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M Check for updates

Single cell approaches have increased our knowledge about the cell type
composition of the non-human primate (NHP), but a detailed characterization
of area-specific regulatory features remains outstanding. We generated single-

cell transcriptomic and chromatin accessibility (single-cell ATAC) data of
358,237 cells from prefrontal cortex (PFC), primary motor cortex (M1) and
primary visual cortex (V1) of adult female cynomolgus monkey brain, and
integrated this dataset with Stereo-seq (spatial enhanced resolution omics-

sequencing) of the corresponding cortical areas to assign topographic infor-
mation to molecular states. We identified area-specific chromatin accessible
sites and their targeted genes, including the cell type-specific transcriptional
regulatory network associated with excitatory neurons heterogeneity. We
reveal calcium ion transport and axon guidance genes related to specialized
functions of PFC and M1, identified the similarities and differences between
adult macaque and human oligodendrocyte trajectories, and mapped the
genetic variants and gene perturbations of human diseases to NHP cortical
cells. This resource establishes a transcriptomic and chromatin accessibility
combinatory regulatory landscape at a single-cell and spatially resolved reso-

lution in NHP cortex.

Cortical organization across primate brains is highly similar, as
exemplified by the specialized primary visual cortex and the dorsal and
ventral visual streams. With a similar neocortex organization in mon-
key and human brain, the monkey offers a unique model for studying
features of human neurodevelopment and neuropsychiatric
diseases'. The cynomolgus monkey (Macaca fascicularis) is one of the
most studied non-human primates (NHP) in neuroscience and
medicine*’. Recent advances in transgenesis and genome-editing
technologies have led to successful development of new cynomolgus
monkey genetic models to study human neurological disorders®,
making this species an excellent experimental NHP model for studying
higher order brain function.

Single-cell genomic sequencing enables studies of the underlying
diversity and regulatory mechanisms of cortical cells at an unprece-
dented resolution. Single cell analyses of macaque brain by extension
therefore stand to provide an in-depth understanding of the human

brain and an opportunity to identify markers and molecular signatures
of neuropsychiatric diseases. Earlier single-cell RNA-sequencing stu-
dies of prenatal and adult macaque brain identified functionally dis-
tinct cortical cell types as well as subtypes across multiple cortical
brain areas, and gene expression variations across these cell types>’.
These studies do not capture chromatin states that exert fundamental
control of regulating gene expression programs and combining epi-
genetic analysis with gene expression profiling could therefore yield a
complementary understanding of the molecular properties of brain
cells. For instance, single-cell-based chromatin states assays can
identify cell-type-specific transcriptional regulatory elements and
predict potential master transcriptional regulators'™. Similarly, a sur-
vey of chromatin states in bulk tissue from several cerebral cortical
regions and hippocampus of the macaque brain revealed region-
related chromatin accessibility patterns”. However, a systematic
characterization of single-cell-based chromatin accessibility of the
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macaque cortex at a region-specific and single-cell resolution, a
requirement for advancing the field, remains outstanding.

Recently, development of spatial transcriptomics technology has
made it possible to assign gene expression profiles to spatial coordi-
nates in cortical tissues'>. In the present study, we sought to under-
stand how the transcriptional and epigenetic regulatory states differ
across functionally distinct cortical areas. To achieve this goal, we
performed single nuclei ATAC-seq and RNA-seq, combined with spatial
enhanced resolution omics-sequencing (Stereo-seq)* on three func-
tional diverse cortical regions of cynomolgus monkey brain: prefrontal
cortex (PFC) and primary visual cortex (V1), two distant areas at frontal
lobe and occipital lobe that the differences of neurons between these
two areas were recognized in human brain development, and primary
motor cortex (M1), a key structure involved in locomotion. Through
our massive parallel and integrative topographical analysis, we defined
cell type-specific and regional-specific regulatory elements, in a spa-
tially resolved manner, resolving single cell gene expression programs
between neural cell types, in particular excitatory neurons, in different
cortical areas of the NHP brain. We also applied our dataset to
delineate the dynamic regulatory landscape of myelination, linking
macaque cortical cell types to human neurological disease risk. We
provide an interface website (https://db.cngb.org/mba) to present
data for exploration and sharing. This publicly available database
allows a user to filter cells in the atlas data by brain region, cluster, and
cell type, and perform interactive searches from our macaque cortical
dataset.

Results

Single-cell transcriptomics define brain cortical cellular tax-
onomy in adult cynomolgus monkey

We apply Smart-seq2 based snRNA-seq and droplet-based DNBelab C4
RNA-seq” to PFC, M1 and V1 of the macaque neocortex (Fig. 1a). After
quality filtering and cell clustering, we obtained a 11,194 single-nuclei
Smart-seq2 transcriptome (6,715 from PFC, 1,943 from M1 and 2,536
from V1) and a 127,003 single-nuclei DNBelab C4 transcriptome
(30,844 from PFC, 62,263 from M1 and 33,896 from V1) (Supplemen-
tary Data 1). Based on known marker genes for cortical cell types, all
clusters were annotated as excitatory neuron (EX), inhibitory neuron
(IN) and non-neuronal cells, including oligodendrocytes (OLI), oligo-
dendrocyte precursor cells (OPC), astrocyte (AST), microglia (MIC)
and endothelia (ENDO) (SLC17A7 for EX, GADI for IN, MOBP for OLI,
SLC1A2 for AST, APBBI1IP for MIC and FITI for ENDO) (Supplementary
Fig. 1a). Given the characteristic neocortical laminar organization and
subcortical projections'®”, we adopted the human brain single nuclei
RNA-seq dataset from multi-cortical areas'® (Allen Cell Types
Database-Human Multiple Cortical Areas,https://portal.brain-map.org/
atlases-and-data/rnaseq/human-multiple-cortical-areas-smart-seq) to
assign layer and projection pattern onto our transcriptomic excitatory
neurons (Supplementary Fig. 1b). Thus, the transcriptomic EX sub-
types were defined both by the cortical layers (L2/3, L4/5, L5 and L6)
and neuronal projection within the cerebral hemispheres, or tele-
ncephalon, i.e., intra-telencephalic (IT), extra-telencephalic (ET), near-
projecting (NP) and corticothalamic (CT) types (Fig. 1b, ¢, Supple-
mentary Fig. 2, Supplementary Data 2). We further examined marker
gene expression of mouse cortical EX-subtypes*** in our data, whose
enriched pattern is highly congruent between macaque and mouse
(e.g., CUX2 enriched in L2-4 IT with adjusted P<1.00 x 107°°°, RORB
enriched in L4/5 IT with adjusted P <1.00 x 10°2%, FEZF2 enriched in L5
ET with adjusted P<1.00 x 103 and NXPH4 enriched in L6b with
adjusted P=0.001, Supplementary Fig. 1c), providing strong support
for stratified EX subtypes identification. Notably, although the L4 layer
is assumed to be absent in M1, an L4-like IT layer was recently identified
in human M1, and in mouse, an L4/5 IT layer was also labeled by a
combination of L4 and L5 marker expression, such as CUX2, RORB and
FEZF2'%*°, We confirmed that our L4/5-like IT layer in macaque M1 also

expressed CUX2 and RORB and is potentially located between deep L3
and superficial L5 (Supplementary Fig. 1d).

It's well known that cortical IN roughly fall into two major bran-
ches corresponding to their developmental origins in the caudal
ganglionic eminence (CGE) and medial ganglionic eminence (MGE),
respectively. ADARB2'®, a marker gene of CGE-derived IN, had differ-
ential expression in VIP, LAMP5 and RELN sub clusters, while LHX6, a
marker gene of MGE-derived IN, revealed specific expression in SST
and PVALB sub clusters. These relationships indicate that, during
corticogenesis, VIP, LAMP5 and RELN IN are derived from CGE, while
SST and PVALB are derived from MGE. The chandelier cell (ChC)
subtype of PVALB2 inhibitory neuron can further be demarcated by
the marker genes UNC5B and RORA™ (Fig. 1b, c). By gene ontology (GO)
analysis of differentially expressed genes (DEGs), we found that the
major cell types were in concordance with the expected correspond-
ing biological processes (Supplementary Fig. 2f), solidifying our cell
type assignments.

Linking chromatin accessibility to transcriptome in monkey
cortical cell types

We applied modified combinatorial barcoding-assisted single-cell
ATAC-seq" and droplet-based DNBelab C4 ATAC-seq to tissue samples
from three cortical areas of the cynomolgus monkey brain: PFC, M1
and V1 (Fig. 1a). To exclude low-quality cells, we filtered snATAC-seq
data using a cutoff of 3,000 unique nuclear fragments per cell and a
TSS enrichment score of 3. We then processed a total of 220,040
qualified single cells for further analysis: 72,714 cells from PFC, 70,050
cells from M1 and 77,276 cells from V1. The cells exhibited a 12,823
median fragment depth per nucleus and a median fraction of reads in
peak regions at 55% (Supplementary Data 1). We performed iterative
latent semantic indexing and batch corrections by ArchR 1.01** with
the top 15,000 accessible windows, then used shared nearest neighbor
(SNN) clustering by Seurat V3 to separate cells into 23 distinct clusters.
Through promoter accessibility and gene activity score, calculated by
ArchR of brain cell marker genes, we manually annotated the identity
of the cell clusters (Fig. 1d, Supplementary Fig. 3a-d). Using this
approach, we characterized seven major cortical cell populations,
including EX (accessible at NEFH and SLC17A7), IN (accessible at NEFH
and GADI), OLI (accessible at MOBP), OPC (accessible at PDGFRA), MIC
(accessible at AIFI), AST (accessible at SLC7A10) and ENDO (accessible
at CLDNS). The four IN subclusters could be further assigned to VIP,
LAMPS5, SST and PVALB, respectively, due to the distinct open peaks at
the promoter of these genes (Fig. 1e).

To link the transcriptome states to open chromatin, we co-
embedded the snRNA-seq and snATAC-seq data of cortical cells with
Seurat V3%, We converted the accessible peak of snATAC-seq data to
gene activity score using ArchR and then anchored this analysis to
snRNA-seq gene expression data using Seurat V3. With this approach,
cells from snATAC-seq were positioned close to cells with matching
snRNA-seq data assignments (Fig. 1f). Our snATAC-seq data con-
tained similar sub clusters corresponding to the same major brain
cell types as the snRNA-seq. Notably, pericytes (PERI) can be dis-
tinguished from ENDO cell types both in transcriptomics and in
epigenetic nuclei; and the epigenetic LAMPS IN subtype fell into two
sub clusters, one that co-clustered with the transcriptomic
LAMPS subtype, while the other co-clustered with the reelin (RELN)
expressing transcriptomic subtype (Fig. 1g). The epigenetic IN
PVALB-ChC subtype can be resolved by co-embedding with tran-
scriptomic PVALB-ChC. To further support the concordance of our
cell type identification between the snRNA-seq and snATAC-seq
datasets, we looked at marker gene expression in the identified
transcriptomic cell types and gene activity scores in the corre-
sponding epigenetic cell types (Supplementary Fig. 4). Further, we
transferred the subtype annotation of snRNA-seq to epigenetic
excitatory neurons in the integrated analysis (Fig. 1g, Supplementary
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Fig. 3e, f). To confirm congruence between the transcriptomic and
epigenetic EX subtypes, we performed differential gene expression
and differential accessible peak tests for layer/projection-defined EX
subtypes. The DEGs of EX subtypes of snRNA-seq cells were also
found with chromatin accessibility in the corresponding subtypes of
snATAC-seq cells. (Supplementary Fig. 5a, b, Supplementary Data 3).
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To find transcriptional regulators that specify cortical cell type
identity, we performed transcription factor (TF) motif enrichment
analysis on epigenetic cell types (Supplementary Fig. 5c, Supplemen-
tary Data 4). This analysis showed that major cell type-enriched TF
binding motifs in mouse and human brains*** are present in the cor-

responding macaque cortical cell types. NEUROD family and NEUROG
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Fig. 1| Single nucleus transcriptome and chromatin accessibility of macaque
cortex (Source data are provided as a Source Data file). a Schematic workflow of
single-nucleus isolation from the prefrontal cortex (PFC), primary motor cortex
(M1) and primary visual cortex (V1) for snATAC-seq and snRNA-seq, sample pro-
cessing, library generation and downstream analysis. b Uniform manifold approx-
imation and projection (UMAP) of snRNA-seq data showing all clusters colored by
cell types (N =138,197 cells) (left), bar plot showing the number of cells per cell type
(right). ¢ Dot plots of expression values for marker genes of neuronal and non-
neuronal cell types in snRNA-seq data. d UMAP visualization of snATAC data

showing all clusters colored by cell types (N = 220,040 cells) (left), bar plot showing
the number of cells per cell type (right). e Integrative genomics viewer (IGV) plots
showing color-coded aggregate read density for cells within each cell cluster at
neuronal and non-neuronal cell-type-specific marker genes. f Co-embedding of
snRNA-seq and snATAC-seq clusters across PFC, M1 and V1 brain regions using
Seurat V3 (N =347,682 cells). g UMAP projection of snRNA-seq (N =138,197 cells)
and snATAC-seq cells (N =209,485 cells) from (f). Cell clusters in each UMAP are
color-coded and annotated according to cell identity.
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Fig. 2 | Transcriptional regulation of the cell type-specific and area-specific
gene expression (Source data are provided as a Source Data file). a Histogram
showing the number of genes that linked to cis-regulatory elements (CREs).

b Heatmap showing row-normalized gene-linked CREs in each cell type of snATAC-
seq cells. ¢ Dot plots of overlapped genes between differentially accessible peaks
(DA peaks)-targeted gene and the differentially expressed genes (DEGs) of each

cortical area in neuronal and non-neuronal cell types. Dot size represents the
percentage of overlap genes of area DEGs. A one-sided hypergeometric test was
performed for gene set overlap significance. d Violin plots of motif enrichment and
targeted gene score of selected TFs that had significant upregulated in V1 of
snATAC-seq L4/5 IT type excitatory neuron (left) and in M1 of snATAC-seq LS ET
type excitatory neuron (right).
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family motifs were enriched in EX clusters, consistent with their roles
in EX specification and synapses forming®. Likewise, we found that
SOX family (SOX TFs contribute to OLI migration, specification,
maintenance of OPC state)””** motifs were enriched in OLI (e.g. SOX4,
SO0X9 and SOX17 with adjusted P <1.00 x 103°°), while PU.1 (a myeloid
master regulator that controls microglial development and function)*°
motif were enriched in MIC (adjusted P<1.00 x 107%), Finally, LHX2
(known astrogliogenesis regulators)® motif were enriched in AST
(adjusted P<1.00 x 107%), and forkhead (FOX) transcription factor
family (endothelial gene expression regulators)*? motifs were enriched
in endothelial cells (e.g. FOXA2 and FOXF1 with adjusted P<1.00 x
1073%). These findings demonstrate that regulatory signatures for
major cortical cell types are conserved across species. Moreover, we
identified differentially enriched TF motifs within neuron subtypes,
such as MEF2B /MEF2C /MEF2D (adjust P <1.00 x 107°%) in parvalbu-
min (PVALB) INs, and ZNF238 (adjusted P <1.00 x 103%) and ZBTB42
(adjusted P<1.00 x 107%) in somatostatin (SST) INs. (Supplementary
Fig. 5¢) In addition, we found 12 transcription factors that were enri-
ched in EX subtypes as predicted by their binding motifs (Supple-
mentary Fig. 5d), including cortical neurogenesis regulation co-factors
MEIS2* in L2/3 IT (adjusted P<1.00 x 1073%), regional identity and
laminar patterning transcription factor PBX1* in L5/6 NP (adjusted
P=6.33 x 107), neurodevelopment regulator NR4A2* (adjusted
P=3.55x107%°) and NR2F1** (adjusted P=0.0025) in L5/6 IT Car3, and
cortical development transcription factor NFIA* in L6 CT (adjusted
P<1.00 x 107%%) and L6b (adjusted P=7.38 x 107*5).

In summary, the snRNA-seq shows a better resolution for cell
subtype identification in the present study. Our results demonstrate
robust congruence between epigenetic and transcriptomic data for
classifying cortical cell types, enabling further integrative analysis.

Areal heterogeneity of excitatory neuron revealed by inte-
grative single-cell analysis

Recent single-cell studies have resolved area-specific transcriptomic
features of cortical EX in mice”, and the molecular and epigenetic
signatures in the developing human brain®**°. However, the epigenetic
features that correspond to area-specific feature in adult cortex
(monkey or human) are yet to be clarified. We were therefore intrigued
to investigate the area-specific transcriptomic and epigenetic features
in our dataset.

We performed an inter-regional comparison of the transcriptomic
features across PFC, M1 and V1 using droplet-based DNBelab C4 RNA-
seq cells (127,003 cells), and identified 699, 125 and 388 genes that
were area-specifically enriched in EX, IN and non-neuronal cell types,
respectively (Supplementary Data 5, Supplementary Fig. 6a-c). We
found most of the area-enriched genes of excitatory neurons (66.4% in
PFC, 73.8% in M1 and 63.5% in V1) are restricted in single EX subtype,
such as KCNHS8 in L4/5 IT of V1 (adjusted P<1.00 x 107%); while less
than 10% of area-enriched genes (5.4% in PFC, 4.1% in M1 and 8.2% in V1)
are broadly up-regulated in more than three subtypes, such as SNTG2in
L2/3 IT (adjusted P<1.00 x 1073%), L4/5 IT (adjusted P <1.00 x 107%),
LS IT (adjusted P<1.00 x 107%%°) and L6 IT (adjusted P=1.23 x 1072%) of
M1, and none of the area-enriched genes were found to be present in all
EX subtypes (Supplementary Fig. 6d, e). We found genes differentially
expressed in PFC and V1 areas of adult macaque bulk tissue*° are
expressed in EX-subtypes of corresponding layers, including DPYD,
which s upregulated in PFC EX subtypes, and ZFPM2, MAML3 and VAV3,
which are upregulated in V1 EX subtypes (Supplementary Fig. 6e).
Moreover, genes reported as differentially expressed in human exci-
tatory neurons of PFC versus V1*"*> were similarly enriched in macaque,
including L3MBTL4 (adjusted P<1.00 x 1073 in L4/5 IT, adjusted
P=3.58 x107®in L5/6 IT Car3) and TLLI (adjusted P=5.12 x 10" in L5
IT), which were upregulated in PFC; and PDE3A (adjusted P<1.00 x
107%%°in L2/3 1T and L4/5IT), TRPC3 (adjusted P < 1.00 x 103 in L4/5IT,
adjusted P=3.10 x 102¢ in L5 IT) and PCDH7 (adjusted P <1.00 x 1073

in L4/5 IT), which were upregulated in V1 (Supplementary Fig. 6e),
indicating a conserved area specialization between human and maca-
que cortex. Of note, we not only identified layer and neuron projection
specificity in previous known area-enriched genes for PFC or VI, but
also identified new area-specific candidate EX genes, such as poly-
peptide N-acetylgalactosaminyltransferase like 6 (GALNTL6, adjusted
P<1.00 x 103%) and beta-1,4-N-acetylgalactosaminyltransferase 3
(B4GALNT3, adjusted P<1.00 x 107°%) in PFC, syntrophin gamma 2
(SNTG2, adjusted P<1.00 x 10°%) and prune homolog 2 with BCH
domain (PRUNEZ2, adjusted P<1.00 x 1072%) in M1, and potassium
voltage-gated channel subfamily H member 8 (KCNHS, adjusted
P<1.00 x 107%%°), heparanase 2 (HPSE2, adjusted P<1.00 x 107%%), and
ADAM metallopeptidase with thrombospondin type 1 motif 17
(ADAMTS17, adjusted P<1.00 x 107%) in V1 (Supplementary Fig. 6€).

To identify area-specific chromatin opening states, we per-
formed an inter-regional comparison of chromatin accessibility using
the snATAC-seq cells with consensus cell type identification between
SsnATAC-seq independent annotation and co-embedding assignment
(209,485 cells) and found 83,110 differential accessible sites (DA
peaks) between PFC, M1 and V1, across 9 subtypes of EX (Supple-
mentary Data 6). Among of them, 6,347 (7.64%), 15,885(19.11%) and
42,528 (51.17%) of differential accessible sites were located within O
to 1kb, 1kb to 10 kb and 10 kb to 100 kb genomic distance to the
nearest genes, respectively. Using the matched cell type of single cell
transcriptomic and chromatin accessibility data, we built the links of
the cis-regulatory elements (CREs) to targeted gene expression by
ArchR in each cell type (see methods). In total, we identified
54,548 significant associated CRE-gene pairs, with a median of 3 CREs
linked to each of 12,484 genes, similar as reported in human brain
cell types* (Fig. 2a), and most of the gene-linked CREs showed a cell
type-specific distribution (Fig. 2b). For all neuron and non-neuronal
cell types, we found a significant overlap between CRE-targeted
genes and cell types DEGs (Supplementary Fig. 7), demonstrating a
key role of chromatin accessible sites in defining cell type specific
transcriptomics. Next, we sought to elucidate the peak-gene reg-
ulation on areal heterogeneity. For most excitatory neuron subtypes,
there is a significant overlap between DA peak-targeted genes and
the differentially expressed genes among PFC, M1 and V1 (Fig. 2c¢),
indicating an important role of differentially accessible sites in area-
specialized transcriptomics.

To further explore the transcriptional regulation of the area-
specific expression, we first measure transcription factor binding site
enrichment in each EX-subtypes using chromVAR and analyzed
the differentially enriched TF binding motif across PFC, M1 and V1.
We showcase transcription factors in L4/5 IT and L5 ET, we found the
binding motif enrichment and significantly increased targeted gene
score of ZEB1, MEF2A, RORA, NR2F1, SNAI1, TBX3 and TCF3 in V1 of
L4/5 IT (adjusted P<1.00 x 107 for motif and targeted gene score),
some of these have previously been reported for motif enrichment in
human developing V1*%, and MEISI (adjusted P=1.81 x 10! and 8.62 x
107 for motif and targeted gene score), PBX3 (adjusted P=3.86 x
10% and 3.18 x 10 for motif and targeted gene score), ASCL1
(adjusted P=3.17 x 1022 and 7.87 x 107'° for motif and targeted gene
score), MYOG (adjusted P=1.99 x 102¢ and 1.12 x 107 for motif and
targeted gene score) and PKNOXI1 (adjusted P=1.29 x 107 and
1.16 x 107 for motif and targeted gene score) in M1 of L5 ET (Fig. 2d).
Then, we constructed the TFs regulated genes network using peak-
gene links and TF binding motif. The area-specific DEGs were iden-
tified among the TFs targeted genes (Supplementary Fig. 8a) and the
area-enriched TF binding motif can be linked to the distal-regulated
genes (Supplementary Fig. 8b).

Collectively, our findings reveal overlap in inter-regional tran-
scriptomic profiles and chromatin accessibility and identified
transcriptional regulation in areal heterogeneity of excitatory
neuron.
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selected DEGs between PFC and M1of LSET, L6 CT,L4/51T and L6 IT type excitatory
neuron, respectively. Unpaired two-samples one-sided Wilcoxon test was used to
perform inter-regional gene expression comparison and with Bonferroni
correction.

Specialized transcriptomics in macaque prefrontal cortex and
motor cortex

Areal and layer proximity is the strongest determinant for gene
expression relationships in the primate cortex', which is believed to
explain why V1 has a more distinct transcription pattern when com-
pared to PFC and M. Previous studies have revealed fundamental
differences between the anterior and posterior cerebral cortex by
comparing differentially expressed genes between PFC and Vi1,
whereas heterogeneity within the frontal cortex of primates is less
well understood. Here, we analyzed differentially expressed genes
between PFC and M1 in excitatory neuronal subtypes and found that
122 genes and 159 genes were upregulated in PFC and M1 across EX

subtypes, respectively. (Fig. 3a, Supplementary Data 7). Specialized
functions and expressions have been reported in L5 extra-
telencephalic (L5 ET) neurons of primate and mouse motor cortex'.
In M1 L5 ET, we identified many genes involved in calcium ion
transport, such as SLC24A2 (adjusted P=3.81 x 107%), ITPR2 (adjusted
P=0.04), CALM2 (adjusted P=9.90 x 10™%) and PDE4B (adjusted
P=0.01) (Fig. 3b and Supplementary Fig. 9). In our data sets, we
didn’t find primate M1 L5 ET-enriched potassium ion signaling-
related genes (including KCNHI, KCNC1 and KCNC2) were
differentially expressed between PFC and M1. To ascertain PFC- and
Ml-associated specialized biological functions in EX subtypes, we
performed gene ontology analysis. We found that many Ml-enriched
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genes are involved in ‘muscle contraction” and comprise genes
encoding for the adrenergic receptor and calcium ion transport
proteins, exemplified by L6 CT type (Fig. 3b and Supplementary
Fig. 9), suggestive of an involvement in the long-range cortico-motor
neuronal projections*. For PFC-enriched genes in EX subtypes, we
found glutamate receptor signaling pathway genes to be significantly
increased in L5 ET, including GRIKI (adjusted P=2.14 x 10"%), GRIK2
(adjusted P=1.62 x 10™), GRID2 (adjusted P=1.67 x 10"%), and
GRIN2B (adjusted P=0.01) (Fig. 3b and Supplementary Fig. 9). We
also found enrichment of many axon guidance genes implicated in
cortical development and psychiatric disorders**™*, such as SLIT/
ROBO signaling members SLITI (adjusted P=3.75 x 1075 in L6 IT),
SLIT3 (adjusted P=1.56 x 10 in L4/5 IT, adjusted P=5.41 x 1032 in
L5 IT and adjusted P=2.37 x 10 in L6 IT) and ROBOI (adjusted
P=214 x 102 in L4/5 IT) and semaphorins SEMA3E (adjusted
P=1.03x10"%in L6 IT) and SEMA6D (adjusted P=5.19 x 107? in L4/5
IT) (Fig. 3b and Supplementary Fig. 9). These axon guidance genes
might influence distinct PFC connectivity patterns.

Gradient gene expression pattern of excitatory neuron across
laminar and cortical regions

Tissue level transcriptomics of macaque neocortex>*° and single cell
transcriptomics in multi-regions of mouse isocortex®® revealed con-
tinuous variation across cortical layers and regions, especially for
glutamatergic neuron types. Here, we sought to further reveal two
aspects of the inter-areal diversity of excitatory neurons: (1) The gra-
dient gene expression patterns across cortical layers; and (2) The
gradient gene expression patterns across PFC, M1 and V1 areas. We first
analyzed the gene expression pattern in the largest branch of excita-
tory neurons; the inter-telencephalon (IT) projection type (corre-
sponded well with cortical depth), and clustered these genes into 5
gradient expression patterns across L2/3 IT, L4/5 IT, L5 IT and L6 IT
using the soft clustering package Mfuzz*® in PFC, M1 and V1, respec-
tively (Supplementary Fig. 10a, b) to reveal gene distribution and
enrichment in specific layer of cortex. Then, we compared the gene
sets in consensus patterns between PFC, M1 and V1. We found that 119
genes were uniformly expressed across layers, including transcrip-
tional factors MEIS2, RFX3, HIVEP1, ARID2 and PKNOX2, and glutamate
receptor GRIA4 and GRIN2B; while 1694 genes showed distinct
expression pattern between PFC, M1 and V1, and were enriched in
biological processes such as cell morphogenesis, synaptic signaling
and regulation of cell projection organization (Supplementary Fig.10c,
Supplementary Data 8).

When we analyzed the gradient gene expression patterns across
PFC, M1 and VI areas, we obtained 6 clustered patterns in each exci-
tatory neuron subtype (Supplementary Fig. 10d, e, Supplementary
Data 9). These patterns reflect the cortical area-preferred gene
expression, for example, pattern 1 and pattern 5 are gradient expres-
sion for PFC-preferred and V1-preferred genes, respectively. Notably,
the gradient expression pattern of the axon guidance molecule SL/T1
(pattern 1) is highly consistent with previous in situ hybridization
analysis in macaque cortex; highest in the prefrontal cortex, faint in the
primary motor cortex and lowest in the primary visual cortex®, in
congruence with the gradient expression pattern of macaque cortical
genes predicted by our dataset. When we examined the consensus
gene patterns in different EX subtypes, for example, genes in pattern 1
of L2/3 IT (163 genes), L4/5 IT (192 genes), L5 IT (203 genes) and L6 IT
(177 genes), we found that only 6 genes were shared by all four sub-
types and that 126 genes were shared by more than one subtype,
including the TCF4*, a TF implicated in schizophrenia, which was
shared by L2/3, L4/5 and L6. Moreover, genes in pattern 1 are involved
in divergent signaling pathways, for instance GTPase activity regulat-
ing genes are enriched in L2/3, genes involved in regulation of macro-
autophagy are enriched in L4/5 and genes involved in membrane
docking are enriched in L6 (Supplementary Fig. 10f). These findings

demonstrated the cell subtype/laminar-biased pattern for different
cortical functions.

Spatial gene expression characterized by Stereo-seq

To spatially resolve the macaque cortical cell transcriptome, we per-
formed the recently developed technology Stereo-seq™, in which DNA
nanoball (DNB) patterned array chips are combined with in situ RNA
capture to enable nanoscale transcriptome analysis of tissue sections.
With the DNB approach, Stereo-seq achieves a resolution of 500 or
715nm and captures a significantly higher number of spots per 100
pum? compared to other related techniques'. We used 10 um paired
adjacent tissue sections from macaque PFC, M1 and V1 tissues for Nissl
staining or Stereo-seq, respectively (Fig. 4a). Stereo-seq captured an
average number of 31,916 of 37.5 pm bins (bin 50, 50 x 50 DNB)
per section with 1,748 genes and 4,754 transcripts per 37.5 pm bin for
analyzed sections (Supplementary Fig. 11). We performed unsu-
pervised clustering with gene matrices of 37.5 um bin with Seurat V3
and found that the clusters defined by the Stereo-seq data shows high
similarity with cortical layers defined by Nissl staining in adjacent tis-
sue sections, as exemplified by recognition of the L4 multi-sub-layers
in V1 (Supplementary Fig. 12a). Thus, the high resolution achieved with
Stereo-seq data enabling us to distinguish heterogenous features of
macaque cortex tissue.

To register the spatial localization of macaque cortical cell types,
we assigned the cell type from our snRNA-seq data to Stereo-seq data
using SPOTIlight*°. We found that the cell type annotations were highly
concordant with spatial expression of known layer markers from
macaque brain' and the cortical layers defined from histology staining
of adjacent tissue section (Fig. 4b-d, Supplementary Fig. 12b). We then
examined the area-differentially expressed genes of excitatory neuron
subtypes between PFC, M1 and V1 of snRNA-seq in the corresponding
cell subtypes annotated in Stereo-seq sections of PFC, M1 and V1. We
found a significant number of genes were also exhibit area-specificity
in Stereo-seq data (42 genes in PFC, P=5.13 x 10™% 51 genes in M,
P=3.10 x 1075; 81 genes in V1, P=0.025, by hypergeometric test),
including known and newly identified area-enriched genes in EX
(Fig. 4e, Supplementary Data 10). demonstrating the consistent finding
for area-specific transcriptomics in cell subtype resolution between
single cell transcriptomic and Stereo-seq.

Next, to explore the gradient gene expression across cortical
layers in situ, we examined the spatial distribution of 119 genes with
consensus gradient gene expression patterns between PFC, M1 and V1
of snRNA-seq (see methods). We found 33 genes (28%) showed con-
sistent patterns in snRNA-seq and spatial transcriptomics across three
cortical regions (Supplementary Fig. 13), including schizophrenia risk
gene ARHGAPIO™ (pattern 1), important transcription factor of central
nerve system RFX3* (pattern 1) and AD-related genes LRPIB® (pattern
4) and PTK2** (pattern 5); while other 86 genes showed consistent
patterns between snRNA-seq and spatial transcriptomics mostly in two
of the three cortical regions. This discrepancy of snRNA and Stereo-seq
may be caused by the relatively lower gene capture in the spatial
transcriptomics than snRNA-seq.

Collectively, we demonstrated that integrative analysis of single
cell genomics and spatial resolved transcriptomics can identify con-
sistent areal diversity. Additionally, we captured consensus gradient
expression pattern in different cortical regions in situ.

Dynamic single cell regulatory landscape of oligodendrocyte
trajectory

OLI wrap neuronal axons with myelin to support neuronal function®.
Previous work has reported on transcriptional and epigenetic regula-
tion pathways of OLI maturation and myelination in mouse models and
the human brain®®, but due to insufficient data coverage it wasn't
possible to assess how these two layers of regulation are dynamically
correlated. Given that macaque models are widely used to model
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Fig. 4 | Characterization of cortical gene expression by Stereo-seq (Source data
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in 2 slices, and RNA ISH images for corresponding layer markers in primary visual

cortex of macaque brain from the NIH Blueprint Non-Human Primate (NHP)
Atlas:' GFAP (http://www.blueprintnhpatlas.org/ish/experiment/show/
100140483), GPR83 (http://www.blueprintnhpatlas.org/ish/gene/show/183031),
RORB (http://www.blueprintnhpatlas.org/ish/gene/show/183109), PDEIA (http://
www.blueprintnhpatlas.org/ish/gene/show/183138) and SYT6 (http://www.
blueprintnhpatlas.org/ish/experiment/show/100091672) (bottom). d Heatmap
showing Spearman’s rank correlation between clusters identified in Stereo-seq
versus snRNA-seq data. e Spatial expression maps of selected differentially
expressed genes between PFC, M1 and V1 in EX subtypes.
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disease, such as demyelination-related diseases autoimmune ence-
phalomyelitis and multiple sclerosis®” >, we first sought to investigate
whether our data could recapture the dynamic signature of OPC dif-
ferentiation and OLI development in those studies and extend these to
human biology, and second whether we could deepen our under-
standing of the OLI regulatory landscape (Fig. 5a).

We performed pseudotime ordering of cells by Monocle 2 to
construct OLI trajectories using gene expression and gene activity
score (Fig. 5b, c). We found that both the marker gene expression
and activity score reported in mouse and human OPC and mature
OLI®*%2 were also enriched in our macaque OPC (VEU4 and PDGFRA)

and OLI (MBP and PLPI) (Fig. 5d, e). Despite recent studies high-
lighting the importance of glutamatergic, GABAergic and calcium
signaling in the OLI lineage, these relationships remain con-
troversial given limited insight into tissue heterogeneity and
receptor activation during OLI development and maturation. In
earlier work, GO enrichment of glutamate receptors were confirmed
in human OPC during lineage maturation®. Here, we found enriched
gene expression and high epigenetic score of ionotropic glutamate
receptors in macaque OPC and immature OLI, including the NMDA
(N-methyl-D-aspartate) receptors (GRIN2A and GRIN2B) and kainate
receptors (GRIKI, GRIK2, GRIK4 and GRIKS) in OPC and immature
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Fig. 5 | Integrated single cell regulatory landscape of oligodendrocyte trajec-
tory (Source data are provided as a Source Data file). a Schematic illustration for
oligodendrocyte maturation. b Pseudotime trajectory of OPC and OLI indicating
the gene expression obtained from snRNA-seq data. c¢. Pseudotime trajectory of
OPC and OLI indicating the gene activity score obtained from snATAC-seq data.
d Heatmap showing genes expression dynamics across oligodendrocyte lineage
pseudotime trajectory indicated in (b). Genes of glutamate receptors, gamma-

aminobutyric acid (GABA) receptors and voltage-gated calcium channel (VGCCs)
were blue, red, and green color-coded, respectively. e Heatmap showing accessi-
bility dynamics (gene activity score) across oligodendrocyte lineage pseudotime
trajectory in (c). Genes of glutamate receptors, gamma-aminobutyric acid (GABA)
receptors and voltage-gated calcium channel (VGCCs) were blue, red, and green
color coded, respectively. f Gene expression (left), gene activity score (middle) and
motif enrichment (right) of 9 TFs across OLI pseudotime trajectory.
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OLl, AMPA (a-amino-3-hydroxy-5-methyl-4-isoxazolepropionic
acid) receptors (GRIAI, GRIA3 and GRIA4) in immature OLIL Fur-
thermore, we found enriched gene expression and high epigenetic
score of GABA (gamma-aminobutyric acid) receptors (GABRBI,
GABRB2, GABRB3, GABBR2 and GABRG3) and voltage-gated calcium
channels (CACNB2, CACNB4, CACNG2, CACNG4, CACNG7 and
CACNGS) in OPC and immature OLI. When connecting the expres-
sion trajectories to accessibility dynamics, we defined a concordant
set of 2211 genes in expression-activity score pairs (Pearson’s cor-
relation coefficient R>0.2, adjusted P<0.01, Supplementary
Fig. 14a), including transcription factor SOX5 (adjusted P=1.90 x
107%), SOX6 (adjusted P=1.30 x 107°¢), OLIG2 (adjusted P=2.40 x
107%) and MYRF,(adjusted P=5.92 x 107 known for roles in OPC
differentiation and OLI development*. GO terms for concordance
gene sets supported stage-enriched pathways and dynamic changes
of neuronal activity along the pseudotime trajectory (Supplemen-
tary Fig. 14a). Previous work proposed that the Wnt signaling
pathway plays an important role as a stage-specific and multi-
functional regulator of OLI development®. Our data showed that
genes involved in Wnt signaling are enriched in OPCs (Supple-
mentary Fig. 14b).

To understand transcriptional regulation of OLI maturation, we
characterized TF motif enrichment across OPC differentiation and OLI
development by mapping chromVAR TF deviation scores to cells along
the pseudo time trajectory. This approach identified 129 TFs that
defined different stages of the oligodendrocyte maturation process
(Supplementary Fig. 15). We also constructed the TFs regulatory net-
work using peak-gene links and TF binding motif enrichment in OPC
and OLI; the DEGs between OPC and OLI were identified among the TFs
targeted genes (Supplementary Fig. 16).To link TF expression to
enrichment of TF binding motifs across different stages of OLI
maturation, we found 9 TFs that had congruent gene expression and
gene activity scores/motif accessibility profiles (Fig. 5f), such as OLI
differentiating activators and myelination regulators TFEB®* in
mature OLL

To gain insight into the similarity and differences of dynamic
trajectory of oligodendrocyte in adult macaque monkey and human,
we adopted the snRNA-seq and snATAC-seq data of OPC and OLI of
adult human brain from a recent study*. After constructing the
pseudotime trajectory of gene expression and gene activity score, we
found a concordant set of 1756 genes in expression-activity score pairs
across the human OLI trajectories (Pearson correlation coefficient
R>0.2, adjusted P<0.01, Supplementary Fig. 17a). Similar with
macaque OLI, these sequential activated genes were strongly enriched
in trans-synaptic signaling and cellular morphogenesis pathways
(Supplementary Fig. 17a). Among of them, 829 genes were overlapped
with the concordant gene expression-activity score pairs along maca-
que monkey OLI trajectory (Supplementary Data 11), including myelin
forming OLI signature MOG, PLP1 and OPALIN, and mature OLI sig-
nature KLK6 and SLC5A11*. We found 5 transcription factors had
congruent gene expression and gene activity scores /motif accessi-
bility profiles along the human OLI trajectory (Supplementary Fig.17b).
Among of these, activation of transcription factor EB (TFEB) was
observed along both human and macaque monkey OLI trajectory; and
the sterol regulatory element-binding transcription factor (SREBP),
involved in cholesterol and fatty acids biosynthesis of glia cell and
associated with schizophrenia®, were found activation in mature stage
of macaque and human OLI trajectory.

Taken together, our analysis proposes master regulators for OLI
maturation based on combinatorial analysis of single nucleus tran-
scriptomic and chromatin accessibility, providing candidates for fur-
ther functional studies in demyelination diseases and demonstrate the
conserved regulatory landscape of oligodendrocyte trajectory in adult
human and macaque monkey brains.

Mapping human traits and diseases to cortical cell types
Linking cell-type specific regulatory elements with disease risk var-
iants identified in genome-wide association studies (GWAS) can help
us understand whether specific cell types contribute to disease
pathobiology, which in turn can become instrumental for developing
targeted therapeutic approaches. Single-cell epigenetic data of
mouse and human brain have already proven to be useful for map-
ping neuropsychiatric disease risks with specific cellular
subtypes®*®. However, the different enrichment of disease risks
across cortical regions has not been illustrated before. To demon-
strate the robustness of our dataset, we assessed enrichment of
human neurological and neuropsychiatric disease risk factors in
macaque cortical cell types. We mapped differentially accessible
peaks of each cluster and all accessible peaks to orthologous coor-
dinates in the human hgl9 genome, then performed linkage dis-
equilibrium score regression (LDSC) to measure SNP heritability
enrichment for human traits within differential accessible peaks of
each epigenetic cluster in PFC, M1 and V1, respectively. We adopted
the GWAS summary for neurological and psychiatric disorders and
neurobehavioral traits from recent studies (Supplementary Data 12)
as well as non-brain-related diseases (from UK biobank).

Consistent with cell type mapping studies of neurological trait risk
in human and mouse, we found a highly significant enrichment of
heritability in neurons for neuropsychiatric traits such as major
depressive disorders (MDD) and schizophrenia (SCZ) (Fig. 6a)*>°. In
line with studies reporting on microglial activation in AD and early AD-
associated transcriptional changes occurring in other brain cell
types®”*8, we found strong enrichment of Alzheimer’s disease (AD)
SNP-heritability in MIC (P=1.67 x 10™* in PFC, P=0.0095 in M1 and
P=0.0019 in V1). Extending from earlier single cell transcriptomic
analysis reporting on enrichment of SCZ genetic variants in cortical
pyramidal neuron and interneurons®®, we here mapped significant
enrichment of SCZ genetic variant to excitatory neuron of the L2/3 IT
type (P=1.75x10"*in PFC, P=2.62 x10"*inMland P= 0.021in V1) and
SST inhibitory neuron (P=3.83 x 10 in PFC, P=0.020 in M1 and
P=0.0031in V1) across PFC, M1 and V1, while only enriched in L5 IT and
L6 IT of M1. The MDD heritability enrichment in prefrontal cortex has
been highlighted’®, and we discovered here that genetic variants of
MDD were enriched in both PFC and M1 (P=0.028 in L2/3 IT of PFC,
P=0.0097 in L2/3 IT and P=0.013 in L5 IT of M1), but not in V1. Con-
versely, the SNP-heritability of autism disorder (ASD) was significantly
enriched in excitatory neuron of M1 (P=0.013 in L6 CT) and V1
(P=0.030in L6b), but not PFC. Consistent with cell types known to be
affected in non-brain-related autoimmune diseases, we found SNP-
heritability enrichment for asthma, hypothyroidism, and eczema in
microglia. Further, to determine how similar of disease heritability loci
enrichment between normal human and macaque in same cortical
region, we performed the LDSC analysis on previous human PFC
snATAC-seq data*, the neuron cell subtypes were assigned by human
brain single nuclei RNA-seq dataset®" (Allen Cell Types Database-
Human Multiple Cortical Areas, https://portal.brain-map.org/atlases-
and-data/rnaseq/human-multiple-cortical-areas-smart-seq). We found
that the heritability of neurological diseases was enriched in broader
neuron subtypes of human PFC than their enrichment in macaque
neuron subtypes. At the same time, the strongly linked cell types to
disease genetic risk loci were consistent in human PFC and macaque
PFC, such as the microglia enrichment for AD and L2/3 IT enrichment
for BD and SCZ. We also noticed that although the SNP-heritability of
ASD was not enriched in any cell type of macaque PFC, they were
enriched in three EX subtype of human PFC (Supplementary Fig. 18).
Thus, our macaque cortex single-cell open chromatin landscape pro-
vides cell type-specific datasets as a resource for evaluating genomic
loci implicated in human neurological traits in specific macaque brain
cell types and cortical areas.
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To map spatial enrichment of disease-affected genes in specific
cell types, we integrated large scale postmortem brain tissue level
transcriptomics surveying differentially expressed gene in patients
of ASD, bipolar disorder (BD) and SCZ” with our Stereo-seq macaque
cortical tissue dataset. Differentially expressed genes of cell types in
each cortical region were calculated, then the significance of disease
associated gene set enrichment in each cell type were calculated by
hypergeometric test in PFC, M1 and V1, respectively (Fig. 6b). Pre-
vious study identified L2/3 and L5/6 cortico-cortical projection neu-
rons as recurrently affected cell types across ASD patients’>. We
found ASD DEGs were enriched in L5 IT and L6 IT of all three regions;
while the enrichments in L2/3 IT were only present in M1 (P=9.19 x
107%), but not PFC or V1 (Fig. 6b). Consistent with a recent single cell
transcriptomics analysis of PFC samples from SCZ patient”, we
found a broad enrichment of SCZ DEGs in excitatory neuron sub-
types, and the PVALB-type as the most affected inhibitory subtype
(P=2.24 x 10™* of PFC and P=0.0070 of V1). Notable, the ASD-and
SCZ-associated perturbation were strongly enriched in astrocyte of
all three regions. These findings highlight the value of our data for
mapping and predicting cell types affected in disease across differ-
ent cortical regions.

A recent single cell study on schizophrenia suggests a strong
correlation between disease genetic risk loci and disease transcription
perturbations within neuronal cell types™. Our results revealed co-
localization of SCZ heritability and SCZ-altered transcriptomics within
neuron cell types in PFC and ML. Specifically, both SCZ heritability
(Fig. 6a) and SCZ DEGs (Fig. 6b) are enriched in L2/3 IT and L6 IT and
SST neuronal cell types in PFC or M1. However, this is not the case for
ASD; although ASD DEGs is broadly enriched in neuronal subpopula-
tion in all three regions (Fig. 6b), ASD heritability is not co-localized
with ASD DEGs in any particular cell type of PFC, M1 or V1 (Fig. 6a). By
combining epigenetic and spatial transcriptomics analysis, we have
generated a resource that may provide clinical insights in cell type and
cortical region-specific programs underlying genetic and disease
states.

Discussion

Developing therapeutic approaches for central nervous system dis-
orders has been hampered by the lack of models that can adequately
mimic human disease pathogenesis. While murine models have been
instrumental to study developmental trajectories and the genetic basis
of disease phenotypes, they poorly mirror human physiology, beha-
vior, and progressive disease mechanism. Using larger animal models
that are phylogenetically close to humans, such as pigs and monkeys is
therefore warranted for certain conditions. Despite evolutionary dif-
ferences in cognitive functions and behaviors, monkeys have the social
complexity, brain structure and neuronal circuitries that are more
closely related to humans’. As such, monkey models faithfully reca-
pitulate several features of many neurodegenerative diseases such as
Parkinson’s” and Huntington’s’®””. Therefore, dissecting brain cellular
composition and regulatory circuitries at a single cell resolution as well
as determining disease-specific molecular signatures in species phy-
logenetically closer to human is an important goal.

In the present study, we generated a spatially resolved large-scale
single-cell open chromatin and transcriptomic map of the adult pri-
mate cortex. We applied snATAC-seq and snRNA-seq to profile
358,237 single cells from three major cortical regions; prefrontal cor-
tex, motor cortex and primary visual cortex, and performed the
Stereo-seq on these cortical regions to obtain more than 30,000 spots
(bins) per region. Relative to single gene or more qualitative approa-
ches, multi-omics data applied in integrated analyses frameworks can
increase both resolution and confidence of cell type annotations. To
demonstrate the robustness of our data resource, we performed co-
embedding of single-cell ATAC-seq and snRNA-seq data that con-
firmed the high consistency of our cell type assignments and linked the

cell type-specific expression profiles to their corresponding regulatory
programs.

To map cell types and their molecular properties in their spatial
contexts and to investigate cortical area heterogeneity in situ, we
transferred the snRNA-seq data to Stereo-seq data. In addition, we
integrate transcriptomic with spatial transcriptomics to profile the
gene expression map on primate cortical areas. Through this
approach, we were able to define the area specific expression and
gradient gene expression pattern of excitatory neurons in situ. Thus,
our combined epigenetic and transcriptomic analysis, spatially
resolved with Stereo-seq profiling, synergized to reveal hidden aspects
of spatial organization and cellular heterogeneity in cerebral cortex.

Dysfunctional myelination is a feature in several neurodegenera-
tive diseases and neurodevelopmental disorders, including multiple
sclerosis’. Our data resource allowed us to perform an integrative
analysis on single cell transcriptomic and epigenetic profiling of OPC
and OLIs, resolving a parallel dynamic gene expression landscape,
open chromatin states and transcription factor enrichments related to
myelination. By applying pseudotime analysis, we were able to map
how specific gene expression changes, chromatin states and reg-
ulatory circuitries influence cell fate decisions throughout lineage
maturation, define roles of master regulators, and identify potential
targets for demyelination diseases. In addition, comparative analysis of
the OLI lineage trajectories revealed the shared and divergent gene
activation and TFs regulations between macaque and human.

A single-cell macaque genomics data resource can be applied
directly in pre-clinical studies using NHP models of neuropsychiatric
and neurological diseases. Here, we used our cell-type specific epige-
netic data and the spatially resolved Stereo-seq data to predict the risk
enrichment of neurological and neuropsychiatric disorders. Notably,
mapping heritability loci with chromatin accessibility data, and map-
ping cell type perturbation with spatial transcriptomic data can help us
understand whether or not aspects of disease biology is recapitulated
in different cell types or brain regions. For example, in the PFC region,
we found a highly overlapping cell type enrichment for genetic risk and
disease-perturbation genes for SCZ, but not for ASD. Even for SCZ, the
overlapping cell type enrichment for these two features varied
between PFC, M1 and V1 such that the overlap of cell types was in PFC
and M1 but not in V1. In addition to previously reported heterochronic
and heterotopic divergence of disease associated genes expression
between humans and macaques?, we further demonstrated the shared
and divergent cell type enrichments for disease genetic risk loci
between normal human and macaque. Thus, our multi-omics macaque
cortical cell data provide a valuable resource that can readily be
applied to map human heritable traits and compared with disease
model data.

We used female monkeys through the present study, which might
be a limitation of the findings without comparison between the female
and male. Future studies on tissues from cortical and sub-cortical areas
from developmental and adult stages on female and male monkeys,
subjected to integrative analysis of single cell transcriptomic, epige-
netic, proteomics and spatial genomics promise to uncover systemic
molecular mechanisms of the primate brain in health and disease. With
the dataset at this high resolution, we identified regulatory elements
and spatial expression profiles that shape primate cortical organiza-
tion and harnessed valuable insights with relevance to human disease.

Methods

Ethics statement

All relevant procedures involving animals were reviewed and approved
by the Institutional Animal Care and Use Committee of Yunnan Key
Laboratory of Primate Biomedical Research, the Institutional Animal
Care and Use Committee of Huazhen Bioscience (permit no.
HZ2019027) and the Institutional Review Board on Ethics Committee
of Beijing Genomics Institute (BGI; permit no. BGI-IRB 19125-T3).
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Tissue processing and nuclei isolation

Tissues were sampled from three female 72-month-old cynomolgus
monkeys (Macaca fasicularis) and immediately frozen in liquid nitro-
gen. All three regions (PFC, M1 and V1) were sampled from all three
female macaques, the samples from one monkey (MK1) were per-
formed Smart-seq2 single nucleus RNA-seq and sciATAC-seq, and
samples from the other two monkeys (MK2 and MK3) were performed
droplet-based single nucleus RNA-seq and ATAC-seq (Supplemen-
tary Data 1).

Single-nucleus preparations were performed as previous
description’, frozen monkey brain tissue pieces were placed in 1 ml
homogenization buffer (pre-chilled) in 1ml Dounce homogenizer
(TIANDZ). Tissue was homogenized by 10 strokes of the loose pestle
and 10 strokes of the tight pestle, Dounce homogenizer was sub-
merged in ice during grinding. 2 ml homogenization buffer was added
to the Dounce homogenizer then the homogenate was filtered through
40 pm cell strainer (Miltenyi Biotech) into 15ml conical tube and
centrifuged at 900 g for 10 mins to pellet nuclei.

snRNA-seq library preparation and sequencing

For Smart-seq2 processing, nuclei were resuspended in 500 pL
blocking buffer containing 1X PBS (GIBCO), 2% filtered sterilized BSA
(SIGMA), and 0.2 U/pL RNasin Plus by pipetting up and down gently on
ice. Nuclei were transferred to 1.5ml tube then split up into three
tubes: experimental, control-isotype and control-DAPI. For single-
nuclei isolation by flow cytometry, 250 pL DAPI (0.1 pg/ml) was added
into the experimental tube to make the final volume as 500 pl, while
nothing added to the negative control tube. We also sorted NeuN*
nuclei from M1 region. For this purpose, rabbit anti-NeuN (Abcam,
ab190195, final dilution of 1:500) was added to experimental tube,
rabbit IgG-monoclonal-isotype control (Abcam, ab199091, final dilu-
tion of 1:500) was added to control-isotype tube. After 30 min incu-
bation at 4 °C, samples were then centrifuged for 5 min at 400 g to
pellet nuclei and pellets were resuspended in 250 pL blocking buffer
(including 50 pL leaving buffer). 250 pL DAPI (0.1 pg/ml) was added to
nuclei to make the final volume for each tube as 500 pL. Stained nuclei
were filtered through 40 pm filter before FACS (BD FACSAria Il
instrument). DAPI* or DAPI* NeuN* nuclei in the experimental tube
were sorted at a speed of 5-7 and the single nucleus was sorted into
every single well of 384-well plate filled with 1.2 pL lysis buffer (10%
Triton X-100 0.0125 pl, 40 U/pl RNase Inhibitor 0.0625 pl, 10 M Oligo-
dT Primer 0.02 pL, 10 mM dNTP Mix 0.45 L, 5 x SuperScriptll First-
Strand Buffer 0.25 pL, nuclease-free water 0.305 pL and ERCC spike-in
0.1pL) in advance. Sorted nuclei in 384-well plates were briefly cen-
trifuged and stored at =80 °C for further analysis. Sorted nuclei tran-
scriptome amplifications were prepared by a modified Smart-seq2
protocol®. After nuclei lysis, 1.2 pL reverse transcription mixed solu-
tion was added into each well to complete the reverse transcription
reactions. Then 1.8 pL PCR reaction buffer was added into every well to
complete amplification. At last, the amplified cDNA products of each
single nucleus were quantified by Agilent Bioanalyzer 2100. For those
single nucleus samples with high quality after amplification, the pro-
ducts were extracted by an automatic extractor from the 384-well plate
to 96-well plate then purified by MGIEASY DNA Purification Magnetic
Bead Kit (MGI) for the library construction. The libraries were prepared
by MGIEASY RNA Library Preparation Kit (MGI) and each single nucleus
sample was barcoded. Finally, the libraries were cyclized into ssDNA
libraries by MGIEASY Cyclization Kit (MGI). All the single nucleus
samples were sequenced on the BGISEQ500 sequencer with 100-bp
pair-end reads.

For droplet-based DNBelab C4 RNA-seq processing, snRNA-seq
libraries were prepared using DNBelab C Series Single-Cell Library Prep
Set (MGI, #1000021082). The procedure was utilized as previously
described®. Briefly, we followed the manufacturer’s protocol for dro-
plet generation using the single nucleus suspensions, emulsion

breakage, beads collection, reverse transcription and cDNA amplifi-
cation to generate barcoded libraries. The resulting libraries were
sequenced using DIPSEQ T1 sequencers at the China National Gene-
Bank (Shenzhen, China). The read length followed: read 1, 30 bp,
including 10 bp cell barcode 1,10 bp cell barcode 2 and 10 bp UMI, read
2,100 bp for transcript and 10 bp for sample index.

snRNA-seq data processing and quality control
Smart-seq2 data were processed as previous described®, first, one-
hundred-base-pair paired-end reads were pre-processed to remove
adapters and filter out reads with low quality using default parameter
by Cutadapt (v1.15)". Next, filtered reads were aligned to the Macaca
fascicularis genome (5.0.91) by STAR (v2.5.3)*? using a modified GTF
file from ensemble release-91. In order to map the pre-mRNA frag-
ments which may cover both exonic and intronic regions, we create a
modified GTF annotation file which only contain transcript regions,
and the original annotation rows for exons were all deleted, then we
replace the feature type name from ‘transcript’ to ‘exon’. Finally,
transcripts per million mapped reads (TPM) were calculated using
rsem-calculate-expression (RSEM)®* (v 1.3.1) with default parameters.
We applied PISA (version 0.7, https://github.com/shiquan/PISA)
to filter and demultiplex DNBelab C4 RNA-seq raw sequencing reads,
then used STAR (version 2.6.1a) to align the reads with the previously
mentioned modified GTF file of Macaca_fascicularis_5.0 genome con-
taining introns and exons and sort by sambamba (version 0.7.0). For
each library, we sorted the cells from high to low according to the
number of UMIs and kept the cells whose UMI number is greater than
the UMI of the tenth-ranked cell divided by 10, and then used PISA to
generate the UMI count matrix of the cell to the gene. For Smart-seq2
data, cells with unique mapped ratios > 15% and more than 500 genes
with transcripts per million mapped reads value >1 and removed the
top 5% of cells with the highest number of genes were used for
downstream analysis. For DNBelab C4 data, cells with more than 500
genes and removed the top 5% of cells with the highest number of
genes were used for downstream analysis. For both Smart-seq2 and
DNBelab C4 RNA-seq data, cells with mitochondrial gene expression
greater than 1% were filtered, and then all mitochondrial genes were
deleted for downstream analysis.

snRNA-seq data clustering and analysis

Clustering and differential gene expression analysis was performed by
Seurat (v 3.1.1) R toolkit® (R version 3.6.1). NormalizeData, FindVaria-
bleGenes and ScaleData were performed respectively in each cortical
region of brain samples. Genes expressed in less than three cells were
filtered out and cells with expressed genes less than 500 were exclu-
ded. SCtransform (SCT) was performed to integrate cells from 3
monkeys using the union set of 2000 variable genes in 3 batches. We
select the top 20 dimensions (dims = 1-20) for SNN network con-
struction. Then, cell clusters were identified by graph-based clustering
approach, louvain algorithm (resolution = 0.5). We used uniform
manifold approximation and projection (UMAP) to visualize the dis-
tance between cells in 2D space. The edges between two cells were
measured by Jaccard distance to construct SNN graph. Then graph-
based clustering was performed (times = 50) and modularity was cal-
culated until reaching the maximum. “FindAllMarkers” and “FindMar-
kers” functions were used for differential gene expression analysis
between clusters.

Annotation of excitatory subtypes by snRNA-seq data of human
cortex

The subtypes of excitatory neuron were annotated by co-clustering
with human cortical data™®" (Allen Cell Types Database-Human Mul-
tiple Cortical Areas https://portal.brain-map.org/atlases-and-data/
rnaseq/human-multiple-cortical-areas-smart-seq) excitatory subtypes
with R package Seurat (v3.1.1). We integrated the Smart-seq2 and
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DNBelab C4 data of macaque cortex with human cortical data,
respectively by following steps: Log normalization was performed to
integrate cells from each region of human and monkey brain using the
union set of 3000 variable genes. We identified anchors using the
FindIntegrationAnchors function with a default dimension of 20. We
then passed these anchors to the IntegrateData function, following by
scaling the integrated data, running PCA, and visualizing the results
with UMAP. After finding anchors, we used the TransferDatafunction
to classify the macaque cells based on human excitatory subtypes.
Cells acquired the label of L2-3 (IT) and L3 (IT) were defined as L2/3 IT
type neuron, cells acquired label of L3-4 (IT), L3-5 (IT), and L4 (IT) were
defined as L4/5 IT type neuron, cells acquired labels of L4-5 (IT), L4-6
(IT) and L5 (IT) were defined as L5 IT type neuron, cells acquired labels
of L5-6 (IT) and L6 (IT) were defined as L6 IT type neuron. Cells
acquired labels of L5/6 IT Car3, L5-6 NP, and L6b were defined as the
corresponding identities. Cells acquired labels of L3-5 ET and L5 ET
were defined as LS5 ET type neuron, and cells acquired labels of L5-6 CT
and L6 CT were defined as L6 CT type neuron.

snATAC-seq library preparation and sequencing
Sci-ATAC-seq was performed as described previously with
modifications®. Nuclei were strained in 40 um strainer and centrifuged
for 5min at 500 g. The nuclei were resuspended in cold PBS (1% BSA)
and counted using hemocytometer. Nuclei were adjusted concentra-
tion to 360/pL. For transposition, added 7 pL cell suspension (around
2500 cell), 2 pL 5XTAG buffer and 1 pL unique barcoded Tn5 transpo-
some into each well of 96-well plate, mixed gently and had a short
spin®®. The plate was incubated at 55°C for 60 min with shaking
(300 rpm). To quench the reaction, 10 pL of 40 mM EDTA was added
to each well and gently mixed, then the plate was incubated at room
temperature for 5min. After reaction, 5L sorting buffer (5% BSA;
5mM EDTA) was applied to each well, mixed well and pooled into one
tube. The suspension was filtered through 40 um strainer. Then one
drop of DAPI (4/, 6-diamidino- 2-phenylindole, ThermoFisher Scien-
tific) was added to the suspension and 25 nuclei were sorted by Aria Il
(BD) into 96-well plate containing 7 pL buffer EB, shortly spun down.
Next, 1 uL 10% SDS was added to each well, mixed well and incubated at
55°C for 7 min with shaking (500 rpm) to lyse the nuclei. After the
reaction, 1L 10% Triton-X was added to each well, spun down and
incubated at room temperature for 5 min. For amplification, we added
1pL unique barcoded N5&N7 (0.5uM final concentration) and 10 pL
NEBNext High-Fidelity 2x PCR Master Mix (NEB). PCR cycling condi-
tions were as follow: 72°C 5min, 98°C 30s, (98°C 10s, 63°C 305,
72°C 30s) x 11, held at 4 °C. After that, we pooled each 96-well plate
into tubes, and added 5 volume PB including pH-indicator (Qiagen)
and 200 pL sodium-acetate (3M, pH = 5.2), and reversed blending.
Next, we used 4 columns to purify product following the MinElute PCR
Purification Kit manual (Qiagen). DNA from each column was eluate
using 25 pL EB buffer, pooled the 4 elution, and added EB buffer to
100 pL. To filtrate the fragment, we used the Ampure XP Bead by 0.5x
& 0.7x. First added 50 pL XP beads, after incubation, collected super-
natant and then added 70 pL XP beads. Finally, we used 100 pL EB
buffer to elute the DNA. We quantified the libraries by Qubit fluori-
meter (Life technologies) and detected fragment size using 2100 High
Sensitivity (Agilent). To sequence, each library we used 330 ng for
cyclizing, and then used 8 ng to make DNB. Each library was loaded
into 2 lanes using BGISEQS500. The sequencing primer used as: Tn5
primerl, Tn5 primer2, SCIMDA primer. The read lengths: PE 100,
including 4 indexes. Index 1 and index 2 was represented Tn5 barcode,
index 3 and index 4 represented the PCR barcode. There are common
bases between Tn5 barcode and PCR index, so we used cold reaction of
BGISEQ500 to get out of the imbalance.

Droplet-based DNBelab C4 ATAC-seq was performed using
DNBelab C Series Single-Cell ATAC Library Prep Set (MGI,
#1000021878) with the procedure of step transposed, droplet

encapsulation, pre-amplification, emulsion breakage, then the cap-
tured beads were collected. After DNA amplification and purification,
the snATAC library is already to sequence. DNA nanoballs were loaded
into the chips and sequenced on the DIPSEQ T1 sequencer at China
National Gene Bank (CNGB).

snATAC-seq data processing and quality control

We used an in-house pipeline to process the sci-ATAC-seq data. Briefly,
we extracted the segments of barcode from the 4 constituent parts
(read 1: 1-10, 32-41; read 2: 1-10, 38-47), and retained the reads with all
segments of barcode are fully matched. Then we mapped the reads to
macaca fascicularis genome downloaded from NCBI using bowtie2®”
with ~X 2000 --mm --local’ as options. Reads with mapping quality less
than 10 and reads mapped to the mitochondria or genome scaffold
(chrAQ¥, chrU*, chr* random*, and chrK*) were filtered out. Then, PCR
duplicates were removed according to the cell barcode and mapping
loci by custom python script. The retained fragments of each library
were used for further analysis.

We used the open-source pipeline (v0.7, https://github.com/
shiquan/PISA) to analyze the DNBelab C4-based snATAC-seq data.
First, the raw reads were filtered and demultiplexed using PISA with 2
mismatches allowed in barcode. Then the retained reads were aligned
to the macaca fascicularis genome using BWA-MEM () with the default
parameters. Reads with mapping quality less than 10 and reads map-
ped to the mitochondria or genome scaffold (chrAQ*, chrU*,
chr* random*, and chrK*) were filtered out and PCR duplicates were
removed according to the cell barcode and mapping loci. The retained
fragments of each library were used for further analysis.

snATAC-seq data clustering and analysis

We applied ArchR v1.0.1 (https://github.com/GreenleafLab/ArchR) to
identify the cell populations within all data. First, cells with fragments
lower than 3000 and TSS enrichment lower than 4 were filtered, then
doublet score were calculated via the addDoubletScores function
and filtered the doublets by the filterDoublets function with para-
meter: filterRatio = 2. Before defining cell clusters, we first created
500 bp tiled matrix of the genome and used the addlIterativeLSI
function to reduce to 30-dimension base on the top 15000 most
accessible site across all cells. Then we used the AddHarmony to
correct the batch base on donors and different cortical regions and
identified the clusters using Seurat’s SNN graph clustering with a
default resolution of 0.8. Then peaks of each cluster were calculated
using the addReproduciblePeakSet function with macs2, and differ-
ential peaks of each cluster were identified by getMarkerFeatures
function.

Co-embedding of snRNA-seq cells with snATAC-seq cells

We performed co-clustering of snATAC-seq data and snRNA-seq data
with R package Seurat (v3.1.1)”%, To begin with, we converted the
peak by cells matrix of snATAC-seq data to gene activity score. Fol-
lowing by reducing the dimension with a default dimension of 50. The
function of LSI is computed by the term frequency-inverse document
frequency (TF-IDF) transformation. Subsequently, we pre-processed
and clustered snRNA-seq dataset using default parameters as descri-
bed in ‘snRNA-seq data clustering’. Next, we computed anchors
between the snATAC-seq dataset and the snRNA-seq dataset by Find-
TransferAnchors function, and used these anchors to transfer the
labels from snRNA-seq cells to snATAC-seq cells. we used predictions
and confidence scores for each snATAC-seq cell correspond to snRNA-
seq cell to transfer the cluster IDs that defined in “Annotation of
excitatory subtypes by snRNA-seq data of human cortex” session. In
addition, we created snRNA-seq matrix by transfer cell type labels
anchors with TransferData function. We only kept cells with the con-
sistent cell type defined by snATAC-seq and assigned by integration
analysis. Finally, we merged measured and imputed snRNA-seq data
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and snATAC-seq data and run a standard UMAP analysis by reduce
dimensionality to 50 to visualize all the cells together.

Transcription factor (TF) binding motif analysis of snATAC-
seq data

We determined TF binding motif enrichment in accessible peaks using
chromVAR (v.1.4.1)*° on cells of either all neuron and non-neuronal cell
type or excitatory neuron sub-populations. GC bias was corrected
based on BSgenome.MfascicplLaris.NCBL.5.0 genome by addGCBias
function. Then we get human motifs in JASPAR database (human 2020)
by getJasparMotifs function. The deviation z-scores for each TF motif
in each cell was calculated by computeDeviations function, and high
variance TF motifs were obtained by computeVariability function with
cut-off at 1.5. For excitatory neurons, Wilcoxon test were performed on
TF motif deviation z-scores between 9 subtypes and motifs with pval
< 0.01 were determined as differentially enriched motifs.

To identify the TF binding motif enriched along OLI maturation,
we proceeded all peaks of OPC and OLI to compute variability and TF
z-scores using chromVAR as described above. Then, we ordered cells
by pseudotime described below and kept motifs enriched in all cells.

Analysis of peak to gene correlations across all cell types

We integrate ATAC-seq data of each cell type with the RNA-seq data of
corresponding cell type through addGenelntegrationMatrix function
of ArchR, and then use the peak accessibility of ATAC-seq data and the
gene expression of RNA-seq data to establish a correlation through
addPeak2GenelLinks function of ArchR in each cell type. To retain
reliable correlations, we select correlations for downstream analysis by
using correlation coefficients greater than 0.45 and FDR < 0.01. The
overlap of ATAC-seq peak with promoter of genes were defined as
peaks within TSS +1kb.

TF regulatory network construction

Candidate target genes of a certain TF in one cell type were defined as
those with an accessible promoter (TSS +1kb) or an accessible cis-
regulatory elements containing the TF binding motif (based on JASPAR
2020 motifs). We used cytoscape (v 3.9.1) to construct a cell type
specific regulatory network of TF by above information, where each
point represents a TF or targeted gene, and each edge repre-
sents a link.

Stereo-seq™ library preparation and sequencing

Tissue collection and processing. Tissues sampled from two female
60-month-old cynomolgus monkeys were embedded with pre-cooled
Tissue-Tek OCT (Sakura, 4583) immediately and snap-frozen in pre-
chilled isopentane using liquid nitrogen until the OCT was completely
solid. Embedded tissues were transferred to a —80 °C freezer for long
time storage. The embedded tissues were cut to a thickness of 10 um
using a Leika CM1950 cryostat and then placed either in glass slide for
Nissl staining or pre-chilled Stereo-seq capture chips for Stereo-seq
procedures. Stereo-seq experiments were performed as previously
described™. First, Stereo-seq capture chips were washed with NF-H,0
supplemented with 0.05 U/uL RNase inhibitor (NEB, MO314L) and
dried at room temperature. Then cryosections were adhered to the
surface of the Stereo-seq capture chips and incubated at 37 °C for
5 min. Chips with sections were fixed in pre-cooled methanol at —20 °C
for 40 min.

In situ reverse transcription. After fixation, chips with tissues were
taken out and dry in the air. Then chips were washed with wash buffer
(0.1 x SSC buffer [Thermo, AM9770] supplemented with 0.05 U/pl
RNase inhibitor [NEB, M0314L]), tissue sections placed on the chips
were permeabilized using 0.1% pepsin (Sigma, P7000) in 0.01M HCI
buffer, incubated at 37 °C for 6 minutes. Permeabilization reagent was
then removed, and chips were washed with wash buffer. RNA released

from the permeabilized tissues and captured by the DNB was reverse
transcribed at 42 °C for 2 h using SuperScript Il (Invitrogen, 18064-014,
10 U/pl reverse transcriptase, 1mM dNTPs, 1M betaine solution PCR
reagent, 7.5 mM MgCI2, 5mM DTT, 2 U/ul RNase inhibitor, 2.5uM
Stereo-seq-TSO [5-CTGCTGACGTACTGAGAGGC/rG//rG//iXNA_G/-3])
and 1 x First-Strand buffer. After that, tissues were washed twice with
wash buffer and removed from the chips with tissue removal buffer
(10 mM Tris-HCI, 25 mM EDTA, 100 mM Nacl, and 0.5% SDS) at 37 °C
for 30 min. The chips were then treated with Exonuclease I (NEB,
MO0293L) at 37 °C for 1 h and washed twice with the wash buffer. The
resulting first strand cDNAs on the chips were amplified using KAPA
HiFi Hotstart Ready Mix (Roche, KK2602) with a 0.8 uM cDNA-PCR
primer (5-CTGCTGACGTACTGAGAGGC-3), followed by incubation at
95 °C for 5 min, 15 cycles at 98 °C for 20 s, 58 °C for 20's, and 72 °C for
3 min, and a final incubation at 72 °C for 5 min.

Library construction and sequencing. The concentrations of the
result cDNA products were quantified by the Qubit™ dsDNA Assay Kit
(Thermo, Q32854) after purification using VAHTS DNA Clean Beads
(Vazyme, N411-03, 0.6x). A total of 20 ng of products were fragmented
using in-house Tn5 transposase at 55 °C for 10 min, and then the reaction
was stopped by the addition of 0.02% SDS. Fragmented products were
amplified as described below: 25 pl of fragmentation product, 1 x KAPA
HiFi Hotstart Ready Mix, 0.3 uM Stereo-seq-Library-F primer (/5phos/
CTGCTGACGTACTGAGAGG*C*A-3), and 0.3puM Stereo-seq-Library-R
primer (5-GAGACGTTCTCGACTCAGCAGA-3) in a total volume of 100 ul
with the addition of nuclease-free H,O. The reaction was run as: 1 cycle at
95 °C for 5 minutes, 13 cycles at 98 °C for 20 seconds, 58 °C for 20 sec-
onds and 72 °C for 30 seconds, and 1 cycle at 72 °C for 5 minutes. PCR
products were then purified using VAHTS DNA Clean Beads (0.6x and
0.15x). Finally, the library was used for DNB generation and sequenced
using MGI DNBSEQ-Tx sequencer at China National Gene Bank (CNGB)
as followed: 35 bp for read 1 and 100 bp for read 2.

Stereo-seq data processing

The raw data of Stereo-seq were processed as the previous study™.
Briefly, the identity of coordinates was mapped the designed coordi-
nates matrix of the in situ captured chip which allowing 1 base mis-
match and UMIs with N base or more than 2 bases with quality lower
than 10 were filtered out. The retained reads were then aligned to the
macaca fascicularis genome using STAR, Mapped reads with MAPQ >
=10 were counted and annotated to their corresponding genes using
the handleBam™ and used to generate a gene expression profile
matrix. In this study, we divided the gene expression profile matrix into
non-overlapping bins covering an area of 50 x 50 DNB, and the tran-
scripts of the same gene aggregated within each bin. After this step,
data were normalized using SCTransform function and unsupervised
clustering by Seurat.

To deconvolution of cell types within each bin of Stereo-seq, we
first down sampling the cell number of each cell type to 100 in the
corresponding snRNA-seq data, and then applied SPOTIlight to
deconvolute and mapped 20 cell types to bins of Stereo-seq sections.
We set probability lower than 0.2 of each cell type as noise, then chose
the highest probability out of all cell type as the identified cell type for
each bin.

Inter-regional comparative analysis across cell type/subtypes

We subset the cell type of DNBelab C4 RNA-seq data, and compared
the differential expressed genes (DEGs) of three regions for each cell
type with R package Seurat (v3.1.1). Cell type were subset, followed by
Log normalization, and we used the FindAllMarkers function to find
the differentially expressed genes in three different regions of each cell
type. DEGs of three regions in each cell type were defined as those with
a Foldchange > 1.5, positive ratio over 20% and Bonferroni-adjusted
P<0.01. Similarly, we compared the differential expressed genes
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(DEGs) of PFC and M1 in each EX-subtype and DEGs were defined as a
Foldchange > 1.5, positive ratio over 20% and Bonferroni-adjusted
P value < 0.05. We use the subsetArchRProject function of the R
package ArchR (v1.01) to subset the cell type of snATAC-seq data and
compare the differences between the regions within each subtype
separately and select DA peaks with Benjamini-Hochberg-adjusted
P value < 0.01 and Foldchange > 1. To exclude the sampling/batch
effects of the inter-regional comparison, we performed the inter-
regional DEGs and DA peaks in each donor and confirmed the con-
sistency between donors.

The Stereo-seq dataset was converted to a Seurat object, differ-
entially expressed genes analysis of three cortical regions for each cell
type were performed with R package Seurat (v3.1.1), followed by
similar processing with RNA data. Differentially expressed genes of
three regions in each cell type were defined as those with Bonferroni-
adjusted P<0.01.

Gradient gene expression pattern analysis by Mfuzz

We subset the subtypes of excitatory neuron of DNBelab C4 RNA-
seq data, and then calculate the average expression value of all
genes in each EX-subtype. Subsequently, the Mfuzz package®®
(V2.54.0) was used to characterize the genes with the same gradual
expression pattern. For each gene in the average expression matrix,
we added 0.000001 to avoid missing value. Then, we filtered genes
and standardized the expression using ‘filter.std(min.std=0)" and
‘standardize()’, and performed M-estimation using “mestimate”
function. For the gradient expression pattern across L2/3 IT, L4/51T,
L5ITand L6 IT types in each cortical area, the number of clusters was
set to 6. For the gradient expression pattern across PFC, M1 and V1in
each EX-subtype, the number of clusters was set to 5. Genes with
probability of matching the pattern > 0.5 and maximum expression
> 1 were retained for further analysis. Similar clustering analysis by
Mfuzz is also applied to Stereo-seq data for the gradient expression
pattern across L2/3 IT, L4/5IT, L5 IT and L6 IT types in each cortical
area, genes with probability of matching the pattern > 0.5 were
retained for further analysis.

Pseudotime trajectory analysis of OLI lineage datasets

To uncover the dynamic change of both transcriptome and chromatin
accessibility along the oligodendrocyte lineage. We constructed the
development trajectory using oligodendrocytes and oligodendrocyte
precursor cells. For RNA-seq data, monocle 2°° (v2.14.0) was used to
order 11,706 OLI cells and 5552 OPCs from the single nuclei RNA-seq data
set to developmental trajectory. TPM matrix of OLI cells and OPCs was
input and then transformed into normalized mRNA counts using the
“relative2abs” function. Genes used for ordering the cells along the tra-
jectory were selected under the following criteria: mean_expression > =
0.5; dispersion_empirical >= 1. After that, the discriminative dimen-
sionality reduction with trees (DDRTree) method was used to reduce
data into two dimensions. The first 2000 genes significantly varied
across pseudotime were visualized using heatmap and gene ontologies
were identified using metascape (https://metascape.org).

For ATAC-seq data, we used monocle 2 to plot a heatmap of gene
activity over pseudo time in OPCs differentiation into OLI. We con-
verted the peak by cells matrix to the gene activity score matrix by
custom distance-weighted accessibility models in ArchR. To determine
peaks that were differentially accessed between the different cell
states, we applied differentialGeneTest function from monocle 2 to
gene activity score matrix, then used top 1000 genes with the smallest
p value to construct a trajectory. DDRTree is used to reduce dimen-
sions and to reconstruct the temporal progression. Finally, we used
genes with g-values less than 0.01 to plot heatmap of dynamics genes
activity along trajectory. To establish a heatmap of TF motifs enrich-
ment over pseudotime, the cells were grouped into 10 bins based on
their trajectory values.

Evaluation of heritability and dysregulated genes enrichment
within cell-types
we used the LDSC [https://github.com/bulik/Idsc] to predict enrich-
ments of diseases SNP-heritability in differentially accessible peaks for
each cell type or subtype in macaque and human. For macaque data,
we used the liftOver tool (v1.6.0) [https://genome.ucsc.edu/cgi-bin/
hgLiftOver] to lift the differentially accessible peaks of each cell type
and all accessible peaks to human hgl9 genome. For human dataset*,
peak matrix and fragments of snATAC-seq from control group was
downloaded. To create chrom assay, we input peak matrix and frag-
ments into Signac (v1.6.0) using CreateChromatinAssay function with
default parameters (min.cells = 10, min.features = 200,genome =
hg38), and then input the result data into Seurat and use the Create-
SeuratObject function to create a Seurat object for downstream ana-
lysis. Neuron subtypes were assigned by co-embedded with human
brain single nuclei RNA-seq dataset (https://portal.brain-map.org/
atlases-and-data/rnaseq/human-multiple-cortical-areas-smart-seq) as
described in ‘Co-embedding of snRNA-seq cells with snATAC-seq cells’
with parameter k.anchor = 150 in the FindTransferAnchors function.
The maximum prediction score > 0.4 in 84% of cells. We calculated the
DARs (differentially accessible regions) for each cell type as previous
described", taking into account any technical artifacts related to the
total accessibility of each cell. We converted DARs with P-values less
than 0.01 and LogFC greater than 1 to hgl9 format for LDSC analysis
using the UCSC liftover tool [https://genome.ucsc.edu/cgi-bin/
hgLiftOver]. Then, LD scores of SNPs of 1000 genomes phase 3 in
differentially accessible peaks were estimated in human and macaque
according to recommended workflow. We generated the summary
statistics from previous GWAS studies reported in publications (Sup-
plementary Data 12) and UK Biobank (https://www.ukbiobank.ac.uk/)
and calculate the significant enrichment of each diseases following the
“cell type specific analysis” workflow recommend by the LDSC authors.
To capture the perturbation of neurology disease in different
cortical region of Stereo-seq section, we used a similar analysis as
previous study'. Briefly, we adapted the homologous in Macaca fas-
cicularis genome for up-regulated genes and down-regulated genes
patients of ASD, bipolar disorder (BD) and SCZ from recent large scale
postmortem brain datasets” (from DGE - Differential Gene Expres-
sion), and filtered out the genes with the FDR > 0.05 or not captured by
the Stereo-seq. Differentially expressed genes of cell types in each
cortical region were calculated by Seurat and using the cutoff of P
values < 0.05, then the significance of each disease associated gene set
in each cell type were calculated by hypergeometric test, and the P
values < 0.05 were considered as significant enrichment in the corre-
sponding cell type.

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

Data availability

The raw data generated in this study have been deposited in CNGB
Nucleotide Sequence Archive (CNSA: https://db.cngb.org/cnsa) under
accession code CNPO000927. We have also provided the MBA website
(https://db.cngb.org/mba), an open and interactive database for
exploration. The public datasets used in this study can be accessed as
described below: Allen Cell Types Database-Human Multiple Cortical
Areas is available at https://portal.brain-map.org/atlases-and-data/
rnaseq/human-multiple-cortical-areas-smart-seq. snATAC-seq data of
adult human PFC is available at https://www.synapse.org/#!Synapse:
syn22079621/. RNA ISH images for genes expressed in primary visual
cortex of macaque brain is available at NIH Blueprint Non-Human Pri-
mate (NHP) Atlas: GFAP: http://www.blueprintnhpatlas.org/ish/
experiment/show/100140483, GPR&3: http://www.blueprintnhpatlas.
org/ish/gene/show/183031, RORB: http://www.blueprintnhpatlas.org/
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ish/gene/show/183109, PDEIA: http://www.blueprintnhpatlas.org/ish/
gene/show/183138 and SY76 http://www.blueprintnhpatlas.org/ish/
experiment/show/100091672. Summary statistics files for each human
trait were downloaded from the UK Biobank database or published
studies (data links in Supplementary Data 12). The JASPAR database
(2020) for human TF motif is available at http://www.bioconductor.org/
packages/release/data/annotation/html/JASPAR2020.html. Source data
are provided with this paper.

Code availability

All data were analyzed with standard programs and packages, as
detailed above. Custom code using open-source software supporting
the current study are available at https://github.com/single-cell-
BGI/MBA.
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