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SUMMARY
The emergence of the three germ layers and the lineage-specific precursor cells orchestrating organogenesis
represent fundamental milestones during early embryonic development. We analyzed the transcriptional
profiles of over 400,000 cells from 14 human samples collected from post-conceptional weeks (PCW) 3 to
12 to delineate the dynamic molecular and cellular landscape of early gastrulation and nervous system
development. We described the diversification of cell types, the spatial patterning of neural tube cells, and
the signaling pathways likely involved in transforming epiblast cells into neuroepithelial cells and then into
radial glia. We resolved 24 clusters of radial glial cells along the neural tube and outlined differentiation
trajectories for the main classes of neurons. Lastly, we identified conserved and distinctive features across
species by comparing early embryonic single-cell transcriptomic profiles between humans and mice. This
comprehensive atlas sheds light on themolecularmechanisms underlying gastrulation and early human brain
development.
INTRODUCTION

During early mammalian development, embryos start from a

single-cell zygote and progress to a blastocyst, followed by

gastrulation. During this period, embryonic pluripotent stem

cells diversify into lineage-specific precursors and drive

organogenesis. With the utilization of single-cell RNA
Cell Stem Cell 30, 851–866,
This is an open access article under the CC BY-N
sequencing (scRNA-seq) technology, recent studies have

described the molecular features of gastrulation and organo-

genesis during early mouse development.1–3 Under the

orchestration of defined gene expression networks, embry-

onic stem cells progressively lose totipotency, transform into

a pluripotent state, and commit to specific lineages during

early organogenesis.1–4
June 1, 2023 ª 2023 The Author(s). Published by Elsevier Inc. 851
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Our understanding of human early embryonic development is

much more limited. Human organogenesis begins at Carnegie

stage (CS) 9, at approximately embryonic day (E) 20. Global tran-

scriptome profiles of human embryos covering early develop-

ment have been described,5 followed by two further studies

dissecting the cellular and molecular mechanisms underlying

human and macaque early gastrulation up to 14 and 20 days

post-fertilization, respectively.6,7 Recent single-cell transcrip-

tomic analyses have begun to illustrate the development of

different human tissues and organs.8–13 However, a comprehen-

sive understanding of the developmental trajectories, spatial

gene expression, and essential regulatory networks involved in

early human embryo development and organogenesis after

gastrulation at single-cell resolution is lacking.

The brain is the most complex organ in the human body. It

comprises billions of neurons organized in many interconnected

structures, and these regional differences appear as early as the

neural tube closure.14 Neurulation is a complex morphogenetic

process requiring precise coordination of cellular events and

molecular regulation.15,16 Many epiblast cells pass through the

primitive streak during gastrulation to form the mesoderm and

endoderm. The remaining epiblast cells are converted into neu-

roepithelial (NE) cells that form the developing neural tube.17 NE

cells divide asymmetrically between PCW3 and 4 and undergo a

series of molecular and morphological changes that transform

them into radial glial (RG) cells, the progenitors underlying neural

cell production.18,19 With the tremendous increase in neuron

number, many brain structures substantially expand in humans

compared with other mammals,20 and exploring the diversity

of neural stem cells (NSCs) and the regulation of cell fate deter-

mination in early human brain development has become critical

for understanding how different cell types across brain regions

are generated and expanded.

Here, we analyzed 14 samples collected from human em-

bryos and fetuses ranging from PCW3 to 12 to delineate a

single-cell landscape of early human gastrulation and neuro-

genesis. We examined the transcriptional profiles of 430,808

cells and focused on the early dynamics of nervous system

development. We resolved the spatial organization of neural

tube cells and described the molecular mechanisms through

which bipotent neuromesodermal progenitor (NMP) cells

contribute to neural and mesodermal tissues. We also identified

signaling pathways regulating the epiblast-NE-RG transitions

and described the diversification of RG and their spatial local-

ization in the early nervous system. A comparison of early

embryonic transcriptomic profiles between humans (PCW3–4)

and mice (E8.5–10.5) revealed broadly conserved features be-

tween the species, although a human-dominant neural cluster

was also identified.
Figure 1. Survey of human early embryo development at single-cell re

(A) Schematic diagram of sample collection and the scRNA-seq experimental w

(B) t-SNE visualization of all 430,808 human embryo cells color-coded by 90 cluste

crest cells; NSCs, neural stem cells; IPC, intermediate progenitor cells; Glu, glutam

cholinergic neurons; NMPs, neuromesodermal progenitors.

(C) The highlights of the three germ-layer-derived cells on the t-SNE layout.

(D) Cells from each developmental stage are highlighted and color-coded by clu

(E) Heatmap showing themean expression of marker genes of the 20major group

shown vertically on the right, and the bar plot shows the negative logarithm p va
RESULTS

A single-cell atlas of early human embryogenesis
To gain a global perspective of cellular diversification during

early human embryogenesis, we collected 14 human samples

between PCW3 and 12, including four whole embryos (PCW3–

5), seven heads (PCW4–8), and three brains (PCW9 and 12),

prepared single-cell suspensions, and processed them for

scRNA-seq using a droplet-based platform (Figure 1A). The

age of the embryonic samples corresponds to CS 10, 12 to 16,

18, and 20 (Figure 1A; Table S1). A total of 430,808 cells were

analyzed following quality control processing (Figure S1A). We

used Louvain clustering and t-distributed stochastic neighbor

embedding (t-SNE) to visualize 90 clusters with cells from the

three germ layers and acrossmultiple developmental stages21,22

with high correlation similarities from samples of the same

stages and the same types of tissue (Figures 1B–1D, S1B, and

S1C; Table S1). These clusters can be categorized into 20 major

groups (Figure S1D) based on the expression of typical markers

and gene ontology (GO) analysis of differentially expressed

genes (DEGs) (Figures 1E and S1E; Table S1).

We observed that many cell clusters derived from the ecto-

derm correspond to the nervous system, consistent with the

predominant sampling of heads and brains (Figure 1C). These

clusters include neural crest (NC) cells, NSCs, intermediate pro-

genitor cells (IPCs), and glutamatergic (Glu), GABAergic (GABA),

dopaminergic (DA), and cholinergic (ACh) neurons (Figures 1B

and S1D). The expression of SOX10 and MPZ in NC cells (clus-

ters 52 and 53) suggests that these cells may give rise to the

peripheral nervous system (PNS) (Figures 1B and S1E). In

contrast, the high expression of POU4F1 in the Glu6 and Glu7

groups (clusters 70 and 71) indicates that these cells might be

sensory neurons starting to emerge around PCW4. In addition,

ACh1 cells (cluster 83) expressing ISL2+ as early as PCW4 likely

represent spinal cord motor neurons (Figures 1B and S1E).

We also identified several large groups among cells derived

from the mesoderm (Figure 1C). For example, myoblasts ex-

pressed MYF5 and PITX2, while osteoblasts expressed RUNX2

(Figures 1B and S1E). In addition, we observed primitive

erythroid cells expressing high levels of GYPA as early as

PCW3, which revealed that the blood system developed very

early (Figures 1B–1D and S1E). In contrast to the abundance of

ectodermal and mesodermal cells in our dataset, we only

captured a few endodermal cells (cluster 90). These cells had a

transcriptomic profile similar to epithelial cells derived from the

surface ectoderm (clusters 88 and 89). NMPs (cluster 86), a tran-

sient cell population that contributes to the development of the

spinal cord and the adjacent paraxial mesoderm,23 were found

only at PCW3 (Figures 1B–1D and S1E).
solution

orkflow.

rs. LPM, lateral plate mesoderm; ProMeso, proliferatingmesoderm; NC, neural

atergic neurons; GABA, GABAergic neurons; DA, dopaminergic neurons; ACh,

sters.

s. Enriched gene ontology (GO) terms for the major gene groups (red boxes) are

lues.
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Cell-type diversity during gastrulation
The third-week post-fertilization is critical for human embryogen-

esis. During this stage, gastrulation leads to the establishment of

the three germ layers, and subsequently, the process of primary

neurulation transforms the neural plate into the neural tube.15,24

To investigate cell diversity during this period, we analyzed a to-

tal of 12,323 cells from two embryos of different sex collected

during PCW3 (Figure S2A), which corresponds to CS10.24,25 Un-

biased clustering led to the identification of 19 groups of cells

across the three germ layers with distinct patterns of gene

expression (Figures 2A and 2B; Table S2). Among ectodermal

derivatives, three clusters of neural tube cells with distinctive

gene expression were identified at this stage, along with NC cells

characterized by high expression ofMPZ andSOX10 and epithe-

lial cells displaying robust EPCAM expression (Figure 2B). Meso-

dermal cells were segregated into paraxial, intermediate, and

lateral plate mesoderm, along with other groups containing

more differentiated cells corresponding to the presomitic meso-

derm, somites, myocyte progenitors, mesenchyme, endothelial

cells, and primitive erythroid progenitors (Figure 2A and 2B).

We also identified a cluster of NMPs sharing some features of

both ectoderm and mesoderm, as well as a cluster of noto-

chordal cells expressing both SHH and T. Finally, endodermal

cells were distinguished from other germ layers by the specific

expression of TTR and APOA2 (Figure 2B).

To map the distribution of different cellular populations in the

early human embryo, we performed spatial transcriptomic

experiments at PCW4 (Figure S2B). We observed that cluster

identities and marker gene expression assigned through the

scRNA-seq analysis matched their known anatomical locations

(Figures 2C, S2C, and S2D). For example, the predicted neural

tube clusters and their marker SOX2 mapped to the brain and

spinal cord, whereas NC cells and their marker SOX10 showed

the highest prediction score adjacent to the somite (Figure 2C).

These experiments revealed the precise spatial organization of

the different cell groups identified by scRNA-seq during human

embryo gastrulation.

Identifying the developmental trajectories followed by different

cell types in the human embryo during gastrulation is a signifi-

cant challenge due to the difficulty of accessing samples at

this early age. To circumvent this problem, we integrated our

PCW3 (CS10) dataset with a published dataset from a CS7

human embryo, which corresponds to an early stage of gastrula-
Figure 2. Single-cell and spatial transcriptomics map of human gastru

(A) UMAP visualization of the PCW3 cells. Cells were divided into 19 clusters ind

(B) Violin plot showing the marker gene expression profiles of different clusters, g

three germ layers.

(C) Predicted spatial distributions of the neural tube and neural crest cells and th

(D) Integration and the ForceAtlas2 (FA) layout embedding of cells from the CS

annotated in (F).

(E) Feature plots showing selected marker gene expression of cell types from (D

(F) Directed acyclic graph showing inferred relationships between the epiblast-de

CS10 were also included. All edges with weights above 0.4 are shown in graysc

(G) Schematic representation of the gastrulation development tree from epiblasts

(H) ForceAtlas2 layout showing the relationship between NMP, neural tube 3, an

indicate the predicted developmental trajectories from NMP cells.

(I) Feature plots of genes highly expressed by each cluster in the ForeceAtlas2 la

(J) Heatmap showing the differentially expressed genes along the lineage trajector

somite) and pseudotime of the NMP transformation.
tion26,27 (Figures 2D, 2E, S2E, and S2F). We then used an auto-

mated procedure to define cell states and cell-state relationships

inferred based on transcriptional similarities.28 The resulting

directed acyclic graph inferred developmental trajectories from

the epiblast to the three germ layers (Figures 2F and S2G;

Table S2). For instance, the analysis predicted that neuroecto-

derm cells from CS10 embryos derive from epiblast cells from

the CS7 embryo. In contrast, the endoderm and early mesoderm

cells found at CS10 (paraxial, intermediate, and lateral plate

mesoderm) are pseudo-descendants of the primitive streak

induced from the epiblast. We also observed that cells in the

emergent mesoderm at CS7 are pseudo-ancestors of the myo-

cyte progenitors and somite cells found at CS10, whereas cells

from the advanced mesoderm at CS7 are pseudo-ancestors of

the mesenchyme and cardiac myocyte in CS10 embryos. These

observations are broadly consistent with our current knowledge

of human gastrulation.

We leveraged the inferred developmental trajectories to iden-

tify essential genes regulating cell-state transitions during

gastrulation. Many of the identified genes are consistent with

previously published studies. For example, we observed that

the epiblast and the epiblast-induced primitive streak cells ex-

pressPOU5F1 (also known asOCT4) andCDH1,26 whereas cells

from the neural ectoderm highly express SOX2 and PAX6. In

contrast, the paraxial, intermediate, and lateral plate mesoderm

derived from the nascent mesoderm are characterized by the

expression of FOXC1,29 PAX8,30 and HAND1,31 respectively

(Figures 2E, 2G, and S2F).

We also examined the contributions of NMP cells to the pos-

terior neural tube and somite formation. NMPs are considered

bipotent progenitors.23 They express the neural marker SOX2

and the mesodermal marker TBX6 and are positioned between

the paraxial mesoderm and neural tube 3 cells in the Uniform

Manifold Approximation and Projection (UMAP) (Figures 2A

and 2B), highlighting their lineage relationships. To further char-

acterize how NMPs contribute to neural tube and somite forma-

tion, we embedded NMPs, neural tube 3 cells, and cells from the

paraxial mesoderm, presomitic mesoderm, and somites into a

force-directed graph layout (Figure 2H). NMPs were at the start

site in the pseudotime trajectory, with cells from the neural

tube and somites at either end. This analysis allowed the identi-

fication of DEGs between the cell clusters and along the pseudo-

time trajectories (Figures 2I and 2J; Table S2). We observed that
lation

icated by different colors.

rouped by three germ layers, NMP, and notochord. Color shadows depict the

e spatial expression of their corresponding marker genes SOX2 and SOX10.

7 gastrula26 and CS10 (PCW3) dataset. Corresponding cluster identities are

).

rived cell states from CS7 to CS10. The edges between clusters within CS7 and

ale.

. Representative marker genes of each cell type are noted next to the arrows.

d somite-related cells colored by cluster and pseudotime values. The arrows

yout as in (H).

y clusters (neural tube 3, NMP, paraxial mesoderm, presomitic mesoderm, and
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Figure 3. Spatial organization of the neural tube cells at PCW3

(A) ForceAtlas2 layout of neural tube cells at PCW3 colored-coded by regionalized clusters. Inset: locations of neural tube clusters in PCW3 UMAP plot from

Figure 2A.

(B) The density of cells per cluster along the cranial-caudal axis of the neural tube by the color codes denoted in (A).

(C) Heatmap showing the average expression levels of marker genes along the pseudo-space axis for forebrain, midbrain, hindbrain, and spinal cord progenitor.

(D) Spatial location prediction and transcriptome from sections 8 and 5 and immunostaining reveal the distribution and expression of the forebrain (LHX2),

midbrain (OTX2), and hindbrain progenitor (CRABP1) markers. The predicted upper panels indicated predicted regions for each progenitor location. The lower

panels show the spatial expression pattern of individual marker genes. Scale bars, 200 mm.

(legend continued on next page)
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genes involved in WNT signaling (WNT3A, DKK1, CITED1, and

RSPO3) and pattern specification (FGF8, CDX2, HES7, and

TBX6) are highly expressed by NMPs and the adjacent paraxial

mesoderm cells (Figures 2I and 2J). In contrast, genes associ-

atedwith NOTCH signaling (SIX1,RIPPLY2, andMESP2) and so-

mitogenesis (MEOX1/2, TCF15, and ALDH1A2) are highly ex-

pressed in cells from the presomitic mesoderm and somites

(Figures 2I and 2J). In addition, we observed that neural lineage

markers such as SOX2 and LAMP5 are expressed in neural tube

3 cells (Figures 2I and 2J).32

Spatial organization of neural tube cells
We further examined the spatial organization of neural tube cells

from the three distinctive neural tube clusters at PCW3 (neural

tube 1, 2, and 3 in Figure 2A). We found that neural tube cells

were regionalized along the cranial-caudal axis as forebrain,

midbrain, hindbrain, and spinal cord progenitors (Figures 3A

and 3B) and expressed distinct sets of genes along a pseudo-

spatial trajectory (Figure 3C; Table S3).4 To spatially resolve

the expression of marker genes, we mapped the neural tube

cells to the spatial transcriptomics data. As expected, the neural

tube cells identified by scRNA-seq, and DEGs were spatially

segregated (Figures 3D and S3A). For example, we found strong

LHX2 and FEZF1 expression in the forebrain, while SIX3 and

EMX2 expression is limited to the ventral and dorsal forebrain,

respectively (Figures 3D and S3A). We also observed regionally

restricted expression of OTX2 (forebrain and midbrain) and

FGF17 and EN1 (midbrain). We noticed that PAX7 and FGF8

were strongly expressed in the dorsal and posterior ventral as-

pects of the midbrain, respectively (Figures 3D and S3A). In

contrast, PAX2 expression in the midbrain was restricted to a

narrow stripe at the isthmus (Figure S3B). We found regional

EGR2, MAFB, and HOXA2 expression in the hindbrain (Fig-

ure S3A). In addition, we validated the spatial expression of

CRABP1 in the hindbrain (Figure 3D). We speculate that the

lower expression in the anterior hindbrain could be due to the

developmental difference between the spatial and single-cell

samples used in this analysis. We also observed that the expres-

sion of HOX genes (HOXA1, HOXA2, HOXA5, HOXA7, and

HOXB9) correlate well with our current understanding of the an-

teroposterior patterning of the hindbrain and spinal cord

(Figures 3C and S3A).

Primary neurulation induction involves not only the neural

ectoderm but also the surrounding tissues. The notochord and

underlying mesoderm secrete signaling molecules to promote

neural ectoderm folding and differentiation.15,33 To investigate

how themesoderm, notochord, and endoderm influence primary

neurulation at PCW3, we performed CellChat analysis34 and

explored intercellular communications among these cells (Fig-

ure 3E; Table S3). GO enrichment analysis revealed that genes

encoding ligand-receptor pairs in the FGF, WNT, mTOR and

Hippo signaling pathways are associated with neural tube devel-

opment (Figure 3F). For instance, we detected the gene encod-

ing WNT5B in the notochord, NMP and intermediate mesoderm
(E–H) Analysis of cell-cell communications between neural ectoderm and other t

frommesoderm, notochord, and endoderm to neural ectoderm clusters (E). GO e

in (F). The right chord diagrams show the significant interaction pairs associated w

show the downstream effector genes which differed between the neural tube an
and the genes encoding the receptors FZD2, FZD3, and FZD7 in

neural ectoderm cells (Figure 3G). Similarly, we found the genes

encoding FGF8, FGF17, and FGF19 in the paraxial mesoderm,

notochord, and NMP and the gene encoding FGFR1 in neural

ectoderm cells (Figure 3H). Consistent with activated WNT and

FGF pathways, we also observed the diverse expression of

selected downstream effector genes among the neural tube

and NC clusters (Figures 3G and 3H). These observations sug-

gested that non-ectodermal tissues regulate neural ectoderm

folding and differentiation through signaling pathways, including

WNT and FGF signaling.

Transitions from epiblasts to neuroepithelial cells to
radial glia
We analyzed single-cell transcriptome profiles of whole embryos

from PCW3 to 5 to investigate the dynamics of cell fate determi-

nation during early neurogenesis. A total of 81,102 cells were

categorized into 33 clusters from 11 lineages based on the

expression of known markers involved in early organogenesis,

including different neural lineages from the ectoderm

(Figures 4A and S3C–S3F; Table S4). A clear distinction of the

differentiation trajectories between the central nervous system

(CNS) and PNS, respectively is apparent from these early stages

(Figure 4B). Spinal cord motor neurons and dorsal root ganglion

(DRG) cells were abundant at PCW4 and 5 (Figures 4C, S3D, and

S3E). The expression of the newborn neuron marker DCX was

enriched in the posterior CNS and PNS clusters, including those

corresponding to spinal cord motor neurons and DRG cells (Fig-

ure 4D), in agreement with a posterior-to-anterior gradient of

neurogenesis. We observed that CNS progenitors were clus-

tered by regional marker gene expression. For example, LHX2,

EN1, and EGR2 were expressed by forebrain, midbrain, and

hindbrain progenitors, respectively (Figures 4E and S3F).28,31,35

To better understand the early stages of progenitor develop-

ment, each brain regional progenitor cluster was further classi-

fied into NE and RG cells with marker genes, considering that

the NE cells presented tight junction features, while the RG cells

showed glial characteristics (Figure 4E).

Although the conversion of epiblast cells into NE and their

subsequent transformation into RG are critical developmental

milestones,19,36 the molecular regulation of this process remains

unclear. We performed gene set enrichment analysis (GSEA) to

identify signaling pathways responsible for the epiblast-NE-RG

transformations.37 We found that genes encoding tight junction

proteins, such as CLDN10, were highly expressed in epiblast

cells, and their expression gradually decreased during the trans-

formation (Figure 4F). Consistently, we observed a substantial

reduction in the expression of tight junction protein ZO-1 during

the conversion of NE cells into RGs (Figures 4G and 4H). We also

found that genes linked to epithelial-mesenchymal transition

(EMT), such as the gene encoding N-cadherin (CDH2), were up-

regulated during this process (Figures 4F–4H). Several other

signaling pathways, including BMP andNOTCH, were also impli-

cated in regulating the epiblast-NE-RG transformations.
issue clusters. The chord diagram shows the ligand-receptor interaction pairs

nrichment analysis for the ligand-receptor interaction genes from (E) are shown

ith WNT (G) and FGF (H) signaling pathways, respectively. The right violin plots

d neural crest clusters for WNT (G) and FGF (H) pathways, respectively.
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Accordingly, BMP7 and HES5 expression increased gradually

during this process (Figures 4F–4H). These analyses illuminate

themolecular mechanisms regulating the earliest steps in human

neurogenesis.

Diversity of radial glia cells in the CNS
RGs are progenitor cells that give rise to distinct classes of neu-

rons and glial cells in the CNS.19,36 To identify fundamental

molecular mechanisms underlying neurogenesis during early

brain development, we extracted 217,778 progenitor cells and

neurons from the CNS of all the samples. We used the expres-

sion of known markers to classify them as RGs, IPCs, and neu-

rons (Figures S4A–S4C). Since IPCs are primarily described as

secondary progenitors in the developing telencephalon, we

named progenitor cells with similar neurogenic features but

from outside the telencephalon as transient amplifying cells

(TACs). We then used velocity analysis to identify the general

developmental trajectory directions linking specific populations

of RGs, IPCs/TACs, and neurons (Figure S4D). To explore cell-

type diversity and heterogeneity, we clustered these cells and

identified 24 RG, 5 IPCs/TAC, and 17 neuronal clusters, respec-

tively (Figures 5A, 5B, S4E, and S4F; Table S5).

We integrated the scRNA-seq clusters with those obtained

through spatial transcriptomics to reveal their regional organiza-

tion in the developing CNS38 (Figures 5C and S4G).We observed

that the distinct RG clusters distributed heterogeneously across

different brain and spinal cord regions. For example, RG15 and

RG21 mapped to the eye and were characterized by the expres-

sion of SIX3 and SIX6 (Figures 5B and 5C), suggesting a retina

progenitor identity.9 RG3, RG6, RG7, RG9, and RG24 were

found in the anterior brain and expressed the telencephalic

marker FOXG1. RG14 was found in the thalamic region and ex-

pressed BARHL2 and OTX2,39 whereas RG8, RG10, and RG11

mapped to the midbrain and expressed FGF17 and EN1.40

RG2, RG4, RG12, RG13, RG19, RG20, RG22, and RG23 local-

ized to the hindbrain and spinal cord and expressed HOX genes.

We also observed spatial segregation along the dorsoventral

axis of the CNS, with RG11, RG14, and RG20 expressing dorsal

markers such as ZIC1 and occupying dorsal regions,41 and

RG23 expressing ventral markers such as SHH and mapping

to ventral regions (Figures 5B and 5C).

We performed correlation analyses to identify putative differ-

entiation trajectories from distinct RG clusters to different clas-

ses of neurons.We identified six region-distinctive differentiation

lineages based on their predicted spatial location and the
Figure 4. Early embryo neurogenesis from PCW3–5

(A) UMAP visualization of PCW3–5 whole-embryo cells, colored by development

(B) Velocity visualization of the NMP, CNS, and PNS lineages fromPCW3 to 5who

other lineages are colored gray. DRG, dorsal root ganglion.

(C) Expression of marker genes of clusters in the early nervous system developm

(D) Spatial transcriptome visualization from PCW4 showing the newborn neuronm

and DRG cells.

(E) Dot plot of average expression of marker genes for the brain regional NE, and

(F) Significant Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pa

each brain region. Dynamic expression patterns of all genes in each pathway and

colored by spatial regions. Prog, progenitor.

(G) Immunostaining of ZO-1, CDH2, NOTCH1, and SOX2 at PCW5 and 8 validatin

show the morphology of RG cells indicated by NOTCH1, P-VIM, and SOX2 stain

(H) The mean signal intensity for ZO-1, CDH2, and NOTCH1 in the apical surface

Data of 8–11 brain regions from n = 3 brain slices were used for each gene at ea
expression of region-specific genes (Figures 5C, 5D, and S4H).

For example, the first lineage linked the PAX6+ RG6, RG7, and

RG18 clusters with dorsal telencephalic Glu neurons, which

included the TBR1+ clusters Glu1, Glu2, and Glu4 and a RELN+

and LHX1+ cluster that likely corresponds to Cajal-Retzius

cells (CRCs).42 This lineage transverses through the IPC2 and

IPC3 clusters, characterized by the expression of EOMES

(Figures 5D–5H). Among the RG clusters in the first lineage, we

noticed that RG6 and RG7 were found as early as PCW4, while

RG18 only emerged in PCW9. RG18 and a subcluster of RG6

(RG6-1) were specifically defined by the expression of HOPX

and MOXD1, which are characteristic of outer RG (oRG)

(Figures 5B and 5I).43 We performed velocity analyses to infer

the developmental trajectory linking early RG clusters in the

dorsal ventricular zone (VZ) (RG6-0 and RG7) and oRG (RG18

and RG6-1) and found a consistent enrichment of this later pop-

ulation from PCW9 onward (Figures 5I–5L). We also found spe-

cific gene modules that were mainly enriched in oRG, including

genes regulating cell migration (HOPX, FAM107A, and PTN)

and several signaling pathways such as WNT (CTNNB1, SOX9,

and SFRP1), MAPK (HSPA1A, HSPA1B, and HSPA6), and

PI3K-AKT-mTOR (NGFR, NTRK2, PDGFD) (Figures 5M, and

S4I). We speculate that these signaling pathways may play

essential roles in generating oRG cells. In the ventral telenceph-

alon, the second lineage linked the NKX2-1+ clusters RG3 and

RG9 with two populations of GABA neurons, GABA1, and

GABA3, via ASCL1-expression IPC1, possibly corresponding

to GABA neurogenesis from the medial ganglionic eminence

(Figures 5N–5Q). Altogether, our data highlighted the heteroge-

neity of RG across different regions and their possible develop-

mental lineage in the early developing CNS.
Distinctive features of human early nervous system
development
To investigate similarities and differences across species during

early embryonic development, we integrated the single-cell tran-

scriptome profiles of humans (45,354 cells from PCW3 and 4-1)

and mice (54,482 cells from Es 8.5, 9.5, and 10.5).27 We first per-

formed a cross-species comparison of all embryonic cells. We

observed a great degree of similarity in cell clusters defined by

the expression of marker genes (Figures S5A–5G). We then con-

ducted regulon analyses to compare the critical regulators of early

organogenesis inhumansandmice (FiguresS5H–S5M;TableS6).

We identified twelve genemodules likely involved in this process.
al lineages. CNS, central nervous system; PNS, peripheral nervous system.

le-embryo cells. Individual NMP and neural clusters are color-coded. Cells from

ent between PCW3 and 5.

arker gene DCX, together with the predicted spatial locations for motor neuron

RG cells.

thways and biological processes during the epiblast-NE-RG transformation in

representative genes (CLDN10, CDH2, BMP7, and HES5) are presented and

g the change of expression patterns of genes from NE to RG. The right panels

ing at PCW5. Scale bars, 20 mm.

of the ventricular zone at PCW5 and 8. Data are represented as mean ± SEM.

ch time point. Unpaired Student’s test was used for statistics. ****p < 0.0001.
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Figure 5. Early development of the central nervous system from PCW3 to 12

(A) ForceAtlas2 layout of the 24 RG, 5 IPC/TACs, and 17 neuron subclusters in early human central nervous system development between PCW3 and 12. TAC,

transient amplifying cell; CRC, Cajal-Retzius cell.

(legend continued on next page)
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Among them, transcription factors in module 12 were likely

involved in central and PNS development (Figures S5J–S5M).

We next focused on cross-species differences during the early

development of the nervous system to compare the molecular

andcellular programsbetweenhumansandmice.Canonical cor-

relationanalysis (CCA) joint clustering assignments indicated that

most neural cell types were highly correlated between the two

species (Figure 6A). However, we found that cluster 14 was hu-

man dominant, whereas cluster 15 (NKX2-1+,DLX6+) wasmouse

dominant (Figures 6A,S6A, andS6B). The human-dominant clus-

ter 14 was identified as the cerebellar rhombic lip (RL) by the

expression of LMX1A andWLS (Figures 6B and S6C).44 The hu-

man RL splits into VZ and subventricular zone (SVZ) around

PCW10 to sustain prolonged granule cell production. In contrast,

the mouse RL does not develop an SVZ, and the VZ thins from

E10.5 to E15.5 and disappears by birth.45 Consistent with the

scRNA-seq data analysis, we observed that the human RL con-

tains three layers of progenitor cells at PCW5 (Figure S6D). To

investigate how gene expression is regulated in the RL, we

analyzed the regulons of the human andmouse neural cells sepa-

rately. The shared regulons were categorized into ten modules

corresponding to specific neural clusters (Figure 6C). ZNF502,

TIA1,PRDM16,CREB3L1, andLMX1Bwere identifiedas top reg-

ulons for the human-dominant cluster 14 (Figures 6D and S6E),

among which we found that WLS and MSX2 highly expressed

in cluster 14 were regulated by the regulons of PRDM16 and

LMX1B, respectively (Figures 6B and 6E–6G).

Several primate-specific genes have been reported to play

essential roles in human brain development, brain size enlarge-

ment, and cortical folding.46–50 We analyzed the cell-type-spe-

cific expression of primate-specific genes51 and long noncoding

RNAs during early organogenesis (PCW3–5) (Figure S6F and

S6G), with a particular focus on the nervous system

(Figures 6H and 6I). POU5F1B was highly expressed in NMPs

and neural progenitor cells. CCDC140 was highly expressed in

NC cells and subsets of CNS progenitors. LINC00599, a long

noncoding RNA, was selectively expressed in neurons from

the CNS (Figure 6H and 6I). Next, we conducted regulon ana-

lyses to dissect the downstream regulatory network of human-

specific genes. HES4, which is not present in mice52 but highly
(B) The left dot plot shows the relative expression levels of marker genes (color) an

The dendrogram indicates transcriptome distances between clusters. The right d

(C) Predicted spatial distributions of RG, IPC/TAC, and neuron subclusters in the

(D) Sankey diagram mapping the cell fate trajectories from RG subclusters to n

correlation between subclusters. Only correlation values larger than 0.3 were sh

(E and N) ForceAtlas2 layouts of the RG-IPC-neuron developmental lineages in t

(F and O) Pseudotemporal expression patterns of markers for RG (dorsal: PAX6

TBR1; ventral: GAD1) along the dorsal (F) and ventral (O) developmental lineage

(G and P) Predicted spatial locations of the indicated RG, IPC, and neuronal subcl

PCW4 spatial transcriptome.

(H and Q) Immunostaining demonstrating regional PAX6 staining in the pallium (

labeled by SOX2 staining. Ventricular surfaces are denoted by dashed lines in the

for anterior, posterior, dorsal, and ventral, respectively. Scale bars, 50 mm.

(I and J) Clustering, velocity, and marker genes of dorsal ventricular RG (vRG) m

post-conceptional week stages (J).

(K) Immunostaining of HOPX and SOX2 at PCW8 and 9. SOX2+HOPX+ oRG dras

(L) Percentage of HOPX+SOX2+ cells among total SOX2+ cells at PCW8 and 9. D

slices were used at each time point. Unpaired Student’s t test was used for stat

(M) The protein interaction network between genes highly expressed in oRG cells

and formed four functionally enriched groups.
expressed in human progenitors, might orchestrate early neural

system development by regulating the transcription of HES1,

BATF3, and other genes in humans (Figures 6H, 6J, and S6H;

Table S6). The regulon network suggested that POU5F1B regu-

lates the transcription of NANOG, which probably maintains

stemness, and SOX2 via HESX1 for neural lineage specification

(Figures 6K and S6I; Table S6). Our results suggest that humans

and mice share broadly conserved features linked to cell-type

diversity and the transcriptional regulation of early CNS develop-

ment. However, humans also possess distinct regulons that may

underlie brain evolution, some of which may be attributed to

primate-specific genes.

DISCUSSION

Our understanding of the molecular programs regulating human

gastrulation ismuchmore limited due to the exceptional difficulty

in accessing appropriate samples. Our study fills this gap by

analyzing an extraordinary collection of human embryos span-

ning key gastrulation stages, including early organogenesis

and primary neurulation. Identifying gene expression profiles

with single-cell resolution recapitulates the transcriptional regu-

lation of human gastrulation, the emergence of cell-type diver-

sity, and the precise spatial patterning of neural tube cells at

the gastrulation stage.

Consistent with the characterization of signaling pathways

that regulate the transition from cortical NE to RG,16 we identified

the regulation of tight junctions and EMT as essential processes

mediating the NE to RG transition, suggesting that progenitor

cells progressively lose polarity and cell-cell adhesion activity,53

and the EMT process promoting the expression switch from

E-cadherin (CDH1) to N-cadherin (CDH2) is essential for the

maintenance, proliferation, and differentiation of neural progen-

itors.54 Eze and colleagues recently described the dynamic

expression of genes in the NOTCH signaling pathway. They

found that NOTCH1 expression was primarily restricted to the

ventricular zone at CS14 and CS16.16 Similarly, we observed

that the NOTCH signaling pathway gene HES5 was strongly ex-

pressed in RG cells and found a steady increase in its expression

from CS7 to CS13 in the neural progenitor cells. The study from
d the proportion of cells (size) in each RG subcluster from all analyzed RG cells.

ot plot shows the fraction of RG subcluster cells at each developmental stage.

PCW4 spatial transcriptome.

eurons through IPC/TAC cells. The edge width represents the transcriptional

own. EN, excitatory neuron; IN, inhibitory neuron.

he dorsal (E) and ventral (N) telencephalon, respectively.

; ventral: NKX2-1), IPC (dorsal: EOMES; ventral: ASCL1), and neuron (dorsal:

s, respectively.

usters from the dorsal (G) and ventral telencephalon lineages (P) mapped to the

H) and NKX2-1 and ASCL1 staining in the subpallium (Q). Progenitor cells are

high-magnification images from white boxes. A, P, D, and V are abbreviations

arker HMGA1 and oRG cells marker HOPX (I) and cell distributions at different

tically increased in the PCW9 pallium. Scale bars, 10 mm.

ata are represented as mean ± SEM. Data of 6–7 brain regions from n = 3 brain

istics. ***p < 0.001.

is constructed from the ‘‘string’’ database; the interacting genes were clustered
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Eze et al. covered the developmental stages fromCS12 to CS22,

indicating that NOTCH signaling peaked around CS16.16 These

two studies together suggested that NOTCH signals might be

dynamic during the first trimester for increases in RG generation

and maintenance of the progenitor pool.

RGs are very heterogeneous progenitor cells underlying the

generation of neuron and glial cell diversity throughout the devel-

oping CNS.18,36 RG are present throughout the developing

CNS55,56 and are very diverse; hence, understanding the relation-

ship between molecular heterogeneity and spatial distribution

among RG is a critical question in developmental neurobiology.

Previous studies have described 9 clusters of RG throughout

the cortex.16 In contrast, our study identified 24 RG clusters with

distinctive transcriptional identities and spatial localization be-

tween PCW3 and 12. In addition, we identified unique RG-IPC/

TACs-neuron differentiation trajectories, providing a framework

for investigating the molecular mechanisms orchestrating early

neurodevelopment. oRG derived from RG cells are present in

the pallium throughout primate neurogenesis.11,43 Eze et al. found

that the progenitors in the human pallium from PCW6 to 10 were

NE, RG, and IPC, but not oRG.16 However, we found that oRG

emerges between PCW9 and 12 in humans, and the WNT and

PI3K-AKT-mTOR signaling pathways control this process. WNT

signaling has been proposed to play a role in regulating thematu-

ration of RGs into IPCs,57 which suggests that the RG-derived

progenitors (oRG or IPC) may share similar signals.

Our study revealed that the main cell types involved in early

embryonic development are similar between humans and

mice. In addition, regulon analyses suggested that different spe-

ciesmay use shared and unique regulatorymechanisms to guide

organogenesis. The evolution of hominids has led to a notable in-

crease in brain size and a tremendous expansion of the cerebral

cortex, which is considered the biological base of the expanded

cognitive abilities of humans. Despite fundamentally conserved

cell types found during early brain development, we identified

a subset of RL progenitors (i.e., cluster 14) predominantly pre-

sent in humans. The SVZ expansion of the cerebellar RL around

PCW10 is reported as a human-specific feature. Disruption of RL

development is associated with cerebellar hypoplasia and

Dandy-Walker malformation.45 In addition, the human RL SVZ

is the origin of group 3 and 4medulloblastomas (MB) tumors.58,59

We investigated the expression of primate-specific genes51 and

found that they exhibit tissue or cell-type preference, and about a

third of them are highly expressed in the developing human ner-
Figure 6. Cross-species comparison of nervous system development

(A) UMAP visualization of the human (PCW3 and 4-1) and mouse (embryonic day

right plots show the color-coded human and mouse clusters separately. River plo

the pie chart indicates their contributions to each cluster. NC, neural crest; MN, m

(B) Representative expression patterns of differentially expressed genes LMX1A

(C) Regulon modules based on the correlation matrix of shared regulons between

transcription factor regulons grouped into 10 major modules (red boxes) with re

highlighted.

(D) The top 10 enriched regulons for the human-dominant cluster 14. The y axis

(E) UMAP plots of human regulon activity scores for the PRDM16 and LMX1B re

(F and G) The gene regulatory networks for cluster 14-enriched regulons PRDM1

(H) Heatmap illustrating the expression levels of primate-specific genes in huma

(I) Expression of primate-specific genes in PCW3–5 human clusters. Gene expre

(J and K) The gene regulatory network of TF HES4 (J) and POU5F1B (K). Arrows ind

gene of the TF.
vous system, which suggests that the expression of primate-spe-

cific genesmay contribute to nervous system evolution. Our study

offers a valuable large-scale single-cell atlas of early human organ-

ogenesis and brain development whichmay contribute to expand-

ing our current knowledge of early human development and evolu-

tion. Understanding the molecular mechanisms of early human

embryogenesis could facilitate the development of more robust

protocols for the precise differentiation of human embryonic stem

cells and induced pluripotent stem cells into desired cell types.

Limitations of the study
There are several limitations of this study. First, due to the limited

number of samples sequenced, we may not be able to fully illus-

trate the cellular programs during human gastrulation, which

may be complemented by further work with large-scale

sequencing samples covering the entire gastrulation period. Sec-

ond, some findings of the TFs, cell-cell interaction proteins, and

signaling pathways during the germ layer and neural development

were reported only based on transcriptomic data; further work

exploring novel molecules and validating these molecules and

signaling pathways in humans will be required to understand the

distinctiveness of the human embryogenesis. Third, the spatial

transcriptomics data lacked single-cell resolution and was per-

formed at a single stage (PCW4). Approaches with enhanced res-

olution, such as spatial enhanced resolution omics-sequencing

(Stero-seq),60 at multiple developmental time points will provide

more refined details to illustrate the spatial relationships among

cell types and the emergence of evolutionarily novel cell types.

Lastly, we identified a type of RL cell that is predominant in early

human embryos and speculated that this cell type is related to

the specificexpansionofRLSVZduring later human fetal develop-

ment. However, the limited number of samples sequenced from

humans and mice may lead to over- or under-sampling of partic-

ular cell types, especially very rare ones. Increasing the number

of samples and the range of developmental stages studied and

performing further validationexperiments shouldallowaddressing

this issue in the future.
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s 8.5, 9.5, and 10.5) integrated nervous system clusters. The top-left and top-

ts compare human and mouse cluster assignments with the joint clusters, and
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Goat Polyclonal anti-SOX2 Santa Cruz Biotechnology Cat# sc-17320; RRID: AB_2286684

Rabbit Polyclonal anti-NOTCH1 Santa Cruz Biotechnology Cat# sc-9170, RRID:AB_650334

Mouse Monoclonal anti-ZO-1 Innovative Research Cat# 33-9100, RRID:AB_87181

Mouse Monoclonal anti-CDH2 BD Biosciences Cat# 610920, RRID:AB_2077527

Mouse Monoclonal anti-P-VIM MBL International Cat# D095-3, RRID:AB_592969

Rabbit Polyclonal anti-PAX6 BioLegend Cat# 901301, RRID:AB_2565003

Rabbit Polyclonal anti-NKX2-1 Abcam Cat# ab86023, RRID:AB_2043125

Mouse anti-PAX3 DSHB Cat# Pax3, RRID:AB_2315059)

Mouse Monoclonal anti-ASCL1 BD Biosciences Cat# 556604, RRID:AB_396479

Rabbit Monoclonal anti-LHX2 Abcam Cat# ab184337, RRID: AB_2916270

Goat Polyclonal anti-OTX2 R and D Systems Cat# AF1979, RRID: AB_2157172

Mouse Monoclonal anti-CRABP1 NOVUS Cat# NB300-539, RRID:AB_2085316

Goat anti-PAX2 R and D systems Cat# AF3364, RRID:AB_10889828

Hibernate E medium Invitrogen Cat# A1247601

Rabbit Polyclonal anti-LMX1A Invitrogen Cat# PA5-34470, RRID:AB_2551822

Collagenase IV Gibco Cat# 17104-019

Papain Sigma Cat# P4762

DNase I NEB Cat# M0303L

Triton X-100 Sigma-Aldrich Cat# T9284

Phosphate Buffered Saline (PBS) Gibco Cat# 10010002

Tissue-Tek O.C.T. Compound SAKURA 4583

Mayer’s Hematoxylin (Lillie’s Modification)

Histological Staining Reagent

Dako S3309 (LOT#11120782)

Bluing Buffer Dako CS702 (LOT#18021684)

Eosin Y-solution, 0.5% aqueous Sigma 1098442500 (LOT#HX85174144)

Critical Commercial Assays

10x Chromium Single Cell 3’ Library Kit v2 10X Genomics Cat# PN-120234

10x Chromium Single Cell 3’ Gel Bead Kit v2 10X Genomics Cat# PN-120235

Chromium Single Cell 3’ Chip Kit v2 10x Genomics Cat# PN-120236

Chromium i7 Multiplex Kit 10x Genomics Cat# PN-120262

10x Chromium Single Cell 3’ GEM,

Library & Gel Bead Kit v3

10X Genomics Cat# PN-1000075

Chromium Chip B Single Cell Kit 10X Genomics Cat# PN-1000074

Visium Spatial Tissue Optimization Reagent Kit 10x Gemonics 1000192 (LOT#154747)

Visium Spatial Tissue Optimization Slide Kit 10x Gemonics 1000191 (LOT#190827)

Visium Spatial Gene Expression Reagent Kit 10x Gemonics 1000186 (LOT#154992)

Visium Spatial Gene Expression Slide Kit 10x Gemonics 1000185 (LOT#155022)

Visium Accessory Kit 10x Gemonics 1000194

Library Construction Kit 10x Gemonics 1000190 (LOT#154997)

Dual Index Kit TT Set A 10x Gemonics 1000215 (LOT#154902)

KAPA SYBR FAST Universal KAPA Biosystems KK4601 (LOT#0000092785)

Deposited Data

Human early embryo single-cell RNA-seq data This paper GEO: GSE155121

Mouse early embryo single-cell RNA-seq data This paper GEO: GSE155121

Human spatial transcriptomics data This paper GEO: GSE155121

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Single cell atlas of human gastrulation at CS7 Richard et al., 202126 E-MTAB-9388

Mouse gastrulation single-cell RNA-seq data Pijun-Sala et al.1 GEO: GSE87038

Software and Algorithms

CellRanger v.2.0.2 and v.3.0.2 10X genomics https://support.10xgenomics.com/single-

cell-gene-expression/software/pipelines/

latest/installation

Spaceranger v 1.0.0 10X genomics https://support.10xgenomics.com/single-

cell-gene-expression/software/downloads/latest

R v.3.5.1 and v3.6.3 R Core Team https://www.R-project.org/

Seurat v3.1.1 Stuart et at.27 https://satijalab.org/seurat/install.html

ggplot2 v3.3.2 Hadley et al., 2016 https://cloud.r-project.org/package=ggplot2

scran v1.10.2 Lun et al., 201661 https://bioconductor.statistik.tu-dortmund.de/

packages/3.8/bioc/html/scran.html

scanpy v1.4.2 Wolf et al., 201862 https://github.com/theislab/scanpy

cellchat v1.1.0 Jin et al.34 https://github.com/sqjin/CellChat

anndata v0.6.20 N/A https://anndata.readthedocs.io/en/latest/

python-igraph v0.7.1 N/A https://igraph.org/python/

louvain v0.6.1 N/A https://github.com/taynaud/python-louvain

umap-learn v0.3.8 N/A https://github.com/lmcinnes/umap

bbknn v1.4.0 N/A https://github.com/Teichlab/bbknn

pandas v0.25.0 N/A github.com/pandas-dev/pandas

scipy v1.2.1 N/A https://www.scipy.org/

scikit-learn v0.21.3 N/A http://scikit-learn.org/

matplotlib v3.1.1 N/A github.com/matplotlib/matplotlib

numpy v1.17.4 N/A https://numpy.org/

holoviews v.14.3 N/A https://holoviews.org/

plotly v4.14.3 N/A https://plotly.com/python/

rpy2 v3.2.4 N/A https://rpy2.github.io/doc/latest/html/

index.html

anndata2ri v1.0.5 N/A https://github.com/theislab/anndata2ri

velocyto v 0.17.17 Gioele et al., 201863 http://velocyto.org/

scVelo v0.2.2 Vergen et al.64 https://scvelo.readthedocs.io/installation.html

pySCENIC v0.10.3 Alibar et al., 201765 https://pyscenic.readthedocs.io/en/

latest/installation.html

Tangram v1.0.2 Viancalani et al.38 https://github.com/broadinstitute/Tangram

metascape Zhou et al., 201966 https://metascape.org/

GSEA v4.1.0 Subramanian et al., 200567 http://software.broadinstitute.org/gsea/index.jsp

Cytoscape v3.8.2 Paul et al., 200368 https://cytoscape.org/

ImageJ (1.5.3a) NIH https://imagej.nih.gov/ij/

Adobe Photoshop CC2019 Adobe Systems http://www.adobe.com

Adobe Illustrator CC2019 Adobe System http://www.adobe.com
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Xiaoqun

Wang (xiaoqunwang@bnu.edu.cn).

Materials availability
This study did not generate new unique reagents.
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Data and code availability
Sequencing data have been deposited at the National Center for Biotechnology Information BioProjects Gene Expression Omnibus

(GEO) under accession numberGEO:GSE155121. There is no new code generated in this study. To better share this valuable dataset

with worldwide researchers, we have built an interactive website that can be explored at: http://wanglaboratory.org:3838/hwb/.

Further information and requests for data and code should be directed to and will be fulfilled by the lead contact.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human sample collection
Human de-identified tissue samples were collected after the donor patients signed an informed consent document that was in strict

observance of the legal and institutional ethical regulations. Protocols were approved by the institutional review board (ethics

committee) of the Institute of Biophysics, CAS, in compliance with the Interim Measures for the Administration of Human Genetic

Resources, administered by the Ministry of Science and Technology of China.

Animals
Timed pregnant female mice at embryonic days 9.5 and 10.5 were used to collect embryos. All these embryos both included male

and female. The protocols used for mouse housing and experiment were approved by the Institutional Animal Care and Use

Committee of the Institute of Biophysics, CAS. Food andwater were accessible when themicewere housed in the institutional animal

care facility with a 12-h light-dark schedule.

METHOD DETAILS

Sample dissociation
The age of human embryo and fetal samples was calculated as post-conception weeks. Embryo samples were collected in ice-cold

artificial cerebrospinal fluid containing 125.0 mM NaCl, 26.0 mM NaHCO3, 2.5 mM KCl, 2.0mM CaCl2, 1.0 mM MgCl2, 1.25 mM

NaH2PO4 at a pH of 7.4 when oxygenated (95% O2 and 5% CO2). After washing the samples with hibernate E medium (Invitrogen,

Cat. A1247601) three times, the samples were digested in 2 mg/ml collagenase IV (Gibco, Cat. 17104-019), 1 mg/ml papain (Sigma,

Cat. P4762) and 10 U/ml DNase I (NEB, Cat. M0303L) in hibernate E medium for 20 min. During digestion, samples were vortexed at

300g and 37�C on a thermocycler. Further pipetting was used to digest the tissue fully into single cells. After digestion, the cell

suspension was centrifuged at 500g for 5 min to obtain the cell pellet. After removing the digestion medium, the cell pellet was

resuspended in 0.04% BSA in PBS and kept on ice. The mouse embryos were dissociated with the same dissociation protocol

described above.

RNA library preparation for high-throughput sequencing
All the libraries were prepared on a 10X GENOMICS platform following the RNA library preparation protocols. Thousands of cells

were partitioned into nanoliter-scale Gel Bead-In EMulsions (GEMs) using 10xGemCode Technology, where a common 10x Barcode

labeled all the cDNA produced from the same cell. Primers containing an Illumina R1 sequence (read1 sequencing primer), a 16-bp

10x Barcode, a 10-bp randomer, and a poly-dT primer sequence were released and mixed with cell lysate and Master Mix upon

dissolution of the single cell 30 gel bead in a GEM. The GEMs were incubated, and barcoded, full-length cDNA was generated

from poly-adenylated mRNA by reverse transcription. Then the GEMs were broken, and the leftover biochemical reagents and

primers were removed with silane magnetic beads. Before constructing the library, the cDNA amplicon size was optimized by enzy-

matic fragmentation and size selection. After that, P5, P7, a sample index, and R2 (read 2 primer sequence) were added to each

selected cDNA during end repair and adaptor ligation. P5 and P7 primers were used in Illumina bridge amplification of the cDNA

(http://10xgenomics.com). Finally, 150-bp paired-end reads were sequenced from each library using the Illumina HiSeq4000. Con-

cerning the update of the Single Cell 3’ Regent Kits version, two libraries were prepared with Single Cell 3’ Regent Kits V3, while the

others were prepared with Single Cell 3’ Regent Kits V2.

Processing of scRNA-seq data from Chromium system
The sequence data were mapped to the hg19 human genome and mm10 mouse genome to perform quality control and the read

counting of Ensemble genes using Cell Ranger (v.2.0.2 and v.3.0.3) (http://10xgenomics.com) with default parameters. The gene-

cell sparse matrix was generated for each sample by Cell Ranger software.

Processing scRNA-seq data for all human samples
All 14 human embryo samples from PCW3 to 12were integrated and analyzed following the standard pipeline of the Scanpy package

(v.1.4.2). In brief, we concatenated the count matrices from all the samples and themerged matrix contains 463,304 cells and 32,738

genes. We only keep good quality cells that meet the following criteria: 1) cells with a number of detected genes greater than 200; 2)

cells with between 800 and 6000 genes expressed; 3) cells with mitochondrial gene expression percentages fewer than 20. Genes

expressed in less than 20 cells were removed, but we did not set this number too high to avoid restricting rare cell type detection. To

detect potential doublets, the Scrublet (v.0.2.1)69 pipeline was performed on each sample by setting parameters ‘n_prin_comps=30’,
Cell Stem Cell 30, 851–866.e1–e7, June 1, 2023 e3
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‘expected_doublet_rate=0.06’, and ‘sim_doublet_rate=20’. A total of 9,847 cells with doublet scores greater than the threshold were

identified as doublets and excluded from subsequent analysis. Overall, 430,808 single cells covering 26,434 genes were retained.

Next, the filtered gene expression matrix was normalized and log-transformed. Highly variable genes were calculated and used to

perform principal component analysis (PCA). Similar to the study from Pijuan-Sala and colleagues,1 the batch effect correction

was conducted on the 50 PCs with function fastMNN70 from the R Scran package (v.1.10.2), the PCs correction was performed

between all the donors/samples, the batch-corrected PCs replaced the non-batch-corrected ones andwere used for further analysis

such as the nearest-neighbor graphs. Finally, the neighborhood graph computed from the pp.ngighbors function was utilized for

unsupervised clustering performed by the Louvain algorithm.

Identification of differentially expressed genes
The differentially expressed genes among the cluster were identified using either the tl.rank_genes_groups function in Scanpy (v1.4.2)

or the FindAllMarkers function in Seurat (v3.1.1). Genes with FDR-corrected p-value < 1e-2 and log fold change > 0.25 were consid-

ered significantly high in that cluster. The enrichedGO terms of biological processes for the DEGswere identified from theMetascape

website (http://metascape.org).

Systematic reconstruction of the cellular trajectories
The cellular trajectories spanning human gastrulation development from CS7 to CS10 were reconstructed using the TOME (Trajec-

tories OfMouse Embryogenesis) approach.28 In brief, to connect each cell state observed at CS10with its pseudo-ancestors at CS7,

we calculated the Euclidean distances between individual cells from CS7 and CS10 using the co-embedding space of the merged

dataset, then for cells of each cell state at CS10, the five closest neighbors and the fraction of these neighbors derived from the cell

states of CS7were identified. Edge weights between cell states fromCS10 and CS7were determined by taking themedian fractions.

Only edge weights greater than 0.4 were retained for the resulting acyclic-directed graph. For clusters within CS7, the edge weights

between epiblast and primitive streak, primitive streak and nascent, emergent, advanced mesoderm, and endoderm were

calculated, we also calculated the connecting edges between clusters within CS10.

Pseudo-space definition
In Figure 3C, we used the definition of pseudo-space similar to the study of Nowotschin and colleagues,4 defining the rostral-caudal

pseudo-space ordering of the neural tube cells through the following steps. First, using a diffusion map, we co-embedded the neural

tube cells into a low-dimensional space. From the visualization of the first two most informative components of the diffusion map, we

can observe a precise alignment of the neural tube cells from the rostral to the caudal ends. Second, to reach amore robust estimate

of the rostral-caudal ordering of cells, we computed the multi-scale distances from the most rostral cell in the first diffusion compo-

nent using ten components. The multi-scale distance between each cell and the most rostral cell was calculated with the following:

MSDðci; c0Þ2 =
XN
n = 1

�
g

1 � g

�2 �
ci

ðnÞ � c0
ðnÞ�2

Where ci and c0 represent cell i and themost rostral cell respectively, N represents the number of the dimensions considered, and g is

the corresponding eigenvalues from the calculated eigenvectors of the diffusion maps. Lastly, we assigned themulti-scale distances

calculated above to each neural tube cell. To further characterize whether these multi-scaled distances represent the real rostral-

caudal ordering, we checked the expression pattern of the genes with known spatial rostral-caudal locations along the multi-scaled

distances ordering. The gene list used was verified with spatial location expression in this study: LHX2, FEZF1, SIX3, and EMX2 in the

rostral forebrain, FGF17 and PAX7 in the midbrain, OTX2 in both the forebrain and midbrain, CRABP1, EGR2, MAFB, and HOXA2 in

the hindbrain and HOXA5, HOXA7, and HOXB9 in the caudal spinal cord (Figures 3D and S3A). The gene expression with known

location shows remarkable consistency with the multi-scaled distances ordering, therefore, we define the multi-scaled distances

as the rostral-caudal pseudo-space.

Cell-cell communication analysis
To study the cell-cell communication between neural and non-neural ectoderm cells at PCW3, CellChat (v1.1.0) was applied to infer

the ligand-receptor pairs between cell types.34 In brief, gene expression data of cells and assigned cell types were used as input for

CellChat. First, overexpressed ligands or receptors in one cell group were identified, and then gene expression data were projected

onto the protein-protein interaction network. The biologically significant cell-cell communication pathways were identified with a

probability value and performed a permutation test. The used human database contains 1,939 ligand-receptor (LR) interactions,

including ‘Secreted Signaling’, ’ECM-Receptor’, and ‘Cell-Cell Contact’ interactions. To obtain strong signaling pathways, we set

the parameter of ‘trim’ to be 0.4 for the ComputeCommunProb function with the argument ‘type=truncatedMean’ to calculate the

communication probabilities between the interesting cell types.

Classification of NE and RG cells
For the NE andRG classification, we first reanalyzed and subclustered the progenitor cells for each region separately, then separated

the NE and RG cell for the brain progenitors (forebrain, midbrain, and hindbrain) using the NE markers (POU5F1/OCT4, EPCAM, and
e4 Cell Stem Cell 30, 851–866.e1–e7, June 1, 2023
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CLDN6) and RG markers (CDH2, NES, VIM, and FABP7). The NE cells in the brain also named neural stem cells are present in the

neural plate or neural tube at the early embryonic stage, suggesting higher stemness or multipotent capacity (POU5F1/OCT4)

than RG cells.71,72 In addition, the epithelium-related protein expression such as tight junction (EPCAM, Claudins) was downregu-

lated during the NE to RG transformation, in contrast, the upregulation of N-cadherin (CDH2).16,73,74 In comparison to NE cells,

RG cells upregulated the glial-specific genes such as the intermediate filament vimentin (VIM),74 nestin RC2 (NES),16,39,73 and the

brain-lipid-binding protein BLBP (FABP7).39,75

Identification of signaling pathways regulating early neural stem cell transformation
To identify critical genes or signaling pathways regulating neural stem cell differentiation during the epiblast-NE-RG transformations,

the gene set enrichment analysis (GSEA v4.1.0) was performed to identify gene sets with statistically significant differences. Then the

gene sets of KEGG pathways and gene ontology (Biological Process) were tested in the Molecular Signature Database (MSigDB).

Gene sets enriched in several signaling pathways were identified, including the tight junction, EMT, BMP, and NOTCH signaling path-

ways. For each of the CNS regions of the forebrain, midbrain, and hindbrain, the average gene expression was smoothed across cell

states during epiblast-NE-RG transformations for the gene sets from each signaling pathway, as well for the single representa-

tive gene.

RG diversity analysis and cell fate lineages determination
To analyze the human early central nervous system development, we firstly selected all the neural-related clusters 31 to 85 from the

whole dataset in Figure 1B, then dropped the neural crest clusters 52 and 53, and sensory neuron clusters 70 and 71. Subsequently,

we reanalyzed the retained cells from raw data by running the analysis pipeline in Scanpy, including normalization, cell cycle regres-

sion, dimension reduction, and batch correction. Finally, the cells were projected onto a low-dimensional embedding using the force-

directed graph layout. Except for the EOMES+ IPC cells in Figure 1, here we further noticed some cells positioned between neural

progenitors and neurons as well as the high expression of ASCL1, which was reported as a proneural gene expressed in neural pro-

genitor cells and promote cell cycle exit and neuronal differentiation.76,77 Thus, we defined the three main cell types of RG, IPC/TACs

and Neurons, which highly express (SOX2, VIM), (EOMES or ASCL1), and (DCX, STMN2), respectively. Next, the Louvain sub-clus-

tering was performed for RG, IPC/TACs and neurons, and we obtained 24 RG, 5 IPC/TACs, and 17 Neuron subtypes. According to

the differential express genes, three of the IPC/TACs subclusters were defined as IPC (the subcluster expresses ASCL1 andNKX2-1

was named IPC1 (sub-pallium IPC),77 the other two subclusters express EOMES and the pallium marker EMX1 were named IPC2-3

(pallium IPC)). The other two non-telencephalic subclusters lacking the FOXG1 expression were named TACs. The correlations of

gene expression between the RG, IPC/TACs, and neuron subclusters were calculated with the Pearson correlation function in R.

Then the Sankey diagram was constructed using the sankeyNetwork function in the R package networkD3, and only correlation

values greater than 0.3 were retained, and the lines were not shown between RG and neuron pairs if the IPC/TACs cluster connected

them robustly. We have constructed the directed differentiation trajectory using both the velocity and the correlation analysis, this is

because of the advantage and limitations of thesemethods. The velocity analysis can show us the general main cluster differentiation

direction. However, this method presents a resolution limitation when too many clusters were analyzed simultaneously, especially in

our dataset with more than 200, 000 cells and 46 clusters. In contrast, the correlation analysis exhibits the advantage of high

resolution which can separate the differentiation paths from numerous clusters, although this method has the limitation of unknown

differentiation direction.

Gene module enrichment analysis
For the gene module enrichment analysis presented in Figure 5M, we first calculated the differential express genes for the oRG cells

over the vRG cells. Second, we input the DEGs into the STRING database (v.11.5) (https://cn.string-db.org/) and construct the

protein interaction network, and the vertices in the network represent the proteins, and after removing those proteins without

interaction, we performed the K-means clustering of the network proteins according to the protein interacting scores, and we

obtained 4 functional similar gene modules, then we performed the biological enrichment analysis for each gene module.

Cell cycle regression
To minimize the effect of cell cycle heterogeneity, we first downloaded the cell cycle gene list,78 then the cell cycle scores for every

single cell were calculated with the score_genes_cell_cycle function in Scanpy, and the computed S_score andG2M_score for each

cell were stored in the metadata. Finally, before the PCA calculation and batch effect correction steps, the data variation caused by

the cell cycle was regressed with the regress_out function in Scanpy.

RNA velocity analysis
We ran the velocyto v0.17.17 using the run10xmode to process the aligned bam files outputting from Cell Ranger, the count matrix

made of spliced and unspliced read counts was created in the output loom file. Next, the merged spliced/unspliced counts object

was further merged with the transcriptional object using the scv.utils.merge function in the scVelo v0.2.2 package.64 To process the

data, we run the scv.pp.filter_and_normalize function. For the genes used for velocity calculation, we used the default parameter to

calculate the top 2,000 highly variable genes that passed aminimum threshold of 20 expressed counts. After running the scv.pp.com-

ments function, the nearest model graph (with 30 neighbors) was calculated based on Euclidean distances in the 30 principal
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components on spliced counts. The stochastic model was selected for velocity estimation by running the scv.tl.velocity.graph. As a

result, transition probabilities were estimated to form a velocity graph. Finally, we embedded the resulting velocities on the low

dimensional space using the velocity_embedding_stream function.

Spatial transcriptomics
Fresh human PCW4 tissue was embedded in Optimal Cutting Temperature (SAKURA) and frozen in a dry ice-ethanol mixture. The

frozen tissue block was cut into 16 mMsections in a cryostat (Lecai CM3050 S) andmounted on Tissue Optimization Slides and Gene

Expression Slides (10x Genomics).

Permeabilization time was optimized following themanufacturer’s instructions (10x Genomics, Visium Spatial Tissue Optimization,

CG000238 Rev D), and 10 minutes of permeabilization time was chosen for the Visium Spatial Gene Expression workflow. H&E-

stained tissue sections were prepared following the manufacturer’s instructions (10x Genomics, Methanol Fixation, H&E Staining &

Imaging for Visium Spatial Protocols, CG000160 Rev B). H&E images and Tissue optimization images were taken using an Olympus

FV3000 imaging system with an Olympus DP80 CCD camera and an Olympus 10X/0.40 objective.

Tissue slices were then processed for gene expression following the manufacturer’s instructions (10x Genomics, Visium Spatial

Gene Expression Reagent Kits, CG000239 Rev D).

In brief, H&E-stained tissue sections were permeabilized for 10 minutes, followed by reverse transcription, second-strand synthe-

sis, and denaturation. qPCR experiment was processed using KAPA SYBR FAST kit (KAPA Biosystems) and QuantStudio 6 Flex

system (ThermoFisher). The cDNA amplification cycle number was determined by �25% of the peak fluorescence value. The final

libraries were processed on the Illumina HiSeq Xten system for sequencing 150 bp pair-end reads.

Space Ranger (version 1.0.0) software from 10X Genomics was used to perform process, alignment, and barcode/UMI counting

against the human hg38 reference genome for each spot on the Visum spatial transcriptomic array. The raw UMI count matrix, im-

ages, spot-image coordinates, and scale factors were imported to Seurat (v3.1.1). In brief, the SCTransform function was performed

to normalize expression values for total UMI count per cell, following the dimensionality reduction and clustering with the RunPCA,

FindNeighbors, FindClusters, andRunUMAP functions. The SpatialDimPlotwas applied to visualize the spatial gene expression from

the 10x Visum assay overlaid on the tissue image. To predict the spatial locations of the PCW3 clusters, we first normalized the

scRNA-seq data using the SCTransfrom function, then the cluster prediction probability on each spot was calculated using factor

analysis via FindTransferAnchors and TranserData functions.27 Therefore, we get the cluster compositions for each spatial spot

and visualize the cluster compositions in the spot with a pie graph.

Mapping the single-cell and spatial transcriptomics data with Tangram
Tangram was applied to map the single-cell gene expression data from the neural system onto spatial transcriptional data to resolve

cell types in the space.38 Firstly, a subset of the differentially expressed genes across cell types for the single-cell dataset was

calculated and treated as the training genes. The average gene expression on the training gene of the mapped cells vs spatial

data was calculated, and the optimal spatial alignment for scRNA-seq profiles was performed with themap_cells_to_space function.

The mapping mode was set to ‘mode=clusters’ and ‘num_epochs=500’, and run Tangram with CPU by setting ‘devise=cpu’. The

project_cell_annotation function was performed to transform the single-cell cluster annotations to space, and the plot_cell_annota-

tion function with ‘perc=0.02’ was applied to visualize the annotation in space. The cluster prediction scores for the spatial dataset

from Tangram were also imported into Seurat for visualization with the function of SpatialDimPlot.

Cross-species transcriptome comparison
To investigate the developmental similarities and differences between humans (PCW3, PCW4-1) and mice (E8.5, E9.5 and E10.5)

from the aspect of single-cell transcriptome profiles, we performed the canonical correlation analysis (CCA) algorithm to integrate

human and mouse whole embryo datasets with function IntegrateData and obtained the new integrated expression matrix, the

mouse E8.5 dataset was from the published mouse embryo single-cell RNA-seq dataset.1 Cell clustering and dimensionality reduc-

tion of the integrated matrix were performed with the functions FindClusters and RunUMAP, respectively. We used the R package

river plot to compare the cluster assignments and visualize the cell type assignments for human and mouse datasets with CCA joint

clusters. The integration and analysis for the human and mouse neural system cells were computed similarly.

Cross-species regulatory network comparison
Human andmouse gene regulatory network analysis was performed using the pyscenic CLI pipeline with default parameters, respec-

tively (https://github.com/aertslab/pySCENIC).79 To determine the ‘on/off’ state of each regulon in each cell, we used binarize

function from pyscenic with default parameters. We obtained a total of 542 human and 615 mouse regulons for whole-body data,

among which we defined 386 orthologous transcription factor (TF) regulons. We obtained a total of 539 human and 572 mouse

regulons for neural tube cells, among which we defined 332 orthologous TF regulons. We used Cytoscape to visualize our regulon

network for our interested TFs, with weights being normalized by z-score transformation for comparability between human and

mouse node size. Based on orthologous TF regulons, we obtained a merged AUC score matrix from the human and mouse AUC

score matrix. Then the Pearson Correlation Coefficient (PCC) of the AUC score was calculated for each pair of orthologous TF reg-

ulons. The Connection Specificity Index (CSI) was used to quantify interaction-profile similarity. The interaction profile describes the

relationship between a pair of genes (regulons). As the CSI formula calculation shows below, for a fixed pair of regulons a and b, the
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corresponding CSI was defined as the fraction of regulons whose PCC of AUC scores with a and bwere lower than the PCC between

a and b themselves. The CSI score means the fraction of other regulons that have an interaction profile similarity with a and b that is

lower than the interaction profile similarity between a and b, and a high CSI score represents the high interaction profile similarity

between a and b.

CSIab = 1 � PCCa >PCCab+PCCb > PCCab

ðn � 1Þ=2
From the analysis, we identified 10 major modules for neural system cells data and 12 major modules for whole-body data using

‘ward.D’ clustering method based on the CSI matrix. GO was conducted by Metascape with default parameters.

Immunohistochemistry
Human brain samples were fixed in 4% paraformaldehyde (in PBS, pH=7.4) for 24 hours. After the fixation, the samples were dehy-

drated in 30% sucrose (in PBS, pH=7.4) at 4�C, embedded in O.C.T Compound (Thermo Scientific), and frozen at -80�C. The tissues

were sectioned into 20 mm thin slices with Leica CM3050S. After antigen retrieval, slices were pretreated with PBST (0.1% Triton

X-100 in PBS, pH=7.4) and incubated in a blocking solution (5% donkey serum and 0.1% Triton X-100 in PBS, pH=7.4) for 1

hour. Then the slices were treated with primary antibodies at 4�C for 12 hours. All the antibodies used were listed as follows:

Goat anti-SOX2 (1:200, Santa Cruz Biotechnology, sc-17320), Rabbit anti-LHX2 (1:200, Abcam, ab184337), Goat anti-OTX2

(1:200, R and D Systems, AF1979), Mouse anti-CRABP1 (1:300, NOVUS, NB300-539), Goat anti-PAX2 (1:200, R&D, AF3364), Rabbit

anti-NOTCH1 (1:200, Santa Cruz Biotechnology, sc-9170), Mouse anti-ZO-1 (1:500, Innovative Research, 33-9100), Mouse anti-

CDH2 (1:500, BD Biosciences, 610920), Mouse anti-P-VIM (1:300, MBL International, D095-3), Rabbit anti-PAX6 (1:200,

BioLegend, 901301), Rabbit anti-NKX2-1 (1:200, Abcam, ab86023), Mouse anti-ASCL1 (1:200, BD Biosciences, 556604), Rabbit

anti-LMX1A (1:200, Invitrogen, PA5-34470). Slices were then washed three times by PBST at room temperature for tenminutes. After

that, the sliceswere incubated with secondary antibodies for 1 hour, whichwere donkey anti-goat 488 (1:300), donkey anti-rabbit 594

(1:300), and donkey anti-mouse 647 (1:300). DAPI was added to the secondary incubation buffer to stain the nuclei. When the

incubation was finished, slices were mounted with a Mounting medium (Sigma Aldrich) and covered by a cover glass. Immunohis-

tochemistry imageswere capturedwith Olympus FV1000 confocal microscope. The acquired image data were analyzedwith ImageJ

(v1.5.3a) and Adobe Photoshop CC2019.

QUANTIFICATION AND STATISTICAL ANALYSIS

All the data were represented as mean ± SEM. The quantification graphs were made using the ggplot2 package in R language. The

number of samples used for each analysis can be found in the figure legends. The two-tailed unpaired Student’s t-test was performed

for the quantification statistics and the p-values below 0.01 were considered statistically significant.
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