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ABSTRACT
A Computational Analysis of Cell Fate Dynamics during Zebrafish
Embryonic Development using Single Cell Transcriptomics
Ali Balubaid

Development and the associated cellular differentiation are some of the most
fundamental processes in biology. Since the early conception of the Waddington
landscape, with cells portrayed as rolling down a landscape, understanding these
processes has been at the forefront of biology. Progress in tissue regeneration,
organoid culture, and cellular reprogramming relies on our ability to unfold
cellular decision making and its dynamics.
In this thesis, we ask to what extent development follows such landscape.
Secondly, we address whether cellular branching points are discrete events.
Given the recent surge in single-cell genomics data, we can now address these
fundamental questions. To this end, we analyzed two large-scale single-cell
RNAseq time course datasets from vertebrate embryogenesis in zebrafish.
From the Waddington analogy, we expect the cell-to-cell correlation to increase
across development as cells specialize. Our analysis does not show a linear
trend, but rather, that cell-to-cell variability is lowest during gastrulation.
Interestingly, the two different datasets from two different laboratories display a
qualitatively similar trend, providing internal consistency of our analysis.
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To uncover the branchpoint dynamics, we extended our analysis to include
computations of gene-to-gene correlations. It has been shown, using PCR data,
that the transition index, the ratio between cell-to-cell and gene-to-gene
correlations, displays a peak during such branchpoints, suggesting discrete
transitions. To this end, we tracked individual developmental trajectories, and
characterized both correlations, enabling computation of the transition index.
However, the cell-to-cell correlation and gene-to-gene correlation did not follow a
generic inverse relationship, as previously suggested. No unique signal
corresponding to the branchpoints could, thus, be detected. Therefore, our
analysis does not support the view that branchpoints during vertebrate
embryogenesis are discrete, well-defined transition events.
In conclusion, this first large-scale single-cell based analysis of time-resolved
developmental data does not support a downhill rolling ball notion where cells
decide their fate at discrete transition points. The temporal organization of an
undulating developmental landscape appears to be more complex than initially
conceptualized by Waddington. Therefore, it is of paramount interest to extend
this type of analysis to other systems and to develop techniques to compute such
landscape in a data-driven manner.
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CHAPTER 1: Introduction
1.1. Background
1.1.1. Cellular Differentiation and Cell Fate Dynamics
Understanding cellular differentiation and cell fate decision making are at the
crux of key processes within the story of life, extending from development to
tissue regeneration and homeostasis. Progress in tissue regeneration, organoid
culture, and cellular reprogramming rely on our ability to unfold cellular decisionmaking and dynamics (Cohen and Melton 2011). In 2006, Yamanaka and
Takahashi revealed a subset of factors that could translate terminal somatic
fibroblasts into embryonic-like stem cells, which we refer to as induced
pluripotent stem cells (iPSCs) (Takahashi and Yamanaka 2006). iPSCs have
applications ranging from personalized regenerative medicine to growing disease
models through three-dimensional organoids (Doss and Sachinidis 2019). By
attempting to understand the how the cell navigates the landscape, more could
be revealed about the underlying mechanisms (MacArthur, Ma'ayan et al. 2009).
By understanding the regulatory mechanisms, cell fate decisions could be better
controlled (Ng, Zhong et al. 2010), allowing the reliable and efficient application
of iPSC-based technologies.
Cell fate decision making has seen a pique in interest in light of current advances
in molecular techniques and sequencing technologies. As we integrate
theoretical foundations with experimental data, we hope to acquire a more
profound, more refined idea of the nature of cell fate dynamics (Casey, Stumpf et
al. 2020).
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1.1.2. Cell Fate and the Waddington Landscape
Traditionally, one cannot mention cell fate dynamics without reference to the
“epigenetic landscape.” In 1957, Sir Conrad Waddington published his book “The
Strategy of Genes” where he relates genetic programs to the differentiation
process. His famous illustration, the “Epigenetic Landscape”, describes the cell
as a pebble rolling down a canalized path with inflection points describing cell
fate decision points (Figure 1.1)(Waddington 2014). While some advice against
the overextension of the metaphor (Slack 2002), others continue to attempt the
extraction of landscapes from modern data (Fard, Srihari et al. 2016). How does
the Waddington landscape hinder our thoughts regarding cellular differentiation,
and how does it contribute to that same thought process? In the next few
sections, we attempt to answer the presented questions.
One concern with the Waddington landscape is the visualization of branching
points as smooth, where the cells smoothly slide into a lineage or another. The
smooth branching implies the continuity of cell fate decisions. Whether it is
continuous or discontinuous remains an open question, capturing the local
scientific community’s attention. Setty et al. describe the continuity of cellular
differentiation by observing human bone marrow and human hematopoietic
systems - where cells and gene expression fall on a continuum rather than
discrete jumps (Setty, Kiseliovas et al. 2019). However, the theoretical principles
attributed to cellular systems might suggest a discontinuous transition (Moris,
Pina et al. 2016). To fundamentally grasp the concepts behind transitions, we
must first explore the principles by which they are described.
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Figure 1.1. The Waddington Epigenetic Landscape: A. The well renowned epigenetic
landscape with the cell as pebble and lineage paths as creodes. B. The underlying gene
regulatory network shapes the landscape. The figure is recovered from (Waddington, CH. 1957).
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Figure 1.2. Continuous vs Discontinuous transitions: A. The figure shows cells shifting from
state A (SA) to states B (SB) and C (SC) in a continuous manner, where the attractor, denoted by
the grey arrow, diverges continuously from the original attractor. B. The figure shows cells shifting
from state A (SA) to states B (SB) and C (SC) in a discontinuous manner, where the attractor,
denoted by the grey arrow, appears independently from the original attractor, introducing a
discontinuity in state (recovered from Moris, Pina et al. 2016).

1.1.3. Cell Fate Dynamics: A Dynamical Systems Approach
Dynamic systems theory is a powerful framework to understand living
biosystems. The Waddington metaphor facilitates such thinking, where a
canalization in the landscape corresponds to a quasi-steady state, or an
attractor, shifting. Whereas, the inflection points correspond to a bifurcation of
said steady-state, leading to the emergence of new attractors. Two main
concepts are presented here: one, the idea of canals displays our system’s
resiliency. Two, the method by which the channel splits describe a systemic
transition.
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1.1.3.1. Stochasticity and Stability
The first concept pertains to the stochastic nature of cells; this is a manifestation
of both gene expression dynamics and molecular noise (Elowitz, Levine et al.
2002). The beauty of this understanding lies in the long due adjoining of thermal
dynamics on the molecular scale and higher-level biological processes (Moris,
Pina et al. 2016). With regard to dynamic systems, resiliency describes the
system’s stability towards the noise. In metaphorical terms, it describes the
height of the boundaries for the attractor basin.
1.1.3.2 Drivers and Modes
Secondly, a split in the landscape describes a transition. The study of open
systems (i.e., mass and energy are not conserved) suggests multiple modes of
transition (Ashwin, Wieczorek et al. 2012). Given what we outlined in the first
point, such frameworks could inspire our thought about cellular transitions from a
dynamic standpoint, specifically regarding the stochastic properties of
transitioning systems. Noise is critical to developmental processes, as they give
rise to the variety observed in complex systems. The effect manifests in
transitions, as they allow the stochasticity to drive the system from attractor to
another. While the bifurcations in the landscape are portrayed as symmetric, it is
highly suggested that they are not - as signals and external impactors would bias
the basin such that it regulates the probability by which cells enter a new state
(Mojtahedi, Skupin et al. 2016). This explanation provides an elegant union
between the selection and instruction models of cellular differentiation (Coffman
and Reiner 1999). Another aspect of transitions is the method by which they
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occur - is it as the illustration shows - where the path already exists, and the cell
passively runs down one lane or the other? A described strategy of transition in
dynamics systems is through bifurcation theory.
The mathematical understanding of a bifurcation event is the qualitative change
in system behavior resulting from smooth changes in a latent parameter of that
system (Arnold, Afrajmovich et al. 2013). In the cell, the smooth changes reflect
some property or element of the underlying gene regulatory network (GRN).
Through their rewiring, landscape shifts occur, leading to a cell fate decision
event - a qualitative change (Moris, Pina et al. 2016). While many normal forms
could describe bifurcations - cell differentiation events display a local saddlenode behavior (Ferrell 2012). Commonly, it is represented by the toggle-switch
model, which describes a presented mechanism of cellular differentiation.
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Figure 1.3. Saddle-node vs Pitchfork: The above figure shows a dynamic system vs a static
system. We use it to demonstrate the concepts of a saddle-node bifurcation vs a pitchfork
bifurcation. A Fold system with a dynamic attractor generates the attractor distant from the preexisting attractor. A pitchfork system with a dynamic attractor generates the attractors from the
same point of the pre-existing attractor, displaying a smooth behavior (recovered from Moris, Pina
et al. 2016).

Differentiating cells have been pointed out to express multiple programs prior to a
transition. The programs are mutually exclusive such that, eventually, one
prevails over the other, reflecting the binary nature of cellular decisions (Briggs,
Weinreb et al. 2018, Soldatov, Kaucka et al. 2019). Understanding such
dynamics allows us to appreciate and understand what we observe in recent
data. In the future, our understanding could help us control and regulate these
complex processes.
One could appreciate the variety of conceptual ideas lent by the presented
theoretical framework. Current state-of-the-art technologies have finally made it
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viable to test and validate ideas of this sort. But with modern technologies come
modern challenges, beginning with the alignment of concept and data.
1.1.4. Modern Thought for Modern Data
1.1.4.1. Modern Thought: Vectors and Clouds
Recent thinking has described cells as vectors in high-dimensional space, where
each dimension corresponds to a gene (Huang 2010). This state of mind is
essential for dealing with outputs from recent advances in single-cell sequencing
methods, where the data is represented by a matrix of cell columns by gene
rows. It also describes a point cloud - and by thinking about the form of the cloud,
one could find an intuitive handle for easier comprehension of the data. That
being said, a cell-type would be represented by a self-stabilizing attractor in high
dimensional space surrounded by a cloud of cells. On the other hand, a transition
would be the shift of cells from one attractor basin to another, bridging two
“clouds” together.
1.1.4.1. Modern Data: Methods - scRNA-seq
As previously mentioned, single-cell methods, specifically Single-cell RNA
sequencing (scRNA-seq), provide an opportunity by revealing previously
unappreciated cellular heterogeneity and transient states (Choi and Kim 2019).
Dynamic systems theory provides a framework to translate cell vectors in gene
expression space into a meaningful description of process and spatiotemporal
dynamics. Although the acquisition of the transcriptomic profiles leads to the
destruction of cells, providing only static snapshots, computational tools have
been developed to translate the static snapshots into dynamic trajectories, lining
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the cells into a meaningful sequence (Saelens, Cannoodt et al. 2019). Through
the generated time series, one could extract the temporal dynamics of gene
expression. A further improvement is by generating time-course data (Briggs,
Weinreb et al. 2018, Farrell, Wang et al. 2018, Wagner, Weinreb et al. 2018,
Pijuan-Sala, Griffiths et al. 2019, Schiebinger, Shu et al. 2019). This method is
quite useful for drastically changing cellular populations with extended programs,
such as in development.
In supplement of the computational approaches, cellular tracing techniques have
been developed. They show that although computational techniques provide
some predictability of cell fate, cells do not necessarily follow (Wagner and Klein
2020, Weinreb, Rodriguez-Fraticelli et al. 2020). It is due to the implicit
assumption made by trajectory inference techniques, that if two cells share a
similar transcriptomic profile, then they are the result of shared dynamics
(Tritschler, Büttner et al. 2019). Convergent differentiation, however, shows the
factual presence of different paths to reach the same attractor. The implications
of such findings indicate the possibility of finding alternative, hopefully more
efficient, methods in cellular reprogramming.
With the continuous growth in the number and scale of scRNA-seq data sets,
computational biologists and bioinformaticians are running into classical “big
data” challenges (Klein and Treutlein 2019). In order to achieve the best utility
from such data, there need to be more unbiased data-driven approaches. Datadriven methods not only provide solutions for our dilemma but also allow for the
generation of novel hypotheses to better inquire about cellular differentiation.
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1.1.5. The Transition Index
As previously introduced, it has been shown that cell differentiation could be
described as a critical transition (Mojtahedi, Skupin et al. 2016). Critical
transitions accommodate both instruction (through attractor bias) and selection
(weakness of attractor), historically conflicting hypotheses for cellular
differentiation. The novelty of Mojtahedi et al. ’s work lies in the introduction of
the transition index to directly detect a critical transition in cellular differentiation.
Their metric, the transition index, equates to the ratio between cell-to-cell
correlation and gene-to-gene correlation. Cells within the high-dimensional
attractor express low heterogeneity from stochastic fluctuations. This is
implicated by the high cell-to-cell correlation. From a gene expression
perspective, an attractor state infers a specific transcriptional profile within gene
expression space. Gene-to-gene correlation is expected to be low due to the
range restriction effect imposed by Pearson’s correlation representing the noise’s
symmetry around the attractor. However, when the attractor is destabilized, the
strength field weakens, and stochasticity leads to increased cellular
heterogeneity. If there lies another attractor, a coordinated shift will be observed,
leading to the breaking of the symmetry, and an increase in gene-to-gene
correlation is expected. Such observations would describe a saddle-node
bifurcation. As the cells transition through the saddle point, they align with the
transition axis, causing an increase in gene-to-gene correlation.
The Mojtahedi study applies the metric to an in vitro hematopoietic progenitor
differentiation system to erythroid or myeloid states. They quantify the transition
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with a selected subset of genes (n=17) representing the core GRN of the system.
The chosen system was provided from a prefiltered population to minimize the
heterogeneity of the initial attractor. They also use FACS to ensure that the cells
that are quantified ascribe to a specific state (or lack thereof) when applying the
metric. While their system of study was highly regulated, they attempted to apply
their metric to a scRNA-seq set by bootstrapping the full features. They report the
robustness of the index and its stability towards the number of genes used.
Although, they mention that a larger gene sample size is more reliable than a
smaller one. However, one issue with scRNA-seq is the high dropout, which
introduces artifacts in cell variability, influencing the measures of cell-to-cell
correlation and gene-to-gene correlation (Mojtahedi, Skupin et al. 2016).
The work of Mojtahedi et al., in a limited capacity, apply the transition index to a
small data set of less than 200 cells. This does not reflect the complexity or depth
of current datasets. The dataset comes from Barbra et al., where they sequence
lung epithelium. The dataset describes a specific system with a distinguishable
branch point (Treutlein, Brownfield et al. 2014). However, for the index to reveal
more about the nature of developmental systems, it must be adapted to
accommodate the current state of the data. By understanding our system of
interest and the considerations we must take, we can make better-informed
decisions to process and execute, and later analyze. To that end, we dedicate
our following sections.

1.1.6. Zebrafish Early Development
1.1.6.1. A Model Organism
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Danio rerio, commonly known as zebrafish, have become powerful vertebrate
development models due to their ease of handling, growth duration, and
accessibility. A shared coordinate system is used by developmental biologists to
describe the different processes of development. The animal-vegetal axis being
the earliest, where the animal side indicates the cellular mass, while the vegetal
side indicates the yolk. Early stages of blastulation see a division in the cell
mass, leading to an eventual activation of zygotic genes (Schier and Talbot 2005,
Sprague, Bayraktaroglu et al. 2007).
1.1.6.2. The Blastulation Period
During early blastulation, the enveloping layer (EVL) and the yolk syncytial layer
(YSL) form with the deep cells in between. 3.4 hour post fertilization (hpf) marks
the High stage, named for the end of the perched form of the blastodisc. 3.8 hpf,
the animal-vegetal axis shortens, and the blastodisc smoothens, indicating the
Oblong stage. The sphere stage comes after 4 hpf, where the animal vegetal
axis continues to shrink, and more cell rearrangements occur. 4.3 hpf sees the
dome stage, due to the YSL doming towards the animal pole. It is at this stage
that epiboly starts, the morphological engulfment of the yolk by the blastoderm.
Epiboly continues through to late gastrulation and provides a reliable reference
for the stages of development. At 30% epiboly, 4.7 hours have passed since
fertilization, and the first tales of the dorsal side start to emerge. At 50% epiboly,
the blastoderm’s marginal cells start to involute, indicating the end of blastulation,
and the beginning of gastrulation (Schier and Talbot 2005, Sprague,
Bayraktaroglu et al. 2007).

24
1.1.6.3. The Gastrulation Period
During gastrulation, the involuting cells converge from the ventral and lateral to
the dorsal side, initially forming the shield, and breaking the radial axis, by which
new symmetrical features are introduced. The shield is the functional equivalent
of the Spemann-Mangold organizer for teleosts and is responsible for the
emergence of multiple dorsal anterior structures. After 8 hpf, 75% epiboly is
complete, and the shield begins to elongate along the anterior-posterior axis. At
90% epiboly, the epiblast thickens to form the neural plate. Gastrulation ends 10
hpf, and dorsal to the closure point of the blastoderm develops an accumulation
of cells defining the tail bud - hence the bud stage. By 10 hpf, the embryo shows
recognizable structures for axis identification. The cellular movements and
identities giving rise to the axis defining structures are the point of interest for
developmental biologists. It is by these structures that cell fates are assigned and
referenced. Although, early in development, while there is specification amongst
cells, they are yet to be committed to specific cell fate. It is also impractical to
define territories of cell fate for early development as cells are intermixed. (Schier
and Talbot 2005, Sprague, Bayraktaroglu et al. 2007).
1.1.6.4. The Segmentation Period
The segmentation period follows gastrulation, where the embryo notably
elongates, with visible segmentations, called somites, appearing from the
anterior towards the posterior. It is by the number of somites that this period is
indexed. 1-4 somite stage occurs ~10.3 hpf. Later 5-9 somite stage, ~11.8 hpf,
the brain primordium is thickened, and the optic primordium becomes slightly
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visible. As segmentation continues, significant shifts occur in cellular identities.
With the germ layers formed during gastrulation, more specific progenitors start
to develop, including notochord, somites, epidermis, neural tube, neural crest,
brain, and other neurological tissues. The somites eventually form myotomes an important element for the indexing of the next period. The segmentation
period concludes around 22-23 hpf. At 24 hpf, most of the major organ
progenitors have formed, and the embryo enters the pharyngulation period. The
pharyngulation period is indexed by the number of myotes crossed by the
migrating primordium. The first heartbeat occurs, and pigmentation is gained
(Sprague, Bayraktaroglu et al. 2007).
As one can appreciate, the developmental process is intricate and highly
complex. It sees through multiple cellular transitions, as what started as a single
pluripotent cell iteratively divides to give rise to frame, form, and function. Within
the folds of this wonderful process lies a story that reads our antagonist’s fate,
the cell.
1.1.7. Single Cell RNA Sequencing for Zebrafish Development
As single-cell techniques become more cost-effective and efficient, transcriptome
libraries have grown in size. Their comprehensive ability to reveal the underlying
manifold of complex structures in gene expression space has made them
attractive, leading to recent growth in large-scale scRNA-seq data (Briggs,
Weinreb et al. 2018, Farrell, Wang et al. 2018, Wagner, Weinreb et al. 2018,
Pijuan-Sala, Griffiths et al. 2019, Schiebinger, Shu et al. 2019). Although the
scientific community is impending on traditional big data challenges, such sets
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have significantly contributed to the ongoing atlas projects and the understanding
of landscapes of larger contexts.
Examples of such work are that of Wagner et al., where they sequence more
than 92,000 cells from zebrafish embryogenesis. Their sample from seven-time
points spanning 4 hpf to 24 hpf reveals the transcriptomic changes through the
first day of development. Similarly, Farrell et al. generated time course data from
early zebrafish at a high temporal resolution. By sequencing embryos between
stages 3.4 hpf and 12 hpf at twelve different time points, they acquire 38,631
cells describing development from the onset of zygotic expression to early
somitogenesis (Farrell, Wang et al. 2018, Wagner, Weinreb et al. 2018).
For the two studies, each uniquely pursues the challenge of integrating their data
into a cohesive trajectory. Farrell et al. undergo a diffusion-based approach using
their self-developed method URD. In comparison, Wagner et al. rely on k-nearest
neighbors (kNN) variants and segregation of the subspace of each time point.
Each by their own right presents a method to translate the data into information.
To validate their findings, Wagner et al. took a direct approach through lineage
tracing, while Farrell et al. utilize non-negative matrix factorization to reveal
genetic modules driving the transcriptomic change. Finally, they both
demonstrate the utility of their findings through mutational studies - they reveal
that by targeting signaling pathways, cell-type frequencies can be affected,
whereas no novel cellular states were observed.
The findings of the studies above reveal certain concepts of development, such
as plasticity, spatial coordination, and preservation of the developmental
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landscape. However, one might argue the mutations used for perturbation target
system inputs, therefore not changing the structure of the system itself,
constraining it to conventional attractor structures. However, it does show the
biasing properties developmental signals have in cell fate decisions. It also
shows the existence of a default program in the absence of a queue, indicating
an underlying hierarchy in cell-type specification, which matches previous notions
of cell fate.
A

B

Figure 1.4. Large-scale scRNA-seq Data Graphs: A. Force-directed layout for Wagner et al
zebrafish data (recovered from Wagner et al.). The graph was constructed using a kNN within the
same time point (as labeled by color) followed by MNN between adjacent time points to
reconstruct trajectories (recovered from Farrell et al.)
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1.2. Hypothesis and Objectives
1.2.1. Hypothesis
In this thesis, we hypothesize that the Waddington landscape describes the
binary decision-making process prevalent in development.
With the caveat that cellular fate decisions follow an exit first strategy followed by
a transition, portraying a discrete process amalgamating at branch points in the
developmental tree.
1.2.2. Objectives
our objectives are twofold:


We investigate the developmental landscape and how well the
metaphorical Waddington landscape can explain underlying processes.



We investigate the nature of transitions at branching points, and whether
they can be viewed as critical transitions.
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CHAPTER 2: Materials and Methods
2.1. Experimental Design
In our thesis, we attempt to answer our questions by expanding upon the
transition index described by Mojtahedi et al. by attempting to make our
approach data-driven and absolving it of prior assumptions made regarding the
underlying network. We apply it to two different datasets from zebrafish
embryogenesis.
We do so by doing the following:


Dissecting developmental sets into separate trajectories



Expanding upon the gene selection methods, where we attempt three
different data-driven sampling procedures.



Applying our metric across each trajectory independently (Primary
analysis)



Contrasting the trajectories from within the dataset to reveal local trends
(Secondary analysis)



Conducting a more in-depth analysis of the branch points in the provided
developmental tree structure.



Contrast the two datasets describing the same system, that of zebrafish
embryogenesis (Tertiary analysis)

2.2. Computational Resources
All code for preprocessing, analysis, and visualization steps were written in R
(Team 2013). Plots were organized by R package gridExtra (Auguie and Antonov
2017), a reorganized by reshape2 (Wickham 2007). For the primary
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computations; we used the resources of the Supercomputing Laboratory at King
Abdullah University of Science & Technology (KAUST) in Thuwal, Saudi Arabia.
Data restructuring, secondary, and tertiary analysis were done on a macOS
Mojave system (4 GHz Intel Core i7; 32 GB 1867 MHz DDR3). All code files
could be found in the appendix.
2.3. Data Sets
Our investigation looks at cellular transitions in the natural progression of
differentiating cells. We do so by analyzing two publicly available data sets from
zebrafish development. Zebrafish are a well-established model for development
studies, and have a plethora of available resources for our use. The authors
provide a thorough description of data generation, procurement, and
preprocessing in the original manuscripts. As such, we shall focus on highlighting
what we believe is relevant to understanding the observations made in our
analysis. The data obtained has already been preprocessed, labeled, and
constructed into their respective graph structures.
2.3.1. Wagner et al., 2018
The first dataset is published by Wagner et al. sequences the early stages of the
Zebrafish at seven different time points between 4 hpf and 24 hpf, leading to the
inference of 71 distinct lineages. The dataset is composed of 31,719 features by
63,530 samples. Throughout the manuscript, we refer to this data set as
Wagner2018.
The dataset was acquired from the National Center for Biotechnology
Information’s Gene Expression Omnibus through its accession number
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GSE112294. The expression matrix features were named using the zebrafish
GRCz10 genome assembly. The obtained matrix was total count normalized. To
construct the coarse-grain graph, we run STITCH, the algorithm presented in the
main manuscript. The file initially selects the top 2000 variable genes ordered by
their Fano-factor. They then filter out correlating top variable genes to remove
redundancies. They also exclude house-keeping and cell-cycle genes. They then
z-score the count matrix and apply principal component analysis (PCA). Density
clustering was used to define clusters in t-distributed stochastic neighbor (t-SNE)
plots. Cell annotations were acquired from (https://zfin.org). Each two adjacent
time points were placed in the subspace of the future time point, where edges
are constructed between the two subgraphs, this preserves local time structures
and keeps temporal associations more relevant. Secondly, after applying a
generic kNN, a local and global fine-tuning occur such that locally relevant
distances are kept. Finally, the edges between time points were further cleaned
only to include most 20 mutual nearest neighbors. For the coarse-grained (CG)
graph, single-cell nodes were collapsed by their cluster ID, their Jaccard index
was computed to assign weights between the CG nodes. The edges were further
refined, such that the spanning tree connected all leaves to a single 4hpf root.
The algorithm that executes the described process, STITCH, is supplemented in
their study as a MATLab code. More information could be found in the original
study.
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2.3.2. Farrell et al., 2018
The second data set, also from Zebrafish, was published by Farrell et al. Their
data set covers >60,000 cells across 12 stages between 3.4 hpf and 12 hpf,
identifying 25 lineages. Throughout the manuscript, we refer to this data set as
Farrell2018.
The dataset represented 17,238 features across 38,731 samples.
Farrell2018 was acquired through the single cell Broad Institute website
(https://singlecell.broadinstitute.org/single_cell/study/SCP162/single-cellreconstruction-of-developmental-trajectories-during-zebrafish-embryogenesis#/).
Farrell2018 features were named using ZFIN (Zebrafish Information Network)
and using Ensembl names as a backup. Early filtering of cells reflected the
inherent complexity of the process, where earlier stages had a higher UMI
threshold than later stages (see table 2.1). The count matrix was filtered, total
cell counts normalized, scaled by 10000, then log2 transformed.
They develop a diffusion-based approach, URD, “named after the Norse
mythological figure who nurtures the world tree and decides all fates,” to
structure the data into a branching structure describing 25 different cell types
(figure 1.2.B).
Their method is fundamentally an expansion of the density package, where their
novelty involves a new approach to pseudotime computation, reveal of
trajectories, and construction of developmental tree hierarchy. The tree was built
by first constructing a kNN graph between cells in gene expression space. The
edges are assigned transition probabilities through a gaussian transformation,
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which is then transformed into a diffusion map through eigendecomposition. This
procedure supports highly connected regions, preventing “short circuits.”
Afterward, pseudotime is assigned via diffusion simulations from the root, where
the normalized average number of transitions required equates to a cell’s specific
pseudotime. The trajectories are then inferred by a biased random walk from the
tips back to the root. Finally, URD assembles a branching tree by joining
trajectories, sharing a common path of cells at the branching point. The
technique is based on the observed expression profile and does not describe the
proper lineage relation of mother-daughter cells.
Table 2.1. Farrell2018 Data Procurement Selection Thresholds: Thresholds
were set to filter out doublets or empty droplets. Since different developmental
stages have different complexities, a different threshold was set for each stage.
All information listed was recovered from Farrell et al., 2018
Stage

Genes Detection Threshold

UMI Detection
Threshold

high stage

1,000–7,500 genes

1,500–40,000 UMIs

oblong stage

625–7,500 genes

1,500–30,000 UMIs

Dome stage

800–3,800 genes

2,000–20,000 UMIs

30% epiboly

625–3,000 genes

1,000–17,500 UMIs

50% epiboly

600–4,000 genes

1,500–25,000 UMIs

shield stage

600–2,500 genes

1,000–15,000 UMIs
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60% epiboly

600–3,500 genes

1,500–22,500 UMIs

75% epiboly

600–3,200 genes

1,400–20,000 UMIs

90% epiboly

500–3,500 genes

1,000–20,000 UMIs

bud stage

500–3,200 genes

1,000–17,500 UMIs

3-somite stage

500–3,000 genes

1,000–12,500 UMIs

6-somite stage

500–3,000 genes

1,000–12,500 UMIs

2.4. Assumptions of Our Approach
The transition index was developed for a state transition between two states.
Thus, we assess each lineage independently. For Wagner2018, we do so by
extracting the clusters as defined by the CG development tree. On the other
hand, we define Farrell2018 lineages through pre-computed trajectories via
diffusion maps. All is done with the assumption that previous studies have
successfully reconstructed the developmental trajectories, which they validate.
Additional assumptions are made in the Wagner2018 data set, since the nature
of hierarchical tree structures imposes a few assumptions. The assumptions
include that differentiation is a purely divergent process, something lineage
tracing studies have revealed incorrect, where there are reports of convergent
differentiation (Wagner, Weinreb et al. 2018). Second, it implies discreteness in
cellular progression, the most notable aspect of the fact that decisions are made
at finite points within the tree - the branching points (Tritschler, Büttner et al.
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2019). As such, our measures are exposed to parameters such as clustering
quality and sampling resolution. As an initial attempt, we proceed with a
developmental tree assumption, taking it into account the limitations as we
pursue our query.
2.5. Data Subsetting
The developmental tree was obtained from the respective study, where the
nodes describe cell-type clusters and the edges the most likely lineage path
(Figure 2.1). The tree was deconstructed into paths connecting every leaf to the
root using R package DiagrammeR (Csardi and Nepusz 2006, Iannone 2018).
We filter the generated paths such that they comply with the following:


Every consecutive node in the tree corresponds to the temporal sequence,
such that no two consecutive nodes from the same stage are in a lineage.



If multiple edges are going into a node, we select the single edge with the
highest weight.



Finally, if there exist multiple roots, only paths from the highest degree
root are selected.
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Figure 2.1. Development tree structure of the Wagner2018: Tree reconstructed from
Wagner et al. CG graph.

2.6. Preprocessing and QC
For preprocessing, filtering, and gene set computation, Seurat v3 was used at
default settings unless explicitly mentioned (https://satijalab.org/seurat/) (Butler,
Hoffman et al. 2018, Stuart, Butler et al. 2019).
2.6.1. Preprocessing and QC (Wagner2018)
Wagner2018 was split by batch, log normalized, scaled by 10000, then
integrated by common anchors as computed by canonical correlation analysis
(CCA). We subset Wagner2018 by lineage, clean for zero-sum features, and
finally z-score. The top variable genes are computed by variance-stabilizing
transformation (vst), and the top 5000 genes are selected. The PCA is computed
based on the top variable genes, and the UMAP embeddings generated. In
cases where the top markers are used, they are computed through differential
expression amongst clusters.
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2.6.2. Preprocessing and QC (Farrell2018)
Farrell2018 was already batch corrected, so we log normalized and scale by
10000 after subsetting each lineage. We then remove zero-sum features, and
finally z-score. The top variable genes are computed by variance-stabilizing
transformation (vst), and the top 5000 genes are selected. The PCA is computed
based on the top variable genes, and the UMAP embeddings generated. In
cases where the top markers are used, they are computed through differential
expression amongst clusters.
2.7. Gene Selection
The large scale and complexity of our data sets have proved computationally
prohibitive. For practical purposes, we introduce feature selection methods for
our analysis. Thus, we ease the handling of our data. We use four methods to
rationally subset our features:
2.7.1. Full feature sampling (Rand)
The first approach samples all genes passing basic data cleaning, this resembles
that of the original work by Mojtahedi et al. Similar to a bootstrap approach, 2000
features are randomly sampled without replacement from the full feature matrix.
Within this manuscript, we refer to this method as Rand.
2.7.2. Top Variable sampling (TVar)
In the second approach, we sample the top variable features across our selected
developmental branch. We rationalize that drivers of transitions shall vary
considerably across the lineage. Seurat v3 computes the top variable genes after
variance-stabilizing transformation. A loess model fits the relationship between
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the logged variance and the logged mean of our features. The feature values are
then standardized by the observed mean and expected value of the model. The
ranked variances of the standardized values are then selected to indicate the
most variable features. In our setting, we select the top 5000 features and
sample 2000 randomly without replacement. Within this manuscript, we refer to
this method as TVar.
2.7.3. Top marker sampling (TMark)
The third approach utilizes the highly expressed genes within our trajectory. We
rationalize that top cluster markers correspond to cell identity, thus with a
transition, the markers change. The union of the top markers is expected to
highlight the transitions. The top markers of the predefined clusters are computed
through differential expression between clusters using Seurat v3. It is executed
through a non-parametric Wilcoxon rank-sum test of gene expression between
the clusters. We then take the union of the top markers of all clusters to conduct
our computations. We utilize all genes unless they exceed 2000, then we sample
without replacement. Within this manuscript, we refer to this method as TMark.
2.7.4. Top Variable Markers (TVM)
The fourth approach uses the intersect of TVar and TMark, thus selecting for top
variable markers. We rationalize that cluster labels that vary across the lineage
shall act as better indicators of transition. We do so by taking the intersect of the
top 5000 variable genes and the union of cluster top markers. We utilize all
genes, unless they exceed 2000 then we sample without replacement. Within
this manuscript, we refer to this method as TVM.
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2.7.5. Non-negative Matrix Factorized Gene Modules (NMF)
To validate our previous measures, we use the genes identified by non-negative
matrix factorization of the Farrell2018 data, as provided by the original study. The
respective study connects the modules across the progression of the cell branch.
In our validation, we take the union of the gene names across all modules
assigned to the specific branch. We use all genes since they are fewer than our
2000 threshold.
2.8. The Transition Index
2.8.1. Index Rationale
In this study, the critical transition index is used, as described by Mojtahedi et al.
The metric is the ratio between the correlation of gene vectors (rows) of the
expression matrix and the correlation of the cell vectors (columns) of that same
matrix (Equation 1). From a statistical standpoint, cells in transition spread across
the state space, and thus would have reduced cellular correlation, while cells
within an attractor (steady state) are more compact, and would have a higher cell
to cell correlation. Less intuitively, gene vectors ascribe to a specific profile for
cells within the attractor. Basically, a gene distribution is seen as symmetric
around the attractor - indicating noise symmetry. When the attractor is
destabilized, leading to a transition, the symmetry is broken, leading to an
increase in gene-to-gene correlation. This is the result of the “range restriction
effect”. From a dynamic system perspective, as cells transition through the
saddle point, they align with the transition axis, causing an increase in gene-togene correlation. A mathematical description of the index could be seen in (1).
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𝐼𝑐(𝑡) =

〈|𝑅(𝑔𝑖 ,𝑔𝑗 )|〉
〈𝑅(𝑆 𝑘 ,𝑆 𝑙 )〉

(1)

Where g are the gene vectors, S are cell vectors all at time point t, and

〈𝑅(𝑥, 𝑦)〉 indicates the mean Pearson correlation coefficient (2).
𝑅(𝑋, 𝑌) =

∑𝑛
̅)
𝑖=1(𝑥𝑖 −𝑥̅ )(𝑦𝑖 −𝑦

𝑋.𝑌

=
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2
̅)2
√∑𝑛
𝑖=1(𝑥𝑖 −𝑥̅ ) (𝑦𝑖 −𝑦

(2)

More information could be obtained at the original study (Mojtahedi, M. 2016).
2.8.2 Metric Computation
For each lineage, we compute our measures for each cluster independently. The
normalized expression matrices are used for our measures. We compute the
Pearson correlation of the count matrix and its transpose. The former generates
the cell-to-cell correlation, and the other the gene-to-gene correlation. The mean
of absolute values is computed as described by Mojtahedi et al. The ratio
between the gene-to-gene correlation mean and cell-to-cell correlation mean is
valued as the transition index. The sampling (2.7) and metric computation (2.8)
are completed at 1000 permutations for each lineage.
2.9. Secondary Analysis
Once completed for the different lineage branches, a secondary analysis is
conducted to assess the results between the different lineages and observe
behavioral trends. The focus was on the following:
2.9.1. Evaluating Metric Biases
The relationship between cell and gene sampling sizes and the different
measures for the four methods was assessed. The sample sizes were plotted as
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distributions, facilitating discriminating between the selection methods. The
second through joint plots fitted with a loess model to assist in visualizing
dependencies. Both plot sets were generated by R package ggplots (Wickham
2016).
2.9.2. Generation of Measure Landscapes
A general assessment of cell-to-cell correlations, gene-to-gene correlations, and
transition index across the different lineages through the stages was executed.
To evaluate general trends and patterns in our landscapes, they are plotted on a
heat map generated by the ComplexHeatmaps package (Gu, Gu et al. 2014, Gu,
Eils et al. 2016). Two sets of each landscape are produced: The first normalized
across the whole landscape, such that there exists a single maxima. The second
normalized by lineage, such that each lineage has a maxima. For qualitative
analysis, we used the second set in our manuscript.
2.9.3. Evaluating the Measures across time
Here, the temporal profiles of the different measures are assessed. A ridge plot
was used to display shifts in average measure distributions across time. The
densities in the plots represent the measure values at the respective time point
across all lineages. The plots were constructed using R package ggridges (Wilke
2018).
2.9.4. Evaluating Branching Dynamics
The key question is whether a branching point shows unique properties to a nonbranching point, or whether a trifurcating branch is statistically different from a
bifurcating branch. Branching points are classified by stage.
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2.9.4.1. Branch Properties by Time
For each branch, we assign three values: Before, Transition, and After, where
each is the average of the respective measure in the stage before, during, and
after the branching respectively. A wilcoxon rank-sum test compares between
branching and non-branching sets. The p-values were plotted with a line
indicating alpha (α=0.05) using ggplot. The numerical results are shown in table
2.2.
Table 2.2. Branching vs. Non-branching Analysis: P-value for the Wilcoxon
rank-sum test between transition index values of branching and non-branching
points of the same type
06hpf

08hpf

18hpf

Before

1.0000000

0.8430905

1

Transition

0.8660429

0.8122454

1

After

0.8660429

0.7816890

1

2.9.4.2. Branch Properties by Degree
The degree of branches was acquired from the development tree. We do so by
computing the row sum of the adjacency matrix, this equates to the number of
outgoing edges of the cluster. If a cluster has > 1 outgoing edges, it is considered
a branch. We classify the branches by degree (x-axis) for the respective measure
(y-axis) and generate boxplots using the base R package.
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2.10. Tertiary Analysis
To show that our method captures biological signals, we contrast our finding from
the two differently processed datasets.
2.10.1. Temporal trends
After applying the secondary analysis to each data set independently, we
contrast the global trends between the sets. Since the data sets represent
different time spans, it would be difficult to contrast each lineage independently.
We thus plot the averages of our measures as functions of time, then fit a loess
smooth model to contrast trends. The plots were generated with the R package
ggplot (Wickham 2016).
2.10.2. Feature Recovery
To reaffirm our findings, we look into whether the same sets of genes are
correlating with the shared trends.
2.10.2.1. Feature Recovery Method
After extracting the average trend of cell-to-cell correlation and gene-to-gene
correlation across time. Pearson correlation of average gene expression trends
was computed separately. We rank genes by their absolute value and select the
top 1000. We denote the top 1000 cell-to-cell correlating genes and the top 1000
gene-to-gene correlating genes by Top.c and Top.g respectively. The intersect of
both was denoted as Top.All. A bar plot is used to contrast the difference in
recovery between the different methods. The bar plots were generated using
base functions of R. The number of recovered genes could be found in table 2.3.
Table 2.3. Number of Recovered Genes: Number of genes recovered by
intersecting top correlating genes from both datasets.
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TVar

Rand

TMark

TVM

Top.c

6

36

84

4

Top.g

25

26

25

26

Top.All

0

0

0

0

2.10.2.2 Feature Recovery by Chance
To determine the validity of the intersect of our recovered genes as a signal, we
compute number overlapping features between the sets (1578) and the
probability of a single feature being selected at random from either set
(Wagner2018: 1/29719; Farrell2018: 1/17238). Thus, the probability of a shared
feature being selected from either set is:

Since we select 1000 top genes each, the probability it would be selected from
both:

Where P is the probability of: s: shared; w: Wagner; f: Farrell
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CHAPTER 3: Results
3.1. Selection Methods Verification
We evaluate our novel selection methods by first comparing them to established
selection of genes. Farrell et al. were able to retrieve and validate their
trajectories by both URD, their diffusion-based method, and genetic modules
established by non-negative matrix factorization (NMF). For selected lineages,
we compute our measures using NMF supplied genes with respect to the
lineage. We contrast our methods with the output of the NMF modules to get a
feel of our methods performance (Figure 3.1). We notice that our methods are
consistent with each other, and resemble the trend of NMF with some caveats.
Since the metric is designed to evaluate localization of transition, qualitative
emulation is deemed acceptable. The semblance is more noticed with cell-to-cell
correlation measures, and less so for gene-to-gene correlation measures, and
consequently, the transition index. We observe that our trends match more for
the notochord and primordial germ cell lineages, but not as much for somites and
heart primordium lineages. This correlates with the lineage complexity within the
tree structure.
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Figure 3.1. Comparison of Methods with Ground Truth: The cell-to-cell correlation (left
columns), gene-to-gene correlation (middle column), and transition index (right column) are
plotted for four different lineages: Heart Primordium (first row), Somites (second row), Notochord
(third row), Primordial Germ Cells (last row). All lineages from Farrell2018 data set. Legend
abbreviations: Top Variable Features (TVar), Full Feature (Rand), Top Markers (TMark), Top
Variable Markers (TVM), Non-negative Matrix Factorization Gene Modules (NMF).

3.2. Comparison of Selection Methods
Different selection methods bias the data in different ways. We attribute the bias
to the size of our used gene sample. While cell sample size distribution is
constant for all metrics (Figure 3.2.A), gene sample size distribution varies
(Figure 3.2.B). The source of variance in the gene sample size can be attributed
to multiple sources. The first would be the direct result of the metric, where the
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available selection falls below a set sampling size. The second is biological
variability in detected UMI content (see Table 2.1) at different stages. The third is
a function of the second, where all zero-sum vectors are removed post selection,
leading to a reduction in active gene sample size. In other words, clusters that
are enriched with sampled genes would maintain their gene sample size, while
sparser less expressive clusters would have less. However, technical variability
also influences the gene sample size. Single-cell RNA sequencing data is known
for its sparsity. Thus, a smaller cell sample size would lead to fewer hits in gene
expression space, leading to more false negatives in feature count, and
consequently, a smaller gene sample size upon our method sampling. (Figure
3.2C). A by-lineage look into our data could be found in Figure S1-4.
With regards to the measures themselves, TVar and Rand show a wider
distribution than TMark and TVM. TMark brings focus to highly expressed genes,
making them less susceptible to dropout in their respective clusters - and by turn,
more resilient in gene sample size. TVar, on the other hand, is more vulnerable
to bias caused by variance in cell sample size, as the top varying gene selection
would include relatively more features from within the more prominent cluster and
less so from smaller clusters. TVM shares the properties of both TVar and TVM.
Regarding distribution stability, it seems it takes on more from TMark since it
allocates a specific set of genes for each cluster - acting as a buffer for the bias
effect. Rand is unbiased, yet it still presents a wide distribution. Again, this is
attributed to the same as mentioned above for TVar - biology, and sparsity.
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Unfortunately, this effect extends to the correlation computations themselves, as
a smaller sample size causes inflation in correlation values (figure 3.2 D-I). A
more significant effect is seen on gene-to-gene correlations for all measures
(figure 3.2 F, G) (figure 3.3 F, G), while in comparison, our different measures
seem more stable with cell-to-cell correlation (figure 3.2 D, E; figure 3.3 D, E).
Although, with respect to the values of cell-cell correlation, it seems TVar and
TVM are sensitive at the lower cell sample sizes. This could be attributed to the
high number of zero-sum vectors among the selected since highly variable genes
would be repressed in certain clusters and more susceptible to dropout.
Consequently, it would lead to a significant reduction in the number of genes,
leading to an effect on cell-cell correlation. TMark and Rand are less biased
since there is no directed selection of genes with lower expression probabilities.
The favored performance by TMark is due to the selection of features with lower
dropouts. As a result, there is a higher chance of preservation of features across
different clusters.
It would go to show the great variance in number of genes for TVar, as certain
clusters would not have a gene expressed as opposed to having the gene
expression reduced.
Hence our observation of a tighter distribution for TMark while TVar would have a
wider distribution. As such, TMark seems most promising, followed by TVM,
Rand, and TVar in that order.
Since we understand the limitations of our methods, we proceed to assess our
results while taking into account the aforementioned biases.
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Figure 3.2. Selection Method Biases (Farrell2018): Figures A-I describe
results for Farrell2018 data set. A. Plot displays cell sample size distribution for
the different sampling methods*. B. Plot displays gene sample size distribution
for the different sampling methods. C. Plot cell sample size vs gene sample size
for four selection methods. D-I. Interdependency between the different measures
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and sample sizes as described by A and B. Legend abbreviations: Top Variable
Features (TVar), Full Feature (Rand), Top Markers (TMark), Top Variable
Markers (TVM). *only one output seen because trends overlap.
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Figure 3.3. Selection Method Biases (Wagner2018): Figures A-I describe results for
Wagner2018 data set. A. Plot displays cell sample size distribution for the different sampling
methods*. B. Plot displays gene sample size distribution for the different sampling methods. C.
Plot cell sample size vs gene sample size for four selection methods. D-I. Interdependency
between the different measures and sample sizes as described by A and B. Legend
abbreviations: Top Variable Features (TVar), Full Feature (Rand), Top Markers (TMark), Top
Variable Markers (TVM). *only one output seen because trends overlap.
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3.3. Assessment of Transition Index Assumptions
As introduced, the transition index assumes an inverse relationship between cellto-cell correlation and gene-to-gene correlation. Here, we assess whether the
metric assumptions hold and whether different selection methods highlight some
relationships more than others. We do so by using the slope and coefficient of
determination of a fitted linear model as measures of relation and confidence,
respectively. Farrell2018 shows a negative relationship between cell-to-cell
correlation and gene-to-gene correlation across the majority of lineages for all
our measures (Figure 3.4 A) with some variance in the coefficient of
determination (Figure 3.4 B). Meanwhile, Wagner2018 shows an ambiguous
profile, with some lineages harboring a positive interaction while others a
negative interaction (Figure 3.4 C) with generally low coefficients of
determination (Figure 3.4 D). We can confidently say Farrell2018 complies with
the assumptions held by the transition index, while Wagner2018 is undetermined.
Our observations indicate a higher signal to noise ratio for Farrell2018 vs.
Wagner2018. No noticeable differences were observed between our methods.
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Figure 3.4. Transition Index Assumption Evaluation: Farrell2018 (A-B): Violin plot shows
slope distribution (A) of a fitted linear model to gene-to-gene correlation as a function of cell-tocell correlation and their respective coefficient of determination (B) by lineage for the four gene
selection methods. Wagner2018 (C-D): Violin plot shows slope distribution (C) of a fitted linear
model to gene-to-gene correlation as a function of cell-to-cell correlation and their respective
coefficient of determination (D) by lineage for the four gene selection methods. (TVar: first row,
Rand: second row, TMark: third row, TVM: last row.) Legend abbreviations: Top Variable
Features (TVar), Full Feature (Rand), Top Markers (TMark), Top Variable Markers (TVM)

3.4. Measure Landscape Profiling
After establishing an understanding of our methods and their potential biases, we
proceed to evaluate emergent patterns across multiple lineages. We use a
normalized visual, highlighting qualitative features. Of note is the relative
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consistency of the landscapes across the different measures; this might be
attributed to an underlying signal beyond noise generated by our measures.
However, the challenge would be to discriminate between experimental noise
and biological signal, where noise emerges from technical or processing
variability. We attempt to understand the patterns observed by reflecting on the
biological stages of development in which they emerge.
The observed patterns for the Farrell2018 measure provide quite a tantalizing
profile. However, the uncanny relation between our measures and the respective
cell sample size profile has complicated extraction of signal from noise by
confounding elements. An initial assessment shows the red band in cell-to-cell
correlation spanning 4.3 hpf - 10 hpf shows a smooth increase followed by a
decrease (Figure 3.7), matching up nicely to the process of epiboly. There lies a
divot at the shield stage, where a temporary halt in epiboly is observed as the
shield forms. From a cell cloud perspective, this would describe a slow
compaction building to a “pulse” then slowly decondensing. The general profiles
observed in (Figure 3.6) highlights the preservation of the pattern across the
methods. Regarding the gene-to-gene correlation landscape, we lack a
continuous forming landscape corresponding to that of the cell-to-cell correlation.
However, some noticeable ridges lie at stages 3.8hpf, 6hpf, 11hpf, indicating
increased asymmetry in gene expression noise (Figure 3.8). The sharpness of
the profile is affected by the magnitude range, where gene correlation values are
minute. Typically, a log-transform would correct for the disparity, however, that
would contradict the purpose of our measures - to detect a notable shift in the
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noise symmetry. From a biological standpoint, the shield stage and 3-somite are
known to be active stages in development, where the shield has an organizer
role in early development, and the 3-somite corresponds to the end of
gastrulation and the start of segmentation. The oblong stage sees the
smoothening of the blastoderm through changes in cellular surface tension,
which is a critical step for the dome stage to occur. A deeper investigation into
the lineages and how they behave with relation to the identified stages could
reveal more about the process of development.
As for Wagner2018, we notice that stage 4 hpf has a low cell-to-cell correlation
followed by an increase across all selection methods (Figure 3.10). A more indepth look into the distributions of the cell-to-cell correlation values displays a
unimodal profile for TMark and Rand, whereas TVar and TVM show a degree of
bimodality (Figure 3.9). When contrasting the distributions, the lower of the
bimodal peaks concur with the other unimodal measures’ peaks. Our confidence
in TMark and Rand over TVar pushes for the dismissal of the increasing trend as
an artifact, where the sample size variation induces seemingly increasing trends.
Since TVar’s bias would be towards the early stages, the subset of genes would
only significantly vary in earlier stages of development. There are then two
scenarios - genes either remain on after loss of the earlier plasticity, or genes
that are transient in expression, where they are expressed in early stages then
repressed. Either case would result in an increased cell-to-cell correlation of later
stages. The decreasing trends would correspond to increasing cellular
heterogeneity. Since it is in the most highly expressed genes that we observe

55
such a profile, we explain it as a general weakening of the attractors as the
organism proceeds through gastrulation and into segmentation. As for gene-togene correlation, they show low values in early stages compared to later stages
(Figure 3.11), a consistent trend across all measures. This new emergence of
asymmetry indicates the peak of gene coordination. This observation concurs
with our expectations given what we observe in cell-to-cell correlation, and
matches well the biological narrative, where the greatest leap between stages, or
the greatest drop in potency, would occur as many lineages are distinguished
during the segmentation stage.

Figure 3.5. Zebrafish Developmental Timeline: Table shows the progression of zebrafish
development with each stage name, corresponding time, and period in which they occur for
Farrell2018 (top) and Wagner2018 (bottom) along with images recovered from ZFIN.
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Figure 3.6. Farrell2018 Collective Cell-to-Cell Correlation Profile: Ridge plots show general
trends in the developmental landscape of Farrell2018 for our different measures across time for
cell-to-cell correlation. Legend abbreviations: Top Variable Features (TVar), Full Feature
(Rand), Top Markers (TMark), Top Variable Markers (TVM). *only one output seen because
trends overlap.
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Figure 3.7. Farrell2018 By Lineage Cell-to-Cell Correlation Profile: Heatmap displays the
normalized by lineage cell-to-cell correlation landscape for all lineages in Farrell2018. Legend
abbreviations: Top Variable Features (TVar), Full Feature (Rand), Top Markers (TMark), Top
Variable Markers (TVM).
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Figure 3.8. Farrell2018 By Lineage Gene-to-Gene Correlation Profile: Heatmap displays the
normalized by lineage gene-to-gene correlation landscape for all lineages in Farrell2018.
Legend abbreviations: Top Variable Features (TVar), Full Feature (Rand), Top Markers (TMark),
Top Variable Markers (TVM).

Figure 3.9 Wagner2018 Collective Cell-to-Cell Correlation Profile: Ridge plots show
general trends in the developmental landscape of Wagner2018 for our different measures
across time for cell-to-cell correlation. Legend abbreviations: Top Variable Features (TVar),
Full Feature (Rand), Top Markers (TMark), Top Variable Markers (TVM).
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Figure 3.10. Wagner2018 By Lineage Cell-to-Cell Correlation Profile: Heatmap displays
the normalized by lineage cell-to-cell correlation landscape for all lineages in Wagner2018.
Legend abbreviations: Top Variable Features (TVar), Full Feature (Rand), Top Markers
(TMark), Top Variable Markers (TVM).
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3.5. Developmental Tree Branch Analysis
It was shown by Mojtahedi et al that the transition index peaks around the
branching point. Given our hypothesis of a non-continuous transition, this is
intuitive, since a branching point would definitely indicate a transition - a de facto
positive control if you will. In Wagner2018, we retrieve the developmental tree
from the original paper, and reverse engineer it to generate (Figure 2.1) as
described in (Methods 2.1.1). Although the assumptions are ambiguous with
respect to Wagner2018, we posit that branch points would portray a signal.
However, comparison between branching points and non-branching points within
the same stage shows no significant difference in any of our methods (Figure
3.12. A). For certainty, we look for a dependency between the branch degree and
our measures, but we observe none (Figure 3.12. B,C). Our indicators reveal an
absence of critical transitions, suggesting that differentiation is a continuous
process. Although, given Wagner2018’s low sampling frequency, it is possible
that the dynamic change surrounding transition events were not captured by the
data.
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Figure 3.11. Developmental Tree Branching Analysis: A. Comparing branching points to
non-branching points of the same stage (type) through the Wilcoxon rank-sum test for the four
methods of gene selection (alpha=5%). B. Visualize interdependency between branch degrees
and cell-to-cell correlation for the four methods of gene selection. C. As B, but for gene-to-gene
correlation.

3.6. Universal Trends in Development
After assessing the two datasets by lineage, a global look reveals a trend within
the set. By comparing the trends of Wagner2018 and Farrell2018, we notice
some semblance in the progression of the average cell-to-cell correlation (Figure
3.13. A, B). Since the data come from different experiments from different labs,
numerical discrepancies observed are not unexpected. Concerning gene
selection methods, TMark shows the best overlap between the trends, followed
by Rand, TVM, and finally TVar. This agrees with our previous evaluations of the
methods. The trends seem to be more visible for cell-to-cell correlation
measures, while not as visible for gene-to-gene measures. Therefore, it seems
that gene-to-gene correlation has low tolerance towards differences in data
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capture. The trend observed in cell-to-cell correlation would describe a gain of
uniformity in cellular profiles for the different lineages followed by an increase in
cellular heterogeneity. Indicating the entry to an attractor basin. Whether it
represents a transition or not is uncertain, as that would require a responding
trend in the gene-to-gene correlation trend as dictated by our metric. We follow
by correlating average gene expression to the observed trends for each data set
independently. Our observations show a reduced number of genes correlating
with both cell-to-cell correlation and gene-to-gene correlation, where each trend
seems to be influenced by a different set of genes. It also seems that cell-to-cell
correlated genes are more conserved across data sets (Figure 3.13.C). While the
intersect of both cell-to-cell and gene-to-gene correlated genes showing no
output. A by-chance result would be less than 0.2% (methods 2.10.2.2.),
invalidating both TVar and TVM results. Meanwhile, recovery by TMark in cell-tocell correlation is above 8%, showing potential as a data-driven measure. In
short, we observe a preservation of signal across the dataset, and the potential
universality of our metric. We note that the reduced result is also affected by the
different sources the two sets use for gene annotation (Methods 2.3).
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Figure 3.12. Universal Trends: Loess plot displaying trends in cell-to-cell correlation (A) and
gene-to-gene correlation (B) over time in two separate datasets for Zebrafish. We show results
for the four different gene selection methods as labeled in the header of each graph. C. The
intersection of the top correlating genes from both data sets for the different selection methods.
We correlate genes to cell-to-cell trends (C-left), gene-to-gene trends (C-middle), and the
intersect of both (C-right).
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CHAPTER 4: Discussions and Conclusions
4.1. Summary
In our study, we attempt to detect cellular transitions within the context of
development using two data sets, Farrell2018 and Wagner2018. We do so by
applying the transition index, a measure introduced by Mojtahedi et al. We
contribute by applying three different methods for gene sampling for a datadriven quantification of cellular transition, TVar, Rand, TMark, and TVM. We
compare the measure profiles produced by our methods to those generated by
selected genes for lineage progression, namely NMF. We show our methods
qualitatively approximate the positive control results, displaying the merit in our
approach. We then evaluate the biases influencing our methods. We find that cell
sample size biases our gene selection. In turn, it shows a trickle-down effect to
the other measures. We follow by displaying how well our methods recover the
assumptions held by the transition index. We then assess the landscape of cellto-cell correlation, gene-to-gene correlation, and transition index. We take it a
step further by assessing branching points as positive controls for transitions,
which shows no statistical difference between branching and non-branching
clusters. We reinforce it by showing the absence of an observable relation
between branch degree and our measures. Finally, we display the universality of
our measure by recovering shared genes from both sets.

65
4.2 Reflections and Takeaways
4.2.1. Method Performance
Our results show that TMark is the most reliable method, as it is least biased by
cell sample size, and thus produces more signal. However, given the conditions,
the outcome might not be the same after more rigorous accounting for sample
size biases. Rand, used by Mojtahedi et al., provides the second-best method.
TVar and TVM fail due to their sensitivity to cell sample size. We conclude that
the proper use of the measures necessitates revising a normalization strategy
that accounts for variations in cellular abundance.
4.2.2. Measure Landscapes and Biology
We attempt to extract signals from our data. For example, we observe a
correspondence between cell-to-cell correlation and epiboly in Farrell2018,
where an increase in cell-to-cell correlation describes a more uniform cell
population. It would be interesting to dive deeper to extract the causes of such
signals – as one would expect the opposite since epiboly facilitates the involution
of cells for gastrulation, where the germ layers form. Although differences in
stage processing should be taken into consideration, as described in (Methods
2.3.2). In Wagner2018, our observations match the biological narrative, as our
landscapes see less cell compactness and more gene coordination in later
stages - reflecting the many differentiation programs launched spanning that
period. Although, early stages in Wagner2018, known for the formation of the
germ layers, are not as active. These observations suggest a decisive moment in
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cellular determination, where the shift in gene expression space is more drastic
in later stages than in earlier stages.
4.3. Our Query
The Waddington epigenetic landscape is proposed as a tool to understand
development. Development is a complex process, and as such, could benefit
from such formalisms. In our experiments, we attempted to reveal how well the
landscape predicts cellular behavior and what, if it does not, could be the
underlying structure.
An exciting facet in our data is the smoothness of our landscape, much easily
observed in cell-to-cell correlation profile, whether it is when we describe the
Farrell2018’s rise and fall or Wagner2018’s decrease. Such observations indicate
a gradual change in the developmental cell cloud, suggesting some form of
internal consistency. We source this signal from the biological changes in the
development of the zebrafish, supported by our observation of a conserved trend
across differently procured datasets. This corresponds to Waddington’s
metaphor in the sense of a smooth change. However, we also notice a variety of
behavior in terms of the canalization of the cells. The Waddington landscape
implies a continuously increasing canalization, or from a cell cloud perspective, a
continuously condensing cloud. In contrast, our results show a fluctuation in
cloud compactness, reflecting the heterogeneity of the cells. From a biological
perspective, following the trends observed across Farrell2018 and Wagner2018,
as the cells transition from pluripotency in the blastula period, they become less
heterogeneous. As they leave gastrulation, they regain heterogeneity. That is
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counterintuitive, as one would expect cells to become more uniform as they
specify more, as the Waddington landscape implies. Thus, we could say that the
representation of continuously deepening canals in the Waddington landscape is
incorrect. Instead, it seems, the width of the canals would change - being the
widest at the top (pluripotent stem cell) and tightening as cells become
multipotent germ layer cells, then widening as the cells specialize into finer
physiological structures. As for what happens after, the assumption holds that as
cells settle in their respective attractors, the paths constrict. Only after extending
our study to include terminal cell states will we be certain.
Branch points are highly intriguing, as they mark cell fate decision moments. Our
observations reveal no unique behavior surrounding branches or any property
associated with the number of progenies they give rise to. It could indicate one of
two possibilities, either that what we correctly detect the signal we are seeking, or
that what we observe is noise. The first possibility that it is indeed a correct signal
shows that branches cannot be described as critical transitions, and would point
towards the continuity of cell-fate decisions in the context of development. We
are aware of the heavy assumptions we made and their implications, hence our
consideration of noise obscuring our signal. The source of the noise could be
biological or technical or some combination of both. Biological sources would be
the result of developmental complexity, where cells are undergoing drastic
morphological changes. As cells quickly divide and shift from cell state to
another, the ability to distinguish stable from unstable (transient forms) is lost.
Our representation of branching points as fixed clusters in time amplifies the loss,
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as multiple states could be represented at that time point. It is especially true if
there is a significant difference in time between adjacent time points, such as in
our case with Wagner2018. We did not investigate Farrell2018 due to the
absence of the data, but it would be assumed that they would give more refined
results with respect to branching dynamics. In conclusion, we cannot determine
whether branching in early development is continuous or discontinuous, but our
preliminary results indicate the former.
4.4. Limitations
By revising our experimental design, we hope to retrieve more consistent gene
coordination trends, and eventually, make better predictions as to what is
happening on the scale of specific lineages and that of organismal development.
From a technical perspective, Farrell2018 and Wagner2018 both describe
zebrafish early development. However, there lie some differences in the
experimental design and preprocessing that bias our results. Farrell2018
represents ranges between the high stage (3.4 hpf) and the 6-somite stage (12
hpf), Wagner2018, on the other hand, ranges between the sphere stage (4 hpf)
and the 5-primordium stage (24 hpf), each spanning different stages of
development. The temporal resolution also differs, where Farrell et al. provide
twelve-stage samples within their range, while Wagner et al. sample seven. As
previously mentioned, temporal resolution is critical to the computation of such
metrics, as many changes occur morphologically, let alone molecularly. Another
difference is the lineage determination. The lineages found in Farrell2018 are
categorized differently than those from Wagner2018, which is a natural result of
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the range difference, as more cell fate identities are resolved as time proceeds.
There is also the difference in the technique of lineage assembly, where Farrell
et al. uses a diffusion-based method. In comparison, Wagner et al. uses a kNN
based heuristic to stitch clusters between stages, and from there infer lineages.
Consequently, clustering quality would also impact the construction of the
developmental tree and our measures.
4.4. Future Perspectives
For future experiments, to reaffirm our conclusions, we intend to reduce technical
variability by exposing the raw data sets of Wagner2018 and Farrell2018 to the
same preprocessing and lineage inference methods. The selection methods
show some merit, but they could be refined to output more reliable results. We
suggest using the same concepts by Mojtahedi et al., but revising the index to
account for the distribution assumptions and non-linear nature of gene
expression (Skinnider, Squair et al. 2019). From a technical standpoint, our
computation of permutations could greatly benefit from parallelization, greatly
enhancing our method’s efficiency.
From a general standpoint, we aspire to better temporally resolve our data to
reveal less discrete dynamics through the incorporation of “latent time” and
traditional critical transition measures. Latent time is a value inferred through
dynamic modeling of RNA velocity (Bergen, Lange et al. 2019), making it a more
biologically informed equivalent of pseudotime. Traditional critical transition
prediction measures rely on time-series(Scheffer, Bascompte et al. 2009); thus
by integrating the two, we aspire to reveal richer dynamic profiles. We also intend
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to explore datasets from other species to reveal more about the nature of cellular
transition in development (Briggs, Weinreb et al. 2018, Pijuan-Sala, Griffiths et al.
2019). Additionally, we want to expand beyond development to tissue
regeneration, cellular reprogramming, and dedifferentiation - attempting to reveal
universal trends of cellular transition. Finally, we intend to supplement future
findings with a theoretical backbone through in silico simulations of our expected
systems. Through such steps, we hope to uncover more about the fascinating
process of cellular transition.
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APPENDIX

Supplementary Figures

Figure S1. Cell Sample Size distribution by lineage for Wagner2018
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Figure S2. Gene Sample Size distribution by lineage for Wagner2018 for four methods

Figure S3. Cell Sample Size distribution by lineage for Farrell2018
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Figure S4. Gene Sample Size distribution by lineage for Farrell2018 for four methods
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Figure S5. Transition Index Assumption Evaluation: Two panels for each dataset: Farrell2018
(A-H): Slopes (A,C,E,G) of fitted linear model to gene-to-gene correlation as a function of cell-tocell correlation and their respective coefficient of determination (B,D,F,H) by lineage for the four
gene selection methods. Wagner2018 (I-P): Slopes (I,K,M,O) of fitted linear model to gene-togene correlation as a function of cell-to-cell correlation and their respective coefficient of
determination (J,L,N,P) by lineage for the four gene selection methods. (TVar: first row, Rand:
second row, TMark: third row, TVM: last row.) Legend abbreviations: Top Variable Features
(TVar), Full Feature (Rand), Top Markers (TMark), Top Variable Markers (TVM)
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