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Abstract 

The human brain is a complex organ comprised of distinct cell types, and the contribution of the 3D genome to lineage specific gene expression 
remains poorly understood. To decipher cell type specific genome architecture, and characterize fine scale changes in the chromatin interactome 
across neural de v elopment, w e compared the 3D genome of the human fetal cortical plate to that of neurons and glia isolated from the adult 
prefrontal cortex. We found that neurons have weaker genome compartmentalization compared to glia, but stronger TADs, which emerge 
during fetal de v elopment. Furthermore, relativ e to glia, the neuronal genome shifts more strongly to w ards repressiv e compartments. Neurons 
ha v e differential TAD boundaries that are proximal to active promoters involved in neurodevelopmental processes. CRISPRi on CNTNAP2 in 
hIPSC-deriv ed neurons re v eals that transcriptional inactiv ation correlates with loss of insulation at the differential boundary . Finally , re-wiring 
of chromatin loops during neural de v elopment is associated with transcriptional and functional changes. Importantly, differential loops in the 
fetal cortex are associated with autism GWAS loci, suggesting a neuropsychiatric disease mechanism affecting the chromatin interactome. 
Furthermore, neural de v elopment in v olv es gaining enhancer-promoter loops that upregulate genes that control synaptic activity . Altogether , our 
study provides multi-scale insights on the 3D genome in the human brain. 
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ntroduction 

he spatiotemporal organization of the genome plays a key
ole in the regulation of gene expression, the disruption
f which has been linked to disease ( 1–3 ) . Chromosomes
re partitioned into megabase-sized compartments, named
 and B, which contain active and repressed chromatin,

espectively ( 4 ) . Compartments are further separated into
elf-interacting neighborhoods called t opologically a ssociated
 omains ( TADs ) that are segregated from each other by CTCF
ound insulator elements, the disruption of which promotes
berrant enhancer-promoter interactions and transcription
is-regulation ( 5–7 ) . 
The 3D structure of chromatin changes during neural devel-

pment ( 8 ) . Studies of mouse and human embryonic stem cells
ave shown that neural differentiation leads to compartment
witching and changes in intra- and inter-TAD interactions
 9 ,10 ) . Moreover, mouse neural differentiation is also asso-
iated with the formation of enhancer-promoter loops and de
ovo TADs correlated with neural gene activation ( 11 ) . Chro-
atin interactome studies in human iPSC derived neurons and

etal brain revealed the importance of distal enhancers in reg-
lating genes implicated in neuronal function. These regula-
ory sequences were also shown to be enriched for genetic
ariants of schizophrenia ( SCZ ) , a psychiatric disorder char-
cterized by abnormal neuronal connectivity ( 12–14 ) . In ad-
ition to SCZ, the chromatin interactome has been used to
nvestigate the causal mechanisms of a range of brain dis-
ases, including bipolar disorder ( BD ) and Alzheimer’s disease
 AD ) ( 15 ) . 

Although promoter-centric interactions have been identi-
ed in different cell types in fetal and adult human brain
 16 ,17 ) , a comprehensive study of the different scales of chro-
atin organization, from compartments to loops and their

oles in regulating gene expression is lacking. Furthermore,
revious studies have not investigated the re-wiring of the
hromatin interactome across human brain development. To
ddress these gaps in our knowledge, we applied a multi-omics
pproach ( integrating deeply sequenced Hi-C with ChIP-seq
nd RNA-seq ) to specimens of fetal cortical plate and adult
refrontal cortex. The resulting data allowed us to examine
he fine scale remodeling of chromatin interactions that oc-
urs during neural development, as well as differences in 3D
chromatin structure between various cell types in the adult
brain. 

Materials and methods 

Description of post-mortem brain samples 

Fetal brain samples were collected from de-identified prena-
tal autopsy specimens without neuropathological abnormal-
ities at the Icahn School of Medicine at Mount Sinai. The
cortical plate was dissected fresh from the anterior frontal
lobe of anatomically intact brain specimens. Young and old
adult brain samples were accessed through the NIH Neuro-
BioBank at the Mount Sinai Brain Bank and the University of
Miami Brain Endowment Bank. All neuropsychological, diag-
nostic and autopsy protocols were approved by the respective
Institutional Review Boards. 

Isolation of nuclei from frozen human brain 

specimens 

50 mg of frozen brain tissue was homogenized in chilled ly-
sis buffer ( 0.32 M Sucrose, 5 mM CaCl 2 , 3 mM magne-
sium acetate, 0.1 mM, EDTA, 10 mM Tris–HCl, pH 8, 1
mM DTT, 0.1% Triton X-100 ) and filtered through a 40
μm cell strainer. Filtered lysate was then underlaid with su-
crose solution ( 1.8 M Sucrose, 3 mM Mg ( CH 3 COO ) 2 , 1 mM
DTT, 10 mM Tris–HCl, pH 8 ) and subjected to ultracen-
trifugation at 107 000 × g for 1 h at 4 

◦C. Pellets were re-
suspended in 500 μl DPBS containing 0.1% BSA. For non-
fetal tissue, anti-NeuN antibody ( 1:1000, Alexa488 conju-
gated, Millipore, Cat# MAB377X ) was added and samples
incubated, in the dark, for 1 h at 4 

◦C. Prior to FANS sort-
ing, DAPI ( Thermoscientific ) was added to a final concentra-
tion of 1 μg / ml. DAPI positive neuronal ( NeuN+ ) and non-
neuronal / glial ( NeuN- ) nuclei were isolated using a FACSAria
flow cytometer with FACSDiva Version 8.0.1 software ( BD
Biosciences ) . In the case of fetal tissue, where NeuN is not ex-
pressed, nuclei were isolated using DAPI staining only. 

in situ Hi-C on frozen human brain tissue 

Hi-C data was generated from frozen postmortem human
brain tissue using the in situ Hi-C protocol ( 18 ) with some
 aphical abstr act 
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modifications. Briefly, frozen prefrontal cortex tissue was 
thawed at room temperature ( RT ) and dounce homogenized 

in HBSS ( Hank’s balanced salt solution ) . Homogenized tis- 
sue was fixed with 0.5% formaldehyde for 10 min and then 

quenched with 0.125 M glycine for 5 min at RT. Cross-linked 

tissue was then placed on ice for a further 15 min to quench 

crosslinking completely. Tissue was pelleted at 800 × g for 10 

min at 4 

◦C and then resuspended in lysis buffer ( 0.32 M su- 
crose, 5 mM CaCl 2 , 3 mM Mg ( CH 3 COO ) 2 , 0.1 mM EDTA, 
10 mM Tris–HCl, pH 8, 1 mM DTT, 0.1% Triton X-100, 
1 Roche cOmplete mini EDTA-free protease inhibitor tablet, 
Roche Cat# 4693159001 ) to isolate cross-linked nuclei. 

Approximately 1 M crosslinked nuclei from fetal cortical 
plate, or neuronal and non-neuronal ( glia ) nuclei from adult 
brains, were thawed on ice, washed with ice cold 1x CutSmart 
buffer ( New England Biolabs ( NEB ) , Cat# B7204S ) and split 
into four aliquots to generate technical replicate libraries per 
sample, with 250k nuclei per library. Nuclei were pelleted 

at 2500 × g for 5 min at 4 

◦C, and resuspended in 342 μl 
1 × CutSmart buffer and then conditioned with 0.1% SDS at 
65 

◦C for 10 min. Nuclei were immediately placed on ice and 

the SDS quenched with 1% Triton X-100. Chromatin was di- 
gested with 100 U of the 4 bp cutter MboI ( New England Bi- 
olabs, Cat# R0147L ) overnight at 37 

◦C with shaking at 400 

rpm. MboI was heat inactivated at 65 

◦C for 20 min, and then 

nuclei were cooled down on ice. MboI cut sites were end la- 
beled with biotin by adding 52 μl of biotin fill-in reaction 

mix ( 15 μl of 1 mM biotin-14-dATP ( Jena Bioscience, Cat# 

NU-835-BIO14-L ) , 1.5 μl each of 10 mM dCTP , dGTP , dTTP 

( Sigma-Aldrich, Cat# DNTP10-1KT ) , 10 μl of 5 U / μl Klenow 

DNA Pol I ( New England Biolabs, Cat# M0210L ) , 22.5 μl of 
1 × CutSmart buffer ) and shaking at 37 

◦C for 1.5 h at 400 

rpm. Blunt ended sites were proximity ligated by adding 948 

μl ligation reaction mix ( 150 μl of 10 × T4 DNA ligase buffer 
( New England Biolabs, Cat# B0202S ) , 125 μl of 10% Tri- 
ton X-100, 15 μl of 10 mg / ml BSA, 10 μl of 400 U / μl T4 

DNA ligase ( New England Biolabs, Cat# M0202L ) , 648 μl 
ddH 2 0 ) and rotating tubes, end-over-end, at RT for 4 h. Nuclei 
were reverse crosslinked with 100 μl proteinase K ( 10 mg / ml ) 
overnight at 65 

◦C. 
Proximity ligated DNA was purified through phe- 

nol:chloroform extraction and sodium acetate / ethanol 
precipitation. Purified DNA was sheared using a Covaris 
S220 sonicator to generate a peak size of 400 bp with the fol- 
lowing settings ( peak incident power: 140 W, duty cycle: 10%, 
cycles per burst: 200, time: 55 sec ) . Biotin labeled ligation 

junctions were purified with Dynabeads MyOne Streptavidin 

C1 beads ( ThermoFisher, Cat# 65001 ) by incubating for 1 hr 
at RT. Illumina compatible libraries were prepared from the 
sonicated and streptavidin bead immobilized DNA using the 
NEBNext Ultra II Library prep kit ( New England Biolabs, 
Cat# E7645L ) , following manufacturer’s instructions, ampli- 
fying libraries for 6–13 PCR cycles. Libraries were purified 

by two-sided size selection ( 300–800 bp ) using Ampure XP 

beads ( Beckman Coulter, Cat# A63881 ) . All libraries were 
analyzed on a TapeStation using Agilent D5000 ScreenTapes, 
and quantified using the KAPA Library Quantification Kit 
( Roche, Cat# KK4873 ) prior to sequencing. Uniquely bar- 
coded Hi-C libraries were pooled and deep sequenced on 

the Illumina NovaSeq S4 platform obtaining 100 bp paired 

end reads, to generate approximately 250 million reads per 
library. 

Native ChIP-seq 

Ultra-low input Native Chromatin Immunoprecipitation se- 
quencing ( ULI-NChIP-seq ) libraries were prepared as fol- 
lows. After FANs-sorting of neuronal ( NeuN+ ) and non- 
neuronal nuclei ( NeuN- nuclei ) , we performed ULI-NChIP as- 
says, adapted from ( 19 ) , which specifically does not require 
chromatin crosslinking, thereby increasing library complexity 
and reducing PCR artifacts. Briefly, nuclei were centrifuged 

at 500 × g for 10 min at 4 

◦C and re-suspended by gentle 
pipetting in residual smaller volumes of PBS / Sheath buffer. 
After DAPI counting of nuclei, 100–300K were distributed 

into Eppendorf tubes and 0.1% Triton-X-100 / 0.1% Na- 
Deoxycholate added. The chromatin was re-suspended and 

placed at room temperature for 5 min, followed by fragmenta- 
tion with micrococcal nuclease ( MNase, NEB, Cat#M0247S ) 
for 5 min at 37 

◦C on a ThermoMixer at 800 rpm to digest the 
chromatin to predominantly mononucleosomes. The MNase 
reaction was stopped by addition of 10% of the reaction vol- 
ume of 100 mM EDTA ( pipetted ∼20x ) , followed by the addi- 
tion of 1% Triton / 1% deoxycholate, ( pipetted 5x ) and placed 

on ice for at least 15 min. Samples were vortexed ( medium 

setting ) for ∼ 30 s and complete NChIP buffer ( 20 mM Tris–
HCl, pH 8.0, 2 mM EDTA, 15 mM NaCl, 0.1% Triton X-100, 
1 EDTA-free protease inhibitor cocktail and 1 mM phenyl- 
methanesulfonyl fluoride ) was added to dilute the chromatin 

to < 25% of the immunoprecipitation reaction volume, and 

rotated at 4 

◦C for 1 h. After the incubation, chromatin was 
vortexed ( medium setting ) for ∼30 s and 5% input controls 
removed for DNA extraction. 

To avoid non-specific binding, chromatin was next pre- 
cleared by adding 10 μl / reaction of a pre-washed 1:1 ratio 

of protein A to protein G Dynabeads ( ThermoFisher, Cat# 

10001D and #10003D ) , rotating the chromatin-protein A / 

protein G magnetic bead mixture for 3 h at 4 

◦C. Antibody- 
bead complexes were prepared as follows: ChIP-grade his- 
tone antibodies H3K27ac ( Active Motif, Cat# 39133, pAB ) , 
H3K4me3 ( Cell Signaling, Cat# 9751 ) , or H3K27me3 ( Cell 
Signaling, Cat# 9733 ) were added to prewashed protein 

A / protein G Dynabeads resuspended in NChIP buffer, and 

the antibody-bead complexes formed by rotating the anti- 
body and beads for 2 h at 4 

◦C. After the incubations, pre- 
cleared chromatin and antibody-bead complexes were placed 

on a magnetic rack and the precleared chromatin transferred 

to new Eppendorf tubes, while the antibody-bead complexes 
were resuspended in sufficient volume of NChIP buffer to add 

10 μl per MNase reaction. The chromatin was immunopre- 
cipitated with the antibody-bead complexes at 4 

◦C overnight 
while rotating. 

After the overnight incubation, the immunoprecipitation 

reactions were placed on a magnetic rack to remove unbound 

chromatin, washed twice with 200 μl of ChIP low salt wash 

buffer ( 20 mM Tris–HCl, pH 8.0, 0.1% SDS, 1% Triton X- 
100, 0.1% deoxycholate, 2 mM EDTA and 150 mM NaCl ) , 
twice with 200 μl ChIP high salt wash buffer ( 20 mM Tris–
HCl ( pH 8.0 ) , 0.1% SDS, 1% Triton X-100, 0.1% deoxy- 
cholate, 2 mM EDTA and 500 mM NaCl ) , followed by elution 

in freshly prepared 30 μl of ChIP elution ( 100 mM sodium bi- 
carbonate and 1% SDS ) for 1.5 h at 68 

◦C on a ThermoMixer 
at 1000 rpm, RNAse A digestion for 15 min at 37 

◦C at 800 

rpm. The immunoprecipitated DNA, along with the input 
controls, was purified using Phenol:Chloroform:Isoamyl Al- 
cohol ( 25:24:1, v / v ) ( ThermoFisher Scientific, Cat# 15593- 
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031 ) , transferred to pre-spun phase lock tubes ( Qiagen Max- 
tract, Cat# 129046 ) to obtain the aqueous layer. An overnight 
ethanol precipitation was performed by adding to the 10 μl of 
3 M sodium acetate / 100 μl aqueous layer of ChIP DNA, 1 μl 
of LPA ( linear polyacrylamide, Sigma, Cat# 56575 ) and 1 μl 
Glycoblue ( Invitrogen, Cat#AM9515 ) . 

NEBNext Ultra I DNA Library Prep Kit ( New England Bi- 
olabs, Cat# E7370L ) was used to construct Native ChIP-seq 

libraries according to the manufacturer’s directions, followed 

by Pippin Size selection using 2% Agarose Gel cassettes ( SAGE 

Science ) and cleanup with 1.8 volumes of SPRIselect beads 
( Beckman Coulter, #B23318 ) . All libraries were analyzed on 

a TapeStation using Agilent High Sensitivity D1000 Screen- 
Tapes, and quantified using the KAPA Library Quantification 

Kit ( Roche, Cat# KK4873 ) prior to sequencing. Uniquely bar- 
coded libraries were pooled and sequenced on the Illumina 
NovaSeq S4 platform obtaining 100 bp paired end reads. Ap- 
proximately 40 million paired-end reads were generated per 
sample and subsequently aligned on hg38. 

RNA-seq 

For RNA-seq, nuclei were sorted into 1.5 ml low-binding Ep- 
pendorf tubes containing Extraction buffer, a component of 
the PicoPure RNA Extraction kit ( Arcturus, Cat# KIT0204 ) . 
RNA was isolated in accordance with the PicoPure RNA 

Isolation kit’s manufacturer’s instructions. This included an 

RNase-free DNase treatment step ( Qiagen, Cat # 79254 ) , 
which was completed according to the instructions provided 

by the manufacturer. Samples were eluted in RNase-free wa- 
ter and stored at -80 

◦C until preparation of RNA-sequencing 
libraries using the SMARTer Stranded Total RNA-seq Pico 

Kit v1 or v2 ( Takara Clontech Laboratories, Cat# 635005 

or 634414, respectively ) , according to the manufacturer’s in- 
structions. Resulting RNA-seq libraries were analyzed on a 
T apeStation ( Agilent T echnologies ) using a High Sensitivity 
D1000 ScreenTape ( Agilent, Cat# 5067–5584 ) and quantifi- 
cation of the libraries was performed using the KAPA Library 
Quantification Kit. RNA-seq libraries were subsequently se- 
quenced on the Illumina NovaSeq S4 platform yielding 100 

bp paired-end reads. 

in situ Hi-C on CRISPRi validated Ngn2 induced 

neurons 

Transduced Ngn2 neurons were grown in 12 well plates for 
in situ Hi-C. Media was removed and cells were washed once 
with 1x PBS, and then fixed with 2% formaldehyde / 1 × PBS 
for 10 min at RT. Formaldehyde fixation was quenched with 

0.125 M glycine for 5 min at RT. Plates were then kept on 

ice for 15 min to quench cross-linking completely. Cells were 
gently scraped off the wells into 1.5 ml eppendorf tubes. Cells 
were pelleted at 800 × g for 5 min at 4 

◦C and then washed 

twice with 1 × PBS. After removing the supernatant, cells were 
frozen on dry ice for 20 min and then stored at –80 

◦C. 
Hi-C libraries were prepared from cells ( NSB2607-1-4 ) that 

were transduced with the top scoring guide ( Supplementary 
Table S1 ) for CNTNAP2 ( replicate libraries from 3 wells ) , 
which was shown by TaqMan qPCR ( Supplementary Table 
S2 ) to downregulate gene expression at least 20-fold, and 

cells ( NSB2607-1-4 ) that were transduced with the scrambled 

guide ( replicate libraries from 6 wells ) . Libraries were pre- 
pared using the Arima-HiC + kit, following manufacturer’s 

instructions, with the following modifications. Purified prox- 
imity ligated DNA was sheared using a Covaris S220 soni- 
cator to generate a peak size of 400 bp with the following 
settings ( peak incident power: 140 W, duty cycle: 10%, cy- 
cles per burst: 200, time: 55 s ) . Biotin labeled ligation junc- 
tions were purified with Dynabeads MyOne Streptavidin C1 

beads ( ThermoFisher, Cat# 65001 ) by incubating for 1 hr 
at RT. Illumina compatible libraries were prepared from the 
sonicated and streptavidin bead immobilized DNA using the 
NEBNext Ultra II Library prep kit ( NEB, Cat# E7645L ) , fol- 
lowing manufacturer’s instructions, amplifying libraries for 6–
11 PCR cycles. Libraries were purified by 2-sided size selec- 
tion ( 300–800 bp ) using Ampure XP beads ( Beckman Coul- 
ter, Cat# A63881 ) . All libraries were analyzed on a TapeS- 
tation using Agilent D5000 ScreenTapes, and quantified us- 
ing the KAPA Library Quantification Kit prior to sequenc- 
ing. Uniquely barcoded Hi-C libraries were pooled and deep 

sequenced on the Illumina NovaSeq S4 platform obtaining 
100 bp paired end reads, to generate approximately 250 mil- 
lion reads per library. RNA-seq libraries were prepared from 

the same cells ( Supplementary Table S3 ) . Details about guide 
RNA design, plasmid preparation, lentiviral transduction and 

CRISPRi knockdown validation are presented in Supplemen- 
tary Methods. 

RNA-seq data processing 

The trimmed reads were aligned to human genome hg38 

( GR Ch38 ) using ST AR ( 2.7.2a ) aligner ( 20 ) , where the allelic 
alignment bias was corrected by WASP ( 21 ) . Gene expression 

was quantified using RSEM ( v1.3.1 ) tools ( 22 ) with GEN- 
CODE V30 as a reference and summarized at both gene and 

isoform levels. Duplication and GC content levels were esti- 
mated by Picard tools ( v2.2.4 ) . Quality control ( QC ) metrics 
were collected by RNA-seq QC ( v1.1.8 ) ( 23 ) . 

Exploration of covariates and model selection 

First, we performed a principal component analysis ( PCA ) on 

the normalized read count matrix to identify high-variance 
components that explained at least 1% of the variance. Cor- 
relation tests were performed between the selected PCs and 

known covariates from the QC metrics, and covariates with a 
false discovery rate ( FDR ) < 0.05 were used for the following 
steps. To select the final covariates, we first chose the covari- 
ates including cell type, stage and sex that are known to play 
a critical role as a ‘base model’. We then applied an approach 

based on the Bayesian information criterion ( BIC ) to select the 
final covariates ( 24 ) . We examined the BIC changes in the lin- 
ear regression model after adding a new covariate, which will 
be included if it can improve the mean BIC by at least 4. 

Deconvolution analysis 

To estimate the cell composition in the sorted cells, we used 

single cell references of adult ( 25 ) and developing brains ( 26 ) 
with dtangle ( 27 ) to perform deconvolution analysis. Briefly, 
we first regressed out the selected covariates as described 

above. Then we utilized the expression levels of cell markers 
obtained from single-cell references and the residual matrix as 
input for dTangle ( 27 ) and quantified the cell type composi- 
tion with a linear mixed model. 
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ChIP-seq data processing 

H3K4me3, H3K27ac, H3K27me3 ChIP-seq and correspond- 
ing input files were aligned to human genome hg38. The re- 
sulting bam files were subsampled to the same sequencing 
depth and merged for each cell type. We called peaks us- 
ing MACS with a smoothing window of 150bps ( –shift -75 

–extsize 150 –nomodel ) , FDR of 0.01 ( -q 0.01 ) and input 
as control. For H3K27me3, we called broad peaks ( –broad ) . 
Peaks overlapped with ENCODE blacklist regions 95 were 
discarded. 

Chromatin states annotation 

We implemented a multivariate Hidden Markov Model 
model ( ChromHMM ) ( 28 ) to systematically annotate the 
combinational effect of different histone modifications. The 
ChromHMM model is trained by virtually concatenating his- 
tone marks H3K4me3, H3K27ac and H3K27me3 in all three 
cell types that merged across all individuals that subsampled 

to uniform depths. Reads were shifted from 5 

′ to 3 

′ direc- 
tion by 100 bp for all the samples. Read counts were then 

computed in 200 bp non-overlapping bins across the genome. 
Each bin was binarized into 1 or 0 by the Poisson model with 

a P -value threshold of 10 

−4 . We have trained the model with 

merged data using six states which captured all the key in- 
teractions from our data. Lastly, we obtained the chromatin 

states with the trained model and corresponding binarized 

files as input. 

Hi-C data processing 

Alignment and filtering 
Hi-C data were aligned using the HiC-Pro strategy ( 29 ) . 
Briefly, paired-end reads were mapped independently to the 
human genome hg38 using bowtie2 in stringent mode with 

parameters ( ‘–very-sensitive -L 20 –score-min L,-0.6,-0.2 –
end-to-end’ ) ( 30 ) . Then, the chimeric reads that failed to align 

were trimmed after ligation sites ( MboI ‘GA TCGA TC’ ) and 

mapped to the genome. All the aligned reads from both ends 
were then merged based on read names and mapped to MboI 
restriction fragments using hiclib package ( 31 ) . Next, self- 
circles, dangling ends, PCR duplicates and genome assembly 
errors were discarded. Samples of the same cell type were 
merged. We binned the interaction matrix at different resolu- 
tions and corrected it with iterative correction ( ICE ) for down- 
stream analysis. We collected Hi-C specific quality control in- 
formation for each technical replicate, including ( i ) percent of 
input chimeric reads, ( ii ) alignment summary from HiC-Pro, 
( iii ) quality control from hiclib package, including self-circle, 
dangling ends, PCR duplicates, percent of cis / trans reads, ( iv ) 
slop, the slope of the linear regression between log scaled av- 
erage interaction frequency and log scaled average genomic 
distance ( 100 kb–10 Mb, 100 kb resolution ) , ( v ) percent of 
contacts within between TADs ( insulation region ) ( for TAD 

analysis ) . 

Consistency between replicates 

To determine the reproducibility across different replicates of 
our Hi-C data, we used HiCRep package ( 32 ) . HiCRep strat- 
ified the interaction matrix by genomic distance and then de- 
termined the stratum adjusted correlation coefficient ( SCC ) 
to compare the similarities. We compared the biological repli- 

cates of neuron, fetal and glia samples at 100 kb resolution. 
The samples exhibit strong within-group correlation. 

High-resolution compartment analysis 

To annotate high-resolution A / B compartments for each of 
the different tissue and stage, we used a two-step strategy. 
First, we performed principal component analysis using a 
genome-wide interaction matrix at 200 kb. We compared the 
correlation between the resulting first principal component 
( PC1 ) and gene density of each bin, and reverse the sign if it’s a 
negative correlation. Thus, we generated a genome-wide com- 
partment score at low resolution. Next, for each chromosome, 
we used the CscoreTool ( 33 ) to annotate A / B compartments 
at 40 kb bin resolution. The conventional Principal Compo- 
nent Analysis ( PCA ) method of identifying compartments is a 
descriptive statistical method in which the biological meaning 
of the compartment score is unclear, and therefore compart- 
ment scores calculated from different Hi-C datasets may not 
be directly comparable. Conversely, the Cscore tool uses a sta- 
tistical model which reflects the probability of a given genomic 
window of being in the A compartment in an individual cell. 
Furthermore, PCA is slow and memory-inefficient when ap- 
plied to large interaction matrices, whereas the Cscore tool is 
specifically designed for fast and accurate compartment anal- 
ysis in high resolution HiC data. We reversed the sign of the 
Cscore if it correlates negatively with the genome-wide PC1 

score. We discard the chromosomes where the PC1 and Cscore 
have a low correlation ( Pearson correlation < 0.5 ) . In this way, 
we generated a high-resolution compartment annotation for 
each group. 

To identify compartment switching, we convert the cscore 
difference between two tissues or stages into z -scores and get 
the corresponding P -value smaller than 0.01 bins as compart- 
ment switched loci. As aged adult glia samples are very sim- 
ilar to young adult glia samples, we used the two as biologi- 
cal replicates. We determined the standard deviation ( sd0 ) of 
the cscore differences between the two. For every compari- 
son, we divided cscore differences between conditions by the 
sd0, and the resulting z-score was subsequently converted to 

a P value, and adjusted for multiple testing ( FDR ) . Only the 
cscore changes with FDR < 0.05 and that have opposite signs 
were identified as differential compartments. We also identi- 
fied switched compartments using PCA, in which the bin size 
was 200 kb, as opposed to the 40 kb bin used for the Cscore- 
Tool, where we calculated the difference in eigenvalues, and 

those that have opposite signs and are FDR significant ( < 0.05 ) 
for every pairwise comparison were identified as differential 
compartments. 

We also analyzed the strength of the compartment by 
generating saddle plots using the cooltools package ( https: 
// github.com/ open2c/ cooltools/ tree/ master/ cooltools ). Briefly, 
intra-chromosome interactions were normalized and averaged 

for each genomic distance at 40kb bin. Then the distance nor- 
malized interactions were aggregated by the high-resolution 

compartment score. 
To determine the association between chromosome com- 

partment differences and epigenomic modification changes, 
we assessed the delta Cscore (Neuron -glia, or Neuron - fe- 
tal) and the delta ChromHMM annotation coverage for each 

bin (40 kb). Similarly, we also assessed the gene expression 

fold change, and the delta Cscore (determined by the Cscore 

https://github.com/open2c/cooltools/tree/master/cooltools
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of the bin that TSS resides). We highlighted the genes with top 

positive and negative log fold changes between cell types. 
We collected functional gene sets from (i) MSigDB 7.0 ( 34 ) 

and (ii) dysregulated genes in Huntington’s Disease ( 35 ). To 

assess the function associated with the compartment changes, 
we determined the genes that the TSS located in the differen- 
tial compartments. One-tailed Fisher exact tests with genome- 
wide protein-coding genes were used to test the enrichment 
and significance. 

TAD analysis 

Topological associated domains (TADs) were identified with 

Topdom ( 36 ) at 10K resolution and a 200 kb window size. 
In order to quantify the dynamic of TADs during the de- 

velopment process as well as after CRISPR interference, we 
determined the insulation score ( 37 ) of all the shared TAD 

borders across different technical replicates. Read counts were 
then normalized with the trimmed mean of M-values (TMM) 
method ( 38 ). We performed a PCA on the normalized read 

count matrix for each assay to identify high-variance compo- 
nents that explained at least 1% of the variance. Correlation 

tests were performed between the selected PCs and known co- 
variates, and covariates with FDR < 0.05 were used for the 
following steps. To select the final covariates, we first chose the 
covariates such as cell types and sex that are known to play 
a critical role for each assay as ‘a base model’. We then ap- 
plied an approach based on the Bayesian information criterion 

(BIC) to select the final covariates ( 24 ). We examined the BIC 

changes in the linear regression model after adding a new co- 
variate, which will be included if it can improve the mean BIC 

by at least 4. In different comparisons across development, we 
used covariates including person ID, sex, pool, slope, percent 
of cis- reads and percent of contacts between TADs (insulation 

region). For CRISPR interference analysis, we used covariates 
including slope, percent of trans reads, percent of dangling 
ends, PCR duplicates, non-unique map reads. 

With the selected covariates, the normalized read counts 
were modeled with the voomWithQualityWeights function 

from the limma package (v.3.38.3) ( 39 ), which utilizes 
both sample-level and observational-level weights. We subse- 
quently perform the test against the contrast between tissues 
or between CRISPR treatment using a linear mixed model to 

account for repeated measurements (i.e. two brain regions per 
individual) in the dream function ( 40 ) of the variancePartition 

package ( 41 ). 
In order to annotate the differential TAD borders, we deter- 

mined the ChromHMM annotation, compartment score and 

insulation score across the 100 kb window up / downstream 

of the differential TAD borders at 10 kb bins. The side with 

a lower compartment score was set as upstream (–100k). We 
also collected functional gene sets from MSigDB 7.0 ( 34 ), and 

used one-tailed Fisher exact tests to test the enrichment and 

significance of the differential TAD borders associated genes. 

Chromatin loop analysis 

Chromatin loops were identified with both HICCUPS ( 42 ) 
and Fit-Hi-C ( 43 ) of merged Hi-C contacts for each tissue. For 
Fit-Hi-C, loops were called from 5k to 20k (by 1k) resolution. 
In order to get a consistent P cutoff, we used the P cutoff of 
FDR (Benjamini–Hochberg adjusted) < 0.05 at 10 kb for dif- 
ferent resolutions. After that, we get the chromatin loops that 
are reproducible in at least two different resolutions. For HIC- 

CUPS, chromatin loops were called using juicer HICCUPS 
with bin sizes iterated from 10 kb to 25 kb by 1kb intervals 
and parameters ‘-k VC_SQRT -p 1 -i 3’. Only reproducible 
loops were retained and the highest resolution of the overlap- 
ping loops was used. Lastly, loops were merged from the two 

methods. 
In order to annotate differential loops, we determined the 

interaction counts at 20 kb resolution across all the technical 
replicates. Then we used the same pipeline as the differential 
TAD analysis to identify differential chromatin loops. 

In order to annotate all the promoter-associated loops, we 
get all the promoters (1 kb of TSS) that within the chromatin 

loop anchors. We get the chromatin states at the promoter 
loci, as well as the chromatin states at the distal region. Then 

we assign the promoter and the distal region to the chromatin 

state that has the largest coverage. 
We collected functional gene sets from MSigDB 7.0 ( 34 ), 

and human brain single-cell markers ( 25 ) and perform one- 
tailed Fisher exact tests to test the enrichment and significance 
of loop associated genes. 

To determine the gene loops, we utilized the gene-code an- 
notation (GENCODE V30), and we assigned an isoform as 
loop-isoform if both of the loop anchors overlapped with the 
exons within the isoform. To avoid the potential bias from 

gene length, we normalized the isoform-level gene expression 

into TPM, and determined the median non-loop isoform and 

the median loop isoform expression level. 

Partitioned heritability analysis 

We partitioned heritability for loop anchors to examine the 
enrichment of common variants in neuropsychiatric traits 
with stratified LD score regression (v.1.0.0)( 44 ) from a selec- 
tion of GWAS studies ( 45–51 ). Briefly, with the loop anchors, 
a binary annotation was created by marking all HapMap3 

SNPs ( 52 ) that fell within the loop anchors and outside the 
MHC regions. LD scores were calculated for the overlapped 

SNPs using an LD window of 1cM using 1000 Genomes Eu- 
ropean Phase LD reference panel ( 53 ). The enrichment was 
determined against the baseline model ( 44 ). 

Results 

Neurons show weaker genome 

compartmentalization than glia and form stronger 
TADs, which emerge during fetal development 

We performed in situ Hi-C ( 18 ) on nuclei isolated from ex vivo 

human fetal cortical plate tissue from 18–19 post-conception 

weeks (pcw) (2 unique donors, defined as early mid gesta- 
tion fetal) and 23–24 pcw (2 unique donors, defined as late 
mid gestation fetal), and on neurons and glia sorted from the 
prefrontal cortex tissue from young (2 unique donors, 30–
40 years of age) and old (4 unique donors, 80–100 years of 
age) adulthood (Supplementary Table S4). The 18–24 pcw de- 
velopmental timeframe represents a period when neurons are 
completing their migration into the cortical plate ( 54 ) and ex- 
tending their synaptic projections ( 55–57 ), thus transitioning 
towards functional maturity. After pooling reads from bio- 
logical replicates, we obtained 1.2 billion unique cis contacts 
from fetal cortical plate tissue, and 1.6 and 1.8 billion from 

adult neurons and glia, respectively, producing ultra-deep 3D 

genome maps in primary human brain tissue across develop- 
ment (Supplementary Table S5). Glial (NeuN-) nuclei sorted 
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from the adult prefrontal cortex are more heterogeneous than 

the neuronal population, derived from a number of differ- 
ent non-neuronal cell types, including oligodendrocytes, as- 
trocytes and microglia. To refine our analysis, we also inves- 
tigated the 3D genome of ex vivo microglial cells, isolated 

from fresh human postmortem brain specimens ( 58 ) (donor 
information in Supplementary Table S4). Microglia are a spe- 
cific glial subtype that, unlike other non-neuronal cells, do not 
originate from neural stem cells, and are considered to be the 
resident immune cells of the brain. Therefore, this approach 

enabled us to compare neurons to a functionally and develop- 
mentally distinct cell type in the brain, allowing us to examine 
lineage specific differences in 3D genome structure. 

We initially measured the similarities of Hi-C matrices 
across biological replicates using HiCRep ( 32 ), including the 
microglial HiC dataset for comparison. As expected, the four 
cell / tissue types, including neuron, glia, fetal cortical plate and 

microglia form four separate clusters (Supplementary Figure 
S1A). To further assess the similarity between the groups, 
we compared the HiCRep correlation coefficients between 

groups (Figure 1 A). Adult neurons and microglia are most 
distinct from each other, and glia (NeuN-) show a stronger 
correlation with neurons. Deconvolution analysis on glial 
RNAseq data using the expression levels of cell markers ob- 
tained from single cell references in the adult brain showed 

that the glia (NeuN-) population is mostly enriched in oligo- 
dendrocytes (Supplementary Figure S1B). As oligodendrocytes 
emerge from neural stem cells, they are developmentally more 
closely related to neurons than microglia, therefore our analy- 
sis reveals biologically relevant differences in the 3D genome. 
Although the difference between the fetal cortical plate and 

adult neurons is statistically significant (NeuronvsFetal ver- 
sus EarlyFetalvsLateFetal P value = 1.396-e −45 ), it is less pro- 
nounced than the cell type specific difference within the adult 
brain (Figure 1 A). Deconvolution analysis on RNA-seq data 
from the fetal cortical plate using the expression levels of cell 
markers obtained from single cell references in the developing 
brain showed that the fetal cortical plate is mostly enriched 

in excitatory and inhibitory neurons, similar to the cell type 
composition in the adult neuronal population (Supplementary 
Figure S1B), and a smaller number of neural progenitors, such 

as radial glia and intermediate progenitor cells, but very few 

glia (Supplementary Figure S1C). This result corroborates a 
previous study showing that the fetal cortical plate is enriched 

in neurons ( 59 ). Therefore, we consider the Hi-C data derived 

from the cortical plate as representative of the 3D genome of 
developing fetal neurons. Altogether, we infer that although 

there may be large scale differences in the 3D genome be- 
tween distinct cell types in the adult brain, the developmen- 
tal differences between neurons in the fetal cortical plate and 

adult neurons may be subtler, involving fine-tuning of chro- 
matin interactions rather than broad changes in 3D genome 
organization. 

We proceeded to determine the intra-chromosomal chro- 
matin interaction frequencies across genomic distance to ob- 
tain insights on the differences in the spatial organization of 
chromatin across our samples. Adult neurons have a higher 
density of contacts < 1 MB than glia, followed by a steep de- 
cline in chromatin interaction frequencies at distances > 1 MB, 
a pattern that emerges in the fetal cortical plate (Figure 1 B). 
To eliminate potential technical bias, we also determined the 
interaction frequency distributions across genomic distance in 

previously published independent fetal cortical plate ( 12 ) and 

adult neuron and glia Hi-C datasets ( 15 ). We found that inter- 
action frequency distributions are very reproducible across bi- 
ological replicates from different studies (Supplementary Fig- 
ure S1D, E). We show the read count distributions across dif- 
ferent genomic distance ranges for our data and the previously 
published data cited above in a supplementary table (Supple- 
mentary Table S6). Overall, chromatin interaction patterns 
are similar between early and late fetal cortical plate sam- 
ples, and between young and old adult brains for neurons 
and glia, respectively. Furthermore, as shown in our matrix 

reproducibility analysis with HiCRep ( 32 ), the early and late 
fetal samples cluster together, and the neuronal and glial sam- 
ples from young and old adult brains cluster together (Sup- 
plementary Figure S1A). Therefore, in order to increase statis- 
tical power, most of the subsequent analyses were performed 

on three merged pools of Hi-C data: fetal cortical plate, neu- 
rons and glia. 

We inferred that the steep decline in chromatin interaction 

frequencies at genomic distances > 1 MB in neurons, a pattern 

that emerges during fetal development, may correspond to a 
disruption of long-range compartmental interactions. Indeed, 
we find that glial HiC heatmaps reveal more prominent plaid 

patterns than neuronal heatmaps, indicative of increased com- 
partmentalization (Figure 1 C). We used the CscoreTool ( 33 ) 
to identify A / B compartments at a 40 kb resolution, which 

uses a statistical model that predicts the probability of a given 

genomic window of belonging to an A compartment, with 

a positive cscore corresponding to an A compartment and a 
negative cscore corresponding to a B compartment. We detect 
more frequent A / B compartment switching in glial cells com- 
pared to neurons, especially in microglia, as highlighted in the 
expanded heatmap (Figure 1 D), showing that compartmen- 
tal interactions are disrupted in neurons. Another observation 

that shows the disruption of local compartmentalization in 

neurons is the lower frequency of overlap between compart- 
ment borders and TAD boundaries relative to glia (Figure 1 E). 
We then quantified the strength of intra-chromosomal A–A 

and B–B compartment interactions across genomic distance 
to compare compartmentalization patterns across both short- 
range and long-range genomic interactions. Interestingly, both 

the fetal cortical plate and adult neurons display stronger 
long-range ( > 10 MB) A–A than B–B compartment interac- 
tions when compared to glia and microglia (Figure 1 F, G). In 

contrast, mid-range (1–10 MB) contacts in both fetal corti- 
cal plate and adult neurons show weakened A-A interactions, 
whereas B-B compartment interactions are stronger. We were 
also able to reproduce our results in the previously mentioned 

independent published fetal cortical plate ( 12 ) and adult neu- 
ron and glia ( 15 ) HiC datasets, in which similar patterns of 
A-A and B-B compartment interactions across genomic dis- 
tance were observed (Supplementary Figure S1F, G). 

Initial 3C based studies described TADs as smaller building 
blocks of the 3D genome that reside within broader compart- 
ments ( 5 ,6 ), However later studies contested this static view 

as it was found that the relationship between TADs and com- 
partments is dynamic, whereby the proposed mechanism of 
loop extrusion strengthens TADs but weakens compartments 
( 60 ,61 ). As we detected a disruption of compartmental in- 
teractions in neurons, we inferred that this could imply the 
formation of stronger TADs, coinciding with the loop extru- 
sion model. We therefore determined the distributions of in- 
sulation scores across our samples within 1 MB genomic in- 
tervals, as 0–1 MB contacts have been defined as intra-TAD 
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Figure 1. Neurons show weaker genome compartmentalization than glia and form stronger TADs, which emerge during fetal development. (A) Boxplot 
showing correlations between groups of HiC datasets measured by the stratum adjusted correlation coefficient (SCC) using HiCRep and the statistical 
significances (t test) of the differences between inter-group correlations. EF: Early Fetal, LF: Late Fetal, F: Fetal, N: Adult Neuron, G: Adult Glia, M: 
Microglia. (B) Kernel density estimation plots showing intra-chromosomal chromatin interaction frequency versus genomic distance (log 10 (bp)). (C) 

Snapshots of contact matrices from the HiGlass 3D genome browser comparing merged HiC data from adult neurons (NeuN + cells) versus fetal 
cortical plate tissue (left), adult neurons versus glia (NeuN- cells) (middle) and adult neurons versus microglia (CD45 + CD11b + cells) (right), Chr6:73.1 
MB-90.5 MB, at 50 kb resolution. Genomic distance scale bar (5 MB) is shown on the upper right of the panel. (D) Zoomed in matrix of a 5 MB region 
showing differences in compartmentalization between neurons and microglia. tracks of cscores are displayed above. Negative cscores (corresponding to 
the B compartment) are red, and positive cscores (corresponding to the A compartment) are green. (E) Frequency of compartment / TAD border overlap 
across different cell t ypes / st ages. Compartment borders within 100 kb of TAD boundaries are considered as o v erlapping. (F) Saddle plots generated by 
cooltools displaying intra-chromosomal A–A and B–B interactions in the merged contact maps of fetal cortical plate cells, adult neurons, glia and 
microglia at three genomic distance ranges (0–1, 1 –1 0 and > 10 MB) between 40 kb bins ranked by their compartment scores (determined using the 
CscoreTool). (G) Frequency of A–A, A–B and B–B compartment interactions across genomic distance (log 10 (bp)) expressed as fold enrichment above all 
compartment interactions. The dashed lines correspond to the different genomic distance ranges we used in the saddle plots (0–1, 1 –1 0, > 1 0 MB). (H) 

Genome-wide insulation score distributions (within 1 MB genomic intervals) across different cell t ypes / st ages. Early fetal versus young glia: 
FDR = 9.055e- 24 , early fetal versus old glia: FDR = 1.0051e- 19 , early fetal versus microglia: FDR = 2.1 1 1e −69 , late fetal versus young glia: 
FDR = 2.0023e −23 , late fetal versus old glia: FDR = 2.373e −19 , late fetal versus microglia: FDR = 1.638e −68 , young neuron versus young glia: 
FDR = 1.078e −18 , young neuron versus old glia: FDR = 1.21e −15 , young neuron versus microglia: FDR = 4.236e −58 , old neuron versus young glia: 
FDR = 3.381e −18 , old neuron versus old glia: FDR = 4.21 8e −1 5 , old neuron versus microglia: FDR = 4.236e −58 (Wilcox test). (I) CTCF footprint (obtained 
using TOBIAS (V1.01) on ATACseq data) distributions around TAD boundaries. 
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interactions ( 62 ), to verify if neurons have stronger T ADs. W e 
found increased insulation within neurons relative to glial cells 
(Figure 1 H), with the fetal cortical plate and adult neurons 
showing statistically significant decreases in insulation scores 
(more insulated) relative to glia and microglia (Supplementary 
Table S7). To gain some mechanistic insight into the weak- 
ened compartmentalization and stronger TADs in neurons, we 
performed a transcription factor footprinting analysis ( 63 ,64 ) 
on A T AC-seq ( 65 ) data generated from our adult neuron and 

glia samples to determine the distributions of CTCF bind- 
ing sites. Interestingly, while glia have a higher proportion of 
OCRs (open chromatin regions) enriched in CTCF footprints 
(29 845 / 134 253 in glia and 20 179 / 217 319 in neurons), 
there is a higher enrichment of CTCF footprints specifically 
at TAD boundaries in neurons (Fisher’s exact test, odds ra- 
tio = 2, P -value = 1.04 × 10 

−43 ), which could help explain 

the increased strength in chromatin insulation in neurons (Fig- 
ure 1 I). We found that 70% of our neuron CTCF footprint 
peaks (10 169 / 14 466) overlap with CTCF ChIPseq peaks 
from ENCODE hESC-derived neurons, thus validating their 
biological relevance (Supplementary Figure S1H). We also an- 
alyzed RNAseq data and found that while CTCF, structural 
components of cohesin such as ST AG1, ST AG2 and SMC3, co- 
hesin loading factor NIBPL, and cohesin release factor WAPL 

are all downregulated in neurons relative to glia, RAD21 is 
slightly more highly expressed in neurons than in glia (logFC 

0.317, FDR = 4.2 × 10 

−9 ) (Supplementary Table S8). Interest- 
ingly, a recent study that combined data from microscopy and 

HiC ( 66 ) showed that upregulating RAD21, but not other co- 
hesin subunits, results in a ‘beads-on-a-string’ chromatin con- 
figuration indicative of increased loop extrusion, which dis- 
rupts compartmentalization and significantly decreases long 
range contacts, similar to the patterns we observe for neu- 
rons relative to glia. Also, another recent study showed that 
RAD21 is involved in the regulation of a subset of large neu- 
rodevelopmental genes in mouse neurons ( 67 ). Altogether, we 
found that neurons show a loss of fine scale genome compart- 
mentalization and stronger TADs, which emerge during fetal 
development. 

Neuronal differential compartments tend to be 

repressive and are mostly established during fetal 
development 

Having shown differences in compartment level structure be- 
tween neurons and glial cells, we then investigated the func- 
tional significance of these differences. Firstly, we measured 

the concordance of A / B compartments across our samples by 
quantifying the Pearson correlations between cscores (Sup- 
plementary Figure S2A). Microglia show the weakest A / B 

compartment concordance with adult neurons. Fetal corti- 
cal plate shows the strongest A / B compartment concordance 
with adult neurons, suggesting that a large proportion of 
compartments in adult neurons are formed during fetal de- 
velopment. We then identified differential compartments by 
performing pairwise comparisons between our merged HiC 

datasets quantifying the number of loci that switch from A- 
to-B and B-to-A. As compartments can differ in size, poten- 
tially biasing the results, we identified differential compart- 
ments using both CscoreTool at a bin size of 40 kb, as well 
as the conventional principal component analysis (PCA) ap- 
proach at a bin size of 200 kb, and determined the correlation 

between the results. There is strong correlation between both 

methods, and we detect broader genome-wide differences in 

A / B compartments between distinct cell types in the adult 
brain than across neural development from fetal to adult (Fig- 
ure 2 A). Furthermore, there is a stronger shift towards B type 
compartments in neurons during development, also shown in 

a plot that describes the genome coverage of switched com- 
partments for all of our pairwise comparisons (Supplemen- 
tary Figure S2B). Our differential compartment analysis can 

be replicated in previously published fetal cortical plate ( 12 ) 
and adult neuron and glia HiC data ( 15 ) (adult Neuron ver- 
sus glia: ρ = 0.851; P < 10 

−16 , adult neuron versus fetal CP: 
ρ = 0.685; P < 10 

−16 ) (Supplementary Figure S2C). Alto- 
gether, the compartments that distinguish neurons from non- 
neuronal lineages are mostly established during fetal develop- 
ment and tend towards the repressive B type rather than the 
active A type. 

As there could be experimental biases associated with com- 
partment identification, we next measured the density of hi- 
stone modifications obtained from ChIP-seq data (Supple- 
mentary Figure S2D) from the same donors to validate that 
differential compartments are associated with expected dif- 
ferences in regulatory epigenetic signatures. Specifically, we 
generated scatterplots to correlate the shifts in cscore values 
of individual compartments with shifts in the enrichment of 
chromatin states (defined by ChromHMM) that correspond 

to active enhancer (H3K27ac), polycomb repressed chro- 
matin (H3K27me3), active promoter (H3K4me3, H3K27ac) 
and non-active promoter (H3K4me3, H3K27me3). A positive 
shift in the cscore implies an increased probability of a com- 
partment being A type, whereas a negative shift in the cscore 
implies an increased probability of a compartment being B 

type. Our adult neuron versus glia and adult neuron versus 
fetal cortical plate analyses both show that an increased shift 
towards an A compartment is associated with an increased 

enrichment of active enhancers (adult neuron versus glia: ρ
= 0.383; P < 10 

−16 , adult neuron versus fetal CP: ρ = 0.165; 
P = 2.89e −229 ) and active promoters (adult neuron versus glia: 
ρ = 0.199; P = 8.33e −175 , adult neuron versus fetal CP: ρ
= 0.0892; P = 5.9e −39 ) whereas an increased shift towards 
a B compartment is associated with an increased enrichment 
of polycomb repressed chromatin (adult neuron versus glia: 
ρ = –0.305; P < 10 

−16 , adult neuron versus fetal CP: ρ = 

–0.0999; P = 5.17e −79 ) and non-active promoters (adult neu- 
ron versus glia: ρ = –0.377; P < 10 

−16 , adult neuron versus 
fetal CP: ρ = –0.101; P = 1.62e −24 ) (Figure 2 B). We also high- 
light some biologically relevant examples from HiC matrices 
where compartment switching and the relationship to epige- 
netic changes is evident (Figure 2 C). For Neuron A / Glia B we 
show KCNJ6 , a gene that encodes a G protein coupled potas- 
sium channel implicated in neuronal circuit activity. For Glia 
A / Neuron B we show SALL1 , a gene expressed in oligoden- 
drocytes in postnatal stages. For Fetal A / Neuron B we high- 
light BMP7 , a gene that promotes neurogenesis. Given that the 
process of neurogenesis is active in the fetal cortical plate but 
suppressed during adulthood in healthy brains, BMP7 may 
be likely to shift towards a repressive B compartment during 
neural development. Overall, our analysis confirms that dif- 
ferences in 3D genome structure at the compartment level are 
correlated with changes in the linear epigenome. 

We then looked at gene expression changes associated with 

neuron versus glia and adult neuron versus fetal cortical 
plate differential compartments and found that a more pos- 
itive shift in the cscore corresponds to an increase in gene 
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Figure 2. Neuronal differential compartments tend to be repressive and are mostly established during fetal de v elopment. (A) Spearman correlations 
bet ween t wo methods for differential compartment analysis, PC1 (200 kb bin) versus CscoreTool (40 kb bin). P < 10 −16 (FDR significant). (B) 

Scatterplots showing Spearman correlations between change in compartment score (delta cscore) per 40 kb bin and change in chromatin state 
enrichment (delta ChromHMM co v erage) comparing adult neurons versus glia and adult neurons versus fetal cortical plate. (C) HiC matrices with tracks 
of cscores (negative cscores, corresponding to the B compartment, are red, and positive cscores, corresponding to the A compartment, are green) and 
H3K27ac and H3K27me3 densities to highlight examples of compartment switching that correlate with epigenetic changes. (D) Scatterplots showing 
Spearman correlations between change in compartment score (delta cscore) and change in gene expression (logFC) comparing adult neurons versus glia 
and adult neurons versus fetal cortical plate. Genes whose expression are the most strongly upregulated or downregulated in switched compartments 
are highlighted in each scatterplot. (E) GO term enrichment in differential compartments. ·, nominally significant ( P < 0.05); #, significant after FDR 

(Benjamini and Hochberg) correction (FDR < 0.05). (F) Association of differentially regulated genes in Huntington’s disease with differential 
compartments. HD_up: genes upregulated in Huntington’s disease, HD_down: genes downregulated in Huntington’s disease. ·, nominally significant ( P 
< 0.05); #, significant after FDR (Benjamini and Hochberg) correction (FDR < 0.05). 
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expression and a more negative shift in the cscore corresponds 
to a decrease in gene expression, as expected (Figure 2 D). 
We then identified genes with the largest fold change in ex- 
pression in differential compartments. Among genes that are 
most strongly down-regulated in neuron versus glia differ- 
ential B compartments, we find PLLP, SH3TC2 and MOG, 
which are involved in myelination, a key function of oligo- 
dendrocytes, and OPALIN, which regulates oligodendrocyte 
differentiation. Among genes that are most strongly down- 
regulated in adult neuron versus fetal neuron differential B 

compartments we find HIST1H3B and HIST1H1B, genes en- 
coding replication-dependent histone proteins of the H3 and 

H1 families, respectively, and IGSF9, a gene involved in axon 

guidance and predicted to act upstream of or within den- 
drite development and regulation of synapse organization. It 
is possible that neurons in the cortical plate within the 18–24 

pcw timeframe have not yet become post-mitotic and there- 
fore show residual expression of replication dependent hi- 
stone proteins, whereas adult neurons are completely post- 
mitotic and therefore repress these genes through A-to-B com- 
partment switching. The repression of IGSF9, a gene involved 

in early neurodevelopmental processes, also shows the func- 
tional relevance of A-to-B compartment switching in neuronal 
maturation. As previously mentioned, young and old adult 
samples show strongly correlated HiC matrices, so we can 

consider them as biological replicates. Therefore, we also per- 
formed pairwise differential compartment analyses between 

the merged fetal cortical plate data and the young and old 

adult neuron HiC datasets separately to test the robustness of 
our analysis. The differential compartments from fetal versus 
young adult neuron and fetal versus old adult neuron are con- 
sistent with each other ( ρ = 0.906, P < 10 

−16 ) (Supplemen- 
tary Figure S2E). We then measured gene expression changes 
associated with young adult neuron versus fetal and old adult 
neuron versus fetal differential compartments, and obtain re- 
producible results, which correlate strongly with our merged 

adult neuron versus fetal analysis Supplementary Figure S2F). 
In order to understand the biological significance of differ- 

ential compartments, we performed gene set enrichment anal- 
ysis (Figure 2 E). Microglia versus neuron differential com- 
partments show functionally relevant pathways. Microglia 
B / neuron A compartments are enriched for processes such 

as cell-to-cell adhesion and calcium ion binding, which are 
important for neuronal connectivity and activity . Conversely , 
Neuron B / microglia A compartments are enriched for path- 
ways related to immune function, which correlates with the 
role of microglia as the immune cells of the brain. However, 
molecular pathway analysis in adult neuron versus glia and 

adult neuron versus fetal neuron differential compartments 
fails to reveal similarly significant pathways that are function- 
ally relevant, which could be attributed to the heterogeneity 
of the glial population and fewer differential compartments 
between fetal and adult neurons. 

The prevalence of differential B compartments in adult neu- 
rons that are enriched for polycomb repressed chromatin and 

non-active promoters suggests an important role for the 3D 

genome in gene suppression. Recent studies show the impor- 
tance of the polycomb repressive complex 2 (PRC2) in the cen- 
tral nervous system ( 68–70 ). In particular, PRC2 was shown 

to have a neuroprotective role, as depletion of PRC2 in mouse 
neurons leads to upregulation of specific genes that promote 
neurodegeneration ( 69 ). Furthermore, 20–30% of these genes 
were shown to overlap with genes that are upregulated in 

the postmortem brains of patients suffering from Hunting- 
ton’s disease (HD), a well-known neurodegenerative disor- 
der ( 35 , 71 , 72 ). Therefore, we hypothesized that differential B 

compartments in adult neurons, which we show to be differ- 
entially enriched in polycomb repressed chromatin and non- 
active promoters, might be enriched for genes that are impli- 
cated in neurodegeneration, highlighting the role of the poly- 
comb associated chromatin interactome in suppressing genes 
to ensure neuronal survival. Next, we determined whether 
genes that were shown to be differentially upregulated in HD 

patients ( 35 ), are significantly associated with differential B 

compartments in adult neurons. Indeed, we found that Neu- 
ron B / Microglia A, Neuron B / Glia A and Neuron B / Fetal A 

compartments are all significantly associated with genes that 
are upregulated in Huntington’s disease (Figure 2 F). There- 
fore, the polycomb associated chromatin interactome in adult 
neurons may play a role in suppressing genes that are poten- 
tially neurodegenerative when activated. 

Differential TAD boundaries in neurons are located 

in proximity to active genes that drive 

neurodevelopmental processes and are formed 

during fetal development 

Most TADs are considered to be cell type invariant features 
of the 3D genome. However, little is known about cell type 
specific TADs and their relationship to gene regulation. Given 

that we observed a higher density of short range ( < 1 MB) in- 
teractions in neurons compared to glia, which correlates with 

weaker compartmentalization and stronger TADs, we inferred 

that this could be partially due to the presence of neuron spe- 
cific TAD boundaries that insulate local chromatin interac- 
tions. Using the insulation score method to examine regions 
that are significantly more insulated in neurons relative to glia 
(–0.5 log 2 FC insulation score in 10 kb bins within 200 kb 

genomic interval, FDR < 0.05), we identified 529 differen- 
tial TAD boundaries (Supplementary Table S9). These regions 
show similar levels of insulation in the fetal cortical plate, sug- 
gesting that differential TAD boundaries form during early de- 
velopment and are maintained throughout adulthood (Figure 
3 A). To gain insight into the epigenetic regulation associated 

with differential TADs in neurons, we determined the density 
of active enhancer (H3K27ac), polycomb repressed chromatin 

(H3K27me3), active promoter (H3K4me3, H3K27ac), and 

non-active promoter (H3K4me3, H3K27me3) states across 
differential and cell type invariant TAD boundaries (Figure 
3 B). Compared to cell type invariant TAD boundaries, differ- 
ential TAD boundaries in neurons show a stronger enrichment 
of active promoter states relative to glia, as well as an asym- 
metric pattern of active enhancer enrichment downstream of 
the boundary . Conversely , when examined in glia, these same 
regions are enriched for non-active promoter states. Accord- 
ingly, we found that differential TAD boundaries in adult neu- 
rons are significantly enriched for neuronal gene expression 

relative to all TAD boundaries (Fisher’s exact test, odds ra- 
tio = 1.186, P -value = 1.33e −06 ). 

Genes positioned near differential TAD boundaries in neu- 
rons (Supplementary Table S10) are strongly enriched for pro- 
cesses related to neural development, such as cell-to-cell ad- 
hesion and synapse organization (Figure 3 C). In the vicinity 
of strongly differential TAD boundaries (at least -1 logFC 

insulation) we find contactin-associated protein (CASPR) 
genes such as CNTNAP2 (Figure 3 D, E) and CNTNAP5 
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Figure 3. Differential TAD boundaries in neurons are located in proximity to active genes that drive neurodevelopmental processes and are formed 
during fetal de v elopment. (A) Insulation score distributions of fetal cortical plate, neuron and glia across neuronal differential TAD boundaries and 
in v ariant TAD boundaries. The insulation score distribution displayed for neuron diffTADs is calculated from the average of the insulation score 
distributions across all neuronal differential TAD boundaries. The differential TAD boundary analysis was performed within a genomic window of 200 kb 
calculating the insulation scores within 10 kb bins. If the insulation score fold difference in neurons within that 200 kb window was at least –0.5 log2FC 

compared to glia and statistically significant (FDR < 0.05), then it was defined as a neuronal differential TAD boundary. (B) Density of neuron and glia 
specific chromatin states across neuronal differential TAD boundaries and in v ariant TAD boundaries: active enhancer (H3K27ac), polycomb repressed 
(H3K27me3), active TSS (H3K4me3, H3K27ac), non-active TSS (H3K4me3, H27me3) Bd:B oundary. (C) GO terms associated with genes in the pro ximity 
of neuronal differential TAD boundaries. ·, nominally significant (P < 0.05); #, significant after FDR (Benjamini and Hochberg) correction (FDR < 0.05). (D) 

Snapshot of the CNTNAP2 locus from the HiGlass 3D genome browser showing HiC contact maps (10 kb resolution) in neurons and glia along with 
RNA-seq and ChIP-seq of H3K4me3, H3K27ac and H3K27me3 from the respective cell types. (E) Snapshot of the CNTNAP2 locus from the HiGlass 3D 

genome browser showing Hi-C contact maps (10 kb resolution) in fetal cortical plate and adult neurons. (F) Volcano plot of significance (–log 10 ( P )) versus 
fold change (log 2 FC) in expression in CNTNAP2 CRISPRi versus scrambled hiPSC derived neurons. Points representing genes reaching nominal 
significance in the DEG analyses are shown in pink or light blue (up-regulated and do wn-regulated, respectiv ely), and the gene reaching significance after 
correcting for multiple testing (FDR < 0.05) shown in dark blue with the gene name ( CNTNAP2 ). (G) HiC heatmaps of CNTNAP2 CRISPRi (left) versus 
scrambled (right) hiPSC derived neurons and volcano plot of significance (–log 10 ( P )) versus fold change (log 2 FC) in insulation score in CNTNAP2 CRISPRi 
versus scrambled hiPSC derived neurons. Other TAD boundaries 5 MB upstream / downstream (shown in green) of the CNTNAP2 TSS do not differ in 
their insulation le v els from the rest of the genome-wide loci (K olmogoro v–Smirno v test P = 0.849, fail to reject null hypothesis). 
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(Supplementary Figure S3A), protocadherin genes such as 
PCDH10 and PCDH7 (Supplementary Figure S3B), and 

FLRT2 (Supplementary Figure S3C), all of which encode cell- 
to-cell adhesion molecules that are crucial for neuronal con- 
nectivity . Interestingly , we also find lincRNA encoding genes 
in the vicinity of strongly differential TAD boundaries, such 

as LINC00632, which is associated with panhypopituitarism, 
an intellectual development disorder, and LINC01322 (Sup- 
plementary Figure S3D) , which has recently been shown to 

shape the gene expression program towards neurogenesis 
( 73 ). Taken together, our data suggests that differential TAD 

boundaries in neurons are formed in early development, are 
maintained throughout adulthood, and are associated with 

transcription up-regulation of both protein coding and non- 
coding RNAs implicated in neurodevelopmental processes. 
When we apply the differential TAD boundary analysis to 

adult neuron versus fetal cortical plate datasets, we find fewer 
differential boundaries (164) (Supplementary Table S11), sug- 
gesting more subtle differences during neural development. 
Our differential TAD boundary analysis can be replicated in 

previously published fetal cortical plate ( 12 ) and adult neuron 

and glia HiC data ( 15 ) (adult neuron versus glia: ρ = 0.801; 
P < 10 

−16 , adult neuron versus fetal CP: ρ= 0.58; P < 10 

−16 

(Supplementary Figure S3E). 
To determine if the formation of a differential TAD bound- 

ary is coupled to transcription initiation, we performed 

CRISPR-interference (CRISPRi) on CNTNAP2 in hiPSC de- 
rived NPCs. Specifically, we recruited dCas9-KRAB to the TSS 
of CNTNAP2 to induce repressive histone modifications that 
would prevent gene activation during differentiation (Sup- 
plementary Figure S3F). The CNTNAP2 CRISPRi and con- 
trol (scrambled gRNA) NPCs were then differentiated into 

neurons. Analysis of RNA-seq data in CNTNAP2 CRISPRi 
versus control differentiated neurons showed highly signifi- 
cant downregulation only for CNTNAP2 (log 2 FC = −2, P - 
value = 1 × 10 

−8 ), attesting to the specificity of the knock- 
down experiment (Figure 3 F) (Supplementary Table S12). Per- 
forming a genome wide analysis of changes in TAD insula- 
tion scores in CNTNAP2 CRISPRi versus control, revealed 

a significant decrease in insulation at the CNTNAP2 TSS 
(log 2 FC = 0.5, P -value = 0.001) (Figure 3 G) (Supplementary 
Table S13). To further validate the specificity of the experi- 
mental result, we also investigated other TAD boundaries 5 

MB upstream and downstream of the CNTNAP2 TSS asso- 
ciated boundary and found that their insulation levels do not 
differ from other genome wide loci between the CRISPRi and 

scrambled control experiments (Kolmogorov–Smirnov test, 
P = 0.849). Therefore, using CNTNAP2 as a candidate gene, 
we show that formation of a differential TAD boundary is 
correlated with TSS activation. 

Re-wiring of chromatin loops during neural 
development is associated with transcriptional and 

functional changes 

We proceeded to analyze the 3D genome at a higher resolution 

to investigate changes in regulatory chromatin loops during 
human brain development. Firstly, we found that loops clus- 
ter strongly according to cell type, showing many differences 
between neurons and glia, but few differences between young 
and old adult brains (Figure 4 A). Conversely, we find more dif- 
ferential loops between fetal cortical plate and adult neurons, 
demonstrating that there are fine scale changes in neuronal 3D 

genome organization between the mid-gestation period of cor- 
tical development and young adulthood. We include the num- 
bers of loops that are unique versus shared across our merged 

fetal cortical plate, and adult neuron and glia datasets (Sup- 
plementary Figure S4A). We also correlated the fold change 
in read counts at the differential loop anchor regions in our 
data with the read counts at the same coordinates in the pre- 
viously published fetal cortical plate ( 12 ) and adult neuron 

and glia HiC data (( 15 ) to determine if the cell type specific 
and neurodevelopment specific differences in chromatin loop- 
ing strength can be replicated. While not as robust as the dif- 
ferential compartment and differential TAD comparisons de- 
scribed previously, we nonetheless detect strong correlations 
(adult neuron versus glia: ρ = 0.696; P < 10 

−16 , adult neu- 
ron versus fetal CP: ρ = 0.536; P < 10 

−16 ) (Supplementary 
Figure S4B). 

To obtain insights into neurodevelopmental disease mech- 
anisms, we performed stratified LD score regression to deter- 
mine the heritability for complex traits and psychiatric disor- 
ders within differential loops. Differential loops in both fetal 
cortical plate and adult neurons are significantly associated 

with SCZ and bipolar disorder (BD), while only fetal differen- 
tial loops are associated with autism (Figure 4 B). Unlike SCZ 

and BD, whose symptoms emerge during early adulthood, the 
symptoms of autism emerge during childhood. Our findings 
indicate that autism may, in part, be caused by disruptions to 

regulatory interactions during early brain development. 
In order to define the active versus repressive chromatin in- 

teractome, we next classified loops into two groups; those that 
are linked to active (H3K4me3, H3K27ac) promoters, and 

those that are linked to non-active (H3K4me3, H3K27me3) 
promoters. We assigned chromatin states to distal loop an- 
chors and, as expected, found that active promoters have a 
significantly higher probability of interacting with active en- 
hancers (H3K7ac), relative to other chromatin states (Sup- 
plementary Figure S4C). Relative to other chromatin states, 
non-active promoters have a significantly higher probabil- 
ity of interacting with distal polycomb repressed elements 
(H3K27me3), which we define as repressors. When we com- 
pared the proportion of loops that are classified as enhancer- 
promoter loops across cell types, we found a higher oc- 
currence of enhancer-promoter loops in adult neurons (968 

loops) relative to both fetal cortical plate (Fisher’s exact test, 
odds ratio = 4.46, P -value = 4.4e −304 ) and glia (Fisher’s ex- 
act test, odds ratio = 2.5, P -value = 5e −171 ) (Figure 4 C). 
We also found a higher occurrence of repressor-promoter 
loops in both fetal (155 loops) and adult neurons (214 loops) 
relative to glia (Fisher’s exact test, odds ratio = 2.11, P - 
value = 1.4e −26 (fetal cortical plate relative to glia), odds 
ratio = 2.45, P -value = 4e −42 (adult neurons relative to 

glia)) (Figure 4 C). We also quantified the size distributions of 
enhancer-promoter and repressor-promoter loops and found 

that repressor-promoter loops tend to occur across larger ge- 
nomic distances than enhancer-promoter loops (Supplemen- 
tary Figure S4D). Altogether, our results suggest a cell type 
specific and age-dependent increase in distal enhancer usage 
for the regulation of active genes in neurons. In addition, we 
find a putative role for distal repressors in maintaining pro- 
moters in a non-active state throughout neural development. 

We then explored the biological pathways associated with 

differential loops (Supplementary Figure S4E, F). As expected, 
enhancer-promoter loops that are specific to adult neurons 
are associated with higher gene expression in adult neurons, 
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Figure 4. Re-wiring of chromatin loops during neural development is associated with transcriptional and functional changes. (A) Multidimensional scaling 
plot showing differential loops between different cell types and developmental stages (% variance explained). (B) Stratified LD score regression 
showing the herit abilit y f or comple x traits and psy chiatric disorders within regions associated with differential loops. ·, nominally significant ( P < 0.05); #, 
significant after FDR (Benjamini and Hochberg) correction (FDR < 0.05). (C) Proportion of loops classified as enhancer-promoter (H3K27ac linked to 
H3K4me3 / H3K27ac) or repressor-promoter (H3K27me3 linked to H3K4me3 / H3K27me3). Enhancer-promoter frequency in adult neurons expressed as 
odds ratio (Fisher’s exact test) relative to fetal neurons and glia. Repressor-promoter frequency in fetal and adult neurons expressed as odds ratio 
(Fisher’s exact test) relative to glia. Numbers of enhancer-promoter and repressor-promoter loops for every dataset are shown. (D) Gene expression 
le v els (counts per million reads mapped) associated with fetal and adult neuron differential enhancer-promoter loops across cell types. The significance 
of the gene expression differences between fetal cortical plate and adult neuronal samples associated with differential enhancer-promoter loops was 
determined using the Mann–Whitney test, and P -values are shown. (E) GO terms associated with differential enhancer-promoter and 
repressor-promoter loops across cell types. ·, nominally significant ( P < 0.05); #, significant after FDR (Benjamini and Hochberg) correction (FDR < 0.05). 
(F) Violin plots showing fold difference in expression (log 10 (TPM)) of isoforms associated with exon-exon loops over isoforms not associated with loops. 
Wilcox test P -values shown above. (G) GO terms associated with exon-exon loops. ·, nominally significant ( P < 0.05); #, significant after FDR (Benjamini 
and Hochberg) correction (FDR < 0.05). 
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whereas enhancer-promoter loops that are specific to the fe- 
tal cortical plate are associated with higher gene expression 

in the fetal cortical plate (Figure 4 D, Supplementary Tables 
S14 and S15). The former are more strongly associated with 

pathways involved in synaptic structure and modulation of 
synaptic transmission, while the latter are more strongly as- 
sociated with forebrain development, showing dynamic re- 
wiring of enhancer-promoter loops to promote neuronal mat- 
uration (Figure 4 E). Interestingly, among the genes associated 

with differential enhancer-promoter loops in adult neurons 
that show the highest fold increase in expression, we find 

LINC00507 (Supplementary Table S15), a lncRNA that was 
previously found to be expressed exclusively in both human 

and non-human primate cortex in an age dependent manner, 
showing very basal expression in the gestational / infant group, 
but much higher expression in the adult group ( 74 ). We also 

identify genes involved in neuronal signaling, such as RGS4, 
a regulator of G protein signaling implicated in both BD and 

SCZ, and HTRB , a G-protein coupled serotonin receptor that 
causes fast, depolarizing responses in neurons after activa- 
tion. Therefore, maturation of neurons is associated with an 

increased frequency of enhancer-promoter interactions that 
specifically up regulate neuronal activity related genes. Inter- 
estingly, repressor-promoter loops in both the fetal cortical 
plate and adult neurons, but not in glia, are strongly enriched 

for processes related to the positive regulation of transcription 

from an RNA pol II promoter. 
Co-transcriptional splicing is widespread in the human 

brain ( 75 ), suggesting that isoform selection during gene 
expression occurs primarily on chromatin. A recent study 
on cohesin-mediated chromatin loops in different cell lines 
showed a cell type specific increase in the usage of exons 
that are proximal to gene body loop anchors linked to the 
promoter ( 76 ). Furthermore, another study found a role for 
CTCF in regulating alternative splicing by mediating intra- 
genic looping ( 77 ). Altogether, these studies led us to hypoth- 
esize that intra-gene body chromatin loops may be associated 

with cell type specific isoform level transcription regulation 

in the human brain. To determine the gene loops, we used 

the gene-code annotation (GENCODEV30) and defined an 

isoform as a loop-isoform if both of the gene loop anchors 
overlapped with the exons within the isoform. To avoid po- 
tential bias from gene length, we normalized the isoform-level 
gene expression into TPM, and determined the median non- 
loop isoform and the median loop-isoform expression level. 
Thus, we quantified the relationship between the expression 

of isoforms containing specific exon pairs and the intragenic 
interaction frequency between those exons in our Hi-C data. 
Loop associated isoforms are more highly expressed in all cell 
types than non-loop isoforms (Figure 4 F). As expected, exon- 
exon loops in fetal neurons are associated with early processes 
of differentiation, forebrain development, and regulation 

of axonogenesis (Figure 4 G). These findings correlate gene 
looping with isoform usage and biological function during 
development. 

Discussion 

In this study, we sought to elucidate the functional relation- 
ships between the 3D genome, the epigenome and gene expres- 
sion in the human brain. We focused on large scale differences 
in compartment and TAD structure between neurons and glia, 
as well as fine-scale changes in regulatory loops across neu- 

ral development. Firstly, our initial discovery of higher con- 
tact densities < 1 MB in neurons versus glia, which is followed 

by a steep decline in chromatin interaction frequencies at dis- 
tances > 1 MB, allowed us to infer differences in genome com- 
partmentalization. Indeed, we found that local compartmen- 
talization patterns are disrupted in neurons, with a tendency 
to generate stronger TADs, which emerge during fetal devel- 
opment. These observations, along with the different patterns 
of A–A and B–B compartment interactions across genomic 
distance between neurons and glia, suggests a possible mecha- 
nism of loop extrusion in neuronal 3D genome organization. 
For example, the decrease in long range ( > 10 MB) B–B com- 
partment interactions in neurons relative to glia is suggestive 
of loop extrusion as it correlates with findings from a recent 
study in which depletion of the STAG1 containing variant of 
cohesin, which is proposed to play a prominent role in TAD 

stabilization along with CTCF, was shown to increase long- 
range interactions between regions that were predominantly 
located in B compartments ( 78 ). 

The lower frequency of CTCF footprints in OCRs in neu- 
rons compared to glia may also explain the decrease in com- 
partmentalization. A recent study showed that depletion of 
CTCF alters local compartmental interactions, revealing a 
previously underappreciated role for CTCF in genome com- 
partmentalization ( 79 ). The study showed that the loss of lo- 
cal compartmentalization after CTCF depletion specifically 
results in disruption of local A–A but not local B–B interac- 
tions, which are actually strengthened. The decrease in A–A 

compartment interactions relative to B–B interactions within 

1–10 MB compared to the long range > 10 MB compartment 
interactions in neurons versus glia correlates with these find- 
ings. In neurons, the less frequent binding of CTCF could al- 
low extended loop extrusion which disrupts fine scale com- 
partmentalization, thus producing similar results as the study 
cited above. 

A recent study showed that cohesin release by WAPL in 

mouse neural progenitor cells is required to maintain a co- 
hesin loading cycle to preserve lineage specific transcription 

( 62 ). WAPL depletion leads to decreased interactions < 1 MB 

(defined as intra-TAD), but increased interactions within 1–10 

MB (defined as inter-TAD). This observation suggests that a 
dynamic cohesin loading cycle is required to maintain inter- 
actions within TADs. Interestingly, we detect decreased inter- 
TAD (1–10 MB) versus intra-TAD A–A compartment inter- 
actions in fetal cortical plate and adult neurons relative to 

glia. This finding suggests that dynamic loading of cohesin 

throughout neural development may increase the probability 
of a subset of neural specific enhancers to interact with their 
target promoters within TADs, rather than forming aberrant 
interactions across TADs. Altogether, our results suggest that 
neurons show a higher order chromatin organization that is 
characterized by strong local folding of active chromatin, and 

the formation of strong A–A compartment interactions across 
large genomic regions that tend to be inactive. 

We show that neurons and microglia, which have different 
developmental origins in the brain, have large scale differences 
in compartment structure, and these are correlated with their 
lineage specific functions. We also show that most neuronal 
A / B compartments are established during early human brain 

development and are preserved during adulthood. We find 

that the neuronal 3D genome is largely associated with B com- 
partments enriched for polycomb repressed regions and non- 
active promoters. The biological implication of these findings 
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is that adult neuronal identity may be dependent on keep- 
ing a larger fraction of the genome suppressed in B com- 
partments while activating a smaller fraction of the genome 
within A compartments. Previous studies have identified long- 
range polycomb-associated interactions in ES cells and human 

cell lines ( 11 ,80–86 ). However, to our knowledge, the role of 
polycomb associated long-range interactions in neurons has 
not been explored. We find that differential B compartments 
in adult neurons are enriched for genes that were shown to 

be implicated in neurodegeneration. These findings corrobo- 
rate recent work in mice that showed the polycomb repressive 
complex, PRC2, to have a neuroprotective role ( 69 ). Our data 
also indicates that some of the genes that are upregulated in 

both PRC2 deficient mouse neurons and HD patients (includ- 
ing POU4F1 , POU4F2 , HAND2 , NKX2-5 and TWIST1 ) are 
in a non-active state, and form loops with distal polycomb re- 
pressed elements in adult neurons. Furthermore, HAND2 and 

NKX2-5 are involved in cardiac morphogenesis, suggesting 
that distal polycomb repressed elements contribute to neural 
specification and survival through suppression of non-neural 
developmental genes. It should be noted, however, that the 
differential expression in HD patients was measured in bulk 

tissue, and the perceived up-regulation of non-neural genes 
may be partially due to the neuronal loss characteristic of HD, 
rather than as a direct consequence of loss of polycomb repres- 
sion in neurons. 

Differential TAD boundaries in neurons show strong en- 
richment for active TSSs, which tend to be non-active in 

glia. Our results correlate with another study on the dynamic 
changes in the 3D genome during mouse neural differentia- 
tion in vitro that identified de novo TADs associated with 

mouse neural gene activation ( 11 ) . We performed CRISPRi 
on CNTNAP2 , and showed that local transcription inactiva- 
tion is correlated with specific loss of insulation at the TSS 
proximal domain boundary. As cohesin was shown to be 
recruited to TSS and translocated in the direction of tran- 
scription ( 87 ), along with recent evidence demonstrating that 
transcription-dependent cohesin repositioning rewires chro- 
matin loops ( 88 ), neuronal differential TADs may form pri- 
marily through loop extrusion that is influenced, at least par- 
tially , by transcriptional activity . A more recent study showed 

that RNA pol II could serve as a barrier to loop extrusion 

( 89 ). Active genes were more strongly insulated than inactive 
genes, and contact enrichment and insulation corresponded 

to cohesin accumulation at TSSs. Insulation at these genes 
was abolished when knocking down the cohesin component 
SMC3, while CTCF KO or lack of proximal CTCF binding 
only partially weakens insulation. Interestingly, a recent study 
showed that inserting a construct containing a CTCF binding 
site and a TSS into the genome can generate a de novo do- 
main around the insertion site ( 90 ). Importantly, at certain 

loci, removal of the CTCF binding site from the insertions 
spared transcription and did not disrupt the newly formed do- 
main despite weakened insulation at the insertion locus, but 
removal of the TSS largely eliminated the de novo domain 

and reduced cohesin binding and chromatin folding at the TSS 
proximal region. Therefore, complementing other recent stud- 
ies, transcription appears to play a role in loop extrusion in 

certain biological contexts. 
Nonetheless, we cannot discard the alternative hypothesis 

that CTCF binding at differential TAD boundaries can in- 
fluence transcription. We find an asymmetric H3K4me3 and 

H3K27ac enrichment within neuronal differential TADs rela- 

tive to glia. A recent study showed that CTCF enriched loop 

anchors tend to show an asymmetric H3K4me3 and H3K27ac 
enrichment on the inside of the loop ( 91 ). Furthermore, an- 
other study showed that CTCF binds proximally to lineage 
specific promoters in mouse neural progenitor cells, promot- 
ing interactions with distal enhancers that are sparsely dis- 
tributed within the local chromatin environment ( 92 ) . They 
suggest that this may imply a predominantly asymmetric loop 

extrusion mechanism that reels distal enhancers towards the 
promoter. In fact, mouse homologues of some of the genes 
that we find proximal to differential TAD boundaries (in- 
cluding CNTN5 , CNTNAP2 , CNTNAP5 , FLRT2 , FLRT3 , 
GABRA1 and GRIA4 ) have been shown to be downregulated 

in cultured mouse cortical neurons upon knockdown of the 
cohesin component RAD21 ( 93 ). Interestingly, a recent study 
showed that E-P specificity can be determined by CTCF bind- 
ing at the promoter, in a cohesin-dependent manner ( 94 ). Al- 
together, there may be a reciprocal relationship between tran- 
scription and 3D chromatin structure. Future work will need 

to explore the relationships between CTCF, cohesin and neu- 
ral lineage specific transcription factors in cultured human 

neurons to elucidate the mechanisms behind the formation of 
neuronal differential TADs. 

It should be noted that cohesin may only play an important 
role for the regulation of a small number of genes involved 

in neurodevelopmental processes, whereas activity dependent 
gene regulation may largely involve enhancer-promoter inter- 
actions that do not directly require cohesin ( 67 ). The genes 
that are found in the vicinity of neuronal differential TAD 

boundaries are involved in neurodevelopmental processes 
such as cell-to-cell adhesion and synapse organization. Con- 
versely, in our study, the enhancer-promoter interactions that 
are gained in adult neurons versus fetal neurons are mainly in- 
volved in the modulation of synaptic activity, and the genes as- 
sociated with these differential enhancer-promoter loops that 
show the strongest up regulation of expression are not located 

in the vicinity of differential TAD boundaries. Furthermore, 
the dependence of neuronal gene expression on cohesin was 
shown to scale with chromatin loop length, whereby the de- 
gree to which genes rely on cohesin scales with the genomic 
distance traversed by their chromatin contacts ( 67 ). The genes 
found in the proximity of differential TAD boundaries that 
we highlight in our study are associated with the formation 

of large loop domains. These domains may form during early 
development, but much of the dynamic change in the chro- 
matin interactome from mid gestation to adulthood may in- 
volve enhancer-promoter interactions that are not directly re- 
liant on the formation of TADs. 

Interestingly, our data shows a larger increase in enhancer- 
promoter loops than repressor-promoter loops across neural 
development. A large proportion of repressor-promoter loops 
may already form during early development as part of the cell 
fate specification process, with only minor gains during neural 
maturation. Furthermore, we found that repressor-promoter 
loops in both fetal and adult neurons, but not in glia, are en- 
riched for processes associated with the positive regulation of 
transcription from RNA pol II promoters. Given that neurons 
are highly specialized cell types, they may need to control fac- 
tors implicated in the positive regulation of gene expression 

to prevent non-specific gene activation during neural devel- 
opment. Therefore, distal polycomb associated repressor ele- 
ments may suppress the expression of genes involved in RNA 

pol II activation. 
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Altogether, our survey of the 3D genome during human 

brain development offers insights on the relationships be- 
tween gene expression and chromatin organization from com- 
partment level structure to loops. In particular, we show that 
cell type specific differences between neurons and glia involve 
broad scale reorganization of compartment / TAD structure, 
whereas during neural development to adulthood, changes 
in the 3D genome mainly involve fine-tuning of enhancer- 
promoter loops. 
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