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Mammalian embryogenesis is a rapid and complex process that involves the proliferation
and diversification of cells. Within a few weeks, a single-cell zygote gives rise to hundreds
of millions of cells that express a wide range of molecular programs. These cells eventually
give rise to all of the tissues and organs in the adult body. There are two major questions in
mammalian embryogenesis: how cells transition from one stage of development to the next,
and what the molecular factors that control this process are. Our current understanding of
these questions, particularly in the in vivo context, is still incomplete. Although intensively
studied, a systematically ascertained delineation of the major cell lineages and trajectories
that comprise in vivo mammalian development, as well as the regulatory transcription factors
(TFs) that drive it, remains elusive.

Recently, we and other researchers have used a variety of single-cell methods to profile
millions of cells from a whole mouse embryo. This allowed us to characterize the tran-
scriptional profiles (single-cell RNA-seq, or scRNA-seq), chromatin accessibility (single-cell
ATAC-seq, or scATAC-seq), and other modalities of individual cells, from a series of “snap-
shots” of the embryo at different timepoints, spanning the pre-gastrulation, gastrulation, and
organogenesis periods. For example, Pijuan-Sala et al. captured the transcriptional profiles

of over 100,000 individual cells from the mouse embryo during gastrulation, from embryonic



day (E) 6.5 to E8.5. Cao et al., on the other hand, developed a new single-cell combinatorial
indexing technology (sci-RNA-seq3) to profile the transcriptomes of around 2 million cells
derived from mouse embryos staged between stages E9.5 and E13.5. 1 hypothesized that
these and other single-cell datasets, especially if they were combined, would offer significant
possibilities for obtaining a comprehensive understanding of mouse embryogenesis. There-
fore, this thesis will introduce three different projects that leverage scRNA-seq datasets with

comprehensive computational analysis to address this question.

In the first project, we integrated multiple published scRNA-seq datasets to define cell
states at 19 stages of mouse gastrulation and early organogenesis, from E3.5 to E13.5.
We then heuristically connected these cell states to their pseudo-ancestors and pseudo-
descendants based on their transcriptional similarity, creating a graph of cellular trajectories.
We then leveraged this graph to identify TFs and TF motifs that regulate the emergence of

new cell types.

In the second project, we applied sci-RNA-seq3 to fill the data gap between late gastrula-
tion and birth, by profiling the transcriptional states of 12.4 million nuclei from 83 precisely
staged embryos spanning late gastrulation (E8) to birth (postnatal day 0 or P0), with a
temporal resolution of at least 6 hours. We identified hundreds of cell types and performed
deeper analyses of the development of the posterior embryo during somitogenesis, as well
as the kidney, mesenchyme, retina, and early neurons. We leveraged these data, together
with other published datasets, to construct a rooted tree of cell type relationships that spans
mouse development from zygote to pup, followed by identifying sets of TFs and other genes

as candidate drivers of cell type differentiation.

In the third project, we aimed to establish scRNA-seq of the whole embryo as a scalable
platform for the systematic phenotyping of mouse genetic models. We used sci-RNA-seq3 to
profile and analyze the gene expression of 1.6 million nuclei from 101 embryos of 22 mutants

and 4 wild-type genotypes at E13.5. We then developed and applied several analytical



frameworks to detect differences in the composition and/or gene expression of 52 cell types
or trajectories across genotypes.

This study takes a comprehensive approach to understanding mammalian embryogenesis.
By examining the cellular trajectories that cells take during development and the molecules
that drive these trajectories, we aim to answer fundamental questions about this process. We
believe that this work will provide a foundation for a deeper understanding of mammalian

development.
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Chapter 1

INTRODUCTION

The questions that people often ask about themselves — who am I, where did I come
from, and where am I going? — can also be asked about individual cells during develop-
ment. What is it? Where does it come from? And what will it give rise to? These three
fundamental questions about cell identity, origin, and fate can be summarized as the lineage
relationship between cells or cell states involved in mammalian development. In other words,
how do cells transition from earlier to later stages of development? During development, a
single zygote cell divides rapidly and forms three germ layers: the ectoderm, mesoderm, and
endoderm. These germ layers give rise to all of the body’s tissues and organs. The temporary
cell states undergo a series of sequential differentiation steps to form the final mature cell
types with precisely assigned functions. For example, the eye is a relatively small tissue, but
it contains six distinct types of retinal neurons that form highly organized layers. Each type
of retinal neuron plays a unique role in transmitting light signals. More broadly, previous
research has identified over one thousand different types of neurons in the human or mouse
brain. These neurons have a wide range of functions, including carrying out sensory percep-
tion, controlling movement, and processing information. During development, the process of
cell differentiation is highly regulated and controlled by a variety of molecular factors. Some
cells, such as neural-mesodermal progenitors (NMPs), have the potential to differentiate into
multiple cell types. NMPs are located at the posterior embryo during late gastrulation and
early somitogenesis. They have bipotent differentiation capabilities, meaning that they can
differentiate into either neuroectoderm (Soz2+) or mesoderm (Tbz6+) [1]. The precisely

organized and modified process of development is like a well-designed machine. This raises



the second important question - what are the key molecular factors that underlie each po-
tential course of differentiation? More specifically, how does a cell determine its fate during
a particular developmental stage? In principle, developmental programs can be comprehen-
sively described. For example, Sulston and colleagues reconstructed the complete embryonic
lineage of the roundworm C. elegans through visual observation in 1983 [2]. However, C.
elegans is a small, translucent, and developmentally invariant organism, which makes it the
only model organism for which such a complete description has been achieved. Our current
understanding of the two fundamental questions of mammalian development is fragmentary.
Most studies have focused on relatively short stages of development or a particular lineage,
and a systematic delineation of the major cell lineages and trajectories that comprise in
vivo mammalian development, as well as the involved regulatory transcription factors (TFs),

remains elusive.

1.1 Genome editing and light-sheet microscopy shed light on embryogenesis

Recent advances in technologies, such as cell lineage tracing and light-sheet microscopy, have
enabled researchers to answer long-standing questions about cellular dynamics in embryoge-
nesis. In 2016, McKenna et al. developed a technique called GESTALT (genome editing of
synthetic target arrays for lineage tracing), which enables tracking cell lineage in whole, com-
plex organisms [3]. It uses CRISPR/Cas9 to introduce and accumulate mutations in a DNA
barcode over multiple rounds of cell division. The barcode can be used to mark cells and
track cell lineages by analyzing the patterns of mutations shared between cells. McKenna
et al. applied the technology to track the lineages of hundreds of thousands of cells in ze-
brafish and demonstrated that most cells in adult organs are derived from a small number
of embryonic progenitors. GESTALT has the potential to be used to map the complete cell
lineage in diverse organisms, and it could also be adapted to link cell lineage information to

molecular profiles of the same cells.



McDole et al. improved adaptive light-sheet microscopy by making it adaptive to the
dramatic changes in size, shape, and optical properties of the embryo over time, enabling
high-resolution imaging of cells from gastrulation to early organogenesis in developing mouse
embryos in vivo [4]. To analyze the data collected by their microscope, the researchers de-
veloped a computational framework that can reconstruct long-term cell tracks, cell divisions,
dynamic fate maps, and maps of tissue morphogenesis across the entire embryo. This study
pioneered the direct visualization of the dynamic changes of the mouse embryo during early

development, such as cell divisions and cell movements.

GESTALT and adaptive light-sheet microscopy are both powerful tools for advancing
our understanding of mouse embryogenesis and could help identify new genes and path-
ways involved in gastrulation and early organogenesis. However, they each have limitations.
GESTALT is not able to track cells for long periods of time, and it is not as effective in
larger and more complex organisms like the mouse. Adaptive light-sheet microscopy is also
limited by the size of the embryo that can be imaged at once. These limitations have pre-
vented researchers from reconstructing the cellular trajectories spanning embryogenesis in

the mouse.

1.2 Single-cell sequencing revolutionizes embryogenesis research

The above technologies, which either leverages “recording” or microscopy, can be summarized
as “direct” strategies for studying mammalian embryogenesis. The direct strategy involves
following the development of a single embryo over time, e.g. this can be done using time-
lapse microscopy, which allows researchers to track the movements and changes of cells in
an embryo over a period of hours or days. This is a powerful strategy that provides a
precise, dynamic, and comprehensive picture of the embryo during development. However,

due to technical challenges, it is difficult to apply to large embryos (e.g. late-stage mouse



embryos). Additionally, it can be expensive and time-consuming to track a single embryo

over an extended period.

Alternatively, in recent years, a more “indirect” strategy for studying mammalian em-
bryogenesis has become increasingly popular. This strategy involves sampling cells from
different embryos at multiple timepoints, rather than following the development of a single
embryo over time. This strategy takes advantage of the rapid development of single-cell
technologies, which have become more affordable and easier to use. Scientists have used
single-cell RNA sequencing (scRNA-seq) or single-cell ATAC sequencing (scATAC-seq) to
study the gene expression or chromatin accessibility of individual cells in a whole embryo
or a specific tissue at multiple timepoints. This has allowed them to identify the cellular
features of individual cells at a single stage, as well as the similarities between cells across
timepoints. The results of these studies can then be used to computationally reconstruct
the cellular trajectories that led to the development of the embryo. This process is similar
to how the first movies were made, where individual frames were captured and then stitched
together to create a moving image. Similarly, researchers using the “sampling” strategy take
a series of snapshots of cells at different stages of development, and then use computational

methods to reconstruct the continuous roadmap of the embryo’s developmental trajectory.

The success of the sampling strategy for studying mammalian embryogenesis depends on

four factors:

e The number of cells profiled. The number of cells that need to be profiled depends
on the size of the embryo and the stage of development at which it is profiled. To
ensure that all cell types, including rare cell types (e.g. germ cells), are likely to be

captured from each stage, a sufficient number of cells must be profiled.

e The depth of profiling. This refers to the number of genes or transcripts (for scRNA-
seq) that are measured for each cell. The deeper the profiling, the more likely it is that



sufficient variation will be captured from the different cell types in the embryo.

e The temporal resolution. This refers to the time interval between successive mea-
surements. The shorter the temporal resolution, the more detailed intermediate cell
states will be captured, and the more accurate the reconstruction of the cellular trajec-
tories will be. This is especially important for stages of development like gastrulation

and early somitogenesis, where cells are undergoing rapid and dynamic changes.

e The span of development covered. This refers to the range of developmental
stages that are sampled. The broader the range of developmental stages that are
studied, the better the understanding of the overall process of cell differentiation and

lineage commitment.

The single-cell sampling strategy is an efficient and versatile tool for studying mammalian
embryogenesis. It is less expensive and less time-consuming than traditional methods, such
as live imaging, and it can be used to study embryos that are difficult or impossible to
follow over time. This strategy has been used to collect and study genomic information
from large numbers of cells during embryogenesis in multiple species, including worms, flies,
zebrafish, frogs, mice, and humans (Fig. . The size of embryos and the duration of their
development increase from worms to humans, making it technically challenging to profile
whole embryos with single-cell technology. Most of the data generated using this approach
have come from scRNA-seq, as transcriptomes are the most important factor that specifies
cell state identities. Here I will provide a brief overview of some of the milestone studies and

their most notable features.

Caenorhabditis elegans (C. elegans), despite its limited cell number, contains a wide di-
versity of cell types and a complex anatomy. Its cell lineage has been fully mapped, making

C. elegans an ideal animal to study the transcriptome dynamics during cell differentiation



Species Developmental Stages Background # of Embryos # of Cells scRNA-seq tech gy Refi
C. elegans 300, 400, 500 mins post bleach N2 strain - 86,024 10X Genomics Packer et al.
Drosophila 0 - 20 hours Canton-S - 547,805 sci-RNA-seq3 (nuclei) Calderon et al.
Zebrafish hpf3.3,3.8,4.3,4.8,5.3,6,7,8,9, 10, 11, 12 wild-type (Tupfel longfin/AB) crosses 694 38,731 Drop-seq Farrell et al.
Zebrafish hpf6, 8, 10, 14, 18, 24 AB and TU wild-type strains "50-100 [per] sample" 36,727 inDrops Wagner et al.
Zebrafish hpf10 - hdf10 EKW strain 40 120,444 10X Genomics Lange et al.
Zebrafish hpf3 - hpf120 wild-type (Tupfel longfin/AB) crosses "10-12 [per] sample" 489,686 MULTI-seq and Drop-seq Suretal.
Xenopus 88, 10, 11, 12, 13, 14, 16, 18, 20, 22 Xenopus tropicalis embryos "5-10 embryos at a time" 123,633 inDrops Briggs et al.
Mouse E3.5, E4.5, E5.5, E6.5 C57BL/6Babr mice 32 509 manual isolation and G&T-seq Mohammed et al.
Mouse E5.25, E5.5, E6.25, E6.5 C57BL/6J and CAST/EiJ female mice 28 1,724 manual isolation and smart-seq2 Cheng et al.
Mouse E6.5-E8.5 C57BL/6 female mice 347 108,857 10X Genomics Pijuan-Sala et al.
Mouse E6.5-E8.25 C57BL/6JRccHsd or Hsd:ICR(CD-1) 153 33,700 MARS-Seq Mittnenzweig et al.
Mouse E9.5-E13.5 C57BL/6 mice 61 2,058,652 sci-RNA-seq3 (nuclei) Caoetal.
Human PCW4-6 head, trunk, viscera, and limb 7 185,140 10X Genomics Xu et al.
Human PCW3-12 whole embryos, head, and brain 14 430,808 10X Genomics Zeng et al.
Human 72 to 129 days 15 organs 121 4,062,980 sci-RNA-seq3 (nuclei) Caoetal.

Figure 1.1: A summary of scRNA-seq datasets of embryos in multiple species, including worms,

flies, zebrafish, frogs, mice, and humans.

and development. In 2019, Packer et al. profiled the transcriptomes of 86,024 single em-
bryonic cells from C. elegans, identifying 502 terminal and preterminal cell types as well as
their molecular basis for specification [5]. More importantly, they mapped most single-cell
transcriptomes to their exact position in the invariant lineage of C. elegans, to explore the
relationships between transcriptomes and lineages for cells. Some of their findings, which
serve as a proof of concept, help us understand the major question in the single-cell sam-
pling strategy: does transcriptome similarity between cells really reflect their lineages during
development? For example, they found that the correlation between a cell’s lineage and its
transcriptome increased from middle to late gastrulation, but then fell substantially as cells
in the nervous system and pharynx adopted their terminal fates. They also found that genes
that distinguish sister cells are often co-expressed in the parent cell and then selectively
retained in one daughter cell. Additionally, they found that most lineages that produce the
same anatomical cell type converge to a homogeneous transcriptomic state. Finally, they
raised concerns that computational methods that rely solely on single-cell transcriptomic

data to reconstruct developmental trajectories are often inaccurate.

As mentioned earlier, the temporal resolution of sampling is essential for the accuracy



of trajectory reconstruction. Ideally, we would profile embryos continuously rather than at
discrete timepoints to obtain a complete picture of embryogenesis in vivo. However, this is
not feasible for most model organisms like mice or humans. In Drosophila melanogaster, it is
possible to do this because it is small and its development is rapid. In 2022, Calderon et al.
profiled chromatin accessibility in almost 1 million nuclei and gene expression in half a million
nuclei from 11 overlapping windows spanning the entire period of Drosophila embryogenesis
(0 to 20 hours) [6]. Instead of using the initial collected time windows (which are discrete),
they applied deep neural network-based predictive modeling to predict a more accurate
developmental age (which is continuous) of each nucleus in the dataset. This resulted in
continuous, multimodal views of cellular transitions in absolute time. Although they did not
apply scRNA-seq and scATAC-seq in a co-assay manner, they were still able to explore the
dynamics of enhancer usage and gene expression together within and across lineages at the
scale of minutes. The inclusion of predicted nuclear ages will make it possible to explore the
precise time points at which genes become active in distinct tissues, as well as how chromatin

is remodeled over time.

Danio rerio (zebrafish) is perhaps the most well-studied model organism in this field
because it is relatively easier to study than mice or humans (small size, transparent em-
bryos, and rapid development) while still having highly conserved developmental processes.
Additionally, zebrafish has been intensively studied using traditional methods, which makes
it easier to annotate cell types and identify trajectories. In 2018, two independent studies,
by Farrell et al. and Wagner et al., each profiled approximately 40,000 cells from pooled
zebrafish embryos during gastrulation and early organogenesis |7, 8]. Although the studies
focused on different stages of embryogenesis and their temporal resolution was different (ev-
ery 0.5-1 hour from 3.3 hours post-fertilization (hpf) to 12 hpf in the Farrell et al. study,
every 2-6 hours from 4 hpf to 24 hpf in the Wagner et al. study), a few timepoints coincided,
making it possible to integrate the two datasets. Both studies innovatively used computa-

tional methods to reconstruct a tree-like graph of cells or cell states. The tree structure is



a convenient way (sometimes imprecise though) to describe developmental trajectories over
time because it clearly shows the differentiation branchpoints of cell states. Of note, con-
currently, Briggs et al. profiled over 100,000 cells from Xenopus tropicalis embryos over the
first day of life (from 5 hpf to 24 hpf) [9]. Based on the scRNA-seq data, they identified
cell states from each single timepoint and then computationally connected the cell states
between adjacent timepoints, resulting in a tree-like graph of cell states. They then aligned
this graph to the tree reconstructed from zebrafish by applying the same strategy to the data
from Wagner et al., followed by systematically identifying the cell type orthologs between
the two species (frogs vs. zebrafish). The details of the computational methods used to re-
construct the developmental trajectories in those three studies will be discussed in the next

section.

In the last two years, several new studies generated scRNA-seq datasets from zebrafish
embryos, either applying more dense temporal sampling, investigating different cellular fea-
tures, or capturing different periods of development. Saunders et al. applied scRNA-seq to
study 1812 individually resolved zebrafish embryos [10]. Their data spans 19 time points, 23
genetic perturbations (FO knockouts, generated by CRISPR-Cas9 mutagenesis), and a total
of 3.2 million cells. Lange et al. posted Zebrahub, a dynamic atlas of zebrafish embryonic
development that integrates single-cell sequencing and light-sheet microscopy data [11]. Tt
provides high-resolution molecular insights into zebrafish embryos and enables in silico fate
mapping experiments (e.g. NMPs have been explored in their study). Sur et al. extended
the range of covered stages from 12 hpf in the Farrell et al. study to 120 hpf [12]. The result-
ing atlas, created by integrating two datasets, maps transcriptionally distinct populations
across 62 stages of development, ranging from 3.3 hpf to 120 hpf. Those newly generated
data, together, provide another opportunity to reconstruct more comprehensive and precise

trajectories for zebrafish development.

The house mouse, Mus musculus, is an exceptional model system, combining genetic



tractability with close homology to human biology. Within a few weeks, a single-cell zygote
undergoes rapid cell division and differentiation, giving rise to hundreds of millions of cells
that express a wide range of molecular programs. However, the long timespan, large em-
bryo size, and complex cellular states of mouse embryogenesis make it challenging to study
developmental trajectories using single-cell technology. There are three major datasets that
have captured the transcriptomes of individual cells at the whole-embryo scale from different
stages of mouse embryogenesis. The first two studies focused on the gastrulation stage (em-
bryonic day (E) 6.5 to E8.5), while the third study focused on the early organogenesis stage
(E9.5 to E13.5). Pijuan-Sala et al. profiled the transcriptomes of 108,857 single cells from
over 300 mouse embryos collected at nine sequential time points from E6.5 to E8.5, with a
temporal resolution of six hours [13]. They constructed a comprehensive molecular map of
cellular differentiation from pluripotency to all major embryonic lineages, and particularly
explored several complex events, such as the convergence of visceral and definitive endoderm
(primitive streak-derived). The dataset generated by this study is of high quality and well-
annotated, and has been widely used by researchers studying mouse gastrulation. Similarly,
during gastrulation stages, Mittnenzweig et al. profiled the transcriptomes of 33,700 cells
from 153 mouse embryos [14]. They predicted the precise developmental timepoints for in-
dividual embryos based on morphological and transcriptional features, resulting in embryos
being grouped into 13 time windows from E6.5 to E8.1. Most interestingly, they applied an
optimal transport model to estimate transition probabilities between cell states from adja-
cent timepoints. This allowed them to reconstruct the developmental trajectories of mouse

gastrulation. The method details will be discussed in the next section.

Cao et al. studied early mouse organogenesis by profiling the transcriptomes of approx-
imately 2 million nuclei from embryos collected at 1-hour intervals from E9.5 to E10.5 [15].
They applied Monocle/v3 algorithms to identify 12 major developmental trajectories as well
as 64 sub-trajectories. Compared to the first two studies, mouse embryos at the organo-

genesis stage are much larger and require more cells to be profiled. Cao et al. addressed
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this challenge by developing their own three-level single-cell combinatorial indexing RNA-seq
(sci-RNA-seq3) technology, which is more cost-effective and allowed them to generate such a
comprehensive data atlas. Additionally, this is the first study to profile over 1 million cells in
a single experiment, opening a new stage of single-cell study that enables the implementation

of single-cell technology on larger organisms.

Human embryogenesis is a long and complex process, and it is difficult to collect human
embryos for research. As a result, most single-cell studies on human embryogenesis have
focused on relatively shorter stages or specific tissues, and the number of cells profiled and
the transcripts that recovered from each cell has been relatively lower than studies on other
species. For example, Xu et al. profiled the transcriptomes of 180,000 single cells from post-
conceptional weeks (PCW) 4 to 6 human embryos [16]. Zeng et al. profiled over 400,000 cells
from 14 human samples (whole embryos, heads, and brains) from PCW 3 to 12 [17]. The
largest dataset to date is from Cao et al. in 2020, who applied sci-RNA-seq3 to profile the
gene expression of 4 million single cells from 121 human fetal samples (15 organs; ranging
from 72 to 129 days) [18]. Overall, it is still challenging to reconstruct the comprehensive
cellular trajectories of human embryogenesis in vivo, compared to zebrafish or mice, due to

the paucity of data.

All of the studies mentioned above primarily focused on profiling whole embryos. How-
ever, some other studies have focused on specific tissues or organs during development. For
example, Tyser et al. used a combination of transcriptomic, imaging, and genetic lineage
labeling approaches to map the origin of the embryonic mouse heart at single-cell resolution
[19]. They applied microdissection to isolate 3,105 cells from the anterior cardiac region of
mouse embryos at six different stages of development, from E7.75 to E8.25. This allowed
them to obtain high-resolution data on the cellular differentiation of the heart. Manno et
al. reported a comprehensive single-cell transcriptomic atlas of the embryonic mouse brain

from gastrulation to birth (E6 to E18) [20]. They identified almost 800 cellular states based
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on 292,495 cells from 215 pooled embryos. These cellular states describe a developmental
program for the functional elements of the brain and its enclosing membranes, such as the
early neuroepithelium, region-specific secondary organizers, and both neurogenic and glio-
genic progenitors. Focusing on a single tissue can provide higher resolution, but it might lose
some necessary cell types during tissue dissection and the global view of cell compositions

within a whole embryo.

When analyzed together, single-cell atlases can be used to explore the properties of in-
dividual cell states and reconstruct cellular lineage relationships. However, this also raises
some new challenges in terms of choosing the best computational approach. In the following
section, I will discuss various approaches to analyzing one or more datasets to reconstruct

the cellular trajectories of embryogenesis and their advantages and limitations.

1.3 Computational methods for studying cellular trajectories in embryogen-
esis

Many studies have successfully characterized cellular lineages and trajectories using single-
cell transcriptomics. The choice of method depends on the specific goals of the study, the
type of data available, and the computational resources available. Some factors to consider
include the species, the temporal resolution and time span of the data, and the profiling
depth of the cells. Some of these methods do not require cells to be sampled from a series

of timepoints, such as UMAP, pseudotime, PAGA, and RNA velocity.

UMAP (uniform manifold approximation and projection) is a dimensionality reduction
algorithm that is commonly used in single-cell data analysis [21]. It works by first con-
structing a similarity graph of the data points (i.e. cells), and then iteratively optimizing

the layout of the points in the lower-dimensional space (2D or 3D) such that the local dis-
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tances between points are preserved as much as possible. Comparing to other widely-used
non-linear dimensionality reduction methods, such as Multidimensional Scaling (MDS) and
t-distributed Stochastic Neighbor Embedding (t-SNE), UMAP uses a different way of cal-
culating distances that is more efficient and can preserve the global and local structures of
the data better. As a result, it is a versatile tool that can be used for both visualizing large
datasets and inferring developmental trajectories, especially in less complex systems. How-
ever, it is important to be careful not to over-interpret UMAP results, as some studies have
shown that it can be misleading in some cases [22|. Additionally, the visualization of data
using UMAP can vary depending on the parameters used (e.g. min_dist and n_neighbors).

Therefore, it is important to be careful when selecting these parameters..

Pseudotime inference is a method used to infer the ordering of cells ( “pseudotime”, a time-
like variable) along a lineage based on their gene expression profiles measured by scRNA-seq.
The predicted pseudotime of individual cells is often visualized using UMAP. Pseudotime is
a powerful strategy to infer developmental trajectories because it estimates the progression
of individual cells through development, rather than the time at which they were collected,
which can vary between replicates or cell types. However, the one-dimensional nature of
pseudotime makes it challenging to capture the complexity of multiple independent trajecto-
ries during development. For example, the pseudotime method implemented in Monocle/v3,
which is commonly used, can still have difficulty estimating pseudotime across disjointed cell

partitions [15].

PAGA (partition-based graph abstraction) is another commonly used method for esti-
mating trajectories [23]. It differs from pseudotime in that it focuses on cell clusters instead
of individual cells. PAGA works by first clustering cells into groups based on their gene
expression profiles. These clusters are then connected together in a graph, where the edges
between clusters represent the similarities between them. The main disadvantage of PAGA

is that it is highly dependent on the way cell clusters are defined. If too many clusters are
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defined, the trajectories will be too complex and difficult to interpret. If too few clusters are

defined, the heterogeneity within each cluster will be too high.

Unlike UMAP and pseudotime, which only use gene expression data, RNA velocity is
based on the idea that the abundance of unspliced and spliced mRNA can be used to infer
the transcription and splicing rates of genes [24]. The RNA velocity of each gene is the rate
of change of its expression level over time. Cells with similar RNA velocities are likely to
be in the same state of differentiation. RNA velocity is a powerful tool that can be used to
gain insights into the dynamics of cell differentiation. However, it has some limitations. The
estimated velocity must be projected into a low-dimensional embedding (e.g. UMAP) for
visualization, and the results can be difficult to interpret. Additionally, the performance of

RNA velocity is sensitive to the choice of parameters and the amount of noise in the data.

For methods designed to analyze a series of timepoints with sampled cells, I have summa-
rized them into two main categories: those that mainly focus on local structures and those
that mainly focus on global structures. Local structure methods identify the local neighbors
of individual cells and then build cell-cell transition maps across timepoints. Global struc-
ture methods, on the other hand, try to find the minimal global loss for cell-cell transitions

across timepoints (e.g. optimal transport).

In the first category, the URD approach was used to reconstruct developmental tra-
jectories for early zebrafish embryos in the study by Farrell et al. This approach uses a
combination of the pseudotime and random walks algorithms [7]. It first computes the tran-
sition probabilities between cells based on the similarity of their gene expression profiles
followed by assigning each cell a pseudotime as the average number of transitions required
to reach that cell from user-defined “root” cells (e.g. the cells from the earliest timepoint).
Next, it estimates the trajectories from user-defined “tip” cells (e.g. the cells from the final

timepoint) by simulating random walks biased towards younger pseudotime. The trajectories
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are joined to recover a tree-like structure, which is finally visualized using a force-directed
layout. Technically, the URD algorithm does not consider the initial timepoint at which
the cells were profiled. It only uses this information to assign cells as either roots or tips.
However, collecting cells from a wide range of timepoints provided insights into cell state

heterogeneity over time during development.

Another approach in the first category, a graph-based approach, was used to map a cell-
state landscape in the studies by Wagner et al. (on zebrafish) and Briggs et al. (on frogs) [8|
9]. Unlike the above methods, this approach heavily relies on the initial timepoints at which
the cells were profiled. It first splits the entire dataset of cells into groups based on their
initial timepoints, and then performs embedding and cell state annotation independently
for each group. Next, the algorithm co-embeds the cells from each two adjacent timepoints
into a common space, followed by using k-nearest neighbors (k-NN) to link the cell states,
where the cell state with the most abundant neighboring cells is assigned as the ancestor
cell state. The method finally constructs a tree-like structure to clearly interpret the de-
velopmental process in either zebrafish or frogs, allowing for the easy identification of key
regulators along the emergence of new cell types. The two graphs, from zebrafish and frogs,
were reconstructed using the same strategy, so it is straightforward to align the developmen-
tal trajectories between the two species. However, the model has some potential limitations.
First, developmental trajectories do not always follow a simple binary differentiation struc-
ture. There are many complex cases, such as the interactions between different germ layers or
the convergence of different trajectories. For example, the gut was identified as being derived
from both the visceral endoderm (extraembryonic) and the definitive endoderm (embryonic).
Second, the model may be challenging to apply to later stages of embryogenesis, when some
clusters are identified by sub-clustering but the cell state connections are still identified by

global embedding.

The second category of methods is mainly based on optimal transport (OT), a mathe-
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matical theory that studies the problem of moving one distribution of mass to another as
efficiently as possible. It is a powerful tool for finding a mapping between two sets of points
such that the total distance between the corresponding points is minimized, even if the two
sets of points have different feature spaces (i.e. the set of features that are used to represent
data). Schiebinger et al. developed a computational tool called Waddington-OT (WOT) to
reconstruct the cellular lineages from cells collected at half-day intervals across 18 days dur-
ing the reprogramming of induced pluripotent stem cells [25]. WOT estimates the transition
probability between cells from each pair of adjacent timepoints using optimal transport and
gene expression features. The cellular lineages are then tracked over time by following the
transition probabilities. Moreover, the transition probability between any two timepoints,
not just the two adjacent ones, can be predicted by multiplying the transition probability
matrices of the timepoints between them in sequence. This can be used to identify the an-
cestors of any state at the terminal stages, starting from the earliest stages. However, there
are some potential concerns that need to be further considered when applying WOT to other
datasets. First, WOT requires a high temporal resolution. If there are large “gaps” in the
data, the estimation of transition probabilities may be inaccurate. Second, the application
presented in the study is a relatively simple differentiation example. Embryogenesis is a
much more complex process, and it spans a much longer time. It is not clear whether WOT
will be able to accurately estimate transition probabilities in such a complex and extended

setting.

Mittnenzweig et al. constructed an improved OT model (termed “flow” model) for esti-
mating the transition of cells on the transcriptional manifold [14]. In brief, the researchers
used a combination of transcriptome and morphological data to create a continuum of tran-
scriptional transformation for individual embryos. They then grouped cells from the same
embryo into 13 temporal groups (E6.5 to E8.1) and aggregated transcriptionally similar cells
into metacells (MCs). Finally, they used an OT-based method to identify the transition

probability between metacells from each pair of adjacent temporal groups. The flow model
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has three main features which makes it different from other OT-based methods. First, it uses
metacells as the basic unit of analysis. This means that annotations or transition estimations
are performed on each metacell, rather than on single cells or cell types. Second, the model
adds a constraint that the fraction of cells within a metacell at a given timepoint must be
equal to the total number of cells that enter the metacell from the earlier timepoint and the
total number of cells that exit the metacell to the later timepoint. Third, the model also
takes into account cell growth rate, which further improves the accuracy of the estimations.
The flow model is a robust method, but it has some drawbacks, such as the graph it pro-
duces being challenging to interpret and the size of the metacells being somewhat subjective.
Additionally, since the flow model has only been applied to embryos during gastrulation, its

performance in later stages of development, such as organogenesis, remains to be tested.

In a recent study, Klein et al. introduced Moscot, a new OT-based framework that
overcomes the limitations of existing methods [26]. Moscot supports multimodal data and
joint cellular representations, making it more powerful than unimodal methods. It is also
scalable and can be used for large-scale datasets. Additionally, Moscot unifies previous
single-cell applications of OT in the temporal and spatial domain, and introduces a novel

spatiotemporal application.

While many computational methods for cellular trajectory reconstruction based on scRNA-
seq data have been introduced, there are several key factors to consider when choosing the

appropriate method. These include:

e There is a trade-off between the accuracy of cellular trajectories and the resolution of
cell states (i.e. either single-cell, metacell, or cell type). Here, a cell state refers to
a group of cells with the least transcriptional heterogeneity, and a cellular trajectory
refers to the developmental relationship between two cell states, such as progenitor cells

giving rise to differentiated cells. For example, iterative clustering is commonly used
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to identify cell subtypes or even sub-subtypes. However, these subtypes, especially for
rare types, may be difficult to accurately identify with trajectories when we perform a

systematic analysis of the global embedding.

Similarly, there is a trade-off between the accuracy of cellular trajectories and their
ease of interpretation. For example, the tree-like model from Briggs et al. is easier
to understand because it provides a clear and concise overview of the differentiation
process. In contrast, the flow model introduced by Mittnenzweig et al. is more accurate
because it divides cells into more detailed groups (i.e. metacells) and considers more

realistic factors (e.g. growth rate).

The cellular complexity of an embryo development process can vary depending on the
species, tissue, or developmental stage. Therefore, it can be challenging to apply the
identical approach to data generated by different studies or cells profiled from different
stages (e.g. gastrulation vs. late organogenesis). It is better to select the appropriate

method based on the specific data and the research question being asked.

The increasing size of scRNA-seq datasets is driving the development of optimized
methods for their analysis. These methods, such as GPU acceleration and downsam-
pling, can significantly reduce the computational cost of analyzing scRNA-seq data

26].

In addition, careful attention should also be paid to technical factors during data
preprocessing. These factors can have an unexpected impact on the results. For
example, Scrublet is the current main method for detecting doublet cells in scRNA-seq
[27]. Tt works by randomly combining gene expression from two real cells to create
simulated doublets. The doublet cells are then identified as those that are closest to
the simulated doublets in the co-embedding. However, this method may also remove

some cells in intermediate state of differentiation. Although no systematic studies have
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yet been conducted to confirm this, it is important to be aware of this potential pitfall

when using Scrublet or other doublet removal methods.

After discussing the conventional data and methods used to study embryogenesis, the
following sections will briefly discuss some other modalities of data or alternative strategies

for studying embryogenesis.

1.4 Spatial mapping of cell states

The rapid increase in cell number during embryo development poses a complex challenge:
how does the embryo organize its physical structure of cells? The spatial distribution of cell
states can be used to identify cell-cell interactions and tissue neighborhoods, which can pro-
vide insights into the developmental process. However, spatial origins are often lost during
regular scRNA-seq profiling. Spatial transcriptomics is a technique that combines spatial
information (the location of each cell) with transcriptomic information (the expression of
genes in each cell), to resolve this problem. There are two main types of spatial transcrip-
tomics methods: imaging-based and sequencing-based. Imaging-based methods, such as
SeqFISH and MERFISH [28| 29], can be used to label individual genes in cells with fluo-
rescent probes. This provides high-resolution spatial information, but multiplexing multiple
genes can be challenging. Sequencing-based methods, such as Slide-seq and CITE-seq [30,
31], extract RNA from cells and then sequence it. This allows for multiplexing of many genes
and is more widely used recently. Spatial transcriptomes have been used in many studies to
help us understand embryogenesis. For example, Chen et al. used Stereo-seq to profile the
spatial transcriptomes of 53 sections of mouse embryos at 8 timepoints from E9.5 to E16.5
[32]. Peng et al. collected GEO-seq samples from distinct spatial positions in the mouse

embryo with mixed cell populations from E5.5, E6, E6.5, E7, and E7.5 [33].
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Spatial transcriptomics data provide a coarse-grained view of gene expression in spe-
cific regions of embryos (e.g. at the voxel level). This information can be used to predict
the spatial locations of cells profiled in a regular scRNA-seq study, which usually has a
larger scale. There are two main types of computational tools used for spatial mapping:
Deconvolution-based tools, such as Cell2location and CIBERSORTx (34}, 35], first compute
a gene expression signature for individual cell types, followed by using this signature to es-
timate the cell-type composition of each spatial voxel in the spatial transcriptome. Optimal
transport-based tools, such as NovaSpaRc and Tangram [36| [37], globally map the individual
cells and individual spatial voxels, by minimizing the transportation cost between the cells
and the voxels. The first type of method is dependent on the cell-type definition itself, which
can affect its robustness. The second type of method is more computationally expensive,

but both have been shown to be effective in many studies.

1.5 Other omics data in embryo development

Other omics data at the single-cell level, such as chromatin accessibility, have been less
characterized for embryos than transcriptomic data due to the technical challenges involved,
especially for later stages. Argelaguet et al. developed a single-cell co-assay technique called
scNMT-seq (combining transcriptome, methylome, and nucleosome) to profile 1,105 single
cells from mouse embryos at four developmental stages: E4.5, E5.5, E6.5, and E7.5 [38].
By comparing the differential RNA expression, methylation, and accessibility of cells at dif-
ferent stages of development, the researchers identified the key regulators of the transition
from pluripotency to the specification of the three primary germ layers. Pijuan-Sala et al.
mapped chromatin accessibility in 19,453 single nuclei from mouse embryos at E8.25 [39].
This allowed them to identify cell-type-specific regions of open chromatin, which they then
used to pinpoint two TAL1-bound endothelial enhancers. A larger scale study from Sar-

ropoulos et al. created a single-cell atlas of chromatin accessibility in the mouse cerebellum,
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spanning 11 developmental stages from E10 to P63 [40]. They identified cell-type-specific
and timepoint-specific CRE (cis-regulatory element) activity, as well as exploring the con-
servation of CRE sequences during development. Overall, chromatin accessibility and other
epigenetic information are essential for understanding the molecular mechanisms underlying
cell type specification during embryogenesis. However, the available data and computational

tools are still limited, making this an important research direction for the future.

1.6 Perturbation datasets for understanding molecular function

The scRNA-seq assay can be used to study the molecular functions of regulators that specify
cellular trajectories by analyzing perturbation datasets. However, it is important to preserve
replicate variation for individual cells in the perturbation datasets. This requires specific
technology. In a recent pair of studies from the same group focused on zebrafish embryos,
Saunders et al. applied scRNA-seq to profile 1812 individually resolved zebrafish embryos
with 23 genetic perturbations (FO knockouts, generated by CRISPR-Cas9 mutagenesis) [10].
The study is notable for its use of a specific technology (sci-Plex) that allows the researchers
to save the sample identity for individual cells, enabling the detection of cellular changes
between a large number of replicates with different conditions. Dorrity et al. applied the same
technology to characterize hundreds of individual zebrafish embryos exposed to temperature
stress in order to identify the cell types and molecular programs within them that drive

phenotypic variation [41].

There are two main types of computational methods used to identify cellular changes in
single-cell perturbation datasets: those that are based on annotated cell clusters and those
that are not. In Saunders et al.’s study, they leveraged well-annotated cell clusters, perform-
ing beta-binomial regression to explore which cell clusters changed in composition between

mutant and wildtype embryos. This strategy is powerful, but it has some limitations. It’s
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heavily dependent on the quality of cell-type annotations, necessitates an adequate number
of replicates within each group, and may be less effective in detecting alterations in rare cell

types or genetic perturbations with minimal effect sizes.

In contrast, some other methods do not require pre-annotated cell clusters. For example,
Dann et al. developed Milo, a novel method that obviates the need for clustering, utilizes
k-nearest neighbor graphs to model cellular states as overlapping neighborhoods. This al-
lows for more accurate identification of perturbed states and enables complex experimental
designs [42]. Burkhardt et al. developed a method called MELD that models single-cell
experiments as points on a probability distribution over the underlying transcriptomic cell
state space [43]. MELD quantifies the effect of an experimental perturbation as the change
in the probability distribution between the experiment condition and the control condition.
Lotfollahi et al. developed scGen, a model that combines variational autoencoders and latent
space vector arithmetic to predict single-cell perturbation responses from high-dimensional
gene expression changes [44]. Of note, methods that do not rely on cell annotations face two
key limitations: firstly, their interpretation is considerably more challenging, and secondly,
specifying contrasts can be particularly cumbersome, especially when aiming to test for dif-
ferences between groups while controlling for extraneous factors such as time, temperature,
or batch effects. In summary, investigating the single-cell perturbation dataset represents an
active area of research, with a continuous influx of innovative computational methods being
developed. [45] |46| |47]. Tt would be particularly interesting to connect cellular trajectory

reconstruction with perturbation analysis.

1.7 Identifying conserved trajectories through cross-species comparisons

As described above, the availability of transcriptome profiles of embryos collected from a se-

ries of timepoints for different species provides a valuable opportunity to align developmental
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trajectories across species. For example, Cardoso-Moreira et al. profiled the transcriptomes
of seven organs (cerebrum, cerebellum, heart, kidney, liver, ovary, and testis) in seven species
(human, rhesus macaque, mouse, rat, rabbit, opossum, and chicken) at different develop-
mental stages, from early organogenesis to adulthood |48]. By comparing gene expression
patterns at the organ level (bulk RNA-seq), they revealed correspondences of developmental
stages across species, as well as differences in the timing of key events during the development
of the gonads. In Briggs et al.’s study, they reconstructed the developmental trajectories of
zebrafish and frogs during gastrulation and early organogenesis stages, followed by systemat-
ically identifying the aligned cell states and trajectories between the two species [9]. In Cao
et al.’s study, they integrated scRNA-seq data from mouse early organogenesis (E9.5-E13.5)
and human fetal stages (72 to 129 days) |18]. The developmental trajectories of the cells
were aligned well in the co-embedding, suggesting that the two species share many simi-
larities in early organogenesis. However, systematic analyses of multiple species, especially
those with a wide evolutionary distance, are still limited. This may be due to the lack of

effective computational strategies.

1.8 In vitro models for studying sell trajectories and regulators

In vitro models are becoming increasingly common in the study of mouse and human embryo-
genesis due to the practical challenges of collecting sufficient numbers of embryos from these
species. For example, gastruloids are self-organizing 3D aggregates of pluripotent stem cells
that resemble the early stages of embryonic development for either mice or humans. Van den
Brink et al. applied scRNA-seq to analyze the gene expression profiles of 25,202 individual
cells from 100 mouse gastruloids at 120 hours after aggregation, which were generated using
the mouse embryonic stem (ES) cell lines E14-IB10 or LfngT2AVenus [49]. They identified
13 distinct cell types, arranged along an anterior-posterior axis from the spinal cord to the

cardiac mesoderm, corresponding to the process of somitogenesis in the embryo. Amadei
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et al. assembled stem cell-based embryo models in vitro from mouse embryonic stem cells
(mESCs), trophoblast stem (TS) cells, and induced extraembryonic endoderm stem (iXEN)
cells [50]. These embryo models developed in a similar way to natural mouse embryos in
utero up to E8.5. The embryo model had a well-defined head, with forebrain and midbrain
regions, a beating heart-like structure, a trunk with a neural tube and somites, and other
features. In vitro models have a promising future for studying mouse or human embryoge-
nesis, especially for the study of molecular functions by introducing perturbations to these

synthetic models.

1.9 Limitations of reconstructing cellular trajectories from single-cell data

There are several general limitations to the current strategy of computationally reconstruct-

ing the cellular trajectories of mammalian development based on single-cell data.

e The trajectories are estimated indirectly, mainly based on identifying similarities of cell
states across timepoints. This means that the results can be biased by the different
replicates that are sampled, the different technologies that are applied, or the different

cell-recovery depths.

e [t is challenging to perform experiments with cells or nuclei collected from multiple
timepoints in a single study, especially for large organisms like mice and humans. This
means that data from different timepoints often need to be integrated from different
studies or different experiment batches. Thus, batch effects need to be removed while
preserving biological meaning. Some integration methods, such as Seurat [51] and
BBKNN [52], have been shown to be effective in doing this. However, there is still
room for improvement in developing more accurate and robust methods for single-cell

data integration.
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e Most methods for reconstructing lineage relationships use a systematic approach, in
which the same method is applied to cells regardless of their stage or lineage. How-
ever, this may not always be effective for a particular example, especially for later
developmental stages, where cell lineages can be complex. In these cases, it may be
necessary to manually revise the results of the automated methods. For organisms
other than C. elegans, it is still challenging to verify or benchmark the computational
results of single-cell transcriptomics studies. The absence of a gold standard method

for validation makes it difficult to compare and evaluate different approaches.

e Most current computational methods are only effective for relatively simple cell dif-
ferentiation, such as the differentiation of stem cells or the major germ layers of an
embryo (i.e. gastrulation). However, those methods may be difficult to use for recon-
structing cellular trajectories of mouse or human embryogenesis, especially after early

organogenesis.

e The similarity of transcriptomes between cells does not necessarily mean that the cells
have a similar lineage. For example, in Cao et al.’s study [15], they observed that
different epithelial cells, such as olfactory epithelial cells and gut epithelial cells, which
have different developmental lineages, exhibit high transcriptional similarity and cluster
together. This limitation can also be explained by technological limitations. Cells can
usually only be captured by a single feature, such as transcriptional profiles. There
are some studies that have used advanced technologies to profile cells with spatial-
transcriptome or lineage-transcriptome, but these methods are limited in throughput

or resolution.
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1.10 Thesis outline

In summary, current single-cell datasets and computational tools provide valuable knowledge
and insights into cellular trajectories and key regulators during embryogenesis. However,
most studies have focused on model organisms such as flies and zebrafish. More complex
organisms, such as mice and humans, have been less well-studied in a systematic way, re-
sulting in a lack of comprehensive knowledge of their developmental trajectories. To address
this, we have recently generated new data and developed new computational tools. In my
thesis, I will introduce three different projects that focus on different mouse embryogenesis
stages or different genotype backgrounds (wildtype or mutant type). These projects aim to
study the two important questions mentioned earlier: how cells transition from earlier to
later stages during mouse embryogenesis, and what the molecular mechanisms are that drive

the cell differentiation process.

In Chapter 2, my colleagues and I developed and applied a computational strategy to
reconstruct the cellular trajectories spanning mouse gastrulation and early organogenesis.
Recent advances in single-cell technology have enabled the collection of multiple kinds of
genomic information from large numbers of cells during mouse embryogenesis. I hypothe-
sized that distances between cells in a low-dimensional embedding space, such as the UMAP
learned from their transcriptional profiles, can be used to accurately relate cell states to one
another across developmental time. To this end, I integrated several published scRNA-seq
datasets that collectively span mouse gastrulation and early organogenesis, and supplemented
them with a newly generated dataset to bridge technological gaps, to generate a graph of de-
velopmental cell states, by heuristically connecting these cell states to their pseudo-ancestors
and pseudo-descendants. This tree-like graph describes the comprehensive cellular trajec-
tories of early mouse embryogenesis, which can be used to better understand the distinct

characteristics of every cell state and the cell state transitions across a series of successive
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developmental stages. Then, I leveraged this graph to nominate TFs and TF motifs as key
regulators of each branchpoint at which a new cell type emerges. Finally, I also applied the
same procedures to scRNA-seq datasets of zebrafish and frog embryogenesis. By comparing
the cell state trajectories of these three species, I nominated “cell type homologs” based on

shared regulators and transcriptional states.

In Chapter 3, my colleagues and I used sci-RNA-seq3 to fill the large data gap between
gastrulation and birth. We profiled the transcriptional states of 12.4 million nuclei from
83 precisely staged embryos spanning late gastrulation (E8) to birth (P0), with a temporal
resolution of 2 hours during somitogenesis, 6 hours through to birth, and 20 minutes during
the immediate postpartum period. From these data, we annotated hundreds of cell types and
performed deeper analyses of the unfolding of the posterior embryo during somitogenesis,
as well as the ontogenesis of the kidney, mesenchyme, retina, and early neurons. Finally,
we leveraged the depth and temporal resolution of these whole-embryo snapshots, together
with other published data, to construct and curate a rooted tree of cell-type relationships
that spans mouse development from zygote to pup. Throughout this tree, we systematically
nominated sets of TFs and other genes as candidate drivers of the in vivo differentiation of
hundreds of mammalian cell types. Remarkably, the most dramatic shifts in transcriptional
state were observed in a restricted set of cell types in the hours immediately following birth.
These shifts presumably underlie the massive changes in physiology that must accompany

the successful transition of a placental mammal to extrauterine life.

In Chapter 4, my colleagues and I set out to establish scRNA-seq of the whole embryo as
a scalable platform for the systematic phenotyping of mouse genetic models. We applied sci-
RNA-seq3 to profile 101 embryos of 22 mutant and 4 wildtype genotypes at embryonic stage
E13.5, altogether profiling over 1.6M nuclei. The 22 mutants represent a range of anticipated
severities, from established multisystem disorders to deletions of individual enhancers. We

developed and applied several analytical frameworks for detecting differences in composition
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and/or gene expression across 52 cell types or trajectories. We also identify differences
between widely used wildtype strains, compare phenotyping of gain vs. loss of function

mutants, and characterize deletions of topological associating domain (TAD) boundaries.

In the last chapter, I discuss some of the limitations of the three projects that I introduced.

I also raised some future directions for research in this area.



28

Chapter 2

SYSTEMATIC RECONSTRUCTION OF THE CELLULAR
TRAJECTORIES OF MOUSE EMBRYOGENESIS

This Chapter is adopted from published work with minimum changes:

Chengxiang Qiu #, Junyue Cao, Beth K. Martin, Tony Li, lan C. Welsh, Sanjay Sri-
vatsan, Xingfan Huang, Diego Calderon, William Stafford Noble, Christine M. Disteche,
Stephen A. Murray, Malte Spielmann, Cecilia B. Moens, Cole Trapnell, Jay Shendure #

“Systematic reconstruction of the cellular trajectories of mouse embryogenesis”, Nature Ge-

netics, 2022.

#: corresponding authors

I began this project in 2019 during my rotation in the Shendure lab. Jay proposed
several candidate projects for me to choose from, and I ultimately selected the one with Jun.
Jun had just published a major paper in Nature, profiling transcriptomes from 2 million
nuclei in mouse embryogenesis. Some of the trajectories identified in the paper (e.g., the
epithelial trajectory) inspired us to systematically reconstruct the cellular trajectories of
mouse embryogenesis and identify the key transcription factors specifying the trajectories.
During my rotation, I diligently learned these biological concepts and tried different methods
for data analysis. I had no prior knowledge of mouse development or single-cell data analysis,
so I was initially stressed about the project. However, Jay was always encouraging and

supportive, and he helped me to overcome my challenges.
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After joining the lab, I continued working on this project, combining our data with
other published datasets profiling cells of mouse embryos from the early stages. The project
quickly expanded, and we were able to create a comprehensive roadmap of cell states for
mouse embryogenesis from E3.5 to E13.5. We also extended our analysis to zebrafish and
frogs, finding homologs of cell types across species. Finally, we wrote a paper and published
it in Nature Genetics. Through this project, I gained a deeper understanding of the basic
knowledge involved in mouse embryogenesis, such as how the three germ layers form and give
rise to different types of lineages. I thoroughly enjoyed working with Jay on the manuscript,
both during the initial submission and the revision process. He took every question seriously,
no matter how seemingly unremarkable. For example, he carefully went through each pair of
cell state ancestors and descendants, as well as the key TFs, to search for evidence and provide
comments. I learned so much from this process, much more than just getting a publication.
The scientific method is a process of rigorous inquiry and experimentation. It’s important
to respect this process and to avoid taking shortcuts. Working on this project made me love
this research topic even more. Development is such an interesting and mysterious process.
It has been studied for hundreds of years, yet there are still new findings being made every

day.

More formally, the author contributions are listed in the manuscript as follows: C.Q., J.C.
M.S. and J.S. designed the research. I.C.W. and S.A.M. collected and staged E8.5 mouse
embryos. B.K.M. developed the optimized/simplified sci-RNA-seq3 protocol and applied
it to these embryos. C.Q. and T.L. performed computational analyses. J.C., X.H., D.C.,
S.S., W.S.N., and C.T. assisted with data analysis. M.S., C.M.D., and C.B.M. assisted with

results interpretation. C.Q. and J.S. wrote the paper, with input from all authors.

Abstract

Mammalian embryogenesis is characterized by rapid cellular proliferation and diversifi-
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cation. Within a few weeks, a single cell zygote gives rise to millions of cells expressing a
panoply of molecular programs, including much of the diversity that will subsequently be
present in adult tissues. Although intensively studied, a comprehensive delineation of the
major cellular trajectories that comprise mammalian development in vivo remains elusive.
Here we set out to integrate several single cell RNA-seq datasets (scRNA-seq) that collec-
tively span mouse gastrulation and organogenesis. To bridge technologies, these datasets
were supplemented with new, intensive profiling of 150,000 nuclei from a series of E8.5 em-
bryos in 1-somite increments with an improved combinatorial indexing protocol. Overall,
we define cell states at each of 19 successive stages spanning E3.5 to E13.5, heuristically
connect them to their pseudo-ancestors and pseudo-descendants, and for a subset of stages,
deconvolve their approximate spatial distributions. Despite being constructed through au-
tomated procedures, the resulting trajectories of mammalian embryogenesis (TOME) are
largely consistent with our contemporary understanding of mammalian development. We
leverage TOME to nominate transcription factors (TF) and TF motifs as key regulators of
each branch point at which a new cell type emerges. Finally, we apply the same procedures to
single cell datasets of zebrafish and frog embryogenesis, and nominate “cell type homologs”

based on shared regulators and transcriptional states.

2.1 Introduction

A fundamental goal of developmental biology is to understand the relationships of cell types
to one another during embryogenesis, as well as the molecular programs that underlie each
cell type’s emergence. In principle, developmental programs can be comprehensively de-
scribed, e.g. Sulston and colleagues’ reconstruction of the complete embryonic lineage of the
roundworm C. elegans through visual observation [2]. However, C. elegans — small, translu-
cent, and developmentally invariant — remains the only model organism for which such a

complete description has been realized.
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Within the past five years, we and others have developed and applied new technologies
for single cell molecular profiling to developing model organisms at the “whole animal” scale,
including the worm, fly, zebrafish, frog, and mouse [13, |15 8,9, |7, [53]. Such studies lay the
foundations for global views of metazoan development, including, for example, populating

the Sulston lineage of C. elegans with the gene expression programs of each cell type [53, 5].

For mouse embryogenesis in particular, we and others have performed single cell or sin-
gle nucleus RNA-seq data (scRNA-seq) during implantation [54, 55|, gastrulation [13] and
organogenesis [15]. Collectively, these four studies span the development of the mouse em-
bryo from dozens of cells of a few types (E3.5) to millions of cells of hundreds of types (E13.5).
However, the data associated with these studies has yet to be systematically integrated in
a manner that permits their robust exploration. Such integration is challenging, both for
technical reasons (e.g. different studies, different technologies, batch effects, etc.) as well as

because of the sheer complexity of mouse development.

Here we set out to systematically reconstruct the major cellular trajectories of mammalian
embryogenesis from E3.5 to E13.5. Our primary strategy is inspired by Briggs and colleagues
[9] and makes several assumptions: 1) Although mouse development is variable, key patterns
will be invariant across wild-type animals; 2) “Omnis cellula e cellula” also applies to cell
states, i.e. cell states observed at a given timepoint must have arisen from cell states present
at the preceding timepoint; 3) We are sampling frequently and deeply enough that newly
detected cell states will not arise from antecedent cell states that were undetected at the
preceding timepoint; 4) Provided that the interval between successive timepoints is small
enough, transcriptional similarity is an effective means of linking related cell states observed

at adjacent timepoints.

A caution is that in contrast to the Sulston’s seminal map of C. elegans, we focus here on

reconstructing cellular trajectories [56], a concept related, but by no means equivalent, to cell
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lineage. Although it is a reasonable expectation that closely related cells (e.g. siblings) will
be transcriptionally similar [5], the converse is not necessarily true. For example, molecular
states can be insufficiently divergent, or even convergent, both of which obscure lineage
relationships [57]. Furthermore, even the expectation that lineally closely related cells will
be transcriptionally similar is not always met, as rapidly changing molecular states can lead
to “gaps” in trajectories [5]. In sum, our goal here is a continuous, navigable roadmap of the
molecular states of cell types during mouse development. Such a roadmap may constrain
the potential lineage relationships amongst constituent cell types, but it does not explicitly

specify them.

2.2 Intensive scRNA-seq of individual embryos during early somitogenesis

Relative to [9], a technical challenge that we faced is that the datasets that we sought
to integrate were generated by different groups at different times using different scRNA-seq
technologies (Supplementary Table 1). To address this, we performed anchor-based batch
correction [51] prior to integration, which proved quite effective including across technologies
(Supplementary Fig. 1). However, probably because there was no overlapping timepoint,
the integration of scRNA-seq data generated at E8.5 (cells, 10X Genomics) and E9.5 (nuclei,
sci-RNA-seq3) was particularly challenging. Numerous cell types appeared or disappeared
between these timepoints [15], 13|, and it was unclear which of these changes were due to
technical differences vs. bona fide developmental progression (Supplementary Fig. 2a). It
was similarly unclear whether changes in gene expression levels were technical or biological
in nature. To address this, we set out to generate new data at E8.5 that might serve to

“bridge” these two datasets (Fig. la-b).

Because of how quickly changes are occurring during this window of development, we

focused on individual, somite-resolved E8.5 embryos using a simplified, optimized version of
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sci-RNA-seq3 (Methods) [58]. We selected 12 embryos from 2 separate litters harvested at
E8.5, including a single primitive streak stage embryo (prior to somitogenesis) and 11 embryos
staged in 1-somite increments from 2 to 12 somites (Fig. 1c). Nuclei from each embryo were
deposited to individual wells (8 wells per embryo) for sci-RNA-seq3, such that the first index
identified the originating embryo of any given cell. This contrasts with |13], where multiple
E8.5 embryos were pooled prior to profiling. The optimized sci-RNA-seq3 method markedly
improved data quality, with 9-fold higher UMIs and 6-fold higher gene detection per nucleus,
relative to (Cao et al. 2019) (Supplementary Fig. 3a). Even after deeper sequencing of
the original libraries from (Cao et al. 2019) to a similar duplication rate, the improvement
remained substantial (4-fold higher for UMI counts per nucleus; Supplementary Fig. 3a).
After quality filtering, we obtained profiles for 154,313 somite-staged E8.5 nuclei (median
UMI count 7,672; median genes detected 3,463) (Supplementary Fig. 3b-c).

Anchor-based batch correction and integration of profiles of E8.5 cells from [13] (termed
“E8.5a”) and newly generated profiles of E8.5 nuclei (termed “E8.5b”) worked very well with
the exception of primitive erythroid cells, which we suspect may be due to more extensive
differences between cells vs. nuclei in this cell type (Supplementary Fig. 2b). As expected
because they were generated on nuclei with the same technology, integration of E8.5b and

E9.5 profiles also worked well (Supplementary Fig. 2c).

These new data, generated via optimized sci-RNA-seq3 at E8.5, enabled the identification
of the same 30 cell types as we identified with E8.5 data from [13] (Fig 1b; Supplementary
Fig. 2; Supplementary Table 2). However, the depth of the new data, together with
the fact that we separately processed individual somite-resolved embryos, facilitated the

resolution of substantial substructure. Examples include:

e Floor Plate: We observe two, clearly distinct subpopulations that express floor plate

markers Foza2 and Shh (Fig. 1b; Supplementary Fig. 4) [59]. Although these
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appear to be converging towards a common transcriptional state, an anterior subpop-
ulation (Bmp7+) arises from the forebrain/midbrain, while a posterior subpopulation

arises from the spinal cord [60].

Heart fields: We observe subpopulations arising from the splanchnic mesoderm that
correspond to the first (Tbz5+, Heng+) and second (Isl1+, Thxl+) heart fields (Fig.
1b; Supplementary Fig. 5) [61, 62, 63, 64]. Similar to the floor plate, although
these appear to converge towards a common transcriptional state, the heart fields

remain distinguished by these and other markers throughout early somitogenesis.

Rhombomeres: We observe four subpopulations of the hindbrain, as well as two

additional subpopulations within cell types annotated as the midbrain and spinal cord,
that appear to correspond to rhombomeres r1 to r6 (Fig. 1b; Supplementary Fig.
6). These annotations are based on distinct combinations of Hox markers and other
genes. For example, rhombomeres 3 and 5 specifically express Fgr2, while rhombomere
5 further expresses Hoza3, Hoxb3, and Mafb [65, |66]. Each rhombomere includes
cells from embryos spanning somitogenesis, consistent with roughly concurrent, rather
than sequential, differentiation of these rhombomeres. However, a subset of cells from
rhombomere 4 are from the earliest embryos of the series and express Hoxal and Hoxbl,
consistent with the possibility that rhombomere 4 begins to develop first (Fig. 1d-
e) [67, 68]. Although we must be cautious about interpreting UMAP topologies, the
rhombomeres are ordered along a rostral-caudal axis in relation to other major aspects
of neuroectoderm regionalization, with Wnt1 and Nkz6-1 expression further marking

dorsal and ventral regions, respectively (Supplementary Fig. 6) [69, [70].

Neural crest: In the global embedding, we observe three distinct subpopulations of
neural crest cells (NCC) that appear to derive from different subsets of neuroectoderm
(Fig. 1b). Reanalysis with RNA velocity and examination of Hox gene expression

suggests that these three populations may correspond to mesencephalic & pharyngeal
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arch 1 (PA1) NCC; PA2 NCC; and PA3 NCC (Fig. 1d; Supplementary Fig. 7).
Differential patterns of early neural crest marker expression (e.g. Fozd3) as well as
their distribution in relation to somitogenesis are consistent with these subpopulations

emerging asynchronously (Fig. 1le; Supplementary Fig. 7) [71].

We next sought to systematically explore the extent to which the transcriptional dynam-
ics of individual cell types are coordinated with the timing of somite formation. For each cell
type, we calculated the correlation between cells’ somite counts and those of their five nearest
neighbors in a global 3D UMAP embedding. In this framing, high correlations are consis-
tent with rapid, “within cell type” changes in transcriptional state that are synchronized
with somite counts. Consistent with our earlier analyses (Fig. le; Supplementary Fig.
4c), the highest such correlations were for neuroectodermal cell types (e.g. hindbrain, neu-
romesodermal progenitors (NMPs), floor plate, neural crest, etc.), rather than the somites
themselves (Fig. 1f). Focusing on NMPs, whose heterogeneous states bridge paraxial
mesoderm and spinal cord neuroectoderm, we observed that the top principal components of
transcriptional variation are strongly correlated with mesodermal (T (Brachyury)+, Tbx6+)
vs. neuroectodermal (Soz2+) state (PC1; 23.7% of variation), cell cycle index (PC2; 15.1%
of variation) and somite count (PC3; 8.4% of variation) (Supplementary Fig. 8; Supple-
mentary Table 3) [72,73]. The genes most highly correlated with these PCs are shown in
Fig. 1g. For example, key regulators of mesoderm (T') [74], the somite segmentation clock
(Hes7) [75] and Wnt signaling (Wnt3a, Rspo3, Ptk7) |76, [77] are positively correlated with
PC1, while regulators or effectors of neural adhesion or neurite outgrown (Ptprz1, Nrcam,

Ptn) 78,79, 180] as well as retinoic acid signaling (Rarb) are negatively correlated.
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2.3 Systematic reconstruction of the cellular trajectories of mouse embryoge-
nesis from E3.5 to E13.5

We collated published data from three studies spanning E3.5 to E8.5 [55, 54} 13|, the new E8.5
data described above (Fig. 1la-b), and published data from one study spanning E9.5 to E13.5
but with deeper sequencing of those libraries, as also described above (Supplementary Fig.
3) [15]. Altogether, these data were derived from 480 samples (where each sample is an in-
dividual embryo or small pool of mouse embryos) from 19 timepoints or stages spanning
E3.5 to E13.5, with successive stages separated by as few as 6 hours but no more than 1
day (Supplementary Table 1). The number of single cell or nucleus profiles used totalled
1,658,968 and ranged from 67 to 455,124 per stage (Supplementary Fig. 9a-c). For each
stage, we performed pre-processing followed by Louvain clustering and manual annotation
of individual clusters based on marker gene expression (Supplementary Fig. 10; Supple-
mentary Table 2). Here we use “cell state” to mean an annotated cluster at a given stage.
Altogether, we identified 473 cell states across the 19 timepoints, each of which received one

of 94 cell type annotations.

For each pair of adjacent stages, we performed anchor-based batch correction followed
by projecting cells into a shared embedding space [51]. After co-embedding, we applied a
k-nearest neighbor (k-NN) based heuristic to connect cell states between adjacent stages.
Briefly, for each cell state at the later timepoint, we identified the 5 closest cells from the
antecedent timepoint in the co-embedding. Bootstrapping to obtain a robust estimate (500
iterations with 80% subsampling), we then calculated the median proportion of such neigh-
bors derived from each potential antecedent cell state, and treated this as the weight of the
corresponding edge. Because these are inferred relationships based on transcriptional simi-
larity, analogous to pseudotime, we use the terms pseudo-ancestor and pseudo-descendant to

refer to cell states at the immediately preceding or immediately following cell state to which
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an edge has been drawn.

As a simple example, clustering and annotation of scRNA-seq data from two adjacent
timepoints, E6.25 and E6.5, identified 5 and 6 cell states, respectively (Fig. 2a). If we
co-embed these data and follow the aforedescribed procedure, we strongly link 5 cell states
at E6.5 to 5 cell states bearing the same annotations at E6.25. The new cell state at E6.5,
which corresponds to the primitive streak, is strongly linked to E6.25 epiblast, which we
assign as its pseudo-ancestor (Fig. 2a). Upon applying this procedure to E6.5 - E6.75 and
E6.75 - E7.0, the primitive streak is further assigned as the pseudo-ancestor of the nascent

mesoderm, anterior primitive streak and primordial germ cells (Supplementary Fig. 11).

We applied this approach to each pair of adjacent timepoints (Supplementary Fig.
12; E8.5a and E8.5b were treated as distinct, adjacent timepoints). Although the resultant
edge weights were bimodally distributed, a cutoff of 0.2 was selected towards being more
inclusive of weaker relationships as well as to ensure connectivity of the overall graph (Fig.
2b; Supplementary Fig. 9d-e). Of note, we introduced 4 “dummy nodes”, corresponding
to morula at E3.0 (as a root for trophectoderm and inner cell mass), trophectoderm at E3.5
and E4.5 (which had been removed at these timepoints by immunosurgery [55]) and parietal
endoderm at E6.75 (undetected, likely due to undersampling). For technical reasons (see
above), we also introduced an edge between primitive erythroid cells at E8.5a and ES8.5b.
The resulting representation is a directed acyclic graph with 477 nodes and 577 edges that

captures trajectories of mammalian embryogenesis (TOME) (Fig. 2c).

2.4 Do molecular trajectories recapitulate cellular phylogenies?

To reiterate, the graph shown in Fig. 2c (TOME) does not reflect cell lineage but rather

relationships between cell states that were inferred on the basis of transcriptional similarity.
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Nonetheless, under the supposition that lineally related cell states diverge from one another
through a succession of continuous molecular states, we can ask whether or not established
lineage relationships are respected by TOME. Of the 578 edges with weights greater than
0.2, 381 (66%) are between cell states bearing the same annotation, while 196 (34%) are
between cell states bearing different annotations. In Supplementary Table 4, we show all

edge weights and comment on inferred transitions. Several observations merit emphasis.

First, the graph largely respects germ layers, which are indicated by node colors in Fig.
2c. There are no edges between extraembryonic and embryonic cell states, and relatively
few edges between embryonic cell states of different germ layers. Among the strongest edges
that cross between germ layers “boundaries” are edges that connect E8.5 neural crest to two
subtypes of E9.5 osteoblast progenitors, presumably corresponding to the well-established
neural crest contribution to bones [81]; an edge between caudal lateral epiblast and a subset
of paraxial mesoderm at E7.5 - E8.0, also previously described [82]; and multiple edges
between epithelia derived from different germ layers (e.g. renal epithelium (mesoderm),
gut and lung epithelium (endoderm), and branchial arch epithelium (surface ectoderm)),

probably consequent to transcriptional similarity rather shared lineage [83, [15];

Second, 80% of cell types are strongly linked (edge weight > 0.7) to a single pseudo-
ancestor when they first appear. These strong edges generally respect established lineage
relationships, e.g. parietal and visceral endoderm arising from hypoblast [84], notochord and
definitive endoderm arising from the anterior primitive streak [85, 86|, the first and second

heart fields successively arising from splanchnic mesoderm [87], and many others.

Third, apparent convergences — instances wherein we assign more than one pseudo-
ancestor to a cell state — sometimes correspond to a given cell type persisting and “con-
tributing” to another cell type over several consecutive timepoints (e.g. hemoendothelial pro-

genitors are recurrently assigned as pseudo-ancestors of endothelial cells at E7.75 - E8.25). In
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other cases, apparent convergences may reflect incomplete separation between highly related
cell types, rather than ongoing differentiation (e.g. the several edges between notochord and
definitive endoderm; recurring edges between different subtypes of mesoderm). However,
yet other cases reflect bonafide convergence of transcriptional states, i.e. where a cell type
has multiple origins. For example and as also noted above, the two subtypes of E9.5 os-
teoblast progenitors have edges back to both E8.5 neural crest and E8.5 paraxial mesoderm,
consistent with the literature [81], while a subtype of paraxial mesoderm has edges back to
nascent mesoderm and caudal lateral epiblast [82]. Of note, not all established convergences
are captured, e.g. the known contribution of embryonic visceral endoderm to the gut at
E7.5-E7.75 [8§] is detected at E7.5-E7.75, but falls short of the 0.2 edge weight threshold
(Supplementary Table 4).

Fourth, an important limitation of this heuristic approach, made apparent by a few clear
inaccuracies in the graph, is that true lineage relationships for a given cell state can be
obscured by the presence of a highly similar cell state at the preceding timepoint. For ex-
ample, E9.5 neuron progenitor cells are assigned as the pseudo-ancestor of multiple neuronal
subtypes that appear at E10.5, but we do not observe these same relationships to recur at
subsequent timepoints, although neuronal differentiation is surely ongoing. This is probably
because at timepoints subsequent to E10.5, each derivative neuronal subtype is most similar
to itself at the preceding timepoint, such that it fails to be linked back to the persisting
neuron progenitors. This same phenomenon probably explains another error, wherein when
definitive erythroid cells first appear at E10.5, they are linked to E9.5 blood progenitors (ex-
pected) but also to E9.5 primitive erythroid cells (unexpected). Another example involves
motor neurons, which are most closely related to the hindbrain and spinal cord when E9.5
is looked at in isolation (expected), but to the forebrain/midbrain when integrating with
E8.5 (unexpected). In this case, the error would likely require sampling at higher temporal
resolution in order to correct. For a more exhaustive consideration of the ways in which

trajectory-based inference can be misleading about cell lineage histories, see [57]. Of note,
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at least some of the inaccuracies noted above are resolvable by focused analyses that leverage
the distinction between nascent and spliced transcripts, i.e. RNA velocity [24]. For example,
if we reanalyze these problematic subsets of TOME with scVelo [89], the heterogeneity and
ongoing contributions of neuron progenitors are more evident [90] (Fig. 3a), and primitive
and definitive hematopoiesis are much more clearly separated (Fig. 3b). To approach this
more systematically, we calculated edge weights between cell states at adjacent timepoints
with an alternative heuristic that was based on RNA velocity (Methods). We observed that
out of 515 edges with weights > 0.2 that were nominated by the k-NN strategy, 392 had
velocity-based transition probabilities > 0.2 (76%) (Supplementary Fig. 13-14; Supple-
mentary Table 5). However, there were also 123 edges nominated by the k-NN strategy
only, and 75 edges nominated by the RNA velocity strategy only (Supplementary Fig.
14c). Although we may assign greater confidence to edges nominated by both methods,
edges supported by one method or the other may include both true and false positives. As
an example of a likely true positive supported by RNA velocity only, the connection between
embryonic visceral endoderm (E8.0) and gut (E8.25), fell short of the edge threshold by
the k-NN strategy (weight 0.14) but was strongly supported by the RNA velocity strategy
(weight 0.96).

Fifth, a further limitation is that our reliance on discrete entities, i.e. cell states, ob-
scures aspects of developmental biology that are inherently continuous. For example, spatial
transcriptional heterogeneity, which often manifests as continuous gradients, is obscured by
cell type or cell state discretization. Here, we have sometimes represented aspects of spatial
heterogeneity in a limited way through distinct nodes, though this is far from ideal. Although
it is challenging to reduce to a graph-based representation, continuous aspects of spatial het-
erogeneity might be retained in co-embeddings across timepoints. For example, for neural
tube-derived cells from E8.5b and E9.5, the co-embedding is potentially informative in both
directions (e.g. to identify the subset of E8.5 diencephalon cells which are most related to

E9.5 retinal primordium; or the subsets of 9.5 hindbrain cells which are most related to
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specific E8.5-annotated rhombomeres) (Fig. 3c).

In summary, molecular trajectories often recapitulate well-documented cellular phyloge-
nies, but there are clear limitations. Nonetheless, the graph is largely consistent with our con-
temporary understanding of mammalian development, despite being constructed through au-
tomated procedures. To facilitate its exploration, we created an interactive website in which

the nodes and edges shown in Fig. 2c can be navigated (http://tome.gs.washington.edu).

2.5 Inference of the approximate spatial locations of cell states during mouse
gastrulation

The spatial relationships of cells are a crucial aspect of development, but this information
is lost while profiling disaggregated cells or nuclei. Towards addressing this, several groups
have developed in silico methods for integrating scRNA-seq data with spatially resolved gene
expression profiles obtained by fluorescence in situ hybridization (FISH) or other means |91,
92]. Here we sought to leverage data recently generated by Peng and colleagues, who applied
cryosectioning and bulk RNA-seq (GEO-seq) to obtain spatially resolved transcriptomes for
precise territories of the mouse embryo from E5.5 to E7.5 [33]. Inspired by an analysis by
Peng et al. estimating the regionalization of endodermal subclusters across E7.0 GEO-seq
territories, we leveraged TOME to estimate the abundance of individual cell types within
each GEO-seq territory (Fig. 4a; Supplementary Fig. 15 & 16; Supplementary Ta-
ble 6) [35]. For many cell types and territories, this approach appeared to work quite well.
For example, the GEO-seq territories inferred to be composed of rostral and caudal neuroec-
toderm, caudal lateral epiblast, and surface ectoderm are clearly distinguishable at E7.5, in
a pattern consistent with expectation (Fig. 4b) [93]. Also at E7.5, what we had annotated
prior to this analysis as different subsets of paraxial mesoderm (A & B) are also regionalized

to the anterior and posterior embryo, respectively (Fig. 4c). Finally, we observe the antici-
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pated convergence of embryonic visceral endoderm and definitive endoderm cells during gut
development, although the overlap is not complete [8§] (Fig. 4d; Supplementary Fig.
16).

2.6 Inferring the molecular histories of individual cell types

We next sought to infer continuous expression levels for individual genes over the course of
each cellular trajectory, focusing on derivatives of the epiblast from E6.25 onwards. First,
we leveraged the fact that individual embryos do not correspond precisely to their intended
timepoints. Using pseudotime, we ordered the pseudobulk expression profiles of individual
embryos (or pools of embryos comprising each sample, in the case of [13]). The resulting
ordering, which is robust to downsampling, corresponds well with developmental age but
may additionally distinguish earlier vs. later individuals/pools at each intended timepoint

(Supplementary Fig. 17).

Next, for each epiblast-derived cell type that was detectable at E13.5, we calculated
a smoothed expression profile along its inferred history, as illustrated in Supplementary
Fig. 18 for selected genes in one cell type from each germ layer. Despite including the data
source as a covariate, these inferred trajectories remained modestly confounded by batch
effects across E8.5a - E8.5b, i.e. the switch from cell-based 10X Genomics data to nucleus-
based sci-RNA-seq3 data (Supplementary Fig. 19). Nonetheless, at least anecdotally,
TFs with established roles in a given cell type were often upregulated in association with its

first appearance (Supplementary Fig. 18).
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2.7 Systematic nomination of key transcription factors for cell type specifica-
tion

Inspired by these anecdotal examples, we next sought to systematically identify TFs that are
strong candidates for specifying each newly emerging cell type throughout early mammalian
development [94, 95]. First, we collated 1,636 mouse proteins that are putative TFs from
AnimalTFDB/v3 [96]. Then, for each branchpoint in TOME at which a given cell type first
emerged, we heuristically defined key TF candidates as those: 1) significantly upregulated
in the newly emerged cell type, relative to the pseudo-ancestor; 2) detected in at least 10%
of cells in the newly emerged cell type; and 3) not significantly upregulated at any “sister”
edges, relative to the newly emerged cell type (Fig. 5a). For each such key TF candidate,
we calculated a normalized score based on the fold-difference of its expression between the

new cell type and its ancestor/sister(s).

Altogether, we identified 632 candidate key TFs associated with the emergence of one or
more of 92 cell types (27 +/- 18 per cell type; Fig. 5b; Supplementary Table 7). 49%
of candidate key TFs were specific to one or two cell types. For example, Gsc (goosecoid)
was identified as a candidate key TF for the emergence of the anterior primitive streak, but
no other cell type, and Srf for the first heart field, but no other cell type [97, 98, 99]. On
the other hand, a few TFs, such as Meis2 and Dachl, were associated with the emergence
of dozens of cell types (Fig. 5c). In Fig. 5d, we show the top scoring candidate key
TF's for selected trajectories. Despite our automated approach that relied on a handful of
datasets, many of these TF's are established as playing critical roles in the emergence of
the corresponding cell types. For example, for the first heart field, the top 3 TFs identified
are Nkz2-5, Mef2c, and Gata5 [100, 101, [102]; for notochord, Fozjl, T (Brachyury), and
Noto 103, 104} [105]; for neural crest, Soz9, Msxz1, and Id2 [106] (107, 108, [109]; and for
hematoendothelial progenitors, Etv2, Tall, and Gata2 [110, 111 |112]. In fact, when we
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performed a brief search for literature corresponding to the top 5 TFs nominated for each
cell type, we found relevant references for 494 of 533 (93%) of them (Supplementary Table
8).

Multilineage priming (MLP) has extensively been documented in hematopoietic lineages
and more recently in C. elegans [5,113]. As one form of MLP, we also sought to identify TF's
whose reduced expression was associated with cell type emergence, which we defined as those:
1) detected in at least 10% of cells in the pseudo-ancestor; 2) significantly downregulated
in the newly emerged cell type, relative to the pseudo-ancestor; and 3) both detected in at
least 10% of cells and not significantly downregulated at any “sister” edges, relative to the
newly emerged cell type. Altogether, we identified 482 candidate key TF whose reduced
expression is associated with the emergence of one or more of 90 cell types (23 +/- 26
per cell type; Supplementary Table 9). For example, at the split from inner cell mass
to epiblast and hypoblast at E4.5, Gata6 and Nanog are identified as decreasing in the
respective emergence of the epiblast and hypoblast, consistent with the literature [114, 115].
Also, Poudf1l (Oct4) is identified as a key TF with reduced expression in association with
20 cell types, but increased expression with only 1, consistent with its established role in
stemness (Supplementary Fig. 20a) [116] 117]. In sharp contrast, Nfia and Nfib (nuclear
factors I/a and I/b) are nominated as key TFs at the emergence of 15 and 11 cell types,
respectively, but in all cases upregulated, consistent with broad roles in lineage progression

[118, [119].

2.8 Identification of core promoter cis-regulatory motifs involved in in vivo
cell type specification

Although single cell chromatin accessibility profiling (e.g. sc-ATAC-seq) is increasingly en-

abling the ascertainment of cis-regulatory programs in embryonic and fetal tissues [120, 121,
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39], such data is not yet available for a dense timecourse of early development for any of the
three species considered here. As a step forward with sc-RNA-seq data alone, we sought to
identify DNA sequence motifs that are enriched in the core promoters of developmentally
regulated genes in TOME. First, we extended the approach described above to nominate
key TFs whose upregulation or downregulation is associated with the emergence of each cell
type, to all genes. Altogether, this yielded 8,307 key genes associated with the emergence
of one or more of 92 cell types (470 +/- 433 per cell type; Supplementary Fig. 20b;
Supplementary Table 10). Second, for each cell type, we applied HOMER, [122] to dis-
cover DNA sequence motifs that are specifically enriched in the core promoters of key genes
(-300 to +50 bp of annotated TSSs). Finally, we estimated g-values for discovered motifs by
data label permutation. At an FDR of 10%, we implicated 119 de novo promoter motifs in
the emergence of 57 mouse cell types (Supplementary Table 11), as well as an additional
235 previously documented promoter motifs (some overlapping with the de novo set) in the

emergence of 34 mouse cell types (Supplementary Table 12).

We then asked whether the sequence motifs identified in the core promoters of devel-
opmentally regulated genes correspond to the binding sites of candidate key TFs for the
same cell types, which would provide a plausible confirmation of their role. We identify
38 such instances, 33 of which are positive correlations (i.e. consistent directionality be-
tween TF expression and target gene expression) and 5 of which are negative correlations
(Supplementary Table 13). For example, the transcriptional activator Rfz3 is sharply
upregulated at the emergence of the notochord at E7.25, and its cognate motif is strongly
enriched at the promoters of key genes upregulated in these same cells (Supplementary
Fig. 21la-c) [103] |123]. In contrast, the transcriptional repressor Snail (Snail) is upreg-
ulated at the emergence of nascent mesoderm at E6.75, but its cognate motif is strongly
enriched in the promoters of downregulated key genes (Supplementary Fig. 21d-f) [124,
125]. Interestingly, RFX3 motifs are very strongly enriched near the TSSs of notochord-

upregulated genes, while SNAIL1 motifs are more diffusely enriched across the promoters of
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nascent mesoderm-downregulated genes (Supplementary Fig. 21b,e).

A limitation of these analyses is that we restricted our search for enriched sequence
motifs to the core promoters of up- or down-regulated key genes. As single cell, genome-wide
chromatin accessibility datasets spanning mouse development are generated, such analyses

can be extended to enhancer-mediated regulation.

2.9 Comparison of the cellular trajectories of mouse, zebrafish and frog em-
bryogenesis

The origins and evolution of vertebrate cell types are fascinating topics on which the single
cell profiling of embryogenesis may shed much needed light [126]. However, even if we
adopt an evolutionary definition of cell types, it remains unclear how best to identify “cell
type homologs” across vast evolutionary distances. To facilitate the alignment of cell types
across vertebrates, we applied the same strategy used for TOME to zebrafish (D. rerio) and
frog (X. tropicalis) embryogenesis, again relying on publicly available single cell RNA-seq
datasets. For zebrafish, we integrated data from two studies that used different technologies
but together included 15 developmental stages, beginning at the high stage (hpf 3.3) and
ending at the early pharyngula stage (hpf 24), essentially spanning epiboly and segmentation
(Fig. 6a; Supplementary Table 1) [8 7]. The resulting graph contains 221 nodes, each
assigned one of 63 cell type annotations, and 257 edges with weights greater than 0.2 (Fig.
6b). Marker genes used to annotate cell types are provided in Supplementary Table 14,
and all edge weights in Supplementary Table 15. We also nominated key upregulated
and downregulated TFs using the same approach described for mouse development above

(Supplementary Tables 16-17).

For frog, we re-analyzed one dataset spanning 10 developmental stages, from S8 and
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S22 [9], spanning gastrulation and neurulation (Fig. 6a; Supplementary Table 1). The
resulting graph contains 192 nodes, each assigned one of 60 cell type annotations, and 221
edges with weights greater than 0.2 (Fig. 6c¢). Marker genes used to annotate cell types are
provided in Supplementary Table 18, all edge weights in Supplementary Table 19,
and candidate key TF's in Supplementary Tables 20-21.

We next sought to align cell types from each species to their “cell type homologs” in
the other two species. Because M. musculus is separated from D. rerio and X. tropicalis by
450 million and 360 million years of evolution, respectively, these alignments proved much
more challenging than integrating data from more closely related species such as mouse and

human [18, |127]. We attempted three strategies.

As a first strategy, treating cells of each state from each timepoint as a “pseudo-cell”,
we integrated data from all three species with anchor-based batch correction [51]. Within
the resulting UMAP co-embedding of 825 pseudo-cells, we could identify 15 major groups
— epiblast & germline, early gastrulation, neuroectoderm, surface ectoderm & epithelium,
mesoderm, notochord & notoplate, endoderm & gut, retinal primordium, neural crest, brain
& spinal cord, neurons, endothelium, myocytes & cardiomyocytes, white blood cells and
erythroid cells — each containing cell states from all three species (Supplementary Fig.
22). However, within each such major group, the homology between specific cell types

generally remained ambiguous.

As a second strategy, we performed all possible pairwise comparisons between the tran-
scriptomes of cell types of each pair of species, excluding extraembryonic lineages [128].
First, we performed cell type correlation analysis |[15], which uses a regression framework to
ask, between each pair of species, which cell types are the best reciprocal best matches to
one another (Supplementary Fig. 23; Supplementary Table 22; Methods). We then

manually reviewed the highest ranking cell type pairings for biological plausibility. For mouse
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vs. zebrafish, out of 5,133 pairings tested, 138 were highly ranked, of which we selected 44
as the most biologically plausible (Supplementary Table 23). Exclusion criteria included
the cell types arising from different germ layers or major groups (as defined in Supplemen-
tary Fig. 22), arising at very different temporal stages, or if a cell type was exclusive to
one species. In cases where multiple related matches were observed, we generally selected
the match with the highest beta score. Applying this same approach to mouse vs. frog and
zebrafish vs. frog, we identified 28 and 48 plausible cell type homologs pairings, respectively
(Supplementary Fig. 24a; Supplementary Table 23).

As a third strategy, we focused on overlaps between the candidate key TF's associated
with the emergence of each cell type in each species. For each possible interspecies pairing
of cell types, we identified orthologous TFs that were nominated in both, and then adopted
a permutation approach to identify instances in which an excess of orthologous candidate
key TFs were shared between the cell types. For mouse vs. zebrafish, out of 5,046 pairings
tested, 75 exhibited more sharing than over 99% of permutations, of which we retained 25 as
the most biologically plausible (Supplementary Table 24). Applying this same approach
to mouse vs. frog and zebrafish vs. frog, we identified 18 and 10 plausible cell type homolog

pairings, respectively (Supplementary Fig. 24b; Supplementary Table 24).

Some candidate cell type homologs overlapped between these second and third strategies
(Fig. Ta; Supplementary Table 25). Overall, we were able to assign at least one cell type
homolog to 52 of 87 embryonic mouse cell states, 49 of 59 zebrafish embryonic cell states,
and 45 of 60 frog embryonic cell states. Some loosely annotated cell types were resolved
through homology. For example, zebrafish eomesa+ and diz1a+ differentiating neurons were
homologous to mouse intermediate progenitor cells and inhibitory interneurons, respectively.
In certain cases, we observed “three way” pairwise homology and nominated regulators (Fig.
7b). For example, Gsc, a canonical TF of the Spemann organizer [129], was nominated as a

key regulator of the anterior primitive streak (mouse), dorsal margin involuted (zebrafish),
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and dorsal marginal zone (frog), cell types that were also identified as homologs of one
another. Other such “three way” nominated TF regulators and associated cell types include
Sox7 for haemogenic endothelium [130], Thz2 for the otic placode [131, 132] and Siz! for
myocytes [133] (Fig. 7b).

2.10 Discussion

Nearly forty years ago, Sulston and colleagues painstakingly mapped out the entirety of the
invariant embryonic cell lineage of C. elegans, comprising 671 cells [2]. The Sulston map
provided a foundational scaffold for the integration of future experimental results, as well as
a precise nomenclature for the discussion of specific subsets of cells within the developing
worm. Recently, Packer and colleagues intersected the Sulston lineage with the mRNA
profiles of the same cells, shedding fresh light on the relationship between cell states and
fates [5].

Can equivalently global views of development be achieved for the developing mouse?
For reasons including scale, complexity, variance and accessibility, this is an extraordinary
challenge and one that may take decades to fully come to fruition, if indeed it ever does.
However, given the pace at which relevant technologies are emerging and evolving, it feels

increasingly possible.

Here, towards a scaffold for such an undertaking, we sought to leverage recently pub-
lished and newly generated single cell RNA-seq data to construct a “roadmap” of molecular
trajectories that cells traverse during the peri-implantation, gastrulation and organogenesis
stages of mouse development (Fig. 2). Our approach — constructing a directed acyclic
graph wherein each node corresponds to a group of related cells at a given timepoint, and

each edge to similarity between groups observed at adjacent timepoints — is highly reduc-
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tionist. However, we believe that this framing provides a useful entry point for analyses that
benefit from a global view of developmental processes. For example, in addition to nominat-
ing specific TFs as key regulators of the initial emergence of each cell type, we are able to
systematically assess which TFs and genes appear to have relatively specific vs. general roles
in development (Fig. 5; Supplementary Fig. 20a-b), as well as other characteristics (e.g.
upregulated key TFs are associated with broad H3K27me3 domains; Supplementary Fig.
20c) [134]. Furthermore, by constructing developmental graphs for additional vertebrate
species through the same method, we can identify “cell type homologs” through approaches
that consider all cell types in each pair of species, analogous to the comparison of genomes
(Figs. 6-7). Of note, the set of apparent cell type homologs was noisy prior to manual

filtering; fully automating these assignments remains an outstanding goal.

Although “cell type” is a useful concept, a limitation of this terminology is that it obscures
continuous aspects of heterogeneity — e.g. as might be expected for spatial gradients or
during the maturation of a cell type. This framing also forces us to make decisions about
the level of resolution at which to define cell types. Although we have made some progress
in relating TOME to spatial information (e.g. Fig. 3c; Fig. 4), new nomenclature that
facilitates the discussion of precise subsets of cells within spatially or otherwise heterogeneous

cell types is sorely needed.

Finally, as discussed above, molecular trajectories are not equivalent to cellular phyloge-
nies, but are likely to constrain them. Indeed, the cell type relationships inferred here on the
basis of gene expression are largely consistent with our understanding of the bona fide ances-
tors and descendants of cell types in mouse development. Exceptions and ambiguities may
represent errors that can be clarified through deeper analysis (Fig. 3), or potentially novel
relationships that require validation. To that end, in vivo, organism-scale lineage recording,
originally developed in zebrafish, has recently been adapted to the mouse |3} |135] 136, 137].

Although such methods remain very far from delivering anything approaching the resolution
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of the Sulston lineage, they can likely be applied in their current form to support or reject
potential lineage relationships suggested here. Additionally, even within cell states, such
lineage data might shed light on the patterns of cell division that underlie the differentiation

and proliferation of each cell type.

TOME provides a scaffold onto which additional single-cell gene expression datasets
from mouse development can be further layered. In this vein, the remarkable consistency
and robustness of in vivo mouse development is a terrific feature, and contrasts with in
vitro differentiation time courses, which may vary by lab, operator, cell line, etc. Of note,
by profiling individual embryos staged around ES8.5, we observe dramatic changes in gene
expression for some cell types (e.g. hindbrain, NMPs) occurring within short periods of
time (1 somite or 2 hour increments). Particularly at later timepoints, it remains possible
that our daily temporal sampling compromises our assumption that antecedent states will be
relatable to descendent states. As such, as mouse development is further profiled, improving
temporal resolution should be a high priority. Although it remains unclear exactly how
frequent sampling needs to be in order to fully mitigate confounding by rapid transitions in
transcriptional states, near-term goals that we are pursuing include consistent sc-RNA-seq
sampling of mouse development at least every 6 hours, from fertilization to birth. We also
anticipate additional single cell data types (e.g. chromatin accessibility, methylation, histone
modifications, transcription factor binding, etc.) can be generated by independent groups
and/or technologies and layered onto TOME as well. We are particularly excited about
the possibility of linking the temporal unfolding of combinatorial TF expression to enhancer

accessibility, and then enhancer accessibility to the expression of cis-regulated genes.

2.11 Supplementary Materials

Data reporting
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For newly generated E8.5b data, no statistical methods were used to predetermine sample
size. Embryos used in experiments were randomized before sample preparation. Investigators
were blinded to group allocation during data collection and analysis: embryo collection and

sci-RNA-seq3 analysis were performed by different researchers in different locations.

Generating new E8.5 data using an optimized version of sci-RNA-seq3

For newly generated E8.5b data, C57BL/6 mice were obtained at The Jackson Labora-
tory. In brief, timed matings of mice were performed via standard husbandry procedures.
On the morning of E8.5, individual decidua were removed and placed in ice cold PBS during
the harvest. Individual embryos were dissected free of extraembryonic membranes, imaged,
and the number of somites present were noted prior to snap freezing in liquid nitrogen (Fig.

1c). Samples were stored at -80C until further processing.

We performed a simplified version of sci-RNA-seq3, further optimized for “tiny” samples
[15]. Briefly, to each tube, 100ul of a hypotonic, PBS-based lysis buffer was added with
DEPC as an RNase inhibitor. The resulting nuclei were then fixed with 4 volumes of a mix of
methanol and dithiobis (succinimidyl propionate) (DSP). After rehydrating and washing the
nuclei carefully in a sucrose/PBS/triton buffer (SPBST), the nuclei were distributed to a 96-
well plate for reverse transcription, allocating 8 wells per embryo. After reverse transcription,
nuclei were pooled, washed in SPBST and redistributed to a fresh plate for ligation of the
second index primer with T4 DNA ligase. Nuclei were then again pooled, washed, and
redistributed to 5 final plates for second strand synthesis, extraction, tagmentation, and
PCR to add the third index plus a plate index. Products were pooled by PCR plate, size-
selected and sequenced on an Illumina NovaSeq. A more detailed version of the streamlined,

“tiny” sci-RNA-seq3 protocol is available at [58].

Processing of sequencing reads of new ES8.5 data
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For newly generated E8.5b data, read alignment and gene count matrix generation was
performed using the pipeline that we developed for sci-RNA-seq3 [15] with minor modi-
fications: base calls were converted to fastq format using Illumina’s bel2fastq/v2.20 and
demultiplexed based on PCR i5 and i7 barcodes using maximum likelihood demultiplexing
package deML [138] with default settings. Downstream sequence processing and single cell
digital expression matrix generation were similar to sci-RNA-seq [53] except that RT index
was combined with hairpin adaptor index, and thus the mapped reads were split into con-
stituent cellular indices by demultiplexing reads using both the RT index and ligation index
(Levenshtein edit distance (ED) < 2, including insertions and deletions). Briefly, demulti-
plexed reads were filtered based on RT index and ligation index (ED < 2, including insertions
and deletions) and adaptor-clipped using trim_galore/v0.6.5 with default settings. Trimmed
reads were mapped to the mouse reference genome (mm10) for mouse embryo nuclei, us-
ing STAR/v2.6.1d [139] with default settings and gene annotations (GENCODE VM12 for
mouse). Uniquely mapping reads were extracted, and duplicates were removed using the
unique molecular identifier (UMI) sequence (ED < 2, including insertions and deletions),
reverse transcription (RT) index, hairpin ligation adaptor index and read 2 end-coordinate
(i.e. reads with UMI sequence less than 2 edit distance, RT index, ligation adaptor index
and tagmentation site were considered duplicates). Finally, mapped reads were split into
constituent cellular indices by further demultiplexing reads using the RT index and ligation
hairpin (ED < 2, including insertions and deletions). To generate digital expression matrices,
we calculated the number of strand-specific UMIs for each cell mapping to the exonic and
intronic regions of each gene with python/v2.7.13 HTseq package [140]. For multi-mapped
reads, reads were assigned to the closest gene, except in cases where another intersected
gene fell within 100 bp to the end of the closest gene, in which case the read was discarded.
For most analyses we included both expected-strand intronic and exonic UMIs in per-gene

single-cell expression matrices.

After the single cell gene count matrix was generated, cells with low quality (UMI <
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200 or detected gene < 100 or unmatched rate > 0.4) were filtered out and 239,533 cells
were left. Each cell was assigned to its original mouse embryo on the basis of the reverse
transcription barcode. For the detection of potential doublet cells, we first split the dataset
into subsets for each individual, and then applied the scrublet/v0.1 pipeline [27] to each
subset with parameters (min_count = 3, min_cells = 3, vscore_percentile = 85, n_pc = 30,
expected_doublet_rate = 0.06, sim_doublet_ratio = 2, n_neighbors = 30, scaling_ method =
'log’) for doublet score calculation. Cells with doublet scores over 0.2 were annotated as

detected doublets. We detected 2% potential doublet cells in the whole data set.

For detection of doublet-derived subclusters for cells, we used an iterative clustering strat-
egy based on Scanpy/v.1.6.0 |[141]. Briefly, gene count mapping to sex chromosomes were
removed before clustering and dimensionality reduction, and then genes with no count were
filtered out and each cell was normalized by the total UMI count per cell. The top 1,000
genes with the highest variance were selected and the digital gene expression matrix was
renormalized after gene filtering. The data was log transformed after adding a pseudocount,
and scaled to unit variance and zero mean. The dimensionality of the data was reduced by
PCA (30 components) first and then with UMAP, followed by Louvain clustering performed
on the 30 principal components with default parameters. For Louvain clustering, we first
fitted the top 30 PCs to compute a neighborhood graph of observations with local neigh-
borhood number of 50 by scanpy.pp.neighbors. We then cluster the cells into sub-groups
using the Louvain algorithm implemented as scanpy.tl.louvain function. For UMAP visu-
alization, we directly fit the PCA matrix into scanpy.tl.umap function with min_distance
of 0.1. For subcluster identification, we selected cells in each major cell type and applied
PCA, UMAP, Louvain clustering similarly to the major cluster analysis. Subclusters with a

detected doublet ratio (by Scrublet) over 15% were annotated as doublet-derived subclusters.

For data visualization, cells labeled as doublets (by Scrublet) or from doublet-derived

subclusters were filtered out. For each cell, we only retain protein-coding genes, lincRNA
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genes and pseudogenes. Genes expressed in less than 10 cells and cells in which fewer than
100 genes were detected were further filtered out. The downstream dimension reduction
and clustering analysis were done with Monocle/3-alpha. The dimensionality of the data
was reduced by PCA (50 components) first on the top 5,000 most highly dispersed genes
and then with UMAP (max_components = 2, n_neighbors = 50, min_dist = 0.01, metric =
‘cosine’). Cell clusters were identified using the Louvain algorithm implemented in Monocle/3
(res = 1e-06). We found that the above Scrublet and iterative clustering based approach is
limited in marking cell doublets between abundant cell clusters and rare cell clusters (e.g.
less than 1% of total cell population). To further remove such doublet cells, we took the cell
clusters identified by Monocle/3, downsampled each cell cluster to 2,500 cells, and computed
differentially expressed genes across cell clusters with the top_markers function of Monocle/3
(reference_cells=1000). We then selected a gene set combining the top ten gene markers
for each cell cluster (filtering out genes with fraction_expressing < 0.1 and then ordering
by pseudo_R2). Cells from each main cell cluster were selected for dimension reduction by
PCA (10 components) first on the selected gene set of top cluster specific gene markers,
and then by UMAP (max_components = 2, n_neighbors = 50, min_dist = 0.1, metric =
‘cosine’), followed by clustering identification using the Louvain algorithm implemented in
Monocle/3 (res = 1e-04 for most clustering analysis). Subclusters showing low expression of
target cell cluster specific markers and enriched expression of non-target cell cluster specific
markers were annotated as doublets derived subclusters and filtered out in visualization and
downstream analysis. We further filtered out the potential low-quality cells by investigating
the numbers of UMIs and the proportion of reads mapping to the exonic regions per cell
(Supplementary Fig. 3b-c), resulting in a set of 154,313 cells (median UMI count 7,672;

median genes detected 3,463) that were used for reconstructing cellular trajectories.

Deeper sequencing of previously reported libraries (E9.5 - E13.5)

To obtain higher quality data across E9.5-E13.5, we performed a deeper sequencing
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(specifically, three additional Novaseq runs) of previously reported libraries [15]. We merged
the new reads with the previous reads and performed the same strategy of data-processing
that we applied to the newly created E8.5 data. After the single cell gene count matrix was
generated, cells with low quality (UMI < 200 or detected gene < 100 or unmatched_rate >
0.4) were filtered out and 2,432,186 cells remained. Compared to the previous data [15], the
median UMI count per cell improved from 671 to 1,434, while the median genes detected per
cell improved from 518 to 735 (Supplementary Fig. 3a).

Each cell was assigned to its original mouse embryo on the basis of the reverse transcrip-
tion barcode. After removing doublets, we further filtered out potential low-quality cells
based on UMI counts and the proportion of reads mapping to the exonic regions per cell
(Supplementary Fig. 3b-c), resulting in 1,393,565 cells (median UMI count 1,744; median

genes detected 851) that were used for reconstructing cellular trajectories.

Decoding the transcriptional heterogeneity of NMP cells

To systematically identify cell types whose transcriptional dynamics are most highly
correlated with somite counts, we first manually excluded cell types with fewer than 100
cells, and then for each cell type, we calculated the Pearson correlation between cells’ somite

counts and those of their top 5 nearest neighbors in a global 3D UMAP embedding.

We applied two different strategies to identify the genes (among the top 5,000 highly
variable genes) which were significantly correlated with the top 3 PCs of NMP cells. As the
first strategy, we performed a generalized linear regression using the fit_models function in
Monocle/3 across the NMP cells. As the second strategy, we performed a Pearson regression
between each individual PC and the gene expression values, which were calculated from
original UMI counts normalized to total UMI per cell, followed by natural-log transformation.

The PCs were calculated on NMP cells only. The significant results (FDR < 0.05 and absolute
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coefficients > 0.2 by Pearson correlation) are shown in Supplementary Table 3.

Systematic reconstruction of the cellular trajectories of mouse embryogen-

esis

Single cell or single nucleus RNA-seq data were collected from three studies from other
labs [55, 39} 4] and supplemented with the new E8.5 data (“E8.5b”) as well as data from [15]
but supplemented and reanalyzed after deeper sequencing of the same libraries, as described
above. These data span 19 timepoints between E3.5 and E13.5 of mouse embryogenesis,
collectively 1,658,968 cells/nuclei from 480 samples, where each sample consists of either a
single mouse embryo or a small pool of embryos from the same timepoint. Further details are
provided in Supplementary Table 1. For each dataset, we took the unique molecular iden-
tifiers (UMI) count matrix (feature X cell) from the data source and separated cells by time-
point. For each timepoint, we performed conventional single-cell RNA-seq data processing
using Seurat/v3: 1) normalizing the UMI counts by the total count per cell followed by log-
transformation; 2) selecting the 2,500 most highly variable genes and scaling the expression
of each to zero mean and unit variance; 3) applying PCA and then using the top 30 PCs to
create a k-NN graph, followed by Louvain clustering (resolution = 1); 4) performing UMAP
visualization in 2D space (dims = 1:30, min. dist = 0.75) [51]. For some timepoints, we
observed obvious batch effects with respect to either study or sample identity. We therefore
performed an additional batch correction before the PCA, following the standard pipeline for
dataset integration in Seurat/v3 (https://satijalab.org/seurat/v3.2/integration.html), using
either the study or sample identity to split datasets, followed by identifying “anchors” be-
tween pairs of post-splitting subsets of the datasets (features = 2500, k.filter = 200, dims =
1:30) (Supplementary Fig. 1a-b).

For cell clustering, we manually adjusted the resolution parameter towards modest over-

clustering, and then manually merged adjacent clusters if they had a limited number of



o8

differentially expressed genes (DEGs) relative to one another (for this purpose, DEGs were
defined as genes expressed at mean > 0.5 UMIs per cell across the pair of clusters with a >
4-fold difference between the clusters) or if they both highly expressed the same literature-
nominated marker genes. Subsequently, we annotated individual cell clusters using 2 to 5
literature-nominated marker genes per cell type label (Supplementary Table 2). Many
of the cell type labels and associated marker genes were obtained from the four studies
that generated the data. However, we double-checked each cell type assignment, often with
additional marker genes. Importantly, we revisited and revised some of the cell type or tra-
jectory annotations of [15], e.g. “Ependymal cell” - “Roof plate”; “Isthmic organizer cells”
- “Mesencephalon/MHB”. A full list of these annotation revisions is provided in Supple-
mentary Table 26. To benchmark the robustness of cell type annotations, we applied the
sklearn.svm.LinearSVC function in scikit-learn/1.0 with 5-fold cross-validation, using the

expression values of all genes as predictors (Supplementary Fig. 10).

To connect each cell state observed at a given timepoint with its “pseudo-ancestors”,
we first merged all cells from that timepoint and the preceding timepoint using Seurat/v3.
Integration and batch correction were performed as described above, except that we also
split based on timepoint identity (features = 2500, k.filter = 200, dims = 1:30). Because of
the very large number of cells, we used a reciprocal PCA-based space [51] to find anchors
for pairs of timepoints that included data from [15]. After integration, we performed PCA
and then used the top 30 PCs to co-embed cells as a 3D UMAP (min. dist = 0.75), from
which we calculated Euclidean distances between individual cells from the earlier and later

timepoints.

We then determined edge weights between cell states of the successive timepoints using
a bootstrapping strategy. For cells of each cell state at the later timepoint, we identified
their five closest neighbor cells from the earlier timepoint and then calculated the proportion

of these neighbors derived from each potential antecedent cell state. We repeated these
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steps 500 times with 80% subsampling from the same embedding. We then took the median
proportions as the set of weights for edges between a cell state and its potential antecedents.
To evaluate the robustness of this approach to the choice of co-embedding space, we repeated
it using Euclidean distances between cells in PCA space (dims = 30) instead of UMAP space
(dims = 3). The resulting edge weights were highly correlated (Pearson correlation coefficient
= 0.993). We evaluated the above approach with k parameters (for the k-NN) other than
five, and found the resulting edge weights to be highly correlated with those obtained with
k = 5 (Pearson correlation coefficients from 0.9994 to 0.9999 for k = 8, 10, 15, 20). Edge
weights > 0.2 from the UMAP embedding were retained for the resulting acyclic directed
graph shown in Fig. 2c.

We repeated this strategy to generate similar graphs for zebrafish (D. rerio) and frog
(X. tropicalis) embryogenesis, again relying on publicly available scRNA-seq datasets. For
zebrafish, we integrated data from two studies that overlapped at three timepoints (hpf6,
hpf8, hpfl0); we excluded cells from hpf4 because of excessive batch effects [8, [7]. For frog,
we used cells from a single study [9]. Further details regarding data sources are available in

Supplementary Table 1.

RNA wvelocity analysis

Three datasets were used in performing RNA velocity analysis — the Pijuan-Sala et al.
dataset, the newly generated E8.5 dataset and the dataset resulting from deeper sequenc-
ing of Cao et al. 2019 libraries [13, [15]. For the Pijuan-Sala et al. dataset, which was
generated on the 10X Genomics platform, we downloaded the raw data (E-MTAB-6967)
and reprocessed it using kb-python (Melsted et al. 2019). For the new E8.5 data as well
as the deeper sequencing of Cao et al. 2019 libraries, both generated with sci-RNA-seq3,
we processed the raw data using the basic sci-RNA-seq pipeline followed by extracting the
spliced reads and unspliced reads for each cell using velocyto |24} |15]. The RNA velocity
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analysis and UMAP visualization were performed with Scanpy/v.1.6.0 and scVelo [89, |141].
Briefly, genes with low expression were filtered out, and each cell’s counts were normal-
ized towards the median UMI counts per cell by a scaling factor. The 3000 genes with the
highest variance were selected, and the data were log-transformed after adding a pseudo-
count. The spliced and unspliced count matrices were similarly filtered and normalized. We
then applied scvelo.pp.memoments and scvelo.tl.velocity for velocity estimation, followed by

scvelo.tl.velocity _graph and scvelo.tl.umap for data visualization.

To infer the cell-state transitions between adjacent timepoints based on RNA velocity,
cells from each pair of adjacent timepoints were integrated, and this was followed by applying
the RNA velocity analysis using scVelo [89]. Of note, we did not perform RNA velocity anal-
ysis for cell states before E6.5 and during the transition between E8.5a vs. E8.5b because
of limited numbers of cells or the major technological transition, respectively. For cell states
from E8.5b onward, we performed a random downsampling on each cell state to 1,500 cells
prior to RNA velocity analysis, in order to reduce computational costs. The resulting transi-
tion probabilities between individual cells, were calculated using cosine correlation between
the potential cell-to-cell transitions and the inferred velocity vector (ranging from 0 to 1).
To calculate the transition probability from cell state A at the earlier timepoint to cell state
B at the later timepoint, we summed the transition probabilities of all cells within A to all
cells within B, followed by normalizing the total cell number of B. Finally, the edge weight
from A to B was further calculated by normalizing their transition probability to the total

transition probabilities which originated from A.

Inferring the molecular histories of individual cell types

For this particular analysis, because one dataset did not include the extraembryonic tis-

sues [15], we excluded cells annotated as derived from the extraembryonic lineages (embryonic

visceral endoderm, extraembryonic visceral endoderm, parietal endoderm, and extraembry-
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onic ectoderm). For E6.5, the sequencing depths were very different between datasets, so
we only used cells from the Pijuan-Sala et al. dataset. In addition, the Pijuan-Sala et al.
dataset pooled multiple embryos per sample, so we used sample identity instead of embryo
identity. In the end, four samples from the Cheng et al. dataset, 34 samples from the
Pijuan-Sala et al. dataset, 12 samples from the new E8.5 data (“E8.5b”), and 61 samples
from the deeper sequencing of Cao et al. libraries, were used for the pseudobulk analysis.
UMI counts mapping to each sample were aggregated to generate a pseudobulk RNA-seq
profile for each sample. We then applied the fit_models function of Monocle/3 to identify
genes that were highly correlated with the embryos’/samples’ staged age. To mitigate major
batch effects between cell vs. nucleus-derived subsets of the data, we separately performed
DEG analysis on the samples from before and including E8.5a (n = 34, from Pijuan-Sala
et al. dataset) vs. including and after E8.5b (n = 73), and then took the union of the top
3000 genes with the lowest ¢ values identified in each subset. We then filtered out genes
that were significantly different between the pre- and post-E8.5a/b subsets (p_value < 0.05).
This left 534 genes, which were used to construct a pseudotime trajectory using DDRTree
as implemented in Monocle/v2 [142]. Each embryo/sample was assigned a pseudotime value
on the basis of its position along the trajectory. Of note, this ordering was highly robust
to 80% subsampling (all Pearson correlation coefficients were > 0.99 between pseudotimes

derived from 100 iterations of 80% subsampling vs. the full dataset).

Deconvolution of cell composition of GEO-seq sample using CIBERSORT«x

This analysis was performed by running deconvolution on each GEO-seq sample using
CIBERSORTx with default parameters 35, [33]. GEO-seq samples were collected from dis-
tinct spatial positions in the mouse embryo with mixed cell populations from E5.5, E6, E6.5,
E7, and E7.5 [33]. For each stage, we first learned a gene expression signature for each cell
state at the corresponding timepoint. Because single cell profiles from E6 were missing from

the scRNA-seq data integrated here, we used data from E6.25 instead.
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Systematic nomination of key transcription factors for cell type specifica-

tion

The list of 1,636 mouse proteins that are putatively TFs was collated from AnimalTFDB/v3
(http://bioinfo.life.hust.edu.cn/Animal TFDB/) [96]. For each edge in TOME at which a
given cell type first emerged, we used three criteria to identify key TF candidates: 1) its
expression significantly increased in the newly emerged cell type, relative to the pseudo-
ancestral cell state (Seurat/v3; p_val_adj < 0.05, non-parametric Wilcoxon rank-sum test);
2) it was significantly more highly expressed in the newly emerged cell type, relative to its
“sister” edges deriving from the same pseudo-ancestor (by the same test and threshold); 3) it
was detected in at least 10% of cells of the newly emerged cell type. For each such candidate
key TF, we scaled its log fold-change calculated by either criteria #1 or #2 to unit variance
and zero mean (across the set of candidate key TF identified for a given newly emerged cell
type) and then averaged these scaled fold-change values to determine a score intended to

convey its importance relative to other candidate key TFs for the same cell type.

To identify TFs whose reduced expression was associated with the emergence of each cell
type, we looked for those that: 1) are detected in at least 10% of cells of the pseudo-ancestral
cell type; 2) are significantly downregulated in the newly emerged cell type, relative to the
pseudo-ancestor (Seurat/v3; p_val_adj < 0.05, non-parametric Wilcoxon rank-sum test); and
3) are both detected in at least 10% of cells and significantly more highly expressed at “sister”
edges, relative to the newly emerged cell type (by the same test and threshold).

The list of 2,547 zebrafish TFs and 1,236 frog TFs was collated from AnimalTFDB/v3
(http://bioinfo.life.hust.edu.cn/Animal TFDB/) [96]. Candidate key TFs for each cell type

emergence in these species were identified and scored as described above for mouse.

Co-embedding of cell states from three species
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We first created a list of orthologous genes across the three species by liftover of all gene
identities from the three species to the corresponding human gene identities, either based on
BioMart (Ensembl Genes 102) [143] or the original study in the case of frog [9]. A list of
22,815 genes was compiled, wherein each of the genes was orthologous in at least two species.
Of note, we retained all of the possible orthologous gene pairs learned from the BioMart,
including “1-to-17, “1-to-many”, and “many-to-many” categories. To create the transcrip-
tional features of each cell state, we first averaged cell-state-specific UMI counts, normalized
by the total count, multiplied by 100,000 and natural-log-transformed after adding a pseu-
docount. We then divided all the cell states from three species into four groups: the mouse
single-cell group (n = 151), the mouse single-nucleus group (n = 277), the zebrafish group
(n = 205), and the frog group (n = 192). We treated each cell state as a pseudo-cell, per-
forming the anchor-based batch correction approach implemented by Seurat/v3 (nfeatures
= 5,000, k.filter = 100, dims = 1:30, min.dist = 0.6) [51]. For cell states spanning multiple
timepoints, cells from each timepoint were treated as a separate pseudo-cell for the purposes

of this analysis.

Identification of interspecies correlated cell types using non-negative least-

squared (NNLS) regression

We first created a list of orthologous genes between each pair of species (n = 17,333 for
mm vs. zf, n = 14,249 for mm vs. xp, and n = 13,326 for zf vs. xp), either based on BioMart
(Ensembl Genes 102) [143] or the original study in the case of frog [9]. Of note, we retained
all of the possible orthologous gene pairs learned from the BioMart, including “1-to-17, “1-to-
many”, and “many-to-many” categories. To identify correlated cell types between each pair
of species, we first calculated an expression value for each gene in each cell type by averaging
the log-transformed normalized UMI counts of all cells of that type across all timepoints at
which the cell type appeared. Extraembryonic cell types (inner cell mass, hypoblast, parietal

endoderm, extraembryonic ectoderm, visceral endoderm, embryonic visceral endoderm, and
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extraembryonic visceral endoderm for the mouse; blastomere, EVL, periderm, forerunner
cells for the zebrafish) were excluded from this analysis. For mouse E6.5, we only used cells
from a single study [13]. For each pair of species, we took homologous genes and applied
non-negative least squares (NNLS) regression to predict gene expression in target cell type
(T.) in dataset A based on the gene expression of all cell types (M,) in dataset B: T, = fyq
+ (1o My, based on the union of the 1,200 most highly expressed genes and 1,200 most highly
specific genes in the target cell type. We then switched the roles of datasets A and B, i.e.
predicting the gene expression of target cell type (73) in dataset B from the gene expression
of all cell types (M,) in dataset A: T, = Sop, + 515M,. Finally, for each cell type a in dataset
A and each cell type b in dataset B, we combined the two correlation coefficients: 5 = 2(8,
+ 0.001)(Bpe + 0.001) to obtain a statistic for which high values reflect reciprocal, specific

predictivity.

To identify candidate cell type homologs, we manually reviewed pairings with a beta score
> le-4 and that ranked highly from the perspective of both species, i.e. where cell type B
was one of the top five matches for cell type A and vice versa. We next performed a manual
selection based on the following criteria: 1) excluding pairs of cell types which derive from
different germ layers or major groups (Supplementary Fig. 22) (e.g. blood progenitors
(mm) vs. optic cup (zf)); 2) excluding pairs of cell types which emerged at very different
temporal stages (e.g. rostral neuroectoderm (mm) vs. DEL (zf)); 3) excluding cell types
only expected in one species or the other (e.g. hatching gland (zf) is not expected in mouse);
4) for cell types which were correlated with multiple cell types with ancestor-descendant rela-
tionships in the other species, we selected the one which was more ancestral (e.g. hindbrain
(mm) was correlated with both hindbrain ventral (zf) and hindbrain (zf), and we assigned
it to hindbrain (zf)); 5) for cell types which were correlated with multiple cell types in the
other species that lacked a clear ancestor-descendant relationship, we selected the pair with

the highest beta score. The details of manual selection are provided in Supplementary

Table 23.
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Identification of correlated cell types between species based on overlapping

key TF candidates

For each possible interspecies pairing of cell types, we identified orthologous TF's that
were nominated in both species and then calculated, as an estimate of relative likelihood,
the product of the frequencies in which each of these TFs were nominated as key in their
respective species (to account for the fact that some TF's are nominated in many cell types and
therefore more likely to overlap; Fig. 5c¢). To identify which such instances were potentially
significant, we repeated these procedures after taking random samples of key TFs without
replacement (10,000 times) and retained pairings with estimated relative likelihoods more
extreme than 99% of permutations. We then performed a similar manual selection, details

of which are provided in Supplementary Table 24.

Of note, we also attempted interspecies cell type pairing using key genes instead of
key TF's for each cell type (Supplementary Table 27). However, the correlated cell types
identified by overlapping key genes were noisier than other approaches. For example, anterior
floor plate (mm) was correlated to diencephalon (aplnr2+) (zf) as expected, but it was also
correlated to seven other cell types from zebrafish, including erythroid, midbrain ventral,
myotome, diencephalon, roof plate, mesoderm lateral plate (tbz1+), dorsal margin involuted.
As the other strategies appeared less noisy and therefore easier to manually curate, we did

not carry this third approach forward.

We compared our cell-type alignments between zebrafish vs. frog to a recent study [144]
that also sought to align the same datasets. We could find consistent alignments for 35 of
46 pairs of cell types which they identified (Supplementary Table 28). Note that neither we
nor they simply used the original data and annotations, but rather we re-processed them in
different ways. For example, we combined sc-RNA-seq data from two zebrafish studies [8, 7]

followed by reannotation of the merged set of cells from each individual timepoint, while the
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other study sometimes merged multiple cell types into one (optic cup and retina pigmented
epithelium - optic). These differences make a full comparison challenging. Nonetheless, at
least on a high-level check, these entirely independent efforts are mostly in agreement, which

is encouraging.

Identification of cis-regulatory motifs involved in in vivo cell type specifica-

tion

As a first step towards identifying cis-regulatory motifs involved in cell type identifica-
tion, we extended to all genes the approach described above to nominate key TFs whose
upregulation or downregulation is associated with the emergence of each cell type. For each
edge in TOME at which a given cell type first emerged, we used three criteria to identify key
gene candidates: 1) its expression significantly increased in the newly emerged cell type, rela-
tive to the pseudo-ancestral cell state (Seurat/v3; p_val_adj < 0.05, non-parametric Wilcoxon
rank-sum test); 2) it was significantly more highly expressed in the newly emerged cell type,
relative to its “sister” edges deriving from the same pseudo-ancestor (by the same test and
threshold); 3) it was detected in at least 10% of cells of the newly emerged cell type. To
identify genes whose reduced expression was associated with the emergence of each cell type,
we looked for those that: 1) are detected in at least 10% of cells of the pseudo-ancestral
cell type; 2) are significantly downregulated in the newly emerged cell type, relative to the
pseudo-ancestor (Seurat/v3; p_val_adj < 0.05, non-parametric Wilcoxon rank-sum test); and
3) are both detected in at least 10% of cells and significantly more highly expressed at “sister”
edges, relative to the newly emerged cell type (by the same test and threshold).

We used HOMER /v4.11 [122] to identify DNA sequence motifs that are specifically en-
riched in the core promoters of key genes (-300 to +50 bp of annotated TSSs). Running the
findMotifs.pl function with default parameters, each test set was defined as the core promot-

ers of either upregulated or downregulated key genes at specific cell edges (excluding sets
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with fewer than 5 key genes), and compared to a background set of core promoters of key
genes from all edges not in the test set. Motif quality was evaluated based on a g-value, which
was calculated for each motif by 100 iterations of randomizing data labels and re-running
HOMER. In addition, motifs were aligned to known motif binding sequences based on the
JASPAR and internal HOMER databases with default parameters [145]. Mapping of specific
motif positions around the TSS was assessed with the HOMER function annotatePeaks.pl

using the following parameters: tss mm10 -hist 10 -ghist.

Data availability

All data and code used here have been made freely available via http://tome.gs.washington.edu.
The data generated in this study can be downloaded in raw and processed forms from the
NCBI Gene Expression Omnibus under accession number GSE186069 (new E8.5 data) &
GSE186068 (deeper sequencing of Cao et al. libraries). The supplementary tables can be
downloaded from here:

https://shendure-web.gs. washington.edu/content /members/cxqiu/public/nobackup /tmp/
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Figure 2.1: Figure 1. Intensive scRNA-seq of somite-resolved E8.5 mouse embryos. a, A new
scRNA-seq dataset was generated from nuclei derived from individual E8.5 mouse embryos via an optimized
sci-RNA-seq3 protocol, in order to “bridge” existing data. b, 3D UMAP visualizations of the new ES8.5
dataset (“E8.5b”). ¢, Twelve mouse embryos, including a single primitive streak stage embryo and 11
embryos staged in 1-somite increments from 2 to 12 somites were collected. d, Re-embedded 2D UMAP of
cells annotated as forebrain, midbrain, hindbrain, spinal cord, and neural crest. Arrows correspond to RNA
velocity trends. e, The same UMAP as in panel d, colored by somite counts. f, We calculated the Pearson
correlation coefficient between the somite number of each cell of that type and the average somite number of
its five nearest neighbors in the global 3D UMAP embedding. g, 3D visualization of the top three principal
components (PCs) of gene expression variation in NMPs, calculated on the basis of the 2,500 most highly

variable genes.
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Figure 2.2: Figure 2. Systematic reconstruction of the cellular trajectories of mouse embryo-
genesis. a, Overview of approach. Cells from each pair of adjacent stages were projected into the same
embedding space . b, Histogram of all calculated edge weights. The y-axis is on a log2 scale. Edges with
weights above 0.2 (red line) were retained. ¢, Directed acyclic graph showing inferred relationships between
cell states across early mouse development. Each row corresponds to one of 94 cell type annotations, columns
to developmental stages spanning E3.5 to E13.5, nodes to cell states, and node colors to germ layers. All

edges with weights above 0.2 are shown in grey scale.
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Figure 2.4: Figure 4.
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Inference of the approximate spatial locations of cell states during

mouse gastrulation. a, Inference of cell type contributors to each spatial territory of the gastrulating

mouse embryo based on the application of CIBERSORTx to GEO-seq data . b, Corn plots

33

showing the spatial pattern of inferred contributions of various ectodermal cell types at E7.5. ¢, Corn plots

showing the spatial pattern of inferred contributions of various mesodermal cell types at E7.5. d, Corn plots

showing the spatial pattern of inferred contributions of various endodermal cell types at E7.5, as well as

notochord. In each corn plot, each circle or diamond refers to a GEO-seq sample, and its weighted color to

the estimated cell type composition. Corn plot nomenclature from .
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Figure 2.5: Figure 5. Systematic nomination of candidate key transcription factors for cell
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Figure 2.7: Figure 7. The union of candidate cell type homologs, identified between three
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. ¢, UMAP visualization
of co-embedding of data from E8.5a (cells) generated on the 10x Genomics platform and E9.5 (nuclei)
generated using sci-RNA-seq3 , before batch correction . d, UMAP of the same cells as in panel ¢
but with batch correction prior to integration .
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Figure 2.9: Supplementary Figure 2. Integrating and co-embedding cells from E8.5a, E8.5b,
and E9.5. a, UMAP visualization of co-embedded cells at E8.5a generated on the 10x Genomics platform
and nuclei at E9.5 generated using sci-RNA-seq3 after batch correction. b, UMAP visualization of co-
embedded cells at E8.5a generated on the 10x Genomics platform and nuclei at E8.5b generated using
sci-RNA-seq3 after batch correction. ¢, UMAP visualization co-embedded nuclei at E8.5b and nuclei at
E9.5, both generated with sci-RNA-seq3, after batch correction.
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Figure 2.10: Supplementary Figure 3. Higher quality sci-RNA-seq3 data generated by either
application of an optimized protocol (E8.5b) or deeper sequencing of previously reported
libraries (E9.5 - E13.5). a, The cell number, median UMI count per cell, median genes detected per
cell, and duplicate rate, are shown for a previously published dataset on E9.5 - E13.5 embryos (light blue
bars) , deeper sequencing and reanalysis of those same sequencing libraries (dark blue bars) or data
newly generated on E8.5 embryos using an optimized sci-RNA-seq3 protocol (green bars). b, Histograms of
log2(UMI count) per cell for the newly created E8.5 dataset (left) and more deeply sequenced libraries
(right). ¢, Histograms of the proportion of reads mapping to the exonic regions per cell for the newly created

E8.5 dataset (left) and more deeply sequenced libraries (right).
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Figure 2.11: Supplementary Figure 4. Anterior and posterior floor plate subpopulations
emerging from forebrain/hindbrain and spinal cord, respectively. a, Subview of global 3D UMAP
visualization highlighting anterior (red) and posterior (blue) floor plate subpopulations in E8.5 data generated
with optimized sci-RNA-seq3 protocol. b, Re-embedded 2D UMAP of cells from anterior floor plate and
posterior floor plate. ¢, The same UMAP as in panel b, colored by somite counts. d, The same UMAP as
in panel b, colored by gene expression of marker genes which are shared by anterior and posterior floor plate
subpopulations. e, The same UMAP as in panel b, colored by gene expression of marker genes which appear
specific to anterior floor plate subpopulation. f, The same UMAP as in panel b, colored by gene expression

of marker genes which are specific to posterior floor plate subpopulation.
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Figure 2.12: Supplementary Figure 5. Resolution of the first and second heart fields during
early somitogenesis. a, Subview of global 3D UMAP visualization highlighting the first (red) and second
(blue) heart fields in E8.5 data generated with optimized sci-RNA-seq3 protocol. b, Re-embedded 2D UMAP
of cells from the first and second heart fields. ¢, The same UMAP as in panel b, colored by somite counts.
d, The same 2D UMAP as in panel b, colored by gene expression of marker genes which are shared by the
first and second heart fields. e, The same UMAP as in panel b, colored by gene expression of marker genes
which are specific to the first heart field. f, The same UMAP as in panel b, colored by gene expression of

marker genes which are specific to the second heart field.
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Figure 2.13: Supplementary Figure 6. Resolution of hindbrain segmentation in newly created

E8.5 dataset. a, Subview of global 3D UMAP visualization highlighting subsets of cells annotated as

rhombomeres 1 - 6 (rl - 6) in E8.5 data generated with optimized sci-RNA-seq3 protocol. b, Re-embedded

2D UMAP of cells annotated as forebrain, midbrain, presumptive cerebellum, r1 - r6, spinal cord and neural

crest. ¢, The same UMAP as in panel b, colored by gene expression of marker genes used for annotation of

anatomical regions 148} [149] 66]. d, The same UMAP as in panel b, colored by gene expression

of marker genes for the dorsal-ventral axis .
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Figure 2.14: Supplementary Figure 7. Three distinct subpopulations of neural crest cells
(NCCs) may correspond to mesencephalic NCCs and pharyngeal arch (PA) contributions. a,
Subview of global 3D UMAP visualization highlighting the three subpopulations of NCCs. b, Re-embedded
2D UMAP of cells annotated as forebrain, midbrain, presumptive cerebellum, r1 - r6 rhombomeres, spinal
cord and neural crest, with highlighting of the three subpopulations of NCCs. ¢, The same 2D UMAP as in
panel b, colored by gene expression of marker genes which are shared by the three subpopulations of NCCs.
d, The same UMAP as in panel b, colored by gene expression of Hoz genes used for rough annotation of
three subpopulations of NCCs . e, The same UMAP as in panel b, colored by gene expression of marker
genes which are specific to NC1 (Cdh19, Cpedl, Ebf2), NC2 (Ret), or NC3 (Lmxla).
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Figure 2.15: Supplementary Figure 8. Decoding of transcriptional heterogeneity within neu-
romesodermal progenitors (NMP). a, Subview of global 3D UMAP visualization highlighting spinal
cord (blue), neuromesodermal progenitors (red), and paraxial mesoderm B (green). b, The same 3D UMAP
as panel a but zooming in to highlight NMP cells, colored according to expression levels of markers of meso-
dermal (Tbz6, T) or neuroectodermal (Soz2) state [73]. ¢, Embeddings of NMP cells in PCA space with
visualization of top three PCs. Cells are colored by the somite count of the originating embryo. d, Corre-
lations between top three PCs (rows 1-3) and the normalized expression of selected genes (Tbz6, T, Sox2;
columns 1-3), cell cycle indices (columns 4-5) or somite counts (column 6). Red boxes highlight the strongest
absolute correlation in each row. e, The 114 genes most strongly correlated with PC3 (which appears to
correlate to somite counts) were identified using Pearson correlation. We applied the sklearn.svm.LinearSVR,
function in scikit-learn/1.0 with 5-fold cross-validation, using the expression values of those genes as predic-

tors.
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Figure 2.16: Supplementary Figure 9.

Integration of datasets spanning E3.5 to E13.5 of

mouse development. a, The number of cells per stage obtained from three previous studies, new E8.5

data obtained via optimized sci-RNA-seq3, and deeper sequencing of (Cao et al. 2019). b, The number of

cells per embryo corresponding to specific somite counts from new E8.5 data. ¢, Box plot of log2(UMI counts)

per cell across the stages and studies. d, The same strategy of creating the edges between adjacent timepoints

was performed after randomly shuffling the cell-state annotations for cells within each timepoint, followed by

repeating this process 1,000 times, resulting in a null distribution of edge weights. After permutation, less

than 1% of potential edges are assigned weights greater than 0.2 (red line). e, To quantify the quality of the

integration between adjacent timepoints, we focused on cells at the later timepoint assigned to annotations

that were also present at the earlier timepoint. We then calculated the fraction of these cells’ ancestral

k-nearest neighbors (in the global 3D UMAP co-embedding) that were assigned the identical annotation.

The mean proportion for different values of k are reported in the histogram.
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Figure 2.17: Supplementary Figure 10. Benchmarking of the robustness of cell type anno-
tations. We applied the sklearn.svm.LinearSVC function in scikit-learn/1.0 with 5-fold cross-validation,
using the expression values of all genes as predictors. Each heatmap shows the confusion matrix between true
cell-type labels (rows) and predicted cell-type labels (columns) for cells within each individual timepoint,
normalized to total counts per column (i.e. each column sums to one). The accuracy (Acc) across the whole
matrix is shown above each heatmap. PNS: peripheral nervous system. MHB: midbrain-hindbrain boundary.

Di: Diencephalon.
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Figure 2.18: Supplementary Figure 11. Inference of epiblast derivatives between E6.25 and
E7.0. a, A portion of the UMAP corresponding to the epiblast and its inferred derivatives is shown for
co-embeddings of E6.25 - E6.5 (left column), E6.5 - E6.75 (middle column) and E6.75 - E7.0 (right column).
Within each column is the same UMAP visualization, but showing only cells from the earlier timepoint (top
row), the later timepoint (middle row) or both timepoints (bottom row). b, Directed acyclic graph showing

inferred relationships between cell states amongst early epiblast derivatives. All edges with weights above

0.2 are shown in grey scale.
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Figure 2.19: Supplementary Figure 12. Heatmap of edge weights between cell states at each
pair of adjacent timepoints. FEach heatmap shows edge weights between all cell states at a given time-
point (rows) and potential pseudo-ancestral cell states from the immediately preceding timepoint (columns).
Edge weights were calculated based on a k-nearest neighbor (k-NN) based heuristic that was applied to a
co-embedding of separately annotated cells from the adjacent timepoints. The edge weights range from 0 to
1, and edges with weights greater than 0.2 were carried forward. PNS: peripheral nervous system. MHB:

midbrain-hindbrain boundary. Di: Diencephalon.
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Figure 2.20: Supplementary Figure 13. RNA velocity-based inference of potential cell state
relationships across pairs of adjacent timepoints. Briefly, we integrated cells from each pair of adjacent
timepoints, and then applied RNA velocity analysis using scVelo . The resulting transition probabilities
between individual cells, were calculated using cosine correlation between the potential cell-to-cell transitions
and the inferred velocity vector. To calculate the transition probability from cell state A at the earlier
timepoint to cell state B at the later timepoint, we summed the transition probabilities of all cells within A

to all cells within B, followed by normalizing the total cell number of B.
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Figure 2.21: Supplementary Figure 14. TOME edges nominated by k-NN vs. RNA velocity-
based heuristics are largely concordant. a, Histogram of all potential edge weights calculated by RNA-
velocity. b, After calculating the transition probability for individual cells between adjacent timepoints using
scVelo , the same strategy of creating the edges was performed after randomly shuffling the cell-state
annotations for cells within each timepoint, followed by repeating this process 1,000 times, resulting in a null
distribution of edge weights. ¢, Out of 15,261 potential edges, there were 123 edges nominated by the k-NN
strategy only (weight > 0.2), and 75 edges nominated by the RNA velocity strategy only (weight > 0.2),
and 392 nominated by both strategies. d, Directed acyclic graph showing inferred relationships between cell

states across early mouse development.
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Figure 2.22: Supplementary Figure 15. The inferred cell state proportions of each GEO-seq
territory are robust to downsampling. For timepoint which GEO-seq data was available (E5.5, E6.0,
E6.5, E7.0, and E7.5), we estimated a gene expression signature for each cell state from scRNA-seq data,
either by using all the cells or by downsampling to a maximum of 50 cells per state, and then repeated the
inference of cell type contributors to each spatial territory of the gastrulating mouse embryo based on the
application of CIBERSORTx to GEO-seq data. The Pearson correlation of resulting estimated cell state
proportions for each GEO-seq territory with downsampling (y-axes) or without downsampling (x-axes) are

shown. Of note, we did not use downsampling in the results shown in Fig 4.
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Figure 2.23: Supplementary Figure 16. Estimated cell type proportions for different regions
of the gastrulating mouse embryo, arranged by inferred cell type relationships over time. As
described in Fig. 4a, inference of cell type contributor(s) to each spatial territory of the gastrulating mouse
embryo based on the application of CIBERSORTx to GEO-seq data 33]. As scRNA-seq data from E6.0
was unavailable, we used data from E6.25 instead. Black edges correspond to edges between cell states over
time estimated by TOME (only edges with the largest weights are shown). In each corn plot, each circle or
diamond refers to a GEO-seq sample, and its weighted color to the estimated cell type composition. Corn

plot nomenclature from .
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Figure 2.24: Supplementary Fig 17. Inferring continuous molecular histories of individual
cell types. a, Pseudotime trajectory analysis of pseudobulk RNA-seq profiles of mouse embryos. Briefly,
epiblast-derived cells from individual embryos (or pools of embryos comprising each sample, in the case
of ) were aggregated to create 111 pseudobulk samples, on which we performed pseudotime trajectory
analysis. Each point in the resulting 2D embedding corresponds to an embryo, and the curve to pseudotime
trajectory. b, Pseudotime of embryos from staged timepoints between E6.25 and E13.5. ¢, Pseudotime of
male and female embryos from staged timepoints between E8.5b to E13.5. For sex separation of embryos,
we counted reads mapping to a female-specific non-coding RNA (Xist) or chrY genes (except Erdrl which
is in both chrX and chrY). Embryos were readily separated into females (more reads mapping to Xist than
chrY genes) and males (more reads mapping to chrY genes than Xist). d, Pseudotime of individual embryos

with different somite counts from ES8.5b.
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Figure 2.25: Supplementary Figure 18. Smoothed expression profiles for four selected genes
for each of four selected cell types (rows; one from each germ layer), along their inferred
trajectories (key at left). We selected linear paths corresponding to strongest pseudo-ancestor edges,
working back from each E13.5 cell state to the E6.25 epiblast cell state. The first and second columns of
plots correspond to key regulators or marker genes, and the third and fourth columns to the genes most
positively and negatively correlated with pseudotime, respectively. Each plotted point corresponds to gene

expression within a cell state for an individual embryo.
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Figure 2.26: Supplementary Figure 19. Gene dynamics across the inferred molecular trajecto-
ries of four selected cell types. a, 155 genes were identified as significantly associated with pseudotime
of the neural crest (PNS glia) trajectory, based on linear regression with the origin of the data as a covariate.
b, 122 genes were identified as significantly associated with pseudotime of the otic epithelium trajectory.
c, 124 genes were identified as significantly associated with pseudotime of the midgut/hindgut epithelium
trajectory. d, 85 genes were identified as significantly associated with pseudotime of the cardiomyocyte

trajectory.



a
w Meis2
= .
§ Dach1
O 20 5 Meis1
2 *Peg3 e
©
° - « Pbx1
o .
o M.W Fo'xm
£l 15 Nia log, (number of TFs
< . .. represented by each dot)
2} Hmga2
o Kif7e . e e .
12 oXC: Sox6 * 0
5 .
g Left P
Q
< 10 L [
w .
= [ ]
S Gli3
3 B
@
8 s
£
ke
g 0000000 - . Pousft
= 0000000 - - - . .
2 0 (IXXXX]
0 5 10 15 20 25
number of times each TF appears as an downregulated key TF
C
o < 2.2x107
p<22x10'°
p=538x10" p=084 p=627x10°
I N 7 \
- p=947x10?
4
o 1.00 L
o
o
& 075 . . .
> - .2
S 050 = - . °
S Y .o .. w
~ o
e : L3 4. 3
2 o025 3 B
[73 * a
3 &
<
% 0.00 —“—
o
B\ <<® 4 @
el @) \K\e‘ﬂ g@e“
& \@6 o) N\
o o ©
\)Q\‘?' \N(\@

95

(o)
e
© Map1b
o)
Y 25
L
he)
2 Grb10 Meis2
Tnik . .

< Piprd, / eSparc Meg3
Q20 {sigap . «Rbms1
=3 CoRupan '“4‘2‘211 log, (number of genes
© P P Jo WiseMest represented by each dot)
2 T TR L e 0
S sl s, o s
@ . ce @c@e oo e
5] cee0000c0 o+. oo CMNmI e 2
g ©:00000:0:000 0. o ® 4
< 0@ " ® Tt e
® co ST conga @® 6
e
g 10 : ® s
S fing2o Igtbp2E TP @
g «Glis
@ \dk
o 5 oPrig
£ o oNpm1
= «Ndnf
5 .,
2 [ e-0 %R epousti
€ 0] ©0000000000ce .-
2

0 5 10 15 20 25

number of times each key gene appears as an downregulated key gene

Figure 2.27: Supplementary Figure 20. Recurrence of individual TFs or genes as candidate

upregulated or downregulated key TFs or genes for mouse cell type specification. a, TFs that

are most often nominated as downregulated key TFs, e.g. Poudf! (Oct/) are identified with red labels, while

those most often nominated as upregulated key TFs, e.g. KIf7, are identified with green labels. b, Genes

that are most often nominated as downregulated key genes, e.g. Fubpl, are identified with red labels, while

those most often nominated as upregulated key genes, e.g. Srgapl, are identified with green labels. c, A file

containing repressive tendency scores (RTS) was downloaded from [134]. It includes 16,298 mouse genes with

RTS which define the association between each gene and broad H3K27me3 domains. Here the distribution

of RTS is compared between 462 upregulated key TFs, 194 downregulated key TFs, 590 non-key TFs, and

15,052 non-TF genes.
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Figure 2.28: Supplementary Figure 21. Correlation between key TF expression and up- or
down-regulation of putative targets of regulation. a, UMAP visualization of co-embedded cells from
cell states including anterior primitive streak, definitive endoderm, gut, and notochord colored by cell type
(left), Rfz3 gene expression (middle) or RFX3 motif score (right), respectively. b, Positional bias of RFX3
binding motif along the core promoters of key genes for notochord emergence (right panel), an expanded
region for key genes for notochord emergence (left top panel), or an expanded region for background (left
bottom panel). ¢, The motif logo of the top de novo motif for notochord emergence and its two best
alignments in the known motif database. d, UMAP visualization of co-embedded cells from cell states
including primitive streak and nascent mesoderm colored by cell types (left), Snail gene expression (middle)
or SNAIL1 motif score (right), respectively. e, Positional bias of SNAIl binding motif along the core
promoters of key genes for nascent mesoderm emergence (right panel), an expanded region for key genes for
nascent mesoderm emergence (left top panel), or an expanded region for background (left bottom panel). f,

The known motif logo of SNAILI.
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Figure 2.29: Supplementary Fig 22. Co-embedding of 825 cell states from three species by
integrating their transcriptional features. For cell states spanning multiple timepoints, cells from each
timepoint were treated separately for the purposes of this analysis. To create a transcriptional feature corre-
sponding to each cell state (i.e. a pseudo-cell), we first averaged cell-state-specific UMI counts, normalized
by the total count, multiplied by 100,000 and natural-log-transformed after adding a pseudocount. We then
divided all resulting 825 pseudo-cells from the three species into four groups: the mouse single-cell group
(n = 151), the mouse single-nucleus group (n = 277), the zebrafish group (n = 205), and the frog group

. UMAP visualization shows co-embedded

(n = 192), and performed the anchor-based batch correction

pseudo-cells from the mouse (red), the zebrafish (blue), and the frog (green).
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Figure 2.30: Supplementary Figure 23. Correlated cell types between species based on non-
negative least-squares (NNLS) regression. To identify correlated cell types between each pair of
species, we averaged cell-type-specific UMI counts, normalized by the total count, multiplied by 100,000 and
natural-log-transformed after adding a pseudocount. We then applied NNLS regression to predict the gene
expression of target cell type (T;,) in dataset A with the gene expression of all cell types (M) in dataset
B: T, = Boa + B1aMp, based on the union of the 1,200 most highly expressed genes and 1,200 most highly
specific genes in the target cell type. Shown here is a heat map of the normalized b values between 87 cell

types from the mouse, 59 cell types from the zebrafish, and 60 cell types from the frog.
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Figure 2.31: Supplementary Figure 24. The log-scaled number of all possible pairs, highly
ranked pairs, and biologically plausible pairs of cell types identified in pairwise comparisons of
three species (mouse, zebrafish, frog) by two strategies. a, The log2-scaled number of all possible
pairs, highly ranked pairs, and biologically plausible pairs of cell types evaluated by non-negative least-
squared (NNLS) regression. b, The log2-scaled number of all possible pairs, highly ranked pairs, and
biologically plausible pairs of cell types evaluated on the basis of overlapping, orthologous candidate key

TFs.
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Chapter 3

A SINGLE-CELL TRANSCRIPTIONAL TIMELAPSE OF
MOUSE EMBRYONIC DEVELOPMENT, FROM GASTRULA
TO PUP

This Chapter is adopted from published work with minimum changes:

Chengxiang Qiu * #, Beth K. Martin *, Ian C. Welsh *, Riza M. Daza, Truc-Mai Le,
Xingfan Huang, Eva K. Nichols, Megan L. Taylor, Olivia Fulton, Diana R. O’Day, Anne
Roshella Gomes, Saskia Ilcisin, Sanjay Srivatsan, Xinxian Deng, Christine M. Disteche,
William Stafford Noble, Nobuhiko Hamazaki, Cecilia B. Moens, David Kimelman, Junyue
Cao, Alexander F. Schier, Malte Spielmann, Stephen A. Murray, Cole Trapnell, Jay Shendure
# “A single-cell transcriptional timelapse of mouse embryonic development, from gastrula

to pup”, bioRziv, 2023.

x: co-first authors; #: corresponding authors

We had been planning this project for many years, but it wasn’t until early 2022 that we
were able to make it happen. Several factors came together to make it possible. First, our
work on the TOME project highlighted the importance of data quality, especially in terms of
cell number, UMI count, and temporal resolution. We found that the trajectories obtained
from the gastrulation stage were more reliable than those from the organogenesis stage. This
is because the increasing embryo size and complex cell states required much higher quality
scRNA-seq data. Second, Beth optimized the sci-RNA-seq3 protocol during the revision
of the TOME paper. This improvement led to a significant increase in data quality. The
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UMI per cell is now around 8,000, which is very impressive. Third, Ian collected and staged
mouse embryos at the early somitogenesis stage, with somites from 0 to 12. The dynamic
transcriptome changes in selected cell types, such as NMPs, motivated us to extend this time

series.

I am deeply grateful to Jay, Beth, and lan for making this project possible. As a devel-
opmental biologist, I am incredibly excited to have this opportunity to analyze the data and
contribute to our understanding of mouse embryogenesis. I believe that this project could
be a milestone in our understanding of this complex process. After we posted the paper on
bioRziv, I received a lot of emails from people who are interested in particular developmental
stages or cell types. I imagine that what we have done on the data analysis side is relatively
shallow. We encourage experts from all fields to dig deeper into the data and discover new
insights. Actually, we had many thoughts or initial analysis results that we couldn’t put in

the paper due to space limitation.

The large size of the data (the first scRNA-seq dataset with >10 million cells from a
single study) posed new challenges for computational analysis. I had to think about the
most efficient way to analyze the data. For example, analyzing 10,000 cells is very different
from analyzing 10 million cells. I needed to consider which package or function I should
use, whether downsampling is appropriate, and how to store the data more efficiently, since
every test would take much longer. During this process, I switched my preference from R
to Python, which is much faster and more memory efficient. The new BPCells package in R
saves a lot of memory and overcomes the previous language limitation (vector size), but the
analysis time is still much longer (e.g. performing dimension reduction or creating a nearest

neighbor graph). All of these experiences will be valuable for my future work.

During this process, I came to understand that data is not knowledge. High-quality data

is essential, but better data analysis is more important for gaining new and useful insights



102

from the data. This is similar to wet lab work, where every unreasonable observation needs
to be investigated further. If every step of the analysis makes sense, then the unreasonable

observation may be true and could lead to some really cool findings.

More formally, the author contributions are listed in the manuscript as follows: J.S.,
M.S., C.Q. designed the research. I.C.W. collected and staged the mouse embryos, and wrote
the corresponding parts of the manuscript. B.K.M. developed the optimized sci-RNA-seq3
protocol and generated the data (with assistance from R.M.D., T-M.L., EXN., M.T., O.F.,
D.R.O., A.R.G., S.I.), and wrote the corresponding parts of the manuscript. C.Q. performed
all computational analyses. X.H., S.S., W.S.N., and C.T. assisted with data analysis. I.C.W.,
E.N., X.D.,, CM.D., N.H., J.C., C.BM., D.K., AF.S., M.S., SSAM., C.T. assisted with
results interpretation. C.Q. and J.S. collaboratively explored and annotated the data, and
wrote the manuscript, except for sections corresponding to mouse collection/staging and

data generation. J.S. supervised the project.

Abstract

The house mouse, Mus musculus, is an exceptional model system, combining genetic
tractability with close homology to human biology. Gestation in mouse development lasts
just under three weeks, a period during which its genome orchestrates the astonishing trans-
formation of a single cell zygote into a free-living pup composed of >500 million cells. To-
wards a global framework for exploring mammalian development, we applied single cell
combinatorial indexing (sci-x) to profile the transcriptional states of 12.4 million nuclei from
83 precisely staged embryos spanning late gastrulation (embryonic day 8 or E8) to birth
(postnatal day 0 or P0), with 2-hr temporal resolution during somitogenesis, 6-hr resolution
through to birth, and 20-min resolution during the immediate postpartum period. From
these data (E8 to P0), we annotate hundreds of cell types and perform deeper analyses of

the unfolding of the posterior embryo during somitogenesis as well as the ontogenesis of the
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kidney, mesenchyme, retina, and early neurons. Finally, we leverage the depth and temporal
resolution of these whole embryo snapshots, together with other published data, to construct
and curate a rooted tree of cell type relationships that spans mouse development from zygote
to pup. Throughout this tree, we systematically nominate sets of transcription factors (TFs)
and other genes as candidate drivers of the in vivo differentiation of hundreds of mammalian
cell types. Remarkably, the most dramatic shifts in transcriptional state are observed in
a restricted set of cell types and initiate in the first hour following birth, and presumably
underlie the massive changes in physiology that must accompany the successful transition of

a placental mammalian fetus to extrauterine life.

3.1 Introduction

The last ten years have witnessed the development and application of single-cell molecular
profiling technologies to characterize biological development at the scale of the whole or-
ganism[b, (6, 7, |8 9, 13, (15, 53, 121}, [14]. Most of these studies comprise time series, in
which each embryo profiled with single-cell RNA-seq (scRNA-seq) or ATAC-seq (scATAC-
seq) captures one moment in developmental time, yielding “snapshots” that must be pieced
together analogous to a timelapse movie. Inevitably, there are tradeoffs between the span
of development studied and both the frame rate and resolution of the snapshots taken. For
example, in the mouse, two studies intensely profiled gastrulating embryos, together quanti-
fying gene expression in 150,000 cells from over 500 embryos spanning E6.5 to E8.5[13, [14],
while a study from our group profiled 2 million nuclei from 61 embryos staged at roughly
24-hr intervals spanning E9.5 to E13.5[15]. We systematically integrated these and other
scRNA-seq snapshots of whole mouse embryos, overcoming various batch effects to obtain
a coarse tree relating mammalian transcriptional states from E3.5 to E13.5[152]. However,
these studies did not examine later stages of prenatal development, which are more difficult

to subject to whole embryo single cell profiling due to the sheer number of cells as well as
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the emergence of bone, which is difficult to pulverize.

Here we set out to deeply profile the molecular states of single nuclei derived from precisely
staged mouse embryos spanning late gastrulation (E8) to birth (P0). The resulting dataset
greatly improves upon our previously reported single cell atlas of early organogenesis in the
mouse[15] with respect to: (a) the number of single nuclei profiled (2 million to 12.4 million
single nuclei), (b) the depth of profiling (median 671 to 2,545 unique molecular identifiers
[UMIs] per nucleus), (c¢) temporal resolution (24-hr to 20-min, 2-hr or 6-hr intervals), and

(d) the span of development covered (E9.5-E13.5 to E8-PO0).

We focus here on describing the dataset and our early analyses, which include the prelim-
inary annotation of hundreds of cell types and deeper dives into the ontogenesis of selected
systems. Improving upon our previously described approach|152], we also leverage these and
other published scRNA-seq snapshots of whole mouse embryos to curate a data-driven tree
of mouse development that relates cell types throughout prenatal development, as well as
to nominate sets of TFs and other genes as candidate drivers of the in vivo differentiation
of each mammalian cell type. Surprisingly, we find that birth (E18.75 to P0) is associated
with a dramatic shift in transcriptional state in a restricted subset of cell types. A more
detailed time-course of additional embryos at 20-min intervals in the immediate postpartum
period confirmed narrowed the onset of these transitions to the first hour after birth, and
highlighted ways in which rapidly activated gene expression programs in specific cell types
may support the adaptation from fetal to extrauterine life. Altogether, our studies provide
a framework for exploring the entirety of mammalian embryogenesis, from single cell zygote

to newborn pup.
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3.2 Ontogenetic staging and embryo selection

Towards a more continuous view of single cell transcriptional dynamics throughout embryonic
development, we sought to profile whole mouse embryos at a higher “frame rate” than the
24-hr intervals of our previous study of early organogenesis[15]. To enable rigorous compar-
isons between embryos within our sample set, we distinguish between gestational stage and
absolute developmental stage of individual embryos harvested. Mouse gestational age, based
upon the observation of a vaginal plug for which noon on that day is counted as E0.5, provides
a loose approximation of the time elapsed from conception to the time a litter is harvested.
Importantly, stochastic differences in timing of mating or fertilization, and genetic factors
such as strain/species-dependent gestational length and litter size, can result in significant
intra- and inter-litter variation of embryos of an identical gestational stage[153]. Conversely,
embryonic morphogenesis is highly ordered, reproducible, and inherently reflective of an
embryo’s developmental age with respect to absolute position within a morphogenetic tra-
jectory and the dynamic progression of underlying cellular transcriptional states|154) |155]
5]. Therefore, we sought to stage individual embryos based on well-defined morphological
criteria. Each embryo was assigned to one of 45 temporal bins at 6-hr increments from ES8
to PO (Fig. 1la; Supplementary Figs. 1-2). For the earlier stages (before E10), em-
bryos were staged based on morphological features (Supplementary Fig. 1) and somites
counted at the time of harvest, facilitating temporal binning at roughly 2-hr increments. For
E10.25 to E14.75 embryos, developmental age was determined by measurements of hindlimb
bud development using the Embryonic Mouse Ontogenetic Staging System (eMOSS), which
leverages dynamic changes in hindlimb bud morphology and a pattern recognition algorithm
to estimate the absolute stage of a sample[156, 157]. Due to the increased complexity of limb
morphology at later stages, automated staging beyond E15 is not possible. Therefore, har-
vests for all remaining embryonic samples (E15 to E18.75) were performed precisely at 00:00,

06:00, 12:00, and 18:00 on the targeted gestational day. From close inspection of limbs in
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this set, we defined additional dynamics related to digit morphogenesis that allowed further
binning of samples collected on days 15 and 16 (Supplementary Fig. 2). The remaining

timepoints (E17 and beyond) were staged based on hour of harvest and gestational age.

From a total of 523 staged embryos, we selected 75 for whole embryo scRNA-seq, aiming
for one embryo for every somite count from 0 to 34, and then one embryo for every 6-hr
bin from E10 to PO (Supplementary Table 1). Embryos with somite counts 1, 13, and
19 are missing from the series, while a handful of post-E10 timepoints are represented by
2-3 individual embryos. Wherever possible, we sought to alternate between male and female

embryos in neighboring bins; for the final PO timepoint, both sexes were deeply profiled.

3.3 Single nucleus transcriptional profiling of whole embryos

Frozen embryos were processed via a recently optimized protocol for three-level single cell
transcriptional profiling by combinatorial indexing (sci-RNA-seq3) [58]. In each of 15 sci-
RNA-seq3 experiments, we generally sought to include embryos from adjacent stages of de-
velopment (Supplementary Table 1). Sequencing data was generated across 21 runs of the
[lumina NovaSeq instrument, with all libraries sequenced to either a PCR duplication rate
of >50% or a median UMI count of >2,500 per nucleus (Supplementary Table 2). Reads
from each sci-RNA-seq3 experiment were demultiplexed, trimmed and mapped to the mouse
reference genome (mm10). This was followed by the removal of PCR duplicates. Finally,
poor quality nuclei and potential doublets were aggressively filtered (Methods)[15] [152]. As
nuclei from only one embryo are deposited to each well during the first indexing round, we

retain the identity of the embryo from which each single nucleus profile is derived|15].

The cell-by-gene count matrix that we carried forward combines profiles from all 15

experiments, and includes transcriptional profiles for 11,441,407 nuclei from 74 embryos
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spanning E8 to PO (Fig. 1b). Of note, 1% of these single nucleus profiles (data from embryos
with somite counts 0-12) were reported in a previous publication from our group[152]. On
average, 154,614 nuclei were profiled per embryo, with recovery generally correlated with
stage (Fig. 1c; Supplementary Table 1; median 142,854; range = 1,679 to 1,613,834).
The median UMI count obtained per nucleus was 2,700 and the median number of genes

detected was 1,574 (Supplementary Fig. 3a).

We did not perform batch correction across experiments, as various analyses suggested
that batch effects were relatively minimal. In particular, cells from the same time window
but profiled by different experiments, or cells from adjacent timepoints but profiled by dif-
ferent experiments, were well-integrated (Supplementary Fig. 3b; Supplementary Fig.
4). Consistent with this, a principal component analysis (PCA) of pseudo-bulked RNA-seq
profiles corresponding to each timepoint resulted in a major first component (PC1; 77.3%)
strongly correlated with developmental time (Fig. 1d). We also checked for ambient noise
(e.g. as might be due to transcript leakage) by examining highly abundant, highly cell-type-
specific genes such as hemoglobins and collagens, and found it present at low levels, e.g. the
mean number of UMIs for Hbb-bs was 10.8 in definitive erythroid cells and 0.26 in all other
cells, and for Collal was 186 in pre-osteoblasts vs. 1.23 in all other cells (Supplementary
Fig. 5).

What kind of “coverage” of all cells in the mouse embryo are we achieving here? As
the total number of cells in developing mouse embryos is not well documented, we sought
to experimentally estimate this by quantifying total DNA content across a series of staged
embryos. In brief, we estimate that the embryo grows 3,000-fold between E8.5 and PO (210K
to 670M cells), with the cellular ‘doubling time’ of the embryo slowing from around 6 hours to
1.5 days across the same interval (Fig. le; Supplementary Table 3; Methods). Thus,
even with the large number of nuclei profiled here, our “cellular coverage” of the embryo

remains modest, ranging from 0.5-fold for early stages (summing across 6 embryos with
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somite counts 7 to 12) to 0.002-fold immediately before birth (summing across 6 embryos

staged E17.5 to E18.75).

3.4 Preliminary annotation of major cell clusters and cell types

To get our bearings on this very large cell-by-gene count matrix, we used Scanpy[141] to
generate a global embedding of the 11,441,407 nuclei (hereafter referred to as cells) from
all experiments and timepoints, and then annotated 26 major cell clusters based on marker
genes (Fig. le-f; Supplementary Table 4). The major cell clusters assigned the most cells
were the mesoderm (n = 3,267,338), central nervous system (CNS) neurons (n = 2,106,206),
neuroectoderm & glia (n = 1,733,663) and definitive erythroid (n = 1,033,409) lineages.

We emphasize that the resolution of these major cell clusters is somewhat arbitrary and
impacted by abundance, e.q. we have separate major cell clusters for B, T and mast cells,
but the remainder of blood cells, including hematopoietic stem cells (HSCs), are lumped into
‘white blood cells’; intermediate neuronal progenitors and their derivatives are a major cell
cluster, while nearly all other CNS neurons are lumped into a separate major cell cluster.
Although most major cell clusters were very straightforward to annotate based on the lit-
erature and our previous experience with mouse scRNA-seq datasets up to E13.5[152, [15],
a few first appear only late in organogenesis, including adipocytes, testes & adrenal cells
(Fig. 1le). As expected, cell clusters whose proportions decline over time either stream
towards derivatives (e.g. neuroectoderm & glia to CNS neurons, intermediate neuronal pro-
genitors) or are displaced by a functionally analogous but developmentally distinct lineage

(e.g. primitive erythroid to definitive erythroid).

We next performed sub-clustering of cells within each of the 26 major cell clusters, fol-

lowed by annotation of each cluster based on marker genes, resulting in 190 labeled cell types
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(Supplementary Fig. 6; Supplementary Table 5). These annotations are preliminary,

and subject to refinement or correction as we and others further explore the data[152, [15].

We next sought to leverage this single cell timelapse of mouse development from gastrula
to pup to perform deeper dives into the unfolding of the posterior embryo during somitoge-

nesis, as well as the ontogenesis of the kidney, mesenchyme, retina, and early neurons.

3.5 The posterior embryo during somitogenesis

Neuromesodermal progenitors (NMPs) are a fascinating population of bipotent cells that
give rise to the spinal cord as well as trunk and tail somites|[158]. We previously profiled
late-gastrulation embryos staged in one-somite increments (0 to 12 somites) and investigated
transcriptional heterogeneity among early NMPs[152]. With the goal of extending this anal-
ysis to later time points and also relating NMPs to other physically coincident cell types in
the posterior embryo, we extracted and re-embedded cells from all somite-staged embryos

(0 to 34 somites) annotated as NMPs & spinal cord progenitors, mesodermal progenitors

(Tbz6+), notochord or gut (Fig. 2a-b).

Focusing first on the subset of cells annotated as either ‘NMPs & spinal cord progenitors’
or ‘mesodermal progenitors (7bxz6+)’ (cluster 1 in Fig. 2a), we performed PCA on highly
variable genes. The top three PCs, which explain nearly half of transcriptional variation in
these cells, appear to correspond to the differences between neuroectodermal vs. mesodermal
fates (PC1), developmental stage (PC2), and the differentiation of bipotential NMPs towards
either fate (PC3) (Fig. 2c-f; Supplementary Table 6). Assuming that PC3 tracks the
progression of differentiation consistently between neuroectodermal and mesodermal fates,
the data suggest that the state of being T (Brachyury)+, Meis1- (Fig. 2f-g) may be a
better indicator of bi-potency than being 7+, Sox2+[159], consistent with two recent in
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vivo studies of the genetic dependencies of NMPs|[160, 161]. In addition to 7, other markers

of NMPs that were strongly correlated with the undifferentiated state include Cyp26a1 and
Wnt3a[162].

We observe striking contrasts in gene expression between NMPs derived from earlier (0-
12 somites) vs. later (14-34 somites) embryos (Fig. 2c-g). Although we initially worried
that this was a batch effect (as these embryos were processed in separate experiments), the
observation is consistent with a study in which NMPs obtained from microdissected ES8.5
and E9.5 embryos exhibited strong differences|[163], with many of the same genes exhibiting
sharp differential expression here (Cdx1 (early); Hozal0 (late); Fig. 2d; Supplementary
Table 7). Overall, our results are consistent with these early vs. late NMPs underlying
the “trunk-to-tail” transition|[164]. Given that early and late somite count embryos were
processed in different experiments, we profiled an additional 12 mouse embryos ranging in
somite counts from 8 to 21. This new sci-RNA-seq3 experiment validated and refined the

estimated timing of this transition (Supplementary Fig. 7).

In addition to NMPs, another cell type marked by T is the notochord (cluster 2 in Fig.
2a). In the earliest embryos of this time course (0-12 somites), we observe two transcrip-
tionally distinct subsets of cells within the notochord cluster, one more strongly Noto+ and
the other more strongly Shh+ (Fig. 2h-i). As embryogenesis progresses, these subsets
transition to a continuum, but the distinctions are preserved and reinforced, with the in-
ferred derivatives of one early subpopulation marked by the expression of Noto, posterior
Hoz genes, and genes involved in Notch signaling, Wnt signaling and mesodermal differen-
tiation (Supplementary Fig. 8a). Within this first early subpopulation, we also detect a
highly distinct cluster of 60 cells that strongly express Fozjl and genes involved in motile
ciliogenesis; these ciliated nodal cells are transient, peaking in terms of their contribution to

the overall embryo at the 2-somite stage (Fig. 2h-i; Supplementary Fig. 8b).
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In contrast, the inferred derivatives of second early subpopulation, marked by stronger
Shh expression, is enriched for genes involved in neurogenesis and synaptogenesis, notably
including Sox10, Bmp3, Nrgl and Erbbj (Supplementary Fig. 8c). One possibility is
that the Noto+ subpopulation corresponds to the posterior notochord, which arises from the
node, and the Shh—++ subpopulation corresponds to the anterior mesendoderm (i.e. anterior
head process and possibly the prechordal plate), which arises by condensation of dispersed
mesenchyme and may contribute to forebrain patterning|165| 166, 167, |168]. Performing
PCA (after excluding ciliated nodal cells), we find that these presumably A-P differences
are the predominant source of transcriptional heterogeneity in the notochord cluster (PC1;

28.7% of variation; Supplementary Table 8).

Turning to the gut (cluster 3 in Fig. 2a), we once again observe subsets of transcription-
ally distinct progenitors at early somite stages that give rise to a continuum at later somite
stages (Fig. 2j). A major axis of this continuum reflects A-P patterning, with subsets cor-
responding to lung (Nkz2-1+), hepatocytes (Afp+, Hhex+), pancreas (Nkz2-2+), foregut
(Sox2+, Gata4+), midgut (Gataq +, Onecut2+) and hindgut (Hozc8+, Cdx2+) progenitors
(Fig. 2k; PC1; 19.6% of variation; Supplementary Table 9). As T expression is classi-
cally associated with the notochord and posterior mesoderm in the mouse literature, we were
initially surprised to see strong T expression in the inferred posterior hindgut, coincident
with the expression of posterior Hox genes (Supplementary Fig. 8d). To our knowledge,
this expression pattern was only recently documented[169], and is consistent with the ances-
tral role of T in the closing of the blastopore[170] as well as hindgut defects in Drosophila

brachyenteron and Caenorhabditis elegans mab-9 mutants|171} [172].

Finally, we sought to explore whether there are overlaps between genes associated with
spatial patterning (A-P axis) or developmental progression (somite counts) across germ lay-
ers. In comparing genes whose expression patterns are highly correlated with the inferred

A-P axis between notochord (PC1; n=591) and gut (PC1; n=502), we observe overlap and
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directional concordance (198 overlapping genes, 86% of which are consistently associated
with the inferred anterior or posterior aspect of the notochord and gut; p<le-28, y2-test;
Fig. 21; Supplementary Table 10). Concordant, posterior-associated genes are highly
enriched for genes involved in Wnt signaling as well as posterior Hoxr genes. One model
to explain these overlaps between germ layers is that they are residual to the common ori-
gin of anterior mesendodermal derivatives (anterior head process, prechordal plate, anterior
endoderm) from the early & mid-gastrula organizers vs. posterior mesendodermal deriva-
tives (notochord and posterior endoderm) from the node[165]. Alternatively, these overlaps
could be explained by physically coincident progenitors of these germ layers being exposed

to similar patterns of Wnt signaling (e.g. strength, timing).

A second overlap between germ layers involves genes highly correlated with early vs.
late somite counts in NMPs (n=257) vs. the gut (PC2; n=502). Once again, we observe
overlap and directional concordance (82 overlapping genes, 70 (85%) of which are consistently
associated with early or late somite counts; p<le-15, x2-test) (Fig. 2m; Supplementary
Table 11). Given that early and late somite count embryos were processed in different
experiments, we examined the additional 12 mouse embryos ranging in somite counts from
8 to 21. In this replication dataset, 77% of the initially overlapping, concordant genes
replicated in terms of directionality-of-change between early (<13) vs. late (>13) somite
count embryos in both NMPs and the gut (54/70; expected 25%; Supplementary Fig.
7). Genes reproducibly associated with early somite counts in both NMPs and the gut were
strongly enriched for Myc targets, and also included Lin28a, a deeply conserved regulator of
developmental timing[173, [174] (Fig. 2m; Supplementary Table 11). Other genes such
as Npm1 and Hsp90 isoforms are plausibly associated with batch effects. However, analysis
of a module of genes correlated with Npm1 found it to be declining with developmental time
across the entire time series, rather than correlated with batch variables (Supplementary

Fig. 9).
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3.6 Diversification of the intermediate and lateral plate mesoderm

The mesoderm, which includes axial, paraxial, intermediate and lateral plate components, is
a complex germ layer, with the ontogenesis of some derivatives (e.g. heart, blood) much bet-
ter understood than others (e.g. the mesenchyme that plays a major role in patterning each
organ). In the previous section, we considered aspects of the axial (notochord) and paraxial
(somite-forming) mesoderm. In this section, we focus on the transition from intermediate
mesoderm to the kidney, as well as on the transition from the lateral plate mesoderm (LPM)

to organ-specific mesenchyme.

What is the continuum of transcriptional states that span the transition from intermedi-
ate mesoderm to a functional nephron? When we generate a new embedding from relevant
cell types, we observe two major trajectories. The first corresponds to the maturation of
the posterior intermediate mesoderm to metanephric mesenchyme to nephron progenitors
to renal tubule; while the second corresponds to the maturation of the anterior intermedi-
ate mesoderm to ureteric bud to collecting duct (Fig. 3a-c). The posterior and anterior
trajectories in late gastrulation are marked by Gdnf and Ret expression, respectively, criti-
cal genes for normal kidney development[175, 176]. These trajectories then progress to the
metanephric mesenchyme and ureteric bud, respectively, around E10.25, and then to specific
functional components of the nephron (Fig. 3a-c; Supplementary Fig. 10a-c). Even
as their transcriptomes mature with time, the metanephric mesenchyme and ureteric bud
persist through PO (clusters 6 & 3 in Fig. 3a-b; Supplementary Fig. 10b), presum-
ably providing an ongoing source of progenitors for nephrogenesis, which continues for a few
days after birth[177]. The apparent bifurcation of the proximal tubule corresponds to major
differences in the transcriptional state of cells from embryos obtained before birth (E18.75
or earlier) vs. after birth (P0) (cluster 9 in Fig. 3a-b; Supplementary Fig. 10d). We

return to this observation in the final section of the manuscript.
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In the anterior intermediate mesoderm, both tip and stalk cells are identified within the
ureteric bud, the former of which gives rise to the collecting duct, and the latter to the
ureter[178, |179] (Supplementary Fig. 10e). Of note, we observe “convergence” of the
posterior and anterior trajectories in collecting duct intercalated cells (cluster 4 in Fig. 3a-
b). More detailed investigation suggests that the posterior intermediate mesoderm may also
contribute to the collecting duct, consistent with lineage tracing experiments demonstrating
the dual origin of intercalated cell types from the distal nephron and ureteric lineages[180)]

(Fig. 3d-e; Supplementary Fig. 10f).

The LPM is arguably much more complex than the axial, paraxial and intermediate
mesoderms, giving rise to a remarkable diversity of cell types[181]. Although some LPM
derivatives are intensely studied (e.g. heart), others remain poorly understood, in particular
the mesoderm that lines the body wall and internal organs. Not only will this aspect of
the LPM go on to give rise to important cell types and structures (e.g. fibroblasts, smooth
muscle, mesothelium, pericardium, adrenal cortex, genital ridge, etc.), its interactions with
other germ layers play a key role in organogenesis, e.g. reciprocal signaling between the

mesoderm and endoderm serves as the basis of foregut patterning|182, |183].

To annotate derivatives of the splanchnic mesoderm in particular (i.e. the visceral layer
of the LPM), we leveraged published spatial transcriptome data from E9.5-E16.5 mice to
impute spatial coordinates for cells in our data|32, [37]. Through a combination of spatial
inference and marker gene analysis, we were able to assign annotations to 22 subtypes of
the LPM & intermediate mesoderm major cell type (Fig. 3f-g; Supplementary Fig.
11; Supplementary Table 12). Many of these assignments were supported by publicly
available in situ hybridization images (Supplementary Fig. 12). For example, we can
define subsets of the splanchnic mesoderm that lines specific organs, including the heart
(proepicardium), brain (meninges), lung, liver, foregut and gut, as well as organ-specific

smooth muscle (airway vs. gastrointestinal vs. vascular) (Fig. 3g). We can also distinguish
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two subpopulations of LPM-derivatives mapping to the kidney, one to the cortex and the
other more heterogeneously distributed within the renal mesenchyme, which we believe cor-
respond to renal pericytes & mesangial cells and renal stromal cells, respectively. Although
both subpopulations express Foxd1, supporting their assignment to the kidney, focused anal-
yses are consistent with their having distinct origins (Supplementary Fig. 13). However,
lineage tracing experiments would be necessary to test this hypothesis. Of note, renal stro-
mal cells exhibited gene expression heterogeneity along what may be the cortical-medullary
spatial axis, of genes including Foxdl (cortical), Netrin-1 (cortical) and Zeb2 (medullary)
(Supplementary Fig. 14).

The high resolution of our time course during early somitogenesis enables us to narrow the
temporal windows during which many subtypes of organ-specific mesenchyme are specified
(Supplementary Fig. 15a). We also applied a mutual nearest neighbors (MNN)-based
approach to identify putative precursor cells of each subtype. We performed this analysis
separately for subtypes first detected earlier (5-20 somites; Supplementary Fig. 15b-d)
vs. later (25-34 somites; Supplementary Fig. 15e-g) in development. For example, we
can identify distinct subsets of splanchnic mesoderm that are most highly related to foregut
mesenchyme, hepatic mesenchyme and proepicardium, and may correspond to the ‘territo-
ries’ in which these organ-specific mesenchyme are induced (Supplementary Fig. 15b-d).
These annotations may provide a starting point for deeper dives into each mesenchymal
subset and how it patterns (and is reciprocally patterned by) the organ with which it inter-
faces, as has recently been done for the foregut[182]. For example, the hepatic and foregut
mesenchyme are sharply distinguished from one another, as well as from the splanchnic
territories from which they arise, by many genes including expected TFs (e.g. Gatas and
Barzx1, respectively[184, |185]). However, the inferred splanchnic territories of origin (labels
15 vs. 14 in Supplementary Fig. 15c) are also clearly distinct from one another, with
hepatic mesenchymal progenitors expressing a program of epithelial-mesenchymal transition

(EMT) and foregut mesenchymal progenitors expressing multiple guidance cue programs
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(e.g. semaphorins, ephrins, SLITs, netrins) (Supplementary Table 13).

3.7 The timing and trajectories of retinal diversification

In the next two sections, we turn from the mesoderm to the neuroectoderm, first considering
the retina and then neuronal diversification more broadly. In mouse development, neural
epithelium arises as early as E9, giving rise to ciliary and pigment epithelium as well as
multipotent retinal progenitor cells (RPCs) by E10. Through the remainder of fetal devel-
opment and continuing postnatally, RPCs give rise to seven major types of retinal neurons
in a conserved order|186]. Here we sought to leverage the depth and temporal resolution of
these data to more precisely define the developmental intervals and rates at which retinal

cell types emerge, proliferate and diversify.

We re-embedded and re-annotated 160,834 cells with relevant preliminary annotations
across all timepoints (Fig. 4a; Supplementary Fig. 16a-b). We observe that eye field
is already detectable in our earliest embryo (early head fold stage; 0 somite embryo in E8.5
bin; Paz2+, n = 782 cells), diversifying towards retinal progenitors (as early as E9.75) and
retinal pigment epithelium (RPE) (as early as E10), as well as a third branch that appears
as early as F9.5, sharply downregulates Raz, and ceases proliferating by E14.5, likely cor-
responding to the optic stalk (Supplementary Fig. 16c-d). This branch is undetectable
in later time points, but pathway analysis suggests this is due to terminal differentiation in
the context of a rapidly growing embryo, rather than apoptosis. Among retinal neurons,
differentiation towards retinal ganglion cells (RGCs) begins as early as E11.75, and towards
cone photoreceptors as early as E13. As development progresses, we observe a succession of
retinal neuron types appearing in the expected order (Fig. 4b-c; Supplementary Fig.
16e), except for Miiller glia, which emerge postnatally|187]. Among RPCs, the succession

of sampled timepoints fills out a continuum of transcriptional states associated with diversi-
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fication towards most major retinal neuron types (Fig. 4a-b)[188]. In contrast, the ciliary
marginal zone (CMZ), identified as early as E11.25, remains most similar to a rapidly ex-
panding pool of naive retinal progenitors. Strikingly, the CMZ appears to give rise to a
second wave of pigment epithelium in the perinatal period, entirely separated in terms of
both its transcriptional trajectory and timeframe from the branch leading to RPE, likely
corresponding to the iris pigment epithelium (IPE; Fig. 4a; Supplementary Fig. 16f-g).

Reanalyzing RGCs, we identify 15 clearly distinguishable subtypes, mainly diversifying in
late gestation and well-defined by specific combinations of TFs (Fig. 4d-e). This extent of
detected RGC diversity is on par with expectation for PO[189], suggesting that the improved
performance of sci-RNA-seq3 has substantially improved its ability to discriminate neuronal

subtypes.

3.8 The emergence of neuronal subtypes from the patterned neuroectoderm

The neuroectoderm and its derivatives comprise about 40% of cells profiled here (4.9M nu-
clei; Fig. le-f), of which the eye field and its derivatives are only about 3%. In this section,
we describe the broader outlines of early neurogenesis in the post-gastrulation embryo, with
deeper dives into the emergence of specific neuronal trajectories from the patterned neuroec-

toderm, as well as the transcriptional heterogeneity of spinal interneurons.

In the earliest embryos of this series (0-12 somite stage), we previously defined a contin-
uum of cell states that correlated with anatomical patterning of the “pre-neurogenesis” neu-
roectoderm[152]. Performing a similar analysis here that extends through early organogenesis
(E8-E13), we observe clusters corresponding to territories that will give rise to the major
regions of the mammalian brain (Fig. 5a; Supplementary Fig. 17). As post-gastrulation

development further unfolds, we observe numerous, distinct neurogenic trajectories arising
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from these territories (Fig. 5b-c; note that patterned neuroectoderm, direct neurogenesis
and indirect neurogenesis largely correspond to the ‘neuroectoderm & glia’, ‘CNS neurons’

and ‘intermediate neuronal progenitors’ major cell cluster annotations, respectively)[190].

Beginning as early as E8.75 (or more precisely, the 16 somite stage), most neuronal diver-
sity in the prenatal mouse embryo is derived from direct neurogenesis (Fig. 5d), including
motor neurons, cerebellar Purkinje cells, Cajal-Retzius cells, thalamic neuronal precursors
and many other neuronal subtypes (see ‘CNS neurons’ sub-panel of Supplementary Fig.
6 for full list). Indirect neurogenesis[190] has a slower start, with intermediate neuronal pro-
genitors (Eomes+, Pax6+) first detected at E10.25, later giving rise to deep layer neurons,
upper layer neurons, subplate neurons, and cortical interneurons (Fig. 5d; Supplemen-
tary Fig. 18a-b). Although many neuronal subtypes deriving from direct neurogenesis
are easily distinguished, the majority of these cells (55%) could initially only be coarsely
annotated as glutamatergic/GABAergic neurons or dorsal/ventral spinal cord progenitors
(collectively 1.1M cells). To leverage the greater heterogeneity evident as these trajectories
“launch” from the patterned neuroectoderm, we reanalyzed the subset of these cells derived
from early embryos (stages earlier than E13), which greatly facilitated their more refined
annotation (Fig. 5e; Supplementary Fig. 18c; Supplementary Table 12), while
also highlighting the bases for components of this heterogeneity (e.g. anterior vs. posterior;

excitatory vs. inhibitory; Supplementary Fig. 18d).

Among these more refined annotations are 11 subtypes of spinal interneurons. These
assignments were based on subtype-specific TFs in these data (Fig. 5f; Supplementary
Table 15) vs. the literature[191]. To systematically investigate transcriptional heterogeneity
among spinal interneuron subtypes, we first applied the same PCA-based approach that we
previously applied to NMPs (Fig. 2e-f). For differentiating spinal interneurons, PC1 and
PC2 (together nearly 40% of variation) appear to correspond to neuronal differentiation

(Fig. 5g-h; Supplementary Table 16), PC3 to glutamatergic vs. GABAergic identity,
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and PC4 to dorsal vs. ventral identity (Fig. 5h).

We next sought to infer the progenitor cells in the patterned neuroectoderm from which
various neuronal and non-neuronal cell types derive. To this end, we took pre-E13 cells
annotated as intermediate neuronal progenitors, astrocytes, choroid plexus, or any of the
derivatives of direct neurogenesis, and co-embedded them with cells of the patterned neu-
roectoderm (Fig. 5a). Next, for each derivative cell type in this co-embedding, we selected
500 cells from the earliest stage embryos and identified their mutual nearest neighbor (MNN)
cells in the patterned neuroectoderm. Finally, we located these inferred progenitors in our

original embedding of the pre-E13 patterned neuroectoderm (Fig. 5i-j).

The resulting distribution of inferred progenitors in the patterned neuroectoderm is con-
siderably more granular than our annotations of anatomical territories (Fig. 5j vs. Fig.
5a). The inferred progenitors of the choroid plexus are overwhelmingly in the anterior roof
plate (91%), with a minor subset in the dorsal diencephalon (5%), although this balance
is likely impacted by the temporal window in which this analysis is focused (E8-E13)[192].
Inferred astrocyte progenitors exhibit a more complex distribution, with inferred VA2 progen-
itors primarily assigned to the spinal cord/r7/r8 (83%) and hindbrain (16%), and inferred
VA3 progenitors to the spinal cord/r7/r8 (57%) and floorplate & p3 domain (32%)[193]
(Supplementary Fig. 19). VAl astrocytes appear to arise later than VA2 and VA3
astrocytes, and were not present in sufficient numbers for their progenitors to be inferred

here.

The inferred progenitors of neuronal subtypes also largely fall within the expected terri-
tories, with additional sub-structure within those. For example, the inferred progenitors of
dorsal and ventral spinal interneurons cluster distinctly (Fig. 5j). Of note, the progenitors
of three neuronal subtypes (cerebellar Purkinje neurons, precerebellar neurons, spinal dI6

interneurons) were not clearly mappable. To address the possibility that this is because
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they share progenitors with other neuronal subtypes, we repeated the MNN analysis in an
iterative fashion. Although the origins of precerebellar neurons and spinal dI6 interneurons
remain ambiguous, this analysis suggests that cerebellar Purkinje neurons and dI2 spinal

interneurons may have transcriptionally similar progenitors (Supplementary Fig. 20a).

How do neuronal subtypes’ identities arise, and how are they maintained[194]7 As de-
scribed above, we identified TFs that were specific to each of the 11 spinal interneuron
subtypes (median 53 TFs per subtype; top 3: Fig. 5f; full list: Supplementary Table
15). These subtype-specific TFs exhibit diverse temporal dynamics (Supplementary Fig.
20b). Can we pinpoint which of these TFs might be involved in the initial specification of
each subtype? Focusing on the dorsal spinal interneurons for which we successfully inferred
progenitors (dl1-dl5), we identified TFs that are specific to the inferred progenitors of that
subtype in the patterned neuroectoderm, relative to the inferred progenitors of other dorsal
spinal interneurons (Supplementary Fig. 20c, top), most of which were bHLH or home-
odomain TFs[195]. However, their expression was not maintained (Supplementary Fig.
20c, bottom), in line with the complex temporal dynamics of other subtype-specific TFs

expressed after neuronal specification (Supplementary Fig. 20b)

Finally, we sought to systematically delineate the timing at which each of these neuronal
subtypes initiates differentiation (Supplementary Fig. 20d). This analysis suggests that
the differentiation of each neuronal subtype from the patterned neuroectoderm is modestly
asynchronous, but also clearly subtype-specific. For example, about 95% of inferred progen-
itors of dI2 spinal interneurons are from 20 somite to E11 stage embryos, while 95% of dl4

spinal interneurons inferred progenitors are from 27 somite to E11.75 stage embryos.

Taken together, these analyses are consistent with a model articulated by Sagner &
Briscoe in which both spatial and temporal factors contribute to the specification of neu-

ronal subtypes as they emerge from the patterned neuroectoderm|194]. Furthermore, they
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highlight the complexity of this process not only at the initiation of each neuronal subtype,
but also over the course of their early maturation, e.g. at 6-hr resolution we can observe
individual spinal interneuron subtypes expressing a dynamic succession of developmentally

potent TFs (Supplementary Fig. 20b).

3.9 A rooted tree of cell type relationships spanning EO to PO

A primary objective of developmental biology is to delineate the lineage relationships among
cell types. Transcriptional profiles of single cells do not explicitly contain lineage information.
However, under the assumption that the transcriptional states of closely related cell types
are more similar than those of distantly related cell types, one can envision a developmental
tree based solely on scRNA-seq data[57]. Indeed, we and others have reconstructed scRNA-
seq-based trees for portions of worm, fly, fish, frog and mouse development|5, 6}, |7, [8, 9} 15,
14 113]. Returning to the analogy of a timelapse movie, the correspondence between the
inferred and actual lineage relationships among cell types is anticipated to be a function of
the quality and quantity of the snapshots taken (e.g. frame-rate of embryos sampled, number
of cells sampled per time point, depth of sampling of each cell). As such, particularly for
organogenesis & fetal development, the temporal resolution, breadth and depth of data
reported here creates an opportunity to refine and extend a tree that relates cell types

throughout mouse development.

In this section, we summarize our efforts to construct a rooted tree of cell types that spans
mouse development from zygote to pup, i.e. EO to PO, based on four published datasets|55,
196/ |54} |13] (110,000 cells spanning EO to E8.5) and the main dataset described here (11.4M
cells spanning E8 to P0) (Supplementary Table 17). As with our initial attempt at recon-
structing such a tree for mouse development[152], a major challenge is that these datasets are

based on different scRNA-seq profiling technologies. Further challenges include the fact that
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cells” transcriptional states are only loosely synchronized with developmental time|5, (6] 7], |8,
9, 115, 14, 13|, the multiple scenarios by which cell state manifolds may be misleading[57],

and finally, the sheer complexity of this mammalian organism.

To address these challenges, we adopted a heuristic approach, in which the tree recon-
struction process was primarily data-driven, but with some degree of manual curation ap-
plied. First, based on data source, developmental window and cell type annotations, we split
cells into fourteen subsystems which could be separately analyzed and subsequently inte-
grated. The first two subsystems correspond to the pre-gastrulation and gastrulation phases
of development and are based on the external datasets[55, 196, |54, 13]. The remaining twelve
subsystems derive from the data reported here, and collectively encompass organogenesis &

fetal development (Supplementary Tables 17-18).

Second, dimensionality reduction was performed separately on cells from each of the
fourteen subsystems. Manual reexamination of each subsystem led to some corrections or
refinements of cell type annotations, ultimately resulting in 283 annotated cell type nodes,
some with only a handful of cells (e.g. 60 ciliated nodal cells) and others with vastly more
(e.g. 650,000 fibroblasts) (Supplementary Table 19-20). Of note, each of these annotated
cell type nodes derives from one data source, such that there are some redundant annotations
that facilitate “bridging” between datasets (Supplementary Fig. 21). In contrast with
our previous strategy in which nodes were stage-specific[152], each cell type node here is
temporally asynchronous, and of course may also contain other kinds of heterogeneity (e.g.

spatial, differentiation, cell cycle, etc.).

Third, we sought to draw edges between nodes (Fig. 6a-f). Within each subsystem, we
identified pairs of cells that were mutual nearest neighbors (MNN) in 30-dimensional PCA
space (k = 10 neighbors for pre-gastrulation and gastrulation subsystems, k = 15 for organo-

genesis & fetal development subsystems). Although the overwhelming majority of MNNs
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occurred within cell type nodes, some MNNs spanned nodes and are presumably enriched
for bona fide cell type transitions. To approach this systematically, we calculated the total
number of MNNs that spanned each possible pair of cell type nodes within a given subsys-
tem, normalized by the total number of possible MNNs between those nodes, and ranked all
possible intra-subsystem edges based on this metric (Supplementary Table 21). Of note,
due to its complexity, this was done in two stages for the “Brain & spinal cord” subsystem,
first applying the heuristic to the subset of cell types corresponding to the patterned neu-
roectoderm, and then again to identify edges between the patterned neuroectoderm and its

derivatives (i.e. neurons, glial cells, etc.).

Fourth, we manually reviewed the ranked list of 1,155 candidate edges for biological plau-
sibility (those with a normalized MNN score > 1; Supplementary Fig. 21a), resulting in
452 edges which we manually annotated as more likely to correspond to either “developmen-
tal progression” or “spatial continuity” (Supplementary Table 22). Where nodes were
connected to more than one other node, distinct subsets of cells were generally involved in
each edge (Fig. 6a-b; Fig. 6d-e), and internode MNN pairs exhibited temporal coinci-
dence (Fig. 6¢,f). As only a handful of cells were profiled in the pre-gastrulation subsystem,

those edges were added manually.

Finally, to bridge subsystems, we performed batch correction and co-embedding of se-
lected timepoints from either the pre-gastrulation and gastrulation datasets, or the gastrula-
tion and organogenesis & fetal development datasets, to identify equivalent cell type nodes,
resulting in a third category of “dataset equivalence” edges (Supplementary Fig. 21b-
e). Most of the 12 organogenesis & fetal development subsystems originate in cell type
nodes for which equivalent nodes are already present at gastrulation (Supplementary Fig.
21e). The exceptions, presumably due to undersampling of this transition, were the “blood”
and “PNS neuron” subsystems, for which we manually added edges to connect them with

biologically plausible pseudo-ancestors. Altogether, we added 55 inter-subsystem edges.
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The resulting developmental cell type tree, spanning EO to PO or zygote-to-pup, can be
represented as a rooted, directed graph (Fig. 6g), in which dataset equivalence edges are
oriented forward in time, developmental progression edges are manually oriented, and spatial
continuity edges are left bidirectional. In practice, a small number of nodes in the tree have

more than one parent, so the “tree” is formally a rooted, directed graph.

3.10 Systematic nomination of transcription factors and other genes for cell
type specification

We previously annotated the edges of a more limited cell type tree of mouse development by
identifying TF's exhibiting sharp changes in gene expression at the developmental timepoint
where a given cell type first appears, through comparisons of all cells of a new type to all
cells of its inferred pseudoancestor as well as to any sister nodes|152]. Here, in the course of
similarly annotating the zygote-to-pup cell type tree shown in Fig. 6g, we sought to take a

more nuanced approach.

In particular, we stratified each cell type transition into four phases (Supplementary
Fig. 22a). Given a directional edge between two nodes, AtoB, we identified the subset of
cells within each node that were either “inter-node” MNNs of the other cell type (groups
2 & 3 in Supplementary Fig. 22b) or “intra-node” MNNs of those cells (groups 1 & 4
in Supplementary Fig. 22b). If AtoB, this approach effectively models the transition as
group 1 to 2 to 3 to 4. Next, we identified differentially expressed TFs (DETFs) and genes
(DEGs) across each portion of the modeled transition, i.e. early (1 to 2), inter-node (2 to
3), and late (3 to 4). In contrast with our previous heuristic[152], this strategy highlights
differences between cells that are most proximate to the cell type transition itself. Moreover,
DETFs and DEGs identified in the early (1 to 2) and late (3 to 4) phases correspond to

changes within node A or B, respectively, rather than between nodes A and B, which may



125

facilitate the identification of early changes in gene expression, i.e. those that precede the

cell type transition itself.

We applied this heuristic to 436 edges of the rooted tree shown in Fig. 6g, excluding only
dataset equivalence edges and the pre-gastrulation subsystem. Of note, the directionality of
many of these edges was not immediately obvious (i.e. those annotated as “spatial continu-
ity” edges in Supplementary Table 22). In these cases the orientation of the “early” and
“late” phases is arbitrary. For edges with a relatively small number of MNN pairs, we ex-
panded each group to at least 200 cells by iteratively including their MNNs within the same
cell type, to increase statistical power. Across all 436 edges, this heuristic resulted in the
nomination of ranked lists of median 28 (IQR 12-51) DETFs and median 171 (IQR 76-389)
DEGs per edge (mean), 5% (DETFs) and 7% (DEGs) of which were exclusively nominated
in either the early or late phase of the transition, respectively. The most significant DETFs
and DEGs for each edge are provided in Supplementary Tables 23 and 24, respectively.
Most TFs and genes are only nominated in the context of one or a few edges, but there
are a number of outliers that presumably have more general roles in cell type specification

(Supplementary Fig. 22c-d).

On a cursory review, there are many instances in which the top-ranked upregulated DETF
for the early phase of the transition corresponds to a well-established, early regulator of that
cell type (e.g. MITF for melanocytes[197]|; Ebf1 & Paz5 for B-cell progenitors|198|; Lef1
for B-cells|199]; Zfpm1 for megakaryocyte-erythroid progenitors|200]), but also many nomi-
nations of potentially novel regulatory relationships that may warrant further investigation
(e.g. Ltf for monocytic myeloid-derived suppressor cells; Tcf712 for Kupffer cells, Esrrg for
dorsal telencephalon-derived choroid plexus; Zfp536 for myelinating Schwann cells; Rrebl
for adipocyte progenitors, etc.) (Supplementary Table 23).

Digging further into a well-studied transition, Sox17 is the sole upregulated DETF during
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the early phase of the transition from anterior primitive streak to definitive endoderm (group
1t02), while a broader set of TFs (FIf3, Sall}, Hesz1, Lin28a, Hmgal, Ovol2, but notably not
Sox17) are upregulated during the transition itself (group 2 to 3) (Supplementary Table
23). Non-TF DEGs specific to the early phase of the transition include Cer! (encoding
Cerberus, a well-established signaling molecule and marker of definitive endoderm)[201],
Sle25a4 (encoding an adenine nucleotide translocator specific to the inner mitochondrial
membrane)[202], and Slc2a3 (encoding Glut3, a glucose transporter specific to cell types with
high energy needs)[203] (Supplementary Table 24). To examine this further, we extracted
all cells participating in groups 1-4 of this transition and subjected them to conventional
pseudotime analysis[15]. In brief, this analysis supported the upregulation of Soz17 as
preceding that of other nominated key TFs; and further highlighted Cer! as the only non-
TF DEG with similar kinetics to Sox17 (Supplementary Fig. 22e-f).

A more complex example involves hematopoietic stem cells (Cd3/+), which in the devel-
opmental graph are the node-of-origin of a dozen cell types (Supplementary Fig. 22g).
An important point is that although we treat hematopoietic stem cells (HSC) (Cd34+) as
a single node for the purposes of the zygote-to-pup developmental graph, the cells assigned
to this node are quite heterogeneous. For example, the cells participating in the MNNs
that support the edges to various lymphoid, myeloid and erythroid derivatives are distinct
subpopulations of the HSC node (Supplementary Fig. 22h-i), and these subpopula-
tions differentially express TFs nominated as early regulators, e.g. EbfI for B cells[198] and
1d2]204] and Nfatc2 for conventional dendritic cells (Supplementary Fig. 22j). Estab-
lishing a level of resolution for a developmental tree that hits the right balance between
the complexity of mammalian development and the desire for interpretability is an ongoing

tension.
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3.11 Rapid shifts in transcriptional state occur in a restricted subset of cell
types upon birth

In the course of our analyses of these data, we anecdotally noted that for certain cell types,
cells derived from PO pups appeared very well separated from their fetal pseudoancestors.
This sharply contrasts with the remainder of the dataset, in which cells of a given cell type
were generally well mixed between adjacent timepoints. The proximal tubule is one example
of this phenomenon, discussed briefly above (cluster 9 in Fig. 3a-b; Supplementary Fig.
10d). However, a similar pattern was also noted for hepatocytes, adipocytes, and various
cell types of the lungs and airways (Fig. 7a). As we worried that this could be due to batch
effects or the well-documented pitfalls of over-interpreting UMAPs|[22], we conducted a time
point correlation analysis. In brief, for each cell type, we performed dimensionality reduction
(30 dimensions) on cells of that type from multiple, late-gestational timepoints (E16 to PO0).
We then identified k-nearest neighbors (k-NN, k = 10) to ask whether neighboring cells were
derived from the same or different timepoints. In this framing, a low proportion of neighbors
from different timepoints corresponds to a relatively abrupt change in transcriptional state.
In general, cells from PO pups were closer neighbors to other PO cells than was the case
for all other timepoints (Fig. 7b), which might be explained in part by a longer temporal
interval between E18.75 and PO than 6 hours. However, for many cell types, the difference
was extreme, consistent with dramatic changes in a transcriptional state upon birth. These
include not only the aforementioned cell types, but also various endothelial and blood lineages
(Fig. 7b). In contrast, neuronal cell types did not exhibit such marked differences between

animals collected shortly before vs. after birth (Fig. 7b).

To validate and further resolve periparturition transcriptional dynamics, we collected nine
pups that were part of a single litter. After 3 pups were delivered vaginally, the remaining six

pups were delivered by Cesarean section (C-section) and sacrificed either immediately (0 min;
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2 pups), or 20, 40, 60 or 80 min after C-section (1 pup each) (Fig. 7c; Supplementary Fig.
23a). Nuclei from these nine pups, together with residual nuclei from three samples from
the original experiments, were subjected to a new sci-RNA-seq3 experiment, which yielded
nearly 1M additional single cell profiles (Supplementary Fig. 23b; Supplementary
Table 1-2).

Focusing first on the six pups delivered by C-section and 24 major cell clusters for which
we were reasonably powered, we applied timepoint correlation analysis, as described above
except treating the C-section timepoint as a continuous variable. Consistent with our earlier
results (Fig. Tb), the outliers are the hepatocyte, adipocyte and lung & airway major cell
clusters (Fig. 7d; Supplementary Fig. 23c-d). This experiment replicates our initial
finding and also narrows the window in which these abrupt changes are first evident to the

first hour of extrauterine life (Fig. 7e).

Although we cannot fully rule out technical variables associated with sacrificing pups,
we took care to minimize handling and stress prior to euthanasia and immediate snap-
freezing, both for naturally and C-section delivered pups. Moreover, it is plausible that rapid
changes in transcriptional programs might be physiologically necessary due to the profound
differences between the placental and extrauterine environments. One can imagine why these
might be triggered by birth rather than developmentally timed, because of uncertainty with
respect to precisely when birth will occur. Finally, we speculate that the proper development
of certain organs might require the continuation of a precisely timed program (e.g. the
brain), whereas for other organs, survival depends on an extremely rapid change in their
function in the immediate wake of birth (e.g. the lungs & airways) (Fig. 7b). In examining
DEGs of rapidly changing cell types, either between E18.75 and PO embryos or across the
20 minute time-series of pups delivered by C-section, we see clues in regards to at least
some of the specific physiological functionalities that these rapid changes might be serving

(Supplementary Tables 25-26).
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For example, in hepatocytes, genes involved in gluconeogenesis are sharply upregulated,
including Ppargcla, which encodes Pge-1a, which in the liver serves as a master regulator of
hepatic gluconeogenesis|205], as well as Pckl, G6Pc and Gotl, which encode key enzymes
in this pathway (Fig. 7f). Aspects of these changes have previously been linked to changes
in key nutritional hormones (rising glucagon, falling insulin) immediately after birth and
presumably are necessary for maintaining normoglycemia in the wake of being abruptly cut
off from maternal nutrients[206]. In brown adipocytes, we observe sharp upregulation of Irf4,
a cold-induced master regulator of thermogenesis, and again of Ppargcla, which in adipocytes
plays a different role than in the liver, as Pgc-1a partners with Irf/ to drive the expression
of Uepl and uncoupled respiration|207], presumably to maintain body temperature upon

transition to the extrauterine environment[208] (Fig. 7f).

The exact amount of time that lapsed between the birth of the vaginally birthed pups
and their harvesting was not precisely captured in the replication experiments. However,
on co-embedding cells derived from vaginally birthed pups with those delivered by C-section
for the three most relevant major cell clusters, timepoint correlation analysis suggested that
they were harvested within an hour of their birth (Supplementary Fig. 23e). However,
this assumes similar kinetics for these rapid transcriptional changes in C-section vs. vaginally
delivered pups. On more detailed inspection, the patterns are considerably more complex,
with certain clusters (most notably, a subset of hepatocytes) appearing specific to vaginally

birthed pups (Supplementary Fig. 23f; Supplementary Table 27).

What might explain this? The transition from the placenta to extrauterine life, as ex-
perienced by the neonate (and perhaps even by specific organs within the neonate), is very
different between C-section vs. vaginal delivery, and various studies have shown that human
babies delivered by each route have differences in physiology and health outcomes[209]. Tt
is possible that aspects of these postnatal phenotypic differences have their roots in how

the massive, abrupt, cell type-specific changes documented here are influenced by mode of
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delivery.

3.12 Discussion

We present a rich dataset in which we profiled the transcriptional states of 12.4 million nuclei
sampled from 83 precisely staged embryos spanning late gastrulation (E8) to birth (P0), with
2-hr temporal resolution during somitogenesis, 6-hr resolution through to birth, and 20-min
resolution during the immediately postpartum period. We note that despite its large scale,
the entire project was driven by a small number of individuals. For example, the mouse
embryos were staged by a single individual (I.W.), the vast majority of the sci-RNA-seq3
experiments were carried out by a single individual (B.M.) and the computational analyses
were conducted by a single individual (C.Q.), with nearly all experiments and analyses
completed within one year. We estimate that the direct costs of all reagents and labor
invested in processing frozen embryos to sequencing libraries totaled to about $70,000, while
the cost of sequencing totaled to about $300,000. Notably, our single dataset is equivalent to
about 30% of the aggregated corpus of the Human Cell Atlas Data Portal as of March 2023.

Three broad concepts supported our ability to generate, analyze and integrate such a
large dataset with a small team at a modest cost: First, multiplexing, which fundamentally
underlies the exponential scalability of single cell combinatorial indexing as well as that
of massively parallel DNA sequencing. Second, open science, as we have taken abundant
advantage of many freely released software packages for single cell data analysis released
by the community[141} [15, 51, 37]. Third, our focus on mouse development, an eminently
reproducible process through which we could access all mammalian cell types (or their pre-

decessors) within a series of physically compact samples.

Our main goal in initiating this study was not to learn a specific piece of biology, but
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rather to lay a foundation for a comprehensive understanding of the development of a mam-
malian gastrula into a free-living pup (E8 to P0). By annotating hundreds of cell types and
conducting deeper dives into selected developmental systems, we have sought to illustrate
the value of this foundation. Although the dataset is a rich source of hypotheses (e.g. the
nomination of specific TFs as in vivo regulators of myriad cell types), the largest surprise
to us was the discovery of rapid changes in transcriptional state in a restricted subset of
cell types in the minutes to hours following birth. There is immense evolutionary pressure
on the transition from placental to extrauterine life, which is arguably as fraught a mo-
ment as gastrulation in terms of physiological peril[210]. In specific cases, the genes sharply
upregulated in specific cell types can be matched to specific adaptations (e.g. gluconeogen-
esis in hepatocytes, uncoupled respiration and thermogenesis in brown adipocytes). On the
other hand, dozens of additional genes are sharply upregulated or downregulated in hep-
atic, adipose, and lung & airway tissues immediately after birth (Supplementary Tables
25-26). For these and many other tissues and cell types in which rapid periparturitional
transcriptional changes are also documented (Fig. 7b,d), the adaptive functions served, not
to mention the mechanisms underlying their rapid induction as well as differences shaped by

the circumstances of delivery, warrant further exploration.

A limitation of our sampling strategy is that we only profiled a single embryo for most
timepoints, such that we are unable to conduct a systematic analysis of interindividual
variation at any given timepoint. We do observe hints of such variation, e.g. multiple different
types of renal cells were not detected at E12.25, which may reflect aberrant renal development
in that individual embryo (Supplementary Fig. 10b). However, such analyses may be
better pursued through other datasets, e.g. our profiling of 101 embryos (of 26 genotypes)
staged at E13.5, also by sci-RNA-seq3[211]. On a related point, although both sexes are
represented in the dataset (as we alternated between adjacent timepoints), we have not yet
delved into sex differences, and this remains one of many avenues of investigation for which

we hope researchers in the field will find these data useful.
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We recently proposed the concept of a “consensus ontogeny” of cell types, inclusive of
both lineage histories and molecular states, as a potential structure for a “reference cell
tree”[212]. The cell type tree constructed here, which spans mouse development, from a
single cell zygote to the half-billion cells that make up a free-living pup (EO to P0), represents
a step in that direction. As with previous such steps by us and others[14} 152, |15, |13], both
cell type annotations and the tree structure itself almost certainly contain errors and are
subject to corrections and refinement. Furthermore, as additional methods for single cell
molecular profiling (e.g. chromatin accessibility, spatial mapping, etc.) or organism-scale
lineage tracing|3|, [213} (136, 214] are applied to the mouse, we envision that a progressively
improving consensus ontogeny will provide a framework for an increasingly rich, navigable

roadmap of mouse development.

Because it touches all aspects of prenatal development of the embryo proper from gas-
trulation to birth, the dataset may also be useful in ways that we did not anticipate at
the project’s outset, e.g. as input for pre-training large language models of mammalian bi-
ology[215]. Finally, just as Sulston reconstructed both the embryonic and post-embryonic
lineages of C. elegans|2l 216], we note that mouse development does not end at P0O. We
envision that the methods described here can also be applied to postnatal timepoints at the
scale of the entire organism, with the long term goal of generating a timelapse of the entire
life cycle of a mammal at single cell resolution, from a single cell zygote to a natural death

(EO0 to DO).

3.13 Supplementary Materials

Data reporting

For newly generated mouse embryo data, no statistical methods were used to predeter-
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mine sample size. Embryo collection and sci-RNA-seq3 data generation were performed by

different researchers in different locations.

Mouse embryos collection and staging

The details of collecting 12 mouse embryos around E8.5 with somites ranging from 0 to
12 were described in a previous publication|152]. Briefly, C57BL/6NJ (strain 005304) mice
were obtained at The Jackson Laboratory and mice were maintained via standard husbandry
procedures. Timed matings were set in the afternoon and plugs were checked the following
morning. Noon of the day a plug was found was defined as embryonic day (E) E0.5. On
the morning of E8.5, individual decidua were removed and placed in ice cold PBS during
the harvest. Individual embryos were dissected free of extraembryonic membranes, imaged,
and the number of somites present were noted prior to snap freezing in liquid nitrogen
(Supplementary Fig. 1). A portion of yolk sac from each embryo was collected for sex

based genotyping and samples were stored at -80C until further processing.

For the newly generated mouse embryo data (ranging from E8.75 to P0), we employed a
combination of staging methodologies depending on gestational age of harvest (Supplementary
Fig. 2). To maximize temporal coherence, resolution, and accuracy, we sought to stage in-
dividual embryos based on well-defined morphological criteria, rather than by gestational
day alone. Embryos harvested between E8.0 - E10.0 were staged based upon the number of
somites counted at the time of harvest and further characterized by morphological features
(Supplementary Fig. 1). For E10.25-E14.75 embryos, developmental age was determined
using the embryonic Mouse Ontogenetic Staging System (eMOSS, https://limbstaging.embl.es/),
which leverages dynamic changes in hindlimb bud morphology and landmark-free based mor-
phometry to estimate the absolute developmental stage of a sample[156, 157]. A modified
staging tool, implemented in python, with increased performance on E14.0-E15.0 samples

was used to confirm staging of samples within this window (documentation and python
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scripts available at: https://github.com/marcomusy/welsh_embryo_stager). To distinguish
samples staged via eMOSS, these samples are designated with “mE” for morphometric em-
bryonic day (e.g. mE13.5, Supplementary Fig. 2). Due to the increased complexity
of limb morphology at later stages automated staging beyond E15.0 is not possible. As a
consequence, harvests for all remaining embryonic samples (E15.0-E18.75) were performed
precisely at 00:00, 06:00, 12:00, and 18:00 on the targeted day. From close inspection of
limbs in this sample set we defined additional dynamics related to digit morphogenesis that
allowed further binning of samples collected on Days 15 and 16 (Supplementary Fig. 2).
Therefore, amongst samples profiled in this study only the E17.0-E18.75 samples were staged
solely by gestational age. Lastly, PO samples were harvested from litters at noon of the day

of birth (parturition for C57BL/6NJ occurs between E18.75 and E19.0).

Collecting mouse pups immediately after birth

Samples for analysis of periparturition transcriptional dynamics were collected from a
plugged female that was monitored for signs of labor beginning at E18.75. Following the
natural delivery of 3 pups the dam was euthanized and following removal from the uterus
and extraembryonic membranes the remaining pups were either harvested immediately or
placed in a warming chamber to monitor respiratory response and collected at 20 minute
intervals. We collected nine new pups, to perform another sci-RNA-seq3 experiment. The
first three pups are estimated to be between 1-2 hours old, although this was not precisely
timed (samples 1-3 in Fig. 7c; Supplementary Fig. 23a). None of these pups had nursed
at the time of harvest. The next two pups were taken by C-section, decapitated and snap
frozen immediately; no breaths were taken (samples 4-5 in Fig. 7c; Supplementary Fig.
23a). The next four pups were taken by C-section and used for a “pink up” time course,
harvesting one pup every 20 min (i.e. 20 mins, 40 mins, 60 mins, and 80 mins; samples 6-9 in
Fig. 7c; Supplementary Fig. 23a). During this time, all pups remained very active and
working to establish a breathing rhythm. Pup 6 had not fully pinked up at time of harvest,
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but pups 7-9 had. Pups 8 and 9 had visible lungs in their chest cavities at 60 min. The
last pup harvested at 80 min was fully pink with a reasonably stable breathing rhythm. No
vocalization was heard from any pups during this collection. Of note, for additional quality
control, we put nuclei from previously profiled E18.75 and PO embryos into a small number

of wells of the sci-RNA-seq3 experiment in which nuclei from this series were processed.

Generating data using an optimized version of sci-RINA-seq3

Together with E8.5 data which has been reported before[152], a total of 15 sci-RNA-
seq3 experiments were performed on 75 individual mouse embryos. At least one sample was
included for every 6 hour time interval from E8.0 to P0, and we also included a fine-scale
sample set of embryos with distinct somite counts from 0-34 somites. Multiple samples
were selected for a few timepoints (e.g. two samples for E13.0) to boost cell numbers.
Meanwhile, we tried to ensure that both male and female mice roughly appear at adjacent
timepoints (Fig. 1d). A detailed summary & images of individual embryos can be found in

Supplementary Fig. 1-2 and Supplementary Table. 1.

To generate the dataset, we used the optimized sci-RNA-seq3 protocol [58] as written,
adjusting the volume and type of lysis buffer to the size of the embryos. Briefly, frozen
embryos were pulverized on dry ice and cells were lysed with a phosphate-based, hypotonic
lysis buffer containing magnesium chloride, Igepal, diethyl pyrocarbonate (DEPC) as an
RNase inhibitor, and either sucrose or bovine serum albumin (BSA). Lysate was passed over
a 20um filter, and the nuclei-containing flow-through was fixed with a mixture of methanol
and dithiobis (succinimidyl propionate) (DSP). Nuclei were rehydrated and washed in a
sucrose/PBS/triton/magnesium chloride buffer (SPBSTM), then counted and distributed

into 96-well plates for reverse transcription with indexed oligo-dT primers.

Age-specific adaptations were as follows:
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e E10-E13 embryos use hmL BSA lysis buffer, E14 embryos use 10mL BSA lysis buffer,
E15-E18 embryos use 20mL sucrose-based lysis buffer. Each of these samples were split
over 48-96 wells for reverse transcription and the first round of indexing. A newborn
PO mouse requires 40mL of sucrose-based lysis buffer, and the lysate is divided into 4
fractions for filtration and fixing because of the amount of tissue involved. The two
PO mice were each processed as an individual experiment and were each split over 384

wells for reverse transcription.

e For the mouse samples E8.0-E9.75, we used the “Tiny Sci” adaptation of the optimized
sci-RNA-seq3[58]. Frozen embryos were gently resuspended in 100ul lysis buffer to free
the nuclei, then 400ul of DSP-methanol fixative was added. In the same tube, fixed

nuclei are rehydrated, washed, then put directly into 8-32 wells for reverse transcription.

e After reverse transcription, nuclei were pooled, washed, and redistributed into fresh
96-well plates to attach a second index sequence by ligation. Then the nuclei were
pooled again, washed and redistributed into the final plates. There, the nuclei undergo
second-strand synthesis, extraction, tagmentation with Tnb transposase and finally
PCR to add the final indexes. The PCR products were pooled, size-selected, and
then the library was sequenced on an Illumina NovaSeq. For some experiments, a
second NovaSeq run was necessary to capture the extent of the library complexity, so
we would add more sequencing reads until the PCR duplication rate met a threshold
of 50% or the median UMI count per cell went over 2,500. The validation dataset
(Supplementary Fig. 7) generated from 8-21 somites embryos was sequenced on an

[Nlumina NextSeq.

Processing of sci-RNA-seq3 sequencing reads

Data from each individual sci-RNA-seq3 experiment was processed independently. For
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each experiment, read alignment and gene count matrix generation was performed us-
ing the pipeline that we developed for sci-RNA-seq3[15] (https://github.com/JunyueC/sci-
RNA-seq3_pipeline) with minor modifications: base calls were converted to fastq format
using [llumina’s bcl2fastq/v2.20 and demultiplexed based on PCR i5 and i7 barcodes us-
ing maximum likelihood demultiplexing package deML[138] with default settings. Down-
stream sequence processing and single cell expression matrix generation were similar to sci-
RNA-seq[53| except that RT index was combined with hairpin adaptor index, and thus
the mapped reads were split into constituent cellular indices by demultiplexing reads us-
ing both the RT index and ligation index (Levenshtein edit distance (ED) < 2, including
insertions and deletions). Briefly, demultiplexed reads were filtered based on RT index
and ligation index (ED < 2, including insertions and deletions) and adaptor-clipped us-
ing trim_galore/v0.6.5 (https://github.com/FelixKrueger/TrimGalore) with default settings.
Trimmed reads were mapped to the mouse reference genome (mm10) for mouse embryo nu-
clei using STAR /v2.6.1d[139] with default settings and gene annotations (GENCODE VM12
for mouse). Uniquely mapping reads were extracted, and duplicates were removed using the
unique molecular identifier (UMI) sequence (ED < 2, including insertions and deletions),
reverse transcription (RT) index, hairpin ligation adaptor index and read 2 end-coordinate
(i.e. reads with UMI sequence less than 2 edit distance, RT index, ligation adaptor index
and tagmentation site were considered duplicates). Finally, mapped reads were split into
constituent cellular indices by further demultiplexing reads using the RT index and ligation
hairpin (ED < 2, including insertions and deletions). To generate digital expression matrices,
we calculated the number of strand-specific UMIs for each cell mapping to the exonic and
intronic regions of each gene with python/v2.7.13 HTseq package|140]. For multi-mapping
reads (i.e. those mapping to multiple genes), the read were assigned to the gene for which
the distance between the mapped location and the 3’ end of that gene was smallest, except
in cases where the read mapped to within 100 bp of the 3" end of more than one gene, in
which case the read was discarded. For most analyses we included both expected-strand

intronic and exonic UMIs in per-gene single-cell expression matrices. After the single cell
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gene count matrix was generated, cells with low quality (UMI < 200 or detected genes <
100 or unmatched _rate (proportion of reads not mapping to any exon or intron) > 0.4) were
filtered out. Each cell was assigned to its originating mouse embryo on the basis of the

reverse transcription barcode.

Doublet removal

Here, we performed three steps with the aim of exhaustively detecting and removing
potential doublets. Of note, all these analyses were performed separately on data from
each experiment. First, we used Scrublet to detect doublets directly. In this step, we first
randomly split the dataset into multiple subsets (six for most of the experiments) in order to
reduce the time and memory requirements. We then applied the scrublet/v0.1 pipeline|27] to
each subset with parameters (min_count = 3, min_cells = 3, vscore_percentile = 85, n_pc =
30, expected_doublet_rate = 0.06, sim_doublet_ratio = 2, n_neighbors = 30, scaling_method
= "log’) for doublet score calculation. Cells with doublet scores over 0.2 were annotated as

detected doublets.

Second, we performed two rounds of clustering and used the doublet annotations to
identify subclusters that are enriched in doublets. The clustering was performed based
on Scanpy/v.1.6.0[141]. Briefly, gene counts mapping to sex chromosomes were removed,
and genes with zero counts were filtered out. Each cell was normalized by the total UMI
count per cell, and the top 3,000 genes with the highest variance were selected, followed
by renormalizing the gene expression matrix. The data was log-transformed after adding a
pseudocount, and scaled to unit variance and zero mean. The dimensionality of the data was
reduced by PCA (30 components), followed by Louvain clustering with default parameters
(resolution = 1). For the Louvain clustering, we first computed a neighborhood graph using
a local neighborhood number of 50 using scanpy.pp.neighbors. We then clustered the cells

into sub-groups using the Louvain algorithm implemented by the scanpy.tl.louvain function.
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For each cell cluster, we applied the same strategies to identify subclusters, except that we
set resolution = 3 for Louvain clustering. Subclusters with a detected doublet ratio (by
Scrublet) over 15% were annotated as doublet-derived subclusters. We then removed cells
which are either labeled as doublets by Scrublet or that were included in doublet-derived
subclusters. Altogether, 2.7% to 16.8% of cells in each experiment were removed by this

procedure.

We found that the above Scrublet and iterative clustering based approach has difficulty
identifying doublets in clusters derived from rare cell types (e.g. clusters comprising less than
1% of the total cell population), so we applied a third step to further detect and remove dou-
blets. This step uses a different strategy to cluster and subcluster the data, and then looks for
subclusters whose differentially expressed genes differ from those of their associated clusters.
This step consists of a series of ten substeps. 1) We reduced each cell’s expression vector to
retain only protein-coding genes, lincRNAs, and pseudogenes. 2) Genes expressed in fewer
than 10 cells and cells in which fewer than 100 genes were detected were further filtered out.
3) The dimensionality of the data was reduced by PCA (50 components) first on the top
5,000 most highly dispersed genes and then with UMAP (max_components = 2, n_neighbors
= 50, min_dist = 0.1, metric = ’cosine’) using Monocle/3-alpha[l5]. 4) Cell clusters were
identified in UMAP 2D space using the Louvain algorithm implemented in Monocle/3-alpha
(resolution = 1e-06). Cell partitions were detected using the partitionCells function imple-
mented in Monocle/3-alpha. This function applies algorithms that automatically partition
cells to learn disjoint or parallel trajectories based on concepts from “approximate graph
abstraction” [23]. 5) We took the cell partitions identified by Monocle/3-alpha (cell clusters
were used instead for three experiments that profiled embryos before E10), downsampled
each partition to 2,500 cells, and computed differentially expressed genes across cell parti-
tions with the top_markers function of Monocle/3 (reference_cells=1000). 6) We selected a
gene set combining the top ten gene markers for each cell partition (filtering out genes with

fraction_expressing < 0.1 and then ordering by pseudo_R2). 7) Cells from each main cell par-
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tition were subjected to dimensionality reduction by PCA (10 components) on the selected
set of top partition-specific gene markers. 8) Each cell partition was further reduced to 2D
using UMAP (max_components = 2, n_neighbors = 50, min_dist = 0.1, metric = ’cosine’).
9) The cells within each partition were further subclustered using the Louvain algorithm
implemented in Monocle/3-alpha (res = le-04 for most clustering analysis). 10) Subclusters
that expressed low levels of the genes that were found to be differentially expressed in step
5, had high levels of markers specific to a different partition, and had relatively high dou-
blet scores, were labeled as doublet-derived subclusters and removed from the analysis. On
average, this procedure eliminated 3.4% of cells from each experiment (range 0.5-13.2%) of

the cells in each experiment (Supplementary Figs. 24-25).

Cell clustering and cell-type annotations

For data from individual experiments, after removing the potential doublets detected by
the above three steps, we further filtered out the potential low-quality cells by investigating
the numbers of UMIs and the proportion of reads mapping to the exonic regions per cell
(Supplementary Fig. 3). Then, we merged cells from individual experiments, to generate
the final dataset, which included 15 sci-RNA-seq3 experiments with 21 runs of NovaSeq.
When we took a first round of cell-embedding, we noticed that one mouse embryo at E14.5
had a grossly reduced proportion of neuronal cells. This particular sample had been divided
during pulverization, and we suspect that large portions of the frozen embryo did not make
it into the experiment. We removed cells from this E14.5 embryo, and we further filtered
out cells from the whole dataset with doublet score (by Scrublet) > 0.15 ( 0.3% of the
whole dataset), as well as cells with either the percentage of reads mapping to ribosomal
chromosome (Ribo%) > 5 or the percentage of reads mapping to mitochondrial chromosome
(Mito%) > 10 (0.1% of the whole dataset). Finally, 11,441,407 cells from 74 embryos were
retained, of which the median UMI count per cell is 2,700 and median gene count detected

per cell is 1,574. For the final dataset, the number of cells recovered by each embryo and the
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basic quality information for cells from each sci-RNA-seq3 experiment was summarized in
the Supplementary Table. 1 & 2. For sex separation and confirmation of embryos with
or without sex genotyping, we counted reads mapping to a female-specific non-coding RNA
(Xist) or chrY genes (except Erdrl which is in both chrX and chrY). Embryos were readily
separated into females (more reads mapping to Xist than chrY genes) and males (more reads

mapping to chrY genes than Xist).

We then applied Scanpy/v.1.6.0[141] to this final dataset, performing conventional single-
cell RNA-seq data processing: 1) retaining protein-coding genes, lincRNA, and pseudogenes
for each cell and removing gene counts mapping to sex chromosomes; 2) normalizing the UMI
counts by the total count per cell followed by log-transformation; 3) selecting the 2,500 most
highly variable genes and scaling the expression of each to zero mean and unit variance; 4)
applying PCA and then using the top 30 PCs to calculate a neighborhood graph (n_neighbors
= 50), followed by leiden clustering (resolution = 1); 4) performing UMAP visualization in
2D or 3D space (min.dist = 0.1). For cell clustering, we manually adjusted the resolution
parameter towards modest overclustering, and then manually merged adjacent clusters if
they had a limited number of differentially expressed genes (DEGs) relative to one another
or if they both highly expressed the same literature-nominated marker genes. For each of
the 26 major cell clusters identified by the global embedding, we further performed a sub-
clustering with the similar strategies, except setting n_neighbors = 30 when calculating the
neighbor graph and min_dist = 0.3 when performing the UMAP. Subsequently, we annotated
individual cell clusters identified by the sub-clustering analysis using at least two literature-

nominated marker genes per cell type label (Supplementary Table 5).

To be clear, we have hierarchically nominated three levels of cell-type annotations in the

manuscript.

e In the global embedding involving all 11.4 M cells we identified 26 major cell clusters
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(Fig 1.e-f; Supplementary Table 4).

e For individual major cell clusters, we performed sub-clustering, resulting in 190 cell

types (Supplementary Fig. 6; Supplementary Table 5).

e For a handful of cell types, in specific parts of the manuscript, we performed further
sub-clustering, to identify cell subtypes. For example: 1) we re-embedded 745,494
cells from the lateral plate & intermediate mesoderm derivatives, identifying 22 sub-
types, most of which are corresponding to different types of mesenchymal cells (Fig.
3f; Supplementary Table 12). 2) we re-embedded 296,020 cells (glutamatergic
neurons, GABAergic neurons, spinal cord dorsal progenitors, and spinal cord ventral
progenitors) from stages <E13, identifying 18 different neuron subtypes (Fig. 5e;
Supplementary Table 12).

Of note, we processed and analyzed the “birth-series” dataset (n = 962,697 nuclei after
removing low quality cells and potential doublets cells) and the “early vs. late somites” data
(n = 104,671 nuclei after removing low quality cells and potential doublets cells) using exactly

the same strategy, except without performing sub-clustering on each major cell cluster.

Whole mouse embryo analysis

Each cell was assigned to the mouse embryo from which it derived based on its reverse
transcription barcode. For each of the 74 samples, UMI counts mapping to the sample were
aggregated to generate a pseudo-bulk RNA-seq profile for the sample. Each cell’s counts
were then normalized by dividing by its estimated size factor. The data were then log2-
transformed after adding a pseudocount, and PCA was performed on the transformed data
using the 3,000 most highly variable genes. The normalization and dimension reduction were

performed using Monocle/v3.
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Quantitatively estimating cell number for individual mouse embryo at any

stage during organogenesis

To estimate the cell number of individual embryos, we selected a representative embryo
from 12 timepoints at 1 day increments, from E8.5 to PO (roughly considered as E19.5). Each
embryo was digested with proteinase K overnight, and total genomic DNA was isolated with
a Qiagen puregene tissue kit (Qiagen cat. no. 158063). DNA was quantitated and cell
number was estimated by taking the total ng recovered, and assuming 2.5 billion base pairs
per mouse genome (times two for a diploid cell), 650g per mole of a base pair. Estimating
cell number this way does not include any losses due to the DNA preparation, and does not

count non-nucleated cells.

Based on the experimentally estimated cell numbers of those 12 embryos, we applied
polynomial regression (degree = 3) to fix a curve across embryos between the embryonic day
and log2-scaled cell number (adjusted R? > 0.98) (Supplementary Fig. 26a). PO was
treated as E19.5 in the model. Then, the total cell number of a whole mouse embryo at
any day between E8.5 and PO is predicted using the below formula: Logy(Cell number) =
0.011369 x day?® -0.583861 x day?® + 10.397036 x day - 35.469755

To further estimate the “doubling time” of the total cell number in a whole mouse embryo,
at a given timepoint (day), we took the derivatives from the above formula as the log2-
scaled proliferation rate p(day), and then calculated 24 x 2 / 2p(day) ' resulting in an estimate
of the number of hours required for the mouse embryo to duplicate its total cell number

(Supplementary Fig. 26b).

Spatial mapping with Tangram

To infer the spatial origin of each lateral plate & intermediate mesoderm derivative, we
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used a public dataset called Mosta[32], which profiles spatial transcriptomes for 53 sections
of mouse embryos spanning 8 timepoints from E9.5 to E16.5. We combined this data with
our own data to perform spatial mapping analysis using Tangram[37]. First, we first ran-
domly downsampled the total number of voxels within each section from Mosta to 9,000
for computational efficiency. Then, we combined the scRNA-seq data from three adjacent
timepoints from our dataset with the Mosta data for each timepoint. For example, for the
E16.5 timepoint of the Mosta data, we combined the scRNA-seq data from E16.25, E16.5,
and E16.75 from our dataset. We used the Tangram with default parameters to estimate the
spatial coordinates of cells from each cell type in the scRNA-seq data, and then visualized
the results on the coordinates provided by Mosta. The Tangram model was trained in GPU
mode using a NVIDIA A100 GPU. After applying Tangram to each section, a cell-by-voxel
matrix with mapping probabilities was returned. This matrix shows the probability that
each cell originated from each voxel in the section. To reduce noise, we smoothed the map-
ping probabilities for each voxel by averaging the values of their k nearest neighboring voxels.
The value of k was calculated by using the natural log of the total number of voxels on that
section. Finally, we scaled the smoothed mapping probabilities to 0 to 1 across voxels of

each section.

Generating tree of cell types for mouse development

We collected and combined scRNA-seq data from four published datasets, which consisted
of 110,000 cells spanning EO to E8.5, and the main dataset described in this paper, which
consisted of 11.4 million cells spanning E8 to PO (Supplementary Table 17). We generated

the tree of cell types for mouse development by following these steps:

e First, we divided the cells into 14 subsystems based on their data source, developmen-
tal window, and cell type annotations. The first two subsystems, Pre-gastrulation and

Gastrulation, were based on external datasets and corresponded to the pre-gastrulation
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and gastrulation phases of development. The remaining 12 subsystems, Blood, Brain
& spinal cord, Endothelium, Epithelial cells, Eye, Gut, Lateral plate mesoderm, Meso-
derm, Notochord, PNS glia, PNS neurons, and Kidney, were derived from the data
reported in this paper and collectively encompassed organogenesis & fetal develop-

ment.

Second, we performed dimensionality reduction separately on cells from each of the 14
subsystems. This allowed us to correct or refine some cell type annotations, ultimately
identifying 283 annotated cell type nodes. Each of these annotated cell type nodes is
derived from a single data source, and some of them are redundant, which can help to
bridge between datasets. For example, there are midbrain nodes deriving from both

the Gastrulation and Brain & spinal cord subsystems.

Third, within each subsystem, we identified pairs of cells that were mutual nearest
neighbors (MNN) in 30-dimensional principal component analysis (PCA) space. We
used k = 10 neighbors for the pre-gastrulation and gastrulation subsystems, and k
= 15 for the organogenesis & fetal development subsystems. While the majority of
MNNSs occurred within cell type nodes, some MNNs spanned nodes and are likely
to be enriched for bona fide cell type transitions. To systematically approach this, we
calculated the total number of MNNs that spanned each possible pair of cell type nodes
within a given subsystem, normalized by the total number of possible MNNs between
those nodes. We then ranked all possible intra-subsystem edges based on this metric.
Notably, due to the complexity of the “Brain & spinal cord” subsystem, we applied the
heuristic in two stages. First, we applied it to the subset of cell types corresponding to
the patterned neuroectoderm. Then, we repeated the process to identify edges between

the patterned neuroectoderm and its derivatives (i.e. neurons, glial cells, etc.).

Fourth, we manually reviewed the ranked list of 1,155 candidate edges for biological

plausibility. We selected edges with a normalized MNN score greater than 1, resulting
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in 452 edges. We manually annotated these edges as more likely to correspond to either
developmental progression or spatial continuity. We added edges to the pre-gastrulation

subsystem manually, as only a handful of cells were profiled in this subsystem.

Finally, to bridge subsystems, we performed batch correction and co-embedding of
selected timepoints from either the pre-gastrulation and gastrulation datasets, or the
gastrulation and organogenesis & fetal development datasets. This allowed us to iden-
tify equivalent cell type nodes, resulting in a third category of “dataset equivalence”
edges. For example, we performed anchor-based batch correction[51] followed by inte-
gration between cells from E6.5 to E8.5 generated on the 10x Genomics platform|13]
(n = 108,857 cells) and the earliest 1% of this dataset (0-12 somite stage embryos)
generated by sci-RNA-seq3 (n = 153,597 nuclei) (Supplementary Fig. 21b-c). This
allowed us to identify 36 cell types from the integrated dataset, which we used to
identify “bridging” edges between the gastrulation subsystem and the later subsys-
tems (Supplementary Fig. 21d-e). Most of the 12 organogenesis & fetal develop-
ment subsystems originate in cell type nodes for which equivalent nodes are already
present at gastrulation. However, the “Blood” and “PNS neuron” subsystems did not
have equivalent nodes at gastrulation, presumably due to undersampling of this transi-
tion. We manually added edges to connect these subsystems with biologically plausible

pseudo-ancestors. Altogether, we added 55 inter-subsystem edges.

We created a rooted, directed graph that represents mouse development from EO to PO.
The graph was created using yFiles Hierarchical layout in Cytoscape/v3.9.1. For pre-
sentation purposes, we removed most of the spatial continuity edges, except for those
between spinal cord dorsal and ventral progenitors after E13.0 and GABAergic and
glutamatergic neurons after E13.0. We also merged nodes with redundant labels de-
rived from different datasets (i.e., dataset equivalence edges). This resulted in a rooted
graph with 262 cell type nodes and 338 edges (Fig. 6g). We further evaluated the

robustness of our approach to technical factors or parameter choices (Supplementary
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Note 1; Supplementary Fig. 27).

Nomainating key TFs and genes

The list of 1,636 mouse proteins that are putatively TFs was collated from AnimalTFDB /v3
(http://bioinfo.life.hust.edu.cn/Animal TFDB/)[96]. For each edge in the cell type tree, we
stratified each cell type transition into four phases. Specifically, we identified the subset of
cells within each node that were either “inter-node” MNNs of the other cell type or “intra-
node” MNNs of those cells. If A to B, this approach effectively models the transition as group
1to2to3to4 (Supplementary Fig. 22a-b). Next, we identified differentially expressed tran-
scription factors (DETFs) and genes (DEGs) across each portion of the modeled transition,
i.e. early (1 to 2), inter-node (2 to 3), and late (3 to 4), by applying FindMarkers function
in Seurat/v3 with parameters (logfc.threshold = 0, min.pct = 0). This strategy highlights

differences between cells that are most proximate to the cell type transition itself.

After excluding dataset equivalence edges and the “Pre-gastrulation” subsystem, we nom-
inated key TFs and genes that specify cell types for each of the 436 edges. Of note, the
directionality of many of these edges was not immediately obvious (i.e. those annotated as
“spatial continuity” edges). In these cases, the orientation of the “early” and “late” phases
is arbitrary. For edges with a relatively small number of mutual nearest neighbors (MNN)
pairs, we expanded each group to at least 200 cells by iteratively including their MNNs

within the same cell type, to increase statistical power.

Identifying cell types with abrupt transcriptional changes before vs. after

birth

To systematically identify which cell types exhibit abrupt transcriptional changes before
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versus after birth, we performed the following steps for each of the 190 cell types:

e The 71 cell types with at least 200 cells from PO and at least 200 cells from at least

five timepoints prior to PO were retained for the following analysis.

e We combined cells from animals harvested subsequent to E16 and performed PCA

based on the top 2,500 highly variable genes.

e Timepoints with at least 200 cells were selected and cells were downsampled from each

timepoint to the median number of cells across those selected timepoints.

e The k-nearest neighbors (k was adjusted for different cell types, by taking the log2-
scaled median number of cells across the selected timepoints) were searched in PCA

space (n = 30 dimensions).

e We calculated the average proportion of nearest neighbor cells that were from a different
timepoint for cells within each cell type. In this framing, a low proportion of neighbors
from different timepoints corresponds to a relatively abrupt change in transcriptional

state.

We performed a similar analysis in the birth-series dataset. For each major cell clus-
ter in the birth-series dataset, we took cells from the six pups delivered by C-section and
calculated the Pearson correlation coefficient between the timepoint of each cell and the av-
erage timepoints of its 10 nearest neighbors identified from the global PCA embedding (n
= 30 dimensions). In this framing, a high correlation indicates that the cell and its nearest

neighbors all underwent rapid, synchronized changes in transcriptional state.

Supplementary Note 1
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To evaluate whether our approach is robust to technical factors or parameter choices,
we took the following three approaches. First, we examined whether the MNNs that we
identified between different cell types were enriched for cells from the same embryo. Since
the data from pre-gastrulation and gastrulation were generated from pooled samples, we only
investigated this phenomenon for later stages, i.e. E8-P0O data generated via sci-RNA-seq3.
Overall, we found that only 16.4% of MNNs from different cell types were between cells
from the same embryo. However, we notably only profiled one embryo for most timepoints,
which may inflate this value relative to what it might have been if we had profiled multiple
embryos per timepoint. This is supported by the fact that when we look at windows with
multiple embryos profiled per timepoint (E8-E10 and E13-E13.75), the proportion of MNNs
from different cell types that connect cells from the same embryo was only 10.5% for E8-
E10, and only 2.4% for E13-E13.75 (Supplementary Fig. 27a). Overall, the fact that
MNNSs spanning cell types overwhelmingly connect cells from different embryos (and different

timepoints) is reassuring. Second, to assess the robustness of MNNs to cell sampling, we

randomly subsampled 80% of cells from each developmental system during organogenesis
& fetal development (except for notochord, which is a relatively rare cell type). We then
repeated our MNN approach on the subsamples and compared the resulting numbers of
MNNSs obtained for each edge to those obtained when using the full dataset. This process
was repeated 100 times for each developmental system. The resulting correlation coefficients
ranged from 0.92 to 0.99, with an average of 0.98 (Supplementary Fig. 27b). This
suggests that the MNNs we identified are robust to cell sampling.

Third, the k parameter is critical when using kNNs to identify MNNs between cell types.
The original k value was selected based on the log2-transformed median number of cells
across cell types (k = 10 neighbors for pre-gastrulation and gastrulation subsystems, k = 15
for organogenesis & fetal development subsystems). To determine the effect of k parameter

choice on the MNNs identified between cell types, we examined different k values (k = 5, 10,
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20, 30, 40, 50) for kNN to identify MNNs for each developmental system during organogenesis
& fetal development. We then compared the results to the original result, which was based
on k = 15. The resulting Spearman correlation coefficients ranged from 0.92 to 0.99, with
an average of 0.98 (Supplementary Fig. 27c). This suggests that the MNNs we identified

are robust to the choice of k parameter.

Data availability

All data used here have been made freely available via https://atlas.gs.washington.edu/jax/.
The data generated in this study can be downloaded in raw and processed forms from the
NCBI Gene Expression Omnibus under accession number GSE186069 and GSE228590. The
code used here has been provided from https://github.com/ChengxiangQiu/JAX _code. The
supplementary tables can be downloaded from here:

https://shendure-web.gs.washington.edu/content /members/cxqiu/public /nobackup /tmp/
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Figure 3.1: Figure 1. A single cell transcriptional timelapse of mouse development, from
gastrula to pup. a, Embryos were collected and precisely staged based on morphological features, including
by counting somite numbers (up to E10) and an automated process that leverages limb bud geometry (E10-
E15). b, Across 15 sci-RNA-seq3 experiments, we generated single nucleus profiles for 11.4M cells from
74 embryos spanning mouse development from late gastrulation to birth. ¢, The number (log2 scale) of
nuclei profiled at each timepoint. d, Embeddings of pseudo-bulk RNA-seq profiles of 74 mouse embryos in
PCA space with visualization of top three PCs. e, Composition of embryos from each 6-hr bin by major
cell cluster. The y-axis is scaled to the estimated cell number (log2 scale) at each timepoint (Methods).
f, 2D UMAP visualization of the whole dataset. Colors and numbers correspond to 26 major cell cluster

annotations.
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Figure 3.2: Figure 2. Transcriptional heterogeneity in the posterior embryo during the early
somitogenesis. a, Re-embedded 3D UMAP of 121,118 cells which were corresponding to posterior embryo
development during the early somitogenesis (somite counts 0-34; E8-E10). b, The same UMAP as in panel a,
colored by somite counts. ¢, Re-embedded 2D UMAP of cells from cluster 1 in panel a. d, The same UMAP
as in panel ¢, colored by gene expression of marker genes. e, 3D visualization of the top three principal
components (PCs) of gene expression variation in cells from cluster 1. f, Correlations between top three PCs
and the normalized expression of selected genes or somite counts. g, The same UMAP as in panel ¢, with
earlier and later NMPs highlighted. h, Re-embedded 2D UMAP of cells from cluster 2 in panel a. i, The
same UMAP as in panel h, colored by gene expression of marker genes. j, Re-embedded 2D UMAP of cells
from cluster 3 in panel a. k, The same UMAP as in panel j, colored by gene expression of marker genes. 1,
Left: the correlation between gene expression for the top highly variable genes and either PC1 of notochord
or PC1 of gut. Right: gene expression of selected genes involved in Wnt signaling are plotted over PC1 of
notochord or PC1 of gut. m, Left: the fold-change of the average expression for the top highly variable genes
between early vs. late NMPs, and the correlation between gene expression for the top highly variable genes
and PC2 of gut. Right: gene expression of selected genes (several Myc targets, Lin28a, Hsp90aal) are
plotted between early vs. late NMPs or over PC2 of gut.
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Figure 3.3: Figure 3. Diversification of the intermediate and lateral plate mesoderm. a, Re-
embedded 2D UMAP of 95,226 cells corresponding to renal development. b, The same UMAP as in panel
a, colored by developmental stage. ¢, Manually inferred relationships between annotated renal cell types. d,
Re-embedded 2D UMAP of 2,894 cells from connecting tubule cells and collecting duct cells. e, The same
UMAP as in panel d, colored by expression of marker genes. f, Re-embedded 2D UMAP of 745,494 cells
from lateral plate and intermediate mesoderm derivatives. g, To infer the spatial origin of each lateral plate
and intermediate mesoderm derivative, we leveraged a public spatial transcriptomes dataset, Mosta [32],
together with our data and the Tangram algorithm. The spatial mapping probabilities across voxels on

the E14.5 section for selected subtypes within the lateral plate and intermediate mesoderm derivatives are

shown.
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Figure 3.4: Figure 4. The timing and trajectories of retinal development. a, Re-embedded 3D
UMAP of 160,834 cells corresponding to the retinal development from E8 to P0. b, Rescaled proportion
of profiled cells (log2; y-axis) for each cell type shown in panel a, as a function of developmental time (x-
axis). ¢, Schematic of retinal cell types emphasizing the timing at which they first appear and their inferred
developmental relationships from E8-P0. d, Re-embedded 2D UMAP of retinal ganglion cells. Cells are
colored by either clusters or timepoint. e, The top 3 TF markers of the 15 clusters shown in panel d. Marker

TFs were identified using the FindAllMarkers function of Seurat/ v3.
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Figure 3.5: Figure 5. The emergence of neuronal subtypes from the patterned neuroectoderm.
a, Re-embedded 2D UMAP of 1,185,052 cells, corresponding to different neuroectodermal territories. b, Re-
embedded 3D UMAP of 1,772,567 cells from neuroectodermal territories together with derived cell types.
c, The same UMAP as in panel b, colored by timepoint. d, Composition of embryos from each 6-hr bin
by intermediate neuronal progenitor (left) and CNS neuron (right) major cell clusters. e, Re-embedded
2D UMAP of 296,020 cells (glutamatergic neurons, GABAergic neurons, spinal cord dorsal progenitors, and
spinal cord ventral progenitors) from stages < E13. f, The top 3 TF markers of the 11 spinal interneurons. g,
3D visualization of the top three PCs of gene expression variation in 11 spinal interneurons. h, Correlations
between top four PCs and timepoints (top row) or cell types (bottom row). i, The number of mutual nearest
neighbors (MNN) pairs between pairwise neuroectodermal territories (column) and their derivative cell types

(row). j, The same UMAP as in panel a, but with inferred progenitor cells colored by derivative cell type
with the most frequent MNN pairs.
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Figure 3.6: Figure 6. A data-driven tree relating cell types throughout mouse development,
from zygote to pup. a, Illustration of basis for edge inference heuristic. Re-embedded 2D UMAP of
101,001 cells from selected cell types within the “Blood” subsystem. Cells involved in MNN pairs that
bridge cell types are colored. b, Inferred lineage relationships between annotated cell types in panel a, with
corresponding color scheme. ¢, The % of inter-cell-type MNN cells (y-axis) over the total number of cells
profiled from embryos from the corresponding time bin. d, Additional illustration of basis for edge inference
heuristic. Re-embedded 2D UMAP of 71,718 cells from selected cell types within the “Gut” subsystem. e,
Inferred lineage relationships between annotated cell types in panel d, with corresponding color scheme. f,
The % of inter-cell-type MNN cells (y-axis) over the total number of cells profiled from embryos from the
corresponding time bin. g, A rooted, directed graph corresponding to a mouse development, spanning EO
to PO (yFiles Hiearchic layout in Cytoscape/v3.9.1). It includes 262 cell type nodes and 338 edges. Nodes
are colored and labeled by each of the 14 subsystems.
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Figure 3.7: Figure 7. Rapid shifts in transcriptional state occur in a restricted subset of
cell types upon birth. a, Re-embedded 2D UMAP of cells from three major cell clusters: hepatocytes,
adipocytes, and lung and airway. b, Systematically exploring which cell types exhibit abrupt transcriptional
changes before vs. after birth. ¢, A new scRNA-seq dataset (“birth-series”) was generated from nuclei
derived from nine individual pups from a single litter harvested shortly after delivery. d, For each major
cell cluster in the birth-series dataset, we took cells from the six pups delivered by C-section and calculated
a Pearson correlation coefficient between the timepoint of each cell and the average timepoints of its 10
nearest neighbors. e, Re-embedded 2D UMAP of cells from three major cell clusters, based on cells from six
pups delivered by C-section in birth series dataset: hepatocytes (n = 41,122 cells), adipocytes (n = 19,696
cells), and lung and airway (n = 7,986 cells). f, Average normalized gene expression of selected genes are
plotted between E18.75 vs. PO in the original data (top), and normalized gene expression of the same genes

are plotted as a function of C-section timepoints (bottom), for hepatocytes (left), brown adipocyte cells

(middle), and alveolar type 1 cells (right), respectively.
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Figure 3.8: Supplementary Figure 1. Embryos harvested between E8 and E10 were precisely

staged based upon somite counting. Harvested embryos were grouped into bins based on somite counting

and further characterized based upon morphological features. Stage-representative images are shown with

details of the main staging criteria for each coarse temporal bin listed. The approximately overlapping

Theiler Stage (TS) is also noted for reference.
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Figure 3.9: Supplementary Figure 2. After E10, embryos were precisely staged based on
morphological features. This was mainly done using the embryonic mouse ontogenetic staging system
(eMOSS), an automated process that leverages limb bud geometry to infer developmental stage . a,
For each temporal bin at 6-hr increments from E10.25-E11.75, an image of a stage-representative embryo is
shown. b, View of the craniofacial region of embryos shown in panel a demonstrates that limb bud staging
also recreates the ordered ontogenetic progression of craniofacial morphogenesis. ¢, For each temporal bin
at 6-hr increments from E12.0-E14.25, an image of a randomly selected embryo is shown. d, eMOSS is
able to stage F10.25-E4.75, after which limb morphology becomes too complex. The remaining timepoints
(E17.0-E18.75) were staged based upon gestational age. For each temporal bin at 6-hr increments from
E15.0-E18.75, an image of the hindlimbs of a randomly selected embryo is shown. e, For each temporal bin

at 6-hr increments from E15.0-P0, an image of a stage-representative embryo is shown.
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Figure 3.10: Supplementary Figure 3. Higher quality sci-RNA-seq3 data as generated by an
optimized protocol. a, Histograms of log2(UMI count) per single nucleus for each of 15 sci-RNA-seq3
experiments. b, Although most of the embryos from the same approximate stage (e.g. E14.0-E14.75) were
included in the same sci-RNA-seq3 experiment, we profiled extra nuclei in some experiments for a handful
of timepoints to ensure sufficient coverage. Here we sought to leverage those instances to check for potential
batch effects across experiments. For this, on the embedding learned from all of the data, we asked whether
these cells’ profiles are more similar to cells from the same experiment or, alternatively, cells from the same
time window. The percentages of the nearest neighboring cells from the two groups for individual cells are
presented in the histogram. In both examples, we observe that nearest neighbors are overwhelmingly cells
from a different experiment (but the same time window), rather than cells from the same experiment (but a

different time window).
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Figure 3.11: Supplementary Figure 4. Cells processed in different experiments are well-

integrated without batch correction. a, To further check for potential batch effects, we generated co-

embeddings of samples processed from adjacent timepoints in different experiments, without batch correction.

b, We also generated a co-embedding of cells from run 23 A (red) and run 23 B (green), which derived from

the same sci-RNA-seq3 experiment but were sequenced on different NovaSeq runs.
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as might be due to transcript

leakage) was assessed by examining hemoglobin and collagen transcripts. The distribution of the

number of reads mapping to each selected hemoglobin or collagen gene across cells, for the cell type that is

expected to express that gene at high levels (red) vs. all other cell types (blue). The mean UMI counts of

cells in each group are also reported.
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Figure 3.13: Supplementary Figure 6. Cell type annotations. For each of the 26 major cell
clusters, we performed subclustering and then annotated each of 190 subclusters using at least two literature-

nominated marker genes per cell type label (Supplementary Table 5).
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Figure 3.14: Supplementary Figure 7. A validation sci-RNA-seq3 dataset of mouse embryos
from somites 8 to 21. To validate findings related to differences between embryos staged with early vs.
late somite counts, particularly in NMPs, we profiled another 12 precisely staged mouse embryos, ranging
from 8 to 21 somites, in an independent sci-RNA-seq3 experiment. a, The number of cells profiled from
each embryo. b, 2D UMAP visualization of the validation dataset (all cell types). ¢, The same UMAP as
in panel b, with cells colored by somite count of the originating embryo. d, Re-embedded 2D UMAP of
9,686 cells from NMPs and spinal cord progenitors (cluster 11) and mesodermal progenitors ( Thz6+) (cluster
14) in panel b. Cells are colored by either the original annotation (top) or somite count (bottom). e, The
same UMAP as in panel d, colored by gene expression of marker genes: the neuroectodermal (Soz24) vs.
mesodermal (Tbz6+) fate[72]; the differentiation of bipotential NMPs (T4, Meis1-) towards either fate[218|
; earlier (Cdzl+) vs. later (HozalO+) NMPS. f, Within the cells shown in panel d, the proportion
of cells (y-axis) which express either Cdx! (top) or Hozal0 (bottom) are plotted as a function of somite

count of the originating embryo.
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Figure 3.15: Supplementary Figure 8. Transcriptional heterogeneity in the posterior embryo
during the early somitogenesis. a, The same UMAP as in Fig. 2h, colored by gene expression of marker
genes which appear specific to the subpopulation of notochord cluster that is Noto+, including posterior Hox
genes (Hoxc6, Hoxc8, Hoxall), and genes involved in Notch signaling (Hes7), Wnt signaling (Wnt3) and
mesodermal differentiation (Thz6). b, Cell proportions falling into the ciliated nodal cell cluster for embryos
with different somite counts. ¢, The same UMAP as in Fig. 2h, colored by gene expression of marker
genes which appear specific to the subpopulation of the notochord Noto- and more strongly Shh+, including
Sox10, Bmp3, Nrgl, and Erbb4. d, The same UMAP as in Fig. 2j, colored by gene expression of marker
genes which appear specific to the posterior gut endoderm, including 7T, Hoza7, Hoxb8, Hoxd13, and Hoxc9.
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Figure 3.16: Supplementary Figure 9. Checking the consistency of Npm1l signatures across
different batches. a, First, we downsampled the dataset to 1M cells using geosketch and performed k-
means clustering to ensure that each cluster contained roughly 500 cells. Second, we aggregated UMI counts
for cells within each cluster to generate 2,289 meta-cells, and normalized the UMI counts for each meta-
cell followed by log2-transformation. Third, we performed Pearson correlation between each protein-coding
gene and Npml, and selected genes with correlation coefficients > 0.6 (738 genes). Finally, we summed
the normalized UMI counts of these genes to calculate a Npm1 signature for individual cells. The resulting
Npm1 signatures are subsetted in four plots, from left to right: by sci-RNA-seq3 experiment, embryo harvest

date, litter of embryos, or shipment batch. b, Same as panel a, but further stratified by the top 10 abundant

major cell clusters.
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Figure 3.17: Supplementary Figure 10. Transcriptional heterogeneity in renal development.
a, The same UMAP as in Fig. 3a, colored by expression of marker genes which appear specific to anterior
intermediate mesoderm, posterior intermediate mesoderm, ureteric bud or metanephric mesenchyme. b,
The predicted absolute number (log2 scale) of cells of each renal cell type at each timepoint. ¢, The same
UMAP as in Fig. 3a, colored by expression of marker genes which appear specific to podocytes, proximal
tubule cells, ascending loop of Henle, distal convoluted tubule, collecting duct intercalated cells or collecting
duct principal cells. d, The same UMAP as Fig. 3a is shown three times, with colors highlighting cells
from before E18.75 (left), E18.75 (middle), or PO (right). e, The same UMAP as in Fig. 3a, colored by
expression of marker genes which appear specific to the ureteric bud tip or stalk . f, The same UMAP
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collecting duct cells \|
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Figure 3.18: Supplementary Figure 11. Transcriptional heterogeneity in mesenchyme. The
same UMAP as in Fig. 3f, colored by expression of marker genes which appear specific to lung mes-
enchyme (Tbx5+, Tbx4+), hepatic mesenchyme (Reln+), gut mesenchyme (Nkz2-3+), foregut mesenchyme
(Barz1+), amniotic mesoderm (Postn+), renal stromal cells (Foxd1+, Tcf21+), renal pericytes and mesan-
gial cells (Paz2+, Pax8+), meninges ( Vin+), airway smooth muscle cells ( Trpc6+, Tbx5+), gastrointestinal
smooth muscle cells (Nkz2-3+), proepicardium or mesothelium (Msln+). References for marker genes are

provided in Supplementary Table 12.
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Original References:

Image for Upk3b: Rudat C, PLoS One 2014

Image for Reln: Visel A, et al., Nucleic Acids Res. 2004
Other images: Diez-Roux G, et al., PLoS Biol. 2011
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Figure 3.19: Supplementary Figure 12. Published in situ hybridization (ISH) images support

our annotations of lateral plate and intermediate mesoderm derivatives. In each subpanel, three

rows are shown for one or two lateral plate and intermediate mesoderm derivative cell types. Notably, each

of these cell types was annotated based on spatial mapping analysis, as shown in Fig. 3g. Top: The same

UMAP as in Fig. 3f, colored by gene expression of marker genes which appear specific to the given cell type.

Middle: Virtual in situ hybridization (ISH) images of individual genes from one selected section (E1S1) from

E14.5 of the Mosta data. Bottom: In situ hybridization (ISH) images of individual genes were obtained from

the Jackson Laboratory Mouse Genome Informatics (MGI) website.
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Figure 3.20: Supplementary Figure 13. Assessing the potential origins of LPM subsets anno-
tated as renal pericytes and mesangial cells and renal stromal cells. a, Re-embedded 2D UMAP of
39,468 cells from renal pericytes and mesangial cells and renal stromal cells. b, Left: The same UMAP as in
panel a, colored by gene expression of marker genes which appear specific to renal pericytes and mesangial
cells (Paz2+, Eyal+) or renal stromal cells (Lrrigl +, Cfh+). Foxdl is expressed in a subset of both cell
types. Middle: Virtual in situ hybridization (ISH) images of individual genes from one selected section
(E1S1) from E14.5 of the Mosta data. Right: In situ hybridization (ISH) images of individual genes were
obtained from the Jackson Laboratory Mouse Genome Informatics (MGI) website. ¢, Re-embedded 2D
UMAP of 206,908 cells from renal pericytes and mesangial cells, renal stromal cells, anterior intermediate
mesoderm, posterior intermediate mesoderm, metanephric mesenchyme, and splanchnic mesoderm. d, The
average normalized expression of Foxdl over time is shown for renal pericytes and mesangial cells (top) and

renal stromal cells (bottom).
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Figure 3.21: Supplementary Figure 14. Spatial heterogeneity within the renal stromal cells.
Left: The same UMAP as in Supplementary Fig. 13a, colored by gene expression of marker genes which
appear specific to two subsets of renal stromal cells: medullary renal stromal cells (Zeb2+, Plcb1+) and
cortical renal stromal cells (Ntn14, Zbtb7c+, Sema3d+), respectively. Middle: Virtual in situ hybridization
(ISH) images of individual genes from one selected section (E1S1) from E14.5 of the Mosta data. Right:
In situ hybridization (ISH) images of individual genes were obtained from the Jackson Laboratory Mouse

Genome Informatics (MGI) website.
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Figure 3.22: Supplementary Figure 15. The emergence of mesenchymal subtypes from the

patterned mesoderm. a, The predicted absolute number (log2 scale) of cells of each mesoderm cell type

at each somite count. b, Re-embedded 2D UMAP of 110,753 cells from the selected cell types of mesoderm

(clusters 1-12 as listed in panel a) from 5-20 somite stage embryos. ¢, The same UMAP as in panel b,

but with inferred progenitor cells colored by derivative cell type with the highest mutual nearest neighbors

(MNN) pairing score. d, Normalized MNN pairing score between mesodermal territories (column) and their

inferred derivative cell types (row) from 5-20 somite stage embryos. e, Re-embedded 2D UMAP of 275,000

cells from the selected cell types of mesoderm (clusters 1-12 as listed in panel a) from 26-34 somite stage

embryos. f, The same UMAP as in panel e, but with inferred progenitor cells colored by derivative cell

type with the highest MNN pairing score. g, Normalized MNN pairing score between mesodermal territories

(column) and their inferred derivative cell types (row) from 26-34 somite stage embryos.
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Figure 3.23: Supplementary Figure 16. The timing and trajectories of retinal development.
a, Re-embedded 2D UMAP of 160,834 cells corresponding to the retinal development from E8 to P0. b,

The same UMAP as in panel a, colored by gene expression of marker genes for each annotated retinal cell

type. ¢, Re-embedded 2D UMAP of the subset of cells in panel a from stages before E12.5. d, The same

UMAP as in panel ¢, colored by gene expression of markers of retinal progenitor cells RPCs (Paz2+, Paz6+,
Raz+, Fgf15+)[222), RPE (Tyr+)[223], and the optic stalk (Paz2+, Vazl+, Raz-)[224]. e, The predicted

absolute number (log2 scale) of cells of each retinal cell type at each timepoint. f, Re-embedded 2D UMAP

of a subset of cells in panel a corresponding to eye field, RPE and CMZ. g, The same UMAP as in panel f,

colored by gene expression of marker genes for IPE \\ or pigment epithelium more generally (Tyr, Oca?2).
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Figure 3.24: Supplementary Fig 17. Marker gene expression for different neuroectodermal
territories. The same UMAP as in Fig. 5a, colored by gene expression of marker genes for each neuroec-

todermal territory. References for marker genes are provided in Supplementary Table 5.
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Figure 3.25: Supplementary Figure 18. Subtypes of intermediate neuronal progenitors, gluta-
matergic and GABAergic neurons. a, Re-embedded 2D UMAP of 628,251 cells within the intermediate
neuronal progenitors major cell cluster, colored by either cell type (top) or developmental stage (bottom).
b, The same UMAP as in panel a, colored by gene expression of marker genes which appear specific to
intermediate neuronal progenitors (Fomes+, Paz6+), upper-layer neurons (Sath2+, Poul3f2+, Pou3f3+),
deep-layer neurons (Tbr1+, Bell1b+, Fezf2+), or subplate neurons (Kcnabl+, Chrnab+, Syt6+, Foxp2+).
c, The same UMAP as in Fig. 5e, with cells colored by timepoints. d, Left: Neuronal subtypes shown in
Fig. 5e originate from anterior vs. posterior of neuroectoderm, and then subsequently display inhibitory vs.
excitatory functions after differentiation. Right: The same UMAP as in Fig. 5e, colored by gene expres-
sion of marker genes which appear specific to anterior (Otx2+)[226] vs. posterior (Hozb4+, Hoxd4+)[227]
origins, or inhibitory (Slc82a1+, Gadl+) \\ vs. excitatory (Slcl ’7a6+) functions.



177

VA3-A

f\ &
Anterior-A i

log10(Exp)
1.0
0.5
0.0
-0.5

b Pax6

% of cells

Slit1

log10(Exp)

1.0
0.5
0.0

d VA2-Astrocytes

UMAP 2

UMAP 1

MNN numbers
10.0

75
5.0
25

VA3-Astrocytes

MNN numbers
10.0

75
5.0
25

Figure 3.26: Supplementary Figure 19. Subtypes of early astrocytes and their inferred progen-

itors. a, Re-embedded 2D UMAP of 5,928 cells within the astrocytes from stages < E13. b, Composition

of embryos from each 6-hr bin by different subpopulations of astrocytes. ¢, The same UMAP as in panel a,

colored by gene expression of marker genes which appear specific to anterior (Otz2+) or posterior (Hoxbj +,

Hoxd4, Hoxc6+) astrocytes, VAl-astrocytes (Paz6+, Reln+), VA2-astrocytes (Paz6+, Reln+, Nkx6-1+,
Slit1+), and VA3-astrocytes (Nkxz6-1+, Slit1+)[193]. d, The same UMAP of the patterned neuroectoderm

as in Fig. 5a, with inferred progenitor cells of astrocytes colored by the frequency that has been identified

as a MNN with either VA2-astrocytes (left) or VA3-astrocytes (right).
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Figure 3.27: Supplementary Figure 20. The timing of neuronal subtype differentiation from
the patterned neuroectoderm. a, For those three cell types (cerebellar Purkinje cells, precerebellar
neurons, spinal dI6 interneurons) which were excluded in Fig. 5d-e due to having fewer than 50 MNN
pairs, we performed a recursive mapping. b, Gene expression across timepoints, for the specific TF markers
of spinal dI1 (left) or spinal dI5 (right) interneurons. c, Top: gene expression for 18 selected TF's, across
progenitor cells of dI1-5 from the neuroectodermal territories. Bottom, gene expression for 18 selected TFs
across 21 time bins for dl1-5 spinal interneurons in which the TF has been nominated as marker TF. d, For
each neuronal subtype in Fig. 5i-j, we selected the annotation in the patterned neuroectoderm to which
the most inferred progenitors had been assigned, and plotted the distribution of timepoints for that subset

of inferred progenitors.
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Figure 3.28: Supplementary Figure 21. Integration of scRNA-seq profiles from gastrulation
and early somitogenesis to identify equivalent cell type nodes across datasets generated by
distinct technologies. a, 1,155 edges with the number of normalized MNNs > 1 were manually reviewed
for biological plausibility. Histogram of edges that were accepted or rejected as a function of normalized
MNN score. b, 2D UMAP visualization of co-embedded cells, derived both from a gastrulation dataset
based on cells from E6.5 to E8.5 generated on the 10x Genomics platform (n = 108,857 cells) and the
earliest 1% of this dataset (0-12 somite stage embryos) generated by sci-RNA-seq3 (n = 153,597 nuclei), after
batch correction[51]. ¢, The same UMAP as in panel b is shown twice, with colors highlighting cells/nuclei
from Pijuan-Sala’s dataset[L3] (top) or early somitogenesis[152] (bottom). d, For cells from the original
Pijuan-Sala’s dataset, we quantify and display the overlap between the original annotations and the new
annotations shown in panel b. e, For nuclei from the early somitogenesis embryos[152], we quantify and

display the overlap between the original annotations and the new annotations shown in panel b.
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Figure 3.29: Supplementary Fig 22. Systematic nomination of TFs and other genes for cell
type specification. a, A Waddington landscape cartoon illustrating how a cell type transition might be
broken into three phases. b, Given a directional edge between two nodes, we identified the inter-node and
intra-node MNNs. ¢, Histograms of the number of edges in which TFs are differentially expressed. d, Same
as panel ¢, but for all genes rather than only TFs. e, Re-embedded 2D UMAP of 988 cells participating
in groups 1-4 of the transition from anterior primitive streak to definitive endoderm. f, For cells in panel
e, normalized gene expression of selected genes are plotted as a function of estimated pseudotime. g, A
sub-graph of Fig. 6g, including hematopoietic stem cells (Cd3/+) and 12 cell type nodes which appear
derived from it. h, Re-embedded 2D UMAP of 37,750 cells from hematopoietic stem cells (Cd34+), colored
by developmental stage. i, The same UMAP as in panel h, but with inferred progenitor cells. j, The same
UMAP as in panel h, colored by gene expression of selected top key TFs which were upregulated during the

“early transition” for each derivative.
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Figure 3.30: Supplementary Figure 23. Rapid shifts in transcriptional state occur in a re-
stricted subset of cell types upon birth, and differ between vaginally and C-section delivered
pups. a, The number of nuclei profiled for each animal shown in Fig. 7c. b, 2D UMAP visualization of the
birth-series dataset (n = 962,697 cells). ¢, Re-embedded 2D UMAP of 19,696 cells of the adipocyte major
cell cluster. d, Re-embedded 2D UMAP of 7,986 cells of the lung and airway major cell cluster. e, For these
three major cell clusters, we co-embedded cells from three vaginally delivered pups and six pups delivered
by C-section. For cells from each of the three vaginally delivered pups, we calculated the number of their

10 nearest neighbors from other samples. f, Re-embedded 2D UMAP of cells from these three major cell
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Figure 3.31: Supplementary Figure 24. Three-step doublet detection workflow for sci-RINA-

seq3 experiments. a, We performed three steps to detect and remove potential doublets from each single

sci-RNA-seq3 experiment (Methods). The percentage of cells detected and removed as doublets by each of

the three steps in individual sci-RNA-seq3 experiments is shown. b, The labeled cell partitions for each of

six selected experiments are shown, after removing doublets from the first two steps.



183

a (E11.0, E11 ';g*é% 5, E11.75) c Top 10 gene markers for partition 3

log10(values + 0.1)

05101520

Col3al

Companent2

Cacnalc

b Subclusters detected in partition 4

Component 2

Comperenz

doublet-driven
subcluster

0.0 05 10
Component 1

Conganen

Top 10 gene markers for partition 4

log10(values + 0.1) _

05101520

soe o BB Doublet score

Pdgfc

o

d doublets detected by strategy 3
~N

Component 2
o

o
@

R
?’_‘ "y x 12

o
Component 1

Figure 3.32: Supplementary Figure 25. Example of detection of doublet-driven subclusters
via step 3. a, Re-embedded 2D UMAP of 986,264 cells from experiment run 16, after removing doublets
detected in the first two steps. Cells were colored by each of the 12 partitions detected by the partitionCells
function implemented in Monocle/3-alpha. b, Re-embedded 2D UMAP of cells from partition 4, with cells
colored by subclusters. The same UMAP is shown below, with cells colored by doublet score calculated
by Scublet. ¢, The same UMAP as in panel b, colored by the normalized gene expression of the top 10
differentially expressed genes in either partition 3 (top) or partition 4 (bottom). d, The same UMAP as in
panel a, highlighted by doublets detected in step 3 (red).
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Figure 3.33: Supplementary Figure 26. Quantitatively estimating cell number for individual
mouse embryos as a function of developmental stage. a, Based on the experimentally estimated cell
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a curve across embryos between the embryonic day and log2-scaled cell number. PO was treated as E19.5
in the model. b, The estimated “doubling time” of the total cell number in a whole mouse embryo are
plotted as a function of timepoints. The timepoints with the longest (E17.0) and shortest (E8.5) estimated
“doubling times” are highlighted.



185

a All Cells from E8.0 to E10.0 Cells from E13.0 to E13.75
100 100 100
1% 1% 123
g g g
s 75 s 75 s 75
B B 8
different embryos
z 50 z 50 2 50 I same embryos
3 3 8
%] [} 1%}
z z P4
z z z
% 25 ?6 25 § 25
ES ES ES
0 0 0
EL QST S 2 >EQGETDE ELQSTS 2 »EQETE EL Q582 >ETQETE
S3838588585%E S3835388585%8E 383588585 EE
T ° W >583mT_-T ° 2 S >323m3 -3 T ° n 5383 3cmo 2T
£ 8 g22x3 g£83 £ 8 gz8x¥ g3 2Eg £ S zoxx 3" £7T 3
o B o o 0] = QO o @ oo 1] = [ o O £ o
[} © °
25 2 2 £ §8&= 2 2 9 E §8= 2 £ 2 E g8§&=
w s a o) S & w s a @ S & w ‘s < [) S 5
v 5 2 fiv 5 2 fim L5 o}
3 2§ s Z£ s Z£
® @ B @ ® @
2 2 2
0 Q 5 3 8
Zz N
bz2 c
s3
5% 1.00 - o ) o
* C $ + + » Blood Brain & spinal cord Endothelium Epithelial cells Eye Gut
hele) [ ] z
o= Z 1.00
N O 0.98 [ X ]
ER: ' W T 2 ° °%%° °
ES 5 x 098 e®00 o0 ° 00,
s o *T .. ® L @
£ 096 35 096 L °
5% 82 o o ® o ® )
5% 50 [ ] ° kin kNN
£ 2 094 ° ER 094 ®5
- L] ©
[ ? 2< ® 10
3 S . .
§§ 0.92 L EE Lateral plate PNS glia PNS neurons Kidney ® 20
L 05D 82 >ETJYETDE o 1.00 [ X X 30
5] E2 28 9 2 S [ 1] [ L]
£g 2306955258885 & e®%%0 YY) e%e o 40
gz £3 823882858 T§ oo ° .... o
Q© o B o o o3 a8 2
[R] R =z % € 8 &= g% 0.96 .... o
wea T g 3= ge -
o c
. Z3 5 094 °
[ [ o
8 @ Q
5 51020304050 51020304050 51020304050 51020304050 51020304050 51020 3040 50

kin kNN

Figure 3.34: Supplementary Figure 27. The MNN approach used for graph construction is
robust to subsampling and choice of the k parameter. a, The percentage of MNNs between different
cell types, from the same embryo (blue) or from different embryos (red), is shown for each developmental
system during organogenesis and fetal development, for all cells (left), cells from E8.0 to E10.0 (middle), or
cells from E13.0 to E13.75 (right). b, The Spearman correlation coefficients of the normalized number of
MNNSs between cell types, comparing random subsampling of 80% of the cells to the full set of cells. The
subsampling was repeated 100 times. The number of MNNs between cell types were normalized by the total
number of possible MNNs between them. ¢, The Spearman correlation coefficients of the normalized number
of MNNs between cell types, comparing various choices for k parameter (k = 5, 10, 20, 30, 40, 50) and the
choice of k parameter (k = 15) when applying kNN to the developmental systems during organogenesis and
fetal development. The number of MNNs between cell types were normalized by the total number of possible

MNNSs between them.
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Chapter 4

SINGLE CELL, WHOLE EMBRYO PHENOTYPING OF
MAMMALIAN DEVELOPMENTAL DISORDERS
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Valerie Gailus-Durner, Natja Haag, Rene Hagerling, Nils Hansmeier, Friederike Hennig,
Cooper Marshall, Sudha Rajderkar, Alessa Ringel, Michael Robson, Lauren Saunders, Patri-
cia da Silva-Buttkus, Nadine Spielmann, Sanjay R. Srivatsan, Sascha Ulferts, Lars Wittler,
Yiwen Zhu, Vera M. Kalscheuer, Daniel Ibrahim, Ingo Kurth, Uwe Kornak, Axel Visel, Len
A. Pennacchio, David R. Beier, Cole Trapnell, Junyue Cao #, Jay Shendure #, Malte Spiel-
mann #, “Single cell, whole embryo phenotyping of mammalian developmental disorders 7,

Nature (in press), 2023.

x: co-first authors; #: corresponding authors

This is the most collaborative project I have worked on during my PhD. It was a “multi-
national” collaboration involving people from Seattle, New York, and Germany. We met
every Thursday at 8am for three years. I am deeply grateful to everyone who contributed
to this project, including Jay, Malte, and Jun, who designed and supervised the project,
and Fanny, Jana, and Varun, who analyzed the data and performed validation experiments.

Their insights and hard work made this project possible.
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Perturbation experiments and data are an important research direction for the future.
They can help us understand how cellular lineages and trajectories change in response to
regulators or other factors (e.g. the environment). This requires new technologies that can
profile a sufficient number of replicates, efficiently test many candidates in an experiment,
and avoid potential technical noise (e.g. batch effects). On the other hand, it also requires
new computational methods. As I introduced in the first chapter, there are many new
methods that have been developed to address this question. However, I believe there is still
room for improvement. Finally, I learned that validation experiments are essential for the

interpretation of single-cell data analysis results.

More formally, the author contributions are listed in the manuscript as follows: J.C.,
M.S. and J.S. conceptualized, supervised and funded the project. D.R.B., W.C.; A.D.,
D.E.D., N.Haag, D.I., LK., F.H.,, V.M.K., UK., L.A.P., SR., AR., M.R., A V. LW. and
Y.Z. provided mouse embryos. J.C. and J.H. extracted and fixed the nuclei from embryos
and performed the sci-RNA-seq experiment. S.U., R.B., R.H., N.Hans and J.H. performed
RNAscope experiment and image analysis. M.H.A., V.G-D. and H.F. supervised and coor-
dinated the Ttc21b and Gli2 validation experiment; O.V.A. and P.S.B. performed embryo
staining, O.V.A., P.S.B and J.H. performed data analysis and interpretation of the Ttc21b
and Gli2 validation experiment. X.H., C.Q., J.H., V.S. and S.B. performed all computational
analyses. C.M. created the interactive webpage with guidance from X.H. and J.S. M.D., L..S.,
S.S. and C.T. provided assistance with data analysis and results interpretation. X.H., C.Q.,
J.H. and V.S. wrote the first draft of the manuscript, which was finalized together with J.C.,

M.S. and J.S. and input from all authors.

Abstract

Mouse models are a critical tool for studying human diseases, particularly developmental

disorders[230]. However, conventional approaches for phenotyping may fail to detect sub-
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tle defects throughout the developing mouse[231]. Here we set out to establish single cell
RNA sequencing (sc-RNA-seq) of the whole embryo as a scalable platform for the systematic
phenotyping of mouse genetic models. We applied combinatorial indexing-based sc-RNA-
seq[15] to profile 101 embryos of 22 mutant and 4 wildtype genotypes at embryonic stage
E13.5, altogether profiling over 1.6M nuclei. The 22 mutants represent a range of anticipated
severities, from established multisystem disorders to deletions of individual enhancers[232,
233]. We developed and applied several analytical frameworks for detecting differences in
composition and/or gene expression across 52 cell types or trajectories. Some mutants ex-
hibit changes in dozens of trajectories while others only in a few cell types. We also identify
differences between widely used wildtype strains, compare phenotyping of gain vs. loss of
function mutants, and characterize deletions of topological associating domain (TAD) bound-
aries. Intriguingly, some changes are shared among mutants, suggesting that developmental
pleiotropy might be “decomposable” through further scaling of this approach. Overall, our
findings show how single cell profiling of whole embryos can enable the systematic molecular
and cellular phenotypic characterization of mouse mutants with unprecedented breadth and

resolution.

4.1 Introduction

For over 100 years, the laboratory mouse (Mus musculus) has served as the quintessential
animal model for studying human diseases|230]. For developmental disorders in particular,
mice have been transformative, as a mammalian system that is nearly ideal for genetic

analysis and in which the embryo is readily accessible[234].

At its inception, mouse genetics relied on spontaneous or induced mutations resulting in
visible physical defects that could then be mapped. However, gene-targeting techniques later

paved the way for “reverse genetics”, e.g. analyzing the phenotypic effects of intentionally
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engineered mutations[234]. Through systematic efforts such as the International Knockout
Mouse Consortium, knockout models are now available for thousands of genes[235]. Fur-
thermore, with genome editing|236| [237], it is increasingly practical to delete individual

regulatory elements|238].

Phenotyping has also grown more sophisticated. Conventional investigations of develop-
mental syndromes typically focus on one organ at a specific stage, e.g. combining expression
analyses, histology, and imaging to investigate a visible malformation[230]. The Mouse
Clinic, involving a battery of standardized tests, reflects a more systematic approach[239],
but phenotypes detected through such tests (e.g., behavioral, electrophysiological) may re-
quire years of additional work to link to molecular and cellular correlates. Furthermore, it
is often the case that an intentionally engineered mutation results in no detectable abnor-
mality[240]. In such instances, it remains unknown whether there is truly no phenotype,
or whether the methods used are simply insufficiently sensitive. In sum, phenotyping has

become ‘“rate limiting” in mouse genetics.

Single cell molecular profiling offers a potential path to overcome such barriers. As a first
step, we and others have applied sc-RNA-seq to profile wildtype mouse development at the
scale of the whole embryo[15, |54} 55, |13} [14]. Applying sc-RNA-seq to mouse mutants, several
groups have successfully unraveled how specific mutations affect transcriptional networks and
lead to altered cell fate decisions in individual organs|241]. However, there is still no clear

framework for analyzing such data at the whole embryo scale.

4.2 Single-cell RNA-seq of 101 mouse embryos

We set out to establish whole embryo sc-RNA-seq as a scalable framework for the system-

atic molecular and cellular phenotyping of mouse genetic models. We collected 103 mouse
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embryos, including 22 different mutants and four wildtype strains at embryonic stage E13.5,
and generally four replicates per strain (Fig. 1a). Mutants were chosen to represent a
spectrum of phenotypic severity ranging from established pleiotropic disorders to knockouts

of individual regulatory elements.

We grouped mutants into four categories (Supplementary Table 1, Fig. 1a):

1. pleiotropic mutants: knockouts of developmental genes expressed in multiple organs
(Ttc21b KO, Carm1 KO, Gli2 KO), and two mutations of the Soz9 regulatory land-
scape suspected to have pleiotropic effects (Sozx9 TAD boundary KI; Soxz9 regulatory
INV)[233] 242, 243, 244].

2. developmental disorder mutants: intended to model specific human diseases (Scnila

GOF, Ror2 KI, Gorab KO, Cdkl5 -/Y)|245, [246, [247].

3. mutations of loci associated with human disease (Scni10a/Senila DKO, Atp6v0a2 KO,
Atp6v0a2 R755Q, Fatl TAD KO)[248] 249].

4. prospective deletions of cis-regulatory elements, including of TAD boundaries near
developmental transcription factors (Smad3, Tbx5, Neurog2, Siml, Smad7, Dmrtl,
Tbz3, Twist1)[232].

As a positive control, this category includes a ZRS distal enhancer (Zone of polarizing ac-
tivity Regulatory Sequence) KO mutant, which specifically fails to develop distal limb struc-
tures|250]. Except for Senfia GOF, all mutants were homozygous.

The 103 flash-frozen embryos (26 genotypes x 4 individuals; one embryo lost in transport),
were sent by five groups to a single site and subjected to sci-RNA-seq3|15]. After doublet
filtering, we profiled 1,671,245 nuclei (16,226 +/- 9,289 per embryo; 64,279 +/- 18,530 per
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strain; median UMI count: 843/cell; median genes detected: 534; 75% duplication rate).

Below we refer to this dataset as the mouse mutant cell atlas (MMCA).

Applying principal components analysis (PCA) to “pseudobulk” profiles of the embryos
resulted in two groups corresponding to genetic background (Fig. 1b), with FVB embryos
clustering separately from C57BL/6J, G4, and BALB/C embryos. However, embryos corre-
sponding to individual mutants did not cluster separately, suggesting none were affected with
severe, global aberrations. A single outlier (104) was aberrant with respect to cell recovery

(n = 1,047) and appearance (Supplementary Fig. 1a).

To validate staging, we leveraged our previous mouse organogenesis cell atlas (MOCA),
which spans E9.5 to E13.5[15]. PCA of pseudobulk profiles of 61 wildtype embryos from
MOCA resulted in a first component (PC1) strongly correlated with developmental age (Fig.
1c). Projecting pseudobulk profiles of the 103 MMCA embryos to this embedding resulted
in the vast majority of MMCA embryos clustering with E13.5 MOCA embryos along PC1,
consistent with accurate staging. However, five MMCA embryos appeared closer to E11.5 or
E12.5 MOCA embryos. Four of these were retained as their delay might be explained by their
mutant genotype, while one wildtype embryo (C57BL/6; 41) was designated a second outlier.
We removed cells from the two outlier embryos (104; 41) as well as cells with high proportions
of reads mapping to the mitochondrial genome (>10%) or ribosomal genes (>5%). This left
1,627,857 cells, derived from 101 embryos (Fig. 1d).

To facilitate data integration, we projected cells from all genotypes to a wildtype-derived
“reference embedding” (Supplementary Fig. 1b,c; Methods). Altogether, we identified
13 major trajectories, 8 of which were further stratified into 59 sub-trajectories (Fig. 1e;
Supplementary Fig. 2a; Supplementary Table 2), generally covering the expected
cell trajectories at this stage of development. These were also generally consistent with our

annotations of MOCA, albeit with some corrections as described elsewhere[18] [152]. Greater
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granularity for some cell types is likely a consequence of the deeper sampling of E13.5 cells

in these new data (Supplementary Fig. 2b).

4.3 Mutant-specific differences in cell type composition

In analyzing these data, we pursued three approaches: 1) quantification of gross differences
in cell type composition (this section); 2) investigation of more subtle differences in the
distribution of cell states within annotated trajectories and sub-trajectories; and 3) analysis

of the extent to which phenotypic features are shared between mutants.

To systematically assess cell type compositional differences, we first examined the pro-
portions of cells assigned to each of 13 major trajectories. These proportions were mostly
consistent across genotypes (Supplementary Fig. 3a), but some mutants exhibited sub-
stantial differences. For example, compared to C57BL/6 wildtype, the proportion of cells in
the neural tube trajectory decreased from 37.3% to 33.7% and 32.6% in the Gli2 KO and
Ttc21b KO strains, respectively, while the proportion of cells in the mesenchymal trajectory
decreased from 44.1% to 37.1% in the Gorab KO strain. These changes are broadly con-
sistent with the gross phenotypes associated with these mutations|251, [242} 247], but are
caveated by substantial interindividual heterogeneity (Supplementary Fig. 3b). We also
observe differences in major trajectory composition between the four wildtype strains. For
example, FVB and G4 wildtype mice consistently had fewer mesenchymal and more neural
tube cells than BALB/C and C57BL/6 wildtype embryos (Supplementary Fig. 3c). We
further checked for technical effects (e.g. experimental batch) that might confound cell type

recovery rates (Supplementary Fig. 4a-c).

We next sought to investigate compositional differences at the level of sub-trajectories.

For each combination of background and sub-trajectory, we performed regression to iden-
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tify mutations that were nominally predictive of the proportion of cells falling in that sub-
trajectory (uncorrected p-value < 0.05; beta-binomial regression; Methods). Across 22 mu-
tants, this analysis highlighted 300 nominally significant changes (Fig. 2a; Supplementary
Table 3). Due to the limited number of replicate embryos per strain, our power to defini-
tively call such changes is limited, particularly in the smaller trajectories (Supplementary

Fig. 4d; Methods). Nevertheless, two patterns are noteworthy:

First, Atp6v0a2 KO and Atp6v0a2 R755Q, distinct mutants of the same gene[248], ex-
hibit highly consistent patterns of change, both with respect to which sub-trajectories are
nominally significant as well as the direction and magnitude of changes. The consistency

supports the validity of this analytical approach.

Second, mutants varied considerably with respect to the number of sub-trajectories
nominally significant for compositional differences. At the higher extreme, 30 of 54 sub-
trajectories were nominally altered by the Sox9 regulatory INV mutation, consistent with
the wide-ranging roles of Soz9 in development[252, 253]. At the lower extreme, TAD bound-
ary knockouts exhibited very few changes, consistent with the paucity of gross phenotypes
in such mutants[232]. Nonetheless, all TAD boundary knockouts did show some nominal
changes, including specific ones, e.g. the lung epithelial and liver hepatocyte trajectories

were specifically decreased in Dmrtl and Tbz3 TAD boundary KOs, respectively.

There were a few extreme examples, e.g. where a sub-trajectory appeared to be fully lost.
For example, Ttc21b, which encodes a cilial protein and whose knockout is associated with
brain, bone and eye phenotypes|254) 242|, exhibited a dramatic reduction in retinal neuron
(log2(ratio) = -7.16) (Fig. 2b), lens (log2(ratio) = -2.40) and retina epithelium (log2(ratio)
= -1.65) trajectories (Supplementary Fig. 5a-c). Validations via H&E staining support
these patterns, as the homozygous Ttc21b mutant exhibits a visible collapse in structures

that are detectable within the wildtype eye at E13.5. Specifically, the retinal neurons, lens
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and optic nerve were missing in the homozygous mutant (Fig. 2c). The retinal epithelium

was delocalized and reduced as well (Fig. 2c; Supplementary Fig. 5c¢).

We next examined the positive control, the ZRS limb enhancer KO, a well-studied mu-
tant which shows a loss of the distal limb structure at birth[250]. Eight sub-trajectories were
nominally altered in this mutant, mostly mesenchymal. Although the reduction in limb mes-
enchymal cells was modest (24% or log2(ratio) = -0.39), co-embedding of limb mesenchyme
cells from ZRS limb enhancer KO and FVB wildtype embryos identified a subpopulation that
specifically expressed markers of the distal mesenchyme of the early embryonic limb bud, such
as Hozal3 and Hoxd13, that was markedly affected (Fig. 2d-e; Supplementary Fig. 5d).
Such heterogeneity was not observed for the seven other nominally altered sub-trajectories

(Supplementary Fig. 5e), consistent with the specificity of this phenotype.

4.4 LochNESS analysis reveals differences in transcriptional state within cell
type trajectories

We next sought to develop a more sensitive approach for detecting deviations in transcrip-
tional programs within cell type trajectories. For this, we developed “lochNESS” (local
cellular heuristic Neighborhood Enrichment Specificity Score), a score calculated based on
the “neighborhood” of each cell in a sub-trajectory co-embedding of a given mutant (all
replicates) vs. a pooled wildtype (all replicates of all backgrounds). Briefly, lochNESS takes
aligned PC features of each sub-trajectory and finds k-NNs for each cell from other embryos.
For each mutant cell, we compute the fold-change of the observed vs. expected number of
mutant cells in its neighborhood (Fig. 3a; Methods; similar methods developed indepen-
dently by Dann and colleagues[255]).

Visualization of lochNESS in the embedded space highlights areas with enrichment or
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depletion of mutant cells. For example, returning to the ZRS limb enhancer KO embryos,
we observe markedly low lochNESS in the distal mesenchyme of the early embryonic limb bud
(Fig. 3b; Fig. 2d). This highlights the value of lochNESS, as within a sub-trajectory (limb
mesenchyme), an effect is both detected and assigned to a subset of cells in a label-agnostic

fashion.

Globally, the distribution of lochNESS is unremarkable for some mutants (e.g. most
TAD boundary KOs) but aberrant for others (e.g. pleiotropic mutants such as Soz9 regula-
tory INV) (Supplementary Fig. 6a). After performing additional quality control checks
(Supplementary Fig. 6b-d; Methods), we examined lochNESS for each mutant in each
sub-trajectory. Consistent with earlier analyses, we observe low lochNESS for the retinal
neuron sub-trajectory in Ttc21b KO mice (Fig. 3c; Supplementary Fig. 6e). We also
observe a strong shift towards low lochNESS for the floor plate sub-trajectory in Gli2 KO
mice, and a subtle change for the roof plate trajectory, which is forming opposite to the floor
plate along the D-V axis of the developing neural tube (Fig. 3c; Supplementary Fig.
6e)[256).

To explore this further, we extracted and reanalyzed cells corresponding to the floor
plate and roof plate (Supplementary Fig. 7a). Within the floor plate, Gli2 KO cells
consistently exhibited low lochNESS (Fig. 3d). However, there were only a handful of
differentially expressed genes between wildtype and mutant, and no significantly enriched
pathways. For example, genes like Robol and Slitl, involved in neuronal axon guidance,
are specifically expressed in the floor plate relative to the roof plate (Fig. 3e), but are not
differentially expressed between wildtype and Gli2 KO cells of the floor plate. Alternatively,
our failure to detect substantial differential expression may be due to power, as there were
fewer floor plate cells in the Gli2 KO (60% reduction). Overall, these observations are
consistent with the established role of G[:2 in floor plate induction, its role as activator of

Shh in dorso-ventral patterning of the neural tube and the previous demonstration that Gli2
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knockouts fail to properly induce a floor plate[257, 256).

Less expectedly, we identified two subpopulations of roof plate-derivative cell types, one
depleted and the other enriched in Gli2 KO embryos (Fig. 3d; Supplementary Fig. 7a-
c). To annotate these subpopulations, we examined genes whose expression was predicted
by lochNESS (Methods). The mutant-enriched group of roof plate cells was marked by
cilial genes and Ttr, a marker for choroid plexus, while the mutant-depleted group was
marked by Wnt-related genes (e.g. Rspol/2/3 and Wnit3a/8b/9a) indicating it to be a
region close to the choroid plexus of the lateral ventricle, namely the cortical hem (Fig.
3e; Supplementary Fig. 7d; Supplementary Table 4-5). We also mapped the three
clusters shown in Supplementary Fig. 7a to spatial transcriptomic data from E13.5 mouse
embryos (E13.5)[32] (Supplementary Fig. Te). Supporting our annotations, cluster 1
mapped to the floor of the neural tube, cluster 2 next to the lateral ventricle choroid plexus
(ChP), and cluster 3 to the ChP, both in the lateral (anterior) and 4th (posterior) ventricles.
We then examined marker genes that further separate lateral ventricle and 4th ventricle
of ChP and found that in addition to roof plate marker Lmzla, cluster 3 expresses 4th
ventricle marker Meis1 while cluster 2 expresses lateral ventricle markers Otz and Emaz2

(Supplementary Fig. 7f; Supplementary Table 4).

To experimentally validate these observations, we examined developmental progression of
the neural tube and brain in E13.5 Gli2 KO mutant and wildtype embryos. In coronal sec-
tions of the mutant, we observed severe developmental defects including deformed forebrain
lobes and delayed neural tube development (Supplementary Fig. 8a). Immunofluores-
cence imaging of Pax6 revealed a severely disturbed shape of the neural tube, confirming the
well-described “dorsalization” phenotype of the neural tube (Supplementary Fig. 8b),
and consistent with marked reductions in the proportion of floor plate cells in the GIli2 KO
mutant (Fig. 3d). Turning to the less expected observation of increased ChP, we found

the lateral ventricle as well as the 4th ventricle displayed a disturbed Ttr staining pattern.
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While the wildtype shows inner and outer Ttr signal within the single cell layer, the mu-
tant displayed a ‘double dapi’ layer, indicating a disordered tissue organization (Fig. 3f;
Supplementary Fig. 8c,d). Adjusting for the overall smaller size of Gli2 KO mutants
at E13.5, we quantified Ttr-positive cells in the lateral and 4th ventricle, and found a pro-
portional increase in the mutant relative to wildtype (Supplementary Table 6), again
consistent with the marked increase in the proportion of ChP cells in this mutant (Fig. 3d).
In summary, we could confirm both the expected reduction in floor plate and the unexpected
increase in roof plate-derived ChP in the mutant. Of note, the relatively subtle and opposing
effects on these roof plate subpopulations were missed by our original analysis of cell type

proportions, and only uncovered by the granularity of lochNESS.

LochNESS distributions can be systematically screened to identify sub-trajectories ex-
hibiting mutant-specific shifts. For example, while all TAD boundary KO mutants have
similarly unremarkable global lochNESS distributions, when we plot these distributions by
sub-trajectory, a handful of shifted distributions are evident (Supplementary Fig. 9a,b).
For example, multiple epithelial sub-trajectories, including pre-epidermal keratinocyte, epi-
dermis, branchial arch, and lung epithelial trajectories, are most shifted in Thz3 TAD bound-
ary KO cells, with further analyses preliminarily supporting a role for 7bz3 in epidermal
and lung development (Supplementary Fig. 9c,d; Supplementary Table 7; Meth-
ods)[258].

4.5 Identification of mutant-specific and mutant-shared effects

Pleiotropy, wherein a single gene influences multiple, unrelated traits, is a pervasive phe-
nomenon in developmental genetics, and yet remains poorly understood|259]. Although here
we have “whole embryo” molecular profiling of just 22 mutants, we sought to investigate

whether we could distinguish between mutant-specific and mutant-shared effects within each
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major trajectory. In brief, within a co-embedding of cells from all embryos from a given back-
ground, we computed £-NNs as in Fig. 3a, and then calculated the observed vs. expected
ratio of each genotype among a cell’s k-NNs. The “similarity score” between one genotype vs.
all others is defined as the mean of these ratios across cells of the genotype (Methods). To
assess whether any observed similarities or dissimilarities are robust, we can also calculate
similarity scores between individual embryos. For example, for the mesenchymal trajec-
tory of C57BL/6 mutants, similarity scores are generally higher for pairwise comparisons
of individuals with the same genotype (Fig. 4a; Supplementary Fig. 10a-c). Pairs of
individuals with the Scnlla GOF mutation exhibited the most extreme similarity scores,
consistent with our earlier observation that they clustered with E12.5 rather than E13.5 em-
bryos (Fig. 1c). Upon further analysis, we believe that the most parsimonious explanation
is incorrect staging of these litters, rather than mutation-specific, global developmental delay

(Supplementary Note 1; Supplementary Fig. 10d-g).

We also observed that the similarity scores between three mutants (Atp6v0a2 KO, Atp6v0a?2
R755Q, Gorab KO) were consistent with shared effects, in the mesenchymal, epithelial, en-
dothelial, hepatocyte and neural crest (PNS glia) trajectories in particular; in other main
trajectories, such as neural tube and hematopoiesis, Atp6v0a2 KO and Atp6v0a2 R755Q
exhibited high similarity scores with one another, but not with Gorab KO (Fig. 4a; Sup-
plementary Fig. 10a,c,f). In human patients, mutations in ATP6VOA2 and GORAB
cause overlapping connective tissue disorders, which is reflected in the misregulation of
the mesenchymal trajectory of Atp6v0a2 and Gorab mutants[247, 248]. However, only
the ATP6V0A2-related disorder displays a prominent CNS phenotype, consistent with the
changes in the neural tube trajectory seen only in Atp6v0a2 mutants (Supplementary Fig.

10a,c,f).

To further explore phenotypic sharing between these mutants, we co-embedded cells of the

lateral plate & intermediate mesoderm sub-trajectory from C57BL/6 strains. We resolved
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the identity of most sub-clusters using marker genes and spatial mapping, identifying multiple
subsets where Atp6v0a2 KO, AtpbvOa2 R755Q and Gorab KO mice are similarly distributed
compared to other C57BL/6 genotypes (Fig. 4b; Supplementary Fig. 11). Some
subsets are enriched for cells from these mutants (e.g. proepicardium, hepatic mesenchyme,
lung mesenchyme) while others are depleted (e.g. gastrointestinal smooth muscle) (Fig.
4c,d; Supplementary Table 4). Although individually subtle, the consistent shifts in cell
type proportions between the two Atp6v0a2 and Gorab KO mutants across these subsets
of lateral plate mesoderm-derived mesenchyme presumably underlie their high mesenchymal

similarity scores (Fig. 4c).

Altogether, these analyses illustrate how the joint analysis of mutants subjected to whole
embryo sc-RNA-seq can reveal sharing of molecular and cellular phenotypes. This includes
global similarity (Atp6v0a2 KO vs. Atp6v0a?2 R755Q) as well as instances in which specific
aspects of phenotypes are shared between previously unrelated mutants (Atp6v0a2 mutants

vs. Gorab KO).

4.6 Global developmental defects in Sox9 regulatory mutant

About half of the mutants profiled here model disruptions of regulatory, rather than cod-
ing, sequences. Among these, the Soz9 regulatory INV mutant stands out in having a
dramatically shifted lochNESS distribution, particularly in mesenchyme (Fig. 5a; Supple-
mentary Fig. 6a). Soz9 encodes a pleiotropic transcription factor crucial for development
of the skeleton, the brain, sex determination, and other systems, orchestrated by a complex
regulatory landscape[260], 261, 262]. This particular mutant features an inversion of a 1Mb
upstream region bearing several distal enhancers and a TAD boundary, essentially relocating
these elements into a TAD with Kenj2, which encodes a potassium channel (Fig. 5b)[233].
Like the Sox9 KO, the homozygous Soz9 regulatory INV is perinatally lethal, with exten-
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sive skeletal phenotypes including digit malformation, a cleft palate, bowing of bones and
delayed ossification. In addition to the loss of 50% of Soz9 expression, the inversion causes
pronounced missexpression of Kenj2 in the digit anlagen in a wildtype Soz9 pattern|233].
However, the extent to which Kcnj2 and Sox9 are mis-expressed elsewhere, as well as the
molecular and cellular correlates of the widespread skeletal phenotype, have yet to be deeply

investigated.

At the level of mesenchymal sub-trajectories, shifts in the lochNESS distribution for Soz9
regulatory INV were consistently observed, but limb mesenchyme and connective tissue were
particularly enriched for cells with extremely high lochNESS (Fig. 5a, right). Notably, 2 of 3
major enhancers (E250, E195) known to drive Soz9-mediated chondrogenesis in mesenchymal
stem cells are located within the inverted region (Fig. 5b)[260]. Cell type composition
analysis (Fig. 2a) showed that Soz9 regulatory INV mutants harbor considerably larger
numbers of cells classified as limb mesenchyme, at the expense of osteoblasts, lateral plate &
intermediate mesoderm, chondrocytes and connective tissue trajectory. This shift can also

be seen in a UMAP embedding (Fig. 5c), a topic we revisit further below.

These changes in cell type composition were accompanied by reduced expression of Sox9
and increased expression of Kcnj2 in bone (aggregate of chondrocyte, osteoblast, limb mes-
enchyme; Supplementary Fig. 12a), although the number of cells expressing Kcnj2 was
generally low. This suggests that the Sox9 regulatory inversion is resulting in increased Kcnj2
expression (via Sor9 enhancer adoption) and Soz9 reduction (via boundary repositioning)
not only in the digit anlagen, but in skeletal mesenchyme more generally. To validate this,
we performed RNA in situ hybridization (RNAscope) on sections of developing bones of the
rib cage at E13.5, comparing a heterozygous Sox9 regulatory INV mouse with a wildtype
littermate. Consistent with our sc-RNA-seq data derived from homozygous mutants, we
observe a Sox9-patterned increase in Kcnj2 levels, together with losses in Soz9 expression,

in the developing bone (Fig. 5d; Supplementary Fig. 12b).



201

Since the inverted Soz9 regulatory region also hosts multiple enhancers active in other
tissues (e.g. E161 in lung; E239 in cerebral cortex)|260], we wondered whether these patterns
were also seen in other tissues. Indeed, both sc-RNA-seq and RNAscope quantification show
increased Kcnj2 levels in all other tissues examined. While reductions in Sox9 expression,
clear in bone, were not observed in most other tissues by sc-RNA-seq, RNAscope showed
Soz9 reductions in telencephalon and lung as well (Supplementary Fig. 12a,b). Taken
together, these data suggest marked changes in mesenchyme due to reduced Soz9, together
with broader increases in Kcnj2 expression. As expected based on the role of Soz9 in chon-
drogenesis, hallmark pathways related to chondrocyte proliferation and differentiation[263,
264, 265, 266] were downregulated; less expectedly, several immune-related pathways were

upregulated (Supplementary Fig. 12c).

To explore the apparent accumulation of limb mesenchyme in the Sox9 regulatory INV
(Fig. 5c, Supplementary Fig. 12d) in more detail, we reanalyzed mutant and wildtype
cells from the limb mesenchyme sub-trajectory, which revealed subpopulations of condens-
ing mesenchyme, perichondrium, and undifferentiated mesenchyme (Supplementary Fig.
12e,f). RNA velocity analyses suggested the vast majority of limb mesenchyme “accumu-
lation” in mutant embryos is due to cells that are delayed or stalled in an undifferentiated
or stem-like state (Fig. 5c,e; Supplementary Fig. 12e). This accumulation is even
more apparent in integrated views of the limb mesenchyme sub-trajectory, where we observe
branches that are highly enriched for Sox9 regulatory INV mutant cells, within undifferen-
tiated mesenchyme (Fig. 5e; Supplementary Fig. 12g.h).

To investigate these branches further, we sub-clustered undifferentiated mesenchyme cells
from mutant and wildtype (Fig. 5f,g). Interestingly, the most differentially expressed genes
in “branch 2” were largely neuronal (e.g. several neurexins; neuregulin 3), an observa-
tion supported by gene set enrichment analysis (Supplementary Fig. 12i,j). A cellular

composition analysis revealed that these neuronal-like cells were not restricted to the Sox9
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regulatory INV mutant, but also found in wildtype embryos, albeit much less frequently
(Supplementary Fig. 12g,h). To validate this unexpected ‘neural-like’ branch of mes-
enchymal cells as well as to assess their anatomical distribution, we mapped these cells to
spatial transcriptomic data from E13.5 mouse embryos|32]. Strikingly, this analysis placed
“branch 2”7 cells along the neural tube and the brain regions (Supplementary Fig. 13a).
To address concerns that artifacts might arise from mapping single-cell data onto non-single-
cell spatial maps, we also integrated our data with sci-space[267] spatial transcriptomic data
(E14.5), as these retain single nucleus resolution. The results are consistent, in that branch
2 mesenchymal cells are enriched in brain regions, branch 0 cells are enriched in limb bud
regions, and branch 1 & 3 cells are diffusely distributed but largely excluded from brain
regions (Supplementary Fig. 13b).

Taken together, these analyses support the validity of this neural-like subset of mes-
enchyme (present in wildtype and increased in Soz9 regulatory INV mutants). The obser-
vation is consistent with the reports that mesenchymal stem cells can be differentiated to

neuronal states in vitro[|268|.

4.7 Discussion

Here we set out to establish whole embryo sc-RNA-seq as a new paradigm for the systematic,
scalable phenotyping of mouse developmental mutants. On data obtained for 22 mutants in a
single experiment, we developed analytical approaches to identify deviations in cell type com-
position, subtle differences in gene expression within cell types (“lochNESS”), and sharing of
sub-phenotypes between mutants (“similarity scores”). Overall, the results are encouraging,
and show how systematic, outcome-agnostic computational analyses of data obtained at the
whole embryo scale may in some cases reveal molecular and cellular phenotypes that are

missed by conventional phenotyping.
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We emphasize that the concurrent analysis of many mutants proved essential to the
contextualization of particular observations, e.g. to understand how specific or non-specific
any apparent deviation really was, against a background of dozens of genotypes and over 100
embryos. This also enabled us to discover shared aspects of phenotypes between previously
unrelated genotypes, e.g. between Gorab and Atp6v0a2 mutants. Looking forward, profiling
of additional mouse mutants might enable the further “decomposition” of developmental

pleiotropy, a poorly understood phenomenon, into “basis vectors”.

The diverse mutants analyzed yielded a variety of results that speak to the utility of
whole embryo sc-RNA-seq for phenotyping. For example, an abnormal eye phenotype in
Ttc21b mutants was previously described, but considered likely to be secondary to a more
general craniofacial defect[254, 242]. The sc-RNA-seq analysis of E13.5 Ttc21b mutants
demonstrated multiple retinal cell trajectories were essentially absent. Detailed histological
analysis confirmed this, suggesting that the eye abnormality is likely not a secondary effect,
but rather that the overactive SHH signaling has a primary effect on retinal development in

this mutant.

The utility of pursuing whole embryo sc-RNA-seq was also demonstrated by an unex-
pected finding of both a depleted and an enriched cell population of roof plate cells deriva-
tives in the Gli2 KO mutant. The “dorsalization” of the neural tube in the absence of SHH
signaling is well-described|242, 257, 256] and was confirmed in our histological analysis of
this line (Supplementary Fig. 8). However, there have been no described changes in
the roof plate or its derivatives to date in Gli2 KO mice [257]. In contrast, whole embryo
sc-RNA-seq uncovered that derivatives of the roof plate depict changes in composition (a
primary finding) and tissue development (based on secondary validation) in the mutant,
illustrating how this approach can potentially yield new insight into even well-studied de-
velopmental pathways. However, due to our dataset only capturing one timepoint, whether

Gli2 misexpression causes the structural change directly in the derivative tissue or earlier
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during roof plate formation, remains elusive.

Our mouse mutant cell atlas (MMCA) has limitations. First, we only profiled 4 replicates
per mutant at a single developmental time point. Based on a simulation analysis of the
analytical approach that considers cell proportions only, four replicates of each mutant is
likely sufficient to detect modest changes in abundant cell types (e.g. a 10% change for cell
types at 10% abundance) but only large changes in rarer cell types (e.g. a 25% change in cell
types at 1% abundance; Supplementary Fig. 4b). As such, to detect more subtle changes
in model organisms like mouse where very large numbers of replicates are not feasible, more
sophisticated strategies like lochNESS, which is not based on counts of cell types but rather
directly considers the distribution of cells derived from different genotypes in a complex
embedding, may be essential. It is important to note that our cell-composition analysis,
which includes both wildtype and mutant cells from the same strain to generate a pooled
reference, assumes that the cell type proportions of non-wildtype genotypes are roughly
consistent, at least on the whole, with those of wildtype cells. This assumption may be more

problematic in studies of biologically related mutants.

Second, profiling only a small fraction of cells present in E13.5 embryos potentially limits
sensitivity. On the other hand, for any given mutant, we had over 1.5M cells from other
genotypes (wildtype or other mutants), which facilitated the detection of mutant-specific

phenotypes for rare cell types, e.g. in the retina (Ttc21b KO) and roof plate (Gli2 KO).

Third, we were not able to explore all mutants in detail, nor to thoroughly investigate
other aspects of the data (e.g. the differences between wildtype strains). In the future, we
anticipate that community input and domain expertise will be essential to extract full value
from these data. To facilitate this, we created an interactive browser that allows exploration
of mutant-specific effects on gene expression in trajectories and sub-trajectories, together

with the underlying data (https://atlas.gs.washington.edu/mmca_v2/). Additionally, some
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of the phenotypes identified here have probably not been described before due to the lack
of resolution of conventional phenotyping. New secondary validations strategies need to be
developed to confirm subtle defects in molecular programs or subtle changes in the relative
proportions of specific cell types. A very promising approach would be to complement whole
embryo sc-RNA-seq with rapidly advancing methods for whole mouse body antibody labeling
and 3D imaging[269].

Fourth, our results emphasize the importance of a well-matched control; although data
from our wildtype embryos could be re-used as control data for future studies of additional
mutants, that risks batch effects, and a safer strategy would be to always include a well-

matched, “in-line” wild-type control while profiling mutant embryos.

In 2011, the International Mouse Phenotyping Consortium (IMPC) set out to drive to-
wards the “functionalization” of every protein-coding gene in the mouse, by generating thou-
sands of knockout mouse lines[270]. In principle, the whole embryo sc-RNA-seq phenotyping
approach presented here could be extended to all Mendelian genes or even to all 20,000

mouse gene KOs.

4.8 Supplementary Materials

Supplementary Note 1: Potentially incorrect staging of Scnlla GOF mutants

The Senila GOF mutant exhibited the most extreme similarity scores, in terms of both
similarity between replicates and dissimilarity with other genotypes (Fig. 4a; Supplemen-
tary Fig. 10a). The Scnlia GOF mutant carries a missense mutation in the Scnlla locus
which is reported to result in reduced pain sensitivity both in mice and men without obvious

signs of neurodegeneration, suggesting altered electrical activity of peripheral pain-sensing
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neurons and impaired synaptic transmission to postsynaptic neurons|[245]. However, at least
grossly, the mutant does not seem to be associated with mesenchymal phenotypes. Noting
that the Senlla GOF mutant embryos clustered with E12.5 embryos instead of E13.5 em-
bryos in our pseudobulk analysis (Fig. 1c), we speculated that its extreme similarity scores
might be attributable either to developmental delay of the Senila GOF mutant at the scale
of the whole embryo or incorrect staging. To investigate this further, we co-embedded Scnila
GOF mutant cells with pooled wildtype cells and MOCA cells from the neural tube trajec-
tory. While wildtype cells were distributed near E13.5 cells from MOCA, the Senlla GOF
cells were embedded closer to cells from earlier developmental timepoints (Supplementary
Fig. 10d). As a more systematic approach, we calculated a “time score” for each cell from
the MMCA dataset by taking the k-NNs of each MMCA cell in the MOCA dataset and
calculating the average of the developmental time of the MOCA cells. The relative time
score distributions of Scnila GOF cells and wildtype cells suggest that Scniia GOF cells
are significantly delayed in all major trajectories examined (single sided student’s t-test, raw
p-value < 0.01; Supplementary Fig. 10e). To further follow up on the possibility of ear-
lier time points being inadvertently harvested for this mutant, we examined 2 mixed litters
of wildtype and heterozygous mutants at the stage E13.5 (Supplementary Fig. 10g). As
the heterozygous mutants did not exhibit signs of developmental delay such as smaller size,
difference in eye formation or limb development, the theory of general developmental delay

seems unlikely, as a more parsimonious explanation is incorrect staging of these litters.

Data reporting

No statistical methods were used to predetermine sample size. Embryos used in exper-
iments were randomized before sample preparation. Investigators were blinded to group
allocation during data collection and analysis. Embryo collection and sci-RNA-seq3 analysis

were performed by different researchers in different locations.
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Embryo collection

Mutants were generated through conventional gene editing tools and breeding or tetraploid
aggregation and collected at the embryonic stage E13.5, calculated from the day of vaginal
plug (noon = E0.5). Collection and whole embryo dissection was performed as previously
described[271]. The embryos were immediately snap-frozen in liquid nitrogen and shipped to
the Shendure Lab (University of Washington) in dry ice. Sets of animals with the same geno-
type were either all male or half male-half female. All animal procedures were in accordance

with institutional, state, and government regulations.

Nuclet isolation and fixation

Snap frozen embryos were processed as previously described[15]. Briefly, the frozen em-
bryos were cut into small pieces with a blade and further dissected by resuspension in 1
ml ice cold cell lysis buffer (CLB, 10 mM Tris-HCI, pH 7.4, 10 mM NaCl, 3 mM MgCI2,
0.1% IGEPAL CA-630, 1% SUPERase In and 1% BSA) in a 6 cm dish. adding another 3ml
CLB, the sample was strained (40 pm) into a 15 ml Falcon tube and centrifuged to a pellet
(500g, 5 min). Resuspending the sample with another 1 ml CLB, the isolation of nuclei was
ensured. Pelleting the isolated nuclei again (500g, 5 min) was followed by a washing step by
fixation in 10 ml 4% Paraformaldehyde (PFA) for 15 minutes on ice. The fixed nuclei were
pelleted (500g, 3 min) and washed twice in the nuclei suspension buffer (NSB) (500g, 5 min).
The nuclei finally were resuspended in 500pl NSB and split into 2 tubes, each containing
250 nl sample. The tubes were flash frozen in liquid nitrogen and stored in a -80°C freezer,
until further use for library preparation. The embryo preparation was preceded randomly

for nuclei isolation in order to avoid batch effects.

sci-RNA-seq3 library preparation and sequencing
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The fixed nuclei were permeabilized, sonicated and washed. Nuclei from each mouse
embryo were then distributed into several individual wells into 4 96-well plates. We split
samples into four batches (25 samples randomly selected in each batch) for sci-RNA-seq3
processing. The ID of the reverse transcription well was linked to the respective embryo
for downstream analysis. In a first step the nuclei were then mixed with oligo-dT primers
and ANTP mix, denatured and placed on ice, afterwards they were proceeded for reverse
transcription including a gradient incubation step. After reverse transcription, the nuclei
from all wells were pooled with the nuclei dilution buffer (10 mM Tris-HCI, pH 7.4, 10 mM
NaCl, 3 mM MgCl2, 1% SUPERase In and 1% BSA), spun down and redistributed into
96-well plates containing the reaction mix for ligation. The ligation proceeded for 10 min
at 25°C. Afterwards, nuclei again were pooled with nuclei suspension buffer, spun down
and washed and filtered. Next, the nuclei were counted and redistributed for second strand
synthesis, which was carried out at 16°C for 3h. Afterwards tagmentation mix was added to
each well and tagmentation was carried out for 5 minutes at 55°C. To stop the reaction, DNA
binding buffer was added and the sample was incubated for another 5 minutes. Following an
elution step using AMPure XP beads and elution mix, the samples were subjected to PCR

amplification to generate sequencing libraries.

Finally after PCR amplification, the resulting amplicons were pooled and purified using
AMPure XP beads. The library was analyzed by electrophoresis and the concentration was
calculated using Qubit (Invitrogen). The library was sequenced on the NovaSeq platform

(INlumina) (read 1: 34 cycles, read 2: 100 cycles, index 1: 10 cycles, index 2: 10 cycles).

Processing of sequencing reads

Read alignment and cell-x-gene expression count matrix generation was performed based
on the pipeline that we developed for sci-RNA-seq3[15] with the following minor modifica-

tions: base calls were converted to fastq format using [llumina’s bel2fastq/v2.20 and demul-
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tiplexed based on PCR i5 and i7 barcodes using maximum likelihood demultiplexing package
deML|138] with default settings. Downstream sequence processing and cell-x-gene expres-
sion count matrix generation were similar to sci-RNA-seq[b3] except that the RT index was
combined with hairpin adaptor index, and thus the mapped reads were split into constituent
cellular indices by demultiplexing reads using both the the RT index and ligation index (Lev-
enshtein edit distance (ED) < 2, including insertions and deletions). Briefly, demultiplexed
reads were filtered based on the RT index and ligation index (ED < 2, including insertions
and deletions) and adaptor-clipped using trim_galore/v0.6.5 with default settings. Trimmed
reads were mapped to the mouse reference genome (mm10), using STAR/v2.6.1d[139] with
default settings and gene annotations (GENCODE VM12 for mouse). Uniquely mapping
reads were extracted, and duplicates were removed using the unique molecular identifier
(UMI) sequence (ED < 2, including insertions and deletions), reverse transcription (RT)
index, hairpin ligation adaptor index and read 2 end-coordinate (e.g. reads with UMI se-
quence less than 2 edit distance, RT index, ligation adaptor index and tagmentation site were
considered duplicates). Finally, mapped reads were split into constituent cellular indices by
further demultiplexing reads using the RT index and ligation hairpin (ED < 2, including
insertions and deletions). To generate the cell-x-gene expression count matrix, we calculated
the number of strand-specific UMIs for each cell mapping to the exonic and intronic regions
of each gene with python/v2.7.13 HTseq package[140]. For multi-mapped reads, reads were
assigned to the closest gene, except in cases where another intersected gene fell within 100 bp
to the end of the closest gene, in which case the read was discarded. For most analyses, we
included both expected-strand intronic and exonic UMIs in the cell-x-gene expression count

matrix.

The single cell gene count matrix included 1,941,605 cells after cells with low quality (UMI
< 250 or detected gene < 100) were filtered out. Each cell was assigned to its original mouse
embryo on the basis of the reverse transcription barcode. We applied three strategies to

detect potential doublet cells. As the first strategy, we split the dataset into subsets for each
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individual, and then applied the scrublet/v0.1 pipeline|27| to each subset with parameters
(min_count = 3, min_cells = 3, vscore_percentile = 85, n_pc = 30, expected_doublet_rate
= 0.06, sim_doublet_ratio = 2, n_neighbors = 30, scaling_method = ‘log’) for doublet score
calculation. Cells with doublet scores over 0.2 were annotated as detected doublets (5.5% in

the whole data set).

As the second strategy, we used an iterative clustering strategy based on Seurat/v3[51]
to detect the doublet-derived subclusters for cells. Briefly, gene count mapping to sex chro-
mosomes was removed before clustering and dimensionality reduction, and then genes with
no count were filtered out and each cell was normalized by the total UMI count per cell. The
top 1,000 genes with the highest variance were selected. The data was log transformed after
adding a pseudo count, and scaled to unit variance and zero mean. The dimensionality of
the data was reduced by PCA (30 components) first and then with UMAP, followed by Lou-
vain clustering performed on the 10 principal components (resolution = 1.2). For Louvain
clustering, we first fitted the top 10 PCs to compute a neighborhood graph of observations
(k.param = 50) followed by clustering the cells into sub-groups using the Louvain algorithm.
For UMAP visualization, we directly fit the PCA matrix with min_distance = 0.1. For sub-
cluster identification, we selected cells in each major cell type and applied PCA, UMAP,
Louvain clustering similarly to the major cluster analysis. Subclusters with a detected dou-

blet ratio (by Scrublet) over 15% were annotated as doublet-derived subclusters.

We found the above Scrublet and iterative clustering-based approach is limited in mark-
ing cell doublets between abundant cell clusters and rare cell clusters (e.g. less than 1% of
the total cell population), thus, we applied a third strategy to further detect such doublet
cells. Briefly, cells labeled as doublets (by Scrublet) or from doublet-derived subclusters were
filtered out. For each cell, we only retain protein-coding genes, lincRNA genes, and pseu-
dogenes. Genes expressed in less than 10 cells and cells expressing less than 100 genes were

further filtered out. The downstream dimension reduction and clustering analysis were done
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with Monocle/v3[15]. The dimensionality of the data was reduced by PCA (50 components)
first on the top 5,000 most highly variable genes and then with UMAP (max_components =
2, n_neighbors = 50, min_dist = 0.1, metric = ‘cosine’). Cell clusters were identified using
the Leiden algorithm implemented in Monocle/v3 (resolution = 1e-06). Next, we took the
cell clusters identified by Monocle/v3 and first computed differentially expressed genes across
cell clusters with the top_markers function of Monocle/v3 (reference_cells=1000). We then
selected a gene set combining the top ten gene markers for each cell cluster (filtering out
genes with fraction_expressing < 0.1 and then ordering by pseudo_R2). Cells from each main
cell cluster were selected for dimension reduction by PCA (10 components) first on the se-
lected gene set of top cluster-specific gene markers, and then by UMAP (max_components =
2, n_neighbors = 50, min_dist = 0.1, metric = ‘cosine’), followed by clustering identification
using the Leiden algorithm implemented in Monocle/v3 (resolution = 1le-04). Subclusters
showing low expression of target cell cluster-specific markers and enriched expression of
non-target cell cluster-specific markers were annotated as doublets derived subclusters and
filtered out in visualization and downstream analysis. Finally, after removing the potential
doublet cells detected by either of the above three strategies, 1,671,270 cells were retained

for further analyses.

Whole mouse embryo analysis

As described previously|15], each cell could be assigned to the mouse embryo from which
it derived on the basis of its reverse transcription barcode. After removing doublet cells and
another 25 cells which were poorly assigned to any mouse embryo, 1,671,245 cells from 103
individual mouse embryos were retained (a median of 13,468 cells per embryo). UMI counts
mapping to each sample were aggregated to generate a pseudobulk RNA-seq profile for each
sample. Each cell’s counts were normalized by dividing its estimated size factor, and then
the data were log2-transformed after adding a pseudocount followed by performing the PCA.

The normalization and dimension reduction were done in Monocle/v3.
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We previously used sci-RNA-seq3 to generate the MOCA dataset, which profiled 2 million
cells derived from 61 wild-type B6 mouse embryos staged between stages E9.5 and E13.5.
The cleaned dataset, including 1,331,984 high quality cells, was generated by removing cells
with <400 detected UMIs as well as doublets (http://atlas.gs.washington.edu/mouse-rna).
UMI counts mapping to each sample were aggregated to generate a pseudobulk RNA-seq
profile for each embryo. Each cell’s counts were normalized by dividing its estimated size
factor, and then the data were log2-transformed after adding a pseudocount, followed by
PCA. The PCA space was retained and then the embryos from the MMCA dataset were

projected onto it.

Cell clustering and annotation

After removing doublet cells, genes expressed in less than 10 cells and cells expressing
less than 100 genes were further filtered out. We also filtered out low-quality cells based on
the proportion of reads mapping to the mitochondrial genome (MT%) or ribosomal genome
(Ribo%) (specifically, filtering cells with MT% > 10 or Ribo% > 5). We then removed cells
from two embryos that were identified as outliers based on the whole-mouse embryo analysis
(embryo 41 and embryo 104). This left 1,627,857 cells (median UMI count 845; median genes

detected 539) from 101 individual embryos that were retained for all subsequent analyses.

To eliminate the potential heterogeneity between samples due to different mutant types
and genotype backgrounds, we sought to perform the dimensionality reduction on a subset
of cells from the wildtype mice (including 15 embryos with 215,575 cells, 13.2% of all cells)
followed by projecting all remaining cells, derived from the various mutant embryos, onto this
same embedding. These procedures were done using Monocle/v3. In brief, the dimensionality
of the subset of data from the wildtype mice was reduced by PCA, retaining 50 components,
and all remaining cells were projected onto that PCA embedding space. Next, to mitigate

potential technical biases, we combined all cells from wildtype and mutant mice and applied
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the align_cds function implemented in Monocle/v3, with MT%, Ribo%, and log-transformed
total UMI of each cell as covariates. We took the subset of cells from wildtype mice, using
their “aligned” PC features to perform UMAP (max_components = 3, n_neighbors = 50,
min_dist = 0.01, metric = ‘cosine’) by uwot/v0.1.8, followed by saving the UMAP space.
Cell clusters were identified using the Louvain algorithm implemented in Monocle/v3 on
three dimensions of UMAP features, resulting in 13 isolated major trajectories (Fig. 1le).
We then projected all of the remaining cells from mutant mouse embryos onto the previously
saved UMAP space and predicted their major-trajectory labels using a k-nearest neighbor
(k-NN) heuristic. Specifically, for each mutant-derived cell, we identified its 15 nearest
neighbor wildtype-derived cells in UMAP space and then assigned the major trajectory with
the maximum frequency within that set of 15 neighbors as the annotation of the mutant cell.
We calculated the ratio of the maximum frequency to the total as the assigned score. Of
note, over 99.9% of the cells from the mutant mice had an assigned score greater than 0.8.
The cell-type annotation for each major trajectory was based on expression of the known

marker genes (Supplementary Table 2).

Within each major trajectory, we repeated a similar strategy, but with slightly adjusted
PCA and UMAP parameters. For the major trajectories with more than 50,000 cells, we
reduced the dimensionality by PCA to 50 principal components; for the other major tra-
jectories of more than 1,000 cells, we reduced the dimensionality by PCA to 30 principal
components; for the remaining major trajectories, we reduced the dimensionality by PCA
to 10 principal components. UMAP was performing with max_components = 3, n_neighbors
= 15, min_dist = 0.1, metric = ‘cosine’. For the mesenchymal trajectory, we observed a
significant separation of cells by their cell-cycle phase in the UMAP embedding. We cal-
culated a g2m index and a s index for individual cells by aggregating the log-transformed
normalized expression for marker genes of the G2M phase and the S phase and then included
them in align_cds function along with the other factors. Applying these procedures to all

of the main trajectories, we identified 64 sub-trajectories in total. Similarly, after assigning
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each cell from the mutant mice with a sub-trajectory label, we calculated the ratio of the
maximum frequency to the total as the assigned score. Of note, over 96.7% of the cells from
the mutant mice had an assigned score greater than 0.8. The cell-type annotation for each

sub-trajectory was also based on the expression of known marker genes (Supplementary

Table 2).

Identification of inter-datasets correlated major and sub trajectories using

non-negative least-squares (NNLS) regression

To identify correlated cell trajectories between MOCA and MMCA datasets, we first cal-
culated an aggregate expression value for each gene in each cell trajectory by summing the
log-transformed normalized UMI counts of all cells of that trajectory. For consistency during
the comparison to MOCA, we manually regrouped the cells from the MMCA dataset into
10 cell trajectories, by merging the olfactory sensory neuron trajectory into the neural crest
(PNS neuron) trajectory, merging the myotube trajectory, the myoblast trajectory, and the
cardiomyocyte trajectory into the mesenchymal trajectory, splitting the hepatocyte trajec-
tory into the lens epithelial trajectory and the liver hepatocyte trajectory. Next, for the two
datasets, we applied non-negative least squares (NNLS) regression to predict gene expression
in a target trajectory (7,) in dataset A based on the gene expression of all trajectories (M)
in dataset B: T, = [y, + (1o My, based on the union of the 3,000 most highly expressed genes
and 3,000 most highly specific genes in the target trajectory. We then switched the roles of
datasets A and B, e.g. predicting the gene expression of target trajectory (7}) in dataset B
from the gene expression of all trajectories (M,) in dataset A: T, = Bop, + [15M,. Finally,
for each trajectory a in dataset A and each trajectory b in dataset B, we combined the two
correlation coefficients: 5 = 2(8, + 0.001)(Bp, + 0.001) to obtain a statistic, where high
values reflect reciprocal, specific predictivity. We repeated this analysis on sub-trajectories

within each major trajectories.
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Identification of significant cell composition changes in mutant mice using

beta-binomzial regression

A cell number matrix of all 64 developmental sub-trajectories (rows) and 101 embryos
(columns) was created and the cell number were then normalized by the size factor of
each column which was estimated by estimate_size_factors function in Monocle/v3. 10 sub-
trajectories with a mean of cell number across individual embryo < 10 were filtered out. The
beta-binomial regression was performed using the VGAM package of R, based on the model
“(trajectory specific cell number, total cell number of that embryo - trajectory specific cell
number) genotype”. Of note, embryos from the four different mouse strain backgrounds were

analyzed independently.

We hypothesize that the power of our strategy to detect the cell proportion changes
between different genotypes is affected by three factors: a) the abundance of a given cell
type; b) the number of replicates in each genotype group; and c) the effect size. To evaluate

power, we performed a simulation analysis that varied these factors, implemented as follows:

We selected the 20 most abundant cell types in wildtype embryos. Their abundances
ranged from 1% to 20%. The proportions of these cell types served as the basis for our
simulations. We simulated ten groups of “wildtype” samples with 4, 8, 16, ..., 40 replicates
in each group, wherein each sample consisted of cells drawn from the 20 cell types. For each
replicate, the simulated number of cells of each cell type was calculated as the product of: a)
the cell-type proportions, simulated by fitting a dirichlet model based on the real proportions
from step 1; and b) the total number of cells recovered for that replicate, simulated based on
the mean (n = 15,000) and standard deviation of the cell numbers across replicates in the

real dataset.

We simulated ten groups of “mutant” samples by repeating the above step except adding
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shifts to the numbers of cells within each cell type. The shifting scales were based on different

effect sizes. For instance, effect size = 0.1 represents a 10% reduction in the number of cells.

We performed beta-binomial regression (the same test used in Fig. 2a) to test if the
cell type proportions were significantly changed between simulated “wildtype” and “mutant”
samples, further checking the results as stratified by cell type (with different abundances),

the number of replicates, and the effect size.

The results are in line with our hypothesis that the detection power of our strategy
varies among comparisons with different effect sizes, sample sizes, or cell-type abundances

(Supplementary Fig. 4). The main “take-home” messages are summarized below:

e 25% changes are robustly detectable, even for rare cell types like <2%, with modest

numbers of replicates.

e 10% changes are possible to detect, but only for abundant cell types (e.g. >5%). More

replicates can help in this zone.

e 1% changes are almost impossible to detect with a cell proportions approach, even with

very large numbers of replicates.

In general, at the level of single cell sampling performed in our study, four samples
(corresponding to the number of samples used in the manuscript) would be sufficient to
detect a 25% effect size for those cell types that is present at a 1% proportion in wildtype

embryos.

Defining and calculating lochNESS

To identify local enrichments or depletions of mutant cells, we aim to define a metric for
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each single cell to quantify the enrichments or depletions of mutant cells in its surrounding
neighborhood. For these analyses, we consider a mutant and a pooled wildtype combining

all 4 background strains in a main trajectory as a dataset. For each dataset, we define

“lochNESS” as: lochNESS = #ofmutamtcellsinkNNS/#ofmutantcellsindataset o 1’ where N is the

k N
VN
2

total number of cells in the dataset, k = scales with N and the cells from the same
embryo as the cell are excluded from the k-NNs. Note that this value is equivalent to the
fold change of mutant cell percentage in the neighborhood of a cell relative to in the whole
main trajectory. For implementation, we took the aligned PCs in each sub-trajectory as
calculated above and for each cell in an embryo we find the £-NNs in the remaining mutant
embryo cells and wildtype cells. We plot the lochNESS in a red-white-blue scale, where
white corresponds to 0 or the median lochNESS, blue corresponds to high lochNESS or

enrichments, and red corresponds to low lochNESS or depletions.

Currently we calculate lochNESS using a pooled wildtype combining all 4 background
strains to include larger numbers of cells in constructing the £-NN graph. If the numbers of
cells are sufficient, a wildtype from the matched background strain can be used. Additionally,
if the numbers of cells are sufficient, one set of lochNESS can be calculated for each wildtype

sample separately and the variability between samples can be considered.

Ezxamining global distributions of lochNESS

Plotting the global distributions of lochNESS for each mutant across all sub-trajectories,
we further observed that some mutants (e.g. most TAD boundary knockouts; Senila GOF)
exhibit unremarkable distributions (Supplementary Fig. 6a). However, others (e.g. Soz9
regulatory INV; Seni0a/11a DKO) are associated with a marked excess of high lochNESS,
consistent with mutant-specific effects on transcriptional state across many developmental
systems. For reference, we simultaneously create a null distribution of lochNESS using ran-

dom permutation of the mutant and wildtype cell labels, simulating datasets in which the
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cells are randomly mixed. Of note, we confirmed that repeating the calculation of lochNESS
after random permutation of mutant and wildtype labels resulted in bell-shaped distributions
centered around zero (Supplementary Fig. 6b). As such, the deviance of lochNESS can
be summarized as the average euclidean distance between lochNESS versus lochNESS under
permutation (Supplementary Fig. 6c). In addition, we computed lochNESS between
wildtypes from different background strains and observed minimal variation in cell distri-
bution between wildtype from G4, FVB and BALB/C strains and potential strain-specific
distributions in C57BL/6 wildtype mice (Supplementary Fig. 6d).

Comparing lochNESS with batch mixing score LISI

LochNESS shares conceptual similarities with batch correcting measurement scores like
LISI[272], which quantifies the amount of mixing in a cell’s neighborhood by counting the
number of batches represented in the neighborhood. As a direct comparison, we calculated
LISI on each mutant with a pooled wildtype reference in PCA space. We calculated LISI
with a dynamic perplexity based on the dataset size, similar to our strategy for determining
the neighborhood size for lochNESS. Focusing on the G4 mutants as an example, the results
show a correlation between LISI and lochNESS, where LISI values close to 1 correspond to
the more extreme positive or negative values of lochNESS as expected (Supplementary
Fig. 6f). LochNESS has several conceptual advantages compared to LISI. First, lochNESS
can easily determine whether the mutant sample is enriched or depleted in an area that is not
well mixed using the sign of the value (positive = enrichment, negative = depletion), while
LIST can only separate mixed (scores approaching 2) vs. separated (scores approaching 1).
Second, lochNESS can be easily extended to comparisons between multiple samples, while
LIST is relatively restricted to pairwise comparisons. Third, lochNESS considers a dataset

specific neighborhood size and baseline proportions.

Systematic screening of lochNESS distributions
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LochNESS distributions can be systematically screened to identify sub-trajectories ex-
hibiting substantial mutant-specific shifts. For example, while all TAD boundary KO mu-
tants have similarly unremarkable global lochNESS distributions, when we plot these distri-
butions by sub-trajectory, a handful of shifted distributions are evident (Supplementary
Fig. 9a). Such deviations, summarized as the average euclidean distances between lochNESS
and lochNESS under permutation, are visualized in Supplementary Fig. 9b. For ex-
ample, multiple epithelial sub-trajectories, including pre-epidermal keratinocyte, epidermis,
branchial arch, and lung epithelial trajectories, are most shifted in Thz3 TAD boundary KO
cells. Co-embeddings of mutant and wildtype cells of these sub-trajectories, together with
regression analysis, identify multiple keratin genes as positively correlated with lochNESS,
consistent with a role for Tbz3 in epidermal development (Supplementary Fig. 9c,d;
Supplementary Table 7)[258]. The lung epithelial cells were separated into two clusters,
with the cluster more depleted in Thz3 TAD boundary KO cells marked by Etvs, a tran-
scription factor associated with alveolar type II cell development, as well as Bmp signaling
genes that regulate Thz8 during lung development (Bmpl1/4), and distal airway markers
Soz9 and Id2 (Supplementary Table 4). Of note, the shifts we observed in Tbhz3 TAD
boundary KO cells remain preliminary and would need to be confirmed by further validation

experiments.

Spatial mapping with Tangram

We computationally map our dataset onto a spatially resolved transcriptomics dataset,
the mouse organogenesis spatiotemporal transcriptomics atlas (MOSTA) generated with
Stereo-seq[32]. The atlas has a total of 53 sagittal sections from C57BL/6 mouse em-
bryos at from E9.5 to E16.5 in 1 day intervals, and we obtained one section from the most
relevant E13.5 data (E13.5_.E1S1.MOSTA hbad) from the data sharing website associated
with the manuscript: https://db.cngb.org/stomics/mosta/download/. To map the cells for

each single cell cluster on the spatially resolved transcriptomics dataset, we used a machine
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learning-based method called Tangram|37]. Briefly, Tangram is a computational tool that
uses a Bayesian approach to infer the spatial locations of cells in a single-cell transcriptomics
dataset based on their transcriptomic profiles and the spatial patterns of gene expression in
the spatially resolved dataset. The relevant subset of the MMCA data was preprocessed in
Scanpy, but the metadata was inherited from the results generated in the “Cell clustering
and annotation” section above. We used Tangram with default parameters to estimate the
spatial coordinates of cells from each cluster in the single cell dataset and visualized results
on the coordinates provided by MOSTA. We trained the Tangram model in ‘gpu’ mode using
a NVIDIA A100 GPU. Overall, Tangram provided a powerful method for mapping the cells
from the single cell RNA-seq dataset onto MOSTA, enabling us to infer the spatial locations

of different cell clusters of interest within the tissue.

Calculating mutant and embryo similarity scores

We can extend the lochNESS analysis, which is computed on each mutant and its cor-
responding wildtype mice, to compute “similarity scores” between all pairs of individual
embryos from the same background strain. We consider all embryos in the same background
in a main trajectory as a dataset. For each dataset, we take define a “similarity score”

between cell,, and embryo; as:

T g 1 bryojindataset
SZleGTZtySCOTecelln,embrij = #Ofce”Sfmmemb?;;yozmkNNsofce”n/ el Sfmm;\?; T

Where N is the total number of cells in the dataset and & = \/TN We take the mean of
the similarity scores across all cells in the same embryo, resulting in an embryo similarity

score matrix where entries are:
similarityscore = LN similarit
Y embryo;,embryo; — . n=1 SUMUATILYSCOT Ecell,, embryo;

Where n; is the number of cells in embryo;.

RNAscope in situ Hybridization
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For RNAscope, embryos were collected at stage E13.5 and fixed for 4 hours in 4%
PFA/PBS at room temperature. The embryos were washed twice in PBS before incuba-
tion in a sucrose series (5%, 10% and finally 15% sucrose (Roth) /PBS) each for an hour or
until the embryos sank to the bottom of the tube. Finally, the embryos were incubated in
15% sucrose/PBS and O.C.T. (Sakura) in a 1:1 solution before embedding the embryos in
O.C.T in a chilled ethanol bath and put into -80°C for sectioning. The embryos were cut

into 5 pm thick sections on slides for RNAscope.

Simultaneous RNA in situ hybridization was performed using the RNAscope®) tech-
nology (Advanced Cell Diagnostics [ACD]) and the following probes specific for Mm-Kcnj2
(Cat. No. 476261, ACD) and Mm-Sox9 (Cat. No. 401051-C2, ACD) on 5 pm sections of
the mouse embryos. RNAscope probes were purchased by ACD and designed as described
by Wang et al.[273]. The RNAscope®) assay was run on a HybEZ™II Hybridization System
(Cat. No. 321720, ACD) using the RNAscope®) Multiplex Fluorescent Reagent Kit v2 (Cat.
No. 323100, ACD) and the manufacturer’s protocol for fixed-frozen tissue samples with tar-
get retrieval on a hotplate for 5 minutes. Fluorescent labeling of the RNAscope®) probes
was achieved by using OPAL 520 and OPAL 570 dyes (Cat. No. FP1487001KT + Cat.
No. FP1488001KT, Akoya Biosciences, Marlborough, MA, USA) and stained sections were
scanned at 25x magnification using a LSM 980 with Airyscan 2 (Carl Zeiss AG, Oberkochen,
DE).

Image analysis

For quantitative analysis of the RNAscope images, representative fields of view for each
stained section were analyzed using the image processing software Fiji[274]. Each organ of
interest mRNA signal was counted in a defined area (1 x 1 mm?) with an n=6 per condition.

Statistics were calculated using student t-Test.
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Ttc21b and Gli2 Mutant fixation for HESE and Immunofluorescence

Ttc21b homozygous, heterozygous mutants and wild-type E13.5 mouse embryos were
fixed overnight in 4% PfA at 4 degrees. To stop fixation, the samples were transferred into
70% ethanol, washed twice and dehydrated. In the following, the embryos were embedded

in paraffin, and cut into 2,5 um thick sections.

Ttc21b Mutant HESE staining

Histochemical staining was performed on the eyes of the embryos using haematoxylin
and eosin. Slides were scanned with a digital slide scanner (NanoZoomer 2.0HT, Hamamtsu,
Japan) and analyzed using NDP.view2 software (Hamamatsu Photonics). Numbers of pro-

cessed embryos: wild type = 2, Ttc21b heterozygous=2, Ttc21b homozygous = 4.

Stained embryo sections were scanned with an AxioScan 7 digital slide scanner (Zeiss,

Jena, Germany).

Fluorescence quantification

Quantification of prealbumin expression cells was performed using image analysis soft-
ware Definiens Developer XD2 (Definiens AG, Germany). The region of interests (ROI 1-4)
within the fourth and lateral ventricle ChP, were annotated manually in serial sections. The
calculated parameter was the ratio of the total number of prealbumin-positive cells over the
embryo section area (pm).

Statistics and Reproducibility

H&E staining of the developing eye (Fig. 2c) was performed on homozygous Ttc21b
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mutants (n=4), heterozygous Ttc21b mutants (n=2) and wildtype E13.5 embryos (n=2).

Experiments on the sections were performed in parallel to ensure consistency.

H&E staining of Gli2 mutant and wildtype embryo sections (Supplementary Fig. 8a)
were performed on homozygous Gli2-/- (n=4) and wildtype (n=2) samples. Experiments on

the sections were performed in parallel to ensure consistency.

Immunofluorescence stainings of the choroid plexus marker Ttr and neural tube marker
Paz6 (Fig. 3f, Supplementary Fig.8b-d) were performed on sections of homozygous
Gli2-/- (n=4) and wildtype (n=2) samples. Immunofluorescence of the same antibody was

performed on all mutants in parallel to ensure consistency.

RNAscope images quantification of Sox9 and Kenj2 expression of heterozygous E13.5
wildtype and Soz9 regulatory INV mutant embryos (n=6 embryos for each condition) was
counted in a defined area (1 x 1 mm?). Statistics were calculated using two-sided student

t-test. RNAscope of the tissue was performed on all samples in parallel to ensure consistency.

Clustering and annotation limb mesenchyme trajectory

Seurat /v4.0.6 was used for the analysis. Wildtype cells in the limb mesenchyme trajectory
from all wild-type mice (n = 15 mice, n = 25,211 cells) were used to first annotate the cells.
The raw counts were log-normalized after which PCA was performed with default parameters
on top 2000 highly variable genes selected using the “vst” method. Nearest neighbors were
computed on the PCA space, with default parameters, except that all the principal compo-
nents computed earlier were used. Clustering was performed using the Louvain community
detection algorithm with a resolution of 0.1, resulting in three clusters. Positive marker genes
for these clusters were identified using the Wilcoxon Rank Sum test, where only the genes

expressed in at least 20% of the cells in either cell groups were considered. The clusters were
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annotated based on biologically relevant markers (Supplementary Fig. 12f). The newly
assigned cell annotations for the limb mesenchyme trajectory cells in the wildtype dataset
were transferred to the corresponding cells in the Sox9 regulatory INV mutant using the
FindTransferAnchors and TransferData functions using default parameters, except that all
the computed principal components were used. 92.3% of the transferred annotations had a

score (prediction.score.max) greater than or equal to 0.8.

Density visualisation and RNA wvelocity analysis

Using Seurat/v4.0.6, the raw counts were log-normalized, and PCA was performed with
default parameters on top highly variable genes 2000 genes, selected using the “vst” method.
Dimensionality reduction was performed using PCA using default parameters, after which
the UMAP embedding was carried out on all computed PC components. Density plots were
created using the stat_2d_density_filled function in ggplot2/v3.3.5. For RNA velocity analysis
using scVelo/v0.2.4, the total, spliced, and unspliced count matrices, along with the UMAP
embeddings were exported as an hbad file using anndata/v0.7.5.2 for R. The count matrices
were filtered and normalized using scv.pp.filter_and _normalize, with min_shared_counts=20
and n_top_genes=2000. Means and variances between 30 nearest neighbors were calculated
in the PCA space (n_pcs=50, to be consistent with default value in Seurat). The velocities
were calculated using default parameters and projected onto the UMAP embedding exported

from Seurat.

Single sample Gene Set Enrichment Analysis

Single-sample Gene Set Enrichment Analysis (ssGSEA) was applied to sc-RNA-seq data
using the escape R-package[275]. The msigdbr and getGeneSets functions were used to
fetch and filter the entire Hallmark (H, 50 sets) or the Signature Cell Type (C8, 700 sets)
Mus musculus gene sets from the MSigDB[276 277]. enrichlt with default parameters,
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except for using 10000 groups and variable number of cores, was performed on the seurat-
object containing data corresponding to the undifferentiated mesenchyme cells from the Soz9
regulatory INV mutant, after converting the feature names to gene symbols as necessitated
by the escape package. The obtained enrichment scores for each gene set were compared
between the two branches (Fig. 5f) using the two sample Wilcoxon test (wilcox_test) with

default parameters and adjusted for multiple comparisons using Bonferroni correction.

Integration and spatial mapping with sci-space data

We integrated our dataset with a spatial transcriptomics dataset on mid-gestational mice
(E14.5), based on the sci-space method[267], in which a subset of transcriptionally profiled
nuclei have known physical locations in sagittal sections within which they were mapped
prior to sc-RNA-seq. We used anchor-based integration as implemented by Seurat for a
co-embedding of a subset of MMCA and sci-space. For cells in the subset of MMCA | we find
the nearest neighbor in sci-space data in the integrated co-embedding, and plot the location

of the neighboring sci-space cell where it is known.

Data availability

The data generated in this study can be downloaded in raw and processed forms from
the NCBI Gene Expression Omnibus under accession number GSE199308. Other inter-
mediate data files and an interactive app to explore our dataset are made freely available
via https://atlas.gs.washington.edu/mmca_v2/. All code is made freely available through a
public GitHub repository at https://github.com/shendurelab/MMCA. The supplementary
tables can be downloaded from here:

https://shendure-web.gs.washington.edu/content /members/cxqiu/public /nobackup /tmp/
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Figure 4.1: Figure 1. Single cell transcriptional profiling of 103 whole mouse embryos staged

at E13.5. a, Categories of mutants (left) analyzed by whole embryo profiling with sci-RNA-seq3 (right).

b, Embeddings of pseudobulk RNA-seq profiles of MMCA embryos in PCA space with visualization of top

three PCs. Embryos are colored by background strain. c, Embeddings of pseudobulk RNA-seq profiles
of MOCA[15] and MMCA embryos in PCA space defined solely by MOCA, with MMCA embryos (gray)

projected onto it. Top two PCs are visualized. colored points correspond to MOCA embryos of different

stages (E9.5-E13.5), and gray points to MMCA embryos (E13.5). d, Number of cells profiled per embryo

for each strain. Genotypes are listed by median cell number in ascending order. e, 3D UMAP visualization

of wildtype subset of MMCA dataset (215,575 cells from 15 embryos). Cells colored by major trajectory

annotation.
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Figure 4.2: Figure 2. Cell composition changes for individual mutants across developmental
trajectories. a, Heatmap shows log2-transformed ratios of cell proportions between each mutant type (y-
axis) vs. pooled reference across individual sub-trajectories (x-axis). Pie color and direction correspond to
log2-transformed ratio, while pie size and color intensity correspond to scale of log2-transformed ratio. b,
3D UMAP visualization of neural tube trajectory, highlighting cells from either Ttc21b KO (left), C57BL/6
wildtype (middle), or other C57BL/6 mutants (right). ¢, H&E staining of the developing eye of homozygous
(Hom), heterozygous (Het) and wildtype Ttc21b E13.5 embryos. Structures are lost exclusively in homozy-
gous mutants. d, UMAP visualization of co-embedded cells of limb mesenchyme trajectory from ZRS limb
enhancer KO and FVB wildtype. e, Same UMAP as in panel d, colored by expression of marker genes which
appear specific to proximal (Meisl, Meis2) or distal (Hoxal3, Hoxd13, Lhx9, Msz1) limb development.
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Figure 4.3: Figure 3. LochNESS highlights mutant-related changes. a, Schematic of lochNESS
calculation and visualization. b, UMAP of limb mesenchyme trajectory from ZRS limb enhancer KO and
wildtype cells, colored by lochNESS. Color scale centered at the median. Cells corresponding to a subset of
ZRS limb enhancer KO cells with more extreme loss in Fig. 2d are circled. c, Distribution of lochNESS
in the neural tube sub-trajectories of Ttc21b KO and Gli2 KO mutants. Dashed boxes highlight shifted
distributions of retinal neuron sub-trajectory of Ttc21b KO mutant and floor and roof plate sub-trajectories
of Gli2 KO mutant. d, UMAP of co-embedded cells of floor plate and roof plate sub-trajectories from
Gli2 KO mutant and pooled wildtype, colored by lochNESS. ChP, choroid plexus. e, same as panel d, but
colored by selected marker gene expression. f, Immunofluorescence staining of Ttr (choroid plexus marker)
in brain regions (LV = lateral ventricle, 4V = 4th ventricle) in sections from wildtype and Gli2 KO mutant

(Methods).
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Figure 4.4: Figure 4. Similarity scores identify mutant-shared and mutant-specific effects. a,

Heatmap showing similarity scores between individual C57BL/6 embryos in mesenchymal trajectory. Rows

and columns grouped by genotype and labeled by embryo id and genotype. b, UMAP of lateral plate and

intermediate mesoderm sub-trajectory for mutants from C57BL/6 background strain, colored and labeled

by subcluster and detailed cell type. ¢, Boxplots showing composition of top 6 subclusters for individual

Atp6v0a2 KO, Atp6vOa2 R755Q and Gorab KO embryos (blue, n=4 each genotype) and other C57BL/6

embryos (red, n=23). d, same as panel b, but colored by log-transformed expression of selected marker

genes.
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Figure 4.5: Figure 5. Apparent stalling and redirection of mesenchyme differentiation in
the Sox9 regulatory INV mutant. a, LochNESS distributions for all G4 mutants in the mesenchymal
trajectory (left) and Soz9 regulatory INV mutant in mesenchymal sub-trajectories (right). b, Model of Soz9
regulatory INV mutation depicting ectopic Kcnj2 regulation through enhancer adoption. ¢, RNA velocity
of mesenchymal G4 wildtype and Soxz9 regulatory INV cells colored by sub-trajectories (top) or genotype
(bottom). d, Soz9 regulatory INV heterozygous mutant and littermate wildtype RNA scope images (red:
Kcnj2; green: Sox9), with insets below highlighting a region corresponding to developing bone (white circled
area) e, RNA velocity of G4 wildtype and Soz9 regulatory INV cells in the limb mesenchymal sub-trajectory
labeled by annotation (left) or genotype (right). f, Same as penel e, but colored by branch number. g, Dot

plot of top differentially expressed genes in the four branches shown in panel f.
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Figure 4.6: Supplementary Figure 1. Images of mouse embryos and integrating cells derived

from embryos of multiple genetic backgrounds to a single, wildtype-based “

ding”.

reference embed-

104 embryos (26 genotypes x 4 replicates) were staged at E13.5 and sent by five groups to a

single site. b, Schematic of approach of dimensionality reduction and cell-type annotation. ¢, 3D UMAP

visualizations of cells from each wildtype or mutant background within the shared “reference embedding”

resulting from the aforedescribed procedures.
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Annotation of sub-trajectories in data from wildtype

E13.5 embryos and Correlated developmental major and sub-trajectories between MOCA

(E9.5 - E13.5) and MMCA (E13.5 only) based on non-negative least-squares (NNLS) regres-

sion. a, For 8 of these 13 major trajectories, iterative analysis identified the additional sub-trajectories

shown here as 3D UMAP visualizations. b, Heat maps of the combined regression coefficients (row-scaled)

between major or sub developmental trajectories from MMCA (rows) and corresponding developmental tra-

jectories from the MOCA (columns).
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Figure 4.8: Supplementary Figure 3.

Cell composition for individual wildtype and mutant

embryos across developmental trajectories. a, Cell composition across 13 major trajectories of embryos

from different wildtype or mutant strains. b, Boxplots of cell proportions falling into neural tube (left) or

mesenchymal (right) trajectories for different wildtype or mutant strains.

c, Boxplots of cell proportions

falling into each of the 13 major trajectories for the four wildtype strains.
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Figure 4.9: Supplementary Figure 4. Cell composition for individual wildtype and mutant
embryos across developmental trajectories, from different technical or biological groups and
Simulation-based estimation of the number of replicates required to detect cell proportion
changes. a, Boxplots of cell proportions falling into each of the 13 major trajectories from different sample
origins (left), experimental batch (middle), or sex (right). b, ANOVA was performed on cell proportions
falling into each of the 13 major trajectories from different sample origins, experimental batch, or sex. c,
ANOVA was performed on cell proportions falling into each of the 13 major trajectories from different
experimental batches after subsetting samples from C57BL/6, FVB, or G4. d, Simulation-based estimation

of the number of replicates required to detect cell proportion changes.
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Figure 4.10: Supplementary Figure 5. Multiple retinal trajectories are diminished in Ttc21b
KO mice. a, The log2 transformed ratio of the cell proportions of each sub-trajectory, comparing Ttc21b
KO and C57BL/6 wildtype embryos, are shown. b, 3D UMAP visualization of the hepatocyte major tra-
jectory, highlighting cells from either the Ttc21b KO, C57BL/6 wildtype, or other mutants on the C57BL/6
background. ¢, 3D UMAP visualization of the epithelial major trajectory, highlighting cells from either the
Ttc21b KO, C57BL/6 wildtype, or other mutants on the C57BL/6 background. d, UMAP visualization of
co-embedded cells of limb mesenchyme trajectory from the ZRS limb enhancer KO and FVB wildtype. e,

UMAP visualization of co-embedded cells of various sub-trajectories from the ZRS limb enhancer KO and

FVB wildtype.
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Figure 4.11: Supplementary Figure 6. Quantitative analysis of lochNESS distributions. a,

Distribution of lochNESS across all 64 sub-trajectories in each mutant. b, Distribution of lochNESS in all

cells of each mutant under random permutation of mutant labels. ¢, Barplot showing the average euclidean

distance between lochNESS vs. lochNESS under permutation across all cells within a mutant. d, Estimated

density graphs of lochNESS shows distribution of lochNESS in wildtype comparisons. e, Barplots showing the

average euclidean distance between lochNESS and lochNESS under permutation, across all cells in neural tube

sub-trajectories of the Ttc21b KO and Gli2 KO mutants. f, Scaterplots showing the concordance of lochNESS

and LISI of cells from the G4 mutants in various main trajectories.

More extreme lochNESS (indicating

separation between mutant and wildtype) is associated with LISI scores approaching one (indicating non-

mixing).
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Figure 4.12: Supplementary Figure 7. Analysis of Gli2 KO in the roof plate and floor plate

trajectories. a, UMAP visualization of co-embedded cells of the floor plate and roof plate sub-trajectories

from the Gli2 KO mutant and pooled wildtype. b, Boxplot showing the lochNESS distribution in each

cluster shown on the right of panel a. ¢, Barplots showing the cell composition of each cluster shown on the

right of panel a, split by mutant vs. wildtype (left) or individual embryo (right). d, Dotplot summarizing

the expression of and percent of cells expressing selected marker genes in each cluster shown on the right of

panel a. e, Tangram-inferred locations of each cluster shown on the right of panel a. f, UMAP visualization

of co-embedded cells of the floor plate and roof plate sub-trajectories from the Gli2 KO mutant and pooled

wildtype, colored by expression of marker genes.
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Mut 1.3
10x

Figure 4.13: Supplementary Figure 8. Morphological phenotype of Gli2 -/- mutants and Ttr
staining in wildtype mice and Gli2 -/- mutants. a, H&E staining of two mutant and two wild type
E13.5 embryos in cranial-caudal (1-3) order within the head. b, Neural tube marker Paz6 staining of the
developing neural tube in consecutive sections 1.3 and 2.3 to visualize the structure of the neural tube
formation in wildtype and mutant. Tér staining of the developing brain regions (LV = lateral ventricle, 4V

= 4th ventricle, ChP = choroid plexus) in sections of ¢, wildtype and d, Gli2 -/- mutants.
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Figure 4.14: Supplementary Figure 9. Systematic screening of lochNESS distributions identi-
fies altered epithelial sub-trajectories in the Tbhx3 TAD Boundary KO mutant. a, Distribution
of lochNESS in each sub-trajectory of the mutants in the FVB background strain, all of which are TAD
boundary KOs. b, Row normalized heatmap showing the average euclidean distance between lochNESS and
lochNESS under permutation in each sub-trajectory for the same mutants shown in panel a. ¢, UMAP show-
ing coembedding of Thx8 TAD Boundary KO and pooled wildtype cells in the pre-epidermal keratinocyte,
epidermis, branchial arch, and lung epithelial sub-trajectories. d, same as in panel ¢, but colored by expres-

sion of selected mutant related genes and marker genes.
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Figure 4.15: Supplementary Figure 10. Similarity scores reveal mutant-shared and mutant-

specific effects. a, Heatmap showing similarity scores between C57BL/6 genotypes in the mesenchymal

trajectory. b, Boxplot showing the similarity scores of comparisons between embryos of different genotypes,

between embryos of the same genotype, and within the same embryos for C57BL/6 genotypes in the mes-

enchymal trajectory. ¢, Boxplot showing the similarity scores of comparisons between Atp6v0a2 KO vs.

Atp6v0a?2 RT755Q, Atp6v0a2 KO or Atp6v0a2 R755Q vs. Gorab KO, Atp6v0a2 KO or Atp6vla2 R755Q vs.

other C57BL/6 genotypes, in the mesenchymal trajectory. d, UMAPs showing co-embedding of Seni1a GOF
cells with pooled wildtype cells and E11.5-E13.5 MOCA cells, in the neural tube trajectory, split by mutant

(MMCA) and time point (MOCA). e, Barplots showing the distribution of “time scores” for Scnfla GOF

cells and pooled wildtype cells in selected main trajectories. f, Heatmaps showing similarity scores between

C57BL/6 genotypes in selected main trajectories. g, Senlla mutant and wildtype morphology comparison.
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Figure 4.16: Supplementary Figure 11. Spatial mapping of lateral plate and intermediate

mesoderm sub-clusters. Spatial mapping results by Tangram showing the most likely physical location

of the cells from each cluster in the lateral plate and intermediate mesoderm sub-trajectory on a sagittal

mouse section. Top 12 sub-clusters are shown. The color scale is set from 1st percentile to 99th percentile.
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Figure 4.17: Supplementary Figure 12. Misregulation of Sox9 and Kcnj2, and stalling of cells
in the undifferentiated mesenchyme in the Sox9 regulatory INV mutant. a, Quantification of
Soz9 and Kenj2 expression (scRNA-seq) in selected trajectories. For “bone” and “liver”, multiple sub-
trajectories were pooled to match the tissue labels in the RNAscope data in panel b. b, Quantification of
Sox9 and Kcnj2 expression based on RNAscope images of heterozygous E13.5 wildtype and Sox9 regulatory
INV mutant embryos. ¢, Gene set enrichment analysis on bone cells. d, RNA velocity of mesenchymal G4
wildtype and Soz9 regulatory INV cells labeled by sub-trajectories or genotype and the corresponding 2D
density plots. e, Sub-clustering of the limb mesenchyme sub-trajectory based on cells from pooled wildtype.
f, Marker gene expression used to annotate limb mesenchyme sub-clusters. g, Proportion and the number of
cells at different levels of clustering, leading up to the four branches of the undifferentiated mesenchyme. h,
Density plots for UMAP embedding of G4 wildtype and Soz9 regulatory INV cells in the limb mesenchymal
trajectory. Comparison of the ssGSEA scores between the two branches of undifferentiated mesenchyme for

Soz9 regulatory INV cells for (i) cell type signature (C8) and (j) Hallmark gene sets.
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Figure 4.18: Supplementary Figure 13. Spatial mapping of the cells of undifferentiated mes-

enchyme onto the Stereo-seq dataset and integration with the sci-space dataset. a, Tangram

inferred locations of cells from each branch shown in Fig. 5f, split by mutant (top) and wildtype (bottom)

identity. b, Cells from the Soz9 regulatory INV mutant assigned to the undifferentiated mesenchyme were

integrated with a spatial transcriptomics dataset on mid-gestational mice (E14.5), generated via the sci-space

method|267]. We find the nearest neighbor of each Soz9 regulatory INV mutant cell in sci-space data in the

integrated co-embedding, and plot the location of the neighboring sci-space cell where it is known (red dots).
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Chapter 5
DISCUSSION AND FUTURE DIRECTION

Although the data and strategies presented in this thesis provide valuable insights into
the cellular trajectories and key regulators during mammalian embryogenesis, they also have

some shortcomings.

e The scRNA-seq data from different stages of development were generated from different
studies using different technologies (gastrulation from Pijuan-Sala et al., organogenesis
and fetal development from Cao et al. and Qiu et al.). Batch correction is essential
for integrating single-cell RNA-seq data sets, but it can be problematic because it may

fail to remove all batch effects or it may remove some biological signal from the data.

e The early-stage scRNA-seq datasets were generated by pooling embryos together to
obtain a sufficient number of cells. In contrast, the later-stage datasets were gener-
ated by profiling a single sample for each time point. Both approaches may have lost

variation between replicates, making the results less robust.

e We have estimated the total number of cells in a mouse embryo at different timepoints
in Chapter 3. These estimates suggest that our sampling strategy (i.e. the number
of cells profiled at each timepoint) for the later stages may not have been sufficient to

characterize the rare cell states and trajectories.

e The trajectory reconstruction strategy used in Chapter 2 is not easily generalizable to
more complex systems because it divides cells into different time points. This means

that cells at a single time point may not be sufficient to identify all possible cell
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states. Additionally, the strategy identifies trajectories between cell states in a global

embedding, which may not be appropriate for cell states identified by subclustering.

e The trajectory reconstruction strategy used in Chapter 3 did not account for the
cellular heterogeneity and temporal heterogeneity within each single cell state node.
Additionally, the strategy manually split cells into different subsystems, which may
have resulted in the loss of trajectories that cross between systems (e.g. cross-germ

layers).

The abrupt changes in gene expression that we observed in some tissues after birth (P0),
including the liver, fat, and lung, have raised our interest in the developmental process
from birth to adulthood. The development of a mouse after birth is a highly complex and
coordinated process. It involves the interaction of many different genes and environmental
factors. After birth, a mouse’s brain, senses, muscles, immune system, and endocrine system
continue to develop rapidly. This development includes the formation of new synapses and
the refinement of neural circuits. The senses of sight, hearing, taste, smell, and touch also
continue to develop, allowing the mouse to interact with its environment and learn about the
world around it. The mouse gains control over its muscles and learns how to move around.
It also starts to develop coordinated movements, such as walking and running. The immune
system develops, allowing the mouse to fight off infections and disease. The endocrine system
starts to function, producing hormones that regulate growth, development, and metabolism.
To better understand how mice develop during this period, my colleagues and I have started
collecting and staging embryos from birth to adulthood. We have adapted our sci-RNA-seq3
technology to work with larger samples, such as adult mice, allowing us to systematically
profile the transcriptome of single cells from embryos collected at a series of timepoints after
birth. This is particularly interesting as it allows us to study how the mouse embryo interacts
with its environment during development. We could even extend this strategy to later stages,

up to death, resulting in a complete developmental timeline from fertilization (EO0) to death
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(DO).

In a recent review paper, Domcke et al. argue that the current approach to cell classi-
fication is inadequate [212]. They point out that the traditional approach, which is based
on atlases or periodic tables, does not consider the developmental relationships between cell
types. As a result, we lack a systematic way to organize and interpret the vast amounts
of data that have been generated about single cells. This makes it difficult to discover new
cell types and to study their development and functions. To address this problem, Domcke
et al. propose a new approach based on a consensus ontogeny. A consensus ontogeny is a
tree-like structure that represents the developmental relationships between all cell types in a
given organism. This approach would provide a universal, stable, and extendable framework
for the precise communication of scientific knowledge about cell types. The transcriptome
profiles we are creating from samples collected from EO to PO (or even DO) provide an op-
portunity to make this perspective a reality. By systematically profiling the transcriptome
of single cells from different developmental stages, we can create a comprehensive map of the

developmental relationships between cell types.

Most of the trajectories described in this thesis were reconstructed computationally using
scRNA-seq data. The key regulators were identified based on the differential gene expression
between cell states along the trajectory. However, the true function of these regulators,
especially transcription factors (TFs), is still not well-established, as expression does not
always equal function. Therefore, data with chromatin accessibility from samples collected
from a series of timepoints during mouse embryogenesis is essential to identify the true
functional regulators. In Calderon et al.’s study in flies [6], they did not perform scRNA-
seq and scATAC-seq on the same cells, but they were still able to explore the dynamics
of enhancer usage and gene expression within and across lineages at the scale of minutes.
Similarly, Domcke et al. integrated scRNA-seq and scATAC-seq with data collected from

the paired organs of fetal humans, identifying the relationship between TF expression and
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activity across organs [120]. Our next step is to collect and profile the chromatin accessibility
of single cells from the corresponding timepoints during mouse organogenesis, and then

integrate these data with scRNA-seq to identify the key functional regulators.

The sampling strategy based on profiling single-cell transcriptomes is an indirect way
to identify developmental trajectories. It would be better to combine it with other direct
strategies, such as cell lineage tracing. In the past two years, new technologies have been de-
veloped that may overcome their original limitations. For example, new methods for genome
editing are being developed for cell lineage tracing that can create more stable barcodes that
can be tracked for longer periods of time [213, 214]. Additionally, new light-sheet micro-
scopes are being developed that are capable of imaging larger and more complex embryos
[278, 1279, [280]. Choi et al. developed DNA Ticker Tape, a DNA-based memory device that
can record events in sequence [214]. It overcomes the limitations of previous systems by
recording multiple signals simultaneously and capturing the order of events. Maizels et al.
developed sci-FATE2, an optimized metabolic labeling method for studying the dynamics of
cell fate determination, by which they profiled approximately 45,000 embryonic stem cells
differentiating into multiple neural tube identities [281]. These advanced technologies, to-
gether with single-cell transcriptome data and other omics data, provide new insights into

our understanding of mammalian development.

The advent of novel technologies, particularly single-cell-based methods, has opened up
new avenues for investigating the intricacies of embryo development, shedding light on cell
identity and cell fate during embryogenesis. The massive amount of single-cell data generated
by various studies, some of which may overlap in terms of coverage and even contradict each
other on their findings, has shifted our research focus from data generation to data interpre-
tation. Integrating heterogeneous data and systematically extracting valuable and accurate
information from this vast trove of data has become a critical next step. Geneformer, for

instance, is a revolutionary deep learning model that has transformed the analysis of various
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biological data [215]. Trained on a vast collection of single-cell transcriptomes, Geneformer
boasts an exceptional ability to unravel intricate gene regulatory networks, even in situations
with limited data. By fine-tuning Geneformer for specific tasks, researchers have unlocked
its potential to predict chromatin and network dynamics, and even pinpoint promising ther-
apeutic targets for cardiomyopathy. This work, along with other innovative computational
methods powered by deep learning models, pave the way for future advancements in the

field.
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