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During cortical development, neural stem cells (NSCs) combine self-renewal with the sequential production of
different subtypes of projection neurons as well as glia cells. How the NSC epigenome accommodates this over time
remains unresolved. Here, we address this gap by multimodal epigenomic profiling of mouse cortical development
across six time points and five embryonic days. Single-cell gene expression and temporal modeling reveal that NSC
self-renewal is not homeostatic, showing progressively stronger astrocytic preference over time. Chromosome ac-
cessibility, DNA methylation, and Hi-C show that this process involves major reorganization of the NSC epige-
nome. Amodel combining transcription factor motif affinities with epigenetic features, as well as integration of the
results with a reporter assay in vivo, show that activation of the NSC neuronal fate regulatory program may be af-
fected by a changing epigenome. Collectively, our findings uncover temporal epigenomic reprogramming that un-
derlies the evolving differentiation potential of NSCs, providing insights into the intrinsic and extrinsicmechanisms
that pattern cortical lineages.
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The cerebral cortex is the region of the brain responsible for
cognitive function, sensory perception, and consciousness.
It contains an unparalleled variety of neuron subtypeswith
unique molecular, morphological, and connectivity fea-
tures, which are generated in a precise temporal sequence
from neural progenitors (Molyneaux et al. 2007; Greig
et al. 2013; Lodato and Arlotta 2015; Govindan and Jabau-
don 2017; Koo et al. 2023). Fate-mapping studies have re-
vealed that although the majority of neural stem cells
(NSCs) are multipotent, a small proportion (10%–20%)
may be precommitted to a certain fate early on in develop-
ment (Gao et al. 2014; Llorca et al. 2019). Furthermore, re-
finement of subtype identity in postmitotic neurons has
also been observed (Govindan and Jabaudon 2017), which

can enhance or counteract lineage initiation in progenitor
cells. Single-cell RNA-seq in mouse (Telley et al. 2016;
Di Bella et al. 2021; LaManno et al. 2021) and human (Pol-
len et al. 2015; Li et al. 2020; Eze et al. 2021; Trevino et al.
2021; Ziffra et al. 2021; Braun et al. 2023) fetal brains have
extensively profiled the remarkable diversity of cell types
established during development, but the precise molecular
mechanisms involved in lineage specification are still not
fully resolved.
There is increasing evidence that chromatin remodel-

ing and epigenetic regulation are essential for determining
fate choices in the cortex (Pereira et al. 2010; Morimoto-
Suzki et al. 2014; Telley et al. 2019) . Transplantation
studies have revealed that the lineage potential of cortical
progenitors to generate different types of neurons is pri-
marily cell-autonomous (Shen et al. 2006; Oberst et al.
2019), but external stimuli such as bioelectric membrane4These authors contributed equally to this work.
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properties or Wnt signaling can overwrite the inherent
developmental programs (Vitali et al. 2018; Oberst et al.
2019). Additional evidencewas provided by the phenotyp-
ic defects in the timing and rate of neuronal differentia-
tion in Polycomb mutants (Pereira et al. 2010;
Morimoto-Suzki et al. 2014), disruption of the barrel cor-
tex upon neuron-specific conditional Ctcf deletion (Hir-
ayama et al. 2012), and impaired neuronal migration
following mutations in the cohesin-loading factor Nipbl
(associated with Cornelia De Lange syndrome) (van den
Berg et al. 2017). Furthermore, the transcription factor
(TF) Pax6 has been shown to interact directly with chro-
matin remodelers (Ninkovic et al. 2013), Neurog2 and
Ascl1 have been proposed to act as pioneering TFs (Aydin
et al. 2019), and Lhx2 and Ldb1 are essential for enhancer–
promoter contacts in olfactory sensory neurons (Monahan
et al. 2019).

Epigenetic regulation has also been implicated in the
transition from a neurogenic to a gliogenic program in
NSCs (Hirabayashi and Gotoh 2010; Amberg et al.
2019). For example, gliogenic promoters such as GFAP
and S100β are selectively demethylated during this pro-
cess (Takizawa et al. 2001; Fan et al. 2005), while pro-
neurogenic genes become repressed via Polycomb
(Hirabayashi et al. 2009;Morimoto-Suzki et al. 2014). Fur-
thermore, global chromatin compaction, possibly mediat-
ed by changes in the expression of high-mobility group
proteins, has been linked to the transition from neurogen-
ic to gliogenic divisions during cortical development
(Kishi et al. 2012; Kuwayama et al. 2023). However,
whether such a switch represents a gradual transition or
an abrupt change in cell identity remains unclear.

We and others have shown previously that cellular iden-
tity in neuronal differentiation is established by the com-
plex interplay between transcriptional regulators, cis-
regulatory elements, and the chromatin landscape, all
within the physical constraints imposed by 3D nuclear ar-
chitecture (Bonev 2017; Baizabal et al. 2018; Song et al.
2020; Noack et al. 2022, 2023; Zenk et al. 2024; Mannens
et al. 2025). This coordinated remodeling is not only lim-
ited to development but also important for neuronal re-
programming (Pereira et al. 2024) and disease (Dileep
et al. 2023; Xiong et al. 2023). However, it remains unclear
whether and how epigenetic mechanisms contribute to
the progressive restriction of lineage potential in neural
stem cells, to their ability to generate different type of pro-
jection neurons, and to the switch to gliogenesis.

Here we characterized, in parallel, changes in the tran-
scriptional and epigenetic states of neural stem cells
(NSCs) and their differentiation fate biases across develop-
mental time. We comprehensively profiled the transcrip-
tional and epigenetic landscapes of mouse cortical
development at single-cell resolution over a critical win-
dow in cortical development. Using differentiation flow
models, we inferred NSC differentiation rates and specifi-
cation preferences over time. We uncovered coordinated
genome-wide interplay between chromosome accessibili-
ty, DNA methylation, 3D genome organization, and en-
hancer activity in purified populations of NSCs across
the same developmental window. Collectively, our data

show a temporally dynamic NSC transcriptome and epi-
genome and suggest potential mechanisms that may pro-
mote the plasticity and flexibility of NSCs. Inferred gene
expression across metacell states can be viewed interac-
tively at https://apps.tanaylab.com/MCV/mmcortex.

Results

A metacell flow model identifies lineage trajectories
during mouse corticogenesis

To quantitatively and comprehensively understand self-
renewal and diversification of NSCs during mouse corti-
cal development,we profiled the single-cell transcriptome
and the chromatin accessibility landscape in parallel,
sampling two biological replicates daily across a critical
window of mouse cortical development (embryonic days
13–18 [E13–E18]) (Fig. 1A). Focusing first on the scRNA-
seq data, which comprised 42,172 cells across all time
points, we inferred metacells and a manifold structure
over them (Fig. 1B; Supplemental Fig. S1A,B; Baran et al.
2019; Ben-Kiki et al. 2022). We corrected ambient noise
using MCnoise (Materials and Methods) and excluded
cell types of noncortical origin, such as interneurons and
microglia (Supplemental Fig. S1C; Materials and
Methods).

Next, we inferred differentiation flows using the meta-
cell flow algorithm (Fig. 1C;Materials andMethods;Mitt-
nenzweig et al. 2021; Mayshar et al. 2023). Flows link the
observed metacell distributions over time (Fig. 1D) such
that metacells in time point t feed metacells with maxi-
mal transcriptional similarity in time point t + 1, with
flows constrained by estimated proliferation rates and ob-
served distributions (Fig. 1E; Supplemental Fig. S1D,E).
NSCs were observed to give rise to both NSCs and IPCs
at time points E13–E15 and at later time points also fed as-
trocytes and OPCs. IPCs flowed at all time points into
IPCs and the immature neuron states iCPNs/iCfuPNs
and iCPN_early/late. In our data, proliferation rates
were estimated to vary between 0 for postmitotic neurons
and two doublings per 24 h for NSCs (Materials andMeth-
ods; Sahara et al. 2020).

We initially annotated metacells using known marker
genes for NSCs, intermediate progenitor cells (IPCs),
corticofugal projection neuron (CfuPN) and callosal pro-
jection neuron (CPN) subtypes, astrocytes, and oligoden-
drocyte precursors (OPCs) (Fig. 1F). The inference of
differentiation flows is agnostic to cell type annotation, al-
lowing us to use flows to define refined subsets of cycling
IPCs, immature neurons (iCPNs/CfuPNs), corticofugal-
biased immature neurons (iCfuPNs), and callosal-biased
early (iCPN_early) and late (iCPN_late) immature neu-
rons (Materials and Methods). Overall, the output of the
manifold and flow model is 1093 annotated metacells,
and inferred probability mass flows between them across
the six time points.

When examining cell type fractions over time, we no-
ticed that NSCs, IPC/IPC_cycs, and CfuPNs (containing
subcerebral projection neurons [SCPNs] and corticothala-
mic projection neurons [CthPNs]) cell type fractions
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decreased (Supplemental Fig. S1E) while CPN proportion
increased, consistent with the transition from mostly
deep layer to exclusively upper layer neurogenesis. Addi-
tionally, astrocytes and OPCs emerged in significant num-
bers at E17, indicative of theNSC fate shift fromproducing
neurons to astrogliogenesis. To further capture the trends
in proliferation and differentiation, we extracted the total
probability mass flows aggregated over cell types at each
time point (Supplemental Fig. S1F). NSC maintenance
rates—defined as the flow fraction going into NSC meta-

cells in time t+1 of the total flow outgoing from NSC
metacells at time t—varied from 42% (E13→E14) to
62% (E17→E18) (Fig. 1G). This is consistent with asym-
metric neurogenic proliferation of NSCs, whereby in
each division, one daughter cell remains an NSC, and an-
other differentiates into an IPC. NSCs switched
over time from a complete dominance of neurogenic
IPC/IPC_cyc differentiation to later onset of astrocyte
and oligodendrocyte differentiation at E17 (Fig. 1G; Greig
et al. 2013).
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Figure 1. Comprehensive identification of lineage trajectories in mouse cortical development. (A) Schematic representation of the sin-
gle-cell experimental approach. Themouse somatosensory cortexwas sampled at 24 h intervals between E13 and E18 and used for scRNA-
seq and scATAC-seq assays. (B) Two-dimensional UMAP projection of metacells (circles are colored by cell type), edges of metacell sim-
ilarity graph, and single cells (dots are colored by cell type). (C ) Visualization of metacell temporal flow model; vertical bars are metacell
fractions in time points, and diagonal lines represent flows between metacells. (D) Single cells positioned by 2D projection of metacells
and colored by time point. (E) Metacells are colored by cell cycle score, representing the percentage of cells classified as proliferating in
eachmetacell. (F ) Heatmap of relative expression ofmarker genes across themetacellmanifold. (G) Relative temporal outflow fromNSCs
per time point (e.g., E13 to E14, E14 to E15, etc.), aggregated and colored by cell type.
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NSC fate bias changes with time and is synchronized
with the cell cycle

To uncover the temporal dynamics of fate bias in stem
cells, we first analyzed groups of genes covarying between
NSC metacells (Supplemental Fig. S2A,B). This unsuper-
vised analysis identified gene clusters associated with
the cell cycle as well as genes that exhibit increased or de-
creased expression over time (Supplemental Table S1) but
did not uncover any other programs. To understand NSC
fate predispositions and stemness signature, we also iden-
tified a neurogenesis/IPC-biased gene module and a glio-
genesis/astrocyte-biased gene module (Fig. 2A, top/
middle; Materials and Methods) to which we added genes
enriched in NSCs relative to both astrocytes and IPCs but
not correlatedwith cell cycle phase, defining a core “stem-
ness” gene module (Fig. 2A, bottom; Materials and
Methods).

Next, we profiled the activity of IPC, astrocyte, and
stemness gene programs across cell types and over time
(Fig. 2B). We observed that the expression of the IPC pro-
gram remained consistently low in NSCs across time,
while the expression of astrocyte-linked genes increased
by a factor of ∼8 between E13 and E18, reaching levels
similar to those in astrocytes. In contrast, the stemness
signature of NSCs decreased almost twofold over time
but remained at higher levels than in other cell types.

To investigate the link between differentiation fate and
the cell cycle, we phased single-cell profiles into G0, G1,
S, G2, and M fractions based on gene expression (Fig.
2C; Supplemental Fig. S2C–E; Materials and Methods).
For IPCs and neuronal types, >96% of the cells were as-
signed to the G0 (60.7%) or G1 (35.6%) phases (Supple-
mental Fig. S2C). For NSCs, we observed a slowing
down of proliferation with time, with an increasing frac-
tion of NSCs linked with the G0 stage (increasing from
9% to 32%) (Fig. 2D). These results are consistent with
the lengthening of theNSC cell cycle observed during cor-
tical development (Calegari et al. 2005; Telley et al. 2019).

To further dissect the relationship between cell cycle
phase and cell fate, we analyzed cell cycle properties of
single cells across the trajectory of NSC-to-IPC differenti-
ation (Fig. 2E,F,H), defined by NSC- and IPC-specific sig-
natures over 19 bins (Fig. 2G). We observed that when
the population shifts from predominantlyNSCs tomostly
IPCs/IPC_cycs (bins 8–12) (Fig. 2G), the fraction of cells
found in M phase also switches from lower to higher rela-
tive to S (from bin 13 to 17) (Fig. 2E,F), together with an
overall convergence to a nonproliferating state (Fig. 2H).
Such enrichment of mitotic states, starting from specific
stages of IPC program activation, suggests coordination
or synchronization between differentiation and the cell
cycle. In contrast, grouping cells along the NSC-to-astro-
cyte trajectory (Fig. 2I–L) did not reveal a similar trend;
there is no enrichment of M-phase over S-phase cells at
any bin (Fig. 2I), and acquisition of astrocyte transcription-
al signatures (Fig. 2K) co-occurs with reduction in the cy-
cling fraction (Fig. 2L), consistent with a gradual
convergence of the NSC program toward the astrocyte
program (Supplemental Fig. S2F–I).

In summary, ourmodel suggests that NSCs progressive-
ly lose their proliferative capacity while gradually activat-
ing an astrocyte program, where there is a possible
synchronization of fate selection and the mitotic cycle.

Distinct temporal trends of neural chromatin remodeling
from a slowly shifting NSC state

Changes in NSC differentiation fates over time may be
driven by changing external signals, shifting epigenome
landscape, or a combination of the two. To gain insight
into the epigenomic signatures underlying these dynam-
ics, we generated scATAC-seq libraries from 28,229 cells
isolated from the same samples used for scRNA-seq (Fig.
1A; Supplemental Fig. S3A–C; Materials and Methods).
We developed an algorithm to map scATAC profiles
over the scRNA-seq metacells using matching gene varia-
tion (Supplemental Fig. S3D,E; Materials and Methods).
This resulted in an inferred accessibility score over meta-
cells for ∼120,000 genomic hotspots (peaks). Among
these, ∼19,000 peaks were proximal (<1 kb) to an annotat-
ed transcription start site (TSS), while the remaining
∼102,000 peaks were defined as TSS-distal, referred to
here as CREs.

Next, we grouped TSSs and CREs into 10 and 60 clus-
ters, respectively, based on accessibility patterns across
metacells (Supplemental Table S2; Materials and Meth-
ods). As expected, TSS clusters showed little variability
across metacells (Fig. 3A), consistent with previous re-
sults (Noack et al. 2022). In contrast, CRE clusters were
broadly separated into a constitutively accessible group
(∼34,000 loci; class I) (Fig. 3B) and clusters with variable
accessibility (classes II–VI). Within the variable groups,
we identified two key groups associated with stem and
progenitor cell activation. Specifically, class II CREs
were accessible in NSCs but lost activity immediately,
or with some delay, upon transition to IPCs, while class
III CREs transiently gained accessibility in IPCs, followed
by either rapid or slow decline in iCPNs. Additional CRE
clusters corresponded to regulatory elements active in
more differentiated neuronal states: Class IV was biased
toward the corticofugal neural states (iCfuPNs/SCPNs/
CthPNs), class V was biased toward CPN states, and class
VI displayed a late pan-neuronal activation pattern. Inter-
estingly, analysis of motif enrichment in these CRE clus-
ters uncovered a rich combinatorial structure (Fig. 3B):
CRE classes III–V that were enriched in intermediate pro-
genitors (IPCs/IPC_cycs) and immature neurons (iCPNs/
CfuPNs and iCPN_early/late) were characterized by a
unique combination of motifs enriched in NSCs (NFIB
and EMX1) andmotifs specific to IPCs and neurons (NEU-
ROD/G and MEF2C, respectively).

To dissect the accessibility landscape underlying the
major cortical fate decision differentiating CPNs from
CfuPN lineages, we decoupled subtype specification
from the overall pan-neuronal maturation process. We
identified 911 CREs with CfuPN-specific late (i.e., low
in IPCs) activation and 515 CREs with specific activation
in CPNs (Fig. 3C, top). We then traced the accessibility of
these loci in their respective differentiation trajectories

Shapira et al.

4 GENES & DEVELOPMENT

 Cold Spring Harbor Laboratory Presson May 13, 2026 . Published by genesdev.cshlp.org Downloaded from 

http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
https://genesdev.cshlp.org
http://www.cshlpress.com


Neurod1

Eomes

Rnd2

Bcl11b

Neurog2

Gadd45g

Pou3f1

Aldoc

Mt3

Fabp7

Apoe

Tubb2a

Csrp2

cell_type
E13
E14
E15
E16
E17
E18

−3

−2

−1

0

1

2

0
05

001
051

G1
S
G2
M
G0

0 50 100

2
CP

PC1

0

50

100

150

NSCs

IP
C

 m
od

ul
e 

(d
s 

U
M

Is
)

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

0

50

100

150

200

250

300

As
tro

 m
od

ul
e 

(d
s 

U
M

Is
)

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

0

10

20

30

40

50

60

St
em

 m
od

ul
e 

(d
s 

U
M

Is
)

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

E1
6

E1
7

E1
8

0

50

100

150

Astrocytes

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

E1
6

E1
7

E1
8

0

50

100

150

200

250

300

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

E1
6

E1
7

E1
8

0

10

20

30

40

50

60

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

0

50

100

150

IPCs

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

0

50

100

150

200

250

300

E1
3

E1
4

E1
5

E1
6

E1
7

E1
8

0

10

20

30

40

50

60

5 10 15

−2
−1

0
1

2

IPC−NSC axis

lo
g2

 M
/S

fra
ct

io
n 

ra
tio

1 2 3 4 5 6 7 8 9 10 12 14 16 18

Ph
as

e 
fra

ct
io

n
0.

0
0.

2
0.

4
0.

6
0.

8
1.

0

G1
S
G2
M
G0

1 2 3 4 5 6 7 8 9 10 12 14 16 18

C
el

l t
yp

e 
fra

ct
io

n
0.

0
0.

2
0.

4
0.

6
0.

8
1.

0

IPC
IPC_cyc
NSC

5 10 15

−6
−2

2

bin

lo
g2

 c
yc

lin
g/

no
n−

cy
cl

in
g 

ra
tio

5 10 15

−2
−1

0
1

2

astro−NSC axis

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

yp
0.

0
0.

2
0.

4
0.

6
0.

8
1.

0

Astrocytes
NSC

5 10 15

−6
−2

2

bin

A B

C

D

E

IP
C

 m
od

ul
e

A
st

ro
 m

od
ul

e
S

te
m

 m
od

ul
e

E13

E14

E15

E16

E17

E18

1_G1

2_S

3_G2

4_M

5_G0

0.15

0.2

0.25

0.3

0.35

I

OPCs
Astrocytes
NSC
IPC_cyc
IPC

NSC cell cycle fraction by day

F

G

H L

K

J

Figure 2. Temporal dynamics of NSC fate bias in the developing cortex. (A) Gene expression across metacells, relative to mean expres-
sion inNSCs and of IPCs, astrocytes, and stem genemodules. The top annotation, above “cell_type,” shows the fraction of cells fromeach
time point in each metacell. Key marker genes are also labeled. (B) Gene expression (total UMIs) of gene modules per cell type in down-
sampled single cells (3000 UMIs/cell) per time point. (C ) The first two principal components of the cell cycle in all cells in the manifold,
colored by inferred cell cycle stage. (D) Fractions of NSCs in different cell cycle stages per time point. (E–L) Ratio and scaled histogram of
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per bin. (G,K ) Cell types per bin. (H,L) Log2 ratio of cycling versus noncycling cells per bin.
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Figure 3. Widespread remodeling of the epigenetic landscape in projection neuron subtype trajectories. (A) Heat map of deviation from
mean (log2 fraction) accessibility across metacells in TSS-proximal CRE clusters. Metacells are ordered by cell type (colors; top) andmean
metacell day (line plots; top). Numbers at the left represent CRE cluster size. (B) Same as A but for TSS-distal CRE clusters. (Left) CRE
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Mean normalized accessibility of CPN-specific CREs across differentiation bins in the CfuPN trajectory. (G) Approximate CPN trajectory
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over the transcriptional and ATAC manifold (Fig. 3D–F
[CfuPN trajectory], G–I [CPN trajectory]). We found that
CfuPN-specific CREs were activated late in the CfuPN
trajectory (Fig. 3E), with minimal representation in the
immature states. In contrast, CPN-specific CREs were ac-
tivated earlier in both trajectories (Fig. 3F,I) and subse-
quently suppressed in the later stages of the CfuPN
trajectory (Fig. 3F). For illustration purposes, we provide
examples of individual cell type-specific CREs and their
accessibility patterns across metacells (Fig. 3J).
Overall, for at least several days after the final cell divi-

sion, we observed progressive refinement of the two line-
ages associated with epigenome rewiring predominantly
in distal regulatory elements. Furthermore, our data sug-
gest that differentiation of deep-layer neurons is correlat-
ed with a repression of a CPN-associated epigenetic
landscape in immature neurons, potentially mediated by
the repressive TFs of the CfuPN lineage such as Fezf2
(Lodato et al. 2014; Tsyporin et al. 2021) and Sox5 (Kwan
et al. 2008).

Accessibility gain in NSCs is accompanied by progressive
loss of CpG methylation

We next extended our epigenomic profiling of NSC fate
bias and performed methyl-Hi-C on sorted Pax6+/Tbr2−

NSCs isolated from the mouse embryonic somatosensory
cortex every day between E13 and E17 as described previ-
ously (Fig. 4A; Materials andMethods; Noack et al. 2022).
This comprehensive profiling allowed us to quantify dif-
ferential methylation at 99,078 well-covered TSSs and
CREs. TSS-proximal CREs were almost completely
unmethylated (86% with m< 0.05) (Supplemental Fig.
S4A), consistent with previous reports (Noack et al.
2022). In contrast, constitutively accessible distal CREs
(e.g., class I) (Fig. 3A) exhibited slightly higher, but still
low, methylation levels (46% with m< 0.05 and 81% at
m< 0.3) (Supplemental Fig. S4A). Distal CREs with line-
age-specific accessibility exhibited more heterogeneous
methylation patterns (Fig. 4B), reflecting the dynamic reg-
ulation of these elements during differentiation.
NSC-specific CREs were predominantly unmethylated

(82%withm < 0.05) or lowlymethylated (99.5%withm<
0.3 across time points). Conversely, IPC CRE clusters in-
cluded more sites with high methylation (m< 0.3, only
66%), and most neuron-specific CREs were highly meth-
ylated (17%withm< 0.3). In general, CREswere biased to-
ward methylation loss between E13 and E17 in NSCs
(Supplemental Fig. S4B), while methylation in TSSs re-
mained largely unchanged. Interestingly, astrocyte-
specific CREs (defined based on gaining accessibility
exclusively upon astrocyte differentiation) showed re-
markable loss of methylation in NSCs over time (from
43%withm< 0.3 at E13 to 95% at E17) (Fig. 4B). These re-
sults suggest that loss of DNA methylation in NSCs may
be associated with priming, and initial high levels of DNA
methylation at these CREs might prevent premature acti-
vation of the astrocytic program.
Accessibility and methylation are traditionally consid-

ered anticorrelated, a trend that we also observed in our

data (Supplemental Fig. S4C). Consistentwith this general
pattern, CREs gaining accessibility over time in NSCs fre-
quently became demethylated, indicating concomitant
regulation (Fig. 4C,D). In contrast, loci that lost accessibil-
ity in NSCs over time remained lowlymethylated even at
E17, suggesting that accessibility and methylation can be
temporally decoupled within the same lineage (Fig. 4E,F).
Moreover, further analysis of cell type-averaged accessi-
bility of temporally regulated CREs in NSCs revealed
that regions that gained accessibility (“opening”) retained
high accessibility in astrocytes and OPCs, while CREs
that lost accessibility (“closing”) were NSC-specific (Fig.
4G). Consistent with these findings, the genome-wide
chromatin accessibility landscape of late NSCs was
more similar to astrocytes than to early NSCs (Supple-
mental Fig. S4E).
Interestingly, expression of genes encoding DNAmeth-

ylation and demethylation enzymes was partially corre-
lated during the developmental time window that we
examined (Fig. 4H). Most notably, the methylation writer
Dnmt3a was highly expressed in NSCs and progressively
downregulated upon differentiation, while the demethy-
lation factor Tet3 displayed the opposite trend. These
complementary patterns suggest that shifts in the balance
of methylation and demethylation activity may contrib-
ute to the dynamic remodeling of chromatin accessibility
inNSCs. However, this mechanism alone cannot fully ac-
count for the observed changes, as CREs losing accessibil-
ity did not acquire de novo methylation (Fig. 4F) despite
continued Dnmt3a expression, implying that other re-
pressive processes may enforce loss of chromatin accessi-
bility independent of DNA methylation.
Collectively, these data suggest that NSC fate bias is

correlated with demethylation at astrocytic regulatory el-
ements, which are progressively remodeled toward activa-
tion in late NSCs.

Hi-C uncovers 3D chromosomal remodeling in NSCs
over time

To compare the epigenome dynamics at the linear ge-
nome level with changes in higher-order chromatin struc-
ture, we next examined 3D genome organization. We
focused on chromatin insulation (defined as the propor-
tion of contacts crossing a particular genomic region com-
paredwith adjacent loci), aswe and others have previously
linked changes in chromatin insulation to changes in gene
expression in mouse neural differentiation (Beagan et al.
2017; Bonev 2017; Noack et al. 2022). Overall, insulation
scores were highly conserved across developmental stages
(Supplemental Fig. S5A). Nevertheless, we identified 335
genomic regions with insulation changes between E13
and E17 (Fig. 5A; Materials and Methods), including 100
regions that gained insulation (“insulating”) and 235 re-
gions that lost insulation over time (“deinsulating”) (Fig.
5A). Hapln1 is an example of a deinsulating locus posi-
tioned at the border of two TADs (Fig. 5B,C) that under-
goes gradual compaction (Fig. 5C) and becomes
expressed only in astrocytes (Fig. 5D). In contrast, the
Tnc locus is an example of an “insulating” locus
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Figure 4. Distinct DNA methylation dynamics are associated with the changes in NSC temporal fate bias at CREs. (A) Schematic rep-
resentation of the experimental approach to profile 3D genome organization and DNAmethylation in NSCs. The somatosensory cortex
was extracted from E13–E17 embryos. Dissociated NSCs were isolated by FACS and subjected to the methyl-Hi-C assay. (B) Histogram
showing the number of cell type-specific CREs (as determined by the ATACmanifold) in methylation bins in the first (E13) and last (E17)
time points assayed. (C ) Heatmap of chromatin accessibility of temporally activatingCREs inNSCs. (D) Heatmap ofDNAmethylation of
temporally activating CREs in NSCs. (E) Heat map of chromatin accessibility of temporally deactivating CREs in NSCs. (F ) Heat map of
DNAmethylation of temporally deactivating CREs inNSCs. (G) Box plots showing cell type-averaged accessibility of temporally activat-
ing (top) or deactivating (bottom) CREs in NSCs. Units aremean log2 fraction, averaged across metacells (and CREs) within cell types. For
example, if Tet1’s expression in astrocytes is −14, then the average fraction of UMIs in astrocyte metacells is one out of 214. (H) Box plots
showing mean expression of DNA de/methylation enzyme genes in metacells by cell type.
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positioned at a subTAD boundary (Fig. 5E,F) where chro-
matin insulation gradually increases along with Tnc ex-
pression, also reaching peak levels in astrocytes (Fig. 5G).
To assess the relationship between insulation and chro-

matin accessibility, we quantified the distribution of
CREs and genes around insulating and deinsulating sites.
We found that both accessible CREs and TSSs of genes ex-

pressed in NSCs were significantly enriched around dein-
sulating compared with insulating regions (P< 5 × 10−4)
(Fig. 5H,I; Supplemental Fig. S5B). However, despite these
local enrichments, changes in insulation did not show a
consistent genome-wide correlation with changes in ac-
cessibility or transcription at nearby CREs or genes (data
not shown).
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Figure 5. Three-dimensional epigenome rewiring suggests potential CRE cooperativity in NSC epigenome remodeling. (A) Heat map
showing deviation from mean insulation score in regions with increasing (insulating) or decreasing (deinsulating) insulation scores in
NSCs across time. (B) Insulation scores across time in an ∼1Mbwindow around theHapln1 gene. (C ) Normalized interaction frequencies
(SHAMAN scores) in the same window as B across time. (D) Hapln1 expression in NSC, astrocyte, and OPCmetacells across time. (E–G)
Same as B–D but for the Tnc gene. (H,I ) Rolling average (window size = 60 kb) probability of neighboring accessible CREs (H) or expressed
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Epigenomic dynamics guide NSC fate decisions

GENES & DEVELOPMENT 9

 Cold Spring Harbor Laboratory Presson May 13, 2026 . Published by genesdev.cshlp.org Downloaded from 

http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.353090.125/-/DC1
https://genesdev.cshlp.org
http://www.cshlpress.com


We next focused on the chromosomal contacts of CREs
that gain accessibility over time in NSCs. We observed
that these CREs engaged in significantly stronger interac-
tions with astrocyte TSSs (as well as NSC TSSs) across
multiple time points (Fig. 5J) while exhibiting weak or
nonsignificant contacts with IPC TSSs.

Collectively, our data on both insulation dynamics and
CRE contacts suggest that, in addition to gradual changes
in DNA methylation, NSCs’ chromosomal architecture
evolves over time to form a potentially astrocytic-biased
architecture. This is accompanied by decreased potential
for generating IPCs and an increased probability for con-
version toward astrocytes, potentially contributing to
the fate switch of NSCs at the end of neurogenesis.

Modeling IPC chromatin accessibility using TF affinities
and epigenomics

To dissect how cis-regulatory sequences and epigenetic
context shape NSC differentiation, we developed a ma-
chine learning model to predict the relative CRE accessi-
bility in IPCs compared with NSCs. First, we used
ICEQREAM (Bercovich et al. 2025), a sequence-based
quantitative modeling approach (Materials and Methods)
to generate sequence models that best explain IPC versus
NSC CRE specificity (Supplemental Fig. S6A). Model
performance plateaued at ∼16 candidate motifs (Supple-
mental Fig. S6B), defining a compact yet informative set
of sequence features that captured the transcriptional log-
ic underlying lineage-specific chromatin accessibility.
These motif-specific features were then integrated with
further parameters defining the epigenetic baseline state,
including mean NSC accessibility and methylation level
at each CRE. In addition, we incorporated regional activi-
ty metrics by summing up accessibility (within a 50 kb
window) and transcription (within a 0.5 Mb window)
around each CRE.

Based on these features, our model achieved surprising
accuracy, with an R2 of 0.64 on held-out data (Fig. 6A),
and anR2 of 0.41when applied to a generic, non-cortex-re-
lated set of CREs (Supplemental Fig. S6C; Materials and
Methods).Weused SHAP analysis to assign a contribution
score for each feature in eachmodel and quantified its im-
portance for predictive accuracy. The most important
model features (Fig. 6B) were the baseline NSCATAC lev-
el, an E-boxmotif (potentially linked to bHLHTFs such as
NEUROG/NEUROD), a T-box motif (potentially associ-
ated with EOMES), and mean NSC methylation level.
These top features, however, provided only around half
of the total SHAP values, with additional features such
as Fos::Jun and SOX motifs (Noack et al. 2022) contribut-
ing to the prediction of the IPC–NSC accessibility
difference.

Understanding the mechanism underlying a prediction
necessitates careful stratification of the model’s features,
which in many cases are highly codependent. This is spe-
cifically important when the model considers a set of
CREs that are preselected to be active in either NSCs or
their progenies. For example, the E-box motif was highly
correlated with NSC methylation levels in this CRE set

(Supplemental Fig. S6E), but this effect was due to the en-
richment of E-box elements in IPC-specific CREs that
were methylated in NSCs prior to their activation. Only
when correcting for E-box affinity by stratification was a
negative correlation between DNA methylation and IPC
accessibility (Fig. 6C) observed, consistent with themodel
suggested earlier (Fig. 4).

Finally, we asked whether the local epigenetic context
affects the activity of lineage-specific CREs. Analysis of
local CRE E-box sequence affinity conditioned on the
presence of proximal CREs with high E-box and/or T-
box sequence affinities within a 20 kb radius (Fig. 6D) cor-
roborated our previous findings (Fig. 5). Specifically, CREs
with medium–high or high E-box affinity were further ac-
tivated in the vicinity of additional high-affinity CREs.
This effect was found to be most pronounced when
considering neighboring elements within 20 kb (Supple-
mental Fig. S6F). Moreover, the number of active neigh-
boring elements—without filtering for their sequence
content—was also predictive of higher accessibility in
the IPC state (Fig. 6E).

Overall, these results point to a complex and multivar-
iate regulation of lineage transitions in the cortex. While
the initial epigenetic state and specific transcription fac-
tor motifs play predominant roles, our results suggest
that the local epigenetic context and synergistic interac-
tions among multiple CREs may further contribute to en-
suring robust cell fate transitions.

In vivo reporter assays validate sequence-intrinsic
models of CRE accessibility

To validate and further dissect autonomous versus con-
text-dependent CRE regulation, we selected 11,905 se-
quences representing elements with NSC and/or IPC
accessibility (Materials and Methods) referred to here as
eCREs (episomal cis-regulatory elements) to distinguish
them from CREs in endogenous context. We subjected
them to an in vivo massively parallel reporter assay
(MPRA) as described previously (Materials and Methods;
Noack et al. 2022). Episomal libraries were electroporated
into embryonic cortices between E12 and E16, and NSC
and IPC cell populations were isolated via FACS 24 h after
each electroporation (Fig. 7A; Materials and Methods).
The resulting sequencing libraries were processed using
MPRAflow (Gordon et al. 2020) and scored using MPRA-
nalyze (Ashuach et al. 2019), revealing that 9101 eCREs
(76%) were found to contribute significantly to reporter
expression in at least one time point.

After normalization and exclusion of two libraries (Ma-
terials and Methods), we observed distinct activity pat-
terns in NSCs and IPCs across different sampling days
(Fig. 7B). Cross-correlation of chromatin accessibility
with reporter activity showed that sequences associated
with differential accessibility in NSCs or IPCs within
their native chromosomal context retained their cell
type-specific activator autonomously and out of such con-
text (Fig. 7C).

Next, we adapted our IPC–NSC accessibility prediction
model to rely on sequence alone by fixing all epigenetic

Shapira et al.
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parameters to match an unmethylated and open context
as provided by the reporter system (Materials and Meth-
ods). We then predicted an IPC–NSC activity score for
each experimentally active sequence. This predicted ac-
tivity score correlated with the MPRA signal at levels
comparable with those using time point-specific and cell
type-averaged accessibility (Fig. 7D). Moreover, stratifica-
tion of profiled elements by their predicted NSC versus
IPC sequence potential (as in Fig. 6) validated the model
by showing that scores are positively correlated with
IPC activity and negatively correlated with NSC activity
at all time points (Fig. 7E).

Taken together, the in vivo reporter assays validate our
CRE sequence model and further highlight the autono-

mous sequence potential of CREs. Notably, the temporal
shift in NSC CRE regulation indicates that the fate bias
change toward astrocytic identity is driven by changes
in trans-factors’ activity, occurring in parallel with gradu-
al NSC epigenetic programming (i.e., DNA methylation
and chromosomal conformation).

Discussion

In this study, we dissected the process of neuronal stem
cell differentiation and fate determination from E13 to
E18, an essential window of cortical development in
mice. Our analysis combined single-cell gene expression
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and chromatin accessibility data together with cell type-
specific, genome-wide profiling of 3D genome organiza-
tion, DNA methylation, and in vivo activity of 11,905
CREs, representing one of the most comprehensive data
sets characterizing mammalian cortical development.
Standardized sampling over time enabled us to infer the
temporal differentiation dynamics from NSCs toward
more differentiated progenitor states, distinct projection
neuron subtypes, and glia. Single-cell analysis revealed
that NSCs gradually lose their transcriptomic stem cell
signature while converging toward an astrocytic program
by E17. In addition, we demonstrated that the NSCmitot-
ic cycle is synchronized specifically with IPC regulatory
activation, an effect not observed during the NSC-to-as-
trocyte transition.
Across multiple scales and modalities, we demonstrat-

ed that corticogenesis involves extensive cell type-specif-
ic remodeling of CREs in concert with the increased
activity of specific TFs that regulate stem cell differentia-
tion. Beyond the canonical differentiation trajectories be-
tween cell types, our temporally resolved analysis
revealed gradual epigenetic remodeling over absolute
time within cell types. In NSCs, progressive opening of
CREs was largely inversely correlated with DNAmethyl-
ation levels. However, loss of accessibility in early NSC
CREs was not accompanied by a corresponding increase
in DNAmethylation, though we cannot exclude a related
change in DNA hydroxymethylation (5hmC). While
5hmC can represent a substantial fraction of cytosine
modifications inmature neuronal subtypes and is strongly
associated with active regulatory elements and gene ex-
pression (Mellén et al. 2017; Stoyanova et al. 2021), its lev-
els are generally lower in proliferating progenitors and
early postmitotic cortical neurons, which constitute the
primary focus of our analyses. Thus, although cell type-
specific and stage-specific accumulation of 5hmC at regu-
latory elements could contribute to an apparent decou-
pling between bulk DNA methylation and chromatin
accessibility, themajor effects observed here likely reflect
alternative repressivemechanisms in dividing progenitors
and early-born neurons (such as Polycomb) (Morimoto-
Suzki et al. 2014; Telley et al. 2019). Future studies that
directly resolve 5mC and 5hmC will be important to fur-
ther dissect their respective contributions during later
stages of neuronal maturation.
In addition to changes in the linear epigenetic land-

scape, we also observed significant dynamics in 3D ge-
nome organization. Chromosomal contact analysis
revealed that NSCs gradually remodel specific TAD insu-
lation anchors, a process that correlates with local CRE
activity and transcriptional output. Furthermore, interac-
tions between NSC CREs and astrocyte-specific TSSs be-
come stronger prior to the switch to astrogliogenesis,
suggesting that epigenetic priming within the regulatory
landscape may facilitate this fate transition. Collectively,
as we have shown across multiple modes of genomic reg-
ulation, the transcriptomic and epigenomic NSC state
gradually drifts toward the astrocyte state over time.
Whether the epigenetic remodeling that we observed

represents a defining characteristic of a restrictedNSCdif-

ferentiation potential remains an open question. Consis-
tent with this notion, both Polycomb group and high-
mobility group proteins have been shown to play an in-
structive role in NSC lineage progression and the switch
to astrogliogenesis (Hirabayashi et al. 2009; Nagao et al.
2014). Ourmechanisticmodeling of CRE activity, enabled
by the comprehensive and multimodal nature of our data
and a novel machine learning approach, provides critical
insights into this process. We identified key TF motifs
as strong predictors of chromatin accessibility dynamics
during the NSC-to-IPC transition, yet other epigenetic
features such asDNAmethylation and chromosomal con-
text (total activation potential of the regions surrounding
the CRE) contribute further to this process. Notably,
these features align with the epigenetic dynamics that
we directly profiled using methyl-Hi-C, highlighting pre-
viously unrecognized correlations in the temporal regula-
tion of cortical development.
Finally, we further validated and assessed the autono-

mous capacity of CRE sequences to respond to TFs by per-
forming cell type-specific MPRAs on >11,000 sequences
across five developmental days in vivo. This data set
shows that the trans-factor environment of NSCs and
IPCs, possibly modulated by external signaling cues, is
sufficient to drive appropriate episomal activity of cell
type-specific CREs. Moreover, it highlights the distinc-
tion betweenCREswith autonomous regulatory potential
and those that require synergistic activation within a ge-
nomic context, providing a new perspective on the mech-
anism of CRE activation in the context of NSC lineage
specification.
Transcriptional atlases provide a crucial blueprint for

understanding tissue developmental dynamics. Our data
show that inference of such dynamics can rely on careful
single-cell temporal sampling, metacell-based differen-
tiation flow modeling, and in-depth single-cell and
population-averaged epigenetic profiling. In the future,
modeling of tissue development would be further en-
hanced by spatiotemporal profiling, which can augment
the observed temporal behaviorswith an essential context
describing intercellular signals and interactions. Going
beyond single-cell trajectories (e.g., pseudotime over tran-
scriptional manifolds) and into models that describe cell
dynamics and are aware of epigenetic history and tissue
context will be essential for understanding the transition
between stem cell multipotency and self-renewal and the
formation of organized, balanced, and functional brain (or
any other) tissue.

Materials and methods

Experimental model

Time-mated pregnant C57BL/6JRj mice were purchased
from Janvier Laboratories and housed under standard con-
ditions in compliance with local regulations set by the
Regierung Oberbayern, Germany. Mouse embryos were
used irrespective of sex. All experiments were conducted
in accordance with national guidelines and approved by
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local authorities (Regierung Oberbayern, Germany; ROB-
55.2-2532.Vet_02-19-175).

scRNA-seq and scATAC-seq

Somatosensory cortices were isolated from E13, E14, E15,
E16, E17, and E18 embryos after removal of the meninges
and dissociated using a papain-based neural dissociation
kit (Miltenyi Biotec 130-092-628) following the manufac-
turer’s protocol. Library preparation for scRNA-seq (v3,
10x Genomics) and scATAC-seq (v1.1, 10x Genomics)
was performed according to the manufacturer’s instruc-
tions, targeting a recovery of 6000 nuclei per sample.

Fluorescence-activated cell sorting (FACS)

FACSwas performed as described previously (Noack et al.
2022), following intracellular staining. A detailed proto-
col for the immunoFACS is available at https://www
.protocols.io/view/immunofacs-b2a2qage. In brief, disso-
ciated cells were fixed for 10 min at room temperature us-
ing 1% freshly prepared formaldehyde in PBS (Thermo
Fisher 28908) with slow rotation, and the reaction was
quenched by adding glycine (Invitrogen 15527013) to
reach a final concentration of 0.2 M. Following fixation,
the cells were centrifuged at 500g for 5min at 4°C, washed
oncewith a buffer composed of 1% BSA and 0.1%RNasin
Plus RNase inhibitor (Promega N261A) in PBS, and then
incubated for 10min at 4°C in a permeabilization solution
containing 0.1% freshly prepared saponin (Sigma-Aldrich
SAE0073), 0.2% BSA (Thermo Fisher 15260-037), and
0.1% RNasin Plus RNase inhibitor in PBS. After permea-
bilization, the buffer was removed by centrifuging the
cells at 2500g for 5 min at 4°C, followed by staining
with antibodies against Pax6 (1:40; BD Bioscience
561664), Eomes (1:33; BD Bioscience 566749), and
Tubb3 (1:14; BD Bioscience 560394) in a staining buffer
(0.1% saponin, 1% BSA, 0.1% RNasin Plus RNase inhib-
itor in PBS) for 1 h at 4°C with slow rotation. The cells
were subsequently washed twice with the permeabiliza-
tion buffer, once with a wash buffer containing DAPI
(1:1000; Thermo Fisher 62248), and finally with wash
buffer without DAPI. Each washing step involved a 5
min incubation at 4°C with slow rotation, and cells
were centrifuged at 2500g for 5 min at 4°C between wash-
es. After the final wash, cells were resuspended in PBS
with 1% BSA and 1% RNasin Plus RNase inhibitor, fil-
tered through a 40 µm cell strainer (Thermo Fisher
15342931), and promptly subjected to FACS. Sorted cells
were either directly used for nucleotide isolation
(MPRA) or flash-frozen and stored at –80°C (methyl-Hi-
C and in situ Hi-C).

Methyl-Hi-C

Somatosensory cortices were isolated from E13, E14, E15,
E16, and E17 embryos after removal of the meninges and
dissociated using a papain-based neural dissociation kit
(Miltenyi Biotec 130-092-628) following the manufactur-
er’s protocol. Each biological replicate represented a pool

of four to six littermates from separate mothers. Methyl-
Hi-C and low-input in situ Hi-C on the sorted NSCs
were conducted as reported previously (Noack et al.
2022), and the detailed experimental procedures are
available at https://www.protocols.io/view/methylhic-
bif2kbqe and https://www.protocols.io/view/in-situ-hi-c-
brd4m28w, respectively. Briefly, frozen pellets of fixed
cells were thawed on ice and then lysed using 0.2% Ige-
pal-CA630 (Sigma-Aldrich I3021). The cells were subse-
quently permeabilized with 0.5% SDS (Invitrogen
AM9823) and digested overnight at 37°C using 200 U of
DpnII (New England Biolabs R0543). Next, the sticky
ends were filled in by incubating the nuclei for 4 h at
room temperature with DNA polymerase I (New England
Biolabs M0210) in the presence of a nucleotide mix con-
taining biotin-14-dATP (Life Technologies 195245016)
in DpnII buffer, followed by a proximity ligation step of
at least 6 h at 16°C. Afterward, the nuclei were lysed,
and the proximity-ligated DNA underwent reverse
cross-linking overnight at 68°C, was purified by ethanol
precipitation, and then sheared to ∼550 bp fragments us-
ing a Covaris S220 sonicator. An end repair was performed
after sonication by incubating the samples with T4 DNA
polymerase (New England Biolabs M0203) for 4 h at 20°C.
Before bisulfite conversion, ∼0.01% of sheared and bioti-
nylated fully methylated pUC19 (Zymo Research
D5017) and unmethylated λ DNA (Promega D1521) was
added to the samples. Bisulfite conversion was then car-
ried out using the EZ DNA Methylation Gold kit (Zymo
Research D5005) followed by library construction with
the Accel-NGS Methyl-Seq DNA library kit (Swift Bio-
science 30024) according to the manufacturer’s instruc-
tions up to the adapter ligation step. Afterward, biotin
pull-down was performed using MyOne streptavidin T1
beads (Thermo Fisher 65602) with five washes using a
buffer containing 0.05% Tween-20 (Sigma-Aldrich
P9416) and two additional washes with low-TE water. Fi-
nally, libraries were amplified on the streptavidin beads
using EpiMark Hot Start Taq (New England Biolabs
M0490) along with Methyl-Seq indexing primers (Swift
Bioscience 36024) using the following program: 30 sec at
95°C; 14 cycles of 15 sec at 95°C, 30 sec at 61°C, and 60
sec at 68°C; followed by 5 min at 68°C; and a final hold
at 10°C. The streptavidin T1 beads were then magnetical-
ly pelleted, and the libraries present in the supernatant
were purified with 0.6× AMPure XP beads (Agencourt
A63881) to achieve an average fragment size of ∼500 bp.

Massive parallel reporter assay (MPRA)

The MPRA design followed the approach previously de-
scribed by Noack et al. (2022), with the following specifi-
cations. The MPRA plasmid pool included 997 scrambled
control sequences, which had matched GC content and
were prescreened to minimize the presence of expressed
TFmotifs, and 11,905 putative episomal cis-regulatory el-
ements (eCREs) derived from CREs with temporally in-
creasing, decreasing, or stable accessibility patterns in
NSCs, IPCs, or neurons (∼1000 per cell type and pattern
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combination). All sequenceswere centered on the accessi-
bility peak and resized to 266 bp.
A detailed protocol for MPRA plasmid pool generation

is available at https://www.protocols.io/view/mpra-
plasmid-pool-preparation-bxchpit6.
We electroporated theMPRA library into the cortices of

mouse embryos at E12, E13, E14, E15, and E16 and collect-
ed the embryos 24 h after.We then removed themeninges,
dissected the somatosensory cortex, and dissociated the
cells using a papain-based neural dissociation kit (Milte-
nyi Biotec 130-092-628) according to the manufacturer’s
protocol. Dissociated cells were stained for Pax6, Tbr2,
and Tubb3, and specific populations were sorted using
FACS as described above.

In utero electroporation

In utero electroporation was carried out according to the
previously reported protocol (Noack et al. 2022). In sum-
mary, pregnant mice with time-mated plugs were anes-
thetized with isoflurane, the uterus was exposed, and 1–
3 µL of plasmidDNA in PBSwas injected into the telence-
phalic lumen. This injection was immediately followed
by five pulses at 35 V, each lasting 100msec with 1 sec in-
tervals, delivered via platinum electrodes (NepaGene
CUY650P1). At either 24 or 48 h after electroporation,
the pregnant females were sacrificed, the embryos’ brains
were dissected, and the electroporation efficiency was
evaluated using a fluorescent stereomicroscope.

scRNA-seq mapping and filtering

scRNA-seq data were processed using a standard Cell-
Ranger pipeline (v3.1.0) to generate count matrices per li-
brary. Raw count matrices were then filtered by removing
cells if they had >15% of UMIs mapping to the mitochon-
drial genome, 0.5% of reads mapping to hemoglobin
genes, <1500 UMIs, or >30,000 UMIs.
Doublets were removed using DoubletFinder (McGin-

nis et al. 2019) with 30 principal components, log normal-
ization of gene expression (scale 10,000), 2000 genes, and
clustering resolution of 0.6. A linear model was fit to
10x Genomics data on expected doublet fractions in pro-
portion to cells loaded in a chip, and 0.75 times the expect-
ed fraction per sample was used as a parameter for the
calculation of the Poisson exponent in the DoubletFinder
pipeline. The pK/BCMVN parameter was taken as the
maximum in the values searched per sample. pN=0.25
for all samples. Out of 60,217 cells, 2046 (3.4%) were clas-
sified as doublets.

Metacell analysis and filtering

Metacell (Baran et al. 2019; Ben-Kiki et al. 2022) analysis
was performed as described with the following parameter
tuning: Feature genes were selected using the functions
mcell_gset_filter_varmean and mcell_gset_filter_cov
with default parameters. The feature gene set was split
into 96 clusters, and clusters were removed if they con-
tained the “undesired variance” genes (“Isg15,” “Wars,”

“Ifit1,” “Mki67,” “Pcna,” “Hist1h,” “Smc4,” “Mcm3,”
“Top2a,” “Fos,” “Hsp90ab1,” “Hspa1a,” “Hif1a,”
“Xist,” and “Tsix”) or had >10 genes in the top 100 feature
genes correlated with at least two of the UV genes. UV
genes and all ribosomal genes were removed from the fea-
ture gene set.
Metacells were then constructed using default parame-

ters. Metacells were selected for removal based on a gene
footprint score >1.5 for any of the nonneural/noncortical
markers (“Reln,” “Lhx5,” “Gad2,” “Sst,” “Lhx6,”
“Nrxn3,” “Gsx2,” “Dlx2,” “Aif1,” “C1qb,” “Hexb,” and
“Igfbp7”). All single cells belonging to such metacells
were removed from subsequent analyses. Following filter-
ing of noncortical/nonneural cells, metacells were again
constructed as above.

Metacell UMAP and noise cleanup

We removed cell cycle-correlated genes (see also “NSC
Gene Module Analysis” below; Supplemental Fig. S2)
and constructed a metacell–metacell similarity graph
with the mcell_mgraph_logistic function with mcell_m-
graph_max_confu_deg = 7 and otherwise default parame-
ters. UMAP was constructed using 10 neighbors, spread
= 1, and min_dist = 0.5. We used MCNoise (https://www
.github.com/tanaylab/mcnoise) to remove background
gene expression on the RNA metacell manifold. The pa-
rameters used were num_of_genes_cluster = 13, number_
of_mc_clusters = 8, genes_min_diff = 4, thr_max_value =
–2, min_number_of_gmctypes_per_batch = 10, and min_
number_of_batches_per_gmctypes = 5; three gene clusters
(2, 4, and 13) were excluded from the analysis. The ambi-
ent noise levels of all the batches were stable for threshold
= –3, and those estimations were used for downstream
analysis.

Inference of metacell temporal flows

Flows were generated using the metacell.flow package
(Mittnenzweig et al. 2021; Mayshar et al. 2023). This in-
volved inference of optimal flow values given the estimat-
ed densities of metacells per time point, estimated
proliferation rate per metacell, and evaluation of differen-
tiation costs (or distances) over the manifold graph.

1. Metacell frequencies per day were estimated directly
from the data by tabulating the time label of all cells
and summing across metacells each day.

2. Cell cycle scores (fraction of nonproliferating cells) for
metacells were calculated using thresholds of 0.0025
M-gene fraction and 0.001 S-gene fraction (Mittnenz-
weig et al. 2021). An estimate for the proliferation
rate (or the fold change in number of cells per metacell
per time step) was calculatedwhile taking into account
two factors: the cell cycle score (or at what fraction of
the maximal rate each metacell is cycling) and an
“IPC score” proportional to the concentration of the
Eomes mRNA, because it is known that IPCs divide
at a slower rate relative to NSCs (Calegari et al. 2005;
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Sahara et al. 2020). The formula for the proliferation
rate was

PRmci = 2
max .div.

day ×CC.scorei×CIPCi

where the per-metacell cell cycle score CC.scorei =
|{mi . m0 < si . s0}|

ni
was the proportion of cells in

each metacell surpassing the thresholds for M- and
S-phase UMI fractions, the IPC score was

CIPCi = 1− 1
2
plogis(vEomesi|m = 0.1, s = 0.01), where

vEomesi is the Eomes expression (metacell e_gc vector)

rescaled between 0 and 1, and
max.div

day
= 2, corres-

ponding to a 12 h cell cycle duration for NSCs.

3. The construction of metacell differentiation costs was
done using the metacell graph described above (used
also for UMAP construction).

Given the estimation of 1–3, we built a network model
using the function mcell_mctnet_from_mgraph with pa-
rameters off_capacity_cost2 = 104, max_flow_tolerance =
0.04, flow_tolerance = 0.04, and capacity_var_factor = 0.2
(and otherwise default). We then solved the flow problems
using the function mcell_new_mctnetflow.

Metacell cell type annotation

Metacells were annotated for cell types based on markers
known from the literature. Annotation for intermediate
states (namely, various classes of immature neurons) uti-
lized marker genes and observed flows from the temporal
flow model. We note that metacell construction and tem-
poral flow model inference are agnostic to annotation.

NSC gene module analysis

Weselected all genes that havemaximumexpression (log2
of RNA frequency) of at least –14, and a log2 fold change of
at least 2 between the fifth and 95th quantiles in NSC
metacells. The Spearman correlation matrix of these
genes’ expression across NSCs was hierarchically clus-
tered, and the dendrogram was cut with k = 8.

The IPC module was composed of genes with a fold
change of at least 2 between mean expression in IPCs
and mean expression in NSCs, astrocytes, and
oligodendrocytes.

The astrocyte genemodulewas composed of genes with
a fold change of at least 2 between mean expression in as-
trocytes and mean expression in NSCs, IPCs, and
oligodendrocytes.

The stem gene module was composed of genes with a
fold change of at least 1 between mean expression in
NSCs and mean expression in astrocytes and IPCs and
had a correlation <0.5 between their expression across
NSC and IPC_cyc metacells and the expression of the
cell cycle genes Top2a, Mki67, Mcm4, and Pcna.

The NSC gene module was composed of genes with a
fold change of at least 1 between mean expression in
NSCs and mean expression in IPC_cycs and astrocytes.

Single-cell cell cycle analysis

The scRNAmatrix was downsampled to 3,000UMIs/cell.
Single-cell module scores for NSC gene modules 1, 3, 6,
and 7 and IPC, astrocyte, and stem gene modules were
the sum of UMIs from each module. We centered the ma-
trix of single-cell cell cycle gene modules and calculated
principal components for it. The first two principal com-
ponents were retained as the cell cycle coordinates, and
we rotated themby 140° for convenience. For downstream
analyses, we assigned as “cycling” those single cells that
had total UMIs in cell cycle modules exceeding the 80th
percentile. The radial cell cycle phase was calculated for

cycling cells as f = − arctan
PC2− PC2〈 〉
PC1− PC1〈 〉, where angled

brackets denote the mean. We used this radial phase to
calculate the smoothed phase using the principal_curve
function in R with periodic_lowess smoothing on the ro-
tated PC1/2, with cells ordered by the radial phase. Princi-
pal curve coordinates were smoothed in a moving average
window of 50 points. The phase assigned to each cell was
the nearest principal curve point (Euclidean distance). The
vector of cells’ phases was binned into 12 equally spaced
bins. Bins 1, 4, and 12 corresponded to G1 stage, bins 5–
7 corresponded to S stage, bins 8 and 9 corresponded to
G2 stage, bins 10 and 11 corresponded to M stage, and
bins 2 and 3 corresponded to G0 stage. While the G0 label
was assigned due to a lack of cell cycle signature, we do
not claim that every cell with this label was indefinitely
postmitotic, particularly those in progenitor cell types.

Single-cell ordering across differentiation axes

To compute the IPC differentiation axis, a principal curve
was calculated for the NSC and IPC gene module scores
for all single NSCs, IPCs, and IPC_cycs. Cells with >30
UMIs in the astrocyte module were removed from down-
stream analysis. The developmental axis coordinate for
each cell was the principal curve point that was closest
to it (Euclidean distance). Cells were then assigned to 19
equally spaced bins across the axis.

To compute the astrocyte differentiation axis, a princi-
pal curve was calculated for the NSC and astrocyte gene
module scores for all single NSCs and astrocytes. Cells
with >30 UMIs in the IPC module were removed from
downstream analysis. The developmental axis coordinate
for each cell was the principal curve point that was closest
to it (Euclidean distance). Cells were then assigned to 19
equally spaced bins across the axis.

Low-level filtering of scATAC profiles

Matrices summing ATACUMIs in single cells in promot-
er regions ([–2000,200] bp from the TSS) and gene bodies
(–2 kb from the TSS and along the gene body) and 500 bp
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around all peaks were constructed. Only scATAC profiles
with total UMI counts above the 10th and under the 98th
percentiles in all matrices were retained. This removed
14,389 out of 42,141 (34%) of scATAC profiles. In addi-
tion, we filtered doublets using AMULET (Thibodeau
et al. 2021) on each batch separately with default
parameters.

Filtering of noncortical scATAC profiles

We downsampled the single-cell gene body accessibility
matrix Bgm to the minimal library size (7603 UMIs). We
then selected a multimodal feature gene set that was the
union of RNA feature genes and genes variable in their
gene body accessibility. We calculated the correlation be-

tween the deviation from the mean (Bgi − 1
N

∑N

i=1

Bgi) and

the normalized expression of the multimodal feature
gene set across RNA metacells (containing noncortical
states; i.e., as above in “Metacell Analysis and Filtering”).
The gene bodymatrix was clustered based on this correla-
tion, using k-meanswith k= 185 to generateATACmicro-
clusters. We calculated the correlation between mean
microcluster accessibility and RNA metacell expression,
assigned as noncortical ATACmicroclusters those whose
top 5 correlated RNA metacells were designated as non-
cortical in “Metacell Analysis and Filtering” above, and
removed all 1563 (5.6% of total) scATAC profiles belong-
ing to them.

TSS enrichment score

Only TSSs of genes expressed in the RNA metacell man-
ifold were considered. The “flank” coverage was calculat-
ed as the mean marginal UMI count between 900 and
1000 bp (in each direction) from the TSSs. The TSS enrich-
ment score was the fold change of mean coverage in 1 bp
resolution in 900 bp around the TSS in each direction,
over the flank coverage.

Peak calling

UMIs were pooled from all cells and averaged in 20 bp
bins. Contiguous genomic intervals with coverage ex-
ceeding 195UMIs, corresponding to∼99th percentile cov-
erage, were identified. The intervals were centered on the
position withmaximal coverage, and uniform-sized peaks
were generated by extending from the maximal point and
140 bp on each side. Overlapping peaks were unified and
recentered until convergence. This yielded a peak set con-
taining 122,400 peaks that were used for all subsequent
analyses. We note that peak sets with higher sensitivity
were considered but not used, with the goal of a conserva-
tive high-specificity set of epigenetic hotspots for down-
stream analysis. We classified peaks as TSSs if their
distance to an annotated transcription start site was <1
kb. All other peaks were denoted as CREs.

Generation of ATAC microclusters (ATAC-MCs)

After filtering low-quality and noncortical cells, we down-
sampled the matrix of promoter accessibility to the mini-
mum library size of 2023 UMIs. For each time point, we
clustered the cells into 30 clusters using k-means based
on the correlations between promoter accessibility and
fold change of gene expression from the median across
metacells on 1475 filtered feature genes (essentially iden-
tical to those used to generate RNA metacells).

Matching scATAC profiles to RNA metacells

We defined a linear problem that encodes an optimal as-
signment of scATAC profiles to RNAmetacells. scATAC
profiles from time point t can only be assigned to RNA
metacells containing at least one cell from t, since cells
for the scRNA-seq and scATAC-seq were sampled iso-
genically. We calculated the correlation between ATAC-
MCs and the fold-change of gene expression from the me-
dian across RNA metacells for feature genes (as defined
above).
We then constructed a bipartite graph connecting each

ATAC-MCwith the top 10 correlated RNAmetacells, and
similarly each RNA metacell with the top 10 correlated
ATAC-MCs. This resulted in an unbalanced graph (with
some ATAC-MCs and RNA MCs becoming high-degree
hubs). We performed sampling of 10 edges for each MC
and each ATAC-MC and combined them to improve bal-
ancing. This defined a set of edges (i and j) ∈ E, where i is
an ATAC-MC and j is an RNA MC.
We can now formulate the ATAC-MC-to-MC assign-

ment problem linearly, searching for assignment values
for each edge xij and potential additional overflow/under-
flow xs1

j , xs2
j , xs3

j , and xs4
j . We solved

argminx

∑

(i,j)[E

−rijxij +
∑

o[1..4

woxso
j ,

where ρij is the Spearman correlation linking the accessi-
bility and RNA profiles of the respective ATAC-MCs and
RNAMCs, and the overflow/underflowweightsw0 are pa-
rameters (here w1 =−10, w2 =−1, w3 = 1, and w4 = 10) ap-
proximating a convex cost for imperfect assignment as
described below.
This optimization is subject to the following

constraints:

1. ∀ij, xij ≥ 0 (assigned frequencies are nonnegative).

2.
∑

i,j xij = 1 (the total of assigned frequencies is forced to
be 1).

3. ∀i, ∑j xij = pATAC
i , where pATAC

i is the observedATAC-
MC frequency

4. ∀j, ∑i xij =
∑

o x
so
j (the total assigned frequency to

each MC equals the total “frequency capacity” of
each metacell).

5. ∀j, xs1
j ≤ 0.8pRNA

j , xs2
j ≤ 0.2pRNA

j , xs3
j ≤ 0.2pRNA

j , and
xs4
j ≤ 2pRNA

j , where pRNA
j is the metacell frequency for
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the respective time points. These constraints define
ranges of assigned frequency for each metacell and
are matched with overflow/underflow weights (w0,
see above) such that when xs1

j + xs2
j are maximized

(negative), cost is minimized. Together with constraint
4, this encourages the total assignment to an RNA
metacell to equal pRNA

j .

We solved the linear problemwith the “lpsymphony”R
package for each embryonic day separately, with the solu-
tion giving assigned frequencies from each ATAC-MC to
each RNA MC.

Resampling ATAC metacells given RNA assignments

Given xij, all cells belonging to ATAC-MCi were randomly
assigned to metacells according to the proportions xij/Σjxij.
This gave an assignment of each valid scATAC profile in
the data to an RNA MC. An scATAC matrix for all cells
was constructed from the fragments.tsv output of the Cell-
Ranger ARC program using the mcATAC package (https
://www.github.com/tanaylab/mcatac) functions write_
scc_reads_from_fragments_file (to create an ScCounts ob-
ject) and scc_extract (to convert ScCounts→ scATAC
matrix). Cells were removed if they had <6000 or >60,000
UMIs. We then aggregated scATAC profiles according to
the RNA MC assignments using the mcATAC functions
scc_project_on_mc and mcc_to_mcatac.

CRE group annotation

Weseparated the peak set into TSSs (<1 kb from theTSS of
a gene expressed in theRNAmanifold) andCREs (all other
peaks). Both classes were clustered using K-means (TSSs:
k= 10; CREs: k= 60). A subset of CRE clusters was identi-
fied as having substantially lower variability across the
ATAC manifold along with qualitatively different se-
quence content relative to CRE clusters outside of the
subset. CREs belonging to clusters in this subset were de-
noted as “constitutive CREs.”

Calculation of putative transcription factor binding
motif affinity

Sequence affinities were calculated for PWMs of interest
as described previously (Schuettengruber et al. 2014).

Selection of neuron branch-specific CREs

For CfuPN- and IPC-specific CREs the difference between
mean CfuPN (CthPN and SCPN) accessibility and CPN
(CPN_L5-6 and CPN_L2-3) accessibility was >1, and the
absolute difference between mean CfuPN accessibility
and IPC accessibility was <1.

For CPN- and IPC-specific CRE, the difference between
mean CfuPN accessibility and CPN accessibility was <–1,
and the absolute difference between mean CPN accessi-
bility and IPC accessibility was <1.

For pan-neuronal CREs, the absolute difference be-
tween mean CfuPN accessibility and CPN accessibility
was <1.

For CfuPN-specific CREs, the difference between mean
CfuPN accessibility and CPN accessibility was >1, and
the difference between mean CfuPN accessibility and
IPC accessibility was >1 and not in the “pan-neuronal
CRE” group.

For CPN-specific CREs, the difference between mean
CfuPN accessibility and CPN accessibility was <–1, and
the difference between mean CPN accessibility and IPC
accessibility was >1 and not in the “pan-neuronal CRE”
group.

Normalization of ATAC signal

The following normalization was used for comparing
trends in Figure 3, E–I: For each CRE, the (punctured) mar-
ginal coverage was calculated in windows of 10 kb radius
around the CRE, and accessibility (UMIs/metacell) was
normalized by dividing it by the punctured marginal cov-
erage while setting the minimum to quantile 0.1 of the
puncturedmarginal coverage and then linearly transform-
ing the data to the range [0,1].

Kinetics of branch-specific CREs across neuronal
trajectories

Trajectories were defined as all metacells belonging to de-
fined cell types. For CfuPNs, this included NSCs, IPCs,
IPC_cycs, iCPNs/CfuPNs, iCfuPNs, SCPNs, andCthPNs.
For CPNs, this included NSCs, IPCs, IPC_cycs, iCPN_
early, iCPN_late, CPN_L5-6, and CPN_L2-3. We defined
an NSC-specific gene module as all genes with normal-
ized expression twofold higher in NSCs relative to IPCs
and glial cell types and defined a neuron-specific gene
module as all genes with mean expression across all ma-
ture neuron cell types twofold higher than mean expres-
sion in IPCs. The NSC score was the summed
expression of NSC genes; likewise for the neuron score.
Metacells were ordered and binned (n = 20) by the differ-
ence between the neuron and NSC scores. Theorder and
binning were used to derive kinetics of CfuPN- and
CPN-specific CREs and cell type fractions that are plotted
in Figure 3, D–I.

Identification of temporally increasing/decreasing
CREs in NSCs

We derived the per-day accessibility profile of NSCs by
multiplying the raw metacell accessibility matrix of
NSCs (CREs ×metacells) by the matrix of their per-day
composition (metacells × days). We transformed this ma-
trix to log fractions by normalizing by total UMIs per
day and taking the log2 (plus pseudocount of 1 × 10−5) of
the normalized matrix. Temporally increasing CREs
were those with a E17–E13 ΔATAC≥ 1, and temporally
decreasing CREs had E17–E13 ΔATAC≤ –1 intersected
with the list of CREs with robust methylation signal (as
defined below).
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Methylation coverage filtering

We counted 5mC reads in all CREs of the ATACmanifold
and discarded those with <20 reads/CRE in all time
points, retaining ∼99,000 out of 122,000 CREs.

Identification of cell type-specific CREs for methylation
analysis

NSCs were identified by mean accessibility (log fraction)
in NSCs ≥0.75 of the mean in IPCs and ≥0.75 of the
mean in astrocytes.
IPCs were identified by mean accessibility (log fraction)

in IPCs ≥0.75 of the mean in NSCs and ≥0.75 of the mean
in mature neural cell types (CthPN, SCPN, CPN_L2-3,
and CPN_L5-6).
Neurons were identified bymean accessibility (log frac-

tion) in mature neuronal cell types ≥0.75 of the mean in
IPCs.
Astrocytes were identified by mean accessibility (log

fraction) in astrocytes ≥0.75 of the mean in NSCs and
≥0.75 of the mean in oligodendrocytes.

Hi-C—insulation score

Scores in each time point (E13–E17) were calculated in
250 kb windows, with 1 kb step size, as described previ-
ously (Bonev 2017). High-variance region seeds were 1
kb intervals in which the difference between E17 and
E13 insulation was >0.25 or smaller than –0.35. Neighbor-
ing seeds were merged, and the resulting regions <5 kb
were discarded. Mean insulation was calculated for each
region in each time point, and the negative of the insula-
tion score was used for visualization (such that higher
score =higher insulation).

Neighboring CRE enrichment in differential insulation
groups

CREs with mean accessibility ≥–15.5 in NSCs were se-
lected, their distances from high-variance insulation re-
gions were calculated, and the distribution of neighbors
in 1 kb distance bins from each type of high-variance insu-
lation region (increasing/decreasing across time points)
was calculated. We smoothed the distribution in 100 kb
windows and divided it by the number of regions in each
group to get the distributions plotted in Figure 5H. To
check for significant differences in proximal CRE abun-
dance, all neighboring CREs’ distances were binned into
50 kb-sized disjoint bins, and the distribution of the nor-
malized number of neighbors in each bin was compared
between insulating and deinsulating regions.

Normalized SHAMAN D scores between temporally
activating CREs in NSCs and cell type-specific TSSs

Cell type-specific TSSs were selected similarly to the pro-
cedure used to select gene modules, where NSC-specific
genes were selected based on their differential expression
relative to astrocytes and IPCs, IPC-specific genes were

differentially expressed relative to NSCs and mature neu-
rons, and astrocyte-specific genes were differentially ex-
pressed relative to NSCs and OPCs (all fold changes of
1). Temporally activating CREs in NSCs were chosen as
those whose accessibility per time point had a correlation
of at least 0.5 with the time point index and with a fold
change of at least 0.75 between minimum and maximum
accessibility per time point. Distanceswere calculated be-
tween temporally activating CREs and cell type-specific
TSSs and cut at 1 Mb radius. Two-dimensional intervals
for SHAMAN D score calculation were generated be-
tween the CREs and 10 kb diameter windows around
the TSSs. In each 2D interval, SHAMAN D scores were
calculated, and the mean was subtracted for each TSS
group separately.

Preparation of training data for accessibility prediction
model

Weused ICEQREAM (Bercovich et al. 2025) to perform se-
quence regression on the IPC–NSC ATAC difference,
with parameters max_motif_num=16, n_prego_motifs =
4, and spat_bin_size = 10. For each CRE, ATAC UMIs
from all CREs within the distance (1 and 50 kb) of that
CRE from NSC scATAC profiles were summed. For each
CRE, RNA UMIs from all genes within the distance (1
and 500 kb) of that CRE from NSC scRNA profiles were
summed. All nonconstitutive CREs with sufficient meth-
ylation coverage were split into 11 equally sized groups,
and XGBoost (R package) was run with cross-validation
on 10 of these groups with the parameters “md” = 3,
“eta” = 0.3, “nr” = 250, obj = “reg:squarederror”, and em=
“rmse.” SHAP values were extracted using the option pre-
contrib =TRUE. TheR2 shown here is the one obtained by
averaging over the R2 in each of the held-out groups.

Testing ATAC predictive model of general enhancers

All proximal and distal enhancers based on ENCODE
cCREs (Moore et al. 2020) were collected and unified
into a fixed length and no overlap by union and centering.
The new interval set was merged with the cortex interval
set, and total ATAC UMIs in NSCs and IPCs were
summed for the combined interval set and normalized.
All other sequence and epigenomic features (nucleotide
and dinucleotide content, methylation, and proximal
ATAC and RNA UMIs) were calculated exactly the
same as the cortex interval set, and the XGBoost regres-
sion model was fit with the same hyperparameters and
10-fold cross-validation.

Stratification of CREs by E-box affinity, number
of proximal elements with high E-box/T-box,
and methylation

Distances between all CREswere calculated. E-box and T-
box affinity (prego-inferred “E_box_1” and “T_box_1”
PWMs shown in Supplemental Fig. S6A) was considered
“high”when above the 0.8 quantile. The number of neigh-
boring high-affinity E-box/T-box elements per CRE was
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capped at five each and seven total. ActiveCREswere con-
sidered those withmeanNSC or IPCATAC> –16, and the
number of neighboring active CREs per CRE was capped
at 6.

MPRA signal cleanup and normalization

Only eCREs that were assigned a P-value of <0.1 by the
MPRAnalyze pipeline in at least one time point were
used. Out of these, we selected eCREs whose original ge-
nomic intervals overlappedwith the CRE set of our ATAC
manifold and were above quantile 0.75 in terms of mean
MPRA activity in NSCs or IPCs. MPRAnalyze MAD
scores for all time points and cell types were centered
(mean= 0, SD=1). Two libraries with low QC (correspon-
dence of MPRA and ATAC signal) were removed.

Generating XGBoost model predictions for MPRA library
sequences

Sequence affinities for PWMs obtained from the ICE-
QREAM model were calculated for all filtered eCREs.
We assumed a value of 0 methylation and intermediate-
level ATAC (mean value of NSC ATAC) for all CREs.
Dinucleotide content was recalculated, and the rest of
the features were imputed as “GC content” = 0.05,
“prox_ATAC” = 10, and “prox_RNA” = 10 for all CREs.
This aimed to emulate the activated state of the CRE
sequence.

Data availability

The sequencing data generated in this study can be ac-
cessed at the GEO database with the accession numbers
GSE292318, GSE292319, GSE292320, and GSE292321.
The E14 data (scRNA, scATAC, and methyl-Hi-C) are
available from GEO with accession number GSE155677.

Code availability

The code used for generating the analysis and all of the fig-
ures is available at https://www.github.com/tanaylab/
mmcortex. Methyl Hi-C data were processed using the
JuiceMe pipeline, available at https://www.github.com/
aidenlab/JuiceMe. The R package to compute the expect-
ed tracks and the Hi-C scores is available at https://www
.github.com/tanaylab/shaman.
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