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ABSTRACT

A wide range of multicellular forms are observed throughout biology, constructed
using tightly regulated developmental processes. Cell communication occurs across
these cellular architectures, and loss of normal cell organisation is often deleterious
to an organism, suggesting that these cellular structures themselves perform a
functional role. Despite this, organisational features of multicellular tissues that
support these functions are poorly understood, due to low availability of appropriate

datasets, and the lack of a quantitative framework to explore them.

To quantify cell patterning in 3D tissues, organ-wide cellular interactions are
converted into a network, and network science algorithms are employed to uncover
both local and organ-wide organisational principles of cells in 3D space. Models were
used to understand how cellular architecture affects the potential flow of information
throughout an organ. Topological analysis of cells in the embryonic plant stem
revealed a previously unknown molecular transport conduit, while quantification of
cellular organisation in the plant shoot apical meristem revealed mechanisms for the

maintenance of the stem cell population.

This work enables the discrete comparison of diverse 3D multicellular tissues, and
the identification of structure-function relationships in organs. Understanding the
organ-wide design principles that have emerged through evolution will provide

guidance for future organ design.
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CHAPTER ONE: INTRODUCTION



1.1 Biological systems

Historically, the discovery of DNA as the unit of heredity (Watson and Crick, 1953),
and the subsequent advent of molecular biology has encouraged a reductionist
approach to understanding life (Rosenberg, 2008). Using increasingly complex
methods to address the fundamental workings of biological processes at increasingly
smaller scales, from individual cells, to genetics, to the behaviour of molecules, many
questions about the nature of life have been answered (Van Regenmortel, 2004). As
these methods have become more high-throughput, the fields of genomics,
proteomics and transcriptomics have emerged, generating vast amounts of data
concerning every gene, protein and metabolite within a given organism (Simo et al.,
2014). Previously, these approaches were widely regarded as having the potential to

revolutionise our understanding of biology (Duncan, 2007).

Yet, despite increasing rates of biological data collection (Bell et al., 2009), we are
still far from understanding how individual, small-scale biological processes work
together to contribute to growth, development and maintenance of an entire organism
(Witten and Tibshirani, 2012) (Gomez-Cabrero et al., 2014). The relatively new field
of systems biology uses more holistic approaches, seeking to understand how
individual parts of biological systems interact, to give rise to emergent properties of
the whole (Kitano, 2002). Now, data collected from ‘omics’ is starting to be integrated
into computational models, in attempts to bridge this scale-wide gap in our
understanding of biological systems (Chuang et al., 2010) (Yurkovich and Palsson,
2018). For example, using large proteomic datasets, interactions between proteins,

rather than individual defective proteins, were identified to contribute to the onset of



carcinogenesis in cells (Chuang et al., 2007). In plants, interactions between
metabolites through chemical reactions within compartments of the cell have been
shown to predict the flux of carbon during stresses, identifying targets for increasing

stress resistance through genetic engineering (Williams et al., 2010).

1.1.1 Tissue-level systems

Systems biology has produced many examples of modelling of metabolic pathways,
along with gene and protein interactions, and these models are often built to reflect
the workings of a processes within a single cell (Libault et al., 2017) (Nielsen, 2017)
(Becker and Wittmann, 2018). However, many scales of interactions are present
within a single organism, from molecular processes, to the functioning of entire
organs (Qu et al., 2011). In multicellular organisms, while much is understood about
individual cells, less research has been devoted to how cells interact to give rise to
organ function (Moor and ltzkovitz, 2017) (Duran-Nebreda and Bassel, 2017a).
Though a huge amount of data from ‘omics’ studies is now widely available for use in
modelling intracellular processes (Perez-Riverol et al., 2017) (Martens and Vizcaino,
2017), there is a comparative a lack of data available to develop an understanding of
cell interactions at the tissue and organ scale (Moor and ltzkovitz, 2017) (Duran-

Nebreda and Bassel, 2017a).

Early examples of linking tissue form to function can be found in On growth and
Form, published by D’arcy Thompson in 1942. The book is widely regarded to be one

of the first examples of using mathematics to understand biology, detailing diverse



examples such as the fractal properties of antlers, the geometric features of
honeycombs and the mechanically constrained shapes of cells (Thompson, 1942)
(Ball, 2013). Thompson famously observed that simple mathematical laws often
governed the forms of seemingly complex structures throughout biology, and paved

the way for the mathematical modelling of organ composition.

While there are few datasets available to explore the organisation of cells that make
up tissues, it is clear that in multicellular systems, perturbation of normal cell
organisation can be deleterious to normal organ function. Through experiments using
cell patterning mutants, insight has been gained into the importance of proper tissue
and organ construction at the cellular level. Many studies show that the organisation
of cells within organs is tightly regulated by a host of genetic factors, for example
epidermal cell patterning in the roots and shoots of Arabidopsis thaliana
(Schiefelbein, 2003), or the spatial distribution of stem cells within the Mus musculus
small intestine (Buske et al., 2011). Mutations in particular genes result in the loss of
normal cell organisation or patterning. The loss of function of in three individual
ERECTOR family genes causes abnormal, clustered, stomata to develop in A.
thaliana (Shpak et al., 2005), affecting the regulation of gas exchange in the leaf
(Bergmann and Sack, 2007). In addition, it is thought that disorganisation in tissues is
related, and can lead, to carcinogenesis in animals (Soto and Sonnenschein, 2011).
These examples, amongst others, clearly show that the positioning of cells in a
multicellular context is an important feature of a tissue, and is fundamental to the

normal function of an organ. Understanding the organisation within tissues and



organs may provide further insights into the relationship between the structural

organisation of cells, and the functions of these multicellular assemblies.

1.2  Multicellularity

Multicellular organisms, and in more complex forms of life, the organs within them,
consist of many cells, often referred to as the basic building blocks of life (Marth,
2008). It is thought that in many cases, multicellularity originated via transitions from
independent to colonial behaviour in single-celled organisms, leading to increases in
fitness in specific environments (Hochberg et al., 2008). Through subsequent
evolutionary processes, cells in colonies formed sustained cell-cell connections, and
signalling processes arose to allow communication between cells (Niklas and

Newman, 2013).

Multicellularity has evolved at least 25 independent times across living organisms
(Solé et al.,, 2018). Whole hosts of genes responsible for cell adhesion and cell
communication, of key importance to a successful multicellular organism, have arisen
separately across the animal, plant and fungi kingdoms, allowing the formation of
cohesive multicellular tissues and organs (Rokas, 2008) (Cock et al., 2010) (Sebé-

Pedros et al., 2017).

Aggregative multicellularity is a common evolutionary transition from a single celled
to multicellular life strategy (Du et al., 2015). A common model used to illustrate the

emergence of aggregative multicellularity is the life cycle of the social amoeba



Dictyostelium discoideum (Marée and Hogeweg, 2001). In D. discoideum, cells
spend parts of their life cycle foraging for food as unicellular organisms, only coming
together to form multicellular structures to migrate and reproduce (Raper, 1940).
Though temporary, this type of multicellularity represents an early form of cellular

cooperation.

Multicellularity can evolve when single celled organisms are subjected to
environmental stress. In vitro, the single celled yeast Saccharomyces cerevisiae will
evolve multicellularity under certain environmental constraints (Ratcliff et al., 2012).
Using gravity to artificially select for heavier individuals consisting of more cells,
Ratcliff et al. showed that the yeast cells evolve a proclivity for post-division
adhesion. Models suggest that though increases in organism size in the multicellular
yeast were linked to changing adhesion rates amongst cells, the number of cells in
each organism was limited through toxicity-related localised cell death (Duran-

Nebreda and Solé, 2015)

Given the repeated evolution of multicellularity in many diverse clades (Niklas and
Newman, 2013), there must be significant benefits to cooperation amongst cells in

certain circumstances.

1.2.1 Barriers to multicellularity
It is not immediately apparent what the fithess benefits of being multicellular are, for

an individual cell. For a cell, there are risks inherent to aggregation. For example,



cooperation can encourage individual cells to become become cheaters, contributing
litle to their cellular community for great individual gain, like in Dictyostelium
discoideum (Buttery et al., 2009). The reproductive fruiting body of D. discoideum
contains a stalk necessary for reproduction, made up of non-viable cells that will
never pass on their genes to the next generation (Raper, 1940). Competition
between individual cells can favour genotypes that rarely contribute to the stalk, and
always migrate to the fruiting body (Strassmann et al., 2000). This results in a net
loss of fitness for cells in the stalk, that provide more to the cellular collective than the
cheating cells. Within multicellular organisms, there is often reproductive
specialisation of cells (Simpson, 2011), which by its very nature results in cells that
will never reproduce, the somatic cells. Because of a lack of ability to produce a next
generation, the effective fithess of somatic cells is zero, making somatic

specialisation seem like a huge risk for the individual cell (Willensdorfer, 2009).

It is clear however, due to its repeated emergence (Solé et al., 2018), that the
benefits of multicellularity can clearly outweigh the associated costs. In many cases,
problems with individual ‘cheater’ cells have been overcome with a host of genes
exist that encourage synergistic and altruistic behaviours in cells within multicellular
systems (Michod and Roze, 2001). Mechanisms have also been described for
purging cheating cells from cooperating populations (Hammerschmidt et al., 2014).
The issues with somatic specialisation for the individual cell can be overcome, when
each individual cell in a multicellular aggregate is genetically identical (Buss, 2014).
With this strategy, ensuring the success of the germ-line cells also ensures that an

individual cell’s genes are passed onto the next generation.



1.2.2 Advantages of multicellularity

At points in the repeated emergence of multicellularity, fithess at the individual cell
level is relinquished in favour of fitness of the organism as a whole (Michod, 2005).
There are multiple fitness advantages to being multicellular, depending largely on the
environment that an organism must survive in. There can be simple size-related
advantages to being multicellular, where a cohesive group of cells is less likely to be

predated, thus increasing the fitness of an individual (Lurling and Van Donk, 2000).

Importantly, multicellularity also allows increased organism complexity, increasing
organism fitness through the division of labour amongst cells (West and Cooper,
2016). As stated previously, one of the most common forms of division of labour
across many kingdoms of life is reproductive specialisation of cells (Simpson, 2011).
Even with this simple division of cell roles, this represents a system with extreme
specialisation, where the non-reproductive somatic cell’s sole purpose is to ensure

reproduction of the germ-line cells (Cooper and West, 2018).

A mathematical model has shown that multicellularity, driven by the fitness
advantages of the division of labour, can theoretically arise spontaneously from
homogenous populations of single cells (Ispolatov et al., 2011). In this model,
incompatibility between simulated biochemical processes in individual cells was
overcome by the compartmentalisation of specific processes to specific cells, in an

emergent multicellular aggregate.



The evolution of division of labour amongst cells in multicellular organs has enabled
incredibly complex assemblies of specialised cells. For example, it is proposed that
the animal eye evolved from an ancient single multi-purpose metazoan ancestor cell
type, recently resulting in cell types with diverse functions, including pigment cells,
photoreceptor cells and neurons to relay visual information to the brain (Arendt et al.,

2009).

1.2.3 Organisation of cells in a multicellular context

The transitions to and subsequent evolution of multicellular life has resulted in an
enormous variety of organism shapes and forms (Flagel and Wendel, 2009) (Carroll,
2000). Whilst unicellular organisms can compartmentalise specific processes to
organelles within the cell (Winzeler and Davis, 1997) (Lindsay et al., 2001), it is
thought that the evolution of multicellularity allows the potential for greater flexibility in
compartmentalisation of processes within tissues, a precursor for the development of
specialised organs (Ispolatov et al., 2011). An increase in cell number, along with
increased diversity in cell types, allows the construction of increasingly complex

organs and tissues with specific cell organisations and patterning (Carroll, 2001).

As the complexity of a multicellular system becomes greater, the need for
organisation of cells within organs and tissues during developmental processes
becomes greater (Muller, 2007). To use again the example of the animal eye, the

genetic control of cell proliferation and differentiation is fundamental to the



organisation of retinal cells (Del Bene et al., 2004). Without proper control of cell
arrangement and development in the eye, in any given species, the organ cannot

perform its function.

There is evidence to suggest that the development of cancerous tissue is due to a
breakdown in cell cooperation, named the tissue organisation field theory (Rubin,
1985) (Satge, 2001). It has been suggested that tumour development is driven by
failure of cellular mechanisms that coordinate each individual cell to contribute to
normal growth, reaching a target morphology (Levin, 2012). This breakdown in
cellular organisation resulting in cancer has catastrophic, often fatal, consequences

for a host organism.

These examples suggest a link between the cellular organisation within a tissue or
complex organ and the function that it performs. When cellular organisation is
perturbed, the result is loss of function or disease. The associated reduction in fithess
accounts for the conservation of organ structures throughout evolution, whose
development is tightly controlled by hosts of morphogenetic and other signalling

genes (Lai, 2004)

1.3  Relating structure to function
Cell organisation in multicellular organisms is highly constrained by a host of genetic

components throughout organ development (Loh et al., 2016). It stands to reason
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that if particular biological structures are observed time and time again, within and

across diverse species, that these structures serve a biological function.

Relationships between structure and function in biology have been studied across
various scales. At the molecular level, protein structure determination and prediction
is an active area of research (Baker and Sali, 2001) (Yang et al., 2015). Along with its
current environment, the amino acid sequence of a protein contributes to its tertiary,
folded structure, which has implications for its function within a biological system
(Zaidi and Smith, 1996). Identification of protein structure has been used to identify
how receptor proteins function to identify wide ranges of ligands (Katritch et al.,
2013), and identification of different structural proteoforms of the cancer repressing
p53 protein have been shown to have various functional properties (Uversky, 2016).
Protein structure is linked to function in such a way, that functional insight into a
protein can be gained from an amino acid sequence, due to the recycled nature of

protein domains across biology (Yachdav et al., 2014) (Yang et al., 2015)

Structure-function relationships also exist at the single cell scale. A huge variety of
cell shapes can be found within prokaryotes, each tailored to improve survival in
particular environments that these single celled organisms face (Young, 2006). The
highly specialised archaea Haloquadratum walsbyi has a peculiar, square, flat
structure, contributing to buoyancy and efficient light collection in its aquatic
environment (Walsby, 2005). Cells can also distribute structures within themselves in
order to perform their function efficiently. In animal systems, pancreatic cells that

must react quickly to signals from the intestine compartmentalise enzymes in
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specialised vesicular structures close to the cell membrane, for rapid secretion when

required (Gorelick et al., 2018).

At the tissue scale, the same repeated use of structures occurs. Using the example
of neural systems, in 1888 Ramon y Cajal showed using simple light microscopy and
staining that the animal nervous system is made up of many neurons, highly
elongated cells that make many cell-cell connections (y Cajal, 1888). Later, he
proposed that it is through interaction of individual neuron cells that the nervous
system functions (y Cajal, 1888). This neuronal architecture is conserved throughout

the nervous systems of diverse species (Kandel et al., 2000) (Brodal, 2004).

The full cellular resolution map of the nematode worm (Caenorhabditis elegans)
nervous system has been pieced together used serial sections and electron
microscopy (White et al., 1986). Analysis of the structure of this map was used to
predict neurons involved in the function of touch sensitivity (Chalfie et al., 1985). This

provides an example of a direct link between cellular organisation and function.

Although imaging constraints currently prevent cellular resolution mapping of
neuronal connections in more complex nervous system components like the human
brain, connectivity between coarse-grained parts of brain tissue have been mapped
(Lori et al., 2002) (Hagmann et al., 2003) (Hagmann et al., 2008). Statistical analyses
of structural links between human neocortex regions show that organisation of brain
tissue is highly organised, with particular regions having many more connections to

other parts of the neocortex than would be expected at random (MiSic et al., 2016).
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Structure-function relationships also exist at this level, where functional magnetic
resonance imaging (fMRI) has been used to identify functional connections between
brain regions, which exist within the brain structure (Smith et al., 2013). Comparisons
of the fMRI patterns in healthy and diseased individuals have been used to identify
functional differences in brain activity resulting from particular neurological
dysfunctions, like epilepsy (Filippi et al., 2013) (Engel Jr et al., 2013) (Matthews and

Hampshire, 2016).

In brains, and all multicellular tissues and organs, both short and long-range signals
must travel throughout cellular arrangements in order to coordinate growth,
development and function (Loh et al., 2016) (Choi et al., 2017) (Naganathan and
Oates, 2017), and a hypothesis can be made that particular tissue architectures

would be favourable for the propagation of these signals.

1.4 Plant tissues

There is huge diversity among the shape and forms of multicellular plants, and the
organs that form them. In plant species, the diversity of leaf shape alone is
enormous, yet the same core developmental programmes are thought to create
every design of leaf that we see in nature (Runions et al., 2017). In fact, all plant
organs and tissues are constructed primarily through a combination of cell division
and cell growth. These two processes are responsible for the many and varied cell

organisations are found in different plant organs.
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All above ground plant tissue originates from the shoot apical meristem (Bowman
and Eshed, 2000). In the model plant Arabidopsis thaliana, symmetric cell divisions
maintain a relatively uniform, isotropic, population of cell shapes at the centre of the
meristem, the central zone (Errera, 1886) (Gibson et al., 2011) (Shapiro et al., 2015),

which is the site of pluripotent stem cells (Figure 1.1).

Cells within the central zone undergo continuous growth, and large cells are more
likely to divide, restricting the range of cell sizes observed in the tissue (Willis et al.,
2016). The WUSCHEL/CLAVATAS genetic feedback loop maintains the size of the
stem cell population, where the mobile protein WUSCHEL is expressed deep within
the meristem, moving towards the surface into the central zone to promote cell
differentiation (Schoof et al., 2000). CLAVATAS is expressed in the top-most layers
of the meristem, within the central zone, acting in an antagonistic manner to repress
the activity of WUSCHEL and maintain a population of stem cells (Brand et al.,
2000). Cell growth and division in the central zone pushes cells to the boundary of
the meristem dome, outside of the WUSCHEL/CLAVATA3 expression zone, where
auxin accumulation induces the development of primordial organs and cell

differentiation (JOnsson et al., 2006).
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Figure 1.1. Maintenance of stem cells in the shoot apical meristem.

WUSCHEL (WUS) promotes cell differentiation and is expressed deep below the
epidermis of the meristem. CLAVATA3 (CLV3) promotes the maintenance of stem
cell identity, acting antagonistically to WUS, and is expressed in the uppermost three
layers of the meristem dome, known as the central zone. As cells in the central zone
grow and divide, cells are pushed outside of the WUS/CLV3 expression zone, where
auxin maxima induce the development of organ primordia. Figure adapted from
https://figshare.com/articles/Vegetative_shoot_apical_meristem/4786366, attributed
to Alexis Maizel.

In contrast, organisation in the Arabidopsis root is developed by tightly regulated
asymmetric cell divisions, essential to create its radial symmetry (Di Laurenzio et al.,
1996). The SHORT-ROOT gene controls both asymmetry in the division plane, as

well as cell type specification in the radial direction (Helariutta et al., 2000). In the
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root meristem, growth is driven by continuous cell division in the stem cell niche,
close to the root tip. Growth of the new cells causes them to enter the division zone,
where cells continue to divide (van den Berg et al., 1997), pushing them into the
elongation zone. Here they rapidly expand and differentiate, losing the ability to
divide further (Dolan and Davies, 2004). Balance between the rate of division and
expansion rate of cells maintains the size of the root meristem, as well as controlling

overall root development (Di Mambro and Sabatini, 2018).

In each of these structures, and all other plant organs, plant cells cannot move. Due
to their immotile nature, most signals between different parts of the plant must occur
by passing through a series of cells to reach their destinations. These signals are
crucial for responding to the environment and controlling development (McLean et

al., 1997).

The primary means of communication throughout plant tissues is through
neighbouring, physically connected cells (De Rybel et al., 2014), known as non-
autonomous cell signalling, mediated by many different molecules (Long et al.,
2015). Molecules can travel through two primary routes, the apoplastic and
symplastic pathways. The transport of specific molecules between cells can occur

through transport proteins.
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1.4.1 Plant cell communication through the apoplastic pathway

The apoplastic pathway refers to the space between plant cell membranes occupied
by cell walls, through which water and water-soluble molecules can be transported
across an organ, driven by hydraulic pressure (Steudle and Peterson, 1998). This
property makes the apoplastic pathway suitable for the uptake and subsequent
transport of water from the root epidermis to further within the root tissue. The
apoplastic pathway has also been shown to play a role in the response to various
stresses, acting as a conduit for alkalinisation of entire organs, resulting in pH-driven
responses to the environmental stressor (Felle et al., 2005) (Geilfus and Muhling,
2011). The transfer of electrical signals has been demonstrated to take place through
the apoplast, as a rapid response to leaf wounding that takes place before chemical

ion transport (Zimmermann et al., 2009).

1.4.2 Plant cell communication through the symplastic pathway

In contrast to the apoplastic pathway, the symplastic pathway refers to the
intercellular transport of molecules through the cell cytoplasm, bypassing the need
for movement through the plant cell wall (Erickson, 1986). This movement is enabled
by plasmodesmata, which are cytoplasmic bridges connecting the cytoplasm of
adjacent cells, and allowing the free exchange of molecules (Lucas et al., 1993).
Formation of plasmodesmata occurs both during cell division, preserving connections
between daughter cells, and post-cell division, to connect existing cell lineages

together (Burch-Smith et al.,, 2011), resulting in two separate types of
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plasmodesmata, referred to respectively as primary and secondary plasmodesmata

(Ehlers and Kollmann, 2001).

Primary plasmodesmata are formed during cell division, where random strands of
endoplasmic reticulum cross the site of new cell wall deposition (Hepler, 1982). Small
areas of cytoplasm near the endoplasmic reticulum are trapped during formation of
the new cell plate, forming continuous junctions between the daughter cells
(Staehelin and Hepler, 1996). As such, primary plasmodesmata are only found
between cells from the same lineage. Less is known about the biogenesis of
secondary plasmodesmata, but rather than during cytokinesis, secondary
plasmodesmata are formed between neighbouring cells during cell growth, as the cell
wall is extended (Maule, 2008). New secondary plasmodesmata have been observed
to form between trichomes and epidermal leaf cells during cell expansion, through
the fission of primary plasmodesmata, and are co-localised in plasmodesmata-rich

regions known as pit fields (Faulkner et al., 2008).

Plasmodesmata allow the movement of small molecules, RNAs and even entire
organelles between cells (Brunkard et al., 2015). The intercellular movement of these
biological agents can be controlled by the plant, through the deposition of callose (B-
1,3-glucan) at the plasmodesmata junction, blocking the cytosolic connection (Vatén
et al., 2011). Callose accumulation is controlled by callose synthases, enzymes that
synthesise callose, whilst degradation is controlled by hydrolytic enzymes specific to

callose (Zavaliev et al., 2011).
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These features result in plasmodesmata having a high capacity for intercellular
communication throughout the plant, along with effective control of this information
transfer through callose deposition. Environmental changes and stresses can induce
modifications in plasmodesmata permeability, controlled by the up- and down-
regulation of callose synthases and hydrolases. For example, during development of
the birch shoot apical meristem (Betula pubescens), short days encourage the
synthesis of callose, blocking symplastic transport (Rinne et al., 2001). When the
photoperiod becomes longer, plasmodesmata once again become open, restoring

the capacity for cell communication in the shoot apex.

Because of their role in molecular transport throughout plant tissues, plasmodesmata
also provide a gateway for microbial pathogens from a site of an infection, to the rest
of the plant (Lee and Lu, 2011). The cucumber mosaic virus, amongst other plant
viruses, can exploit the symplastic pathway using a specialised ‘movement protein’,
which localises to plasmodesmata and aids in intercellular viral transfer (Sasaki et al.,
2006). However, in Arabidopsis thaliana, there is evidence to suggest that viral
infection can trigger excessive callose synthesis at the site of infection, which inhibits

the spread of viral infection across plant tissue (Zavaliev et al., 2009).

1.4.3 Plant cell communication through transport proteins
As well as plasmodesmata, proteins and protein complexes transport specific
molecules between plant cells, often in a directed manner (Kierzkowski et al., 2013).

For example, the PIN family of membrane-localised transport proteins (named after
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the isolation of the first protein in the family, pin-formed1 in A. thaliana) control
developmental processes in the shoot apical meristem, the developing lateral root
and the developing embryo, amongst others (Okada et al., 1991) (Adamowski and
Friml, 2015). PIN family proteins are often positioned in a polar manner within the
cell, to facilitate movement of auxin in specific directions, to a particular cellular
neighbour, representing a tightly controlled cell signalling process (Reinhardt et al.,

2003).

In another example of specific directed cell communication, when a plant
experiences drought, the plant hormone abscisic acid is synthesized by and exported
from vascular parenchymal cells in the leaf, through the specific ABA transporters
ABCG25 and DTX50 (Kuromori et al., 2014). This is imported into stomatal guard
cells, through the ABA importer ABCG40 (Kang et al., 2010), which induces stomatal
closure, reducing the loss of water through the leaf epidermis (Park et al., 2017).
Here, communication between cells with specialised roles allows the plant to respond
to the environmental stress of drought, perceived in the roots and acted upon in the

leaves.

1.4.4 Long range plant cell signalling

In order to react to external stresses, and ensure coordination of growth and
development across different plant tissues in a changing environment, there is a
need to transmit long-range signals between distal parts of a plant. For example,

when nitrogen availability becomes low in plant tissue above the ground, signals from

20



the shoot are transmitted to roots to increase nitrogen uptake through increased

expression of the AfNrt2.1 gene (Gansel et al., 2001) (Krouk et al., 2010).

To fine-tune the expression of genes post-transcription, plant cells can produce
silencing RNAs that bind to specific messenger RNAs to prevent translation,
functionally disabling a gene (Ghildiyal and Zamore, 2009). Silencing RNAs have
previously been shown to move in a short-range, intercellular fashion, using the
symplastic pathway to regulate embryogenesis (Kobayashi and Zambryski, 2007),
and have more recently been established as long-range signalling agents (Brosnan
and Voinnet, 2011). The expression of endogenous silencing RNAs in Arabidopsis
are capable of inducing DNA methylation, through silencing of regulatory genes, in

distal plant tissues (Molnar et al., 2010).

It is thought that plants can induce plant-wide responses to external stimuli using the
transport of calcium ions and reactive oxygen species, although the mechanism of
their propagation through plant tissues is currently unknown (Choi et al., 2017). In
response to salt stress, a wave of calcium (Ca?*) and reactive oxygen species was
observed, where their cytoplasmic concentrations increased in the first in the cortical
and endodermal root cell files, before spreading through the stem and into the leaves

(Choi et al., 2014) (Evans et al., 2016).

As well as chemical signals, there has recently been increasing evidence that plants
also transmit long-range electrical signals across plant tissues and between organs

(Vodeneev et al.,, 2018) (Hilleary and Gilroy, 2018). These electrical signals are
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mediated through cellular architecture within the plant, though exactly how they are

propagated is at present poorly understood (Canales et al., 2018).

1.4.5 Consequences of cell organisation in plant tissues

The intercellular manner in which these signals are transported across a plant,
coupled with the immotile nature of plant cells, means that the cellular organisation
making up plant tissues benefits from being arranged in a way that allows for efficient

information transfer.

One clear example of this is the presence of vasculature systems in land plants,
allowing resources from the air and soil to be transported throughout the plant (Cho
et al., 2017). Within the vasculature, the xylem, responsible for transporting water, is
comprised of a series of long, interconnected tubes with low resistance to the flow of
water (De Boer and Volkov, 2003). The phloem performs a similar function, forming a
microfluidic network for carbohydrate transport throughout the plant (Jensen, 2018).
Overall, the vasculature system has a fractal, branching structure, allowing efficient
delivery of resources to all parts of the plant (West et al., 1999). Loss of normal
vasculature patterning through mutation in OBERON71 and OBERONZ in A. thaliana
has negative consequences for plant growth and development (Thomas et al., 2009),
showing that there are severe fithess costs associated with abnormal vascular

structure.
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Cell fate can also be affected by cellular arrangement. In the root, epidermal cell
specialisation is determined by local cell-cell signalling between the cortical and
epidermal cell layers (Schiefelbein et al., 2014). Newly formed epidermal cells
physically connected to two underlying cortical cells differentiate into trichoblasts
(root-hair cells), due to high amounts of SCRAMBLED (SCM) receptor-like kinase
signalling from the root cortex. This leads to reduced transcription of WEREWOLF
(WER), a gene that normally represses the formation of root hairs, through a series
of downstream gene interactions, controlled by the now elevated expression of
ROOT HAIR DEFECTIVE6 (Lee and Schiefelbein, 1999) (Kwak and Schiefelbein,
2007) (Bruex et al., 2012), Contrastingly, epidermal cells neighbouring only one
cortical cell do not receive enough SCM signalling, allowing WER to be transcribed,
blocking the activation of ROOT HAIR DEFECTIVE6 and downstream signalling,
which represses the development of root hairs and results in epidermal cell
differentiation into the atrichoblast (non-hair) cell type. Here, local positional cell
arrangement is responsible for gene dosage effects that influence neighbouring cells,

leading to developmental changes.
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Figure 1.2. Control of root hair development by neighbouring cell signalling.
SCRAMBLED (SCM) is expressed in the cortical cell layer, and is transported to cells
in the epidermis. SCM interacts with the expression of WEREWOLF (WER) in
epidermal cells, and represses its activity. SCM from one underlying cortical cells is
insufficient to repress activity of WER, whilst SCM from two underlying cortical cells
blocks WER activity. Blocking WER activity allows the development of root hair cells,
following activation of a downstream signalling cascade.

1.5 Aims

To explore the organisation of cells in tissues in detail, and how different
organisations affect the functional properties of organs, a method for quantifying
aspects of cellular patterning is required. To address the capacity for both short and

long-range cell communication, the contributions of 3D cellular arrangement to
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possible local and global signalling must be addressed. With a suitable framework for
quantifying organisational properties and high-resolution 3D imaging of plant organs
at cellular resolution, the gap in understanding between organ structure and organ

function at the tissue level can start to be bridged.

In this thesis, the abstraction of cellular connectivity in plant organs and their
subsequent analysis using network science algorithms is proposed as a method to
quantify tissue organisation. In Chapter 2, algorithms to quantify the capacity a tissue
has for local and long-distance transport are introduced. These proposed algorithms
are evaluated for their ability to capture and highlight interesting organisational
features using model 3D organ systems in Chapter 3. Their relevance to plant tissues
is explored in Chapters 4 and 5, where through the extraction and analysis of cellular
networks, novel mechanisms for organ-wide transport and the generation of tissue

architecture are elucidated.
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CHAPTER TWO: METHODS AND MATERIALS
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2.1 Sample preparation and imaging

2.1.1 Plant growth conditions

To generate samples for hypocotyl imaging, the Arabidopsis thaliana ecotypes
Colombia (Col), Cape Verdi Islands (Cvi) and Landsberg erecta (Ler), along with the
associated mutants cdka;7 (ProCDKA;1::CDKA;1-T14D;Y15E) (Dissmeyer et al.,
2009), monopteros (mp B4149) (Schlereth et al., 2010) and /laterne (Treml et al.,
2005) were grown in environmentally controlled cabinets, with a 16 hour light cycle

(light: intensity 150-175 pymol m?s™, 23°C dark: 18°C).

Dry siliques from the plants were harvested and the seeds were cleaned through a
500um mesh. Of the other species imaged, poppy (Papaver rhoeas) was grown by
the Noni Franklin group (University of Birmingham, UK), and foxglove (Digitalis

purpurea) was harvested from Birmingham Botanical Gardens (Birmingham, UK).

To generate samples for live meristem imaging, wild-type tomato as well as wild-type
Arabidopsis thaliana and katanin1 mutants (Uyttewaal et al., 2012), each with YFP
markers for the plasma membrane, were also grown in environmentally controlled
cabinets with a 16 hour light cycle (light: intensity 110 uEm?s™, 20°C dark: 16°C) as

done previous in previous work (Kierzkowski et al., 2012).
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2.1.2 Sample preparation

For hypocotyl samples, embryos were dissected 3 hours after imbibition, before
preparation for confocal microscopy. Samples were prepared using the same
protocol as in previous studies (Truernit et al., 2008) (Bassel et al., 2014).

Following this protocol, samples were fixed in fixative comprising of 50% methanol
and 10% acetic acid, at 4°C for 4 to 12 hours, depending on sample thickness. Each
hypocotyl was then washed with water, before incubation in 1% periodic acid at room
temperature for 40 minutes. Again, the tissue was washed with water and
subsequently incubated in Schiff's reagent, containing propidium iodide (100 mM
sodium metabisulphite, 0.15 N HCI and propidium iodide to a concentration of 100
mg/mL) for 1 to 2 hours until staining was visible. From here, each hypocotyl was
transferred to a microscope slide and covered with chloral hydrate (4 g chloral
hydrate, 1 mL glycerol and 2 mL water). Slides were left overnight at room
temperature. After this, excess chloral hydrate solution was removed and drops of
Hoyer’s solution (30 g gum arabic, 200 g chloral hydrate, 20 g glycerol and 50mL

water) were added directly to the tissue, before a cover slip was placed on top.

For shoot apical meristems, shoot apices were dissected from 11 day old plants
under a light microscope and washed in 50 mM sodium phosphate buffer (pH 7.2),
before being mounted under cover slips (Fleming et al., 1996). The YFP marker
present at the plasma membrane prevented the need for tissue fixation and
propidium iodide staining which kills cells, allowing time course images to be

collected.
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2.1.3 Imaging

3D images of plant tissues were obtained using confocal microscopy, using a Zeiss
LSM 710 or Leica SP8 upright confocal microscope. For each image, a 25x oil
immersion objective was used. Images were taken with a bit depth of 16. The pinhole
slice thickness used was typically 1.9 um, with a slice interval width of 0.7 ym. Scan
speed was typically set to 9, while intensities of each slice were taken from 4-8
averages. These standard settings were tweaked depending on sample quality and

clarity, to capture images with appropriate quality for subsequent 3D segmentation.

Hypocotyl z-stacks were taken using the Zeiss LSM 710 confocal microscope.
Excitation of the propidium iodide stained samples was at a wavelength of 488 nm,

and images were collected at 520-720 nm.

Shoot apical meristems were imaged at 3 separate time points, O hours 11 hours and
22 hours, using the Leica SP8 upright confocal microscope. Excitation of YFP at the
plasma membrane was carried out with an argon laser, at a wavelength of 514 nm.
3D stacks were taken at 529-545 nm using a HyD detector, ensuring that sufficient

signal was present in the uppermost four layers of the imaged meristems.

2.2 Image processing and network extraction
Several steps are needed to convert an original confocal microscope z-stack image
(around 400 MB to 1 GB) into a mesh (200 — 400 MB), with which geometric

properties can be measured, and from a mesh into a cellular connectivity network (50
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— 800 kB), from which topological properties can be extracted (Figure 2.1). Each step
taken to convert an original z-stack to a connectivity network results in a further

abstraction of the original image data, making additional analyses possible.

2.2.1 Importing confocal images into MorphoGraphX

Images from confocal microscopy in the Zeiss (Ism) and Leica (lif) formats were
imported into the open source image platform FlJI (Schindelin et al., 2012). The Bio-
Formats plugin for FIJI (Linkert et al., 2010) was used to convert these proprietary file
formats into the more compatible bitmap tiff format stacks. 3D tiff stacks were then
imported into the open-source software package MorphoGraphX (de Reuille et al.,

2015).

2.2.2 Applying Gaussian blur

These stacks were modified in preparation for segmentation using the ‘Gaussian
Blur’ process, with a radius of 0.3 ym. This step lowers the original quality of the
images by averaging the intensity of pixels over a small radius, ensuring that cell
boundaries are properly resolved and smoothing over artefacts from the imaging
process (de Reuille et al., 2015). This blurring step is essential for good subsequent

automatic segmentation.

2.2.3 Image segmentation
The ‘ITK Watershed Auto Seeded’ process (Ibanez et al., 2005) was then used to

automatically assign a label to each individual cell (Figure 2.1). The quality of the
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original captured 3D image greatly affects the accuracy and effectiveness of the
automatic segmentation. After the original segmentation, when images were under
segmented, with the same labels assigned to more than one cell, the ‘Threshold’
parameter was lowered to find a more suitable segmentation threshold value. If the
image was over segmented, either the ‘Threshold’ parameter was raised, or manual
corrections were made. Manual corrections to segmentations were made by using
the ‘Pick Label’ and ‘Fill Label’ buttons on the MorphoGraphX toolbar. Through a
combination of threshold manipulation and manual corrections, efforts were made to
ensure 100% accuracy of organ segmentations. Segmentations were saved as the

MorphoGraphX Stack (mgxs) file format.

2.2.4 Generating a mesh of a segmented image

Segmented stacks were then converted into a mesh format using the ‘3D Marching
Cubes’ process in MorphoGraphX, with the ‘Cube Size’ parameter set to 1 um. This
resulted in the average, roughly isotropic cell being represented by around 3000
vertices. The 1 pm cube size was chosen as a balance between realistic
representations of cell surfaces, and the speed at which meshes could be created,
rendered and analysed. The generated MorphoGraphX mesh (mgxm) format

describes the surface of every cell with vertices in 3D space (Figure 2.1).

2.2.5 Extracting the cell connectivity network
The mesh format contains the necessary information to isolate physical cell
connectivity and connecting cell wall area between every pair of physically connected

cells, which can be extracted as a network using the MorphoGraphX plugin
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3DCellAtlas (Montenegro-Johnson et al., 2015). Each extracted cell connectivity
network was saved as a csv file, as a list of all existing pairwise cell interactions in

the mesh, along with the size of the connecting cell wall in um?2.

3D cell segmentation in 3D cell mesh
MorghoGraphX

e

\

Cellular connectivity network Cell annotation
extraction using 3DCellAtlas using 3DCellAtlas

N

Annotated -
connectivity
network

Figure 2.1. Processing pipeline to extract cell connectivity networks from 3D confocal
images.
The example shown here is an Arabidopsis thaliana Col. hypocotyl.
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2.2.6 Cell type annotation

To generate cell-type-annotated cellular connectivity networks, ‘Parent Labels’ were
used in MorphoGraphX. These labels can be used to add metadata labels to each
cell. Different cell types were computationally identified, based on size, shape and
radial position, using the 3DCellAtlas plugin for MorphoGraphX (Montenegro-
Johnson et al.,, 2015) in the case of the radially symmetric hypocotyl. For the
meristem, cell types were identified manually by stripping away layers of the
meristem mesh successively. The ‘Save Parents’ process was then used to generate
a csv file containing each cell label and it's associated cell type. Manual corrections
to cell type annotations were then applied by modifying the csv file in line with
observations of the original 3D image, to ensure 100% annotation accuracy. In
combination with the cellular connectivity network file generated with the 3DCellAtlas
tool, the curated cell type lists were used to generate annotated cell connectivity

networks with a Python script.

Additionally, the 3DCellAtlas tool can also be used to identify segments of mesh
representing air spaces in tissues. Since these segments are not representative of
cells, they introduce artificial edges in cellular connectivity networks. Where air

spaces were identified by 3DCellAtlas, they were deleted.

2.2.7 Network curation
In some meshes, artefacts from imaging and image processing resulted in cell
meshes that would protrude between adjacent cells from different cell layers. This

resulted in edges in the extracted cellular connectivity network that were not
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representative of real cellular interactions. Where artefacts were present, manual
corrections were made to the extracted cellular connectivity networks, by removing

edges in the previously generated csv file detailing all physical cell-cell interactions.

2.2.8 Co-segmentation

Co-segmentation was performed in MorphoGraphX to identify cell divisions across
time course images, and track cell lineages (Figure 2.2). Meshes generated from
both earlier and later shoot apical meristem time point images were overlaid, and
rendered transparently (Figure 2.2A). Using parent labelling, within the ‘Lineage
Tracking’ processes in MorphoGraphX, cells in both time points were assigned the
same parent labels (Figure 2.2B). Where cells had divided in the later time point, the
same parent label from the previous time point was assigned to both. This allowed
the measurement of cell growth and division over the intermediate time. After lineage
tracking, the ‘Heat Map Proliferation’ process in MorphoGraphX was used to

visualise cell divisions (Figure 2.2C).
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Figure 2.2. Cosegmentation of the shoot apical meristem in Arabidopsis thaliana.

(A) A subset of cells from an earlier time point (in colour) overlaid on top of cells from
an image taken 11 hours later (white). (B) Labels from cells in the earlier time point
(transparent), transferred onto the later time point using parent labelling (newly
labelled cells in solid colour). Where cells have divided, daughter cells have been
assigned the same label. (C) A proliferation heat map of divisions that occurred in the
11 hours between time point images, showing non-divided (blue) and divided (red)
cells.

2.3 Model generation

3D models of tissues and organs were generated with the as yet unpublished
CellMaker add-on in MorphoGraphX (Richard Smith group, Max Planck Institute,
Germany). Their cellular connectivity networks could then be extracted in the same
manner as with the real sample meshes, using 3DCellAtlas (Montenegro-Johnson et

al., 2015).
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2.3.1 Ordered lattices

Ordered lattices of cells, resembling stacked cubes, were created using various
CellMaker processes. In all lattices, cells were staggered to more accurately model
the brick-like pattern of cells observed in the hypocotyls and shoot apical meristems

analysed.

2.3.2 Voronoi meshes

Voronoi models were generated using 3D centroid positions, which were used in
Voronoi tessellation with a bounding mesh (Du and Wang, 2003). Centroid positions
were pre-generated with a Python script. Centroids were then imported into
MorphoGraphX using the ‘Load Point Cloud’ process in CellMaker. Surface meshes
were created using various CellMaker processes, depending on the gross
morphology of the desired organ. The surface mesh prevented centroids on the
surface of the model from growing infinitely in Voronoi tessellation, due to lack of any
boundary. With both centroids and a surface mesh loaded, 3D Voronoi tessellation of
points was then carried out using the “Voronoi Cells from Point Cloud’ process
(relevant parameters: cage points = 1000, minimum distance cage points = 1.0,

threshold merging = 0.01).

To generate series of models for analysis, various centroid parameters, for example

the number or position of centroids, were adjusted before tessellation. Centroid point

clouds were generated with a Python script.
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2.4 Network analysis

Network analyses were performed using Python 2.7. Prior to analyses, cellular
connectivity networks extracted in MorphoGraphX, listing pairwise interactions, were
imported into Python as a undirected graph object using the NetworkX library
(version 1.10) (Hagberg et al., 2008). On import into NetworkX, duplicate edges
present in the original lists of pairwise interactions were automatically converted into
a single cell-cell interaction. Graph objects in NetworkX are stored as adjacency

dictionaries for fast lookup and data manipulation.

The biological relevance of each of these network analysis measures is discussed in

Section 3.1.7.

2.41 Node centralities
For the calculation of degree, betweenness centrality and random walk centrality,

NetworkX was used.

Degree is calculated in NetworkX by simply counting the number of edges that a

given node has. This equates to the number of neighbours for each node.

Betweenness centrality (log and normalised, see Sections 2.4.3 and 2.4.4) of a node
v is calculated using Brandes’ algorithm:

o(i, ]Iv) 2
o)) -Dm-2)

5 () = Logao ( Z
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where V is all nodes, a(i, ) is the number of shortest (i, j)-paths, and a(i,j|v) is the
number of (i,j)-paths that pass through the node v other than i,j themselves

(Brandes, 2001).

Random walk centrality, also known as current flow centrality, is calculated in
NetworkX by not only counting shortest paths through a given node, but also all
possible paths between pairs of nodes that could cross it (Newman, 2005). To
calculate this, random walkers are instantiated that randomly move between all pairs

of nodes, until all possible paths between all possible pairs of nodes are traversed.

The formal definition of random walk centrality (normalised) of a node v is:

2
crw (V) = Z rij X (n—1)(n-2)

I#V#]
where r;; is the probability of a random walk starting at node i and ending at

node j passing through node v.

2.4.2 Edge centrality

As well as assessing the topological properties of individual cells, the contribution of
individual cell interfaces can be measured. To determine the number of shortest
paths that pass through a cell connectivity network edge e, edge betweenness

centrality (normalised) was calculated using:

N olle) 2
(&)= JZ o) =1
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where V represents all nodes in the network, a(i,j) is the number of shortest paths,

and a(i, j|e) is the number of shortest paths that pass through edge e.

2.4.3 Centrality normalisation

To enable comparisons between networks representing different amounts of cells
possible, the global measurements of betweenness centrality and random walk
centrality were normalised by the number of possible node pairs across the network,
multiplying each value by:

2
n—-1)(n-2)

where n is the number of nodes.

For comparison of edge betweenness centrality in different networks, the value for
each edge was normalised by multiplying by:

2
nn—1)

where n is the number of nodes in the network.

As opposed to other types of networks, such as ‘small world’ networks (Watts and
Strogatz, 1998), or classes of random Erdos-Rényi networks where nodes are
randomly connected together with different probabilities (Erdos and Rényi, 1960), all
networks analysed are essentially 3D lattices (Van Wijk et al., 2010). Due to inherent
physical constraints of a 3D lattice, network density is largely consistent over all

networks analysed, so no normalisation was applied for density.
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2.4.4 Logarithm of node betweenness centrality

In most cases, the betweenness centrality distribution of 3D cellular connectivity
networks analysed was long-tailed (Figure 2.3A). To ensure that statistical tests
carried out between different measurements were valid and comparable, in many
cases logio betweenness centrality was used, which has a more normal distribution

(Figure 2.3B) (Seguin et al., 2018).

Log+o betweenness centrality was also used when visual discrimination between cells
with relatively low betweenness centrality was required, such as in cells at the
surface of the model in Figure 2.3C. After the logarithm of betweenness centrality is
taken, higher and lower values of betweenness centrality in cells at the surface are

more easily distinguished (Figure 2.3D).
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Figure 2.3. Using logo betweenness centrality.

(A) Distribution of betweenness centrality in the cellular connectivity network of a
simple spherical Voronoi model with 512 cells. (B) Distribution of logio betweenness
centrality in the same model. (C) A cross-section of the model, false coloured with
betweenness centrality. (D) A cross-section of the model, false coloured with log1o
betweenness centrality.

2.4.5 Weighted centralities

In network science, rather than every edge having the same contribution to a
network, weighting can be added to edges to assign value to connections between
particular nodes (Newman, 2018). In cellular connectivity networks, the interface size

between cells in ym?can be used as a weighting. With this weighting, algorithms that
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navigate paths between nodes, like betweenness centrality and random walk

centrality, more readily use larger cell interfaces.

By default in NetworkX, random walk centrality weighting is defined as a measure of
connectivity between nodes, so edges representing a large connecting surface area
are preferentially traversed by random walkers. In contrast, in NetworkX the
weighting of betweenness centrality is defined as a resistance to traversal between
nodes. Therefore, for consistency between the centrality measurements, the inverse
of the size of the physical cell interaction was used as a weighting in weighted

betweenness centrality calculations.

2.4.6 Local and global efficiency

Local and global efficiency were used to measure how efficiently graphs exchange
information. Local efficiency measures how robust a graph is to damage, and is
related to the clustering coefficient of a graph. Global efficiency is a measure of the
suitability of a network for exchanging information between all nodes concurrently,
and is related to the average shortest path length. Both local efficiency and global
efficiency were calculated using the algorithms in the Brain Connectivity Toolbox for

MATLAB (Rubinov and Sporns, 2010), translated into a Python script.

For the calculation of either local or global efficiency, it is necessary to calculate the

average efficiency of a graph. For any given graph G, the average efficiency is:
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where n represents the number of nodes in the network, and d(i,j) is the shortest

path between nodes i and j.

On a graph G, local efficiency is defined as:

1
Eoe(6) = ~ ) E(G)

IEG
where n is the number of nodes in the whole network, and G; is a local subgraph
comprising only the nodes connected to node i (neighbouring nodes), but not node i

itself.

For a given graph G, global efficiency is calculated using:

E(G)
EQIOD(G) = E(Gideal)
where G@¢% is a graph consisting of all nodes in G, where all possible edges

between these nodes exist.

2.4.7 Topological buffering

Because of limitations of the confocal microscope field of view, and clarity of signal,
only sections of entire organs can be imaged at high enough resolution for correct
segmentation, resulting in cells in the image that are not within their normal
multicellular context. When cells at image boundary regions do not have their correct
local interactions represented in the 3D image, they do not have the correct cell

connections in the associated cellular connectivity network, after the image
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processing and network extraction steps. These cells bias the topological
measurements of other cells in the network, both locally and globally. To reduce the
effects of this on subsequent network analysis, topological buffering was used in both

the hypocotyl and meristem.

Topological buffering refers to including all imaged cells and cell interactions in a
cellular connectivity network for the purposes of topological analysis, but not
reporting on the measurements of every cell. Cells near artificial imaging boundaries
were excluded from further analysis (Fig 2.4). To do this, cells that were to be
included in further analysis were selected in MorphoGraphX, and their labels were
exported using the ‘Heat Map’ function. After topological analysis was carried out on
the entire cellular connectivity network, a subset of the selected cells to include was

taken from the analysis results, effectively removing the buffer region cells.
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Figure 2.4. Topological buffering in hypocotyl and meristem samples.

(A) Analysed regions (red) and topological buffer cells (white) in an A. thaliana Col.
hypocotyl. (B) Top down image of topological buffering in the A. thaliana shoot apical
meristem. (C) Cross-section of topological buffering in the A. thaliana shoot apical
meristem.

In the hypocotyl, ends of the samples connected to the radicle and rest of the
embryo, around five cells from the artificial imaging boundary, were treated as
topological buffer (Figure 2.4A). In the shoot apical meristem, only cells in the centre
of the meristem dome, at least five cells from the artificial imaging boundary, were
used in further analysis, while the rest of the meristem dome was treated as

topological buffer (Figure 2.4B). In addition, only the top three layers of the meristem,
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L1 to L3, were reported on, while the L4 was treated as topological buffer (Figure

2.4C).

2.5 Geometric analysis

2.5.1 Area and volume
To measure the size of cells, both cell area and volume were used. The calculation of
cell area and volume was performed in MorphoGraphX, using the ‘Heat Map’ function

with a sample mesh.

2.5.2 Cell growth

Time course meristem images were used to calculate cell growth over the
intermediate time of 11 hours. Lineage tracking and co-segmentation was used in
MorphoGraphX to track individual cells in both time points. Cell growth was
calculated by dividing the volume of the cell at a later time point, by the volume of the

cell at the earlier time point, resulting in a fold change in size over the 11-hour period.

2.5.3 Anisotropy

To capture the anisotropy of individual cell shape, the MorphoGraphX process
‘PCAnalysis’ (relevant parameters: span correction = Ellipsoid, threshold = 100,
shape details = 3) was used with a fully segmented stack. This generated a mesh of

ellipsoids representing the three principal directions of cell elongation, along with a
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csv file containing the magnitudes of these directions. A Python script was used to
convert these magnitudes into a measure of anisotropy, by dividing the largest
magnitude by the sum of all three magnitudes extracted. In this way, highly elongated
cells have an anisotropy score closer to 1, while isotropic cells score lower, where

the minimum anisotropy is 0.33 in completely isotropic cells.

2.6 Statistical analysis
All statistical analyses performed can be found in Table 2.1, with more details in

individual sections.

2.6.1 Comparing means and medians
Two-sample t-tests were performed without assuming equal variances (also known
as Welch's t-test). t-tests were carried out in Python using the scipy library (Jones et

al., 2001), using the ‘ttest_ind’ function (revelvant parameters: equal_var=False).

One-way analysis of variance (ANOVA) was used to simultaneously compare means
of three or more groups. Post-hoc Tukey’s tests were used in conjunction with
ANOVA to determine groups of measurements that shared similar means (Tukey,
1949). One-way ANOVA and associated post-hoc Tukey tests were performed in

SPSS.
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The Mann-Whitney U test was used to compare medians of independent variables,
without assuming that they are normally distributed (Kruskal, 1957). Mann-Whitney U
tests were performed using a Python script, with the scipy function ‘mannwhitneyu’

(default parameters) (Jones et al., 2001).

Table 2.1. Statistical analyses and statistical software packages used.

Statistical Analysis Software Additional Packages/Libraries
t-test Python scipy (Jones et al., 2001)
Mann-Whitney U test Python scipy (Jones et al., 2001)
One-way ANOVA SPSS -
Tukey’s test SPSS -
X test Python scipy (Jones et al., 2001)
Kolmogorov-Smirnov test Python scipy (Jones et al., 2001)

Linear Coefficient of
Python scipy (Jones et al., 2001)
Determination (R?)

Hierarchical Clustering Python scikit-learn (Pedregosa et al., 2011)

glm2 (Marschner, 2011), car (Fox et
Logistic Regression R al., 2012) and ROCR (Sing et al.,

2005)
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2.6.2 Comparing distributions

x° tests (for discrete variables) (Pearson, 1900) and two-sample Kolmogorov-
Smirnov tests (for continuous variables) (Kolmogorov, 1933), to test for significant
differences in distributions, were performed in Python using the scipy library, using

the ‘chisquare’ and ‘ks_2samp’ functions.

Earth-mover’s distance (Rubner et al., 1998), also known as Wasserstein distance,
was used to quantify the extent of difference between distributions. Considering two
probability distributions, the calculation of earth-mover’s distance essentially involves
finding the minimum amount of one probability distribution that can be ‘moved
around’ to match another probability distribution. Earth-mover’s distance was carried

out using scipy, using the ‘wasserstein_distance’ function.

2.6.3 Corrections for multiple comparisons

In statistical analysis of hypocotyl topological distributions, a total of 3200 individual
statistical tests were carried out. To compensate for the likely introduction of false
positive results of statistical significance, the Bonferroni correction for multiple
comparisons was used (Dunn, 1961). This reduced the p-value threshold for
significance throughout hypocotyl distribution comparisons, resulting in more

stringent statistical tests.

A new p-value, subject to Bonferroni correction for multiple comparisons, is
calculated using:

p _ poriginal
ted —
correcte m
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where p,,igina 1S the original p-value to denote significance before correction, and m

is the number of comparisons made.

2.6.4 Correlations

The coefficient of determination, R?, was used to determine the degree of linear
correlation between variables. The R? value represents how much variance in one
variable can be explained using another variable, which is an indication of the
relatedness of two measurements. This can take any value from O (no relationship

between variables) to 1 (a perfect relationship between variables).

The correlation coefficient R was calculated using the scipy Python library, using the
‘linregress’ function to calculate a simple linear regression line. The value for r was

then squared, resulting in the coefficient of determination, R?.

2.6.5 Clustering

Clustering was used to classify hypocotyl cell types, using test statistics from
pairwise x° tests and Kolmogorov-Smirnov tests carried out with degree and
betweenness centrality distributions, respectively, as a measure of distance. The
Ward method for hierarchical clustering was used, which progressively merges data
points into clusters, attempting to minimise the variance within each cluster. The
Ward method was used due to the unsupervised nature of the algorithm, which
reduces bias, and it's tendency to result in reasonably regular cluster sizes (Ward Jr,

1963). Three clear clusters were chosen using a clustering dendrogram, to group a
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minimum of 90% of the data points into specific clusters (Hastie et al., 2009). The

most dissimilar data points were not grouped into any cluster.

Hierarchical clustering was carried out using the scikit-learn machine-learning
package for Python (Pedregosa et al., 2011), using the ‘AgglomerativeClustering’

function (relevant parameters: n_clusters = 3, linkage = ‘ward’).

2.6.6 Logistic regression

Logistic regression was used to classify non-dividing and dividing cells with factors
influencing cell division in the shoot apical meristem. This was performed using R
and the gim2 (Marschner, 2011), car (Fox et al., 2012) and ROCR (Sing et al., 2005)
packages. Data used was merged from all meristem samples to ensure a large
enough sample size for logistic regression modelling. A high likelihood ratio, LR ¥?,
for a particular measurement, indicates its usefulness in classifying cells that would

and would not divide (Lemeshow and Hosmer Jr, 1982).

2.6.7 Coefficient of variation

The coefficient of variation was used to determine the normalised amount of
variability in a measurement (Searls, 1964). Unlike comparing standard deviations,
the coefficient of variation allows direct comparisons of variability between

measurements that have vastly different scales.

The coefficient of determination c,, was calculated using:
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where ¢ is the standard deviation of a set of measurements, and |u| is the absolute

value of the mean.

The coefficient of variation was calculated using a Python script.

2.7 Visualisation

2.7.1 Topological property visualisation

To visualise topological properties of cells in tissues in situ, degree, betweenness
centrality and random walk centrality values from topological analysis of the cellular
connectivity networks were first saved as csv files, with associated cell labels. The
mgxm mesh that the network was originally extracted from was then loaded into
MorphoGraphX. The related topological analysis csv file was then imported into
MorphoGraphX using the ‘Import Heatmap’ process, where the choice of measure to

visualise could then be selected from a drop down menu.

Scales were adjusted for better discrimination between high and low values using the
‘Heat Map Rescale’ and ‘Heat Map Scale’ processes. The ‘Heat Map Rescale’
process was used to specify high and low limits of the heat map. The ‘Heat Map
Scale’ process was used to switch between linear and logarithmic heat map scales

where appropriate.
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2.7.2 Network visualisation

To visualise parts of networks in 2D, subgraphs representing cross-sections of
cellular connectivity networks were first extracted in MorphoGraphX, by selectively
deleting cells in all but the region of interest before extracting the node labels to be
visualised using the ‘Heat Map’ function. The original full cellular connectivity network
was then imported in NetworkX, and all nodes except those listed in the extracted
labels from MorphoGraphX were removed using a Python script. The remaining
subgraph was visualised in 2D using the Python package NetworkX and the
associated visualisation package Graphviz (Ellson et al., 2001). Edge properties
were visualised using a heat map, displaying either physical cell interface size, or

edge betweenness centrality.

Graphs were visualised and rendered in 3D using BioLayout3D/Miru (Theocharidis et
al., 2009). To preserve node position in 3D network visualisation, a Python script was
used to generate a native BioLayout3D file, a layout file. The layout file is a text file
specifying nodes and edges in the cellular connectivity network, along with relevant
metadata. Node metadata was used to specify each cell's position in 3D space, as
well as the cell type. Edge metadata was used to specify the edge betweenness
centrality of each edge, which could then be visualised in BioLayout3D/Miru as a

heat map.
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2.8 Cell division simulation

The ‘DivisionAnalysis’ MorphoGraphX plugin (Richard Smith group, Max Planck
Institute, Germany, unpublished) was used to simulate cell divisions in the shoot
apical meristem in silico. Cell divisions were simulated using information from earlier

time points to predict the orientation of division plane in later time points.

2.8.1 Cell fusion

In the shoot apical meristem samples, as well as division, cell growth occurred during
the 11 hours between both the TO and T1, and T1 and T2 time point images. To
make it possible to compare division plane predictions and real division planes, cells
that divided between time points were fused in the T1 images to represent cell
topology and geometry in the TO time point, and likewise cells in the T2 images were
fused to represent cell topology and geometry in the T1 time point. Cells were
computationally fused in shoot apical meristem meshes, using the ‘Fuse Cells’

process in DivisionAnalysis.

2.8.2 Rules for simulating division

Four different rules were used to simulate cell division, using both geometric and
topological features of the undivided cell. Irrespective of the rule used, divisions were
restricted to being positioned no further than 0.2 ym from the cell centre. This was to
correctly simulate the positioning of the majority of observed division planes in the
shoot apical meristem, in line with previous geometric observations (Shapiro et al.,

2015). All simulated division planes were also restricted to being perpendicular to the
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surface of the meristem dome, replicating previous observations of exclusively

anticlinal cell divisions (Bowman and Eshed, 2000).

Errera’s rule for cell division (Errera, 1886), also referred to as the shortest wall rule,
was simulated by finding the wall with the smallest surface area that bisected the cell.
The degree minimisation rule found the division plane that minimised the degree of
the daughter cells after division. Similarly, the random walk minimisation rule
identified the division plane that minimised the random walk centrality of the daughter
cells post-division. The Gibson rule identified the plane that bisected the
neighbouring cell with the lowest degree, according to previous observations (Gibson

etal.,, 2011).

In the case where multiple planes in the same cell satisfied the minimisation of
degree, random walk centrality, or criteria for the Gibson rule, the wall with the

smallest surface area was chosen.

2.8.3 Division order permutations

The order of divisions between each time point was unknown. Each cell division has
topological consequences for both neighbouring cells, and cells distal to the newly
divided cell. To compensate for the unknown orders of cell division and the effects on
division predictions that incorporated topology, three permutations of division order
were carried out for the degree minimisation rule, the random walk centrality

minimisation rule, and the Gibson rule.
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2.8.4 Comparing division planes

To make comparisons between the real and simulated division planes, each plane
was manually isolated in MorphoGraphX, and saved as a txt file containing the 3D
position of every vertex within the plane mesh. Each simulated and real division
plane was imported into Python and converted into an infinite mathematical plane
best representing the vertices, by minimising the sum of squares of the distance from
each vertex to a mathematical plane using the SymPy package (Meurer et al., 2017).
The normals of each mathematical plane were then calculated, and the angle
between plane normals of the real and simulated planes was found using the
‘angle_between’ function in SymPy. This angle represented the degrees deviation

between the simulated division plane and the real division plane.
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CHAPTER THREE: CELLULAR ORGANISATION IN 3D ORGAN MODELS
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3.1 Introduction

An enormous variety of forms of multicellular tissues and organs exist throughout
living organisms. Plants utilise diverse growth strategies across different species,
from the filamentous chains of cells in some algae (McCourt et al., 2004), to planar,
ground-covering thallus development in Marchantia (Shimamura, 2015), to building
up complex body plans of flowering land plants with intricate tissue structures
(Harrison, 2017). This abundance of shapes and forms is also present in the animal
kingdom, where multicellular metazoan forms range from the simple symmetrical
body plans of the starfish, to the vast complexity of the human body (De Robertis,

2008).

Within both animals and plants, there is division of labour across an organism,
compartmentalising processes and splitting tasks between organs, which are in turn
made up of highly specialised tissues with specific functions. Within tissues, cells are
arranged in particular patterns, formed by variation in cell size, position and shape

(Koch and Meinhardt, 1994).

Cell organisation is conserved both within individuals of similar species, and often
across diverse evolutionary clades (Lohmann and Weigel, 2002) (Arnold and
Robertson, 2009). Where cell patterning is perturbed, loss of the normal function of
an organ is often observed (Couso et al., 1994) (Byrne et al., 2000) (Helariutta et al.,
2000), and in an extreme example, normal cell patterning is lost in cancerous tissues
(Moore et al., 2017). It is therefore of biological relevance to study cell patterning and

organisation, and to link these structural features to tissue and organ function.
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3.1.1 Qualitative assessment of cellular patterning

Many efforts have been made to elucidate the underlying mechanisms of how cellular
patterns and organisation are formed in tissues through cell division (Besson and
Dumais, 2011), migration (Forgacs and Newman, 2005) and programmed death
(Gunawardena, 2007). However, the way in which cell organisation affects the
function of an organism, and the emergent properties of cell patterning, are poorly

understood due to limited qualitative descriptions (Jackson et al., 2017a).

Because there are consequences of cell arrangement in tissues, it is of biological
relevance to have a quantitative framework with which to measure organisation, and
compare tissues. In the developmental biology field, it is common to qualitatively
compare the cell organisation or patterning in tissues. For example, qualitative
comparison is used to compare the organisation of cells in mutant fruit fly (Drosophila
melanogaster) imaginal discs (Tabata and Kornberg, 1994), and patterning in the
Arabidopsis thaliana root meristem (Aida et al., 2004) to characterise the phenotypic
effects of various mutations. More recently, cells in various mutant mouse corneal
epithelial tissues were qualitatively referred to as ‘disorganised cells’ (Panzica et al.,
2017). While in each of these cases (and many more), the identification of binary
‘order’ or ‘disorder’ in cell patterning is a relevant feature of a mutant phenotype, cell
patterning mutants would be directly comparable using a quantitative measure of
organisation. A quantitative method for measuring cell organisation would also allow
deeper insight into exactly how the cell patterning in a particular system was

disrupted.
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With a quantitative measurement of cell patterning, it may also be possible to gain
insights into why cellular structure is arranged in certain configurations. Identifying
cells that make unintuitive physical links between other cells, or parts of a tissue,
would be possible using a non-biased quantitative approach. This would represent a
first step in understanding how the structure of a tissue contributes to the function it

performs (Jackson et al., 2017a).

3.1.2 Abstracting cell connectivity into networks

Networks are used to represent complex systems with many interacting components.
For example, they are often used in the representation of protein-protein interactions,
in the field of proteomics (De Las Rivas and Fontanillo, 2010) (Szklarczyk et al.,
2014) (Rajagopala et al., 2014). In protein-protein interaction networks, nodes
represent the interacting agents, proteins. The interactions between proteins are
represented by edges, connecting two nodes (Xia et al., 2014). These networks can
be used to make predictions about which proteins form complexes (Brohee and Van
Helden, 2006), as well as to isolate families of proteins that are characterised poorly
in order to direct further research (Huttlin et al., 2015), and even to predict the onset

of cancer (Taylor et al., 2009) using simple graph theory analyses.

At a much larger scale, networks are also used to model a wide range of ecological
interactions between species (Jordan and Scheuring, 2004). In ecological networks,
nodes can be used to represent an entire species, while edges are representative of

antagonistic or synergistic interactions between different species in a given
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environment (Bascompte, 2007). The use of networks in ecology predated their use
in the field of protein-protein interactions (Paine, 1966), and contributed to the now
widely accepted view that most pairwise interactions between species do not occur in
isolation, but rather as part of a greater ecosystem (Proulx et al., 2005). Ecological
networks have been used to show that in there are an increased number of
generalist pollinators in ecosystems where plant species richness is high (Olesen
and Jordano, 2002), as well as to model the cascading effects of individual species

extinctions on the wider ecosystem (Dunne et al., 2002)

In between these scales, at the organ level, the same network abstraction can be
made with physically interacting cells. Here, a cell can be represented as a node,
while the physical interactions between them are represented by an edge (Figure

3.1). This results in the generation of a cellular interaction network.
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A Cells = Nodes
Physical associations == Edges

Figure 3.1. Abstraction of cellular assemblies into cellular connectivity networks.

(A) Making a map of cellular interactions involves representing cells as nodes, and
representing the physical interactions between cells as edges. (B) An example
diagram of a cellular connectivity network in plant or animal epithelia. (C) An example
diagram of a cellular connectivity network of interactions between neurons, where
information flows directionally from axons to dendrites. Figure reproduced from
Jackson et al. (2017), Journal of the Royal Society Interface.

Building on hand drawn diagrams of nervous system cell connectivity (y Cajal, 1894),
an early example of a cellular interaction network is the full mapping of all neuronal
cell connections in the nematode worm, Caenorhabditis elegans, using electron
microscopy of serial sections (White et al., 1986) as previously mentioned in Section
1.4. The nervous system map, consisting of 302 neurons, could be represented as a
directed network, where signals are passed from axons to dendrites, which through

synapses deliver signals to other axons (Figure 3.1C). This work allowed hypotheses
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to be made about the function of certain neurons, such as those related in touch

sensitivity, using information solely from the network structure (Chalfie et al., 1985).

3.1.3 Quantifying tissue organisation in neuroscience

The complete map of the C. elegans nervous system paved the way for studies of
nervous system connectivity in other systems, as better imaging techniques and
more powerful computers become available (Emmons, 2015). Often referred to as
‘connectomics’, the study of how different regions of the brain interact, and how this
relates to brain function, is now a rapidly expanding field of research (Morgan and
Lichtman, 2013) (Sporns and Bassett, 2018). In the connectomics field, network

science is used to quantify the organisational properties of regions of the brain.

Using fMRI scanning, regions of the brain that are activated simultaneously, or in
quick succession, can be identified (Smith et al., 2013). Using this information, maps
of associated brain regions can be inferred and drawn, represented by a network.
From these kinds of networks, ways in which interacting regions of the human brain
dynamically change during the performance of different tasks have been shown
(Bullmore and Bassett, 2011). The structures of brain networks have also been used
to suggest regions of the human brain that have high control capacity through the
identification of ‘hubs’, regions of the brain that share more connections with other
brain regions than average (van den Heuvel and Sporns, 2013). Hubs were identified
in the cerebral cortex, meaning that damage to these regions is likely to have drastic

consequences for overall brain function.
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There are however clear limitations to this technique for building network maps of
brain activity. Networks built through fMRI scanning, often referred to as ‘mesoscale’
networks (Zeng, 2018), lack cellular resolution, despite our knowledge that individual
neurons are the units that transmit information throughout the brain (y Cajal, 1888)
(Lépez-Munoz et al., 2006). While it has been suggested that interactions between
neuron ensembles operate at a multi-neuron level (Alivisatos et al., 2012), the image
resolution possible with fMRI scanning is far more coarse-grained than even this
level of detail (Van Essen and Ugurbil, 2012). This means that potential complex
interactions between neurons, or groups of neurons, are likely overlooked using this
method. While conclusions about how whole regions of the brain interact can be
drawn with mesoscale networks, coarse-graining of actual brain network structure
prevents cellular-scale insights into the structure-function relationships within the

brain.

Though collection of cellular resolution data is currently limited by image acquisition
and image reconstruction methods (Helmstaedter, 2013), some data of this nature
has been successfully collected. Outside of studies into the human brain or C.
elegans, parts of the Drosophila melanogaster brain have been successfully imaged
at cellular resolution (Chiang et al., 2011). The Drosophila brain is estimated to
contain around 100,000 neurons (Schréter et al., 2017). About 16,000 neurons in the
D. melanogaster brain were imaged using multicoloured cell labeling and light
microscopy, and a network of cellular connectivity was constructed (Chiang et al.,
2011). Analysis of the network revealed hierarchical modular structure in brain

regions associated with sensory processing, along with ‘small-world’ properties,
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where a few select neurons are connected to thousands of others, while most have

connections to a far smaller number (Shih et al., 2015).

Although detailed, this cellular connectivity map is incomplete. Because of limitations
of the imaging method as well as the limited power in computational identification of
individual neurons (Chiang et al., 2011), the imaged part of the D. melanogaster
brain is taken out of the whole-tissue context. This could have consequences for
analyses performed on the extracted neuronal map, as there is no knowledge of
whether parts of the network are, in reality, connected to important parts of the
Drosophila brain. Therefore, interesting features present in the true cellular
connectivity of the tissue could easily be missed. Additionally, there is no guarantee
that the imaged portion of the brain is representative of other regions, as different
brain regions are reported to have very different coarse-grained neural structures

(Finlay et al., 2001) (Waskom and Wagner, 2017).

3.1.4 Quantifying organisation in other tissues

Outside of the network neuroscience field, the study of cell connectivity is largely
focused on epithelial organisation. It was observed in the 19" century using simple
light microscopy that cells in many epithelial tissues pack in a honey-comb like
structure (Schwann, 1847). More recently, by tracking the local cell-cell connections
in the epithelia of the freshwater cnidarian Hydra, Drosophila imaginal wing disks and
the Xenopus tail, this hexagonal cell patterning was found to be an emergent

property of cell proliferation and the constraints of cell adhesion (Gibson et al., 2006).
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The organisation of cells in epithelia of different tissues in both chick and Drosophila
were later characterised more thoroughly, using standard network science
measurements to compare cellular patterning (Escudero et al.,, 2011). After
abstraction into a network, the number of neighbours each cell had, known as the
degree, was calculated for each cell, along with the average degree of a cell’s
neighbours and the clustering coefficient of each cell, a measure of the local cell
packing. This revealed that different types of epithelia had distinct, reproducible, cell

patterning features.

Voronoi diagrams have been used to capture the subtly different organisational

properties of diverse epithelia (Sanchez - Gutiérrez et al., 2015). Voronoi diagrams

are constructed by placing seed points in space, then allowing each point to expand
and claim as much space as possible, until all expanded points are tessellated
(Fortune, 1995). It was observed that epithelia from many diverse species and
tissues had similar polygonal class, or degree, distributions to sets of Voronoi
diagrams with increasingly ordered seed points. Interestingly however, degree
distributions measured in epithelial cell patterns, from mutant backgrounds and
diseased tissue, could not be approximated by any Voronoi diagram. This suggests
that quantitative measurement of cellular organisation has applications in diagnosis

of diseases causing tissue abnormalities.

There are however drawbacks to the study of epithelia in isolation, and the
statements that can be made by measuring their cellular connectivity. In many cases,

where tissue is not completely two-dimensional in nature, epithelial cells are taken
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out of context in terms of their physical relationships with cells below them. Imaging
constraints in the outlined studies prevent the acquisition of cellular-resolution tissue
structure below the epithelia, so conclusions must be made with no knowledge of
how 3D cellular interactions may affect both the structural aspects and functional

properties of epithelia imaged in isolation.

3.1.5 Advances in 3D image acquisition and processing
The argument can be made that without whole, representative structures of cellular
connectivity, or with coarse-graining of organisation in networks, it is difficult to link

tissue and organ structure to function.

Recent advances in imaging have allowed three-dimensional imaging of entire plant
tissues and organs. Using tissue fixation, fluorescent staining, and high-resolution
confocal microscopy, the structure of the entire Arabidopsis embryo has been
captured at cellular resolution, at multiple stages of development (Yoshida et al.,
2014), as well as enabling the capture of cellular resolution images of the entire
hypocotyl, the embryonic stem (Stamm et al., 2017). Technological improvements in
semi-automated image segmentation and registration technology allow the
conversion of these images into digital formats, from which every physical cell
interaction can be extracted (de Reuille et al., 2015) (Montenegro-Johnson et al.,
2015). Using this information, fully accurate, cellular resolution, cell connectivity
networks can be constructed (Jackson et al., 2017a). The structure of these networks
can then be quantitatively analysed, to try to understand the functional relevance of

3D cell organisation.
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3.1.6 Structure and function in networks
Structural networks are often rich in information by their very nature, and a wide
range of network science, or graph theory, algorithms exist to measure their

organisational properties (Rubinov and Sporns, 2010) (Barabasi, 2016).

Exploring the structure of a network can give us insights into its function. To illustrate,
the rail system of the Birmingham area can be represented as a structural network
where stations are nodes, and direct routes between stations are edges (Figure
3.2A) (Jackson et al., 2017a). New Street Station is a hub node, a node that has a

high number of connections to other nodes.

Overlaying additional information onto edges, such as the number of trains running
between stations, or the average speed of trains, results in the generation of a
functional network (Figure 3.2B and C). From visual inspection, there are higher
numbers of trains running between the New Street Station hub node and other
stations, than on average between other pairs of stations (Figure 3.2B). Lastly, the
speed of trains running near New Street Station is slower than on average (Figure
3.2C). Here, the structure of the Birmingham rail network has a large influence over

its function.

Importantly, the structural nature of New Street Station and its many surrounding
stations is purposefully designed to make rail transport around Birmingham more

efficient. It is therefore no surprise that this designed structural property leads to a
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high number of trains passing through the station, allowing an increased number of
passengers to travel to their destinations in a given time period. Additionally, the low
speed of trains running through New Street Station is possibly an emergent property
of high traffic through the station, as well as a feature of the short train lines linking

this station and others nearby.

While we can assume that the Birmingham rail system structure was designed to be
as efficient as possible, evolution has driven the design of cellular organisation, and
we do not strictly know the design principles that have been selected for. Therefore,
an approach to measuring cellular patterning and organisation that uses multiple

measures than degree alone is appropriate.
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Figure 3.2. Structural and functional network representations of the Birmingham (UK)
rail system.

(A) The structure of the Birmingham rail network, where nodes (circles) represent
individual stations, and edges (lines connecting circles) represent direct rail routes
that can be taken between stations. (B) A functional annotation of the Birmingham
rail network, overlaid with a heat map showing the number of trains over the period
8.00 to 10.00 A.M. on a weekday. (C) A functional annotation of the Birmingham rail
network, overlaid with a heat map showing the average speed of trains over the
period 8.00 to 10.00 A.M. on a weekday. Figure reproduced from Jackson et al.
(2017), Journal of the Royal Society Interface.

3.1.7 Measuring organisation in 3D cell interaction networks

Like in rail networks, the structural organisation of cells may influence the functional
properties of a tissue as a whole. The organisation, or the topology, of cellular
networks can be measured at both local and global scales. At the local scale, we can
gain insight into the immediate neighbourhood of a cell, the physical interactions that
one cell makes. At the global scale, the contribution of individual cells to overall
connectivity throughout the system can be measured. Standard network science
measurements can be used to analyse the local and global connectivity of cells in

cellular connectivity networks (Jackson et al., 2017a).

The degree of a cell is a simple measure of local connectivity, identical to the number
of neighbours a node in a network has (Figure 3.3A). In terms of a cellular
connectivity network, this is the number of cells that are physically connected to each
cell. In the epithelial work discussed earlier, this is equivalent to the polygonal class
of a cell, and was used to classify two-dimensional epithelial patterning (Escudero et
al., 2011), as well as to inform general principles of cell proliferation driving cellular

organisation (Gibson et al., 2006).
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Another commonly used measure of connectivity in a network is betweenness
centrality (Freeman, 1977) (Brandes, 2001) (Figure 3.3B). This differs from degree in
that it is a global measurement, and its calculation takes into account the entire
network. The betweenness centrality of a node is measured by finding the shortest
path between all pairs of nodes in a network, and counting how many times any
particular node lies on a shortest path. Betweenness centrality identifies optimal
routes of transport throughout the cellular network, using knowledge of the position of
every cell in the system. Where betweenness centrality is particularly high, the
measure also has the ability to identify cells that have an increased capacity to
control movement of information due to the cellular connections that they make. In
network science, these types of nodes are commonly referred to as ‘information

brokers’ (Haythornthwaite, 1996).

Random walk centrality is another global measure of connectivity in a network
(Newman, 2005) (Figure 3.3C). Similarly to betweenness centrality, random walk
centrality also finds paths between all pairs of nodes, though the shortest paths do
not have to be taken. Its calculation involves agents, ‘random walkers’ (Noh and
Rieger, 2004), that randomly move between connected nodes until they find a
complete path from a starting node to their destination. This is performed for every
possible path between each pair of nodes with no knowledge of the network layout,
making it more similar to a diffusion process across a network. In terms of a cellular

network, random walk centrality captures how the passive movement of a mobile
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signal might traverse a tissue, similar to the movement of morphogens in

development (Gurdon and Bourillot, 2001).

Degree
Q0O —Q—O—0—0

Figure 3.3. Topological measurements of cellular connectivity networks.

(A) Example model tissues and their associated cellular networks, false coloured with
degree. (B) Cellular networks, false coloured with betweenness centrality. (C)
Cellular networks, false coloured with degree random walk centrality. Figure
reproduced from Jackson et al. (2017), Journal of the Royal Society Interface.

As well as measuring properties of individual cells within a cellular connectivity
network, the concept of network efficiency can be used to describe the network as a
whole. Efficiency of a network can be measured at both local and global scales

(Bullmore and Sporns, 2009).
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Global efficiency is related to the average length of paths between pairs of nodes
(Latora and Marchiori, 2001). A high global efficiency represents a high capacity for
transport between all nodes, where a graph containing connections between every
pair of nodes has the highest possible global efficiency. The measurement of global
efficiency shares features with global centrality measurements across a system,
where a cellular connectivity network containing long cells that spanned large regions
of the tissue connecting many cells, like the vasculature in land plants (Cho et al.,
2017), would have a high global efficiency, as well as a high betweenness and

random walk centrality in the highly connected vascular cells.

In contrast, local efficiency is a measure of how robust a network is to perturbation or
damage (Latora and Marchiori, 2001). High local efficiency in a cellular connectivity
network would indicate a cellular structure that could still properly operate in terms of
information transport throughout the tissue, if cells were removed. Because of this,
local efficiency is a good measure of the resilience, or robustness, of a system
(Boccaletti et al., 2006). This is a particularly relevant feature in cellular connectivity
networks, as many tissues are susceptible to localised damage and cell death, for
example through infection (Takizawa et al., 1993), or in the case of plants, herbivory

(Goggin, 2007).

In many real world networks, local efficiency is often inversely related to global
efficiency (Latora and Marchiori, 2001). The presence of a very short path connecting
many distant cells in a network makes a network highly susceptible to damage along

that particular path, resulting in high global, but low local efficiency. Measuring local
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and global efficiency in cellular connectivity networks can give us insight into the role
that cellular organisation might play in a tissue, where evolution has promoted the
construction of either highly transport efficient, or highly robust networks (Jackson et

al., 2017a).

In each case, these topological measurements allow quantification of cellular
patterning and organisation, enabling topological phenotyping of tissues, and
comparison of tissue structure between different organs and species. Importantly,
these measures cannot necessarily be used to model specific biological process, but
rather inform us about the possible routes that information in biological processes
can take. It is through identification of these non-intuitive patterns present in cellular

organisation, that insight into possible structure-function relationships is gained.

To better understand how the cellular structure of 3D organs affects cell connectivity
at both local and global scales, simple model organs with varying properties were
constructed and analysed. Topological measurement of these organs will give insight
into design principles used in the development of 3D tissues, leading to the
understanding of how cellular structure might provide different organ-wide functional

properties.

3.2 Results
Models for topological analysis were constructed using MorphoGraphX and the

CellMaker plugin (Section 2.3), made with varying parameters. 30 replicate models
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were created for each set of parameters used. To measure cellular organisation
within these models in a quantitative manner, the cellular connectivity network of
each model was extracted (Section 2.2.5) and topological analysis was used to
examine the structure of each network (Section 2.4). Degree, betweenness centrality
(BC) and random walk centrality (RWC) were calculated for each cell in each model,
to determine the contribution of each cell to both local and global organisation
(Section 2.4.1). The average degree, BC and RWC was determined for each model,
in addition to the variability of these measurements amongst cells in an individual
model, the coefficient of variation (Section 2.6.7). To further characterise the
structure of a network, the local and global efficiency of each cellular configuration

was measured (Section 2.4.6).

3.2.1 Topological effects of increasing the number of cells in an organ

A series of models was constructed with increasing numbers of cells, from 4 to 512
(Figure 3.4). Different numbers of uniformly distributed random centroid positions
were Voronoi tessellated to produce different configurations of connected cells

(Figure 3.4C).

In extracted networks of cellular connectivity, there was a strong relationship
between the number of nodes, and number of edges, as the size of models
increased (Figure 3.4B). The linear correlation observed in a log-log plot suggests
that this relationship is scale invariant, and the existence of a power law relating the
number of nodes and edges in these models, a common property in many randomly

generated networks (Barabasi and Albert, 1999).
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Figure 3.4. Construction of random 3D Voronoi organ models with increasing size.

(A) Schematic of determining the position of centroids within a sphere. Centroids
were generated in a cube, double the length, width and height of the sphere radius.
Centroids falling outside of the sphere were rejected, while centroids inside of the
sphere were accepted, until the desired number of centroids was reached. (B)
Numbers of nodes and edges in extracted 3D Voronoi organ model cellular
connectivity networks, in a log1o-logig plot. (C) 3D Voronoi organ model meshes with

different numbers of cells, rendered in MorphoGraphX.
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To begin to examine the topological properties of these cellular configurations,
network analysis measurements of each cell in models were overlaid onto organ
meshes as a heat map (Figure 3.6). The heat maps provide an indication of the

spatial distribution of graph measurements in models.

The range of the degree of cells increased around 4-fold as the number of cells in a
model increased (Figure 3.5A). Organ models containing very low numbers of cells
are limited strongly in the number of cell-cell connections they can make. As the
number of cells increases, an increasingly clear distinction between the degree of

cells on the surface and in the centre of models can be made.

While the degree and RWC of cells is fairly normally distributed in most models, the
distribution of BC was non-normal and long-tailed (Figure 3.6). To enable the
comparison of BC between cells in these models, BC was transformed to logio BC
(Figure 3.6B and C) (Section 2.4.4). This resulted in a more normal distribution in

log1o BC, also allowing the calculation of mean averages later on in this section.

In models with few cells, log BC is consistently high across all cells, while in models
with large numbers of cells there is qualitatively more variability (Figure 3.5B). This is
due to how BC is normalised across networks. In the calculation of BC, the shortest
paths are found between all pairs of cells, and then subsequently normalised by the
number of possible paths in the graph (Section 2.4.3). As a consequence, in cellular
interaction networks between small numbers of cells, a minority of cells are located in

most paths between nodes, resulting in very high log BC.

78



Because BC finds the absolute shortest paths between pairs of nodes, in models with
just 4 cells there are cells that are never traversed, resulting in a BC of 0 (and
therefore an incalculable log BC) (Figure 3.5B). In a biological system optimised for
transport efficiency, of this size, these cells would not be involved in the transduction

of signals between other pairs of cells.

In the global topological measurement of BC, there are also signs of a distinction
between the core and periphery of the cellular connectivity network in some models
(Figure 3.5B). As with degree, a difference between BC in the model surface and

core becomes apparent in models with 64 or more cells.

The calculation of RWC shares features with BC, in that paths between cells are
determined, and cells that lie on short paths have a higher RWC (Newman, 2018).
There are qualitative similarities between the two global topological measurements
across this set of models (Figure 3.5C). However, as RWC does not always locate
the shortest paths between nodes, but rather identifies all paths between nodes, cells
in the 4 cell model that have a BC of 0 have a value for RWC. Here, RWC is high in
cells that lie on shorter paths, and longer valid paths are penalised according to their

length, resulting in lower RWC.

The maximum values of RWC are lower in models with higher numbers of cells. This

is due to the same weighting effect as discussed in the calculation of BC (Figure
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3.5C). The same topologically distinct core and peripheral cell layer are present in

heat maps of RWC, though qualitatively not as obvious as those in degree and BC.
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Figure 3.5. Spatial distribution of topological properties in randomly generated
Voronoi models with increasing numbers of cells.

(A) Models false coloured with a heat map of degree. (B) Models false coloured with
log1o betweenness centrality. Grey cells represent nodes with a betweenness
centrality of 0, making it impossible to calculate the logio betweenness centrality in
those cells. (C) Models false coloured with random walk centrality. The surface is
displayed of models with 4 and 16 cells, while cross-sections are shown in models
with 64, 256 and 512 cells.
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Figure 3.6. Distribution of topological properties in a 3D Voronoi model.

(A) Normalised frequency of cell degree in a model with 512 cells. (B) Normalised
frequency of betweenness centrality. (C) Normalised frequency of logio betweenness
centrality. (D) Normalised frequency of random walk centrality.

To fully isolate the nature of patterning quantification in models with increasing
numbers of cells, a separate set of models of increasing size were created where
there was no random positioning of nodes, and no Voronoi tessellation used (Figure
3.7). Instead, uniformly shaped polyhedrons were stacked in staggered lattices, so
that any individual cell completely surrounded by other cells on all sides would have
exactly 12 immediate neighbours Indeed, the maximum degree of any cell within

these lattice models was 12 (Figure 3.7A).

Analysis of the spatial distributions of topological properties in the lattice models

reveals both similarities and differences to the random centroid Voronoi models. The
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existence of topologically distinct epithelia is clearer in the lattice models, where
degree, log BC and RWC are all considerably lower in the periphery of structures
with 16 or more cells (Figure 3.7). However, the distribution of each cell connectivity
network measurement within the core of the lattice models has far less variation,
particular in the local measurement of degree, which is completely invariant (Figure
3.7A). In models with at least 64 cells, there is a subtle bias in both log BC and RWC
for cells in the centre of the lattice models, a feature that is not apparent in the

random Voronoi models (Figure 3.5).
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Figure 3.7. Spatial distribution of topological properties in staggered lattice models
with increasing numbers of cells.

(A) Models false coloured with a heat map of degree. (B) Models false coloured with
log1o betweenness centrality. Grey cells represent nodes with a betweenness
centrality of 0, making it impossible to calculate the logio betweenness centrality in
those cells. (C) Models false coloured with random walk centrality. The surface is
displayed of models with 4 and 16 cells, while cross-sections are shown in models
with 64, 256 and 512 cells.
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Further insights can be made about how the structure of models relates to topological
properties using data from replicate models. Kernel density estimate plots were used
to visualise summary statistics of topological measurements across 30 models for
each parameter set (Figure 3.8). Both the mean average measurement, and the
coefficient of variation (CV) (Section 2.6.7) of a measurement are used to
characterise organ models. The coefficient of variation is a normalised measure of
variability of a measurement within a property of a model. For example, the CV of
degree in the 512-cell random Voronoi model (Figure 3.5A) would be higher than the
CV of degree in the 512-cell lattice model (Figure 3.7A). This is because out of these
two models, a higher overall variation in cell degree is observed in the Voronoi

model.

As the number of cells in models increases, the average degree increases (Figure
3.8A). This is likely a consequence of larger models having fewer surface cells, with
more cells surrounded by others on all sides in the centre of the organ (Figure 3.5A).
The CV of degree increases with the number of cells in models up to around 32 to 64
cells, and then begins to decrease as models become larger still (Figure 3.8A). It is
possible that this is due to the establishment of the core-periphery distinction in
models with more cells, as variability within the centre of the models, containing more

and more of the total model cells, becomes lower (Figure 3.5A).
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In this analysis of log BC, the 4-cell models were excluded due to inability to
calculate averages with measurements of log1(0). Average log BC fell steadily as the
number of cells in models increased, as individual cells lay upon a decreasing
amount of paths between other cell pairs (Figure 3.8B). Cells in smaller models bear
a heavier load in terms of the fraction of information transport possible throughout the
cellular connectivity network. Like the trend observed in the CV of degree across
cells in different models, the CV of log BC increases as cell number is raised from 4
to around 32, then begins to decline as the surface becomes topologically

distinguished from the centre of the Voronoi models (Figure 3.5B).

Similar to observations of log BC, the average RWC falls steadily each time the
number of cells in models is doubled (Figure 3.8C). Individual cells in larger model
models fall on fewer paths between other cell pairs, because in a cellular connectivity
network with more cells, there are more options of paths to take. In contrast to the
CV of degree and log BC, the CV of RWC decreases as the number of cells in

random Voronoi models increases.

In addition to summary statistics of topological measurements across the models, the
whole-network local and global efficiencies were calculated in models with different
cell numbers (Figure 3.8D). Aside from the difference in 4-cell and 8-cell models,
increasing the number of cells in Voronoi models had very little effect on the local
efficiency of the cellular networks they formed, meaning there was no large increase
in network robustness as more nodes were introduced. This is likely due to the

constraints of 3D space in the creation of these models, where models are unlikely to
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form structures that can be easily perturbed by the elimination of some cells in the
calculation of local efficiency (Section 2.4.6). Instead, similar to patterning in many

biological tissues (Sanchez - Gutiérrez et al., 2015), Voronoi tessellation produces

cells that grow to fill all available space, producing enough connections to withstand
random damage. In contrast, some 4-cell models had a filamentous structure,
resulting in a one-dimensional extracted cellular network. Local efficiency in these
networks is very poor, as the elimination of cells in the centre of the filamentous
chain results in a complete fragmentation of the organ, eliminating cellular
communication throughout the system. The low local efficiency of these models can

be observed at the left of the 4-cell kernel-density estimate (Figure 3.8D).

Contrastingly, global efficiency decreased steadily as the number of cells was
increased (Figure 3.8D). Global efficiency is related to the average length of paths
between pairs of nodes. As an organ increases in cell number, the distances
between cells become larger and the number of cells that must be traversed to pass
information between the most distal parts of the system increases, with a potential
cost to transport efficiency. However, at smaller model sizes of 4 to 8 cells, without
random cell positioning, there is a clear optimisation choice between robustness of a
cellular connectivity network (local efficiency), and the speed of transport across the
system (global efficiency). Tight control of cell positioning, often observed throughout
real biological tissues (Lecuit and Lenne, 2007) (Fisher and Sozzani, 2016), could
ensure suitable optimisations of either local or global efficiency in cell communities,

depending on the functions a tissue must perform.
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Throughout all topological measurements, a reduction in the spread of the average
and CV is observed within the replicates, as the number of cells in models is
increased from 4 to 512 (Figure 3.8). The same is true for the variability in local and
global efficiency across models. Randomly placing centroids for each cell and
performing 3D Voronoi tessellation with low numbers of points means that ‘extreme’
topologies such as filaments and fully connected networks, where all cells are
connected to all other cells, are much more common (Brede, 2010). With more cells,
the probability of observing these types of arrangements becomes increasingly
unlikely. However, it is possible that in systems where neither growth or cell
placement is well controlled, like the onset of some cancers (Moore et al., 2017), a
more robust topological phenotype can be constructed if a large number of cells are

created.

Individual points representing the topological properties of lattices of increasing size
were plotted along side kernel-density estimates for the random Voronoi models for
direct comparison (Figure 3.8). In all cases, the CV of degree, BC and RWC was
lower in lattices than in random Voronoi models. This is in agreement with previous
qualitative comparisons of topology (Figures 3.5 and 3.7). A higher average degree
can be reached without an ordered cell lattice structure (Figure 3.8A), while in
contrast average log BC is lower in identically sized random Voronoi models (Figure
3.8B). This is due to certain ‘hub-like’ cells having many local connections in the
Voronoi models due to their position, which create shortcuts through the organ and
direct information flow away from other cells, decreasing the average log BC. In

lattices, no such ‘hub-like’ cells exist, as degree is uniform throughout the core of the
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models. Therefore, short paths are shared more evenly amongst the lattice model
cells, increasing average log BC. Average RWC is similar in both lattice and random
Voronoi cell connectivity networks (Figure 3.8C). Both local and global efficiencies
are noticeably lower in cell lattices than in Voronoi models, above 32 cells (Figure
3.8D). This is related to the limited degree observed in the lattice structures, where
cells make fewer connections. Fewer network edges means both a reduction in
robustness of the cellular network, and an increase in average distances between

cells.
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Figure 3.8. Average topological properties of models with increasing numbers of
cells.

(A) A kernel-density estimate of the average degree and the coefficient of variation of
degree in each random Voronoi model. Each kernel density estimate represents 30
individual models. The averages of each lattice model are shown as single points on
the same chart for comparison. The legend refers to numbers of cells in the models.
(B) Average and coefficient of variance of logio betweenness centrality. (C) Average
and coefficient of variance of random walk centrality. (D) The local efficiency and
global efficiency of models.
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3.2.2 Topological effects of increasingly random cell positions

Whilst the number of cells in organs has clear effects on tissue topology, the
differences between ordered lattices of cells and organs with random cell positions
highlights that cell position also plays a role in both local and global cell organisation.
Epithelia in animal tissues have been shown to have archetypal, non-random
organisation resulting from cell positioning, while departures from this cell

arrangement are associated with disease (Sanchez - Gutiérrez et al., 2015). This

indicates that on tissue surfaces, cell positioning is likely to be an organisational

feature with consequences for organ function.

To further explore the topological effects of cell positioning on cellular connectivity in
3D organs, another set of models was generated (Figure 3.9). 512 deterministically
spaced centroids, 10 ym apart in the X- and Y- directions, and staggered in the Z-
direction, within a sphere were used in Voronoi tessellation, creating an ordered 3D
lattice. Further models were created by randomly perturbing the location of these
centroids in Euclidean space, before Voronoi tessellation (Figure 3.9A). Each
centroid was moved in the X-, Y- and Z-directions by a random number, between a
minimum value of 0 movement, and a varying maximum movement value. This
method was used to generate increasingly ‘noisy’ centroids, resulting in increased

divergence from ordered cell positions seen in an ordered lattice (Figure 3.9B).
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Figure 3.9. Construction of 3D Voronoi organ models with increasingly random cell
positions.

(A) Schematic of centroid perturbation, from equally spaced centroids (top) to
centroids shifted in 3D space with a given amount of noise (bottom). (B) An ordered
lattice created from Voronoi tessellation of equally spaced centroids, and 3D Voronoi
organs created from these lattice centroids shifted in space with increasing noise.

From qualitative inspection of topological properties, it is clear that cell degree is
initially limited by uniformity in cell centroid positions, and can increase as centroid
position is gradually perturbed (Figures 3.10A and 3.11A). The variation across the
whole model originally drops as 0 — 0.001 ym centroid noise is added, though the CV
of degree in just the model centre is initially O (Figure 3.11A). From here, as cell
position becomes increasingly disordered the CV of degree increases and reaches a

maximum at around 0 — 0.2 ym centroid noise.

In contrast to degree, log BC across cells in the model seems to become spatially

redistributed, rather then noticeably increasing or decreasing (Figure 3.10B).
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Originally log BC is distributed evenly from the centre of the lattice, but with
increasing noise added to cell position, cells with high log BC become less biased

towards the centre.

Kernel density estimate plots show that the average log BC decreases slightly as cell
centroids become increasingly random (Figure 3.11B). There is an initial drop in the
CV of BC as 0 — 0.001 um centroid noise is applied to ordered lattice centroids,
which as observed in degree, increases as cell position becomes less ordered, again
reaching a maximum variance at 0 — 0.2 ym centroid noise. The reason for the
particularly high variance across models with 0 — 0.2 ym centroid noise is not clear,
though it may be due to interaction between the initial centroid spacing at 10 pym
apart and this specific amount of noise, and represent a transition point in the

generation of random organ topologies.

Random walk centrality is less biased towards the centre initially in the lattice than
log BC, though increasing noise in centroid position seems to result in the same
redistribution in both global topological measurements (Figure 3.10C). Quantitatively,
a similar trend is observed in the average RWC and CV of RWC, similar to log BC,

as cell position is increasingly perturbed from the original lattice (Figure 3.11C).
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Figure 3.10. Spatial distribution of topological properties in randomly generated
Voronoi models with increasingly random cell positions.

(A) Cross-sections of models false coloured with a heat map of degree. (B) Models
false coloured with logio betweenness centrality. (C) Models false coloured with
random walk centrality.

Local and global efficiency both increase drastically as the lowest amount of O -
0.001 ym noise is added to ordered centroids before Voronoi tessellation (Figure
3.11D). From this point, further increasing the amount of centroid noise introduced

results in increases in global efficiency.

Across all topological measurements used, adding 0 - 0.001 ym random noise to
lattice centroids causes a dramatic change in both the average and the CV (Figure
3.11). Even the smallest change in cell position is sufficient to allow deviation from
strict local and global patterning observed in the ordered lattice (Figure 3.10). This
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allows the development of variation in local cell patterning, leading to the
establishment of short paths across organs, which provide conduits for efficient
global information transfer. These results show that cell positioning is a relevant
feature of a tissue in terms of both local and global cell organisation, and the

communication capacity throughout an organ.
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Figure 3.11. Average topological properties of models with increasingly random cell
positions.
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(A) A kernel-density estimate of the average degree and the coefficient of variation of
degree in each random Voronoi model. Each kernel density estimate represents 30
individual models. The legends refer to the amount of centroid noise that was applied
to ordered lattice centroids before Voronoi tessellation was carried out to generate
models. (B) Average and coefficient of variance of logio betweenness centrality. (C)
Average and coefficient of variance of random walk centrality. (D) The local efficiency
and global efficiency of models.

3.2.3 Topological effects of biased cell positioning

Cell position in tissues varies greatly, and adding noise to ordered centroids before
Voronoi tessellation cannot capture the diversity of cell positioning observed in
organs. For example, cells in different layers of the radially symmetrical Arabidopsis
thaliana root are not spaced evenly, but are regularly spaced within each layer
(Dolan et al., 1993). In the early stages of the developing Drosophila melanogaster
embryo, polarity is established and cells are asymmetrically distributed, with few
large nurse cells at one pole and many smaller follicle cells at the opposite side of the
organism (St Johnston and Nusslein-Volhard, 1992). To explore the effects of this
asymmetric cell positioning on local and global cellular connectivity, a new set of

models was constructed.

Using completely random cell positions as a baseline, organ model cell centres were
increasingly biased towards one point on the sphere that constrained the gross
morphology of the model organs (Figure 3.12). This set of models was first generated
by choosing X, Y and Z centroid positions from a Gaussian distribution, with the
mean located at a point on the sphere surface, representing a point of attraction

(Figure 3.12A). Centroids that fell outside of the sphere were discounted, as in the
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creation of earlier models with varying cell humber (Figure 3.4). Here however,
centroids were sampled until 512 valid centroids were found, for every model.
Different values of o were used to generate Gaussian distributions for centroid
sampling around an identical mean (Figure 3.12A), resulting in 3D Voronoi

tessellated models with increasingly biased cell position towards one pole of the

e

No Positional Bias o =80um 0 =40um

X Point of attraction, a
@ Accepted centroid

@ Rejected centroid
0 =20um o =10um 0 =5um

organ (Figure 3.12B).

A B

Increasing sigma = less centroid bias

Figure 3.12. Construction of 3D Voronoi organ models with increasingly biased cell
positions.

(A) Schematic of spatially biased centroid sampling using Gaussian distributions to
designate a centroid ‘point of attraction’ on the surface of a spherical boundary mesh.
(B) A 3D Voronoi tessellation model generated using random centroids with no
positional bias, and models created with increasing biased centroid sampling from
Gaussian distributions with decreasing values of .

Increasing the positional bias of cells resulted in a greater range of cell sizes across
the model. Whilst in other models cells on the surface tend to have low local and
global connectivity (Figures 3.5 and 3.10), changes in cell positioning can change
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this trend (Figure 3.13). As cell centroids are increasingly biased, the degree, log BC
and RWC of large surface cells become higher, particularly in models where

centroids were generated using Gaussian distributions with 0 =10 ym or o = 5 ym.

Average degree increases in models with increasing positional bias (Figure 3.14A),
when centroids are sampled from Gaussian distributions of ¢ = 20 ym or higher. This
suggests that a transition in local topology of the Voronoi models occurs only with
sufficiently biased centroids. As the cell positions become increasingly ordered,
clustering around a position on the surface of the organ, the variance in degree,

measured using the CV, decreases.

A similar trend is observed in the global property of log BC as cell positions become
more constrained (Figure 3.14B). The average log BC increases, whilst the variability
is reduced, as cell position becomes increasingly biased towards one pole of the
organs. Here, changes in the number of local interactions that cells make are linked

strongly to the global topological property of BC.

However, a different trajectory is observed using RWC, highlighting important
distinctions in the two global topological measurements used (Figure 3.14C).

The average RWC decreases as cells are increasingly biased in their positioning
(Figure 3.14C), and the initial decrease in RWC with a small amount of centroid bias
is large, in comparison with the subsequent changes. A small number of large cells,
directly opposite the area with the highest cell concentration on the surface of the

organ, are travelled through by a disproportional amount of random walkers in the
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calculation of RWC (Figure 3.13C). This division of labour in transport capacity
reduces the RWC of all other cells, thereby reducing the mean average RWC (Figure
3.14C). Variability in RWC is reduced as cells are positioned increasingly closer to

one pole of the models, similar to observations in degree and log BC.

Small changes are observed in the measurement of local and global efficiency,
compared to other classes of models examined (Figure 3.14D). Both local and global
efficiency of the cellular connectivity networks are subtly increased when the value of
o used in centroid sampling was lower than 40 um. This transition in organisational
properties, when cell centres are drawn from sufficiently biased distributions, reflects

observations of changes in degree (Figure 3.14A) and log BC (Figure 3.14B).

Whilst biased cell positioning has an effect on both local and global cellular
organisation, this effect is small compared to changes in topology mediated by
varying the number of cells (Figure 3.8), or by perturbing the positions of equidistant

cells (Figure 3.11).

In biological terms, it is unlikely that investing resources into the control of cell
positioning and growth required for this kind of biased cell position would be worth
the incremental increases or decreases in intercellular transport capacity of a
multicellular system. In addition, with these biased cell arrangements resulting in
vastly different sizes of cells, it is possible that there would be consequences for the
mechanical stability of the tissue (Brezny and Green, 1990) (Ingber, 1998) that are

not captured by topological analysis.
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Figure 3.13 Spatial distribution of topological properties in Voronoi models with

increasingly biased cell positions.
(A) Cross-sections of models false coloured with a heat map of degree. (B) Models
false coloured with logio betweenness centrality. (C) Models false coloured with

random walk centrality.
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Figure 3.14. Average topological properties of models with increasingly biased cell

positions.

(A) A kernel-density estimate of the average degree and the coefficient of variation of
degree in each random Voronoi model. Each kernel density estimate represents 30
individual models. The legends refer to the value of o in the Gaussian distributions
centred around one point on the surface of a boundary mesh during model creation.
(B) Average and coefficient of variance of logio betweenness centrality. (C) Average
and coefficient of variance of random walk centrality. (D) The local efficiency and

global efficiency of models.
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3.2.4 Topological effects of vascularisation
Vasculature is observed in organs throughout multicellular life (West et al., 1999)

(Jain, 2005) (Martinez - Vilalta et al., 2012), and has a role in providing transport

routes for substances between distant regions of an organ or organism.

To generate organ models with vasculature, cells in 3D Voronoi models with 512
cells in random positions were selectively and progressively fused (Figure 3.15A). To
create vasculature-like systems, cells were fused based on their BC, a measure that
represents their capacity to act as a ‘shortcut’ between other pairs of cells in the
system, a known feature of vasculature in biological systems (West et al., 1999). The
cell with the highest BC was fused to its highest-BC neighbour iteratively, until a
desired percentage of cells were fused in each model. Using this method, a set of
models was generated with between 0% and 40% of cells fused into connected

vasculature systems (Figure 3.15B).
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Figure 3.15. Construction of 3D organ models with vascularisation.

(A) Schematic of how vascularisation is carried out in 3D Voronoi organ models. The
cell with highest betweenness centrality is identified (top), and subsequently fused to
the neighbouring cell with highest betweenness centrality (bottom). (B) Models with
increasing amounts of vascularisation, measured as a percentage of all cells in the

organ.

In all topological measurements carried out, both local and global, the vasculature
system itself has the highest values (Figure 3.16). This is unsurprising, as cells are
selected for their highest BC during model construction (Figure 3.15A), and previous
results in other model classes have shown relationships between the measurements
of degree, log BC and RWC (Figures 3.5, 3.10 and 3.13). As the percentage of
vasculature in a model increases, the degree, log BC and RWC of other cells drops

dramatically, and can be more easily observed with a log1o scale (Figure 3.16).
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Figure 3.16 Spatial distribution of topological properties in random Voronoi models
with increasing vascularisation.

(A) Cross-sections of models false coloured with a heat map of degree. A log1o scale
is used for more clear comparison between high and low values. (B) Models false
coloured with logio betweenness centrality. (C) Models false coloured with random
walk centrality. A log1o scale is used for more clear comparison between high and low
values.

Fusing cells in a model reduces the overall number of nodes in the cellular
connectivity network, shown earlier to have a measureable impact on topological
properties (Figures 3.5 and 3.8). To examine the more general effects on topology of
fusing cells in a model organ, a set of models was constructed where neighbouring
cells were fused at random (Figure 3.17). These models act as a control for cell
number, so that differences between randomly fused cell models and vascularised

models can be attributed to the existence of a vascular element in the system. The

change in spatial properties of both local and global measurements of organisation is
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much less severe when cells are fused randomly, than when cells are fused into

vascular-like systems (Figures 3.16 and 3.17).
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Figure 3.17 Spatial distribution of topological properties in random Voronoi models
with an increasing amount of cell fusion.

(A) Cross-sections of models false coloured with a heat map of degree. (B) Models
false coloured with logio betweenness centrality. (C) Models false coloured with

random walk centrality.

Looking more closely at the quantification of patterning in the vascularised models,
the local property of cell degree has a relatively stable average of around 12 until
10% vascularisation is reached (Figure 3.18A). The average degree then falls at 15%
vascularisation and above, as cells become increasingly surrounded by the
vasculature itself, which is treated as just one neighbouring cell in these models. The
CV of degree increases steadily with the introduction of more vascularised tissue in

the models. This increase in variance can be attributed to the disparity between the
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high number of neighbours of the vascular element itself, and the low degree

observed in all other cells as the size of the vasculature grows (Figure 3.16).

In both global measurements, BC and RWC, the averages decrease as more
vasculature is introduced, up to around 15% vascularisation (Figure 3.18B and C).
Above this, averages begin to increase, driven by the disproportionally high value of
BC and RWC in the vascular-like cell. This effect is also responsible for the large
CVs across the global patterning measurements as vascularisation increases, which
are substantially larger than in any other class of models examined (Figures 3.8, 3.11

and 3.14).

To further clarify the effects of the presence of a highly connected vascular-like node
in a cellular connectivity network, the average and CV of degree, log BC and RWC
were calculated again, excluding the vasculature cell from the summary statistic
calculations (Figure 3.19). Here, in both local and global measurements, the average
and CV falls as the vasculature becomes larger. Cells that have not been fused into
the vascular element have fewer neighbours, and become steadily less involved in
theoretical transport paths across the system. This may represent a viable strategy
for the division of labour among cells, between cells that form transport conduits, and

cells that are free to perform separate tasks.

Randomly fusing cells does not result in similar changes to vascularisation in terms

of local and global cell organisation (Figure 3.20A, B and C). The overall changes in
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degree, log BC and RWC as cells are fused randomly are much more subtle than

when high BC cells are fused together.

The effect of vascularisation in random 3D Voronoi models on the transport efficiency
of the organ is of particular interest (Figure 3.18D). As vasculature is added to 3D
Voronoi models, both local and global efficiency of the cellular connectivity networks
increase, up to 15% vascularisation. Beyond this point, the fusing of more cells into
vasculature no longer increases global efficiency, and substantially reduces the local
efficiency of the system. At 15% vasculature, almost all pairs of cells can
communicate via just two steps, passing information first through the vasculature,
then to the target cell. With this cellular organisation, there are no additional benefits
to transport if the vasculature is larger, meaning there is a maximum possible global
efficiency. Every cell fusion reduces the number of cells in the organ models,
meaning that random removal of nodes is increasingly likely to affect the vascular
system, as more cells are incorporated in to it. This effect is responsible for the loss
of local efficiency observed at over 15% vascularisation, and can be interpreted as a
loss of transport robustness. These trends are not observed when randomly fusing
cells together (Figure 3.20), and are a specific consequence of using BC-mediated
vascularisation to generate an efficient topology. The identification of 15%
vasculature being optimum for both transport efficiency and robustness to damage in
these 3D models may represent a core design principle in the evolutionary design of

optimum transport systems in multicellular tissues.
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Figure 3.18. Average topological properties of models with increasing
vascularisation.

(A) A kernel-density estimate of the average degree and the coefficient of variation of
degree in each random Voronoi model. Each kernel density estimate represents 30
individual models. The legends refer to the percentage of cells in models that are
fused into vasculature. Legends are placed next to density fields to allow better
visualisation of their position in the chart. (B) Average and coefficient of variance of
betweenness centrality. (C) Average and coefficient of variance of random walk
centrality. (D) The local efficiency and global efficiency of models.
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The observation of a critical transition in the topology of models at around 15%
vascularisation is independent of the number of cells in the model (Figure 3.21).
Irrespective of cellular connectivity network size, global and local efficiency of a
multicellular system can only be improved by vascularisation up to a point, after
which networks become less robust. This result is indicative of a general property of

organs in 3D space, and the cellular connectivity networks they form.
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Figure 3.21. Local and global efficiency of models with varying numbers of cells and
increasing amounts of vasculature.

Each point represents the average of 30 models, while lines connecting points
represent the trajectories taken as the percentage of vascularisation is increased.
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3.3 Discussion

Using tools from network science, diverse patterns and organisations of cells in 3D
organ models can be quantified. Extracting a cell connectivity network from a tissue
allows the exploration of local cell connectivity, as well as the emergent organ-wide
properties of global connectivity and transport efficiency. This approach could be
used to quantify differences in organisation between 3D tissues, assuming that
considerations are made about the cellular connectivity networks that are being

compared.

The number of cells in a model had a large effect on the global measurements of
cellular patterning used, BC and RWC (Figure 3.8). This suggests that despite the
normalisation applied (Section 2.4.3), in order to make comparisons between
different samples valid, it is therefore important to constrain the number of cells
included in a network, perhaps using subsampling methods to ensure that network

size is as similar as possible.

Many previous studies have used connectivity properties of epithelia to explore tissue

organisation (Escudero et al., 2011) (Sanchez - Gutiérrez et al., 2015), while 3D

connectivity networks at cellular resolution have been studied comparatively less
(Jackson et al., 2017a). There are notable differences in topological properties
between networks with different dimensionality, with transitions in both local and
global organisation as networks are extracted from 1- to 3- dimensional systems
(Figure 3.22). This highlights the importance of making comparisons only between

same-dimensional networks, to avoid topological measurement bias. As more 3D
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cellular resolution datasets become available due to advances in imaging and image

analysis (Power and Huisken, 2017) (McQuin et al., 2018), more meaningful

comparisons of organisation in 3D tissues will become possible.
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The effect of tissue-level properties on cell organisation was explored with the
generation of Voronoi-tessellated 3D models. Voronoi tessellation is a suitable
method for creating models where cells have a ‘greedy’ type of growth, where by the
nature of the Voronoi algorithm each cell simultaneously attempts to fill as much 3D
space as possible. In biological systems, cell growth is often controlled much more
tightly, for example by cell signalling or chemical gradients (Aplin et al., 1999)
(Grieneisen et al., 2007). While more complex, 3D tissue models could be created
that are constrained by further features, allowing the control of additional cell features

such as cell shape and variable growth.

The creation of vascular ‘shortcuts’ for the transport of information throughout the
model organs resulted in vast reductions in path length between distal cells in the
model tissues (Figure 3.18). Reserving roughly 15% of tissue cells and space for a
vascular system within a spherical 3D organ results in the maximum level of
efficiency and robustness (Figure 3.18D and 3.21). Whilst the number of cells and
the arrangement of cells in a tissue changed topological properties of model organs,
these changes did not have as large an influence on cell organisation as the
introduction of vasculature (Figure 3.21). Vasculature within an organ, in a sense,
allows a tissue to transcend the dimensionality of a system, as the inclusion of short
paths drastically increases the global efficiency of a cellular connectivity network, in a
similar trend to the increase of efficiency between 2D and 3D systems (Figure 3.22
and 3.23). Systems with vasculature have ‘hubs’, sharing topological properties with
‘small-world networks’ that are usually unconstrained by Euclidean 3D space

(Barabasi, 2016).
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Figure 3.23. Efficiency of cellular connectivity networks extracted from a range of

models.
Each kernel density estimate represents 30 individual models. Each model has 512

cells.

The insights into the effects of vascular systems may have implications for
vascularity in tumours, where increased amounts of vasculature within cancerous
tissue are associated with tumour proliferation (Weidner, 1999) (Miles and Williams,
2008). When transport efficiency of the tissue is high, increased proliferation likely
results from increased nutrient delivery to cancerous cells. Targeting vascular
systems in tumour treatment may reduce tumour viability, and with cellular level
imaging the direct effects on tissue efficiency could be quantified using a cellular

network analysis approach.
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This analysis of 3D cellular organisation has allowed the identification of optimal
cellular arrangements for both local and global intercellular information transport.
Recent advances in synthetic biology have allowed the assembly of 3D organs using
computer aided 3D printing and design (Mironov et al., 2003) (Murphy and Atala,
2014). Combining this with the understanding of emergent properties of cell
organisation in tissues has the potential to inform organ designs that maximise, or
minimise, global information transport throughout a system, depending on the

desired biological function.
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CHAPTER FOUR: TOPOLOGICAL ANALYSIS OF THE PLANT HYPOCOTYL
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41 Introduction

The hypocotyl is a multicellular plant organ, the embryonic plant stem. In the embryo,
the hypocotyl is connected to the radicle, which pushes downwards through the soil
during germination and develops into the root (Figure 1A). The other end of the
hypocotyl is connected to the cotyledons, which during germination, are pushed
through the surface of the soil purely by hypocotyl cell expansion. The function of the
hypocotyl post-germination is to develop into the stem, which, primarily through the
vasculature, provides a conduit for transport of molecules and communication
between the below-ground and above-ground organs in the plant (Felle et al., 2005)

(Krouk et al., 2010) (Hilleary and Gilroy, 2018).

In the hypocotyl, cells are positioned in a radial arrangement, with clearly defined
layers (Figure 1B) (Dolan et al., 1993). In the model plant Arabidopsis thaliana, the
hypocotyl has a vasculature running longitudinally through the axis, made up of many
long, thin xylem and phloem elements. A single layer of larger cells, the endodermis,
surrounds the vasculature. Two separate layers of cortical cells in turn enclose the
endodermis, which lastly are surrounded by the epidermis, which is exposed to the
environment. The hypocotyl shares a similar structure with the mature root and stem,
both responsible for the transport of water and nutrients around the plant (Dolan et

al., 1993).
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Figure 4.1. Schematic of hypocotyl structure.
(A) Position of the hypocotyl in the mature Arabidopsis thaliana embryo. (B) Cell
types in the A. thaliana hypocotyl. Figure adapted from Jackson et al., 2017, eLife.

Further cell specialisation occurs in the epidermis of the hypocotyl, where two
different cell types are present, the atrichoblasts and the trichoblasts. These cell
types are determined by local cell-cell interactions between the epidermal and
cortical layers (Schiefelbein et al., 2014). Epidermal cells adjacent to only one cortical
cell in the radial direction develop into atrichoblasts, while epidermal cells adjacent to

two cortical cells in the radial direction develop into trichoblasts. This process is
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mediated by gene dosage effects from neighbouring cells, previously described in
detail (Section 1.4.5). In the root, epidermal trichoblasts have the capacity to develop
root hairs, which absorb nutrients and water from the soil (Gilroy and Jones, 2000).
This cell specialisation is a well-understood example of the role of local cell
interactions in plant development. However, though the same hypocotyl and stem
patterns and structures are seen repeatedly throughout different plant species
(Speck and Burgert, 2011), less is known about how this organ-wide cell patterning

has been shaped by evolution (Ollé-Vila et al., 2016).

In certain cell types, much is known about how the local features of cells in the stem,
and by extension the hypocotyl, contribute to their function. For example, the
structure of connected xylem elements within the vascular system of the stem is
specialised for the efficient transport of water from the roots to the leaves, using
energetically efficient cohesion-tension driven by their thin shape, which is
specialised for capillary action (Hacke and Sperry, 2001). Less is known about the
arrangements of cells in the organ-wide multicellular context of the hypocotyl, and
how this contributes to hypocotyl and stem function (Jackson et al., 2017a). The
position of the vasculature at the centre of the hypocotyl and stem is speculated to be
due to mechanical stability provided by the layers of surrounding cells (Sperry, 2003)
(Speck and Burgert, 2011). The separation of the vasculature from the environment
through the use of cortical cell layers may simply provide a physical barrier to
pathogens that seek to gain access to the primary transport conduit of the plant
(Rahme et al., 1995) (Faulkner and Robatzek, 2012), which plays such an important

role in plant development and growth (Lucas et al., 2013).
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Due to advancements in 3D imaging and computational methods for image
segmentation, it is now possible to capture every cell within the hypocotyl at high
resolution, in the native context of the whole organ (Yoshida et al., 2014) (de Reuille
et al., 2015). Cell interactions within the hypocotyl are also invariant during
germination-triggered cell expansion and further development, making the hypocotyl
a particularly appropriate model to study the connectivity of cells (Jensen et al.,
1998). The hypocotyl has been shown to provide a conduit for the transport of
molecules and long range signalling between the radicle and the embryonic leaves
(Bishopp et al., 2011). Given that signals primarily travel through cell-cell interactions
in plants (Section 1.3), this means that cellular connectivity in the hypocotyl has a

functional role.

Functional roles for cellular connectivity can be explored and quantified by extracting
the cellular network of the organ, and using the network analysis algorithms detailed
in Section 2.4.1, namely degree and betweenness centrality. In the context of the
hypocotyl, where molecular transport is a primary role of the organ, using degree to
measure the number of cells neighbouring a given cell may indicate the importance
of cells in local cell-cell transport or other local interactions. In contrast, cells with
high betweenness centrality (BC) are poised to coordinate long distance information
transport throughout the hypocotyl, and may highlight particular cell’s role in such

processes.
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With the ability to abstract cellular connectivity into networks, allowing quantitative
analysis of cellular organisation (Section 3), the hypocotyl represents a system in
which both cellular structure and organ function can be captured. This enables
relationships between structure and function to be determined, and allows the design

principles that are employed in the construction of this organ to be explored.

4.2 Results

4.2.1 Hypocotyl cellular connectivity networks

Hypocotyl samples were prepared and imaged at high-resolution as in Section 2.1.
Images were processed and cell connectivity networks were extracted as in Section
2.2. Additional steps were taken to ensure the accuracy of the extracted hypocotyl
cell interaction networks, and to ensure that topological analyses carried out were

representative of cell organisation in the tissue.

Due to artefacts from image processing resulting in artificial mesh protrusions
(Section 2.2.7), some extracted hypocotyl cellular connectivity networks contained
edges that were not representative of real cell-cell interactions. To counteract this,
edges in the annotated cellular connectivity network that could not exist, for example
an epidermal to vasculature cell connection, were removed from the networks. In
addition, edges representing less than 2 um?, which due to their size were unlikely to

be of biological relevance, or unlikely to represent real cellular interactions, were
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removed from the final annotated cell networks before network analysis was carried

out (Figure 4.2).
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Figure 4.2. Shared wall area of physically interacting cells in different cell layers of

Arabidopsis thaliana Col. hypocotyls.
Edges representing a cell wall interaction of less than 2um? (left of the arrow) were

removed from the final annotated cell networks. Figure reproduced from Jackson et
al., 2017, eLife.

Additionally, in the original 3D hypocotyl images, as much of the hypocotyl as could
be imaged was collected in z-stacks, but this still resulted in both ends of the
hypocotyl image being artificially disconnected from the rest of the plant. To prevent
this artefact from affecting topological analyses, cells close to the image boundaries

were included in topological analyses, but not reported on (Figure 4.3).
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Figure 4.3. Topological buffering of the hypocotyl.

(A) Surface (top) and cross-section (bottom) of the non-buffered (left) and buffered
(right) A. thaliana mesh, false coloured with degree. (B) The A. thaliana mesh false
coloured with betweenness centrality. White cells represent the topological buffer.
Pink arrows point to cells that are significantly different in degree or betweenness
centrality before and after buffering. Figure reproduced from Jackson et al., 2017,
eLife.

Lastly, the hypocotyl vasculature was included in the cell networks, but subsequently
excluded from analyses due to difficulties with vasculature segmentation in the
image-processing step. Though it was not possible to ensure 100% accuracy in the
vasculature segmentation, manual attempts were made to ensure it was as close to
representing the real cell connectivity as possible. These three additional steps
resulted in highly accurate cell interaction networks (Figure 4.4), ensuring that

interpretation of structural network analysis results was justified.

122



Figure 4.4. An annotated cellular interaction network extracted from an Arabidopsis
thaliana hypocotyl of the Colombia ecotype.

Each node represents a cell, while each blue edge connecting the nodes represents
a physical connection between cells. Nodes are coloured by cell type. Cell types
shown are trichoblasts (dark green), atrichoblasts (light green), outer cortex (blue),
inner cortex (yellow) and endodermis (pink). Vasculature cells, and cell-cell interfaces
that they make, have been omitted in this image for clarity. Figure reproduced from
Jackson et al., 2017, eLife.

In each network, the degree and BC of each cell was calculated (Section 2.4.1).
Degree is measured by counting the number of physically connected neighbours
each cell has, and can be used to identify ‘hubs’, cells with high degree (van den

Heuvel and Sporns, 2013).

BC is a measure of global connectivity that can identify highways of information

transport. Due to the known function of the hypocotyl in transport between the
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developing root and embryonic leaves, betweenness centrality (BC) was used to
measure the global connectivity of each cell. Measuring BC in the hypocotyl
connectivity networks highlights cells that lie on many short paths between other

pairs of cells, suggesting that efficient transport routes may incorporate high BC cells.

4.2.2 Topological analysis of the Arabidopsis thaliana (Col) hypocotyl

Three biological replicate Arabidopsis thaliana hypocotyls of Colombia ecotype were
analysed (Figure 4.5A). Using false colouring, the degree of each cell can be
examined in situ (Figure 4.5B). Degree was lower in epidermal cells than in cortical
cells, due to their position at the periphery of the cellular network (Figure 4.5B and
4.6A). The vasculature cells representing xylem vessels also had high degree (Figure
4.5B), as their elongated shape causes them to be adjacent to many cells in the
endodermis. Within cell types, distribution of degree values did not appear to have

any specific patterning.

BC was also visualised as a heat map in A. thaliana (Col) hypocotyls (Figure 4.5C).
As well as high degree, the hypocotyl vasculature contained cells that had higher BC
than all other cell types. In terms of BC calculation, these vasculature cells create
short paths between cells in the longitudinal direction through the hypocotyl. This is in
agreement with their known biological role in transport throughout the system.
Notably, an additional region of high BC values is present along particular cell files in
the epidermis, representing another potential conduit for information transport in the

hypocotyl cellular network.
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When comparing distributions of topological properties, there are noticeable
differences between the two epidermal cell types, atrichoblasts and trichoblasts
(Figure 4.5D and E). In the Colombia ecotype, trichoblast cells have a significantly
higher degree (Figure 4.5D). This is due to their position in relation to underlying
cortical cells, where trichoblasts have two neighbouring cortical cells in the radial
direction (Schiefelbein, 2003). Atrichoblasts are positioned next to only one cortical

cell in the radial direction, lowering their average degree.

Distributions of BC also differ between atrichoblasts and trichoblasts in A. thaliana
(Col) (Figure 4.5E). Trichoblasts tended to have the lowest BC of all cell types
(Figure 4.6B). Despite their lower degree, atrichoblasts tend to have higher BC than
trichoblasts, shown by the longer tail in the BC distribution (Figure 4.5E). This
suggests that higher order organisational properties in the hypocotyl are not

necessarily dictated by local cell-cell interactions.

As well as topological analysis of cell properties, the BC of cell interfaces was also
examined by calculating edge betweenness centrality (Figure 4.5F and G) (Section
2.4.2). Edge betweenness centrality assesses the contribution of edges towards
short paths throughout the hypocotyl. In the Colombia ecotype of A. thaliana, false
coloured cross sections of the cellular network layout show a higher edge BC in cell
interfaces close to the vasculature (which is omitted for clarity due to the large
number of network edges), as well as high edge BC in edges connecting some files
of epidermal cells (Figure 4.5F). This result mirrors the observations when using

global topological measurement of node properties.
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Plotting the distribution of edge BC shows that there tends to be much higher edge
BC in Colombia ecotype atrichoblast-atrichoblast cell interfaces, than in trichoblast-
trichoblast, or atrichoblast-trichoblast connections, again reflecting results from node
BC measurements (Figure 4.5G). Again, this indicates a difference in global

organisational properties between the epidermal cell types.
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Figure 4.5. Topological analyses of three A. thaliana ecotypes, Col, Ler and Cvi.

(A) Hypocotyl meshes false coloured by cell type in both the surface and the cross
section of three A. thaliana ecotypes. Cell types shown are trichoblasts (dark green),
atrichoblasts (light green), outer cortex (dark blue), inner cortex (yellow), endodermis
(pink) and vasculature (light blue). (B) Hypocotyl meshes false coloured with cell
degree. (C) Hypocotyl meshes false coloured with cell betweenness centrality. (D)
Degree of epidermal cells in all ecotypes. (E) Betweenness centrality of epidermal
cells in all ecotypes. (F) Cross sections of the cell connectivity networks in all three
ecotypes, false coloured with edge betweenness centrality. (G) Edge betweenness
centrality in epidermal cell interfaces. Data in charts represent the average
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normalised frequency from triplicate biological replicates. Error bars are +/- one
standard deviation in a frequency bin. A * indicates a significant difference between
distributions using the chi-squared test (degree) or the Kolmogorov—Smirnov test
(betweenness centrality), at the p < 0.05 level (p < 1.56x10™° after Bonferroni
correction for 3200 distribution comparisons in the study). Figure reproduced from
Jackson et al., 2017, eLife.
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Figure 4.6. Degree and betweenness centrality in different Arabidopsis hypocotyl cell
types.

(A) Degree in three A. thaliana ecotypes, Col, Ler and Cvi. (B) Betweenness
centrality. Data shown represents the average normalised frequency from triplicate
biological replicates. Error bars are +/- one standard deviation in a frequency bin. A *
indicates a significant difference between distributions using the chi-squared test
(degree) or the Kolmogorov—Smirnov test (betweenness centrality), at the p < 0.05
level (p < 1.56x107° after Bonferroni correction for 3200 distribution comparisons in
the study). Figure reproduced from Jackson et al., 2017, eLife.

4.2.3 Comparison of topology in three A. thaliana ecotypes

To establish whether differences in cell-type specific organisation are present in
genetically similar hypocotyls, ecotypes of A. thaliana were collected from different
locations with different climates and challenges for plant growth. Each Arabidopsis
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ecotype has genomic and phenotypic differences (Gan et al., 2011). Cell organisation
in the Lansberg erecta (Ler) and Cape Verdi Islands (Cvi) ecotypes was compared
with organisation in the Colombia ecotype to examine the variation in cellular

patterning across different genotypes.

The in situ distribution of degree across the hypocotyl was qualitatively similar in all
three ecotypes examined (Figure 4.5B). The same high BC was observed in the
vasculature of each ecotype, though high BC epidermal cell files were more striking

in the Col and Ler hypocotyls than in the epidermis of Cvi (Figure 4.5C).

In all three genetic backgrounds, trichoblasts had more neighbouring cells than
atrichoblasts, again due to adjacent cortical cell positioning (Figure 4.5D). Comparing
cell type degree across ecotypes, degree was highest in the trichoblasts of Cvi, and
lowest in Ler (Figure 4.6A). Atrichoblast cells in Ler had more physically connected
neighbours than other ecotypes. The degree of cells in both cortical layers and the

endodermis was fairly consistent across each A. thaliana ecotype.

Like in the A. thaliana Col ecotype, atrichoblast cells had higher BC than trichoblast
cells in Ler (Figure 4.5E). However, this trend was not present in Cvi, where the
distribution of BC in both trichoblasts and atrichoblasts was similar. Across all three
ecotypes, the BC of trichoblasts did not differ, while the distribution of BC in
atrichoblasts of the Ler ecotype had the longest tail, followed by Col, then Cvi (Figure
4.6B). Differences in global connectivity in the outer cortex of Cvi were also identified,

where BC was lower than in other ecotypes.
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These topological analyses in different A. thaliana ecotypes suggest the presence of
phenotypic plasticity in the cellular organisation of the hypocotyl. Large variation in
epidermal path lengths in different cell types, driven by unintuitive global topological

features, was observed in the Col and Ler ecotypes, but not Cvi.

4.2.4 Geometric considerations in topological measurements

The size of the physical connection between cells is not the same for each cell-cell
interaction in the hypocotyl (Figure 4.7). In A. thaliana ecotypes, interactions between
different cell layers, as well as interactions between endodermal cells, are the
smallest in terms of shared cell wall area in pm? (Figure 4.7C and D). Interactions
between cells in the epidermis tend to be slightly larger (Figure 4.7A), while the size
of interfaces between cells in cortical layers are the largest in the hypocotyl (Figure
4.7B). These differences in interface size are largely accounted for by overall cell

sizes (Figure 4.8A).

To examine whether interface size could be a useful feature to incorporate into
analysis of a cellular network, the physical cell interaction size was added to each
edge as metadata. The inverse of this additional value for each edge can be used as
a weighting to calculate betweenness centrality (Section 2.4.5). The inclusion of
interface size into this calculation assumes that connecting cell wall area is a feature

relevant to global information transfer across the network.
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In situ examination showed that cells in both the inner and outer cortex had the
highest weighted BC in all three A. thaliana ecotypes (Figure 4.8B). The vasculature,
which previously in networks without weighting had the highest BC values, did not
stand out as a high weighted BC cell type. The size of cells and the interactions they
make was the key factor in geometrically determined path length throughout a cell
type, which was very short in cortical cells compared to all other cell types (Figure

4.8C).

Interface size is a biologically relevant feature for potential information transport
between cells, which could relate to the capacity for the movement of molecules
through high numbers of plasmodesmata or transport proteins (Jackson et al.,
2017a). However, due to the calculation of weighted betweenness centrality being
dominated by geometric features, this approach does not seem appropriate for the
identification of topologically interesting features in the cellular organisation of the

hypocotyl.
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Figure 4.7. Interface sizes between adjacent cell types in in A. thaliana ecotypes,
Col, Ler and Cuvi.

(A) Shared cell wall area between epidermal cell types, the trichoblasts and
atrichoblasts. (B) Shared cell wall area between cells within the outer cortex and
inner cortex. (C) Shared cell wall area between trichoblast, atrichoblast and outer
cortical cells. (D) Shared cell wall area between cells in the outer and inner cortex,
the inner cortex and endodermis, and within the endodermis. Error bars are +/- one
standard deviation in a frequency bin. Figure reproduced from Jackson et al., 2017,
eLife.
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Figure 4.8. Weighted betweenness centrality in A. thaliana ecotypes, Col, Ler and
Cvi.

(A) Cell surface area in A. thaliana. (B) The surface and cross-sections of hypocotyl
meshes, false coloured with weighted betweenness centrality. (C) Weighted
betweenness centrality in different hypocotyl cell types. Data in charts represent the
average normalised frequency from triplicate biological replicates. Error bars are +/-
one standard deviation in a frequency bin. A * indicates a significant difference
between distributions using the Kolmogorov—Smirnov test (betweenness centrality),
at the p < 0.05 level (p < 1.56x107° after Bonferroni correction for 3200 distribution
comparisons in the study). Figure reproduced from Jackson et al., 2017, eLife.

4.2.5 Quantifying molecular movement in the hypocotyl epidermis

The optimum route for information to take between two nodes in a network is the
shortest path (Barabasi, 2016). In A. thaliana Col and Ler ecotypes, atrichoblast cells
were identified as lying on many short paths, in contrast to the trichoblast cells, using
betweenness centrality (Figure 4.9A). In the Cvi ecotype, there were no differences in

BC in both epidermal cell types.
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Using data from Jackson et al. (2017b) (see Appendix 2), BC was assessed for its
capacity to predict cell-type specific transport in the hypocotyl epidermis. Data were
collected using a fluorescein transport assay (Duran-Nebreda and Bassel, 2017b)
(Jackson et al., 2017b). In a normal developing plant molecules would be absorbed
by hair cells in the root, and would subsequently be transported through the
hypocotyl, the embryonic stem, to the rest of the plant. In this assay, cut hypocotyl
sections were dipped into fluorescein, representing transport after root uptake, and
fluorescein was allowed to move through the tissue. There is no biological role for
fluorescein in plants, so its movement is representative of the movement of non-

specific molecules throughout the hypocotyl.

Fluorescence, representing fluorescein concentration, was measured in the
epidermis, away from the site of original uptake, in the Ler, Col and Cvi ecotypes of
Arabidopsis thaliana (Figure 4.9B, C and D). Transport of the fluorescent molecule
occurred in all A. thaliana ecotypes examined. Upon qualitative inspection, the
concentration of fluorescein indicated by fluorescence was not equal in each

epidermal cell.

Fluorescence in the epidermal cells of each ecotype was quantified (Figure 4.9E, F
and G). Atrichoblast cells in Ler and Col hypocotyls had higher levels of fluorescence
in atrichoblast cells than in trichoblast cells, while there was no significant difference
between the epidermal cell types in the Cvi ecotype (Figure 4.9H), where the

distribution of fluorescence was spread more evenly across all epidermal cells.
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These results show that topological analysis at a global scale can be used to predict
the bulk transport of molecules. Fluorescein preferentially moves along short paths,
located primarily in atrichoblasts in the epidermis, which were identified using only
the hypocotyl structural networks to calculate BC. A difference in cell organisation in
Cvi, compared to cell arrangements in the Col and Ler ecotypes, directly translates to

a difference in observed tissue function.
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Figure 4.9. Movement of fluorescein through the hypocotyl.

(A) A model of molecular movement through the hypocotyl, predicted by
betweenness centrality. (B) Confocal microscope image of the Ler hypocotyl
epidermis (white) and fluorescein concentration (red). (C) Image of the Col hypocotyl.

135



(D) Image of the Cvi hypocotyl. (E) False-coloured individual cell quantification of
fluorescein concentration in the Ler hypocotyl epidermis. (F) Fluorescein
concentration in the Col epidermis. (G) Fluorescein concentration in the Cvi
epidermis. (H) Violin plot of normalised fluorescence in atrichoblasts and trichoblasts
in A. thaliana ecotypes. A black bar in each violin represents the mean. A * indicates
a significant difference between fluorescence in atrichoblasts and trichoblasts. Data
are from three biological replicates for each ecotype. Cells in each sample were
pooled and mean normalised for comparison. Figure reproduced from Jackson et al.,
2017, eLife.

4.2.6 Topological analysis of hypocotyls in other plant species

In addition to A. thaliana ecotypes, hypocotyls from different plant species, poppy
(Papaver rhoeas) and foxglove (Digitalis purpurea) were topologically analysed, to
determine whether there is plasticity in cell patterning across diverse plant lineages.
Though each species is evolutionarily distant from each other, they are all present
throughout Western Europe, enabling the comparison of cell organisation in plants
that experience similar environmental challenges. Three hypocotyls from each
species were imaged and converted into annotated cellular connectivity networks. In
terms of structure, the poppy hypocotyl is larger than in Arabidopsis thaliana, and has
larger cells. The foxglove hypocotyl is also larger than in A. thaliana, as well has

having an additional layer of cortical cells (Figure 4.10A).

As in A. thaliana, degree is lower in epidermal cells than in all other cell types in both
poppy and foxglove, again due to the position of the cells at the edge of the cellular
connectivity network (Figure 4.10B and Figure 4.11A). Upon in situ examination, BC
is highest in the vasculature in both species, again reflecting features of the A.

thaliana hypocotyls (Figure 4.10C).
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Comparing local topological properties of epidermal cell types, degree was higher in
trichoblasts than in atrichoblasts in both poppy and foxglove (Figure 4.10D). Again,
as in A. thaliana, this is due to the trichoblast positions adjacent to two cortical cells
in the radial direction. Degree distributions in the A. thaliana Col, poppy and foxglove
endodermis were also all significantly different from each other. In contrast to any
observations in Arabidopsis ecotypes, the BC of trichoblast cells in poppy was higher
than in atrichoblast cells, indicating that more short paths through the hypocotyl are
present in the poppy epidermis (Figure 4.10E). This difference in path lengths
however is much more subtle than in A. thaliana Col, where the distribution of BC in
atrichoblasts has a much longer tail (Figure 4.11B). In foxglove, there was no
difference between BC in the epidermal cell types, similar to observations in the A.

thaliana Cvi ecotype.

While the additional layer of cortical cells in foxglove was similar to other cortical
layers in terms of degree (Figure 4.11A), it was topologically distinct in its BC from
other inner cortical cell layers examined (Figure 4.11B). This means that more short
paths run through the additional layer of cells than in other cortical layers, possibly
suggesting a role for these extra cortical cells in organ-wide cellular communication

or transport.

Cross sections of the poppy and foxglove hypocotyl cellular network, overlaid with a
heat map for edge BC, show that edge BC tends to be higher the closer an edge is to

the radial centre of the network, where the vasculature is present (Figure 4.10F). This
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is a different pattern of edge BC than observed in A. thaliana, where edge BC was
high in some epidermal cells (Figure 4.5F). Quantitative comparison of edge BC in
the epidermis is in agreement with this observation, where distributions of edge BC in
A. thaliana Col are significantly longer-tailed in all epidermal cell-cell interfaces

(Figure 4.10G).

Together, these results show that there is plasticity in epidermal cell patterning
between genetically diverse plant species, as well as between A. thaliana ecotypes.
BC identified that path length in atrichoblasts is shorter in A. thaliana than in poppy or
foxglove, particularly in the Ler ecotype. The presence of different cellular
organisation, irrespective of the similar growing environments for each species, may
suggest that the conduits of information transport in the epidermis may be a recent

evolutionary innovation in A. thaliana that has not been adopted in other plants.
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Figure 4.10. Topological analyses of the poppy and foxglove hypocotyls.

(A) Hypocotyl meshes false coloured by cell type in both the surface and the cross
section of poppy and foxglove. Cell types shown are trichoblasts (dark green),
atrichoblasts (light green), outer cortex (dark blue), inner cortex (yellow), endodermis
(pink) and vasculature (light blue). (B) Hypocotyl meshes false coloured with cell
degree. (C) Hypocotyl meshes false coloured with cell betweenness centrality. (D)
Degree of epidermal cells both species. (E) Betweenness centrality of epidermal cells
in both species. (F) Cross sections of the cell connectivity networks in both species,
false coloured with edge betweenness centrality. (G) Edge betweenness centrality in
epidermal cell interfaces. Data in charts represent the average normalised frequency
from triplicate biological replicates. Error bars are +/- one standard deviation in a
frequency bin. A * indicates a significant difference between distributions using the
chi-squared test (degree) or the Kolmogorov—Smirnov test (betweenness centrality),
at the p < 0.05 level (p < 1.56x107° after Bonferroni correction for 3200 distribution
comparisons in the study). Figure reproduced from Jackson et al., 2017, eLife.
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Figure 4.11. Degree and betweenness centrality in hypocotyl cell types of different
species.

(A) Degree in hypocotyls of three species, Arabidopsis thaliana (Col), poppy and
foxglove. (B) Betweenness centrality. Data shown represents the average normalised
frequency from triplicate biological replicates. Error bars are +/- one standard
deviation in a frequency bin. A * indicates a significant difference between
distributions using the chi-squared test (degree) or the Kolmogorov—Smirnov test
(betweenness centrality), at the p < 0.05 level (p < 1.56x10™° after Bonferroni
correction for 3200 distribution comparisons in the study). Figure reproduced from
Jackson et al., 2017, eLife.

4.2.7 Topological analysis of mutant A. thaliana hypocotyls

The cellular organisation that we observe in different tissues results from the
evolutionary selection of functional cellular configurations. These configurations are
constrained however, by the limitations imposed on their geometry and topology in

Euclidean space, as well as limitations due to the mechanical and functional roles
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tissues must carry out (Thompson, 1942) (Niklas, 2009). The quantitative comparison
of cellular patterning between ecotypes and species reveals differences in cellular
organisation, suggesting a possible role for genetic elements in the arrangement of

the hypocotyl.

When genes contributing to cellular organisation are lost, alternative cell
arrangements can arise in tissues, which are often sub-optimal in fitness and function
(Lin and Schiefelbein, 2001) (Bean et al., 2002). By quantitatively measuring
patterning in mutant hypocotyls, where the gene responsible for loss of normal cell
arrangement is known, allows the quantitative contribution of a gene to normal
pattering to be determined. To achieve this, the topologies of three different mutants
with altered hypocotyl cell patterning were each compared to their wild-type

equivalent.

CDKA1;1 (CYCLIN-DEPENDENT KINASE A1;1) regulates the cell cycle, as well as
having a role in asymmetric cell division which affects patterning (Nowack et al.,
2012). On qualitative inspection, though cell shape is slightly different, the
arrangement of cells in the ckda;7 mutant Arabidopsis hypocotyl seems similar to

cellular organisation of the wild-type A. thaliana Col (Figure 4.5A and 4.12A).

The spatial distribution of degree across the cdka1;71 hypocotyl is also similar to that
of the wild-type (Figure 4.12B), though comparison of degree distributions in the both
the inner cortex and endodermis with wild-type A. thaliana Col reveals that cells in

these layers tend to have a higher degree in cdka1;1 (Figure 4.13A). The relationship
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between the degree distributions of atrichoblasts and trichoblasts in cdka1;1 is
unchanged from this wild-type hypocotyl, but differences are observed in higher-
order organisational properties (Figure 4.12D). Whilst BC in the vasculature is high,
reflecting that of A. thaliana Col, the epidermal BC patterning observed in the wild-
type is less obvious upon visualisation of the property as a heat map in the cdka1;1
mutant hypocotyl (Figure 4.12C). The long tail in atrichoblast BC distribution is lost in
cdka1;1 (Figure 4.12D), and no difference is observed between the existence of short
paths in either epidermal cell type. This result suggests that the CDKA1;1 gene
contributes to the reduction in path length in atrichoblast cells through the mediation
of cellular patterning, providing a shortcut for transportation along the hypocotyl
epidermis. The local activity of CDKA17;1 in controlling cell divisions may therefore be

responsible for a global change in cellular organisation.

The second patterning mutant that was topologically analysed was monopteros (mp).
In Arabidopsis thaliana, the MONOPTEROS gene controls auxin-mediated cell

patterning through its activity as a transcription factor (Hardtke and Berleth, 1998).

The mp mutant does not develop vasculature during growth, resulting in qualitatively
highly perturbed cellular organisation, consisting of only of an epidermal layer and
cortical cells (Figure 4.12A). The distribution of degree in the epidermis is
qualitatively similar to wild-type A. thaliana Col (Figure 4.12B), and the difference
between the degree of trichoblasts and atrichoblasts is maintained in the mp mutant.
However, compared to in the wild-type, degree in mp atrichoblast cells is higher

(Figure 4.13A). Cells in the inner cortex of mp tend to have fewer neighbours than in
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the wild-type control, due to the lack of thin vasculature cells that are usually adjacent

to this cell type.

The distribution of BC across the mp hypocotyl was drastically different to that of A.
thaliana (Figure 4.13B). Whilst the difference between atrichoblast and trichoblast BC
was still present in the mp hypocotyl epidermis (Figure 4.12E), both cell types had
significantly higher BC than in the wild-type control. Path lengths were also
considerably shorter through the outer cortex in the mp mutant (Figure 4.13B). These
results suggest that the MONOPTEROQOS transcription factor has a role in reducing
path length along the hypocotyl epidermis through the control of cellular organisation,
but is not necessary for the distinction between transport capacity in the atrichoblast
and trichoblast cell types. The lack of vasculature in the mp mutant has
consequences for the way in which information can theoretically travel through the
tissue. Visualising edge BC in the mutant cellular connectivity network shows that
short paths are present in the radial direction, in contrast to all other networks

examined (Figure 4.12G).

The final mutant examined was laterne in the A. thaliana Ler genetic background,
which lacks cotyledons, the embryonic leaves (Treml et al., 2005). Cotyledons do not
develop in mature /aterne mutant embryos, as the auxin signalling required for
development is defective. The laterne phenotype had few differences in local cell
arrangement, as all degree distributions were similar to the wild-type control Ler
ecotype, with the exception of the endodermis (Figure 4.13C). In contrast, path

length in the laterne hypocotyl measured with BC was significantly longer in
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atrichoblasts, trichoblasts and the outer cortex (Figure 4.13D), though the distinction
between BC distributions across epidermal cell types was maintained (Figure 4.12F).
The laterne phenotype therefore limits path lengths in the hypocotyl. This suggests
that signalling from the cotyledons is required for normal organ-wide cell patterning in
the embryonic stem, or that gene products absent in the /aterne mutant are required
for normal cell organisation, coordinated through local cell signalling activity (Treml et

al., 2005).
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Figure 4.12. Topological analyses of three mutant A. thaliana hypocotyls.

(A) Hypocotyl meshes false coloured by cell type in both the surface and the cross
section of the A. thaliana mutants, cdka1;1, monopteros, and laterne. Cell types
shown are trichoblasts (dark green), atrichoblasts (light green), outer cortex (dark
blue), inner cortex (yellow), endodermis (pink) and vasculature (light blue). (B)
Hypocotyl meshes false coloured with cell degree. (C) Hypocotyl meshes false
coloured with cell betweenness centrality. (D) Degree and betweenness centrality of
epidermal cells (T — trichoblasts, A — atrichoblasts) in wild type A. thaliana (Col) and
the cdka1;1 mutant. (E) Degree and betweenness centrality of epidermal cells in wild
type A. thaliana (Col) and the monopteros mutant. (F) Degree and betweenness
centrality of epidermal cells in wild type A. thaliana (Ler) and the laterne mutant, from
the Ler background. (G) Cross sections of the cell connectivity networks in all three
mutants, false coloured with edge betweenness centrality. Data in charts represent
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the average normalised frequency from triplicate biological replicates. Error bars are
+/- one standard deviation in a frequency bin. A * indicates a significant difference
between distributions using the chi-squared test (degree) or the Kolmogorov—
Smirnov test (betweenness centrality), at the p < 0.05 level (p < 1.56x10™ after
Bonferroni correction for 3200 distribution comparisons in the study). Figure
reproduced from Jackson et al., 2017, eLife.
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Figure 4.13. Degree and betweenness centrality in hypocotyl cell types of different A.
thaliana mutants.

(A) Degree in hypocotyls of wild-type A. thaliana (Col), and both the cdka1;1 and
monopteros mutants, in the Col background. (B) Betweenness centrality in the same
genetic backgrounds. (C) Degree in hypocotyls of wild-type A. thaliana (Ler), and the
laterne mutant, in the Ler background. (D) Betweenness centrality in the same
genetic backgrounds. Data shown represents the average normalised frequency from
triplicate biological replicates. Error bars are +/- one standard deviation in a
frequency bin. A * indicates a significant difference between distributions using the
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chi-squared test (degree) or the Kolmogorov—Smirnov test (betweenness centrality),
at the p < 0.05 level (p < 1.56x107° after Bonferroni correction for 3200 distribution
comparisons in the study). Figure reproduced from Jackson et al., 2017, eLife.

4.2.8 Relationship between topology and geometry in hypocotyl cells

To examine the relationship between topological and geometric properties in cells
within the hypocotyl, the linear coefficient of determination was used, R? (Wright,
1921) (Section 2.6.4). This gives an estimation of the correlation between two
measured features, and indicates the ability of one measurement to predict another

using a simple linear model.

Acting as a benchmark, there was an almost perfect correlation (R? ranging from
0.95 to 1.00) between the geometric measurements of cell area and volume in all
hypocotyls analysed (Figure 4.14). There was a much more subtle relationship
between both local and global topological measurements, degree and BC, and
geometric features in most hypocotyls examined (R? ranging from 0.05 to 0.40). This
indicates that local and global topology are not a simple linear readout of the
geometry of cells. There was a considerable correlation between degree and BC in
most hypocotyls (R? ranging from 0.60 to 0.80), showing that in this tissue, local
topology has a fair amount of influence over path length. Still, the degree of cells is
not sufficient to capture global patterning features in the hypocotyl, shown by lack of
significant differences between degree distributions, while BC distributions reveal

significant differences in path lengths (Figure 4.5 and 4.10).
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Relationships between topology and geometry were stronger in cells within
monopteros mutant hypocotyls (Figure 4.14C) (R? ranging from 0.35 to 0.70). This is
perhaps due to the loss of typical cell type structure driven by the lack of a
vasculature. There was also a noticeable weakening of the linear relationship
between degree and BC in the monopteros hypocotyl (R? = 0.29) compared to the
relationship in other hypocotyls, indicating a decoupling of local and global

topological properties in the mutant.
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Figure 4.14. Relationships between geometric and topological measurements in the
hypocotyl.

(A) The coefficient of determination (R?), a measure of relatedness, between both
geometric and topological measurements of hypocotyl cells in three A. thaliana
ecotypes. (B) The coefficient of determination between measurements of cells in
poppy and foxglove. (C) The coefficient of determination between measurements of
cells the A. thaliana mutants cdka;1, monopteros and laterne. All measurements
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from every cell across three biological replicates are used to determine the coefficient
of determination for two features.

4.2.9 Variability in topological properties

There is variability in the spatial distributions of BC measurements between cells of
the same type in all hypocotyls examined (Figures 4.5C, 4.10C and 4.12C). This
shows that cellular organisation varies not just across, but also within cell types. The
magnitude of variation within a specific cell type was measured using the coefficient

of variation (CV), a normalised measure of variability in a feature (Section 2.6.7).

In epidermal cell types, most hypocotyls showed no difference in their ability to
generate global patterning with consistent levels of variation, with the exception of
the monopteros mutant, where BC variability was significantly higher than in all other
hypocotyls (Figure 4.15A and B). A similar trend was observed in cortical cells, where
monopteros had greater variability in BC than most other hypocotyls topologically
analysed (Figure 4.15C and D). This may represent a loss of the ability to organise
cells correctly in the monopteros mutant at this early developmental stage, resulting
in highly variable path lengths in some cell types. This suggests that the MP gene

product may have a role in maintaining consistent path lengths in the hypocotyl.
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Figure 4.15. Variability in betweenness centrality across the hypocotyl.

(A) The average coefficient of variation of betweenness centrality within trichoblast
cells of one biological replicate, in A. thaliana ecotypes (Col, Ler and Cvi), mutants
(cdka1;1, monopteros and laterne) and other plant species (poppy and foxglove). (B)
The average coefficient of variation of betweenness centrality in atrichoblast cells.
(C) The average coefficient of variation of betweenness centrality in outer cortex
cells. (D) The average coefficient of variation of betweenness centrality in inner
cortex cells. (E) The average coefficient of variation of betweenness centrality in
endodermal cells. Error bars represent the standard deviation of the mean coefficient
of variation. ANOVA tests suggested significant differences in means of a cell-type
group (endodermis: p < 0.05, other cell types p < 0.01). Different letters above bars
represent groupings using Tukey’s tests (p < 0.01). Figure reproduced from Jackson
et al., 2017, eLife.

4.2.10 Comparison of organisational features in diverse hypocotyls
Varied cellular patterning was observed at both local and global scales, in hypocotyls

from different ecotypes and species, as well as from cell patterning mutant lines. To
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further explore the diverse nature of each of these cellular organisations, scatterplots
of the average degree and BC in each cell type of each biological replicate hypocotyl
were drawn (Figure 4.16). Mean degree was plotted due to its relatively normal
distribution within each sample. In contrast, median BC was plotted, as the
distribution of BC across cells is consistently non-normal and long-tailed. The global
property of BC is relatively constant across the epidermis of most hypocotyls, while
the average degree in atrichoblasts and trichoblasts varies considerably more (Figure
4.16A and B). Both average degree and BC in individual hypocotyls show increase
variation in the outer cortex (Figure 4.16C), while in contrast degree is relatively
consistent in the inner cortex, compared to a more variable BC across different

genetic backgrounds and species (Figure 4.16D).

In the epidermis and cortex, monopteros stands out as being both more variable
than, and more dissimilar, to all other hypocotyls examined. This shows that the
monopteros mutant has not only high variation in BC at the individual cell level
(Figure 4.16) but also large organisational variation between hypocotyl samples
(Figure 4.15), indicating a loss of organisational control in monopteros mutant

individuals.

There is a strong relationship between average degree and average BC in the
endodermis, where both local and global property averages are more variable across
diverse hypocotyl samples than any other cell type examined (Figure 4.16E). The

endodermis of cdka;1 has cells with considerably more local neighbours and shorter
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paths than the endodermis of any other hypocotyl topologically analysed, as well as

high between-sample variation.
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Figure 4.16. Average topological measurements in cell types of each hypocotyl
sample.

(A) Mean degree and median betweenness centrality in atrichoblast cells within the
hypocotyls of A. thaliana ecotypes (Col, Ler and Cvi), mutants (cdka1;1, monopteros
and laterne) and other plant species (poppy and foxglove). (B) Average degree and
betweenness centrality in trichoblast cells. (C) Average degree and betweenness
centrality in cells in the outer cortex. (D) Average degree and betweenness centrality
in cells in the inner cortex. (E) Average degree and betweenness centrality in cells in
the endodermis. Each data point represents the cell type averages of one biological
replicate. Figure reproduced from Jackson et al., 2017, eLife.
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Using mean and median values to summarise the local and global patterning
properties in the hypocotyl results in a compression of information from the original
distribution. Instead, comparing distributions of these organisational properties
preserves more features of the measurements in comparisons, such as the long tail
in many BC distributions, representing the presence of short paths through a cell
type. To compare distributions, the x*-test can be used with discrete data such as cell
degree (Pearson, 1900), while the Kolmogorov-Smirnov test can be used with
continuous variables like BC (Kolmogorov, 1933) (Section 2.6.2). By using the test
statistics obtained from these tests as a measure of distance, or the lack of similarity,
between both degree and BC distributions, matrices of distances were constructed
using pairwise comparisons between all cell types in all hypocotyls examined (Figure

4.17 and 4.18).

Distances between degree distributions were calculated, and similar distributions
were grouped into three clusters (Figure 4.17A) (Section 2.6.5). All trichoblast and
atrichoblast degree distributions, from all ecotype, species and mutant hypocotyls,
were separated into cell type specific clusters, due to their highly constrained
distributions (4.17B). Their position on the epidermis of the hypocotyl, and therefore
the edge of the cellular connectivity networks, results in both atrichoblasts and
trichoblasts having distinct local patterning properties, independent from all other cell
types. Additionally, as mentioned previously, trichoblasts have two underlying cortical
cells in the radial direction of the hypocotyl, whereas atrichoblasts have just one. This
is sufficient for the distributions of local neighbourhood properties in trichoblast and

atrichoblast cell types to be significantly different, resulting in a clear separate cluster
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for each. All other cell types were placed into a third cluster, with the exception of the
monopteros inner cortex and the poppy endodermis, which were each sufficiently
different to all other groups to remain outside all clusters. Together, these results
show that epidermal cells have distinct local connectivity properties from all other
cells, and suggest that degree is able to classify atrichoblast, trichoblast and internal

hypocotyl cells.
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Figure 4.17. Similarities between degree distributions in diverse hypocotyls.

(A) A matrix of pairwise x’-tests between degree distributions of all cell types in all
hypocotyls topologically analysed. A red square denotes statistical significance
between two distributions at the p < 0.05 level (p < 1.56x107° after Bonferroni
correction for 3200 distribution comparisons in the study). Blue boxes represent
clustering of distributions, which were chosen to minimise within-group variability. (B)
A dendrogram showing degree distribution clustering. Cyan, red and green branches
represent distributions that are clustered together, while blue branches end with
distributions that were not clustered. Figure reproduced from Jackson et al., 2017,
eLife.
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The higher-order organisational properties of cell types in each different ecotype,
species and mutant hypocotyl were compared by calculating pair-wise distances
between all BC distributions (Figure 4.18A). Again, three clusters were identified, with
little variation in BC distribution in each group. Trichoblasts across wild-type
hypocotyls clustered together, except for the BC distributions of poppy trichoblasts,
which remained outside of any group due to its dissimilarity to BC distributions of
other cell types and species (Figure 4.18B). This reflects earlier results, where poppy
had a distinct lower path length present in trichoblast cells than atrichoblast cells, not
seen in any other hypocotyls analysed (Figure 4.10E). The clustering of atrichoblast
BC distributions however is far less constrained, where atrichoblasts cluster
differently depending on the ecotype or species (Figure 4.18B). A. thaliana Cvi and
foxglove atrichoblast path lengths are similar, while path lengths in poppy and A.
thaliana Col atrichoblasts are each distinct. The BC distribution of the A. thaliana Ler
ecotype atrichoblasts clusters with outer cortex and endodermal cell types. This is
indicative of high phenotypic plasticity in global patterning across atrichoblast cell
arrangements from different genetically distinct plants. Wild-type inner cortex BC
distributions were put into a distinct cluster, demonstrating the unique global cell
patterning features of this cell type, while the BC distributions of the outer cortex and

the endodermis in wild-type hypocotyls were clustered together.
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Figure 4.18. Similarities in betweenness centrality distributions in diverse hypocotyls.
(A) A matrix of pairwise Kolmogorov-Smirnov tests between degree distributions of
all cell types in all hypocotyls topologically analysed. A red square denotes statistical
significance between two distributions at the p < 0.05 level (p < 1.56x10™° after
Bonferroni correction for 3200 distribution comparisons in the study). Blue boxes
represent clustering of distributions, which were chosen to minimise within-group
variability. (B) A dendrogram showing betweenness centrality distribution clustering.
Cyan, red and green branches represent distributions that are clustered together,
while blue branches end with distributions that were not clustered. Figure reproduced
from Jackson et al., 2017, eLife.

These results suggest that different cell types have unique organisational properties,
which can be measured using topological analysis. Quantifying and comparing
patterning across diverse hypocotyls has revealed multicellular design principles
used in the structuring of this organ. The structure of the hypocotyl is related to its
function in transport, where the movement of molecules is mediated by cells that fall
on short paths through the hypocotyl (Figure 4.9). The identification of these short

paths shows that topological measurement can be used to predict where optimised
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transport and intercellular communication is taking place within an organ, both of

which are fundamental processes in plant growth and development.

4.3 Discussion

Previous research into cellular patterning has largely focused on how arrangements
of cells arise from division rules (Gibson et al., 2006), and how deviations from these
rules, like asymmetric division, alter the cellular organisation of tissues (Di Laurenzio
et al., 1996). Less work has focused on how the structure of these cellular patterns
relate to the function of an organ. Using the abstraction of cell arrangements into

networks, this relationship can be investigated (Jackson et al., 2017a).

Representing the hypocotyl as a cellular interaction network has allowed
quantification of cell organisation at both local and global scales. Network analysis
has revealed how individual cells in the hypocotyl form an integrated transport
system, which has non-intuitive emergent features. The use of betweenness
centrality to measure global cell connectivity, in a cell-type specific manner, revealed
previously unknown optimised transport conduits along the hypocotyl epidermis of

some Arabidopsis thaliana ecotypes.

The optimised transport routes identified have a functional significance for

longitudinal bulk transport of molecules in the hypocotyl, shown by the tracking of

fluorescein through the hypocotyl epidermis (Figure 4.9). Betweenness centrality
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predicted the flow of fluorescein through atrichoblast cell files in the A. thaliana

ecotypes Colombia and Landsberg erecta.

While these transport ‘shortcuts’ were identified in replicate samples of A. thaliana
Col and Ler, they were not present in the Cape Verdi Islands ecotype, or in the other
species examined, poppy and foxglove. This suggests that there is plasticity in this
epidermal cell-patterning feature, possibly making this particular cellular arrangement
advantageous for successful growth in some, but not all, environments that plants
populate. It is also possible that this epidermal organisation specialised for epidermal
transport in the hypocotyl is a recent innovation, which is not yet adopted across a

large amount of the plant kingdom.

Though global measurements of cell organisation identified functional short paths,
the arrangement of cells themselves may constitute an efficient template on which to
mediate transport. Plants may further increase the efficiency of transport in these
short paths by increasing the number of active transport processes between cells
(Park et al., 2017), or increasing the number of plasmodesmata (Brunkard et al.,
2015), in cells with the positional predisposition to topologically mediate cellular

communication and organ-wide transport.

The discovery of a bulk-flow transport process in the epidermis of the hypocotyl may
additionally provide insight into roles of cellular patterning in the root, where similar
cell arrangements are observed (Lin and Schiefelbein, 2001). In the root epidermis,

trichoblasts have the capacity to develop root hairs, and their role is to absorb water
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and nutrients from the soil. The efflux of these nutrients to atrichoblast cells,
positioned for efficient longitudinal transport, could allow the trichoblasts to maintain
a favourable concentration gradient for further absorption from the soil. This
represents a possible division of labour in the root epidermis, with a function made

possible by the global organisation of trichoblast and atrichoblast patterning.

Quantifying cellular organisation at a global scale has allowed measurement of the
direct contribution of genes to cell patterning. CDKA17;1 has a role in reducing
atrichoblast path length, whilst overall global connectivity in the hypocotyl epidermis
is reduced by the MONOPTEROQOS transcription factor, and is limited in the laterne
mutant background. Additionally, MONOPTEROS may have a role in contributing to
robustness in path lengths across individual hypocotyls, where lack of this gene
resulted in quantitatively variable patterning phenotypes. The monopteros mutant
also highlighted the topological robustness within genetic backgrounds, despite the
observed plasticity across them. Using topological analysis to capture organisation in
cell patterning mutants provides additional levels of detail over traditional qualitative
comparisons, which can then be used to more precisely link gene function to organ

structure.
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CHAPTER FIVE: TOPOLOGICAL ORDER IN THE SHOOT APICAL MERISTEM
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5.1 Introduction

Plant organ and tissue development is driven by a combination of cell expansion,
division and differentiation. Complex cell organisation in tissues is formed and
maintained by careful control of these processes, and it has been previously
suggested that this is mediated by communication between neighbouring cells
(Gibson et al., 2011). In plants, organogenesis is also mediated by these cellular
interactions (Lucas et al., 1995) (Di Laurenzio et al., 1996), though the movement of
small molecules, RNAs and even large proteins between cells (Brunkard et al.,
2015). Through cell communication, self-organisation has been observed at the

cellular level, generating specific organ patterning (Sasai, 2013).

In plants, the shoot apical meristem (SAM) is the stem cell niche from which all
above ground organs are formed. At a gross morphological level, the SAM consists
of a dome of cells, which is surrounded by organ primordia, arising at regular
intervals (Reinhardt et al., 2003) (Figure 5.1A). As the primordial organs increase in
size, clear boundary zones are established between the growing primordia and the
meristem centre, known as boundary zones, consisting of many highly anisotropic
cells (Louveaux et al., 2016). The centre of the meristem, or the central zone, is the
site of the more isotropic pluripotent stem cells (Bowman and Eshed, 2000). Cells in
the central zone continually divide, and subsequent cell growth pushes cells towards
the periphery of the meristem, where they begin to differentiate (Traas and Vernoux,
2002). The rate of cell growth and division must be controlled to ensure that a pool of
stem cells is maintained, whilst providing enough differentiating cells for organ

growth. The distinct regions of the meristem are determined by strict gene regulation
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and interactions, primarily between WUSCHEL and CLAVATA genes, detailed in

Section 1.4.

The meristem dome itself has three distinct layers of cells, termed L1, L2 and L3
(Laufs et al., 1998) (Figure 5.1B). In order to maintain this layered structure, all cells
in the epidermal L1 layer, along with cells in the L2 and the vast majority of cells in
the L3, divide anticlinally, perpendicular to the meristem dome surface (Satina et al.,
1940). Below the L3, where the meristem dome is connected to the plant stem, the

layered structure begins to break down, as division orientation is less constrained.

Meristem Dome —L

Boundary Zone

Organ Primordia

B
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Figure 5.1. Structure of the shoot apical meristem.

(A) A 3D, top-down confocal image of the SAM, showing the locations of the
meristem dome containing the stem cell niche, the organ primordia that develop into
above ground plane organs, and the boundary zones that connect the meristem
dome to the primordia. (B) A cross-section of the meristem dome, showing the
epithelial L1 layer, and the underlying L2 and L3 layers. Below the L3, the meristem
done is connected to the plant stem.

Because, unlike many animal cells, plant cells lack motility, neighbouring cells that
share a cell wall will continue to be adjacent to each other irrespective of cell growth.
This feature means that proper timing and orientation of cell division in the SAM is
essential for the generation of cellular patterns, which are in turn fundamental to
normal organogenesis (Dupuy et al., 2010) (Besson and Dumais, 2011) (Shapiro et

al., 2015).

The regulatory mechanisms of cellular homeostasis within the SAM have been the
subject of intensive investigation. Classical experiments in unicellular yeast have
shown that both cell size and cell cycle length are linked to the onset of cell division
(Fantes and Nurse, 1977) (Fantes, 1977). Similar control of the cell-cycle was also
observed in bacterial systems, primarily driven by cell-size driven mitosis (Robert et
al., 2014). In contrast, in the multicellular SAM, cells do not reliably divide when they
reach a particular size, or following a set amount of time after they previously divided,
yet both of these features seem to contribute somewhat to the induction of mitosis
(Willis et al., 2016). In fact, computational models of the developing SAM are able to
more accurately represent features of real tissues when some randomness in

division timing is incorporated (Roeder, 2012). These studies suggest that cell
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divisions in the multicellular SAM may be controlled by more complex rules and

interactions.

In addition to the timing of cell division, the orientation of the cleavage plane during
mitosis also contributes to cell patterning in the SAM. When a complete plant cell
division occurs, this results in the deposition of a new cell wall. Models to explain the
positions of new walls in plant cell divisions have existed since 1863, when Wilhelm
Hofmeister noted that plant cells divide using a plane normal to the principle axis of
elongation (Hofmeister, 1863) (Figure 5.2A). In 1886, Léeo Errera extended this
definition, observing that plant cells tend to divide using the shortest possible wall, in
a similar manner to soap bubbles (Errera, 1886) (Figure 5.2B). These classical rules,
while serving as general rules in many cases, fail to accurately describe many

observed plant cell divisions (Kwiatkowska, 2004).
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Figure 5.2. Classical meristem cell division observations.

(A) Schematic illustrating Hofmeister's observations of division plane orientation,
where the new cell wall is placed perpendicular to the primary axis of elongation. (B)
Schematic illustrating Errera’s rule of division plane placement, where the wall with
the smallest cell wall area, passing through the centre of the cell, is most often used.

More modern models of plant cell division have extended these classical rules. The
addition of a stochastic element in division plane selection can account for cleavage
planes that are not satisfied by Errera’s rule (Besson and Dumais, 2011). Here, it is
suggested that cell division in the SAM is not a deterministic process, and that cells
in fact divide using a wall that satisfies one of several feasible ‘short’ walls, rather
than the shortest wall. According to the proposed stochastic model, division planes
with non-minimal wall area are possible, but wall length is inversely related to the

probability of their observation.
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Another more recent, data-driven study uses a combination of several geometric
factors to generate predictions of cell wall placement in mitosis (Shapiro et al., 2015).
Different geometric heuristics were incorporated into a model, specifically equality in
daughter cell size, wall deviation from passing through the exact cell centre, and
deviation from the shortest wall through the cell. Parameter space was searched to
identify which heuristics most successfully replicated observed divisions, and mostly,
division planes were best modelled using the shortest wall that passed close to the

centre of the cell, very similar to Errera’s original observations (Errera, 1886).

Each of these more recent, purely geometric approaches cannot be used to describe
all of the diverse division planes observed in the SAM. Wall placement in cell division
appears to have stochastic elements (Besson and Dumais, 2011), yet curiously the

sum of these cell divisions results in highly conserved plant organ shapes and sizes.

Mechanical forces between adjacent cells in these immobilized cellular networks can
also exert influence over their neighbours (Hamant et al., 2008), which can influence
the orientation of the placement of cell division planes (Louveaux et al., 2016)
(Lintilhac and Vesecky, 1984), and subsequently change the properties of cellular
organisation. Other studies of animal and plant epithelia have shown that a cell's
number of direct neighbours influences division plane placement (Gibson et al.,
2011). It has been shown that cells are more likely to divide with a wall intersecting
an adjacent cell with few neighbouring cells, or low degree. It is proposed that

following cell division, due to the increase in degree of the neighbouring cells, the
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overall distribution of local cellular connections across the SAM is preserved (Gibson
et al., 2006) (Gibson et al., 2011). This provides evidence that complex order in
proliferating tissues can be driven by local topology. However, whether changes in
global topological properties can enable feedback, informing local changes in tissue
organisation, is not known. This provides an opportunity to examine whether

divisions are coordinated by global cellular topological context within an organ.

The global interactions between cells within the SAM are quantified using the
extraction of cellular connectivity and network science algorithms, to identify the
higher order properties of organisation within this stem cell niche. The potential for a
global regulatory mechanism that works in parallel with the local regulatory features
described previously is explored, as well as whether this can integrate cell cycle

control in a global context.

5.2 Results

Four Arabidopsis thaliana and four tomato (Solanum lycopersicum) shoot apical
meristems were live-imaged in 3D at three time points, referred to as TO, T1 and T2,
each separated by 11 hour periods (Section 2.1.3). At each time point, images were
computationally segmented and converted into a mesh format, and cellular
connectivity networks were extracted (Section 2.2). Cells in L1-L4 were manually
labelled by computationally stripping away progressive layers from the surface of the

SAM, and using parent labelling (Section 2.2.6). Both cell division and growth of cells
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between time points was tracked, using manual co-segmentation in MorphoGraphX

(Section 2.2.8).

5.2.1 Topological buffering of the SAM

In the shoot apical meristem, only the central dome, down to the L4, was imaged at
high enough resolution for accurate segmentation. This resulted in edges of the
dome that should be connected to the primordia through the boundary regions, as
well as the L4 that should be connected to lower layers and the plant stem, being
artificially disconnected from the rest of the plant. To reduce the effect of these
artificial network edges on subsequent network analysis, topological buffering was

used (Section 2.4.7).

A region of cells in the centre of the SAM, whose topological properties, such as
RWC, were deemed to be unaffected by edge effects was chosen (Figure 5.3A).
Including cells at the edge of the meristem in the network, but not reporting on them,
meant that cells with artificially low topological measurements could be excluded

from further analysis.

The inclusion of cells in the L4 layer in the network, and their exclusion in further
analysis, resulted in accurate reflection of local connectivity in the L3, while
preventing the misrepresentation of degree in the L4 (Figure 5.3B). Ensuring that
local connectivity was properly represented in L1-L3 resulted in changes in the global

topological measurements, log BC and RWC (Figure 5.3C and D). In all subsequent
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analyses, the L4 layer was not reported on, but included in the extracted cellular

connectivity networks.
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Figure 5.3. Topological buffering of the shoot apical meristem.

(A) A top-down view of the A. thaliana shoot apical meristem, false coloured with
random walk centrality. The white dashed line encloses the cells that were reported
on, while cells on the outside of the dashed line formed the topological buffer region.
(B) Cross sections of the A. thaliana shoot apical meristem mesh, false coloured with
degree. The L4 cell layer is added to the cellular connectivity network before degree
is calculated. (C) The A. thaliana meristem mesh, false coloured with logqo
betweenness centrality. (D) The A. thaliana meristem mesh, false coloured with
random walk centrality. Figure reproduced from Jackson et al., 2019, Cell Systems.
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5.2.2 Geometry and topology of the SAM

Though geometry of cells in the SAM has been extensively studied (Grandjean et al.,
2004) (Kierzkowski et al., 2012) (Willis et al., 2016), the ability to measure topological
properties of the SAM cellular connectivity network provides an opportunity to study

both geometry and quantified cell organisation in tandem.

Cells in the A. thaliana and tomato SAMs differ in terms of their geometric properties.
Overall tomato SAM cells are generally two to four times larger than cells in the
Arabidopsis meristem (Figure 5.4A and B) The largest cells in the tomato SAM are
found in the uppermost L1 layer, while in contrast cells are largest in the A. thaliana

SAM L2 and L3.

In terms of local topological properties, despite the differences in cell area and
volume, the degree of cells in the Arabidopsis and tomato meristems are similar
across layers (Figure 5.4C). Cells in the L1 have the lowest degree, due to their
position at the organ epithelia, and therefore a real edge of the network. Whilst most
cells are entirely surrounded on all sides by other cells, making many physical

cellular connections, the L1 cells have a surface exposed to the environment.

The distributions of RWC were fairly similar across species (Figure 5.4E), but when
measured with log BC, differences in global topological properties were identified
(Figure 5.4D). L2 and L3 layers in A. thaliana and tomato share similar log BC
distributions, while the log BC in A. thaliana L1 is generally lower. This is an

indication that the global organisation of cells in the SAMs of both species is not
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identical. It is important to note that while normalisations for network size have been
applied to the calculation of global topological measurements (Section 2.4.3), due to

the larger size of the tomato SAM networks, these comparisons may be biased

(Section 3.2.1).
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Figure 5.4. Distribution of geometric and topological properties in the Arabidopsis
and tomato TO SAMs.

(A) Area (um?) of cells in the Arabidopsis thaliana SAM L1, L2 and L3, and tomato
SAM L1, L2 and L3. (B) Volume (um?3) of cells. (C) Cell degree. (D) Cell logo
betweenness centrality. (E) Cell random walk betweenness centrality. Error bars
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represent the standard deviation within a frequency bin, from four biological
replicates per species. Figure adapted from Jackson et al., 2019, Cell Systems.

To examine the spatial distribution of geometric and topological properties in the
SAM, measurements from TO meristems were visualised using heat maps in
MorphoGraphX (Section 2.7.1) (Figures 5.5 and 5.6). Cells that were identified as
dividing between TO and T1 were also highlighted for comparison (Figures 5.5D and
5.6D). Both geometric and topological properties were unevenly distributed across
the A. thaliana SAM (Figure 5.5) and tomato SAM (Figure 5.6), between and across

layers.

In the visualised TO sample, cell size was both largest and more variable in the
Arabidopsis thaliana SAM L2 and L3. Growth appeared to be particularly sporadic
across the meristem, where the size of most cells was relatively invariant, while few
cells grew up to 1.3 times their size in TO (Figure 5.5C). Whilst visually, in the
Arabidopsis SAM, volume, area and growth appear to be higher in cells that will
divide, supporting previous research (Willis et al., 2016), this is by no means a simple
relationship (Figure 5.5A - D). Some cells that are large, or that grow the most

between time points, undergo division, whilst some do not.

Qualitatively, there are some similarities between geometric and topological
properties in the A. thaliana SAM (Figure 5.5). Across layers in this sample,
geometric, local and global topological measures tend to be lowest in the L1, the
edge of the cellular connectivity network. There is no discernable pattern of

topological properties within each SAM layer (Figure 5.5E, F and G). However,
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particularly in degree and RWC, there is some visual relationship between high local

or global connectivity, and cell division (Figure 5.5D).
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Figure 5.5. Spatial distribution of geometric and topological properties in the
Arabidopsis SAM.

(A) A heat map of cell volume overlaid on an A. thaliana SAM cross-section mesh,
and meshes of L1, L2 and L3. (B) Cell area. (C) Cell growth between the TO and T1
time points. (D) Cell divisions between TO and T1 time points. (E) Cell degree. (F)
Cell log+o betweenness centrality. (G) Cell random walk centrality. Figure reproduced
from Jackson et al., 2019, Cell Systems.

As well as having larger cells, the tomato meristem dome also contains more cells
than the Arabidopsis thaliana SAM (Figure 5.5 and 5.6). Both the rate of growth, and
the rate of division, is substantially higher in the tomato meristem (Figure 5.6C and
D) (Table 5.2). Visualisation of geometric cell properties shows that cell size tends to
be largest in the tomato SAM L1, and smallest in the L3 (Figure 5.6A and B). In
contrast to the Arabidopsis meristem, there appears to be a bias towards the
presence of larger cells in the centre of the meristem dome, particularly at the SAM
epidermis. Cell growth is fairly consistent in L1 and L2, where many cells double in
size, while cell growth is much more sporadic in the tomato SAM L3, with cells distant
from the centre of the layer growing fastest (Figure 5.6C). Visually, in this tomato
meristem, there is no clear relationship between cell division and any geometric

property (Figure 5.6A — D).

There is not an obvious relationship between topological and geometric properties in
the tomato SAM layers, in contrast to in A. thaliana (Figure 5.5 and 5.6). Whilst cells
size is largest in the L1, cell degree in the epithelia is lowest, as is RWC (Figure 5.6E
and G). The global topological property of log1o BC is distributed more evenly across

the meristem layers (Figure 5.6F). In terms of a relationship between TO cell local
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and global connectivity, and cell division at T1, there is no clear link using purely

qualitative assessment (Figure 5.6D — G).
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Figure 5.6. Spatial distribution of geometric and topological properties in the tomato

SAM.
(A) A heat map of cell volume overlaid on a tomato SAM cross-section mesh, and
meshes of L1, L2 and L3. (B) Cell area. (C) Cell growth between the TO and T1 time
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points. (D) Cell divisions between TO and T1 time points. (E) Cell degree. (F) Cell
log1o betweenness centrality. (G) Cell random walk centrality.

Table 5.1. Cell division rates in the Arabidopsis SAM.

Cell division between the TO and T1 time points in the Arabidopsis thaliana SAM.
Error shown is + the standard error of the mean, calculated with four biological
replicate meristems.

Average % of Cells Dividing Over 11 Hours (TO -
Layer T1)
L1 3.1+£0.6
L2 7.7+£25
L3 54+18

Table 5.2. Cell division rates in the tomato SAM.

Cell division between the TO and T1 time points in the tomato SAM. Error shown is +
the standard error of the mean, calculated with four biological replicate meristems.

Average % of Cells Dividing Over 11 Hours (TO -
Layer T1)
L1 19.6 £ 3.0
L2 23.3+3.0
L3 29.3+22
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5.2.3 Dynamics of geometric and topological cell properties in the SAM

The relationship between cell size and division has been previously detailed, and is a
contributing factor to a cell’'s decision to divide (Willis et al., 2016). Whether cell
organisation, or more specifically the local or global topological state of a cell, also
has an effect on the induction of the cell cycle is not known. To further explore this, a

quantitative approach was used.

To examine how cell size and cell connectivity influenced the induction of division in
the Arabidopsis SAM, firstly cells in the first time point (TO) were split into non-
dividing and dividing cells, based on their observed fate in the second time point
image (T1). Properties of these cells were then compared to the recently divided cells
in the T1 time point (Figure 5.7A). The fold change between non-dividing (TO) and
dividing (TO) cells was calculated, as well as the fold change between cells before
and after division. Significant differences were present in the geometric
measurements of area and volume, in agreement with previous research (Willis et
al., 2016). Intuitively, cell size was reduced when cells divided. Divisions also
reduced cell degree, as well as tending to increase path length in the resulting
daughter cells. Strikingly, as well as in geometric features, there were large

reductions in degree, log1o BC and RWC.

Whether there was a role for neighbouring cell connectivity in the timing of cell
division was also assessed, using a predictive interpretation of the Gibson division
rule, where the neighbouring cell with the lowest degree was used to score cells in

the TO and T1 time points. There was no significant difference between non-dividing
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(TO) and dividing (TO), or dividing (T0O) and divided (T1) cells using this measurement
(Figure 5.7A), indicating that neighbouring cell connectivity is unlikely to play a role in

the induction of mitosis in the Arabidopsis SAM.

Because the dynamics of cell size and cell centrality suggested that both geometry
and topology could be used to distinguish non-dividing and dividing cells, the
predictive capacities of these features were measured using logistic regression
(Section 2.6.6). Logistic regression was used to build a predictive model that would
identify the most useful features at TO, for determining cell division at T1. When all
geometric and topological measurements were included in the model, area and
volume were singled out as statistically the best measurements for predicting cell
division in the Arabidopsis thaliana SAM, whilst other factors in the model were not
deemed necessary for successful predictions (Figure 5.7B) (Table 5.3). The
likelihood ratio is an estimate of how useful any given measurement is in determining
the fate of the cell. Because separately degree, logio BC and RWC could distinguish
non-dividing and dividing cells (Figure 5.7A), their low likelihood ratio in the logistic
regression model is an indication that there is some correlation or overlap between

the information that geometric and topological measurements provide, in A. thaliana.

To further elucidate the predictive capacities of these measurements, logistic
regression models with differing inclusion of terms were used to identify T1 cell
divisions from TO cell properties (Section 2.6.6) (Figure 5.7C). Logistic regression
was used to classify non-dividing and dividing cells using both geometric and

topological factors measured previously, indicating their role in influencing cell
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division in the shoot apical meristem. Because around 5% of cells divided across the
four A. thaliana biological replicates, a simple model assuming that no cells divided
resulted in around 95% prediction accuracy. To validate the logistic regression
approach, cells were randomly assigned “divided” status, and the identification of true
positive and negative cases was as expected from a dataset with 5% divisions.
Though the small proportion of dividing cells across the samples made large
improvements on overall accuracy difficult, adding geometric and topological
measurements to the model resulted in improvements the rate of true positive
division identification. In Arabidopsis, including solely volume, or area, volume and
RWC to the model resulted in just as much improvement to the true positive rate as
including all measurements in the model. However, as the proportion of correctly
identified dividing cells never exceeded 30%, irrespective of terms added, there is
limited evidence that any geometric or topological factors analysed have powerful

predictive capacities.

The similarities between the topological cycling observed in both geometric and
topological features as cells grow and divide (Figure 3.7A), and the similarly
restricted logistic regression model predictions using each measurement (Figure
3.7B and C), hint that there may be relationships present across the cell variables
measured. Pairwise linear regression was used to identify whether simple linear
correlation existed between features of each cell, measured using R?, where a value
of 1 indicates a perfect linear relationship, and a value of 0 means two variables are
completely linearly unrelated (Figure 5.7D). Acting as a benchmark, the correlation

between area and volume of cells, two highly related features, was 0.98. Similarly, in
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the Arabidopsis SAMs there were strong relationships between the local feature of
cell degree, and the global features of logio BC and RWC, ranging from R? = 0.8 to
R? = 0.88. Between geometric and topological features, moderate linear relationships
were present, with R? between 0.45 and 0.59. The exception to these observations
was the very low correlation between the Gibson rule and all other variables,
indicating that the degree of neighbouring cells was not related to cell size or

topology.

Together, these results provide evidence that the volume of a cell is a good
determinant of whether it will divide, and that this geometric property is linked to both
local cell connectivity, and the broader, global cell context. Though topological
features can be used to differentiate between non-dividing and dividing cells, there is
no evidence to suggest that position in the Arabidopsis SAM cell connectivity network
has any function in induction of the cell cycle, due to their relationship with cell area
and volume. Correlations between these properties likely result from the simple
embedding of similarly shaped cells in 3D space, where larger cells often have more
direct cell-cell connections. This feature then propagates to the global topological
scale, where cells with more neighbours are more likely to lie on short paths between

pairs of cells in the calculation of BC and RWC.
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Figure 5.7. Dynamics of geometric and topological properties in the Arabidopsis
thaliana SAM.

(A) Normalised mean fold change in geometric and topological properties between
non-dividing (T0), dividing (TO) and divided cells (T1). Error bars are + the standard
error of the mean. A * denotes significance between classes of cells at the p < 0.05
level (t-test). (B) Likelihood ratio of each parameter incorporated into a logistic
regression model, to classify non-dividing and dividing cells in TO. A * represents a

182



statistically significant contribution to classification (Type Il ANOVA, p < 0.05) (C)
Classification rates of logistic regression models with different incorporation of
variables, split into true positive, false positive, true negative and false negative rates.
(D) A matrix of pairwise linear regressions between measurements, with a heat map
for the coefficient of determination (R?) between each pair. Figure reproduced from
Jackson et al., 2019, Cell Systems.

Table 5.3. Type Il ANOVA test on a logistic regression model with geometric and
topological measurements in Arabidopsis thaliana.

A logistic regression model was used to classify non-dividing and dividing cells in the
TO Arabidopsis thaliana SAM. All measurements were included in the model, and
their effectiveness in classification was measured using a Type || ANOVA test, which
specifically does not bias model terms based on the order of introduction. A high
likelihood ratio (LR xz) indicates that a measurement was effective in differentiating
dividing and non-dividing cells.

Degrees of
Measurement LR x? Freedom p(>Chi?)
Volume 14.4 1 1.50 x 10™
Area 7.29 1 6.92 x 107
Gibson Rule 1.42 1 0.232
Random Walk Centrality 0.294 1 0.588
Degree 0.0640 1 0.800
Log1o Betweenness Centrality | 0.0318 1 0.858
Division Prediction
Accuracy 0.944

In the tomato SAM, the same cycling of geometric and topological properties is

observed as in Arabidopsis, though fold changes across all measurements are
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smaller (Figure 5.8A). Cells in the TO time point that go on to divide within the next 11
hours are on average significantly larger, have more local cell-cell interactions, and
fall on more short paths. As in the Arabidopsis meristem, after division, tomato SAM

cells are smaller and have lower degree, log1o BC and RWC.

However, in tomato, when all features were incorporated into a logistic regression
model, cell degree was the only measurement that significantly contributed to the
classification of non-dividing and dividing cells (Figure 5.8B) (Table 5.4). This
represents a clear difference in what measurements can be used to identify dividing
cells in SAMs of individual plant species, and may indicate a difference in the control

of cell organisation in Arabidopsis thaliana and tomato.

Another clear difference in the two species examined was their rate of cell division,
where around 25% of cells divided in the tomato SAM over 11 hours, five times the
rate of cells in the Arabidopsis SAM (Table 5.1 and 5.2). With this increased number
of divisions in the tomato SAM, assuming that no cells divided resulted in around
75% prediction accuracy (Figure 5.8C). However, though degree was identified as a
significant contributor to cell classification, including all features in the model resulted
in just a 4% increase in successful division prediction, over the null case of assuming
no divisions (Table 5.4). In terms of increasing the identification of true positive
cases, using only degree, only RWC, and a combination of area, volume and RWC
were most successful, resulting in a 0.3 to 0.4 true positive classification rate (Figure
5.8C). This is in contrast to models used in A. thaliana, where mostly, geometric

features seem to be the major contributors to successful predictions (Figure 5.7C).

184



Like in Arabidopsis, the combination of significant changes between non-dividing and
dividing cells, and the logistic regression results indicate that there may be some
relationships between measurements in the tomato SAM. Cells in the tomato
meristem still showed strong relationships between area and volume, and moderately
strong relationships between local and global topological features (Figure 5.8D).
However, in contrast to A. thaliana, there were only weak relationships between
geometric and topological properties in tomato SAM cells, with R? ranging from O to
only 0.11. This decoupling of cell size and cell organisational properties may again
suggest a difference in control and development of stem cells in the tomato stem cell

niche.

These analyses have revealed substantial differences in the organisation of cells in
the Arabidopsis and tomato SAMs, and the relationships of topological cell properties
to the well-studied feature of cell size. It is possible that increased control of cell size
and shape in the tomato meristem may help to avoid the emergent organisational
properties of a ‘default’ configuration of cells embedded in 3D space as seen in

Arabidopsis, and allow the generation of specific cellular patterning.
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Figure 5.8. Dynamics of geometric and topological properties in the tomato SAM.

(A) Normalised mean fold change in geometric and topological properties between
non-dividing (T0), dividing (TO) and divided cells (T1). Error bars are + the standard
error of the mean. A * denotes significance between classes of cells at the p < 0.05
level (t-test). (B) Likelihood ratio of each parameter incorporated into a logistic
regression model, to classify non-dividing and dividing cells in TO. A * represents a
statistically significant contribution to classification (Type Il ANOVA, p < 0.05) (C)
Classification rates of logistic regression models with different incorporation of
variables, split into true positive, false positive, true negative and false negative rates.
(D) A matrix of pairwise linear regressions between measurements, with a heat map
for the coefficient of determination (R?) between each pair.

Table 5.4. Type || ANOVA test on a logistic regression model with geometric and
topological measurements in tomato.

A logistic regression model was used to classify non-dividing and dividing cells in the
TO tomato SAM. All measurements were included in the model, and their
effectiveness in classification was measured using a Type || ANOVA test, which
specifically does not bias model terms based on the order of introduction. A high
likelihood ratio (LR x?) indicates that a measurement had high classification power.

Degrees of
Measurement LR x? Freedom p(>Chi?)
Degree 33.2 1 8.48 x 107
Log1o Betweenness Centrality 2.81 1 0.0935
Volume 1.05 1 0.306
Gibson Rule 0.916 1 0.338
Random Walk Centrality 0.493 1 0.482
Area 0.152 1 0.696
Division Prediction
Accuracy 0.790
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5.2.4 Predicting division plane orientation in the A. thaliana SAM

Whilst the control of division timing in the SAM has an effect on cell organisation, the
placement of the division plane during mitosis also has direct consequences for
tissue patterning. Depending on cell wall placement, the daughter cells resulting from
cell division can have different local cell-cell interactions, and by extension, different
global connectivity properties. As plant cells are immotile, the change in cell
configuration after cell division is both unchangeable and irreversible, so it is likely
that the specific position of cell wall deposition is highly controlled. By
computationally simulating cell divisions according to different rules (Section 2.8),

whether there is a role for cell topology in cell wall placement can be determined.

To simulate divisions, data from four biological replicate Arabidopsis meristems, at
the TO, T1 and T2 time points were used. In total, there were 112 cell divisions over
all A. thaliana meristems imaged. Cells were fused in the T1 time point mesh to
identically replicate the cellular topology of the TO time point, and in the T2 time point
mesh to match the topology of the T1 time point before cells were computationally
divided (Section 2.8.1). This ensured that division rules did not have to account for

cell growth in a plane prediction.

Four different cell division rules were simulated in the fused meshes, in the sites of
each of the 112 identified cell divisions. Errera’s rule, also referred to as the shortest
wall rule, found the plane that bisects the cell using the smallest cell wall area
possible (Errera, 1886), relying solely on geometric properties of the cell to make a

wall placement prediction. The minimum degree rule found the wall that minimises
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the number of neighbours for each daughter cell after division, using local cell
connectivity information. Using global topological information, the minimum random
walk rule identified the division plane that minimised the RWC of the daughter cells.
Finally, the Gibson rule simulated a cell division plane that bisected the connecting
cell wall of the neighbouring cell with the lowest degree (Gibson et al., 2011). For
every rule, all planes were constrained to be perpendicular to the SAM surface, as
well as passing no more than 0.2 uym away from the cell centre, based on
observations of SAM cell division in previous studies (Shapiro et al., 2015). For all
rules incorporating topological properties, in the case where multiple division planes

satisfied a rule, plane with the smallest wall area was chosen.

It is important to note that every cell division causes a change in the local and global
topology of the SAM cellular connectivity network, meaning that subsequent division
simulations that take topology into account are affected. In addition, the order of cell
divisions was unknown between time point images. The large number of cell
divisions between tomato samples meant that determining the role of topology in
division plane choice would be difficult (Figure 5.6D), as the order of divisions would
have a drastic effect on topological plane prediction. Due to the lower number of cell
divisions between time points in A. thaliana than in tomato (Tables 5.1 and 5.2), all
simulations were carried out in A. thaliana, restricting the effects of the unknown
division order. To further reduce the potential bias resulting from the unknown
division order, division simulations in each Arabidopsis meristem were carried out

three separate times, each with a randomly sampled division order (Section 2.8.3).
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Comparisons between simulated and observed division planes were made by

calculating the angle between the plane normals (Figure 5.9A) (Section 2.8.4).

Qualitatively, some division planes were captured by every rule, whilst in some cases
rules made errors (Figure 5.9B). This may be a consequence of the relatedness
between most measurements in the Arabidopsis SAM (Figure 5.7D). Using a more
quantitative approach with the comparison of plane normal angles, the shortest wall
rule and the minimum random walk rule predicted the localisation of a new cell wall
closest to the real cleavage plane (Figure 5.9C). Both the shortest wall rule and the
random walk minimisation rule significantly outperformed the degree minimisation
rule, and notably the Gibson rule. All rules identified planes that were closer to the
observed cell division wall than a randomly selected plane, including the Gibson rule,
in agreement with previous research (Gibson et al., 2011). This shows that geometric
properties, as well as local and global topological information, all have some power in

terms of cleavage plane orientation prediction.

There were many examples of identical planes being predicted by both Errera’s rule
and the minimum random walk rule (Figure 5.9B). Comparing the angles between the
simulated shortest wall and simulated minimum random walk rule planes showed that
they are more similar to each other than random division planes (Figure 5.9D). This
suggests the presence of a link between the global topological properties of a cell,

and cell geometry, as previously demonstrated in Figure 5.7D.
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Because many observed planes also minimised the random walk centrality of
daughter cells, the contribution of individual observed plane angles to this
minimisation was explored. In all divisions tested, small deviations, of up to 10
degrees deviation from the real division plane had no effect on local topology, and
therefore no effect on the RWC of daughter cells. At angles of between 10 and 20

degrees deviation, 16.2% of daughter cells experienced altered RWC.

To further establish which division rules made the closest predictions, along with
which rules made identically close predictions, a Venn diagram of best planes was
plotted, using the average counts of closest planes from all three division order
permutations (Figure 5.9F) (Section 2.8.3). In a limited number of cases, all rules
were able to make the best prediction, while others could not. In particular, the
Gibson rule was fairly successful at identifying close division planes when other rules
were ineffective (Figure 5.9F). The majority of closest division planes were predicted
by the shortest wall and minimum random walk rules. Quantitative and qualitative
examination of closest predicted planes in individual layers of the Arabidopsis SAM
indicated a similar trend (Figures 5.10 and 5.11). In terms of absolute number of
planes most closely predicted by each rule, the minimum random walk rule had the
most, followed by the shortest wall rule, the minimum degree rule, and lastly the

Gibson rule (Figure 5.9G).

The links between plane placement using both Errera’s shortest wall rule and the
minimisation of daughter cell RWC, show that following simple local geometric rules

can lead to emergence of a complex global organisational property. The shape and
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size of a cell is used to determine the position of the shortest wall, and as a
consequence maximises the path length in daughter cells, resulting in less efficient

meristem-wide information transfer through them.
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(A) A schematic of the comparison of real and simulated division planes. The black
outline represents a cross section of a cell mesh that has been computationally
divided. (B) Examples of predicted division planes using different rules (in colour)
overlaid on a cross section of the real daughter cell meshes, with the real division
plane (white). (C) Violin plots showing the distribution of degrees deviation of the
predicted planes from the real division planes. The dashed line indicates the mean
degrees deviation for each rule. Different letters above violins denote significant
differences between means (ANOVA with post-hoc Tukey tests, p < 0.05). (D) Violin
plots of degrees deviation from the predicted random walk minimisation plane. A *
denotes a significant difference in means (t-test, p < 0.05) (E) Distribution of angle
deviations that cause a change in the random walk centrality of the daughter cells,
compared to the real division. Dashed lines show the percentage of random walk
centrality altered daughter cells at less than 10 degrees deviation, and less than 20
degrees deviation. (F) A Venn diagram of division rules that predicted the closest
division plane to the observed real division plane. Predicted planes that were within
1 degree were treated as equally close. Error shown is + one standard deviation,
where three random division order permutations were carried out, generating some
variance in predictions. (G) Number of planes closest to the observed division that
were predicted by each division rule. Figure adapted from Jackson et al., 2019, Cell
Systems.
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Figure 5.10. Closest plane predictions in individual A. thaliana SAM layers.

(A) A Venn diagram of division rules that predicted the closest division plane to the
observed real division plane, in L1 only. Predicted planes that were within £ 1 degree
were treated as equally close. Error shown is £ one standard deviation, where three
random division order permutations were carried out, generating some variance in
predictions. (B) Closest division rules in L2 only. (C) Closest division rules in L3 only.
Figure reproduced from Jackson et al., 2019, Cell Systems.
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Figure 5.11. Spatial distribution of divisions predicted by different rules.

(A) Cell divisions overlaid on a cross-section of a mesh of the Arabidopsis thaliana
SAM, and the L1, L2 and L3 layers. (B) Cells where the closest plane predictions
were made with the shortest wall rule (in blue). (C) Cells where the closest plane
predictions were made with the minimum degree rule (in yellow). (D) Cells where the
closest plane predictions were made with the minimum random walk rule (in green).
(E) Cells where the closest plane predictions were made with the Gibson rule (in
red). Figure reproduced from Jackson et al., 2019, Cell Systems.

5.2.5 Organisational consequences of cell divisions in the A. thaliana SAM

If cells are continually dividing in the SAM, resulting in minimisation of RWC in
daughter cells, this may have organisational consequences for the meristem
connectivity network as a whole. Using the whole Arabidopsis meristem samples as
a template, divisions were continuously simulated using both geometric and

topological division rules, until all cells had divided twice. The shortest wall, Gibson,
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and minimum degree rules were tested for their ability to preserve meristem cell
arrangement, and compared to random division plane placement. Visually, all rules
generated cellular architectures that appeared to be patterned in a similar manner to
the original Arabidopsis SAM (Figure 5.12A — D), while random divisions did not

seem to preserve this property (Figure 5.12E).

Both global and local topological effects of continuous division were quantified, as a
more robust measure of SAM organisation. After all cells had divided, because the
number of cells had quadrupled, each divided sample meristem cellular connectivity
network was subsampled from centre outwards until the number of nodes before and
after simulated divisions was equal. This preserved overall network size, removing
the bias introduced by comparing the global properties of different sized networks

(Section 3.2.1).

There were subtle changes in meristem organisation in each meristem sample,
depending on what rules were used to divide cells (Figure 5.13). Distributions of
degree and RWC were compared with topological distributions of the original
meristem templates, in order to examine what division rules were sufficient to
preserve the organisational properties of the meristem (Figure 5.12F — G). To
compare distributions, the earth-mover’'s distance was calculated between property
distributions to quantitatively measure the deviation from the original template

(Section 2.6.2).
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Using the shortest wall and minimum degree rules resulted in the least RWC
distribution differences, across the four meristems that were continuously divided
(Figure 5.12F). Using both of these rules, the earth-mover’'s distance between the
RWC distributions of divided meristems and the original template was significantly
less than the distance between the randomly divided meristem and the original.
Using the Gibson rule to continuously divide cells in the SAM resulted a poorer
conservation of RWC distributions, similar to using random division planes. These
results show that minimising wall area, or minimising number of neighbours in the
daughter cells, preserves global topological SAM organisation more successfully
than using the Gibson rule, or random divisions. This again links the control of path
length across the meristem to the geometrically motivated Errera’s rule, and
additionally shows a link between the control of local topology through degree

minimisation, and the global property of RWC.

In terms of preserving local organisational properties, there was a large amount of
variance between earth-mover’s distances comparing degree distributions (Figure
5.12G). No division rules used to continually divide the meristem were significantly
better at preserving local cell connectivity distributions than random division planes.
Whilst there are relationships between local and global topological properties in the
SAM cellular connectivity network, it is possible that at the whole-meristem scale,
degree is not as sensitive to perturbation as RWC, due to constraints of cells packing

in 3D space.
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Figure 5.12. Simulating repeated divisions across the entire Arabidopsis SAM.

(A) A cross-section of cells in the original A. thaliana SAM mesh, before simulated
divisions. (B) Simulated cell divisions in the SAM mesh, using the shortest wall rule to
divide all cells twice. (C) Simulated cell divisions using the Gibson rule. (D) Simulated
cell divisions using the minimum degree rule. (E) Simulated divisions using random
division planes. (F) Earth-mover's distance between random walk centrality
distributions of the computationally divided meristem templates, and the original
templates. (G) Earth-mover's distance between degree distributions. Each cross
represents an individual comparison. Error bars are £ the standard deviation of the
mean. A * represents a significant difference in median earth-mover’s distances
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(Mann-Whitney U test, p < 0.05). Figure reproduced from Jackson et al., 2019, Cell
Systems.
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Figure 5.13. Random walk centrality before and after simulated divisions in individual
Arabidopsis meristem samples.

(A) Distribution of random walk centrality in the first A. thaliana SAM sample in the
original SAM template, and after all cells have been computationally divided twice,
using different rules. (B) Random walk centrality before and after simulated divisions
in the second meristem sample. (C) Random walk centrality before and after
simulated divisions in the third meristem sample. (D) Random walk centrality before
and after simulated divisions in the fourth meristem sample. Figure reproduced from
Jackson et al., 2019, Cell Systems.

5.2.6 Influences of cell shape and topology on the emergence of organisation
Division plane placement has been shown to influence the global topological

properties of the SAM, generating various cellular organisations. Using Errera’s rule,
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control of cell geometry has been linked to the emergent property of RWC
minimisation, constraining SAM cell organisational properties at a global scale.
Previously, the distribution of the local property of degree in epithelial tissues was
shown to be a consequence of cell divisions in 2D (Gibson et al., 2006) Similarly,
topologically similar models of the Arabidopsis SAM were used to establish whether
the emergence of global order is simply consequence of dividing cells embedded
within 3D space. To determine this, firstly models that shared both local and global
topological properties were required. Different models were created in silico using

Voronoi tessellation with varying parameters (Section 2.3.2).

Previously, random points in 2D space were Voronoi tessellated to generate model
epithelia, before their centres were extracted and Voronoi tessellation was performed
again (Escudero et al., 2011). This process was repeated iteratively to create a set of
models referred to as the Centroidal Voronoi Tessellation Path (CVT Path). These
models were successful in capturing the local topological properties of many
epithelial tissues. The first class of models created in an attempt to recapitulate the
cellular organisation in the Arabidopsis SAM was based on the CVT Path, extended
into three-dimensional space (Figure 5.14). To create meristem models, Voronoi
tessellation was first used with centroids with fixed z coordinates, creating four
distinct layers representing L1-L4 in the SAM, whilst the x and y coordinates were
randomly sampled. Centres of cells were extracted and tessellated iteratively, to

generate steps 1, 2 and 5 of the CVT Path (Figure 5.14A, B and C).
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Visually, cells in the CVT Path models shared features with Arabidopsis SAM cells
(Figure 5.5 and Figure 5.14). Geometric and topological properties of models were
compared to those of the real Arabidopsis SAM, by comparing distributions (Section
2.6.2). Volume was normalised within all models and samples before comparison to
account for differences in model and imaged samples relative cell sizes, so that the
largest cell in each model had a normalised volume of 1. In terms of geometry, there
were significant differences between all models in the CVT Path and the Arabidopsis
SAM (Figure 5.14D). Each step on the CVT Path reduced the breadth of the
normalised volume distributions, though none were similar to the slightly left-shifted
distribution of normalised cell volume in the real meristems. Similarly, there were
significant differences between cell degree and RWC distributions in CVT Path
models and Arabidopsis SAMs (Figure 5.14E and F). Again, though not necessarily
related to the normalised volume, distributions of degree and RWC in the models fail
to capture the left-shifted nature of the real meristems’ distributions, and each CVT
Path step taken results in further shifting of these properties to higher values, with
less variance. This indicates that models created with the CVT Path do not suitably

capture the local and global cellular organisation of the Arabidopsis meristem.
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Figure 5.14. SAM models constructed using the Centroidal Voronoi Tessellation
Path.

(A) A 3D, 4-layered meristem model created by randomly sampling centroids for
subsequent Voronoi tessellation, representing Step 1 of the CVT Path. (B) A model
created using Voronoi tessellation of the cell centres in the Step 1 model,
representing Step 2 of the CVT Path. (C) A model created with 5 iterations of
repeated Voronoi tessellation of cell centres, representing Step 5 of the CVT Path.
(D) Normalised cell volume in the A. thaliana SAM and CVT Path models. (E) Degree
in the A. thaliana SAM and CVT Path models. (F) Random walk centrality in the A.
thaliana SAM and CVT Path models. Error bars represent the standard deviation
within a frequency bin from 4 replicate samples of each model and the Arabidopsis
SAM. A * denotes a significant difference between distributions of the Arabidopsis
SAM and a model (normalised volume and random walk centrality: Kolmogorov-
Smirnov test, p < 0.05, degree: X*-test, p < 0.05). Figure reproduced from Jackson et
al., 2019, Cell Systems.

Because the CVT Path models were not sufficient to capture organisation in the A.
thaliana SAM, another set of models was constructed. To generate another class of
models, uniformly spaced centroids in a 4-layered structure were subjected to
increased amounts of uniformly sampled random movement, or noise, in the x and y
directions, and Voronoi tessellated (similarly to Section 3.2.2) (Figure 5.15A — D).
Qualitatively, this increase applied centroid noise resulted in increasingly diverse cell

shapes in the models.
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As with the earlier CVT Path models, adding any amount of uniformly distributed
noise to centroids before Voronoi tessellation was not sufficient to recapitulate the
geometric, or topological properties of the Arabidopsis SAM, and distributions of
normalised volume, degree and RWC differed significantly in all of these models

(Figure 5.15E, F and G).

Adding noise sampled from uniform distributions to centroids before Voronoi
tessellation did not generate models with similar organisational features to the
Arabidopsis meristem, but other methods for sampling noise are possible. Before,
tessellation, equally spaced centroids were moved using noise sampled from both
Gaussian (normal) and Pareto (Hosking and Wallis, 1987) distributions (Figure
5.15H, | and J). Again, the geometric and topological properties of these models
were significantly different from those of the A. thaliana SAM, and had a less similar
cellular organisation to the real meristem than models using uniform noise sampling
(Figure 5.15E, F and G). Therefore, increasing the randomness of centroid positions
in Voronoi tessellation, despite in many cases generating qualitatively similar
structures to the Arabidopsis SAM, did not generate topologically similar models in a

quantitative sense, using a diverse range of centroid position sampling methods.
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Figure 5.15. SAM models constructed using equidistant centroids, with the addition
of random noise before Voronoi tessellation.

(A) A 3D, 4-layered lattice of cubes, where cell centres are equidistant from one
another. (B) A 3D, 4-layered meristem model created by Voronoi tessellation of
equidistant centroids from a lattice, each moved by a random amount from a uniform
distribution between 0 and 4 pym in the x and y directions. (C) A meristem model
created with Voronoi tessellation of centroids, randomly moved between 0 and 8 pm,
sampled from a uniform distribution. (D) A meristem model created with Voronoi
tessellation of centroids, randomly moved between 0 and 12 ym, sampled from a
uniform distribution. (E) Normalised cell volume in the A. thaliana SAM and uniform
centroid noise models. (F) Degree in the A. thaliana SAM and uniform centroid noise
models. (G) Random walk centrality in the A. thaliana SAM and uniform centroid
noise models. (H) A meristem model created with Voronoi tessellation of centroids,
randomly moved between 0 and 4 pm, sampled from a Gaussian distribution. (I) A
meristem model created with Voronoi tessellation of centroids, randomly moved
between 0 and 8 ym, sampled from a Gaussian distribution. (J) A meristem model

205



created with Voronoi tessellation of centroids, randomly moved between values
sampled from a Pareto distribution, with a = 2.5. (K) Normalised cell volume in the A.
thaliana SAM and Gaussian and Pareto centroid noise models. (L) Degree in the A.
thaliana SAM and Gaussian and Pareto centroid noise models. (M) Random walk
centrality in the A. thaliana SAM and Gaussian and Pareto centroid noise models.
Error bars represent the standard deviation within a frequency bin from 4 replicate
samples of each model and the Arabidopsis SAM. A * denotes a significant
difference between distributions of the Arabidopsis SAM and a model (hormalised
volume and random walk centrality: Kolmogorov-Smirnov test, p < 0.05, degree: x*
test, p < 0.05). Figure reproduced from Jackson et al., 2019, Cell Systems.

In all previous models, that did not reflect the topological properties of the
Arabidopsis meristem, Voronoi tessellation was used, in which all cells expand
starting from centroid positions, until all free space has been filled, and cells
completely tessellate (Section 2.3.2). In normal Voronoi tessellation, the rate of cell
expansion from each centroid position is constant in all directions. Using a variant of
the Voronoi process, anisotropic Voronoi tessellation (Du and Wang, 2005),
directions of growth, and the rate of growth in these directions, can be specified. This

results in different cell shapes, and different tessellation of cells.

A series of models was generated using anisotropic Voronoi tessellation, where
centroids were sampled from a lattice with equidistant ordered cell positions (Figure
5.16A). Three primary directions of growth were randomised for each cell centroid,
and the rate of growth in each of these directions (the magnitude) was randomly
varied (Figure 5.16A — D). Using this method, though the centroid positions were

invariant in each model, the shape and size of resulting cells was variable.
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Qualitatively, there was little difference between anisotropic Voronoi models with
different magnitudes of directional growth (Figure 5.16B, C and D). As in all previous
models, normalised cell volume was significantly different in anisotropic Voronoi
tessellation models, compared to real Arabidopsis SAM cell size (Figure 5.16E). In all
models, irrespective of allowed growth magnitude, there were many more small cells
than were present in the A. thaliana meristem. However, in terms of both local and
global topological measurements, there were no significant differences between
distributions of degree or random walk centrality in any anisotropic Voronoi models
and the real Arabidopsis SAM. This suggests that anisotropic Voronoi tessellation of
ordered centroids is not necessarily a valid to reproduce cell geometry in the SAM,
but can be used to recapitulate organisational properties of the Arabidopsis
meristem. As the distributions of degree and RWC were similar in all anisotropic
Voronoi models, the earth-mover’s distance was calculated, quantitatively comparing
distributions of these models to the topological distributions of A. thaliana, and
determining which model was organisationally the most similar (Figure 5.16H and I).
Earth-mover’s distance between degree and RWC distributions of models using
magnitudes of direction growth between 1 and 3 were most similar to those in the
Arabidopsis SAM, indicating that this was the most suitable model. Additionally, the
relationships between measurements of cells in this anisotropic Voronoi model are
similar to relationships in the Arabidopsis SAM (Figure 5.7 and 5.17) As in A.
thaliana, the strongest linear correlations are seen between are and volume, and
between the topological properties of degree, logiy betweenness centrality and
random walk centrality, while moderate relationships are present between geometric

and topological features (Figure 5.17).
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Figure 5.16. SAM models constructed using anisotropic Voronoi tessellation.

(A) A 3D, 4-layered lattice of cubes, where cell centres are equidistant from one
another. (B) A 3D, 4-layered meristem model created by anisotropic Voronoi
tessellation of equidistant centroids in a lattice, where directions of expansion are
randomised, and the magnitude of growth in each direction is uniform. (C) A
meristem model created with anisotropic Voronoi tessellation, where the magnitude
of growth in each direction is randomly chosen, between 1 and 3. (D) A meristem
model created with anisotropic Voronoi tessellation, where the magnitude of growth
in each direction is randomly chosen, between 1 and 100. (E) Normalised cell
volume in the A. thaliana SAM and anisotropic Voronoi models. (F) Degree in the A.
thaliana SAM and anisotropic Voronoi models. (G) Random walk centrality in the A.
thaliana SAM and anisotropic Voronoi models. (H) Earth-mover’s distance between
the degree distributions of anisotropic Voronoi models and the A. thaliana SAM. (I)
Earth-mover’s distance between the random walk centrality distributions of
anisotropic Voronoi models and the A. thaliana SAM. Error bars represent the
standard deviation within a frequency bin from 4 replicate samples of each model
and the Arabidopsis SAM. A * denotes a significant difference between distributions
of the Arabidopsis SAM and a model (normalised volume and random walk centrality:
Kolmogorov-Smirnov test, p < 0.05, degree: X*-test, p < 0.05). Figure reproduced
from Jackson et al., 2019, Cell Systems.
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Figure 5.17. Pairwise linear regressions between cell measurements in the
anisotropic Voronoi tessellation models with magnitudes 1-3.

A heat map shows the coefficient of determination (RZ) between each pair of
variables. Figure reproduced from Jackson et al., 2019, Cell Systems.

The purpose of constructing a topologically similar model of the A. thaliana SAM was
to determine whether the effect of random walk minimisation from a geometric
division rule was purely an emergent property of any cells packing into 3D Euclidean
space. This can now be addressed with the topologically equivalent anisotropic

Voronoi Arabidopsis SAM model.
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As with the real A. thaliana meristem meshes, model meristems were divided
computationally using the shortest wall rule, the Gibson rule and the minimum degree
rule, until all cells had divided twice. However, in contrast to results from continuously
dividing the A. thaliana samples, dividing cells using the shortest wall, or any other
rules, was not significantly better at preserving the random walk centrality distribution
in the meristem model than using random division planes (Figure 5.18A). Whereas in
Arabidopsis meristems, dividing all cells with the shortest wall rule generated a global
topology more similar to the original templates than when using random cell walls
(Figure 5.12F), using Errera’s rule in the model meristem was insufficient to maintain
global cellular topology in the system. This suggests that particular, pre-existing
geometric factors in the Arabidopsis SAM are necessary for the emergent property of

random walk centrality regulation, arising from a local geometric division rule.
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Figure 5.18. The effect of simulating repeated divisions in a model SAM.

(A) Earth-mover’s distance between random walk centrality distributions of the
computationally divided meristem model, and the original model. (G) Earth-mover’s
distance between degree distributions. Each cross represents an individual
comparison. Error bars are + the standard deviation of the mean. A * represents a
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significant difference in median earth-mover’s distances (Mann-Whitney U test, p <
0.05). Figure adapted from Jackson et al., 2019, Cell Systems.

5.2.7 The effect of mechanical cell interactions on SAM organisation

Cell shape in plants is largely controlled by the mechanical interactions between cells
in tissues (Hamant et al., 2008). Having explored the role of cell shape on the
emergence of cellular organisation in the SAM through a geometric division rule,
using topological meristem models, the role of mechanically determined cell shape in

maintaining organisation in the real SAM system remains to be established.

To examine the effects of mechanical cell interactions on SAM topology and
organisation the Arabidopsis mutant katanin1 (ktn1) was used, which lacks the
KATANIN1 gene, responsible for the severing of microtubules in the cell (Bichet et
al., 2001) (LuptovCiak et al., 2017). Microtubules have been demonstrated to
influence intercellular mechanical interactions, which in turn coordinate cell shape
(Uyttewaal et al., 2012). ktn1 mutant cells are defective in their ability to sense
neighbouring cells through microtubules, preventing the mechanical feedbacks from

controlling cell shape.

Imaging of the katanin1 mutant, and qualitative comparison of cell patterning with
that of wild-type Arabidopsis shows that cell shape, along with the overall tessellation
of cells in the SAM, differed (Figure 5.19A and B). Irrespective of this, the
relationships between geometric and topological properties in the ktn1 mutant

meristem remained similar to the correlations between properties in wild-type
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Arabidopsis thaliana (Figures 5.7D and 5.20). Though average cell size was not
significantly different between the wild-type and mutant SAMs, cell shape, measured
using anisotropy (Section 2.5.3), was more elongated in the katanin1 mutant,
quantitatively confirming the role of microtubules in controlling this aspect of cell
shape (Figure 5.19C and D). As well as cell shape, both average degree and random
walk centrality were significantly different from wild-type Arabidopsis in the ktn1
mutant (Figure 5.19E and F), suggesting that some control of local and global
organisation is lost when microtubule severing is not fully functional. In particular, the
average RWC increased in the ktn1 mutant, indicating that the loss of normal cell
shape control may be impacting the random walk minimising effect of cell division

using the shortest wall.

These results suggest that the loss of normal cell shape in the ktn1 mutant is linked
to a loss of cellular organisation in the SAM at both the local and global scales.

This result, using genetic perturbation, reflects the trends observed using model
SAMs, where native cell shape at a local scale in A. thaliana is required in order to
ensure minimisation of the emergent global order property of RWC across the

meristem.
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Figure 5.19. Geometric and topological properties of the ktn17 mutant SAM.

(A) A top-down confocal image cross-section of cells in the wild-type Arabidopsis
thaliana SAM. (B) Cells in the ktn1 mutant. (C) Distributions of volume in wild-type
Arabidopsis and the kin1 mutant SAMs. (D) Cell anisotropy in wild-type and kin1
SAMs. (E) Cell degree in wild-type and kin1 SAMs. (F) Random walk centrality in
wild-type and ktn1 SAMs. Error bars are * the standard deviation within a frequency
bin from 4 replicate samples of each wild-type Arabidopsis and ktn1 SAM. A *
denotes a significant difference between means (t-test, p < 0.05). Figure adapted

from Jackson et al., 2019, Cell Systems.
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Figure 5.20. Pairwise linear regressions between measurements in the ktn1 SAM.
A heat map shows the coefficient of determination (RZ) between each pair of
variables. Figure reproduced from Jackson et al., 2019, Cell Systems.

5.3 Discussion

Using organ-wide 3D imaging of meristem development, and representation of the
tissue as cellular interaction networks, the impacts of local processes on global cell
organisation have been elucidated. This has shown that the induction of mitosis is
related, though not necessarily controlled, to the topological properties of individuals
within cellular communities. In addition, evidence is presented for a counter-
optimised global organising property within the SAM, working to maximise path

length through geometric cell division control.
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The timing of division appeared to be controlled differently in the tomato SAM than in
A. thaliana, and was influenced by the local topological property of cell degree.
However, these results may have been influenced by the large number of cell
divisions between tomato SAM time points, compared to a lower rate of division in
Arabidopsis. This may have had large consequences for comparisons made between
non-dividing and dividing cells, and the data included in logistic regression models.
Each division affects the local and global topology of other cells, and the order of
divisions was unknown. For the same reason, the Arabidopsis SAM was more

suitable for the later analysis of division planes.

For more precise study of the impact of cell topology on division timing in both
species, knowing the sequence of cell divisions, and therefore enabling the
construction of cellular connectivity networks between every cell division, would allow
much stronger claims to be made. Though intensive in terms of initial image
acquisition, higher temporal resolution could be achieved with much shorter time

steps between the acquisitions of developing meristem images.

A striking difference between the organisation of the SAM in Arabidopsis and tomato
is the different relationships between geometric and topological properties, identified
using linear regression (Figure 5.7D and 5.8D). There was a decoupling of topology
and geometry in tomato SAM cells, potentially allowing increased control of biological

processes that are mediated by either trait.
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The emergence of RWC minimisation through cell division across the meristem likely
stems from the local behaviour of individual cells, as many observed division planes
minimised both cell wall area and RWC. The specific layout of cells in the SAM, and
subsequent timing of divisions and their division planes, is conducive to maximising

reductions in daughter cell RWC.

The significance of minimising RWC, which is essentially a measure of global
connectivity, may lie in a structure-function relationship in the cellular organisation of
the SAM. Cells within organs are influenced by their cellular context, not only by their
immediate neighbours, but also their wider cellular community (Hamant, 2017).
Looking further into higher order properties of tissue organisation allows us to build

an understanding of how cells work together to make a complex, functional system.

The calculation of RWC uses random walkers to traverse the network, similarly to a
diffusive process (Codling et al., 2008) (Jackson et al., 2017a) (Newman, 2018),
common throughout many biological systems (Othmer et al., 1988). This makes the
measure suitable for identifying organisational features were the specific function of
cell patterning is unknown. Here, RWC was used to model the routes of potential
information flow across the SAM cellular network. This revealed that some cells,
based on their topological context, are more likely to facilitate the movement of

information.
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In the Arabidopsis SAM, there is a noticeable absence of cells that are positioned on
particularly short paths, which could potentially facilitate transport throughout the
organ. Instead, the topological analysis carried out suggests that information follows
no optimised route in the meristem. In a system where RWC is continually
constrained and minimised through cell division, there is no subset of cells that are
crucial for the transport of agents. The consequence of this topology is that it ensures

robust transport of information across the SAM, at the cost of efficiency.

Whilst the organisation of cells in the SAM results in low efficiency, there are
advantages to not relying on a subset of cells for transport of information throughout
the system. In nature, due to its exposed apical position in many plants (Sussex and
Kerk, 2001), the SAM is susceptible to herbivory, and with this the damage and loss
of cells. The robust arrangement of cells in the SAM ensures that the loss of any

given cell in the meristem is unlikely to affect transport within the organ.

Cell shape plays a role in SAM organisation, revealed by the perturbed mechanical
forces in the KATANIN1 mutant, where the meristem’s ability to minimise RWC in
dividing cells appears to be compromised. The shapes of individual cells at the local
level are of utmost importance to the global SAM organisation, and its ability to

develop a robust cellular architecture.

It is not trivial to explain, or create a model, of how a cell could perceive its own
centrality in any given cellular organisation. In turn, there is little evidence to suggest

that top-down organisation could influence the construction of patterning in organs. In
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the SAM, the emergence of RWC minimisation from local, bottom-up division rules
provides a biologically plausible explanation of how a tissue could minimise a global
organisational property. This represents a feature that could be positively selected
for. Using only a simple set of local rules to generate a complex topological

phenotype with high robustness is likely to be an advantage for a species.
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CHAPTER SIX: GENERAL DISCUSSION
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6.1  Overview

This work has established a method and pipeline for the quantification of cellular
patterning and organisation in multicellular 3D tissues. Exploration of how cells
tessellate in 3D space, using appropriate local and system-wide topological
measurements, has revealed how different cellular architectures can contribute to
organisational properties of an organ. Using high-resolution 3D image datasets,
networks of cellular interactions in a diverse range of hypocotyls and shoot apical
meristems were generated. The topological analysis of these networks revealed
previously undescribed links between cellular structures at a global scale, and

various organ functions.

6.2 Organisational optimisation in the hypocotyl and SAM

In the hypocotyls of some ecotypes of Arabidopsis thaliana, cellular network analysis
using betweenness centrality identified the presence of a topological ‘shortcut’
through the epidermis, which was subsequently confirmed to have a role in the
longitudinal, non-specific bulk-flow of molecules (Jackson et al.,, 2017b). This
organisational property, as with all patterning in plant tissues, is a result of
coordinated cell division and expansion, decreasing the length of paths specifically

through atrichoblast cells.

Though also controlled by cell division and growth, the opposite organisational

phenomenon is observed in the shoot apical meristem. In the meristem, cells divide

using the cell wall with smallest area, which tends to maximise path length through
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the daughter cells. This reduces the capacity for any specific set of cells to be

preferentially involved in transport processes across the SAM.

Whilst the hypocotyl epidermis is optimised for global transport efficiency, the shoot
apical meristem is counter-optimised for this organ-wide property, and highly
inefficient. This is however not without benefits, as a reduction in the transport
efficiency of a network generally increases robustness of the system to damage
(Latora and Marchiori, 2001) (Boccaletti et al., 2006). These two opposite
organisational strategies are features that have advantages for specific organ
function. The hypocotyl, as the embryonic stem, has increased transport capacity to
move resources throughout the plant, while the meristem, situated close to the top of

the plant and at high risk of herbivory, is notably fault-tolerant.

6.3 Exploring cellular organisation in other plant tissues

It stands to reason that if novel structure-function relationships can be identified in
the hypocotyl and meristem using analysis of cellular networks, that this approach
could uncover interesting properties in other plant organs. Other organs may also
employ a similar strategy of using bottom-up rules to generate cellular architectures
with useful global features. Amongst others, the leaf and the root meristem are two

organs in which the analysis of cellular organisation may be of interest.

In the leaf epidermis, cell shape and size is highly irregular, and similar to ‘puzzle-
pieces’ in appearance (Zhang et al., 2011) (Jacques et al., 2014). This cell geometry

is controlled in Arabidopsis by genes containing the Arp2/3 complex, allowing
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protrusion of cell wall lobes (Li et al., 2003). During development of the leaf, continual
asymmetric divisions in epidermal cells result in unequally sized daughter cells,
driving variability in cell size (Jakoby and Schnittger, 2004). Additionally, stomata are
interspersed between cells at regular intervals, arising from further asymmetric cell
division of pavement cells, controlled by the gene TOO MANY MOUTHS (Nadeau

and Sack, 2002).

Whilst the interlocking protrusions in pavement cells are thought to enhance
mechanical stability of the leaf as a whole (Jacques et al., 2014), there is no clear
understanding of how leaf cell organisation affects leaf function. It is possible that
features of cell patterning in this organ, as in the hypocotyl and meristem, may be
advantageous for the leaf’s role in the capture of light and localised generation of
sugars (Smith et al., 1997). Imaging this tissue in 3D at cellular resolution, and
extraction and analysis of the cellular connectivity network may reveal links between
the highly specific nature of leaf structure, and its function. Analysing the leaf
epidermis in its native 3D context could also uncover organisational relationships

between the epidermal layer and underlying cells.

While the shoot apical meristem is the source of all above ground tissue plants, the
root meristem is responsible for continued below ground root growth (Dolan et al.,
1993). The root meristem consists of one initial cell for every cell file, which divides to
produce a daughter cell undergoes further divisions before differentiation and
elongation, along with a daughter cell to replace itself, and its meristematic activity

(loio et al., 2008). Signalling from the quiescent centre, near the tip of the root, acts
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to maintain this activity by repressing differentiation in meristem cells (van den Berg

etal., 1997).

Gradients of auxins (Grieneisen et al., 2007), cytokinins (Werner et al., 2001) and
gibberellins (Ubeda-Tomas et al., 2009) each determine the size and structure of the
root tip and meristem, whilst simultaneously inducing and suppressing root growth.
The patterns of cells on which these plant hormones operate are likely to influence
their behaviour, and extraction of cellular interaction networks, along with network
analysis, may reveal unknown organisational properties of root cells that contribute to
their regulatory function. As in the shoot apical meristem, this type of analysis may
shed light on the enduring question of how cell division and cell differentiation is
balanced in the root to ensure continued growth (Fisher and Sozzani, 2016) (Di

Mambro and Sabatini, 2018).

6.4 Functional annotation of cellular connectivity networks

Analysis throughout this work has focused mainly on purely structural cellular
connectivity networks. In cases where more information is available about nodes or
edges, for example the size of connecting cell wall area representing a cellular
interaction, it is possible to annotate a network. This constitutes a weighted network,
and results in bias for edges with high values during the calculation of some
measures, including betweenness centrality and random walk centrality (Newman,
2018). Though annotating network edges with shared cell wall area to generate
weighted networks did not aid in analysis of the hypocotyl (Section 4.2.4), other types

of network annotation may prove more useful.
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Molecules, including chemical signals, can move through cells using the symplastic
pathway, which is essentially an interconnected network of cell cytoplasm through
gaps in cell walls, or plasmodesmata (Roberts and Oparka, 2003). Since cellular
networks can be used to model the potential paths that molecules might take through
a multicellular system (Figure 4.9) (Jackson et al., 2017a), if data on localisation of
plasmodesmata between cells in tissues was available, this would represent a valid
network annotation. Plasmodesmata at particular cell-cell interfaces can be identified
using confocal microscopy of samples, with propidium iodide to stain cell walls, along
with fluorescent-labelled members of the Plasmodesmata-located Protein 1 gene
family (Bayer et al., 2008) (Fitzgibbon et al., 2013). This approach can be used to
count plasmodesmata at cell interfaces, which could be added as a weighting to

cellular connectivity network edges.

Plasmodesmata in the context of modelling processes in cellular connectivity
networks are of particular interest, as their distributions across physically connected
cells in tissues are not uniform (Fitzgibbon et al., 2013). Development of
plasmodesmata occurs in two stages, where primary plasmodesmata formed during
cytokinesis, acting as a bridge between cytoplasm in the daughter cells, while
secondary plasmodesmata are formed between specific pre-existing cells (Ehlers
and Kollmann, 2001). Graph-theoretic measurements of possible symplastic
molecular flow through plasmodesmata using annotated networks would therefore be

biased towards cellular interactions with high numbers of cytosolic bridges,
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potentially revealing additional features of cellular organisation in tissues than using

cellular connectivity alone.

Additionally, plants have the ability to up- or down-regulate symplastic flow, using the
reversible deposition of callose at plasmodesmata junctions, which regulates their
permeability (Zavaliev et al., 2011). This dynamic opening and closing of
plasmodesmata, provides the opportunity to study the capacity for signal transduction
control in plant cellular networks (Liu et al., 2011). The effect of allowing and
disallowing information transport through certain paths on the whole multicellular
system could be examined using variably weighted cellular connectivity networks.
Through this process, the potential capacity for control in plant tissues is enormous,
theoretically allowing multicellular plant systems to perform complex computations

with chemical agents.

Though of key importance, the capacity for regulation of cytoplasmic flow is not
limited to the functions of plasmodesmata. In many examples, membrane-spanning

proteins that link adjacent cells can transport specific molecules between cells.

Of particular interest is the flow of auxin throughout plant tissues, controlled by a
class of proteins known as the PIN family (Petrasek and Friml, 2009). PINs are
responsible for the directional flux of auxin, and are often situated between specific
polar cell-cell interfaces (Wisniewska et al., 2006). Through their highly controlled
positioning, PIN proteins play roles in controling many auxin-mediated

developmental processes in various organs (Benkova et al., 2003) (Blilou et al.,
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2005). By using cell wall staining and tagged PINs to identify cellular localisation in
confocal microscopy (Wisniewska et al., 2006), a directional cellular network
weighted with relative numbers of transporters between adjacent cells could be
constructed. This directional network could be used to model identify paths of auxin
transport throughout tissues at cellular resolution, potentially highlighting how global

cellular organisation contributes to this process.

6.5 Normalisation of topological measurements of cellular connectivity

Some graph theory measurements are more suited to applications in cellular
connectivity networks than others. There are limitations to be aware of when using
network science algorithms, even in the relatively simple centrality measurements
that were used to explore plant tissues in this work. In both betweenness centrality
and random walk centrality, a standard normalisation was applied, which accounts
for the size of the network, specifically multiplying the number of paths each node lies
on by the number of node pairs in the system (Brandes, 2001) (Hagberg et al., 2008)
(Section 2.4.3). Analysis of 3D organ models showed that increasing the number of
cells in an organ influenced the averages and the variability of these measures
(Section 3.2.1), indicating that this normalisation is not appropriate for spatially
embedded 3D systems. Because of this observation, in the case of further cellular
connectivity networks used, the analysis of real tissues was constrained to networks
with similar numbers of nodes. However, this theoretically restricts the comparison of
organs with drastically different sizes, perhaps preventing further insights into cellular

structure and function relationships.
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Though theoretically, any graph can be made using nodes embedded in 3D
Euclidean space, the size and shape restrictions of cells do not allow for certain
archetypal network layouts. One such common network structure reported repeatedly
across diverse fields is the scale-free network, defined by the presence of few nodes
with many edges, known as hubs, along with most nodes having few edges
(Barabasi and Albert, 1999). The discovery of the scale-free network architecture
across diverse systems was in part responsible for the explosion of network science
as a field (Barabasi, 2009), and it is possible that many network science analysis
algorithms were developed with this type of network in mind, making them less
suitable in other network layouts (Broido and Clauset, 2018). Constraints on cell
shape and size in tissues do not allow for realistic cellular connectivity networks with
scale-free properties, possibly making certain analyses less powerful, or less
suitable, when used to explore organ-wide cellular organisation. Looking forward, it
may be possible to develop a more suitable global centrality normalisation, for the
exclusive purpose of measuring connectivity in 3D spatially embedded cellular
systems. This normalisation would have to take the topological consequences of

cells tessellating in 3D space into account.

6.6 Inspirations for further cellular network analysis

As well as in the biological sciences, particularly in neuroscience and genomics,
interdisciplinary research involving network science have resulted in advancements
in the fields of sociology, urban planning and computer science, amongst others
(Lazer et al., 2009) (Derrible and Kennedy, 2011) (Sharma and Singh, 2018). Any

system that can be described using the interaction of multiple entities can potentially
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be explored using graph theoretic approaches, whether these entities are molecules,
people or vehicles, or something else entirely. Due of the level of abstraction involved
in representing a system of interacting components into a network, many algorithms
used to analyse networks in diverse fields of study may be applicable to cellular
connectivity networks. Similarly to how betweenness and random walk centrality
identified novel features of the hypocotyl and shoot apical meristem, other network
measurements have the potential to reveal organisational properties in multicellular

tissues.

Network science is a fast-moving field, and new algorithms for identifying interesting
features and key components of complex networks are published regularly. One
algorithm that may be of interest for analysis of cellular connectivity networks is
‘transmission centrality’ (Zhang et al., 2018). This centrality identifies highly influential
nodes, likely to make significant contributions to the spread of a transmissible
element across a network. The algorithm uses an adaptation of the classic SIR
model employed in epidemiology, which is used to predict spread of disease in a
population, where individuals are susceptible (S), before becoming infected (I), and
subsequently recovered or removed (R) with variable rates (Kermack and
Mckendrick, 1927) (Hethcote, 2000). In transmission centrality, this processes is
simulated in a network by selecting random starting nodes that become infected, and
with certain probability, infect their neighbours, spreading the infected status

throughout the graph.
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The transmission centrality algorithm shares similarities with random walk centrality,
whereby spreading of both random walkers and disease is a stochastic process that
does not require prior knowledge of the network. However, in contrast to random
walk centrality, the recovered or removed state of nodes after infection prevents
backtracking of agents in transmission centrality, resulting in different graph-traversal
dynamics. Transmission centrality may be a good alternative model for potential
diffusive processes across a cellular connectivity network, and useful for the
identification of cells with a large influence over spreading of information in the
system. Whether this measure provides additional analytical capacity over random
walk centrality, and other network measurements, can be established by determining
the extent of correlation between topological measurements in cells within the same

cellular network, as carried out in this work (Sections 4.2.8 and 5.2.2).

Another potentially relevant measure of global topology is navigation centrality, used
to explore connectivity between regions of the brain, in coarse-grained MRI-
generated networks (Seguin et al., 2018). Navigation centrality was developed to
examine how similar shortest paths between nodes, with minimal node traversal, are

to geometrically determined paths.

To calculate navigation centrality, as in other global centrality measurements, paths
are identified between all pairs of cells in a network. These paths are determined
using only local geometric information about neighbouring cells, where on the route
from one cell to another, the closest node to the target node in 3D space is traversed

repeatedly, until the target node is reached. Paths between some pairs of cells are
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never identified, if during the path-identifying algorithm, no neighbouring node is
closer to the target than itself. Navigation centrality for every node in a network is
defined as the number of times a node is traversed in these geometrically determined

paths.

In coarse-grained brain networks, though navigation centrality uses only local cell
information, it shares similar features with betweenness centrality, which requires
global knowledge of the network layout in its calculation (Seguin et al., 2018). As it is
difficult to propose a biologically plausible mechanism by which betweenness
centrality can be calculated by cells in tissues, navigation centrality may represent a
more suitable algorithm than betweenness centrality for identifying paths through a
cellular network, especially when geometric distance between cells is a relevant

feature of the process being modelled.

As well as measurements of centrality, other network science methods can be used
to identify interesting features of a given graph. In the fields of electronic engineering,
ecology and biochemistry, distributions of network motifs are often identified to gain a
deeper understanding of network structure (Shen-Orr et al., 2002). Motifs are
common repeated units, seen repeatedly within and across networks, and can be
identified by extracting subsamples of a network with different numbers of nodes,

while counting the recurrence of observed patterns.

Cellular connectivity networks each have particular organisations, potentially linked to

their biological function. Identification of motifs in cellular networks could be used to
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understand how design principles in small subsections of a tissue or organ contribute
to the organisation of the system as a whole (Smoly et al., 2017). Though not
suitable for large networks, due to the computational time taken to iteratively sample
a network to find repeated patterns, algorithms for this process are becoming faster
and more efficient, and would be sufficient to identify motifs in small cellular
connectivity networks of around 1000 nodes in the order of days, on a modern

computer (Lin et al., 2017).

6.7 Applications to animal tissues

With results indicating that that the organisation of cells within tissues may contribute
to organ function in plant systems (Section 4.2), it is possible that the same is true in
animal systems. However, it is worth noting that unlike in plant organs, the focus of
this work, cells in animal systems can move, using the continuous rearrangement of
intracellular cytoskeletal elements to traverse their environment (Pollard, 2003). This
means that in animal organs, adjacency between cells can vary throughout
development, even without cell division and growth (Wallingford et al., 2002). To
abstract cellular connectivity across an animal tissue, rather than an invariant
structural network, it may be more appropriate to represent cellular interactions over

time as a temporal network.

In a temporal network, edges between nodes can be temporary, and contain
information about the time in which they took place (Holme, 2015). Though most
frequently used in social sciences to model human proximity in social situations,

temporal networks have been used in the biological sciences to link regions of brain
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activity over time using fMRI scanning (Cole et al., 2014). Using live confocal
microscopy imaging of animal organs (Marques et al., 2015), and recent
developments in computer vision (Weinzaepfel et al., 2015) (Murata et al., 2018) to
formulate a protocol to map temporal cell interactions, will enable the construction of

temporal cellular interaction networks.

The availability of data sets incorporating temporal information has historically been
low, though this availability is increasing, driven by more recent advances in the
technologies enabling their capture and storage (Santoro et al., 2011) (Wu et al.,
2017). Because of this, algorithms for the analysis of temporal networks are at a fairly
early stage in comparison to methods available for the analysis of static, structural
networks (Holme, 2015). However, methods exist to measure aspects of network
evolution over time, which would enable the quantification of cellular organisation
during different stages of development (Holme, 2015). It is also possible to measure
the stochasticity of interactions made over time by calculating the entropy of a
temporal network (Takaguchi et al., 2011). In terms of cellular connectivity over time,
monitoring network entropy would allow deterministic natures of particular

developmental organisational processes to be quantified.

6.8 Potential for optimal organ design

Small-scale models of 3D organs, named organoids, have recently been developed
to allow previously technically challenging in vitro human organ research (Fatehullah
et al., 2016). These organoids have similar properties to the organs they are

modelled on, and in some cases can even be used in transplantation to replace
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human tissues (Shamir and Ewald, 2014). Additionally, the capacity to fabricate 3D
organs with the use of what is essentially a cellular 3D printer is an emerging
technology (Mironov et al., 2003) (Mironov et al., 2011), enabling the construction of

increasingly complex biological tissues in a high-throughput manner.

Applying the knowledge that the structure of these tissues affects their function,
going forward it may be possible to construct biological tissues that are improved in
specific functions, or even entirely new organ functions, by controlling cell
organisation. As synthetic biology advances as a field, the notion that particular cell
arrangements can give rise to global tissue properties may help to inform the design
of multicellular tissues with desired functionality (Markson and Elowitz, 2014) (Black

etal., 2017).

A theoretical morphospace for synthetic organ design has been postulated,
suggesting that much of what is possible with a multicellular tissue is not represented
by the myriad of forms observed in the natural world (Ollé-Vila et al., 2016). Areas
identified where the full range of organ possibilities is yet to be explored include
developmental complexity of a system, along with its capacity for the control of
information flow. These features can be quantified using a network science
framework for exploring the functional outputs of cell organisation. Network analysis
could be used to address the possible reasons why certain multicellular designs are
not naturally present, or alternatively to guide the creation of models and real

synthetic tissues with previously unobserved properties.
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6.9 Concluding remarks

The work undertaken in this thesis represents a fundamental step towards
understanding the links between organ structure and function at the cellular level.
Future advancements in imaging, network science theory, and computational power,
will enable further analysis of this relationship, through high-quality, data-rich

microscopy, and increasingly powerful, appropriate analysis algorithms.

234



APPENDICIES

Appendix 1 — Synopsis and contributions to incorporated elements from the
paper:

JACKSON, M. D. B., DURAN-NEBREDA, S., BASSEL, G. W. (2017). Network-
based approaches to quantify multicellular development. Journal of The Royal
Society Interface, 14, 20170484.

Synopsis

In this review article, the multicellular structures of diverse organs are discussed,
along with the functional properties conferred by these structures. Though there are
many examples of how local cell signalling is involved in the development of these
multicellular structures, less is known about organ-wide cell patterning and its

formation. Less still is understood about how global organisational properties of

tissues play a role in organ function.

To uncover links between structure and function at an organ-wide scale, a
conceptual framework for the quantification of global cellular patterning is suggested.
Through abstraction of cell interactions across a tissue into a network, and
subsequent network analyses, cellular organisation can be discretised, enabling

comparisons between patterning across different organs, species and models.

The thorough framework to quantify multicellular patterning outlined in this review

allows a more nuanced understanding of higher-order organisational properties in

organs. This in turn provides the opportunity to explore constraints on the evolution of
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cellular organisation, potentially guiding the design of novel organ and tissue

structures with specific functions.

Contributions relating to the thesis
M. D. B. J created figures 3.1, 3.2 and 3.3, which were reproduced from this review

article.
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Appendix 2 — Synopsis and contributions to incorporated elements from the
paper:

JACKSON, M. D., XU, H., DURAN-NEBREDA, S., STAMM, P. & BASSEL, G. W.
(2017). Topological analysis of multicellular complexity in the plant hypocotyl.
Elife, 6, €26023.

Synopsis

In this research article, the structure-function relationships of cell organisation in the
hypocotyls of diverse plant species and genetic backgrounds are explored. This is
achieved using a network science framework, through which cellular connectivity in
the hypocotyl is abstracted into a network, allowing the organisational properties of

the multicellular organ to be quantified.

A key feature of this article is the discovery of transport conduits along the
Arabidopsis thaliana hypocotyl epidermis. Network analysis, using a global measure
of cell connectivity, identified paths likely to be involved in transport processes along
atrichoblast cell files, in some A. thaliana ecotypes. This functional prediction suing
structural network properties was confirmed to play a role in the bulk transport of
molecules through the hypocotyl epidermis. Variations in this global organisational
property between ecotypes were reflected by differential compartmentalisation of

bulk transport along epidermal cell files.

Using the quantification of mutant cell organisation, the contribution of gene activity
to particular hypocotyl cell patterning features was identified. This has implications for
the understanding of cell organisation control at higher-order scale, allowing organ-

wide principles of tissue construction to be established.
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Contributions relating to the thesis
M. D. B. J created figures 4.2 — 4.18 (excluding figure 4.9), which were reproduced

from this article.

Creation of figure 4.9 was a collaborative effort from M. D. B. J., S. D.-N., and G. W.

B., and data for this figure was collected by S. D.-N.
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Appendix 3 — Synopsis and contributions to incorporated elements from the
paper:

JACKSON, M. D. B., DURAN-NEBREDA, S., KIERZKOWSKI, D., STRAUSS, S.,
XU, H., LANDREIN, B., HAMANT, O., SMITH, R. S., JOHNSTON, I. G. & BASSEL,
G., W. 2018. Global Topological Order Emerges through Local Mechanical
Control of Cell Divisions in the Arabidopsis Shoot Apical Meristem. Cell
Systems, 8, 1-13.

Synopsis

In this research article, the role of cell position and division in establishing shoot
apical meristem (SAM) organisation is examined. Through a combination of time-

lapse 3D imaging and computational analyses, cellular networks of the developing A.

thaliana meristem are captured.

Topological and geometric analysis of these networks is used to determine factors
that influence cell division, both in terms of the onset of mitosis and the subsequent
division plane between daughter cells. While results show that geometric factors are
more effective at predicting when a cell would divide, both geometric and topological
features can be used to determine the location of division planes, given the context of
a cell pre-division. A key finding is that new division planes of the minimum possible
size (Errera’s rule) also minimise the random walk centrality of the resulting daughter

cells.

This is evidence for local division rules coordinating the tissue-scale organisation of
the A. thaliana SAM, which in the context of cellular communication, is particularly
robust to perturbations through cell damage. Further to this, analysis of the KATANIN

mutant shows how a breakdown in mechanical cell interactions has consequences
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for cell geometry, which influences the SAMs ability to maintain the same global cell

architecture.

Contributions relating to the thesis

M. D. B. J created figures 5.3 — 5.5, 5.7 and 5.9 — 5.20, which were reproduced and

adapted from this article.
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