radius of an in the frame n+1. If there is more than one feature, conditions are
checked if this is a mitotic event. Frame 1 represents nucleus in current frame, frame 2 shows 2 scenarios. The top
scenario shows when there is only 1 feature in the next frame within the scan radius (large dotted circle), indicating
the continuation of the track. The bottom scenario shows a mitosis event, where 2 nuclei within a minor scan radius
(smaller dotted circle) indicate the current track must end, and 2 new tracks must begin. b. Time lapse showing the
jump in nuclear movement between frames showing how the distance covered during cytokinesis does not allow for
spatial overlap. Image taken from a sample dataset used in analysis. Nucleus in red, highlighted by arrows. Time in
seconds in top left of each frame.

Tracking segmented nuclei: The tracking portion of the software package takes the transformed 3D

segmentation data. Transformation entails reshaping the output csv files from the 3D segmentation tool,

and filtering undesirable features based on geometrical parameters such as volume. Tracking was based

around calculating nearest neighbours, using a KD Tree package from the scikit-learn library (Pedregosa

et al. 2011).

5.2.9 Nuclei are tracked using KD Trees and a user defined detection radius

Our tracking tool sets all nuclei in the first frame of the timelapse to an origin pool, know as time point 0.

These are set as generation 0 also. Any nuclei added to this pool represent the starting points of tracking

lineages. The algorithm sequentially selects each nucleus and tracks it until mitosis, while recording the time

point of division and the change in generation: recorded by setting the new generation value as metadata

for the starting nucleus positions of the daughter nuclei. These daughter nuclei are added to the origin pool

so they can be selected for tracking.
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Nuclei are represented by the 3D coordinate of their centroid. Our implementation stores the centroid of

a nucleus in memory and calculates the distances of nearby nuclei in the next frame. This implementation

also relies on a user defined scan radius, which is a radius within which to search for the next position of

the nucleus currently being tracked.

Nuclei which fall within the scan radius are candidates for the next position of the nucleus, or they may

represent a mitotic division. To determine mitosis, a minor scan radius is applied to each candidate nucleus.

This local radius is scanned to detect very proximal nuclei. The presence of 2 closely associated nuclei is

assumed to represent a mitosis event, based on the notion that the specimen under analysis is mononuclear,

and the only time multiple nuclei appear in such close proximity is following cytokinesis. If a candidate

nucleus has no nearby nuclei within its minor scan radius, no mitosis is assumed to have occurred, and this

nucleus is set as the next position for the currently tracked nucleus. This method also allows for the capture

of subsequent steps in the track in situations where the nucleus has moved far, such as in the case of during

cytokinesis.

The tracking algorithm considers the loss of cell and nuclear diameter that can occur in embryonic cell

divisions by factoring a user defined decay factor, and this will reduce the scan radius by a fixed amount for

a user defined number of cycles. This is notable as a fixed scan radius may become too large and detect

nuclei in neighbouring cells and trigger erroneous mitotic events, which could lead to the tool running in

perpetuity.

Finding the correct parameters for tracking requires some trial and error in figuring out an optimal scan

radius. Choosing too small a scan radius does not yield tracks as the algorithm is not searching far enough

to detect the next position of the nucleus, and selecting too wide of a radius will register mitosis events and

spawn new tracks incorrectly. Tracking newly divided cells presents an issue with the scan radius method:

Once the nuclei have divided, it may be the case that the 2 migrating telophase nuclei are still within each

others scan radius. To work around perpetually generating mitosis events, the user can set a post mitotic

buffer period which sets a number of frames during which mitotic events won’t be registered. Setting this

requires knowledge of how long it takes the 2 daughter nuclei to migrate sufficiently apart from one another.
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Figure 5.10: Tracking outputs shows the lineages tree in 3 Dimensional space, with lighter hues representing successive
generations, and reds denoting over tracked lineages.

5.2.10 Lineages can be visualised in 3D

Once tracking is complete, track data is exported as a .csv file, which contains data regarding nuclei and

their track lengths, start/end times, generation and family history. This allows the construction of family

trees. A static 4D plot (a 3D plot showing trajectories over time) showing the tracks of all nuclei followed is

displayed, which allows a quick visual inspection of outputs (figure 5.10).

The process of tracking outputs a 3D plot displaying the paths of all tracks and their lineages where

generations within lineages are colour coded based on where they place in the family tree. In the current

iteration of the module, this is represented by shades of blue, where darker blues correspond to earlier

members of the family
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5.2.11 Detected features are validated by comparing detected coordinates with the raw image

Tracks were validated by randomly selecting points in tracks and corroborating their positions with nuclei

in the raw data. Additionally, I developed a quick visual tool using the mayavi library (Ramachandran and

Varoquaux 2011) which overlays the 4D track representations with a downscaled 4D representation of the

raw data. The raw data is downscaled and a maximum intensity projection is created in the T dimension.

This can be used to visually inspect whether tracks are correctly overlaying with the data (figure 5.11).

Github URL for validation script can be found in section 3.4.3.

Figure 5.11: Output of validation, overlaying the tracks with a 4D maximum intensity projection. Green/red intensities
represent maximum intensity of nuclei per time frame, resulting in a static image showing the position of nuclei in every
time point. Blue cloud atop the animal cap is overthresholding from the visualisation. Only the first cell division is
represented in the image rather than the full set of lineage tracks.
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Hardware resource utilisation

5.2.12 Resource utilisation

As part of the core design of both the 2D and 3D segmentation modules, I implemented multicore processing

to parallelise the workload and increase speed. Data complexity was a notable factor which increased

processing times in 2D segmentation.

To test the lightweight claim of our tool, I performed performance benchmarks to measure the system

resource utilisation and the execution times for the various component modules which make up our tool

(figure 5.12). The most time consuming portion is the segmentation, the timing of which is tied to data size,

and the number of features which are detected. The most RAM intensive portion of the pipeline is the 3D

segmentation. The 2D segmentation time is correlated to the number of z slices per frame with the longest

2D segmentation time belonging to dataset 2, which has the highest total z slices (figure 5.12 bottom). 3D

segmentation time does not follow this same trend. Though not measured, this may be due to the complexity

of the 3D shapes segmented, or even the number of false positives caused by low signal:noise.

These figures are samples of times and usage on a single system, it is likely these values will vary

depending on different computer configurations, as well as ongoing updates to the source code. A like-

for-like comparison with existing open source software packages such as Fiji ImageJ or Icy Bioimage was

not possible as these software require loading data into the RAM on the processing computer, and such

resource was unavailable. This highlights a key difference between this designed solution and existing

solutions for segmentation and tracking.
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Figure 5.12: Performance benchmarks for 3 datasets. Top. 3 modules were benchmarked for their time taken to
execute, and the peak amount of RAM (gigabytes) consumed during run time. The 3 modules benchmarked are 2D
segmentation tool (2D seg), the 3D segmentation tool (3D seg) and the tracking tool (Track). Bottom. Table listing
parameters for benchmarked datasets above. Total processed z slices is calculated as the product of t length x z slices.

5.3 Discussion

Our segmentation and tracking tool was inspired by the specific questions our laboratory faces, but also by

general problems imaging scientists run into; handling bulky data, scattering of light within specimens and

accessibility of tools for image processing. With regards to our laboratory specific problems, we needed to

be able to identify rapidly moving nuclei in the developing zebrafish embryo, and track the lineages of said

nuclei over multiple generations to gain insights into inherited characteristics of the cell cycle.
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5.3.1 Overview of software design

I aimed to design a modular piece of software with each module being dedicated to optimally performing a

specific task, in line with the UNIX software development philosophy of modular design where each program

component is dedicated to do a single task effectively and then output to another program (McIlroy et al.

1978).

The first suchmodule, the segmentationmodule, discerns nuclei through the scattered optical environment

deep within embryo. Quantitation of number of nuclei detected per embryonic suggests this segmentation

technique is able to capture the majority of nuclei present.

The module designed for tracking nuclei and identifying lineages of nuclei is able to track fast moving

nuclei followingmitosis, and keep tracks going over multiple generations, while recordingmetadata providing

spatial information regarding tracked nuclei. The tracking module takes into account potential reductions in

cell size with successive divisions, the parameters for which can be customised via the GUI (Reisser et al.

2018).

This spatial metadata carries information regarding the time and position of mitotic events, which makes

it possible to probe the coordination of mitosis in time and space. This offers scope to investigate putative

coordinated ‘waves’ of mitosis in the pre-MBT zebrafish embryo (Anderson et al. 2017, Deneke et al. 2016).

This is a notable line of inquiry as it follows from the core questions this tool was designed to answer, and will

be addressed in the following chapter, of how the timing of cell cycle lengths are coordinated and correlated

within cycles. Varied cell cycles may influence the varied timings of mitosis observed in chapter 4, and any

potential coordination of cell cycles may manifest as these theoretical mitosis waves.

The more general purpose of this tool pertains to investigations involving the isolation of lineages in noisy

3D datasets. The threshold free segmentation algorithm has utility as a binarization step in general image

processing scenarios, beyond the uses investigated in this thesis. The segmentation module can be used

in isolation, without the specific purpose of tracking.

5.3.2 The segmentation and tracking tool is a dedicated, lightweight solution to segmenting and

tracking 3D datasets

Compared to existing software solutions which offer segmentation and/or tracking capabilities, our tool has

the advantage of being optimised to work on demanding datasets on accessible office hardware, as that

is the environment in which it was designed and tested. This contrasts with recommendations of using

computing clusters for the use of available tools such as MaMut from Fiji ImageJ or XPIWIT (Wolff et al.

2018, Bartschat et al. 2016). The requirement for RAM during segmentation of very large datasets is highly
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manageable on conventional office hardware, and can utilise a user defined number of processing cores in

the CPU. This is made accessible through a GUI explicitly designed to show precisely what it requires of

the user in order to produce segmentations or tracks. This makes the tool more niche in its purpose, but the

intention is to fill its niche effectively.

3D segmentation is the most RAM heavy portion of this pipeline, by virtue of the use of binary connected

components MATLAB function, yet this portion of the program is designed to clear the memory cache as it

sequentially processes stacks of 2D segmented images to produce 3D segmented outputs. This portion of

the program can be tailored to result in an on screen 3D visualisation of segmentations, which consumes

more RAM, and at this time this is only recommended to be tested on small samples to make sure that

segmentation is occurring normally. The tradeoffs of not loading large datasets into RAM, involve requiring

additional storage space and the potentially longer processing times which may come with not keeping data

in the high speed memory of RAM.

The tracking module uses the 3D segmentation data processed transformation step, which outputs a csv

containing geometrical parameters of detected features. This is computationally lightweight representation

of 3D data which is easy task for tracking module to utilise, resulting in negligible RAM usage. This aspect

of the tool offers a tangible advantage over the semi-manual method of tracking nuclei in 2D described in

4.2.2. It offers time savings, removes the need to convert data to 2D as 3D data can be parsed by accessible

hardware, and increases the number of nuclei we have access to for analysis. Analysis can be scaled up

to tracking hundreds of lineages across multiple embryos.

5.3.3 Advantages and limitations

The principal bottleneck to effective segmentation and tracking remains to be the base quality of rawmicroscopy

data. Despite a core strength of this tool lying in its ability to detect nuclei in highly scattered environments,

the precision of such detections will always be determined by the image quality. Poorly defined nuclei will

present with more irregularly segmented geometries, making volume measurements less reliable. Volume

measurements are incorporated in the design of the metadata, though haven’t been included in analyses

for this thesis. Potential ways to improve this aspect may lie in advanced image pre-processing methods

involving deconvolution.

By comparing with currently available image processing solutions, such as XPIWIT, our novel 2D segmentation

method uses fewer image transforms on the raw data, and focuses more on user defined segmentation

parameters to match the dynamic fluorescence environment of the light sheet image. This offers user

friendly, fine control of a computer vision framework to identify areas of interest within a specimen. This

function will be useful when parsing datasets of varying imaging parameters, allowing us to quickly change
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segmentation and tracking settings for each dataset, as required.

A recommendation which emerged from software testing was that of testing the segmentation parameters

on a sample dataset, typically taking 2 timeframes from the beginning and end of the timelapse, and

observing the segmentation outputs. It is part of the development roadmap for this tool to integrate such an

option within the GUI to streamline this, and potentially automate the testing process. A rough understanding

of the biological specimen being segmented or tracked helps the user to discern which parameters to apply

to the software. Estimates for cell cycle length and nucleus size are often easily determined from a quick

look at imaging data, or perusing the literature.

This tool has limitations, the algorithms can be improved to be more efficient although this may require

further expertise and collaboration. Another limitation is that the software is optimised in the early embryonic

zebrafish, when the underlying algorithms may be adapted to work in a variety of models and developmental

contexts.

In this chapter I have presented a tool that is capable of detecting discrete features in a noisy medium

and following them until they divide, while generating family histories. This pipeline is not just limited to

use in the zebrafish embryo but may be employed wherever nuclear stained timelapses require tracking.

However, the recording of cell cycle durations, family histories and points of mitosis puts us in prime position

to address the questions posed in section 4.3 can take this tool to query whether cell cycle lengths correlate

with lineages, and look for potential organisation to how to how cell cycles vary across the embryo.
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6 Investigating heritable cell cycle featureswithin pre-MBT embryonic

cell lineages

6.1 Introduction

In chapter 4, 2D image and data analysis yielded a relationship between the length of transcription time and

cell cycle length. I also noted that cells expressing transcription had longer cell cycle, and cells showing

an earlier transcription signal were more likely to produce early transcribing daughter cells before global

ZGA at MBT. Additional experiments using transcription block and synthetic cell cycle elongation posited

the length of cell cycle as permissive to increased transcription length (section 4.3.5). Injection of Chk1

RNA introduced checkpoints into S-phase, and elongated cell cycle, and with it transcription duration. On

the other hand, transcription block did not inhibit cell cycle elongation with successive pre-MBT embryonic

stages. Taking this outcome with the additional finding that transcribing parents were more likely to produce

transcribing daughters, this suggests that an aspect of cell cycle length may be heritable in early embryonic

cells.

6.1.1 Epigenetic memory

Transcription is largely dependent on the state of chromatin. Open chromatin conformations make DNA

accessible for transcription machinery. Chromatin modifications have been associated with transcriptional

state, in particular methylations at the sites of gene promoters and enhancers have been shown to increase

the speed of transcription reactivation in the cell cycles of daughter cells (Muramoto et al. 2010, Ferraro

et al. 2016) .

Heritable variations obtained over the course of the cell cycle may manifest in daughter cells in the form

of cell cycle elongation. One of the proposed models for the influence of inherited features on cell cycle is

a stochastic model which proposes stochastic variations in the production of mRNA, and protein production

and degradation (Sandler et al. 2015, Dolbniak et al. 2015, Mura et al. 2019). Another model suggests

inequality in the distribution of cytoplasmic constituents between dividing daughters, leading to variations

in cell cycle (Xie et al. 2017). The distribution of factors which contribute to cell cycle elongation may be

uneven in such a case (C. B. Kimmel et al. 1995).

Observations in yeast present compelling evidence of inherited cell cycle variability from a clonal cell

population. These experiments correlated lineage fitness with these variations, and showed a link between

catabolic gene activity and cell cycle length variability and inheritance (Mosheiff et al. 2018, Cerulus et al.
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2016).

Replication stress from conflicts between the DNA replication fork and transcription machinery can

induce DNA damage which may be inherited following mitosis. Checkpoints triggered by DNA damage

can contribute to variations in cell cycle length in embryonic cell populations, such as those in the very early

embryo( Brauchle et al. 2003). In human cell culture, inherited lesions have been shown to prolong G1

phase post mitosis (Barr et al. 2017). Lesions incurred during S-phase are marked with caretaker protein

53BP1 and are passed down to offspring (Lezaja and Altmeyer 2018).

Whereas this is not an embryonic model, it shows the possibility of DNA damage influencing inherited

states across cellular generations. This is of relevance to the gap-phase deficient embryonic cells in that

the concurrence of DNA replication and transcription may lead to increased DNA damage events.

The corpus of work regarding epigenetic memory of cell cycle length in particular comes from single

cell organisms or in vitro models. This relationship is yet to be explored in an in vivo vertebrate model,

and the general applicability of the finding from these models to the early embryo is uncertain. In an

embryonicmodel, the variations in cell cycle lengths will affect when the cells divide. In the highly coordinated

environment of the early embryo the coordination of cell position and growth is of paramount importance

to growth. The organisation of when and where mitosis occurs is another question we hope to be able to

probe using our newly developed tools.

6.1.2 Coordination of mitosis with cell cycle

The spatiotemporal coordination of mitosis in the early embryo is a phenomenon that has seen extensive

study inXenopusmodels. This offers useful background for our own investigations asXenopus is a developmentally

similar model to zebrafish. Cell cycles across the Xenopus embryo are coordinated by Cdk1 waves which

spread from the top of the animal pole and travel across the egg in the direction of gravity (Chang and Ferrell

2013). These early waves are involved in facilitating mitosis. Prior to this, a calcium wave emanates from

the sperm entry point and spreads across the egg (Whitaker 2008). The role of this wave is to reactivate

the cell cycle and to block fertilisation by other sperm cells. These findings indicate that waves of mitosis

originate from a focal point and spread in a concentric manner away from the origin. The involvement of

Cdk1 in mitosis and cell cycle advancement, in addition to the varying cell cycle lengths of the MZT zebrafish

embryo hints at a link between the coordination of mitosis and cell cycle lengths.

6.1.3 Nucleocytoplasmic ratio

Another aspect of spatially analysing trends in cell cycles lengths is the potential influence of NCR, and

how this may influence maternally deposited factors with involvement in cell cycle elongation. Cell cycle
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elongation is a key feature of both MZT and MBT. The leading model for MZT onset is the NCRmodel, which

suggests an increase in nucleoplasmic:cytoplasmic ratio is responsible for many of the notable changes

during this period (Newport and Kirschner 1982). One of these changes is cell cycle length. As discussed

in the introduction one such mechanism may lie in the activation of Chk1 which progresses the onset of

M-phase. Our own experiments showed Chk1 does indeed elongate zebrafish cell cycle lengths, and in

turn elongates transcriptional length also (Hadzhiev et al. 2019). Chk1 activation has been shown to be

influenced by the titration of unbound histone 3, suggesting a mechanistic link between the NCR and cell

cycle elongation (Shindo and Amodeo 2020).

The pre-MBT cell divisions of the zebrafish embryo preserve total animal cap volume, resulting in drastic

reductions of the cell volumewith each division. Nuclei, however lose less volume per division due to ongoing

DNA synthesis. Kimmel’s suggestion of uneven cell divisionsmay explain the variation in cell cycles, through

the creation of uneven cell volumes, resulting in reduced cell cycle and transcription repression in a daughter

cell, thus influencing elongation (Kane and Charles B Kimmel 1993). Cell size in the pre-MBT zebrafish is

heterogeneous, although cell sizes are maintained within a range (T. Menon et al. 2020). This heterogeneity

may also contribute to cell cycle variations and loss of mitotic synchrony during MZT.

6.1.4 Direction and aims

Our early data from chapter 4 (figures 4.18, 4.19) hinted at a potential correlation between ancestral and

descendant cell cycle lengths. The literature suggests there may be a spatial component to how epigenetic

memory is generated, with uneven distribution of cellular constituents, such as histones, possibly producing

local lineages with similar cell cycle dynamics (Xie et al. 2017). The asycnhrony of mitoses could be

coordinated, as in Xenopus where this results in a mitotic wave emanating from a focal point (Anderson

et al. 2017). With a tool now established to deeply probe embryonic nucleus dynamics, we may address

questions of cellular memory and inheritance. Is there underlying order to how cell cycle lengths vary and

elongate? If yes, we then ask how this variation may be presented through the asynchrony of mitotic timing

in the pre-MBT embryo. Is there a spatial component to how cells of varying lengths are organised in the

embryo? To address this, I asked the following questions:

• Is cell cycle length correlated within cell lineages?

• Are mitosis events spatially and temporally coordinated?

• Are cells of varying cell cycle lengths spatially organised?

100



6.2 Results

All laboratory and microscopy work used for the following analyses was conducted by Kacper Wozniak and

Yavor Hadzhiev. My role in this chapter was producing data handling scripts, and image processing and

analysis.

Preparing data processing: The next logical step following the creation of a segmentation and tracking

tool, was to develop methods to parse the outputs of the tool. This required constructing more scripts to

organise data into dataframes so they could be analysed. A challenge from generating somuch data through

tracking was finding ways to visualise and inspect data for trends. This was addressed by creating scripts

which could find and compare lineages based on their ID strings, and creating scripts which could visualise

lineages in flexible multidimensional views.

6.2.1 Parameter selection for tracking algorithm

The Zeiss Z.1 light sheet microscope outputs data in the proprietary .czi format, which is difficult to handle

using custom scripts. Fiji ImageJ was used to create .tiff series out of .czi files. A single tiff file was created

for every z slice in every frame, and Fiji ImageJ outputs all of these into a single folder.

Here I designed a script to parse the names of each resultant tiff file and create folders for every time

point to sort them into. A second script moves each file into its corresponding folder. These time point

folders are read by the python 2D segmentation tool. Github URL for this script is in section 3.4.3.

Selection of parameters for the tracking algorithm required prior inspection of raw data to understand

which cell stage the data begins at. This is because, in its current iteration, the tracking tool requires

estimates for the cell diameter at the beginning and end of the dataset. These diameter measurements

are provided in microns and are denoted by ‘scan radius’ headings. The decay factor takes into account

the loss of cellular volume with each division, if there is any. The mitosis buffer indicates the period after

a cell division during which no division is expected. This was built in to prevent newly divided nuclei from

detecting each other and initiating another mitosis event (figure 6.1).
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Figure 6.1: Screenshot of tracking module tracking parameters menu. The tracking parameters are indicated on the
left, and text boxes on the right receive user inputs.

Are variations in cell cycle length correlated across generations?

6.2.2 Parent daughter cell cycle lengths show correlation in preMBT embryonic stages, within a

single embryo

Upon implementing tracking on 5 embryos, I was now able to inspect cell cycle lengths within lineages (using

cell cycle comparison script, Github URL in section 3.4.3). In section 4.2.16 we noted that the durations

of both cell cycle and transcription were linked. Additional experiments within the lab (as discussed in
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section 4.3), showed that cell cycle length determined duration of transcription, and not the other way round.

We also noted that nuclei which showed transcriptionally active states earlier in MZT, were more likely to

produce daughter cells showing pre-MBT transcription. This raises the question of whether cell cycle length

inheritance drives this inheritance of transcriptional state. To begin probing this question, I asked whether

the cell cycle lengths of parent cells are correlated with the cell cycle lengths of their daughter cells. This is

to see whether cell cycle states may be inherited (figure 6.2).

Figure 6.2: Comparison of parent (x axis) cell cycle length with daughter cell cycle lengths (y axis) in the next embryonic
stage. Data has been jittered for visibility a. Comparison between 64 cell parent cell cycle length with 128 cell daughter
cell cycle length. r2=0.031 P>0.05. b.. Comparison between 128 cell parent cell cycle length with 256 cell daughter cell
cycle length. r2=0.2 P<0.001. c. Comparison between 256 cell parent cell cycle length with 512 cell daughter cell cycle
length. r2=0.54 P<0.0001.

6.2.3 Correlations lost between parent daughter cell cycle lengths in preMBT embryonic stages,

across multiple embryos

Cross embryo analysis of parent-daughter cell cycle relationships between 128-256 cell stages shows a

correlation between parent-daughter cell cycle lengths when raw cell cycles are compared. Scrambling

parent daughter pairs to create a randomised control abolishes any kind of relationship in every dataset

randomised, suggesting the effect observed is not stochastic (appendix, figure 8.3). A weak but not significant

relationship is observed when comparing the cell cycle lengths of 64 cell stage nuclei with their 128 cell stage

progeny. This may be due to cell cycle synchrony persisting across the embryo in the early stages of MZT. A

similar relationship is also observed between 256 cell parents with their 512 cell stage offspring, potentially

due to 512 cell stage being the final stage before MBT, and most cells are desynchronised and entering

longer cell cycles.

Examination of these relationships within individual embryos yields mixed results (appendix, figures 8.1,

103



8.2). 80% of embryos show very clear parent-daughter cell cycle correlations when comparing 128 cell

stage with 256 cell stage, with the remaining embryo showing only a weak, yet positive correlation in line

with the other embryos. This relationship is more varied in comparisons between 64 cell parents with 128 cell

daughters. Clusters of nuclei in the statistically non-correlating datasets do appear to show a relationship

between parent and daughter cell cycle lengths, however. The relationship these clusters exhibit is lost in

the global embryo view, suggesting there are other factors to consider when making comparisons of cell

cycle lengths.

To address the effects of inter embryo variation, where one embryo may consistently show longer cell

cycles, and thus skew over all cell cycle comparison trends in one direction, I compared distributions of

cell cycle lengths per stage, per embryo (appendix, figures 8.1, 8.2). Distributions of cell cycle lengths fall

within similar ranges across embryos, negating effects of embryo to embryo variation in cell cycle length

where some embryos present longer cell cycles than others. Whereas median values for cell cycle length

distribution do show variation in embryo-embryo comparisons, the overall distributions of cell cycle lengths

over different stages do not show consistency in cell cycle duration levels (figure 6.3). This suggests that

there is no consistent correlation between parent/offspring cell cycles between embryos. Randomisng the

parent-daughter cell pairs and plotting their cell cycle relationship eliminates any semblance of correlation,

suggesting any minor correlation we see may not be random. This would require further study, however.

Figure 6.3: Aggregation of parent-daughter cell cycle relationships from 5 embryos. For each chart, the cell cycle length
of the parent nucleus is measure against the cell cycle lengths of its daughter cells, with each representing a parent-
daughter comparison of successive pre-MBT embryonic stages. Data has been jittered for visibility. a. Comparison
of 64cell stage nuclei cell cycle lengths with their daughter cells (128 cell stage). N=552 nuclei. r2=0.003 P>0.05. b.
Comparison of 128 cell stage nuclei cell cycle lengths with their daughter cells (256 cell stage). N=977 nuclei. r2=0.018
P<0.001. c. Comparison of 256cell stage nuclei cell cycle lengths with their daughter cells (512 cell stage). N=887
nuclei. r2=0.002 P>0.05.
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Spatial analysis of mitosis

6.2.4 Timing of cell division, and cell cycle length are correlated with position in the embryo

Nuclei do not remain in one position in the rapidly dividing embryo. Regular divisions push nuclei around

in their pre-migratory state. As a result, nuclei are represented in the tracking data by a set of coordinates

representing their path through space. To pinpoint a location for an abstract concept such as the path taken

by a nucleus in 3D space, I used the point of mitosis as the proxy for the location of a track. This is a discrete

phenomenon which is easily and efficiently processed based on the parameters of the data obtained, and

the tools available.

Using a custom script designed to read tracking metadata, the positions of mitosis from one embryonic

stage to the next were extracted and plotted in 2D space on the X,Y, or X/Y,Z plane. This perspective of the

embryo is either looking down from the above the animal cap, or viewing laterally (figure 6.4). To visually

compare how different parameters vary in space, these 2D maps of mitosis points are colour coded based

on a 3rd parameter. As established in literature (C. B. Kimmel et al. 1995, Kane and Charles B Kimmel

1993) and further verified by my own analysis shown in section 4.2.5, the timing of mitosis is variable and

plotting this variation in space allows us to explore whether there is coordination of mitotic events across

the embryo. How this analysis is constructed is further elaborated upon in figure 6.5.
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Figure 6.4: Multi-Dimensional views of mitosis in the embryo. To analyse spatiotemporal relationships between cell
cycle length and position in the embryo, a custom script was created to map cell cycle cytokinesis points in planes (x,y),
(x,z) or (y,z) (Github URL located in section 3.4.3). The different planes produce differently shaped plots, but convey
similar information. Points are plotted on the same plane regardless of depth, similarly to how a maximum intensity
projection may work. a. Top view. (x,y) plane offers a top down view of the embryo. a’ The top view produces an
oval/spherical map of mitosis locations (denoted by ‘x’s) in the transition between 2 embryonic stages. b. Planes (x/y,z)
in a lateral view. b’ This produces a hemispherical map of mitosis locations in the embryo.

Figure 6.5: Example of how mitosis plotting from figure 6.4 is constructed. The timelapse shows cell divisions in 2D,
although the software will do this in 3D, by viewing from the top or lateral planes and registering mitosis events on a 2D
plot, where the depth of each cell division is not considered

6.2.5 Mitosis times are staggered across an axis in the embryo

To understand how variations in cell cycle length may manifest spatially, I used the method described in

figure 6.4 to make a 2D plot of nuclei at 256 cell stage (figure 6.6). The points on the plot are located at the
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x,y coordinates of mitosis for each nucleus, and are shaded based on when the division occurred. Shading

can be customised to represent any field of metadata attached to a nucleus track. The shading on the plot

gives a qualitative view of whether there may be a wave of mitosis to further study.

Following inspection of the 2D plot (figure 6.6a), the data can be recast into 1 spatial dimension, by

extracting the coordinates of the axis of interest and plotting against a parameter of interest to see if there

is directional correlation along the selected axis (figures 6.6b, c). In the case of figure 6.6b, I selected the

parameter of time each nucleus underwent mitosis, and plotted it against its position in the embryo. This

transformation revealed a polarity in where mitosis would begin and end in a pre-MBT embryo, developing

from 256 cell stage to 512 cell stage. This wave of mitosis was consistently seen in the XY plane (using the

top view illustrated in figures 6.4, 6.5) in all 5 embryos analysed (only one embryo is shown here, further

data in appendix: figure 8.4).

The analysis shows that nuclei on polar ends of the embryo divide at different times, and this is driven

by nuclei which divide later having longer cell cycles. Cell cycle length could be a heritable trait (Brauchle

et al. 2003, Barr et al. 2017), although my own data has not robustly shown this (figure 6.3). This finding

that cell cycles in one region of an embryo are shorter than in another region suggested another approach

to take regarding inherited cell cycle length. Next I would investigate local cell clusters in the early embryo

to see if they share cell cycle lengths and lineages.
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Figure 6.6: Finding the wave of mitosis using 2D scatter plots to represent 4D data. Single embryo, plotted mitosis
points represent nuclei of 256 cell stage (mitosis point is therefore their division into 512 cell stage nuclei) a. The 2D
output from implementing method from figure 6.4. showing the points of mitosis across a single embryo. b. Plotting
data and parameters from mitosis occurrences plotted in panel a onto a single spatial axis to determine presence of
correlation between time of mitosis and location of mitosis occurrences, along a single axis. The time at which mitosis
occurs is plotted against where mitosis occurs in x. r2=0.125 P<0.001. c. Same method as in panel b. The cell cycle
length of a nucleus is plotted against its mitosis position in x. r2=0.04 P>0.05.

Nucleus diameter declines with successive cell cycles

6.2.6 Can we discern a role for nucleocytoplasmic ratio in the spatial aspects of memory?

For further insights into the spatial organisation of inherited variations in cell cycle lengths, I directed my

analysis to a contributing factor to cell cycle elongation, the NCR. The increase in NCR contributes to cell

cycle elongation over successive cell cycles, thus I asked whether this phenomenon would be reflected in
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the cell cycle variations within an embryonic stage (figure 6.7). Initially, I characterised the global decline

in nucleus and cell diameter, to gauge a trend for the increase in NCR over the course of the time lapse.

With this correlation established over several cell cycles, I would then ask how this manifests within a single

cell cycle, not over time, but in space. To investigate this, I would examine where nuclei place across the

embryo, and what the cell cycle length of these nuclei are (figure 6.7).

Cell diameter was calculated during tracking by calculating the average distance to the three nearest

nuclei. This method is based off the technique published by Jevtić and Levy 2017 (Jevtić and Levy 2017)

Cell diameters were taken at the midpoint of the track, and this diameter was used to represent the cell

diameter for a single nucleus track. In the pre-MBT stages, cell diameter is not expected to grow or decline

significantly until mitosis. Cell diameters were not sampled at every frame as it was not deemed useful

to increase processing times for this purpose when cell diameter is expected to remain mostly consistent

during a cell cycle.

Nucleus diameters were automatically sampled per frame as a part of segmentation metadata. It was

assumed nuclei and cells take on approximate spherical shapes in the early stages of development (C. B.

Kimmel et al. 1995). Based off this assumption, comparing nucleus diameter with cell diameter was seen

as an approximation of NCR. Volume can be expressed as a function of diameter, so this is seen as a

reasonable approximation to use in lieu of actual volume measurements.

In line with expected theory regarding nucleus and cell diameter measurements (Triveni Menon et al.

2019), the nuclear and cell diameter declines with time, with nuclei from later in development exhibiting

smaller diameter. The decline in volume is much sharper in cell diameter, and this results in the ratio

of nucleus:cell diameter rising with time. This trend appears to be continuous, even within timescales

representing a single embryonic stage, showing a general trend of smaller nucleus diameter with nuclei

which divide later.
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Figure 6.7: All panels: longitudinal trends in nucleus and cell diameters over the full time course of an imaging
timelapse, representing individual detected nuclei from embryonic stages from 32 cell stage through 1000 cell stage.
Data from a single embryo. Data starts part way through 32 cell stage. Frame rate = 25s. a. Median nucleus diameter
(black points) at every frame in timelapse. Whiskers denote interquartile range.
b-d: Spatial characteristics of tracked nuclei, each nucleus represented in time via its time of mitosis, relative to the
start of the time lapse (x axis). Data points on charts represent every nucleus tracked between 32 and 1000 cell stage.
b. Peak nucleus diameter per tracked nucleus over entire timeline. r2=0.253 P<0.0001. c. Maximum cell diameter over
the course of its cell cycle, per tracked nucleus. r2=0.831 P<0.0001. d. Nucleus:cell diameter ratio for each tracked
nucleus, plotted against its relative division time. r2=0.661 P<0.0001.
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6.2.7 Nucleus diameter correlates with position in embryo

Having established the trends in nuclear and cell size change over a period encompassing multiple cell

cycles, the next step was to query this phenomenon in individual embryonic stages. I sought to investigate

how nucleus diameter varies across the embryo, and whether this relates to cell cycle length variation. In

line with NCR model, I would expect relatively larger nuclei within an embryonic stage to yield longer cell

cycles as these are more likely to present a greater NCR, based on the NCR theory of MBT (Newport and

Kirschner 1982).

Another aspect of spatial positioning of nuclei in relation to cell cycle variations is seeing which regions

cell progeny occupy in the growing embryo. This expands on investigations into the mitosis wave by seeing

if lineages occupy a local region of the embryo, andmay place the cell cycle memory of longer lineages in the

context of staggering mitoses in a spatial wave. Measurements of nucleus diameter and cell cycle length

follow the same trends as each other; nuclei measured on one extreme of the axis of the measurement

exhibit earlier mitosis, shorter cell cycle length and smaller nucleus size (figure 6.8a-c). This is weakly

reflected in nucleus diameter ratio – a trend consistent across all embryos measured in this way (5 embryos

examined in total, only 1 shown in figure) (figure 6.8d). These data show a staggering of mitotic events

across an axis within the embryo, which is consistent with observations of a wave of mitosis across the

embryo.

Nucleus families, or whole lineages, remain localised without spreading across the embryo in the pre-

MBT stages (figure 6.9). The analysis of where nucleus lineages reside in the embryo shows that different

members of a lineage remain localised in one region of the embryo and do not exhibit long distance separation.

When taken with the observation that cell cycle lengths vary across the embryo, these data may suggest a

potential role for localised clusters of nuclei which divide together and may have similar cell cycle lengths.

This could be a possible manifestation of local cell cycle memory. Prior to MBT and epiboly, cells do not

exhibit migratory behaviour so it is expected that cells may not actively move large distances across the

embryo (C. B. Kimmel et al. 1995). However, cells are constantly moving between each other during mitosis,

so a question remained as to just how much mixing between cell lineages occurs pre-MBT. This data shows

that this effect may be very little, and opens up the possibility for shared familial factors to influence the

coordination of mitosis events across the embryo.
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Figure 6.8: Spatial trends of nucleus size show a relationship with cell cycle length and position in embryo within a
single embryonic stage. Presented using methodology from figure 6.4. Data from 256 cell stage from same embryo,
each nucleus represented in space by the coordinate where it underwent mitosis. a. Position of cell division along
defined x-axis in top view, where mitosis occurred, and the time at which mitosis occurred. r2=0.014, P>0.05. b. Cell
cycle length of 256 cell stage nuclei and their location in x axis. r2=0.041, P<0.05. c. Maximal diameter reached by
nuclei during the 256 cell stage cell cycle, and the position along the defined x axis at which they underwent mitosis.
r2=0.191, P<0.0001. d. Nucleus:cell diameter ratio (approximation of NCR) of 256 cell stage nuclei, and their position
in x. r2=0.019, P>0.05.
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Figure 6.9: Map of 2D mitosis location of all tracked nuclei across all tracked stages in single embryo (depicted using
method described in figure 6.4, same embryo as used in figure 6.8). Families are colour coded for visual differentiation
and labelled with the family ID assigned to them by the tracking tool. Nuclei from embryonic stages from 64-512 cell
stages represented.

6.3 Discussion

6.3.1 Cell cycle memory

The primary question we sought to address in this chapter was confirming whether cell cycle length was

a heritable characteristic in the pre-MBT zebrafish. The data and analytical approach implemented here

was far more granular, detailed and comprehensive than our initial pilot investigation into this in chapter 4.

The conclusions from this follow up are as yet unclear. Any kind of global embryonic relationship is difficult

to discern when examining relationships across embryos, as well as within individual embryos, although

clusters of nuclei in the datasets do appear to show a relationship between parent and daughter cell cycle

lengths (figures 6.2, 6.3). The relationship these clusters exhibit is lost in the global embryo view, suggesting
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there are other factors to consider when making comparisons of cell cycle lengths.

The observation of clusters of nuclei with parent-daughter correlations suggests sub populations may

exhibit the effects of epigenetic cell cycle inheritancemore than others. The relationship between transcription

and cell cycle explored in section 4.2.9 may provide a starting point when unpicking which other factors to

examine to investigate this relationship; in particular, the relationship between S-phase and transcription,

as S-phase elongation defined longer pre-MBT cell cycles (section 4.2.10). Whereas the duration of early

zygotic transcription may be determined by cell cycle length, the capacity for transcription itself may have

involvement in S-phase duration. A potential candidate for this is the RNA binding protein smaug, which in

addition to enabling zygotic transcription, is also involved in cell cycle elongation (Benoit et al. 2009).

Another option to consider when explaining the loss of parent-daughter relationship between 64 and 512

cell stages is a potential diminished returns effect of heritable cell cycle characteristics reported by Lezaja

and Altmeyer 2018. In their studies in human cell culture, they saw the heritable effects of cell cycle variation

become less apparent after multiple divisions (ibid.).

The variability in cell cycle correlation output reflected high levels of variability between embryos. A

portion of this effect may be due to fundamental biological variability in how cell cycle affecting factors may

be inherited, but one must also consider technical limitations. Embryos were not all of equal imaging quality

so the quality of segmentation and tracking was not consistent. Indeed, it is apparent from some plots

(8.1) that far fewer lineages were availabl to track. Another side to this limitation is the quality of the tracks

themselves, which will also be limited by quality.

6.3.2 Mitosis wave

There is a consistent observation of a gradient of cell cycle lengths across the embryo. Varied cell cycle

lengths appear to be coordinated spatially, occurring as a wave. A wave of mitosis spreads across the

embryo with nuclei with different cell cycle lengths contributing to the progress of the wave. This is visible

with one end of the embryo showing earlier divisions which spreads along an axis to an opposing pole.

To measure whether variations in cell cycle length established in chapter 4 are spatially coordinated to

produce a wave of mitoses across the embryo, I examined the position of nuclei within the embryo and

measured their cell cycle length (alongside, maximal nucleus diameter). I investigated whether there was

an axis along which cell divisions would get progressively later in comparison to nuclei measured spatially

before them. A mitosis wave like effect can be found, although it does not manifest as a very pronounced

difference between nuclei at polar ends of the embryo (poles as defined by the axis along which I was

measuring mitosis events).

One potential reason for this is that pre-MBT cell cycle lengths do not vary greatly within an embryonic
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stage (figure 4.12) particularly before cell cycle elongation and the onset of the major wave of ZGA. This

may give the effect of only a modest difference between earliest and latest dividing nuclei.

Another possible reason for the weak correlations between cell cycle length and location in the embryo is

that there may be a masking effect from the nuclei which will go on to form the yolk syncytial layer (YSL). The

YSL forms at 512 cell stage when nuclei from the blastoderm drop into the yolk cell to form a multinucleate

cell (Chu et al. 2012, Trinkaus 1992, Trinkaus 1993). Once the YSL has formed, the nuclei within it are

known to divide in a wave-like manner (ibid.). These nuclei have abnormal dynamics compared to nuclei of

the blastoderm, and this may interfere with the cell cycle length measurements taken for the mitosis wave

analysis. The segmentation and tracking software could not differentiate potential YSL nuclei as precisely

which nuclei will become part of the YSL is not known.

An additional consideration is that the pilot study from figure 4.19 was not just the caveat that it was done

in 2D in a single embryo, but that the nuclei analysed were taken from a specific region in the embryo, as

is liable to occur with the usage of the ’bright-zone’ methodology I outlined in figure 4.4. On the one hand,

this leads to a bias in which nuclei are measured, but it may also have an advantage in that it may exclude

potential YSL nuclei, which by their adjacency to the yolk, and thus falling on the periphery or deep within

the embryo are likely to be excluded from the bright zone. This could provide a clearer view of a blastoderm

mitotic wave, but the caveat remains that it is still a very limited dataset by its numbers and the shortcomings

of analysing MIP data.

Although statistically significant measurements of correlation between mitosis events and location in the

embryo weremade, significance on its own is not enough to strongly evidence this phenomenon. These data

provide an interesting pilot to produce more imaging to more comprehensively explore this phenomenon,

and produce a study with reasonable statistical power.

6.3.3 Nucleocytoplasmic ratio

Cell cycle length and nucleus size appear correlated (figure 6.7). I see this manifest in 2 divergent ways.

Firstly, a gross overview of nucleus diameter and cell cycle length acrossmultiple cell cycles shows decreasing

nucleus size and increasing cell cycle lengths. Within a single cell cycle stage in individual embryos,

decreased nucleus size consistently shows a correlation with decreased cell cycle length, and thus earlier

mitosis time in the mitosis wave. The key difference between these divergent observations is the difference

in cell diameter. My longitudinal analysis of nuclear diameter and cell diameter shows both decreasing over

embryonic stages, with cell diameter decreasing at a much sharper rate than the nucleus, resulting in a

progressively increasing NCR with time. Within a single cell cycle, approximate cell diameters show a very

weak correlation with cell cycle lengths or direction of mitosis wave. This means that smaller nuclear sizes
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will have slightly increased NCR, even within an embryonic stage. This data supports NCR model and is

consistent with the overall trends seen in longitudinal analysis of cell and nucleus diameters.

The observation that lineages remain locally clustered in regions of the embryo provides further insight

into how a mitotic wave may coordinate. Based on the findings that cell cycle length may correlate across

lineages (figures 6.2, 6.3), the spatial positioning of lineages may be partially responsible for how mitosis

events are staggered across cells. Longer lineages may cluster together locally, forming clusters of later

dividing cells, contributing to how the mitosis wave presents across the embryo. The next step on from

this would be to see if transcription activation follows this wave, and if it respects the cell cycle variations.

This may inform about the role of transcription in cell cycle length variation. The geographical location of

transcription initiation would be a useful piece of complementary information for further characterising waves

of mitosis across the pre-MBT embryo.
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7 Summary and conclusions

The first question we asked was how transcription is activated across the embryo during zygotic genome

activation (ZGA). I sought to explore this by constructing an image analysis pipeline for 2D microscopy

data, and using it to examine the temporal dynamics of transcription detection across the embryo, and the

geometrical properties of transcription hotspots. This spatiotemporal analysis provided an overview of pre

MBT transcription activity, and presented compelling evidence suggesting a relationship between parent-

daughter cell cycle lengths. Transcription duration and cell cycle length appeared linked, with additional

experimental data suggesting cell cycle length may be permissible to transcriptional activity. Furthermore,

cell cycle length appeared to correlate within lineages, with descendants of cells with longer cell cycle length

also showing longer cell cycle length in comparison to descendants from parents of shorter cell cycle length.

This, in conjunction with the findings of cell cycle length preceding transcriptional activity, suggests heritable

components which may impact both cell cycle length and transcriptional activity. However, another key

conclusion from this study was the limitations of the method implemented on the large light sheet microscopy

datasets.

The results from the first set of analyses suggested a form of cell cycle memory, hinting at an epigenetic

memory.To discern whether parent-daughter cell cycle relationships were present in an in vivo developing

early zebrafish embryo, we needed the relevant computational infrastructure to be able to parse our data in

3D. To address this, I developed a lightweight nucleus segmentation and tracking tool capable of working

in large, noisy datasets to produce lineage trees of dividing nuclei. This allowed me to overcome the

bottlenecks presented in section 4.3, and perform a more comprehensive analysis. This tool provides

another open source avenue for researchers to segment and track nuclei without the need for expensive

or hardware draining software packages. This software has its limitations but it will continue to undergo

revisions and upgrades as newer segmentation and tracking libraries become available.

The rise of advanced microscopy has created great opportunities for researchers to probe biological

processes in vivo, but has presented a logistical problem in data handling. A significant portion of my work

in this thesis was developing ways around such problems. When the data outputs are large, one must be

creative in how they are able to feasibly extract information from them. Through the development of both

2D and 3D pipelines, I hope to have contributed to the scientists’ toolkit when dealing with such issues.

With a usable tool in hand, I could begin investigating the existence of heritable cell cycle traits. Using

the nucleus tracking tool, I was able to probe multiple in vivo datasets in search of potential relationships

between parent and daughter nuclei in the pre-MBT embryo. The precise relationships between parent

and daughter cells are unclear, although the early data obtained here does hint at a relationship between
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ancestors and descendants. Through the use of the tool, I was also able to make measurements of NCR,

and contribute to the existing corpus of MBT literature which shows how NCR is tied to cell cycle length,

and embryonic stage. Through this, I was able to begin to shed light on relationships between the location

of a nucleus in the embryo, and its cell cycle dynamics. This may hint at a potential mitosis wave across the

pre-MBT blastoderm, and this may be linked to NCR effects, although any data linking NCR to the mitosis

wave is extremely preliminary. The study of early embryonic mitosis waves has largely been confined to

Xenopus, Drosophila and the Fundulus YSL (Anderson et al. 2017, Deneke et al. 2016, Trinkaus 1993). If

indeed mitosis waves do exist in the early zebrafish embryo, these data will contribute another model system

in which the coordination of early cell divisions may be examined.

The understanding of coordination of rapid cell cycles (as in the pre-MBT zebrafish embryo) has applications

beyond the niche of ZGA. The organisation of key cellular processes such as transcription, in the context of

a rapid cell cycle may provide additional understanding to how aggressive cancers may proliferate (Chen

et al. 2019). Additionally, gaining insight into how cells balance DNA synthesis with transcription during rapid

cell cycles may offer further insight into how DNA damage may occur.

In this thesis, using the data generated by my laboratory colleagues, I contributed understanding to

how cells developing in a fast paced developmental environment juggle the needs of DNA synthesis and

transcription, through the generation of novel nuclear compartments to provide escape from genomic repression

of transcription. I advanced the ways in which we may interrogate complex data outputs from modern

microscopy, and I probed the possibility that early embryonic cells may pass on an, as yet undefined,

heritable trait which may influence cell cycle.
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8 Appendix

Title page. Appendix figures take the whole page so will continue on the next page.
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Figure 8.4: Additional data for figure 6.6. Single embryo, plotted mitosis points represent nuclei of 256 cell stage (mitosis
point is therefore their division into 512 cell stage nuclei) Showing the points of mitosis across a single embryo, from
a top view, as in figure 6.6a. a. Maximal NCR of 256 cell stage nucleus across the embryo, and its relationship with
spatial position (position of mitosis into 512 cell stage nucleus) along defined axis. r2=0.048 P>0.05. b. Maximal nucleus
diameter attained by 256 nucleus in embryo, plotted against the position along the axis in which it underwent mitosis.
r2=0.281 P=0.0001. c. Timing (relative to start of time lapse) and positioning (along axis) of 256 stage nuclei. r2=0.091
P<0.05. d. Cell cycle length of dividing 256 cell stage nuclei, and the position along x axis they underwent mitosis.
r2=0.007 P>0.05.
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