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During mammalian embryogenesis, differential gene expression gradually builds the
identity and complexity of each tissue and organ system'. Here we systematically
quantified mouse polyA-RNA from day 10.5 of embryonic development to birth,

sampling 17 tissues and organs. The resulting developmental transcriptome is
globally structured by dynamic cytodifferentiation, body-axis and cell-proliferation
gene sets that were further characterized by the transcription factor motif codes of
their promoters. We decomposed the tissue-level transcriptome using single-cell
RNA-seq (sequencing of RNA reverse transcribed into cDNA) and found that
neurogenesis and haematopoiesis dominate at both the gene and cellular levels,
jointly accounting for one-third of differential gene expression and more than 40% of
identified cell types. By integrating promoter sequence motifs with companion
ENCODE epigenomic profiles, we identified a prominent promoter de-repression
mechanismin neuronal expression clusters that was attributable to known and novel
repressors. Focusing on the developing limb, single-cell RNA data identified 25
candidate cell types that included progenitor and differentiating states with
computationally inferred lineage relationships. We extracted cell-type transcription
factor networks and complementary sets of candidate enhancer elements by using
single-cell RNA-seq to decompose integrative cis-element (IDEAS) models that were
derived from whole-tissue epigenome chromatin data. These ENCODE reference data,
computed network components and IDEAS chromatin segmentations are companion
resources to the matching epigenomic developmental matrix, and are available for
researchers to further mine and integrate.

Hierarchical transcription programs regulate mammalian histogen-
esis, a spatiotemporally coordinated process of changing cell identi-
ties, numbers and locations'. Contemporary RNA-seq time-courses
can comprehensively quantify expression trajectories, including the
transcriptional regulators that drive patterning, cell-type specification
and differentiation and their regulatory targets. Here we systemati-
cally map the mouse polyadenylated RNA transcriptome, tracking 12
major tissues fromembryonic day (E) 10.5 to birth (postnatal day (P) 0)
(Fig.1a, b, Extended Data Fig. 1a) to cover much of organogenesis and
histogenesis. Pertinent to integrative regulatory analysis and model-
ling, these RNA expression data are part of the ENCODE Consortium
mouse embryo project, which provides companion genome-wide
microRNA, DNA methylation, histone mark, and chromatin acces-
sibility datasets for the same sample matrix® To better interpret the
core sample set, we added five additional organs at PO, sampling
seventeen tissues in all. As these whole-tissue data are intended for

community use, including integration with high-resolution single-cell
transcriptomes, we chose a widely used RNA-seq method that is robust
atbothbulk sample and single-cell scales® and has been used for other
single-cellRNA-seq (scRNA-seq) experimentsin ENCODE* (https://www.
encodeproject.org/) and elsewhere (Tabula Muris®).

Single-cell RNA-seq dataareincreasingly used to discover and define
constituent cell-types and states that comprise complex tissues such as
those in our bulk mRNA-seq matrix®°. For embryogenesis and regen-
erating systems in particular, scRNA-seq further promises to address
longstanding questions about the nature and number of intermediate
celltypesin a developmental lineage and the regulatory mechanisms
that govern transitions between them. Finally, scRNA-seq data offer
animportant source of input for gene network modelling by unam-
biguously assigning to an individual cell (or cell group) its transcrip-
tion factor repertoire. Different contemporary scRNA-seq methods
have complementary strengths, with some (for example, Fluidigm
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Fig.1|Whole-tissue polyA-RNA transcriptome structure with cell-type
decomposition. a, Schematic of E10.5and E15.5 embryos shows the colour
key for organidentity and developmental stage across the timespan of the
study with the complete key adjacent and the major cellular mechanisms of
histogenesis below. b, Whole-tissue transcriptome top three PCs; colour code
froma (viewablein3D, Supplementary Video 1). n=156 biological replicates.

¢, Hierarchical clustering of differentially expressed genes, heat map (bottom)
for normalized log,(FPKM) values; two biological replicates per tissue. Thy,
thymus; Spl, spleen; Lvr, liver; Hrt, heart; Mus, skeletal muscle; Bld, bladder;
Adr, adrenalgland; Kdn, kidney; Lng, lung; Stm, stomach; Int, intestine; Lmb,
limb; Fac, craniofacial prominence; Fb, forebrain; Mb, midbrain; Hb, hindbrain;
Nt, Neural tube. Right, normalized loadings of each gene for the top five PCs.

SMART-seq) assaying relatively modest numbers of cells with high tran-
script detection efficiency and RNA isoform discriminating coverage,
while others (for example, 10x Genomics) capture larger cellnumbers
at lower transcript detection efficiency and without isoform or pro-
moter use information®°"2, We present here an ENCODE scRNA-seq
resource that contains both data-types for the developing forelimb,
a tissue series not represented in the Tabula Muris project®. We
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Bottom, normalized scores of the top five PCs (same sample order as
clustergram). GO terms for the top 100 positive-loading and top 100
negative-loading genes abbreviated as key words (bottom right). Blood, blood
microparticle; Neuron, neuron part; Embryo, embryonic morphogenesis;
Extracell., extracellular region part; Cycle, mitotic cell cycle process; Digestive,
digestive system process; Contract, contractile fibre part; Intestinal, intestinal
epithelial cell differentiation; Skel. mus., skeletal muscle contraction.

d, Integrating single-cell organogenesis data from whole mouse embryos™ with
the whole-tissue transcriptome clustering (c). y-axis, genes are ordered asin

c; x-axis, 38 cell types fromref. ™. A pointin the diagram indicates expression of
amarker gene fromref. " with horizontaljittering. Boxes highlight specific cell
typesand gene clusters of interest (see text).

identify limb cell lineages and stages within them, and extract their
corresponding cell-type marker gene sets, transcription factor (TF)
networks, and promoter and distal candidate regulatory elements
with their TF binding motifs. The higher sensitivity data-type addition-
allyuncovered developmentally precocious low-level transcription of
lineage-specific regulators that supports computed lineage inference
models.
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Anemerging goal for developmental genomicsis to comprehensively
chart the cis- and trans-acting regulatory codes of embryogenesis
with single-cell resolution. Working in this direction, we used the limb
scRNA-seq datato deconvolve IDEAS enhancer element models™" that
arebased on whole-tissue ENCODE epigenomic data. The resulting col-
lection of candidate active and poised enhancer elements, parsed for
celltype and stage, complements matching trans-acting TF networks.
All primary RNA-seq data and processed quantifications for tissue-level
and single-cell experiments are available from the ENCODE portal
(https://www.encodeproject.org).

Results

The developmental timespan from mid-gestation (E10.5) to birth (PO)
encompasses much of histogenesis and organogenesis in the mouse
(Fig. 1a, Extended Data Fig. 1a). The timecourse transcriptomes clus-
tered according totheir respective tissue identities and, within tissues,
by developmental time, as shown by principal component analysis
(PCA) (Fig.1b, Supplementary Data 2), t-distributed stochastic neigh-
bour embedding (¢-SNE) (Extended Data Fig. 6a), and hierarchical
clustering (Fig. 1c, Extended Data Fig. 6b). Overall, this polyA-RNA
transcriptome encompasses 84% of known protein coding genes and
44% oflong noncoding RNA (IncRNA) genes, with the majority (15,644
genes) differingin expression level by tenfold or more across the matrix,
while another 9,085 genes were more uniformly expressed (Extended
DataFigs.1b, 5a). The FANTOMS mouse resource' (https://fantom.gsc.
riken.jp/5/) covers many of the same tissues and stages but is based
on CAGE promoter data; we detected 97% of its 13,999 protein coding
genes, plus an additional 5,035 not detected by FANTOMS (Extended
DataFig. 3c).

Global transcriptome structure

Neurogenesis and haematopoiesis polarize the global datastructure,
with transcriptomes from these systems occupying opposite ends of the
first two principal components (PCs) (Fig. 1b, c). Nearly one-fifth of the
expressed transcriptome (about 5,000 genes) unambiguously defines
this differential axis, which was robust to the choice of quantification
units (fragments per kilobase of transcript per million mapped reads
(FPKM) or transcripts per million (TPM); Extended Data Fig. 6f, g) and to
tissue representation (Extended DataFig. 6d, e). Because whole-tissue
datasumover all constituent cell types, their transcriptomes obscure
underlying cell identities and relative cell proportions that are funda-
mentalin histogenesis (Fig.1a). We therefore projected cell-type marker
genes and cellidentities fromarecent single-cellmouse whole embryo
survey'into our transcriptome structure (Fig. 1d). This showed that
the high-complexity CNS and haematopoetic gene profiles correspond
to high cellular diversity defined by the single-cell decomposition,
with more than 40% of cell types mapping to CNS and haematopoetic
gene clusters. Focusing in, the single-cell projection further identi-
fiestissue-level expression of numerous gene clusters or sub-clusters
that canbe attributed to specific cell-type contributions (for example,
ependymal cells, neural progenitor cells, or cardiomyocytes; Fig. 1d,
black boxes).

Temporal drivers
Developmental changes were expected at the tissue level, but we did
not know in advance what genes and functions would most promi-
nently define the temporal axis or how they would distribute intissue,
organ, or cell space. Analysis across all tissues found three classes of
temporal drivers:

1) Universal: PC3 captured a strong global time component (Fig. 1b,
z-axis) that was explained at the gene level by widespread diminu-
tion in cell proliferation machinery and early erythroid markers
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(Extended Data Fig. 5c). The top 100 PC3 positive-loading genes are
highly enriched for mitotic cell cycle components (Gene Ontology (GO)
P=3x107") that map to expression cluster 21 (Fig. 1c, Supplementary
Note 1, Supplementary Fig. 1) which, in turn, maps to the stromal and
early erythroid cell types previously reported” (Fig. 1d, red boxes).
Furthermore, their stromal cell marker setisitselfenrichedin cell cycle
genes (P=1.8 1075, cell cycle) and the reverse is also true. Thus the
universal transcriptome time axis of PC3 can be explained, at least in
part, by gradual system-wide disappearance of circulating primitive
erythrocytesand adecreasein therelative proportion of proliferating
stromal cells across many tissues and organs.

2) Specification and differentiation: the most numerous and diverse
temporal drivers reflect cell differentiation pathways. For example, PC5
is prominentin differentiating the skeletal muscle systems of limbs and
face (P=3x1072), with the high-PC5-loading cluster 2 containing genes
that are turned on as myogenesis progresses (Fig. 1c, Supplementary
Note 1, Supplementary Fig. 1). Neuronal and glial differentiation in
CNS tissues is highlighted in PC1 (P=2 x 10?), prominently marking
genes of cluster 34 (Supplementary Note 1, Supplementary Fig. 1),
that are further parsed from single-cell marker distributions by cell
sub-type (Fig. 1d).

3) Inter-tissue cell migration: migratory cell populations, either
invading or exiting, are important for the development of many tis-
sues, as detailed further below using scRNA-seq data of the limb. At
whole-tissue resolution, examples include a blood component (for
example, PC2 P=3 x107%) that emerges prominently in the haemat-
opoietictissue of origin (liver) and thenin other tissues (Fig. 1c, cluster
10 in Supplementary Note 1, Supplementary Fig. 1), while genes that
mark maturing B cells® *®in cluster 10 appear inliver, and thenin tissues
with developing lymphatics (Extended Data Fig. 5b).

Additional data structure

Much additional dynamic and biological structure is summarized
schematically at the major cluster level and is annotated further for
individual clusters and sub-clusters (Extended Data Fig. 4, Supplemen-
tary Note 1, Supplementary Fig.1). The anterior-posterior spatial axis
wasenrichedinsix of the top 20 PCs of different Hox cluster members
expressed according to their known positional codes (Supplemen-
tary Datal, 2, expression clusters 19 and 25 in Supplementary Note 1,
Supplementary Fig. 1). Reanalysing specific gene groups of interest,
such as transcription factors (Extended Data Fig. 7a-e), or apply-
ing speciality algorithms can provide additional insights such as
anti-correlations of microRNAs with predicted polyA-RNA targets®.
To evaluate additional effects of metadata features on transcriptome
structure, we applied canonical correlation analysis?>* (CCA, see Meth-
ods), whichidentified dissection-based batch effects and sex-specific
expressionthat may be pertinent to some future data uses (for example,
differential amounts of maternal blood; thymic contamination of some
lung and heart samples; sex-biased samples from embryos of different
sex) (Extended Data Figs. 1a, 8, Supplementary Data 3).

Transcription factor motif topology

The patterns of RNA co-expression revealed by clustering (Fig. 1c,
Supplementary Note 1, Supplementary Fig. 1) are caused in part by
transcriptional co-regulation. Elevated frequencies of TF recogni-
tion sequence motifs in promoters of co-expressed genes can com-
putationally link specific TFs or TF families to their likely target genes
and regulatory elements. We tested the proximal promoters (500 bp
upstreamofthe transcriptionstartsite (TSS)) of allgenesineach expres-
sion cluster (numbered according to the expression cluster originin
Fig.1c) for enrichment of all known consensus TF binding motifs (718
motifs; see Methods). A bipartite graph was constructed to identify
local and global relationships between the resulting combinatorial
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Fig.2|Promoter motif codes for dynamic expression clusters of Fig. 1.

a, Flowchart for motif enrichment analysis. b, Acomputed graph summary of
unique and shared TF recognition sequence motifs. TF motif nodes are labelled
asinthe CIS-BP database® where all uppercase indicates a human-derived
motifand mixed case indicates amouse-derived motif, and the respective gene
cluster source nodes are coloured and numbered per the gene expression

motif codes and their source expression clusters (Fig. 2). First, the
resulting 307 significantly enriched motifs displayed expected local
relationships: fetal liver cluster 10 is characterized by haematopoetic
(GATAI, GATA2,RUNXI1, BCL11A) and hepatic (SMAD1, PPARG, NR1H2)
markers; the highly specific Rfx factor family marks its cilium cluster
(cluster 28); and the E2f family is prominentin the previously discussed
cell cycle-themed cluster 21 (Supplementary Note 1, Supplementary
Fig.1, Supplementary Data 5).

The graph topology also shows binary and higher-degree motif
code-sharing (grey shaded nodes) that selectively connects specific
expression cluster promoter nodes from Fig. 1c with each other, sug-
gesting that they jointly use identical or paralogous TFs. Atahighlevel,
the prominent separation of neurogenesis (cluster 34) from haema-
topoiesis (cluster 10) first observed in the transcriptome emerged
independently for the motif codes, with only two shared motifs between
them, whereas many other clusters share numerous motifs with each of
them and with each other. The ubiquitous expression cluster had the
strongest and most numerous motif enrichments in the entire tran-
scriptome, with extensive representation of the Ets and Cre families
(Fig. 2b, Extended Data Fig. 10e). Enrichment and occupancy of these
families have previously been associated with housekeeping genesin
humans??, Finally, the most extensive code-sharing among expression
clusters was with CNS neuronal cluster 34, which connects with many
other clusters of diverse tissue origins and functional themes (Figs. 1c,
2b). Aplausible explanation for this CNS-centric sharing patternis that
many involved TFs (and/or their paralogues) were recruited during
evolution to new uses that support increasing mammalian neuronal
diversity.

Cluster-specific regulatory mechanisms

The transcriptome structure and corresponding promoter motif
resource provide entry points for identifying cluster-specific
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clustering in Fig. 1c. Edges connect a motif node with the expression cluster
node(s) inwhichitwasenriched, with edge thicknessindicating significance
(-log,,P). Grey, motifs enriched in more than one cluster; yellow, unique
enrichment. The size of each source expression cluster node is proportional to
thescaled number of genesinthe corresponding cluster.

regulatory mechanisms. For example, integrating our transcriptome
and global epigenomic maps across matched samples showed that
the upregulated brain cluster 34 has strong repressive histone mark
density (H3K27me3) at early developmental times that declines as
its RNA expression trajectories rise (Extended Data Fig. 9a, e). Sub-
sequent global quantification of developmental differentials in
H3K27me3 promoter signal relative to RNA output across all clusters
found that brain clusters 30, 32 and 34 stand out as candidates for a
H3K27me3-mediated de-repression mechanism, even though many
other clusters have similarly rising RNA trajectories (Extended Data
Fig. 9a). Our previous DNA motif enrichment analysis showed that
the neuronal repressor Rest (also known as Nrsf) motif is specifically
and strongly enriched in cluster 34 promoters (Fig. 2b). The putative
targets of REST, inferred from an independent ChIP-seq study®, are
also specifically enriched in cluster 34 (Extended Data Fig. 9b); the
expression of Rest RNA decreases in brain tissue over time (Extended
Data Fig. 9c); and REST-occupied promoters* show even greater
H3K27me3 signal enrichment at early times (Extended Data Fig. 9f),
allof whichis consistent with a significant role for REST in CNS-focused
de-repression. This in vivo result is consistent with the results of an
earlier in vitro study of neural progenitors?, but not with those of an
embryonic stem cell study that reported no H3K27me3 enrichment
at REST locations®. Beyond REST, other candidate repressors whose
motifs are enriched in clusters 34 and/or 32 also exhibit expression
trajectories that diminish as development progresses (for example,
Zfp219,7Zbtbl, Zbtb3, Zfp740; red oval outlines, Fig. 2b) while additional
presumptive C2H2 zinc finger transcriptional repressors whose rec-
ognition motifs are unknown are concentrated in the CNS-enriched
expression cluster 33 (Extended Data Fig. 7e) with overall downward
expressiontrajectories (Supplementary Note 1, Supplementary Fig.1).
Ourworking model s that these repressors provide additional target-
ing diversity and specificity for the pervasive H3K27me3-mediated
repression and de-repression process in the developing brain.
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Fig.3|Single cell analyses of forelimb histogenesis. a, Two-dimensional
t-SNE of cell clusters, of 10x (left, n=90,637 cells) and Cldata (right,n=920
cells). Coloursindicate provisional cell identities asin Supplementary Note 2.
b, Cell cluster marker genes (top 15 per cluster), down-sampled for display to
100 cells per cluster for 10x and 30 cells for C1 data. Mes., mesenchymal;
Myogen, myogenesis; Skeleto., skeletogenesis; Haemato., haematopoiesis;
Ecto, ectoderm; Mus. 1-3, muscle 1-3; Peri, perichondrium; Chon.,
chondrocytes; NC, neural crest; EE, endothelium and EMP; Ma, macrophage;
Ep, epithelium.c, Integrated visualization of 10x (left) and C1 (right) single cells

This willbecome testable as their individual binding targets and derived
motifs are determined (https://www.encodeproject.org/matrix/?ty
pe=Experiment&status=released&assay_title=TF+ChIP-seq&award.
rfa=ENCODE3&award.rfa=ENCODE4&lab.title=Michael+Snyder%2C+
Stanford&lab.title=Richard+Myers%2C+HAIB). In aseparate analysis,
we examined the large ubiquitous cluster and found evidence sug-
gesting that a post-transcriptional mechanism has a substantial role
insetting divergent levels of expression within the ubiquitous cluster
(Extended DataFig.10).

Histogenesis at single-cell resolution

From E10 to E15.5, the developing forelimb progresses from a simple
limb bud composed mainly of undifferentiated mesodermto a highly
patterned structure with distinct skeletal, muscular, vascular, haema-
topoietic and dermal tissue systems (Fig. 3). We collected two types
of scRNA-seq data (Fig. 3), each spanning the same time points as the
parentbulk tissue study: 1) 920 cells from the C1 platform, sequenced to
relatively high depth (about one million reads per cell), which achieved
sensitive RNA detectionrates, and full-length transcript coverage that
was comparablewiththebulk data (Extended DataFigs.1c,e,2a-¢,3a,b);
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ona2D UMAP plane, separately or jointly projected (centre; see text and
Methods). d, Limb development schematic (arrow indicates immigrating
lineages) and cell type composition plotted as atime series. The colour code
correspondsto cell clustersina. e, Monocle lineage inference model for
skeletal myogenesis. Pseudotime, developmental time and cell type (left);
informative marker gene expression mapped ontheright.n=7,668 muscle
cells. f,Box plots of Boolean, graded, and pan-lineage pattern TFs; n=23 muscle
3 cells;n=38 muscle 2 cells; n=54 muscle 1cells. Boxes, 25th-75th percentiles;
centre, median; whiskers, 1.5 x interquartile range.

and2) about 90,000 cells from the 10x Genomics 3’end-tag platform,
which expanded cell-type discovery (Extended Data Figs.1c-e, 2a).In
the higher-resolution data, we detected 15,931 protein-coding genes
and 938IncRNAs, of which 91% and 71%, respectively, overlapped with
thelimbwhole tissue time-course (Extended DataFig. 1c), while the 10x
datacaptured 81% and 36%, respectively. Comparison of these datawith
published whole embryo scRNA-seq data” showed the expected over-
lap of cell-type relationships (Extended Data Fig. 11b) coupled with a
notably high overlap of expressed genes in which 15,314 protein-coding
genes were incommon and only 2,230 and 637 were found only in the
whole embryo or in the forelimb, respectively. This is consistent with
greater cellular breadthinthe whole embryo study versus deeper cel-
lular and molecular coverage in the forelimb study (Extended Data
Figs.1d, e, 2a).

Resident and immigrating cell types

Clustering the most differentially expressed genes across all cellsidenti-
fied major progenitor and differentiating cell types and showed similar-
ity relationships between them (Fig. 3a-c, Extended Data Figs. 11, 12;
see Methods). Provisional cell identity assignments were based on GO
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Fig.4|Trans-acting and cis-acting regulatory networks inferred for
specificlimb cell types. a, STRING networks of skeletal muscle lineage for
cell-typedifferential TFs from 10x data (see Methods); edges are coloured by
types of STRING evidence (cyan for database and magenta for experimental);
nodes coloured according to 10x RNA-seq levels; arrows indicate lineage
transitions (see text). b, Schematic for discovering cell-type enhancer and
promoter elements using sScCRNA-seqand IDEAS chromatin state elements
defined in whole tissue chromatin assays (see text, Methods and Extended Data
Fig.11a). c, Candidate upstream limb skeletal enhancers (CA1-CA3) for Sox5

enrichment analysis together with support fromthe published develop-
mental studies for previously reported ‘marker’ genes (Supplementary
Note 2, SupplementaryFigs. 2, 3; Supplementary Tables 1, 2; references
and discussion of marker gene limitations therein; Fig. 3a, b). Major cell
typesinbothstudiesincluded resident limb-bud mesenchyme andits
chondrogenic and osteogenic derivatives, plus independently immi-
grating lineages that give rise to myogenic, monocyte/macrophage,
endothelial or neural crest derivatives. These 10x data also provided
evidence for 14 more cell types or states. When projected into the
whole-tissue transcriptome and compared with similarly projected
whole-embryo scRNA-seq data, this deeper and more focused limb
sampling showed lineage subdivisions and sharpening of some types
compared withthe whole embryo (for example, myocytes, connective
progenitors, limb mesenchyme; Extended Data Fig. 11b).

Lineage progression and inference

Whole-transcriptome ¢-SNE and uniform manifold approximation
and projection (UMAP) and phylogenetic clustering analyses seg-
regated cell types (Fig. 3a—c, Extended Data Figs. 11c, d, 12a) whose

withinvivoenhancerdatafrom VISTA fora CA3-containing segment atright
(https://enhancer.Ibl.gov/cgi-bin/imagedb3.pl?form=presentation&show=1&
experiment_id=895&organism_id=1). Computed IDEAS limb cell-type
elements (purpletrack); IDEAS epigenomic segmentation tracks below with
poised and active enhancer type (orange) and promoter type (red) states
below.d, Summary of IDEAS and scRNA-seq cell-type elementsin the VISTA
resource. Top, IDEAS limb elementsin VISTA, n=235/371(63%). Bottom,
VISTA-positive IDEAS elements by cell-type (n =66 cell-type-specific
elements).

trajectories through time were then mapped (Fig. 3d). The extent of
under-representation of large multinucleated myotubes, together with
other possible disaggregation, differential cell capture and survival,and
stochastic sampling artefacts, were assessed relative to unperturbed
whole-limb RNA data using CIBERSORT? to produce an adjusted tissue
proportion model (Extended Data Fig. 12b, c).

Computed UMAP and Monocle lineage models (Fig.3c, e, Extended
Data Fig. 11c, d) were mainly consistent with classical and modern
tracing studies and inferences from genetic knockouts, while also
identifying new relationships and associated regulators. In the myo-
genic system, early progenitors require the TF PAX3 to migrate into
the limb bud from adjacent axial somites?®°, and Pax3is indeed the
strongest differential gene defining the Musclel cell cluster (Wilcoxon
rank sum test: 3.7-fold enrichmentin10x dataand 16.7-fold in C1from
both data-types), which mappedto the earliest Monocle pseudo-time
group (Fig.3e). The stagesin the progression and inferred relationships
among stages are defined by overall correlation patterns among dif-
ferentially expressed genes (Extended Data Fig. 11a, b), while specific
marker genes from the myogenesis literature provided biological inter-
pretationand hypothesis generation (Fig. 3e, Extended Data Fig. 11d).
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The Monocle myogenic lineage model showed two branch points
(Fig.3e). The first (in both real time and pseudotime) produces branch
1A, consistent with an important known population of muscle stem
cells that later giverise to the regenerative cells of adult muscle. They
aremarked by the genetically pertinent PAX7 regulator (Extended Data
Fig.11d), and its direct target MSC (Fig. 3e), which represses myocyte
differentiation®2, From branch point 2, one arm leads to expected
mature myocytes marked by Thnc (branch 2B), whereas branch 2A was
not expected. It models a cell population that expresses signatures of
interstitial muscle fibroblasts (IMFs)®, such as Collal and Osr1/2, in
addition to classic myogenic markers such as Myod1 and Myog (Fig. 3e,
Extended Data Fig. 12d). We confirmed that individual cells in the
developing forelimb co-immunostained for muscle and IMF marker
proteins (Extended Data Fig.12e). This phenotype resembles the small
and somewhat mysterious 10x cluster 22, and asecond Monocle model
incorporating cluster 22 supports thatinterpretation (Extended Data
Fig.12d). Considered in the light of earlier evidence that adult tissue
IMFs have latent myogenic capacity® ¢, this raises questions about
their developmental origin (from resident mesenchyme or PAX3" pre-
cursors); adult fate (whether tobecome an adult IMF and/or maintain
myogenic potential); and biological importance. More broadly, we
confirmed and extended previous microarray results on populations
of muscle precursor cells enriched by fluorescence-activated cell sort-
ing (FACS)**® and recent scRNA-seq of PAX3-GFP-selected cells®. Our
Monocle myogenesis models share some basic characteristics with the
pioneering one constructed by Trapnell and colleagues*’, although
the models also reflect substantial differences between adult human
muscle regeneration in vitro and fetal mouse myogenesis in vivo.

Within the haematopoeticlineage, weidentified both erythro-myeloid
progenitors (EMPs) and macrophages at early stages of limb develop-
ment, aided by their exceptionally robust sets of marker genes (Sup-
plementary Note 2, Extended Data Fig. 12a), which is consistent with
limb macrophage developing from limb-resident EMPs (Extended Data
Fig.11c) insitu. Finally, the skeletogenic system and its resident mesen-
chymal progenitors are the largest limb component throughout the
time course. Condensation, expansion and differentiationinto cartilage
andboneis the primary fate of the resident limb mesenchyme**, rep-
resented here by UMAP (Fig. 3c) and Monocle models (Extended Data
Fig. 11c) that focus on putative chondrocytes and fibroblast/perichon-
drial cells that form two dominant branches from the mesenchyme.
The structure detected is much less clearly partitioned and ordered
thanwas myogenesis, and amore refined single-cell-resolved model of
skeletogenesis will probably require more focused cell sampling coupled
with spatial genomics to capture additional anatomical clues** .

Trans-acting cell-type TF networks

Eachcelltype cluster has a substantial set of differentially expressed TFs
(Supplementary Data4). In the myogenic lineage, these differential TFs
were expressed in three modes with different regulatory and lineage
inference implications (Fig. 3f, Extended Data Fig. 12f, Supplemen-
tary Fig. 3):1) sharply stage-restricted Boolean patterns separate cell
stages from each other, including the well-known causal transcription
regulator genes Pax3, Pax7, Msc, and Myog; plus newly added ones
such as Sp5and Sox8; 2) afew lineage-restricted uniformly expressed
regulators whose expression pattern defines the entire lineage (Pitx2
and Six1); and 3) multi-stage TFs withgraded expression levels, such as
MyodI and Pitx3, whose expression joins two or more stages together,
while nevertheless discriminating stages quantitatively (Fig. 3f). Some
regulators, including TFs that are widely understood to function
only at later stages in the lineage, were detectably and precociously
expressed at low levels, but only in the more sensitive C1 data (Fig. 3f,
Extended Data Fig.12f). For example, low level expression of Myod1 is
detected in Pax3-expressing cells ahead of well-known myoblast-and
myocyte-stage MYODI1 functions*. Thisimplies that the MyodI locus is
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already openat this point, and visualization of the ENCODE DHS histone
mark data at E10.5 identified specific distal and promoter-proximal
sites that support this idea (Extended Data Fig. 15b).

We used known protein and genetic interactions to organize all
cell-type differential TFs into their respective interaction networks
(myogenic lineage Fig. 4a; all other cell type clusters Supplementary
Note 3, Supplementary Figs. 4-7), showing that pan-lineage and graded
factors extensively switch interacting partners across stages of the
myogenic lineage progression. The inference leverage provided by
the low-level graded-pattern genes was platform sensitive, with the
higher sensitivity of the C1 data detecting anticipatory (and also trail-
ing) expressionin sequential stages that had escaped detectionin our
10x data (Extended Data Fig. 12f).

Cis-acting cell-type elements

The companion ENCODE whole-tissue histone modification, chromatin
accessibility and DNA methylation datasets provide rich biochemical
signatures from which candidate regulatory elements can be compu-
tationally inferred at the whole-tissue level>**, but they lack cell-type
resolution. To parse elements that are selectively active according to
celltype or state (Fig. 4b), we first defined the boundaries of biochemi-
cally active sequence elements using the companion limb DNase peak
calls. We then applied IDEAS™* to learn and summarize epigenomic
features over fixed genomic segment bins, and extracted those DNase
peaks that overlapped with active and bivalent IDEAs bins (the biva-
lent binsinclude both poised elements and active signals from minor
cell types diluted by cells with alternative signatures). We assigned
an element to a cell type on the basis of the differential expression of
its associated gene measured by scRNA-seq. Summing the active and
bivalentsignatures,among 2,208 cell-type and lineage-specific genes,
2,018 (91.4%) had at least one affiliated active or poised element among
the total collection of 22,230 (Supplementary Data 6). Individual loci
with multiple candidate elements, plus supporting IDEAS state tracks,
developmental DHS and RNA expression patterns, are shown for bio-
logicallyimportant chondrogenic, myogenic and macrophage exam-
ples (Fig. 4c, Extended Data Figs. 13b, 14a). On the basis of our overall
elementrecoveryand prior limb tissue reconstruction results (Fig. 3d,
Extended DataFig.12b, c), we estimate that the whole limb epigenomic
data have the sensitivity to identify validated cell type enhancers for
cells that comprise less than 5% of the starting population.

We evaluated all elementsin the collection that overlapped with the
independently derived VISTA transgenic mouse database of empirically
tested candidate cis-regulatory elements. For this overlapping set, 63%
were validated as active VISTA enhancers (https://enhancer.lbl.gov/)
distributed across our major cell types®*° (Fig. 4d). We did not expect
all IDEAS overlapping elements to have scored positively in the VISTA
assay paradigm for reasons summarized in the accompanying paper?
and because of VISTA’s narrower developmental time-window (E11.5-
E12.5, compared to E10.5-E15 for our data). VISTA’s spatial domains
typically included limb LacZ transgene staining but often showed added
staining elsewhere in the embryo. This is expected, as our major cell
types are represented elsewhere in the body and are not restricted
to the limb. Conversely, some spatially patterned limb elements in
VISTA (for example, Mm1505 and Mm1492; Extended Data Fig. 13b)
do not appear limited to a cell type, and so are not in our collection.
Compared withthe mouse FANTOM candidate enhancer and promoter
sets, which were computed from CAGE data and cover a much wider
sampling of tissues' (http://fantom.gsc.riken.jp/5/), our entire limb
IDEAS set overlaps with 44% and 30% of all FANTOM promoters and
enhancers, respectively. Of these, 14% of each (9,943 promoters and
2,147 enhancers) are in our cell-type collection. Another large group
of ours (20,119 and 19,384 IDEAS cell-type enhancers and promoters)
were notinthe FANTOM database, which is overall asmaller collection
(Extended Data Fig.15a).


https://enhancer.lbl.gov/
http://fantom.gsc.riken.jp/5/

Transcription factor binding motifs enriched in cell-type IDEAS distal
elements (more than 2 kb from the affiliated transcription start site
(TSS)) or in promoters (Supplementary Data 5, 6), were organized in
computed graphs that revealed lineage-related cluster nodes joined
to each other by motif sharing across stages and related cell types
(that is, muscle clusters 4,12, 17; haematopoetic clusters 8,13, 20, 21
inExtended Data Fig. 14b). Neural crest stood out for its large number
of distal motifs, including many Hox family members, that are likely
toreflect their use of positional signalling gradients for specification
and migration. We similarly extracted motif codes for genes whose
expression is significantly depleted in a cell-type-specific manner.
Such genes were especially prominent in early haematopoetic cells,
and their promoters were strikingly enriched in repressor and Hox
motifs. We speculate that cells that traverse the entire embryo silence
genesthat, inother cell types, actively respond to positional signalling.

Overall, an advantage of the ENCODE fetal transcriptome compared
to prior conceptually similar efforts is the opportunity tointegrate com-
panion epigenome and microRNA resources®***!, In the limb example
above, we have shown that scRNA-seq can be used to decompose the
tissue-level epigenome accordingto cell type, an approach that could
be generalized and further strengthened by integrating single-cell assay
for transposase-accessible chromatin using sequencing (scATAC-seq)
together within more sophisticated algorithms®>*,

Online content

Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
availability are available at https://doi.org/10.1038/s41586-020-2536-X.

1. Peter, |. & Davidson, E. H. Genomic Control Process: Development and Evolution
(Academic, 2015).

2. Moore, J. et al. Expanded encyclopedias of DNA elements in the human and mouse
genomes. Nature https://doi.org/10.1038/s41586-020-2493-4 (2020).

3. Picelli, S. et al. Full-length RNA-seq from single cells using Smart-seq2. Nat. Protocols 9,
171-181(2014).

4. Marinoy, G. K. et al. From single-cell to cell-pool transcriptomes: stochasticity in gene
expression and RNA splicing. Genome Res. 24, 496-510 (2014).

5. Tabula Muris Consortium. Single-cell transcriptomics of 20 mouse organs creates a
Tabula Muris. Nature 562, 367-372 (2018).

6. Scialdone, A. et al. Resolving early mesoderm diversification through single-cell
expression profiling. Nature 635, 289-293 (2016).

7. LaManno, G. et al. Molecular diversity of midbrain development in mouse, human, and
stem cells. Cell 167, 566-580.e19 (2016).

8. Zeisel, A. etal. Brain structure. Cell types in the mouse cortex and hippocampus revealed
by single-cell RNA-seq. Science 347, 1138-1142 (2015).

9. Cadwell, C.R. et al. Multimodal profiling of single-cell morphology, electrophysiology,
and gene expression using Patch-seq. Nat. Protocols 12, 2531-2553 (2017).

10. FANTOM Consortium. A promoter-level mammalian expression atlas. Nature 507,
462-470 (2014).

1. Cao, J. etal. The single-cell transcriptional landscape of mammalian organogenesis.
Nature 566, 496-502 (2019).

12.  Han, X. et al. Mapping the mouse cell atlas by microwell-seq. Cell 172, 1091-1107.e17 (2018).

13. Zhang, Y., An, L., Yue, F. & Hardison, R. C. Jointly characterizing epigenetic dynamics
across multiple human cell types. Nucleic Acids Res. 44, 6721-6731(2016).

14.  Zhang, Y. & Hardison, R. C. Accurate and reproducible functional maps in 127 human cell
types via 2D genome segmentation. Nucleic Acids Res. 45, 9823-9836 (2017).

15.  Kajikhina, K., Tsuneto, M. & Melchers, F. B-lymphopoiesis in fetal liver, guided by
chemokines. Adv. Immunol. 132, 71-89 (2016).

16. Tsuneto, M. et al. B-cell progenitors and precursors change their microenvironment in
fetal liver during early development. Stem Cells 31, 2800-2812 (2013).

17. DeKoter, R. P. et al. Regulation of the interleukin-7 receptor alpha promoter by the Ets
transcription factors PU.1 and GA-binding protein in developing B cells. J. Biol. Chem.
282, 14194-14204 (2007).

18.  Nutt, S. L. & Kee, B. L. The transcriptional regulation of B cell lineage commitment.
Immunity 26, 715-725 (2007).

19. Rahmanian, S. et al. Dynamics of microRNA expression during mouse prenatal
development. Genome Res. 29, 1900-1909 (2019).

20. Soneson, C., Lilliebjorn, H., Fioretos, T. & Fontes, M. Integrative analysis of gene
expression and copy number alterations using canonical correlation analysis.
BMC Bioinformatics 11, 191 (2010).

21.  Brown, B. C., Bray, N. L. & Pachter, L. Expression reflects population structure.
PLoS Genet. 14, €1007841(2018).

22. Hollenhorst, P.C., Shah, A. A., Hopkins, C. & Graves, B. J. Genome-wide analyses reveal
properties of redundant and specific promoter occupancy within the ETS gene family.
Genes Dev. 21, 1882-1894 (2007).

23. Rozenberg, J. M. et al. Alland only CpG containing sequences are enriched in promoters
abundantly bound by RNA polymerase Il in multiple tissues. BMC Genomics 9, 67 (2008).

24. Mukherjee, S., Brulet, R., Zhang, L. & Hsieh, J. REST regulation of gene networks in adult
neural stem cells. Nat. Commun. 7,13360 (2016).

25. Arnold, P. et al. Modeling of epigenome dynamics identifies transcription factors that
mediate Polycomb targeting. Genome Res. 23, 60-73 (2013).

26. McGann, J. C. et al. Polycomb- and REST-associated histone deacetylases are
independent pathways toward a mature neuronal phenotype. eLife 3, 04235 (2014).

27. Newman, A. M. et al. Robust enumeration of cell subsets from tissue expression profiles.
Nat. Methods 12, 453-457 (2015).

28. Buckingham, M. & Relaix, F. PAX3 and PAX7 as upstream regulators of myogenesis.
Semin. Cell Dev. Biol. 44, 115-125 (2015).

29. Goulding, M., Lumsden, A. & Paquette, A. J. Regulation of Pax-3 expression in the
dermomyotome and its role in muscle development. Development 120, 957-971 (1994).

30. Williams, B. A. & Ordahl, C. P. Pax-3 expression in segmental mesoderm marks early
stages in myogenic cell specification. Development 120, 785-796 (1994).

31. Seale, P. et al. Pax7 is required for the specification of myogenic satellite cells. Cell 102,
777-786 (2000).

32. Yin, H., Price, F. & Rudnicki, M. A. Satellite cells and the muscle stem cell niche. Physiol.
Rev. 93, 23-67 (2013).

33. Vallecillo-Garcia, P. et al. Odd skipped-related 1identifies a population of embryonic
fibro-adipogenic progenitors regulating myogenesis during limb development.

Nat. Commun. 8, 1218 (2017).

34. Liu, N. et al. A Twist2-dependent progenitor cell contributes to adult skeletal muscle.
Nat. Cell Biol. 19, 202-213 (2017).

35. Mathew, S. J. et al. Connective tissue fibroblasts and Tcf4 regulate myogenesis.
Development 138, 371-384 (2011).

36. Mitchell, K. J. et al. Identification and characterization of a non-satellite cell muscle
resident progenitor during postnatal development. Nat. Cell Biol. 12, 257-266 (2010).

37. Biressi, S. et al. Intrinsic phenotypic diversity of embryonic and fetal myoblasts is revealed
by genome-wide gene expression analysis on purified cells. Dev. Biol. 304, 633-651(2007).

38. Lagha, M. et al. Transcriptome analyses based on genetic screens for Pax3 myogenic
targets in the mouse embryo. BMC Genomics 11, 696 (2010).

39. Singh, A. J. et al. FACS-Seq analysis of Pax3-derived cells identifies non-myogenic
lineages in the embryonic forelimb. Sci. Rep. 8, 7670 (2018).

40. Trapnell, C. et al. The dynamics and regulators of cell fate decisions are revealed by
pseudotemporal ordering of single cells. Nat. Biotechnol. 32, 381-386 (2014).

41.  Liu, C.-F., Samsa, W. E., Zhou, G. & Lefebvre, V. Transcriptional control of chondrocyte
specification and differentiation. Semin. Cell Dev. Biol. 62, 34-49 (2017).

42. Kozhemyakina, E., Lassar, A. B. & Zelzer, E. A pathway to bone: signaling molecules and
transcription factors involved in chondrocyte development and maturation. Development
142, 817-831(2015).

43. Hartmann, C. Transcriptional networks controlling skeletal development. Curr. Opin.
Genet. Dev.19, 437-443 (2009).

44. Shah, S., Lubeck, E., Zhou, W. & Cai, L. seqFISH accurately detects transcripts in single cells
and reveals robust spatial organization in the hippocampus. Neuron 94, 752-758.e1(2017).

45. Wang, G., Moffitt, J. R. & Zhuang, X. Multiplexed imaging of high-density libraries of RNAs
with MERFISH and expansion microscopy. Sci. Rep. 8, 4847 (2018).

46. Rodriques, S. G. et al. Slide-seq: a scalable technology for measuring genome-wide
expression at high spatial resolution. Science 363, 1463-1467 (2019).

47.  Vickovic, S. et al. High-definition spatial transcriptomics for in situ tissue profiling.

Nat. Methods 16, 987-990 (2019).

48. Fong, A. P. et al. Genetic and epigenetic determinants of neurogenesis and myogenesis.
Dev. Cell 22, 721-735 (2012).

49. Visel, A., Minovitsky, S., Dubchak, I. & Pennacchio, L. A. VISTA Enhancer Browser—a
database of tissue-specific human enhancers. Nucleic Acids Res. 35, D88-D92 (2007).

50. Gorkin, D. et al. An atlas of dynamic chromatin landscapes in mouse fetal development.
Nature https://doi.org/10.1038/s41586-020-2093-3 (2020).

51.  He, Y. et al. Spatiotemporal DNA methylome dynamics of the developing mammalian
fetus. Nature https://doi.org/10.1038/s41586-020-2119-x (2020).

52. Fulco, C. P. et al. Systematic mapping of functional enhancer-promoter connections with
CRISPR interference. Science 354, 769-773 (2016).

53. Fulco, C. P. et al. Activity-by-contact model of enhancer-promoter regulation from
thousands of CRISPR perturbations. Nat. Genet. 51, 1664-1669 (2019).

54. Xiang, G. etal. Anintegrative view of the regulatory and transcriptional landscapes in
mouse hematopoiesis. Genome Res. 30, 472-484 (2020).

55. Weirauch, M. T. et al. Determination and inference of eukaryotic transcription factor
sequence specificity. Cell 158, 1431-1443 (2014).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution

7 4.0 International License, which permits use, sharing, adaptation, distribution

and reproduction in any medium or format, as long as you give appropriate

credit to the original author(s) and the source, provide a link to the Creative Commons license,
and indicate if changes were made. The images or other third party material in this article are
included in the article’s Creative Commons license, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons license and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this license,
visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

Nature | Vol 583 | 30 July 2020 | 767


https://doi.org/10.1038/s41586-020-2536-x
https://doi.org/10.1038/s41586-020-2493-4
https://doi.org/10.1038/s41586-020-2093-3
https://doi.org/10.1038/s41586-020-2119-x
http://creativecommons.org/licenses/by/4.0/

Article

Methods

No statistical methods were used to predetermine sample size. The
experiments were not randomized and investigators were not blinded
to allocation during experiments and outcome assessment.

Bulk RNA-seq from mouse embryo tissues

Pulverized pooled mouse embryo tissue replicates from time points
E10.5, E11.5, E12.5, E13.5 E15.5 and E16.5 were received from the Ren
laboratory, which supplied these tissues for the entire mouse devel-
opment project®®. E14.5 and PO tissues were dissected from single
animals at Caltech. Replicate tissue samples were lysed and extracted
using the Ambion mirVana protocol (AM1560). Residual genomic
DNA was removed using the Ambion Turbo DNA-free kit (AM1907).
Total RNA was quantified with Qubit and RIN values were collected
with the BioAnalyzer Pico RNA kit (5067-1513). The median RIN value
was 9.7 (CV =4.4%).Each cDNA library was built using 10 ng total RNA
spiked with ERCC spikes (AM4456740) diluted 1:5,000 in UltraPure
H,O (InVitrogen 10977023) containing carrier tRNA (AM7119) at 100
ng/pl, RNase inhibitor (Clontech 2313A) at 1unit/pland DTT (Promega
P1171) at1mM. cDNA was reverse-transcribed and amplified according
tothe protocolinthe SMARTer UltraLow RNAKkit for Illumina (634935)
using Clontech SMARTScribe reverse transcriptase (639536),and TSO,
dT priming and amplification primers from the Smart-seq2 protocol
5. The first-strand product was cleaned up on Ampure XP beads, and
then amplified using the Clontech Advantage 2 PCR kit (639207) with
13 PCR cycles and an extension time of 12 min. After asecond round of
Ampure XP cleanup, the amplified cDNA was quantified on Qubit and
the size distribution was checked with the HS DNA BioAnalyzer kit
(5067-4626).cDNA libraries were then tagmented using the lllumina/
Nextera DNA prep kit (FC 121-1030) with index tags from Illumina (FC
121-1031), cleaned up with Ampure XP beads, quantified on Qubit and
sized with the Agilent HS DNA kit. Libraries were sequenced on the
Illumina HiSeq 2500 as 100-bp single-end reads to 30M aligned reads
depth. Inclusion for ENCODE submission required replicate concord-
ance scores by Spearman correlation of FPKM values >0.9.

Single-cell transcriptome measurements using the Fluidigm C1
and 10x Genomics v2

One pair of embryonic forelimbs from a single mouse was used at each
time point (E10.5, E11.0, E11.5, E12.0, E13.0, E13.5, E14.0, E15.0). After
dissection from the carcass, limbs were incubated in a 50 pl droplet
of a10% collagenase solution (Worthington LS004202) for 5 min at
37 °C. The limbs were then visualized under a dissecting scope and
the ectoderm was removed manually with a pair of #5 Dumont for-
ceps, which had the effect of reducing epithelial cell representation
in the high resolution data. The mesenchymal core of the limb bud
was then transferred toa 200 pl droplet of Accumax (AM105), and the
dish was reincubated for 15 min at room temperature. The cells were
then manually triturated once with a P200 tip to suspend them, and
pipettedinto 500 ul DMEM +10% FBS. Limb cells were spun at 500g for
Sminat4 °C, resuspendedin 500 pl fresh DMEM +10% FBS, and passed
over a 20-pum mesh (Miltenyi 130-101-812). They were then counted
and diluted in DMEM +10% FBS to achieve a final concentration of
250,000 cells/ml. Twelve microlitres of this suspension was added to
8 ul Fluidigm Cell Suspension Reagent for loading on the Fluidigm IFC
(10-17-pmssize). Cells were then visually inventoried for doublets and
empty chambers, and returned to the C1 for lysis, reverse transcrip-
tion and amplification using the SMART-Seq v4 protocol. Lysis buffer:
8.6 pl water, 1 pl Cl loading buffer, 2.4 pl Smart-seq2 oligo dT primer
(10 mM), 2.4 pl Clontech 10 mM dNTPs, 2 ul ERCC spikes (AM4456740)
(diluted 1:40,000 in UltraPure H,0O (InVitrogen 10977023) containing
carrier tRNA (AM7119) at 200 pg/pl, RNase inhibitor (Clontech2313A)
atlunit/pland DTT (Promega P1171) at 1mM), 0.5 p1 100 mM DTT, 2.6
p Clontech single-cell reaction buffer. Reverse transcription reaction:

5.6 pl Clontech 10x transcription buffer, 0.6 pl C1loading buffer,
5.6 plSmart-seq2 TSO (10 mM), 0.4 pl Clontech RNase inhibitor, 2.8 pl
Clontech SMARTScribe. PCR reaction: 4.4 pul water, 4.5 pl C1loading
buffer, 75.2 pl Clontech SeqAmp buffer, 3 pul Smart-seq2 amplification
primers (10 mM) and 2.9 pl Clontech SeqAmp polymerase.

Amplified cDNA samples were diluted in 10 pl of C1 DNA dilution
reagent, and a1 pl aliquot of each was quantified on Qubit. Eleven
samples from the IFC were selected for BioAnalyzer sizing based on
yield and chamber occupancy. An aliquot of the cDNA libraries was
diluted to 0.1-0.3 ng/pl using C1 Harvest reagent, and the libraries
were then tagmented using the Nextera XT DNA sample prep kit (FC
131-1096) and Nextera XT indices (FC131-1002). After tagmentation and
amplification, libraries were pooled, cleaned up twice with Ampure XP
beads (0.9x volume), quantified on Qubit and sized on the BioAnalyzer
using the HS DNA kit.

The libraries were then sequenced as 50-bp single reads to a depth
of about 1M aligned reads on the [llumina Hi-Seq 2500.

10x Genomics single-celllibraries were prepared from the single-cell
suspensions described above, targeting 10,000 cells per library, exactly
as described in the manufacturer’s protocol. They were sequenced
as 150-bp paired end libraries, to a depth of 400M reads each on the
Illumina Hi-Seq 4000.

Read mapping and quantification

All the whole-tissue RNA-seq and C1 single-cell RNA-seq data were
processed through the standard ENCODE pipeline (https:/www.
encodeproject.org/pipelines/ENCPLOO2LSE/), which uses STAR to align
raw reads against mm10 genome with spikes and quantifies transcript
abundances using RSEM, which provides FPKM, TPM and count values.
Downstream analyses were mainly done using MATLAB scripts (https://
github.com/brianpenghe/Matlab-genomics).10x single-cell RNA-seq
datawere processed using CellRanger with acompatible GTF annota-
tion and “--expect-cells 10000”".

Whole-tissue RNA-seq PCA, CCA and hierarchical clustering
tRNA genes and genes covered by fewer than 10 reads in all tissues
were removed. PCA was performed over the log,-transformed FPKM
values, with 0.1 added as pseudo-counts to unmask relatively lowly
expressed transcripts in order to accommodate high sensitivity of
whole-tissue RNA-seq assays. Z-scores of eigenvalues from PCA were
used to visualize ‘PC scores’, while eigenvector coefficients from PCA
were used to visualize ‘PC loadings’. Genes with the highest positive
values and lowest negative values were used to interpret biological
meanings for each PC.

Canonical correlation analysis (CCA) was performed on the top 20
PCs and Boolean variables for tissue identities, stages, gender and
dissection metadata. Standardized canonical variables scores were
visualized using the heat map in Extended Data Fig. 6¢, while z-scores
of sample canonical coefficients were visualized using the heat map
in Extended Data Fig. 6b, d. Canonical-correlation gene loading coef-
ficients were calculated by multiplying the PC-gene loading coefficient
matrix (from PCA) and canonical-correlation PC loading coefficients
(from CCA). Genes with the highest positive values and lowest nega-
tive values were used to interpret biological meanings for each CC
(Supplementary Data 3).

The dynamic genes were defined as those with at least tenfold dif-
ference in FPKM values between the most and least abundant RNA
samples; genes with less than tenfold difference were defined as flat,
or ubiquitous. Dynamic genes and ubiquitous genes were categorized
into different classes (protein-coding etc.) on the basis of gene types
annotated by GENCODE M4. One-way and two-way hierarchical cluster-
ing were done using Pearson correlation coefficient and average linkage
for the dynamic genes. Clusters were defined by traversing from the
root of the tree towards the leaves, and splitting out clades with dif-
ferent dominant tissues and GO terms, recognized manually, until no
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more major clusters could be split out. Clades with at least 30 nodes
were defined as major clusters. In order to test the robustness of the
results, we did an independent analysis with the forebrain, hindbrain
and neural tube removed to decrease CNS representation, using the
same methodology. Another independent analysis was performed
using TPM values for all the tissues, using the same methodology. The
main conclusions were largely the same.

Whole-tissue RNA-seq transcription factor analysis

TF expression vectors were used to generate t-SNE and clustering maps
using the same settings as the whole-transcriptome analysis. Tran-
scription factor families were compared against cluster identities. The
hypergeometric test was performed to assess enrichment.

Embryo sexinference

For the samples that were made from single embryos, we inferred their
sex by comparing gene expression levels of Xist (afemale marker) and
Ddx3y (amale marker). Embryos that expressed Xist only are female
while those that express Ddx3y only are male. Mixed embryo pools
had both genes detected.

Ubiquitous gene analysis

Among the genes defined ubiquitous by the whole-tissue RNA-seq
analysis, those with log,(FPKM + 0.1) values no higher than 2 were
removed. The 3,000 genes with smallest sample variance were equally
assigned into high, medium and low groups on the basis of their aver-
age FPKM values.

GRO-seq and Bru-seq reads were mapped and quantified using the
ENCODE standard pipeline for computational consistency. Average
3’ UTR lengths for each gene were extracted from the GENCODE M4
annotation. The log,(FPKM + 0.1) values and log,(3’ UTR length) were
used for comparisons and linear regressions.

Histone modification analysis

Histone modification ChIP-seq datawere processed using the ENCODE
ChIP-seq pipeline (https://www.encodeproject.org/pipelines/ENC-
PL220NBH/), and log, fold change for ChIP-seq samples over input
controls were calculated and plotted using deepTools2.4.1 (https://
github.com/fidelram/deepTools/tree/2.4.1). To summarize the fold
decreasein histone modification signalsinaspecificsampleamonga
specific cluster of genes, a4-kb window enclosing the TSS at the centre
was used and average log, fold changes against input samples were
calculated and visualized using a3D heated barplot. The fold decrease
was the difference between the fold changes of the earliest and latest
time point. Rest target overlap Pvalue was calculated based on the
hypergeometric test using the iQNP Rest ChIP-seq target list published
previously?.

Gene ontology analysis
FuncAssociate 3.0 (http://llama.mshri.on.ca/funcassociate/) was used
atits default settings for term calling.

C1scRNA-seq clustering and ¢-SNE visualization

Spike and tRNA gene FPKM values were removed to rescale FPKM val-
ues. Libraries with no cells or more than one cellin their corresponding
C1chambers spotted by microscope were removed. Libraries from
the same C1 Fluidigm chip that had systemic 3’ coverage bias were all
removed. Cells with fewer than100,000 reads mapped to the transcrip-
tome or fewer than 4,000 genes above 10 FPKM cutoff were removed.
Genesthat were expressed in fewer than 5cells (0.5%), or at lower than
10 FPKM in all cells, or that were covered by fewer than 100 mapped
readsinall cells werefiltered out. We then used log,-transformed FPKM
+1pseudo-count values for the following analyses. The genes were
ranked based on their dispersion scores (defined by sample variance
over sample mean). The top 1,500 genes were selected, from which

non-coding genes and mitochondria genes were filtered out, leaving
1,269 genes. t-SNE projection was done based on these genes, using the
top30PCsand 30 as perplexity parameter (default for Laurens vander
Maaten’s original MATLAB script)*. Two-way hierarchical clustering
wasthen performed onthelog,-transformed FPKM values using com-
plete linkage with Spearman rank correlation coefficient to cluster the
cells. Cell types were annotated manually.

10x scRNA-seq clustering and ¢-SNE visualization

UMI counts from CellRanger were filtered first, where cells with fewer
than1,000 genes detected and genes detected in less than 0.1% of cells
were removed. Within each cell, counts were divided by the sum and
multiplied by 10,000, added to1, and log-transformed. The top 4,000
high-dispersion genes were identified. To remove noise (https://github.
com/brianpenghe/python-genomics), we first performed hierarchi-
cal clustering for these genes and then extracted genes that fell in
‘tight’ clusters (those with more than two members after cutting the
dendrogram at 0.8 distance), removing a large number of sporadic
genes which had high dispersion scores but were barely co-expressed
with other genes. These genes were used in place of ‘highly-variable
genes’ for the Seurat pipeline. Using the Seurat pipeline, cells with
morethan20% mitochondriareads or more than 8,000 genes detected
were removed. Genes were regressed against the number of UMIs per
cell and mitochondria percentage and scaled. The resulting matrix,
guided by the aforementioned feature genes, was used to perform PCA.
Jackstraw was then performed using Seurat’s default settings, result-
ing in 42 significant PCs. These PCs were in turn used for Louvain cell
clustering and ¢-SNE visualization. Clusters 3,4, 5, 6, 8,12 and 13 were
further re-clustered using the same method, yielding clusters 17-24.

Marker gene identification for C1and 10x scRNA-seq data
Marker genes (Supplementary Data 4) were calculated using Seurat’s
FindMarkers() for both C1and 10x single-cell data with min.pct=0.25
and its default Wilcoxon rank sum test with min.diff.pct set to be 0.2
or 0.4. For marker visualization, each cell type was down-sampled to
at most 100 cells for 10x data and at most 30 cells for C1 data. Min.
diff.pct was settobe 0.2 and the top 15 markers for each cell type were
visualized.

Comparing Cland 10x cell types

Two methods were used to compare cell type annotations for Cland 10x
data. Onthebasis of Seurat3’s ‘Label transfer’ method, transfer anchors
were calculated from 10x data and were used to predict cell types for
Cldata. Independently, the scaled 10x data matrix was used to traina
multinomial logistic regression model using scikit-learn package. The
trained model was used to predict cell types for C1 data.

Integrating C1and 10x data for UMAP visualization

Seurat3 was used to calculate integration anchors and to integrate the
two different types of datasets. The joint set was scaled and visualized
on UMAP based on an arbitrary top 50 PCs.

Lineage trajectory analyses

Prior to lineage inference, doublets were removed using a
Scrublet-based**® subclustering scheme. Monocle3 alpha (2.99.3)
was thenused for trajectory analysis of the10x data that containalarge
number of cells. The function plot_pc_variance_explained() was used
to select significant PCs above the knee cutoff. UMAP visualization and
SimplePPT method were applied. The root node for each lineage tree
was defined as the node that connects to the largest number of the cells
fromthe earliest developmental time point (E10.5).

Differential transcription factor analysis
Transcription factors recorded at TFDB (http://bioinfo.life.hust.edu.cn/
AnimalTFDB/) were selected from marker genes derived at 0.2 cutoff
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(described above), toinfer evidence-based interaction networks using
STRING® (https://string-db.org/). APython interface for STRING was
used to query the database directly and render the resulting graph
using Graphviz®. Edges of type ‘database’ and ‘experimental’ were
used, filtered to meet a confidence value of greater than 0.400. Nodes
were coloured using normalized values obtained from Scanpy®. The
graph was laid out using layout software included with the Graphviz
package. The algorithm used was SFDP. The complete code base as
well as Docker and Singularity container recipes can be accessed on
the GitHub repository: https://github.com/hamrhein/mouse_embryo.

IDEAS states

The IDEAS epigenetic states on the ENCODE3 mouse developmen-
tal data were generated by the IDEAS software™" using ten epige-
netic marks: H3K27ac, H3K27me3, H3K36me3, H3K4mel, H3K4me2,
H3K4me3, H3K9ac, H3K9me3, ATAC-seq and DNase methylation data.
We first converted the raw datain each sample to -log;,P values using
anegative binomial model. The mean and variance parameters of the
model for each sample were calculated using the bottom 99% of the
data. We then adjusted the mean parameters at each genomic position
from the input data to account for local genomic variations. Specifi-
cally, we downloaded theinput datafor eachtissue (seelist of datasets),
and we calculated rolling means per genomic position using a 20-kb
window centred at the position, for both signals and the input. Theratio
between the two means at each position was multiplied to the overall
mean estimate of the sample, and we normalized the ratios across the
genometo have mean1. We treated the -log;,(Pvalue) asinput data for
IDEAS, capped at 16, and we ran the programinits default setting. The
output from IDEAS is a set of genome tracks to display in the genome
browser, where each epigenetic stateis assigned a colour asaweighted
mixture of colours pre-assigned by the program to each epigenetic
mark. TheIDEAS segmentation canbe accessed by the Hub link at http://
woldlab.caltech.edu/ENCODE3_Mouse_RNA_paper_yuzhang meé66n/.

Cell type and lineage-specific marker gene identification and
cCRE assignment

Genes exclusively expressed in only one cell type or lineage were
regarded as ‘marker genes’ for this series of analyses. Using the
high-resolution C1Fluidigm data, marker genes at 0.2 or 0.4 cutoff were
cross-intersected to derive exclusively expressed markers of cell types
or groups of related cell types (Muscle 1+Muscle 2, Muscle 2 + Muscle
3,Musclel-3, Chondrocyte + Perichondrium, EMP + Macrophage etc.).
Candidate cis-regulatory elements (CCREs) were defined by merging
all the DHS peaks called by the ENCODE HOTSPOT2 pipeline. These
merged regions were assigned to closest transcription start sites of
genes that are expressed (FPKM higher than 0.1in at least one bulk
limbtissue, or detected in more than four cells in single-cell limb data).
These merged regions were then compared against IDEAS chromatin
states generated from ENCODE3 mouse developmental time course
data (see below). Only the peaks that overlapped with active (state 14,
19,20,21,23,24,25,27,28,30-32), poised (8 and 13) or bivalent (26 and
29) IDEAS states were regarded as ‘IDEAS active DHS’ (cCREs). Finally,
these cCREs assigned to the aforementioned marker genes’ TSSs were
regarded as cell-type or lineage-specific cCREs. On the basis of the
distance between each cCRE and its assigned gene, cCREs were further
dividedinto three categories: proximal (the distanceis no greater than
200 bpin any direction), middle (the distance is longer than 200 bp
andnogreaterthan2,000 bpinany direction) and distal (the distance
islonger than 2,000 bp in any direction).

Motif analysis

For whole-tissue RNA-seq promoter motif analysis, the upstream
500bpsequencesofeachco-expressionclusterwereextractedandpooled.
For limb cell type-associated gene promoter analysis, the upstream
500 bp sequences of each cell type’s marker genes (derived from 10x

data using Seurat, min.diff.pct = 0.4) were extracted and pooled. For
limb celltype-associated cCRE analysis, the DNA sequences of proximal,
middle, or distal cCREs for each cell type’s marker genes were extracted
and pooled. These sequence pools were used for motif discovery. A
detailed flowchart can be found in Extended Data Fig. 11.

The analysis of transcription factor recognition motifs was carried
out using version 4.11.2 of the MEME-SUITE®. Motifs annotated in
the CIS-BP database® (http://cisbp.ccbr.utoronto.ca/) were used to
evaluate motif enrichment in the sequence pools mentioned above;
enrichment was scored by the AME program in the MEME-SUITE®>.
The analysis was carried out twice based on UCSC mm10 refFlat and
GENCODE M4 separately and only motifs with corrected P values
smaller than 0.01in both analyses were called significant.

Comparing whole-tissue RNA-seq and single-cell RNA-seq

10x single-cell data (without log transformation or Gaussian scaling)
and the aforementioned 10x feature genes were used as input for
CIBERSORT? (https://cibersort.stanford.edu/) to compare against
whole-limb RNA-seq data (without log transformation or Gaussian
scaling). To compare cell type-associated gene signatures against
ENCODE whole-tissue RNA-seq clusters, cell type-associated marker
genes were acquired ref. ™ (Table S4 for gene names and Table S3 for
cell type names from ref. ™) and filtered (p_val <0.05 and q_val <0.05).
Noting that CIBERSORT is highly sensitive to the choice of input gene
set, these signature genes were mapped to the ordered heat map of the
bulk-tissue clustergram (Fig. 1d). For better visualization, we jittered
individual dots, to create a re-purposed swarm plot to show distri-
bution of the locations (instead of quantities) of signature genes for
each cell.

Immunocytochemical detectionin tissue sections

Staged embryos were fixed in 4% PFA in PBS, cryoprotected with 30%
sucrose in PBS, and frozenin OCT ondry ice. Ten-micrometre cryosec-
tions were blocked using the mouse on mouse blocking reagent from
Vector (cat. # MKB-2213), and then stained with antibodies for OSR1
(mouse monoclonal Santa Cruz cat. # 376545 at 1:40) and myogenin
(Abcam RabMab cat. # ab124800 at 1:40). Secondary detection was
done withInVitrogen donkey anti-rabbit Alexa 594 cat. # A21207, and
InVitrogen goat anti-mouse Alexa 488 cat. # A11029, both at1:300 dilu-
tions. Sections were first screened on a Zeiss Axio Observer Z.1 and
thenimaged for deconvolution microscopy using a Leica DMI6000,
with a 63x oil immersion lens, and Huygens Professional deconvolu-
tion software from SVI.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.

Data availability

These dataare part of the ENCODE Consortium mouse embryo project,
which provides companion microRNA-seq, DNA methylation, histone
mark ChIP-seq, and chromatin accessibility datasets for the sample
matrix (https://www.encodeproject.org/matrix/?type=Experiment
&status=released&perturbed=false&lab.title=Barbara+Wold%2C+C

altech&award.rfa=ENCODE4). The raw and first level processed data
can be accessed at the ENCODE portal (https://www.encodeproject.
org) with the following experiment accession numbers: bulk RNA-seq:
ENCSR574CRQ; Fluidigm C1SMART-seq: ENCSR226XLF; 10x Genomics
(raw data only): ENCSR713GIS. For convenient viewing on the UCSC
single-cell browser (https://mouse-limb.cells.ucsc.edu/), we have
uploaded the AnnData matrices corresponding to ENCSR226XLF
(Fluidigm C1 SMART-Seq) and ENCSR713GIS (10x Genomics). The
processed data matrix for the Fluidigm Clis available at https://cells.
ucsc.edu/mouse-limb/C1_200325/200315_C1_categorical.h5ad and
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the 10x Genomics processed matrix is available at https://cells.ucsc.
edu/mouse-limb/10x/200120_10x.h5ad.

Code availability

Standard ENCODE RNA-seq pipeline: https://www.encodeproject.org/
pipelines/ENCPLOO2LSE/; ENCODE ChIP-seq pipeline: https://www.
encodeproject.org/pipelines/ENCPL220NBH/; all MATLAB scripts:
https://github.com/brianpenghe/Matlab-genomics. 10x single-cell
RNA-seq datawere processed using CellRanger witha compatible GTF
annotation and default parameters. deepTools2.4.1: https://github.
com/fidelram/deepTools/tree/2.4.1; FuncAssociate 3.0: http://llama.
mshri.on.ca/funcassociate/; TFDB: http://bioinfo.life.hust.edu.cn/
AnimalTFDB/; motifs annotated in the CIS-BP database: http://cisbp.
ccbr.utoronto.ca/; STRING: https://string-db.org/. The complete code
base for promoter motif graphs, STRING interaction graphs, as well
as Docker and Singularity container recipes can be accessed on the
GitHub repository: https://github.com/hamrhein/mouse_embryo.
The IDEAS segmentation can be accessed by the Hub link at http://
woldlab.caltech.edu/ENCODE3_Mouse_RNA_paper_yuzhang me66n/.
CIBERSORT: https://cibersort.stanford.edu/.

56. van der Maaten, L. van der & Hinton, G. Visualizing Data using t-SNE. J. Mach. Learn. Res.
9, 2579-2605 (2008).

57. Wolock, S. L., Lopez, R. & Klein, A. M. Scrublet: computational identification of cell
doublets in single-cell transcriptomic data. Cell Syst. 8, 281-291.e9 (2019).

58. Pijuan-Sala, B. et al. A single-cell molecular map of mouse gastrulation and early
organogenesis. Nature 566, 490-495 (2019).

59. Szklarczyk, D. et al. STRING v11: protein-protein association networks with increased
coverage, supporting functional discovery in genome-wide experimental datasets.
Nucleic Acids Res. 47 (D1), D607-D613 (2019).

60. Gansner, E. R. & North, S. C. An open graph visualization system and its applications to
software engineering. Softw. Pract. Exper. 30, 1203-1233 (2000).

61. Wolf, F. A, Angerer, P. & Theis, F. J. SCANPY: large-scale single-cell gene expression data
analysis. Genome Biol. 19, 15 (2018).

62. Bailey, T. L., Johnson, J., Grant, C. E. & Noble, W. S. The MEME Suite. Nucleic Acids Res. 43
(W1), W39-W49 (2015).

63. McLeay, R. C. &Bailey, T. L. Motif Enrichment Analysis: a unified framework and an
evaluation on ChIP data. BMC Bioinformatics 11,165 (2010).

64. Yee, S.-P. & Rigby, P. W. J. The regulation of myogenin gene expression during the
embryonic development of the mouse. Genes Dev. 7 (7A), 1277-1289 (1993).

Acknowledgements We thank G. Ace Dan for scientific illustration of limb development;

S. Upchurch and S. Balasubramanian for data handling; Z. Weng and A. van der Velde for
providing consolidated datasets to Y.Z.; S. A. Teichmann, L. Pachter, C. Trapnell and

M. Thomson for discussions; H. Zhang and K. Polanski for discussion and advice on
computing; I. Antoshechkin at the Caltech Jacobs Genetics and Genomics Laboratory for
sequencing the Illumina libraries; S. Chen and J. Park of the Single-Cell Profiling and
Engineering Center at Caltech for building 10x Genomics libraries; A. Collazo at the
Beckman Institute Imaging Center for IF imaging work; and E. H. Shim and R. Loving for
supporting immunocytochemistry. B.JW. was supported by NIH U54HG006998 and the
Caltech Beckman Institute BIFGRC. R.C.H. and Y.Z. were supported by R24DK106766 and
RO1GM121613. P.H. was supported by The Arthur McCallum Scholarship. AV., D.E.D. and
L.A.P. were supported by U54HG006997. Research conducted at the E.O. Lawrence
Berkeley National Laboratory was performed under US Department of Energy Contract
DE-AC02-05CH11231, University of California.

Author contributions P.H.: bioinformatics and computational data analysis, figures, wrote the
paper; B.AW.: performed all bulk and single-cell RNA-seq experiments, data analysis, wrote
the paper; G.K.M.: DNA motif analysis, edited paper; DT.: performed sequencing analysis, data
submission, figure generation, edited paper; H.A.: network visualization, figure generation; L.B.
and S.-T.G.: IF experiments, imaging and analysis; I.P.-F. and V.A.: staged and dissected mouse
embryos; L.A.P.: mouse developmental matrix design, oversight, and VISTA resource; D.E.D.
and A.V.: coordinated and supervised mouse dissection and staging; B.R.: mouse
developmental matrix design and oversight of mouse ENCODE effort; R.C.H.: IDEAS
development and edited the paper; Y.Z.: developed and implemented IDEAS; B.JW.:
supervised the project, analysed the data, wrote the paper.

Competing interests The authors declare no competing interests.

Additional information

Supplementary information is available for this paper at https://doi.org/10.1038/s41586-020-
2536-x.

Correspondence and requests for materials should be addressed to B.A.W. or B.JW.
Reprints and permissions information is available at http://www.nature.com/reprints.


https://cells.ucsc.edu/mouse-limb/10x/200120_10x.h5ad
https://cells.ucsc.edu/mouse-limb/10x/200120_10x.h5ad
https://www.encodeproject.org/pipelines/ENCPL002LSE/
https://www.encodeproject.org/pipelines/ENCPL002LSE/
https://www.encodeproject.org/pipelines/ENCPL220NBH/
https://www.encodeproject.org/pipelines/ENCPL220NBH/
https://github.com/brianpenghe/Matlab-genomics
https://github.com/fidelram/deepTools/tree/2.4.1
https://github.com/fidelram/deepTools/tree/2.4.1
http://llama.mshri.on.ca/funcassociate/
http://llama.mshri.on.ca/funcassociate/
http://bioinfo.life.hust.edu.cn/AnimalTFDB/
http://bioinfo.life.hust.edu.cn/AnimalTFDB/
http://cisbp.ccbr.utoronto.ca/
http://cisbp.ccbr.utoronto.ca/
https://string-db.org/
https://github.com/hamrhein/mouse_embryo
http://woldlab.caltech.edu/ENCODE3_Mouse_RNA_paper_yuzhang_me66n/
http://woldlab.caltech.edu/ENCODE3_Mouse_RNA_paper_yuzhang_me66n/
https://cibersort.stanford.edu/
https://doi.org/10.1038/s41586-020-2536-x
https://doi.org/10.1038/s41586-020-2536-x
http://www.nature.com/reprints

Article

a
biosample term €10.5_1 [ 10.5_2 [ e11.5_1 [ e11.5_2 [ e12.5_1 [ e12.5_2 [ 13.5_1 e15.5_2 | e16.5_1 | e16.5_2 PO_1 P0_2
embryonic facial
rominence 938XWJ  199Y0Q { 990NWI & 900XQR
limb 844FSC 892NXC 066IEL 681XPR 731DGJ 313XRY. 3
neural tube 402TUS 183YVD 40500H 254TSW 956BQY 5490YR Q 7520WG & 3
hindbrain 626UIA  723QMZ 199NDR 976DPO 406RIE  022IBY 3 948UKU 436LSH 281ZLI  56910K & Q
midbrain 491CAX  613YYL 2280BS 802FTI 185VNZ 725LVX 990NWI [ 381PEJ 684MLE 463JSE 56910K [ Q
forebrain 1520NW 790BBA 745VOM 720JOH 273RVL  793ZRY 990NWI [§f 841GER 156DHU 512LKA 56910K & Q
heart 366XOW 510GHM 225RIF  046IMM 3 955JPC  217XWR 7740NN 8] Q
liver 746POP 522YOW 236ISK  479VPX 146 3 966PAM 236CDJ 279BWR 063WBZ | ?
stomach 708lUG & 572NAM @ 915SZN 355TAQ 063WBZ [ Q
intestine 572NAM ¢ 708IUG < 401LLS 836WEU 063WBZ [ Q
kidney 708lUG < 572NAM ¢ 899UOK 924ZKF 7520WG [§§ 3
lung 708lUG & 572NAM @ 467HSM 217WPC 377RBN 833ZFI [k © Q
adrenal gland 717JUY @ 457KYF @
urinary bladder 7520WG J 088IBU &
skeletal muscle tissue 7520WG J 088IBU &
spleen 7740NN  Q 063WBZ 9
thymus 7740NN _ Q 188LXM 9
b c Prot. Inc d
100 22032 2998 18316 coding RNA 50
m C1
C1 10x C1 10x 2 g+
80 2994 20 602 3 X @
= c
8 S 3
5 60 = 67 S |
3 g_ = 1 I T
5 [0]
2 40 Bulk C1 Bulk Cl o & 0 5000 10000
1587 362 330 124 8 44 5000
Q 10x
o)
20 5
@ 2
2
Prot.  IncRNA  Other  Bulk 10x  Bulk 10x o
code 4202 3 807 2 0 - O -
M Ubiq. @ Difi. [ Undet. C1 10x 0 5000 10000
experiment type genes detected per cell x 10%
e 10x
12000 0 9000
8000 -
10000 01
7000 -
— 1 (%)
© 8000 = 6000 =
o O S
o . © 3
[0) = & 5000
(0]
% 6000 > bl (;)
3 10 & g 4000 - =
5 g >
O) 4000 [0] 3000 ~
50 o
2000 ~
2000 q
500
1000
o bulllesyiusde ey i 5000 o . o
0 100 200 300 400 500 600 700 800 900 0 1 2 3 4 5 6 7 8 9
x 10
Cell number Cell number

Extended DataFig.1|Quality metrics ofbulk RNA-seqand scRNA-seql.

a, Tablerepresenting all bulk RNA tissue/time samples in this study according
tothe colourschemeinFig.1,including ENCODE BioSample accession
numbers. The individualembryo samples for E14.5and PO were characterized
by sex-specific expression markers; embryo sex determinations are indicated.
b, Percentages of ubiquitous, differentialand undetected genesineach of the
three categories: Protein-coding genes (Prot. code), IncRNA (long intergenic
noncoding RNA), and others. ¢, Pairwise comparisons of detected
protein-coding genes and IncRNAsamong the three RNA-seq platforms.

d,Number of genes detected per cell by Cland 10x platformsin box plots (left),
and full histogram distributions (right panel). n =920 cells for C1;n=90,637
cellsfor10x. e, Genes per cell histogram distributions coloured by abundance
values. Cellsare sorted in ascending order based on the number of genes
detected per cell at the least stringent cutoff. Abundances are shown using the
colourscaleontheright of the two plots. Arrows represent the ‘knee’ cutoffs
we picked forinclusionin the analysis (4,000 genes/cell for C1;1,000 genes/cell
for10x).
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Extended DataFig.2|See next page for caption.
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Extended DataFig. 2| Quality metrics of bulk RNA-seq and scRNA-seqI1.
a,Numbers of genes detected among each cell type defined by the C1platform
(mus3, Muscle 3; mus2, Muscle 2; musl; Muscle 1; mesprox, Mesenchymal;
chon, chondrocyte; EMP, EMP; mac, Macrophage; endo, Endothelial; pchon,
Perichondrial; sup epi, Epithelial; neur, Neural crest) and the 10x platform
(mus4, Muscle 4; mus3, Muscle 3; mus2, Muscle 2; musl, Muscle 1; mesprox,
Mesenchymal 1; mesdist, Mesenchymal 2; mesX, Stressed mesenchymal; chon,
Chondrocyte; chonlhh, Ihh+chondrocyte; ost, Osteoblast; EMP, EMP; mac,
Macrophage; meg, Megakatyocyte; endo, Endothelial; pchon, Perichondrial;
pchon Fox, Foxpl+ perichondrial; ecto, Epithelial 1; sup epi, Epithelial 2; neur,
Neural crest; eryth2, Late erythrocyte; erythl, Early erythrocyte; teno,
Tenocyte; smm, Smooth muscle; fibro, Fibroblast; int/mus (22), Collal+ muscle
4).Left: n=23 mus3 cells; n=38 mus2 cells; n=54 musl cells; n=571 mesprox
cells; n=57 choncells; n=5EMP cells; n=10 mac cells; n=7 endo cells; n =139
pchoncells; n=8ecto cells; n=8 neur cells. Right: n=404 mus4 cells; n=1764
mus3cells; n=3,625mus2 cells; n=1,875musl cells; n=22,925 mesprox cells;
n=17,205mesdist cells; n=114 mesX cells; n=10536 chon cells; =494 chon lhh
cells; n=86 ost cells; n=238 EMP cells; n=1,123 mac cells; n=29 meg cells;
n=1,011endocells;n=20,254 pchon cells; n=912 pchon Fox cells; n=2,719 ecto

cells; n=629 sup epicells; n=577 neur cells; n=188 eryth2 cells; n=425erythl
cells;n=762teno cells; n=210 smm cells; n=2,204 fibro cells; n=328 int/
mus(22) cells. b, Transcript coverage from 5’ to 3’ (left to right on x axis) in C1
single-celllibrariesis uniform and consistent across the 11different cell types.
They-axisisnormalized, aggregate read counts. The centre values are median
values for eachbin; the shading represents standard deviations for each bin.
n=23mus3cells; n=38 mus2 cells; n=54 muslcells; n=571mesprox cells; n=57
choncells; n=5EMP cells; n=10 mac cells; n=7 endo cells; n=139 pchon cells;
n=8ectocells;n=8neur cells. ¢, Probability of single-molecule capture (Psmc)
estimates for each of the 11 different Clcelltypes.n=23 mus3 cells; n=38 mus2
cells; n=54 muslcells; n=571 mesprox cells; n=57 choncells; n=5EMP cells;
n=10maccells; n=7endo cells; n=139 pchoncells; n=8 ecto cells; n =8 neur
cells.d, Estimated input (x-axis) and output (y-axis) amounts of ERCC spikes in
eachcelltype.Onecellisrepresented by one dot. Theslopes of the fitted lines
inlog spacehavebeenlabelledineach panel. e, Psmc estimates for each Clrun.
Errorbarsarestandarderror.n=23 mus3 cells; n=38 mus2 cells; n=54 musl
cells; n=571mesproxcells; n=57 chon cells; n=5EMP cells; n=10 maccells;
n=7endocells;n=139 pchon cells; n=8 ecto cells; n=8 neur cells. Allbox plots
areasinFig.3f.
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Extended DataFig. 3 | Quality metrics of bulk RNA-seq and scRNA-seqII.
a, Cell-type-specific TSS choice for Mef2cin the developing limb identified by
short-read RNA-seq. UCSC genome browser tracks display Fluidigm Cldata
frommuscle3 (darkred) and chondrocyte (cyan) cells at Mef2c with Gencode
VM20 gene and transcript models. Splice-crossing reads document exonl/2,
2/4 (red) and 3/4 junctions. Aggregate signal tracks for mus3 and chon show
thatthe TSSatexonlisusedin mus3, whereaschondrocytesselectthe TSSat
exon 3. Median expressed level for MEF2c in muscle3 cells 53.4 FPKM; in

chondrocytes40.3.b, Alternative splice choices in different single
mesenchymal cells of the developing limb resultin alternate forms of Tcf3
(E12and E47 bHLH TFs) with different DNA binding specificities. Individual
splice-crossing reads are displayed beneath the read tracks for each of 3
separate exemplar cells. ¢, Comparisons of whole tissue and single-cell
transcriptome gene content with external whole tissue and single-cell
resources'®", For all datasets, comparisons were restricted to only
protein-coding genes that were detected.
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Extended DataFig. 6 | Alternative views of global bulk transcriptome. bottom and loading coefficients are onthe right) (e) of whole transcriptome

a, Bulktissue transcriptomeis organized on a 2D ¢-SNE plane, with colour code with forebrains, hindbrains and neural tubes removed to test robustness.
asinFig.1.n=156 bulk RNA-seq libraries b, Two-way hierarchical clustering of n=112bulk RNA-seq libraries. Colour codes as in Fig.1.f, g, One-way

differential genesinbulk data using Pearson correlation. ¢, Normalized hierarchical clustering (f) and PCA projection (similar to e) (g) of whole
principal componentscores of the top 20 components. Tissue identities and transcriptome quantified by TPM instead of FPKM. n=156 bulk RNA-seq
stages arelabelled at the bottom following colour codesinFig.1.d, e, One-way libraries. Colour codesasinFig.1.

hierarchical clustering (d) and PCA projection (PCscores are labelled at the
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Extended DataFig.7| Transcriptionfactor expressionsinthe bulk data.
Colour codesina-dasinFig.1.a, t-SNE representation of transcription factor
expression profiles.n=156 bulk RNA-seq libraries. b, 3-D projection of PC
loading coefficients of transcription factors. ¢, 3-D projection of PCloadings of
transcription factor expression profiles. n=156 bulk RNA-seq libraries.
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d, One-way hierarchical clustering of transcription factor expressionsin bulk
data. Tissueidentities arelabelled following colour codesin Fig.1.n=156 bulk
RNA-seqlibraries. e, Abundance representation of transcription factor families
inindividual bulk expression clusters. Coloursindicate Bonferroni-corrected
Pvalues from hypergeometric test.
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Extended DataFig. 8| Canonical correlation analysis of the bulk data.

a, Adiagram showing the setup of canonical correlation analysis (more details
inSupplementary Data 3).b, The vertically normalized loadings of the Boolean
metadatavariables. Tissueidentities are labelled with colour codesin Fig.1.

¢, The horizontally normalized scores of CCA variables across tissue samples.

d, The vertically normalized loadings of principal components. e, The
correlations between Uand V variables. Pairwise relationships between Uand V
variables areshown by the corresponding scatter plots and heat map
representing the Pearson correlation coefficient.n=156 bulk RNA-seq
libraries.
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Extended DataFig.9|CNS-specific genes are associated with Rest/Nrsf

binding and de-repression. a, H3K27me3 fold-decrease and RNA fold-change.

Eachbarrepresentsaclusterofgenesinatissuetype. The heightrepresents
RNA fold-increase between the earliest and latest time points, and the colours
represent H3K27me3 ChIP signal fold decrease. The arrows point to the
strongest decrease of H3K27me3 that happensin Cluster 34 in brain samples.
b, Nrsftargetenrichmentinindividual clusters. Bonferroni-corrected Pvalues
arecalculated based on hypergeometric tests. Sample size (equal to that of
Extended DataFig. 2): Cluster 1n=121genes, Cluster2n=196 genes, Cluster 3
n=693genes, Cluster4n=65genes, Cluster 5n=474 genes, Cluster 6 n=95
genes, Cluster 7n=226 genes, Cluster 8n=106 genes, Cluster 9 n=103 genes,
Cluster10 n=2182genes, Cluster11n=563 genes, Cluster12n=536 genes,

Cluster 34 genes

Rest targets in cluster 34

Cluster13n=93 genes, Cluster 14 n=341genes, Cluster 15n=219 genes, Cluster
16 n=1176 genes, Cluster 17 n=338 genes, Cluster 18 n=37 genes, Cluster 19
n=45genes, Cluster 20 n=1319 genes, Cluster 21 n=801genes, Cluster22n=44
genes, Cluster 23 n=95genes, Cluster 24 n=283 genes, Cluster25n=138 genes,
Cluster26 n=30 genes, Cluster 27 n=68 genes, Cluster28 n=200 genes,
Cluster29 n=56 genes, Cluster 30 n=236 genes, Cluster31n=90 genes,
Cluster32n=256 genes, Cluster33n=1,008 genes, Cluster 34 n=3,073 genes,
Ubiquitous n=3,000 genes. ¢, Abundance of NrsfFmRNA in forebrain. The
individual data points are shown asindividual bars. d-f, Averaged H3K27me3
profiles near promoter regions (x-axis) for liver ChIP-seqsignals over Cluster
10 genes (d), forebrain ChIP-seq signals over Cluster 34 genes (e) and forebrain
ChIP-seqsignals over Rest-targeted genes in Cluster 34 (f).
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Extended DataFig.11|Cell-typerelationshipsinferred fromsingle-cell
datal. a, Cell-cell correlations. Feature genes were used to calculate and

visualize Pearson correlation coefficients between cells. Specific cell-type
populations (indicated by colour bands on the axes) were downsampled to
100 (10x) or 30 (C1). b, Comparing whole-embryo single-cell datawith limb
single-cell data. As an extended version of Fig. 1d, this comparison added a

panel for10x single-cell RNA-seq limb data (far right). ¢, Lineage inference.
Skeletal (left), myeloid (middle) and skin (right) cell types were used for lineage
inference, respectively. Pseudotime, developmental time and cell type are
presented fromtop to the bottom. d, Selected transcription factor expressions
aredisplayed onthe Monocle graphs produced from the 10x data for the four
celltypes comprising the myogenic lineage.
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Hierarchical clustering of C1 single-cell gene expression
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Extended DataFig.12|See next page for caption.



Extended DataFig.12|Cell-typerelationshipsinferred fromsingle-cell

datall. a, Feature gene expression profiles of C1single cells. Normalized log-

transformed FPKM values (y-axis) are used for hierarchical clustering using
Spearman coefficients with complete linkage. Major cell types (x-axis)
together withan Lmo2* mesenchyme subtype are highlighted using colours
corresponding to Fig.3a. The overall picture showed different numbers of
marker genes across cell types. b, c CIBERSORT deconvolution of bulk data.
CIBERSORT was used to deduce proportions of major cell types (y-axis)
presentinstaged samples (x-axis) ofindependently produced forelimbs (b)
and ENCODE mixed limb materials (c). The colour codes match Fig. 3a.

d, Monoclelineage inference for four skeletal muscle clustersincluding cluster

22.Pseudotime, developmental time and cell type are shown on the left, and

marker gene expressionis mapped on theright. e,20-micrometre sections of
mouse E13.5forelimb double-immunostained for Osrl (green) and Myog (red)
(left), with a DAPI (blue) counterstain (right). Allimages taken with 63X oil
immersion objective.Imagesin upper panels are enlarged fromboxed areasin
lower panels. Arrowheads: green: Osrl(+) Myog(-) nucleus. Red: Myog(+)
Osrl(-) nucleus. White: double (+/+) cells. Immunocytochemistry was repeated
three timesindependently. f, TFs enriched in skeletal muscle cell types and
mesenchymeineither 10x or C1data. Cells were down-sampled for display
(similar to Supplementary Fig. 3); cell types are colour-coded for cell cluster
identity. Outlines highlight genes (Myod1; Plagll) with early stage low-level
expression detected in C1but not 10x data versus pan-lineage markers (SixI;
Pitx2) detectedinboth.
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Extended DataFig.13|Analysis of CREs using ENCODE chromatindataand
single-cellRNA-seqdatal. a, Aflowchart of the analysis. b, Computationally
predicted regulatory elements at the Myog locus. From the top to the bottom
arethetracks for limb IDEAS active DHS (black bars), cell-type affiliated ones
among the former (purplebars), IDEAS scores of limb and liver samples from
early to late time points, bulk DNase-seq raw data, bulk RNA-seq raw data, and
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elementin mouse embryo by enhancer assay isalsoincluded at the bottom
right. (Modified, with permission, from Yee and Rigby 1993, © Cold Spring
Harbour Laboratory Press®*.) Bottom, examples of limb-positive enhancer
results from the VISTA database that are not cell-type-specific.
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Software and code

Policy information about availability of computer code

Data collection Sequencing base calls on lllumina libraries were performed with RTA 1.18.64 followed by conversion to FASTQ with bcl2fastq 1.8.4

Data analysis All the whole-tissue RNA-seq and C1 single-cell RNA-seq data were processed through the standard ENCODE pipeline (https://
www.encodeproject.org/pipelines/ENCPLO02LSE/). Downstream analyses were mainly done using Matlab scripts (https://github.com/
brianpenghe/Matlab-genomics). 10x single-cell RNA-seq data were processed using CellRanger. Histone modification ChIP-seq data were
processed using the ENCODE ChlIP-seq pipeline (https://www.encodeproject.org/pipelines/ENCPL220NBH/), and log2 fold change for
ChIP-seq samples over input controls were calculated and plotted using Deeptools2.4.1 (https://github.com/fidelram/deepTools/
tree/2.4.1). FuncAssociate 3.0 (http://llama.mshri.on.ca/funcassociate/) was used at its default settings for term calling. Seurat3 was
used to calculate integration anchors and to integrate the two different types of datasets. Scrublet was used to remove putative doublet
cellsin 10x data. Monocle3 alpha (2.99.3) was then used for trajectory analysis of the 10x data. UMAP visualization and SimplePPT
method were applied for data visualization. Evidence-based interaction networks were inferred using STRING v11. Graphs were
rendered with GraphViz and SCANPY. The IDEAS segmentation can be accessed by the Hub link at http://bx.psu.edu/~yuzhang/me66/
hub_me66n_org.txt TF motifs analyzed with version 4.11.2 of the MEME-SUITE, using the CIS-BP database. Comparison of tissue and
single cell data was done with CIBERSORT (https://cibersort.stanford.edu/.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

=
Q
—
C
=
(@)
=
(D
W
()
Q
=
(@)
o
=
1)
o
[}
=
2
Q
(2]
c
3
3
Q
=
S

810¢ 4290120




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

These data are part of the ENCODE Consortium mouse embryo project, which provides companion microRNA-seq, DNA methylation, histone mark ChIP-73 seq, and
chromatin accessibility datasets for the sample matrix (https://www.encodeproject.org/woldlab).
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Two bioreplicates are the ENCODE standard sampling, supporting IDR for companion chromatin data. The bulk RNA-Seq libraries match the
chromatin samples.

Data exclusions  Clsingle-cell libraries with fewer than 4000 genes detected at 10 FPKM, libraries from a single C1 run with systematic 3'bias were removed,
libraries with no cells or more than 1 cell were removed. For 10x libraries, UMI counts from CellRanger were filtered first, where cells with

fewer than 1000 genes detected and genes detected in less than 0.1% cells were removed.

Replication All whole tissue samples were processed as 2 independent biosample replicates. Spearman correlation coefficients greater than 0.9 were
required for transcriptome-wide FPKM values.

Randomization  No randomization was performed.

Blinding No blinding was necessary.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |:| |:| ChlP-seq

Eukaryotic cell lines |:| |:| Flow cytometry
Palaeontology [J|[] MRi-based neuroimaging
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Human research participants
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Clinical data

Antibodies
Antibodies used Osrl (mouse monoclonal Santa Cruz cat. # 376545, lot# 10117), Myog (Abcam RabMab cat. # ab124800, lot# GR3210821-5)
Validation Osrl (PMID:30149291 DOI:10.1016/j.scr.2018.08.010 ); Myog (PMID:27924941 PMCID:PMC5141432 DOI:10.1038/srep38754)

Eukaryotic cell lines
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Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines | name any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information).

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.
Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement),

where they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new
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Animals and other organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals C57BL/6N wild type embryos; mixed sex.

Wild animals Provide details on animals observed in or captured in the field; report species, sex and age where possible. Describe how animals
were caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if
released, say where and when) OR state that the study did not involve wild animals.

Field-collected samples For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or
guidance was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Human research participants

Policy information about studies involving human research participants

Population characteristics Describe the covariate-relevant population characteristics of the human research participants (e.g. age, gender, genotypic
information, past and current diagnosis and treatment categories). If you filled out the behavioural & social sciences study design
questions and have nothing to add here, write "See above."

Recruitment Describe how participants were recruited. Outline any potential self-selection bias or other biases that may be present and how
these are likely to impact results.

Ethics oversight Identify the organization(s) that approved the study protocol.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.
Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.

Qutcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.
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Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
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Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to

(e.g. UCSC) enable peer review. Write "no longer applicable" for "Final submission" documents.

Methodology

Replicates Describe the experimental replicates, specifying number, type and replicate agreement.

Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of
reads and whether they were paired- or single-end.

Antibodies Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone
name, and lot number.

Peak calling parameters Specify the command line program and parameters used for read mapping and peak calling, including the ChlP, control and
index files used.

Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold
enrichment.

Software Describe the software used to collect and analyze the ChlIP-seq data. For custom code that has been deposited into a

community repository, provide accession details.

Flow Cytometry

Plots
Confirm that:
|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

D The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
D All plots are contour plots with outliers or pseudocolor plots.

D A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Instrument Identify the instrument used for data collection, specifying make and model number.
Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a

community repository, provide accession details.

Cell population abundance | Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the samples
and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.




Design specifications

Behavioral performance measures

Acquisition
Imaging type(s)
Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI [ ]Used

Preprocessing

Preprocessing software
Normalization
Normalization template
Noise and artifact removal

Volume censoring

Statistical modeling & inference

Model type and settings

Effect(s) tested

Specify type of analysis: [ | Whole

Statistic type for inference
(See Eklund et al. 2016)

Correction

Models & analysis

n/a | Involved in the study

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Specify: functional, structural, diffusion, perfusion.
Specify in Tesla

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

D Not used

Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types
used for transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).

Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first
and second levels (e.qg. fixed, random or mixed effects; drift or auto-correlation).

Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

brain D ROI-based |:| Both

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte
Carlo).

|:| D Functional and/or effective connectivity

|:| D Graph analysis

|:| D Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial

Graph analysis

Multivariate modeling and predictive

correlation, mutual information).

Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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