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harbor broad enhancer-like chromatin domains
Ying-Tao Zhao,1 Deborah Y. Kwon,1 Brian S. Johnson,1 Maria Fasolino,1
Janine M. Lamonica,1 Yoon Jung Kim,2 Boxuan Simen Zhao,3,4 Chuan He,3,4
Golnaz Vahedi,1,5 Tae Hoon Kim,2 and Zhaolan Zhou1
1

Department of Genetics, University of Pennsylvania School of Medicine, Philadelphia, Pennsylvania 19104, USA; 2Department of
Biological Sciences, The University of Texas at Dallas, Richardson, Texas 75080, USA; 3Department of Chemistry, Department of
Biochemistry and Molecular Biology, Institute for Biophysical Dynamics, University of Chicago, Chicago, Illinois 60637, USA; 4Howard
Hughes Medical Institute, University of Chicago, Chicago, Illinois 60637, USA; 5Institute for Immunology, University of Pennsylvania
School of Medicine, Philadelphia, Pennsylvania 19104, USA
Genetic variants associated with autism spectrum disorders (ASDs) are enriched in genes encoding synaptic proteins and
chromatin regulators. Although the role of synaptic proteins in ASDs is widely studied, the mechanism by which chromatin
regulators contribute to ASD risk remains poorly understood. Upon profiling and analyzing the transcriptional and epigenomic features of genes expressed in the cortex, we uncovered a unique set of long genes that contain broad enhancer-like
chromatin domains (BELDs) spanning across their entire gene bodies. Analyses of these BELD genes show that they are highly
transcribed with frequent RNA polymerase II (Pol II) initiation and low Pol II pausing, and they exhibit frequent chromatin–
chromatin interactions within their gene bodies. These BELD features are conserved from rodents to humans, are enriched in
genes involved in synaptic function, and appear post-natally concomitant with synapse development. Importantly, we find
that BELD genes are highly implicated in neurodevelopmental disorders, particularly ASDs, and that their expression is preferentially down-regulated in individuals with idiopathic autism. Finally, we find that the transcription of BELD genes is particularly sensitive to alternations in ASD-associated chromatin regulators. These findings suggest that the epigenomic
regulation of BELD genes is important for post-natal cortical development and lend support to a model by which mutations
in chromatin regulators causally contribute to ASDs by preferentially impairing BELD gene transcription.
[Supplemental material is available for this article.]
Autism spectrum disorders (ASDs) are a heterogeneous group of disorders with a strong genetic component. Thus far, many mutations
and genetic variants have been identified and implicated in these
disorders (Abrahams et al. 2013; Hu et al. 2014; Chen et al.
2015a; Geschwind and State 2015; Gandal et al. 2018). While
many of the identified ASD risk genes encode synaptic proteins
that are predominantly expressed in neurons and are critical for
synaptic development and function (Geschwind and State 2015),
recent human genetic studies have also identified another group
of ASD risk genes that are involved in chromatin regulation
(Neale et al. 2012; O’Roak et al. 2012; Sanders et al. 2012;
Talkowski et al. 2012; De Rubeis et al. 2014; Iossifov et al. 2014;
Iwase et al. 2017; Redin et al. 2017). However, the mechanism by
which mutations in chromatin regulators contribute to ASD risk
is poorly understood.
Chromatin regulators typically include “writer proteins” that
establish and maintain epigenetic marks, “eraser proteins” that remove modifications, and “reader proteins” that bind and interpret
epigenetic information. Together, these proteins establish, maintain, and interpret epigenetic information that is essential for
many biological processes (Allis and Jenuwein 2016). Numerous
modifications on histone tails are known to be associated with various genomic features: Histone 3 lysine 4 monomethylation
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(H3K4me1) marks poised and active enhancers; histone 3 lysine
27 acetylation (H3K27ac) marks regulatory elements such as promoters and active enhancers; histone 3 lysine 79 dimethylation
(H3K79me2) occurs preferentially at the 5′ ends of gene bodies
of actively transcribed genes; histone 3 lysine 36 trimethylation
(H3K36me3) is found preferentially at the 3′ ends of gene bodies
of actively transcribed genes; and histone 3 lysine 4 trimethylation
(H3K4me3) marks transcriptional start sites (The ENCODE Project
Consortium 2012). Notably, in addition to these canonical annotations, recent studies have found the broad domain of H3K4me3
often marks cell identity genes and the expansion of H3K27ac underlies the etiology of midline carcinoma (Alekseyenko et al. 2015;
Benayoun et al. 2015; Chen et al. 2015b), indicating different distribution patterns of histone modifications may also play a critical
functional role.
Neurons are terminally differentiated post-mitotic cells that
carry unique epigenomic and transcriptional features compared
with other somatic cells, such as high levels of non-CG DNA methylation (Guo et al. 2014; Zhao et al. 2016), high levels of 5-hydroxymethylcytosine (5hmC) (Kriaucionis and Heintz 2009), and
overrepresented expression of long genes >100 kb (Gabel et al.
2015; Zylka et al. 2015; Johnson et al. 2017). Notably, long gene
© 2018 Zhao et al. This article is distributed exclusively by Cold Spring Harbor
Laboratory Press for the first six months after the full-issue publication date
(see http://genome.cshlp.org/site/misc/terms.xhtml). After six months, it is
available under a Creative Commons License (Attribution-NonCommercial
4.0 International), as described at http://creativecommons.org/licenses/
by-nc/4.0/.
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transcription is preferentially impaired in mouse cortical neurons
carrying mutations in methyl CpG binding protein 2 (MECP2)
(Gabel et al. 2015; Johnson et al. 2017), mutations of which cause
the ASD, Rett syndrome (Amir et al. 1999). While the underlying
mechanism responsible for this preferential impairment of long
gene transcription remains elusive, several lines of evidence indicate that chromatin features may underlie the length-dependent
regulation of long gene transcription (King et al. 2013; Gabel
et al. 2015; Johnson et al. 2017).
To investigate the functional relationship between chromatin
modifications and the transcription of neuronal long genes, we
performed chromatin immunoprecipitation followed by sequencing (ChIP-seq) against five different types of histone modifications, whole-genome bisulfite sequencing (WGBS) and Tetassisted bisulfite sequencing (TAB-seq) for DNA methylation
(5mC) and hydroxymethylation (5hmC) status (Yu et al. 2012),
and assay for transposase-accessible chromatin using sequencing
(ATAC-seq) for regions of accessible chromatin (Buenrostro et al.
2013). To uncover the transcriptional features of neuronal long
genes, we also performed global run-on sequencing (GRO-seq)
(Core et al. 2008) and nuclear RNA sequencing (RNA-seq) to obtain
gene transcriptional status. Our findings support a mechanistic
model by which the transcriptional sensitivity of a unique class
of long genes, bearing broad enhancer-like chromatin domains
(BELDs), to alterations of chromatin regulators underlies the genetic linkage of these chromatin factors to ASD risks, thus uncovering a new avenue to develop therapeutics for ASDs.

Results
Epigenomic and transcriptomic profiling in the mouse cortex
To investigate the molecular mechanisms by which chromatin regulators contribute to ASD risk, we carried out a series of highthroughput profiling experiments that focus on transcriptional
and epigenomic features of genes expressed in the mouse cortex
(Fig. 1A; Supplemental Fig. S1). We performed GRO-seq, nuclear
RNA-seq, WGBS, TAB-seq, ATAC-seq, and ChIP-seq against different histone modifications. GRO-seq and all ChIP-seq experiments
were performed using whole-cortical tissues, while RNA-seq,
WGBS, TAB-seq, and ATAC-seq were performed using cortical excitatory neurons, which account for ∼85% of all neurons in the
cortex (Johnson et al. 2017). We obtained 3.77 billion reads in total from these profiling experiments, and the data show high quality and reproducibility between replicates (Supplemental Fig. S1).
We also incorporated publicly available histone ChIP-seq data
sets from cortical excitatory neurons (Mo et al. 2015), such as
H3K27ac, H3K4me1, and H3K27me3, in our overall analysis.

Identification of genes harboring BELDs
We next identified all expressed genes from the mouse cortex, defined by GRO-seq reads per million uniquely mapped reads per
kilo base (RPKM) >0.5. Given that neuronal genes and genes linked
to neurodevelopmental disorders tend to be long in length
(Supplemental Fig. S2A,B; Zylka et al. 2015), we divided expressed
genes into four groups based on gene length. We then analyzed
chromatin features of these genes by focusing on genomic regions
surrounding the transcription start site (TSS) and the gene body.
We found that chromatin accessibility and histone modifications
are similarly distributed at the TSS among long and short genes
(Supplemental Fig. S2C). However, in contrast to TSS, long genes
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Figure 1. BELD genes in the mouse cortex. (A) Diagram of genomic profiling in this study. The RNA-seq, ATAC-seq, TAB-seq, and WGBS were performed from cortical excitatory neurons, while the GRO-seq and ChIP-seq
were performed from the cortex. The cortical excitatory neurons and the
cortex were obtained from 6-wk-old male mice. (B) Distribution of gene
body H3K27ac signal (RPM) across expressed genes in the cortex. The
green line indicates the tangent line with a slope of one. Ten examples
of BELD genes with a known role in ASD risk are highlighted. (C) A workflow diagram demonstrating the process used to identify BELD genes.
(D) Boxplots of gene lengths of expressed genes and BELD genes in the
cortex. P indicates P-value, one-tailed t-test. (E) The top 15 enriched
Gene Ontology terms of the BELD genes.

show a tendency of enriched levels of H3K27ac, H3K4me1, and
ATAC-seq signals in their gene bodies (Supplemental Fig. S2C–E).
To further explore this gene body feature of chromatin
modification, we utilized and modified a previously described
methodology to identify genomic regions with distinct chromatin
modifications (Whyte et al. 2013). We used both H3K27ac and
H3K4me1 profiles to identify genes that are enriched with these
two histone modifications in their gene bodies. To establish a reads
per million uniquely mapped reads (RPM) cutoff value for these
two modifications, we first calculated the gene body H3K27ac
and H3K4me1 RPM values for all expressed genes, ranked them
by gene body H3K27ac signal, and then constructed a tangent
line with a slope of one to identify the cutoff value for RPM (Fig.
1B). We found that the ranking of RPM values biases toward
long genes. Thus, to avoid the length bias of RPM and to correct
for gene length, we also used additional cutoffs of RPKM. By using
these criteria for both H3K27ac and H3K4me1 (Fig. 1C), we identified 185 genes with enriched H3K4me1 and H3K27ac signals
across their gene bodies, which we termed BELD genes (Supplemental Table S1). Notably, the gene body H3K27ac signals are
highly correlated with gene body H3K4me1 signals and ATAC-seq
signals (Supplemental Fig. S2F,G).
We found that BELD genes, showing a median length of 303
kb and a mean length of 364 kb, are significantly longer than other
genes expressed in the cortex (Fig. 1D). To characterize potential
features of BELD genes but exclude any bias due to gene length,
we further generated a control set of 185 non-BELD genes with a
median length of 262 kb and a mean length of 272 kb, which we
termed non-BELD control genes (Supplemental Table S2). For all
subsequent analyses, BELD genes were compared directly with
non-BELD control genes.
Importantly, by using publicly available ChIP-seq data
sets from the mouse cortex (Xie et al. 2012; Nord et al. 2013;
Halder et al. 2016), we also observed similar BELD features in the
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same group of genes (Supplemental Fig.
S3), independently supporting the presence of these features in the neuronal
epigenome.

A

BELD genes are enriched in synaptic
functions and are expressed specifically
in the brain
To assess the biological functions of BELD
genes, we performed Gene Ontology enB
richment analysis and found that BELD
genes are enriched in synaptic signaling
and ion channel activity in the nervous
system (Fig. 1E). In contrast, non-BELD
control genes are not enriched in any
Gene Ontology terms (FDR > 0.05).
Given the high enrichment of BELD
genes in synaptic functions, we next examined the distribution of BELD genes
in the coexpression network of the developing brain (Parikshak et al. 2013).
Notably, we found that BELD genes are
C
enriched in module M16 of the coexpression network (Supplemental Fig. S4A), a
module that is critical for early synaptic
development and also demonstrates the
highest enrichment of ASD risk genes
(Parikshak et al. 2013). Lastly, to deterFigure 2. Chromatin modifications in gene bodies of BELD genes. (A) Heatmaps of normalized signals
mine whether BELD genes are specifically
(reads per 30 million uniquely mapped reads [RP30M]) of ChIP-seq and ATAC-seq across the gene bodies
expressed in the brain, we investigated
and surrounding regions (±100 kb) of the BELD genes and non-BELD control genes. (B) Browser representations of GRO-seq, ChIP-seq, ATAC-seq, mC, and hmC signals at nine long genes. The first seven
BELD gene expression patterns among
genes are BELD genes linked to ASDs, while the last two genes are non-BELD genes. (C) Boxplot repre13 different tissues from the ENCODE
sentations of H3K27ac RPKMs in the gene bodies of BELD genes and non-BELD control genes at four
Project (Shen et al. 2012) and found
developmental time points. P indicates P-value, pairwise t-test adjusted by the Benjamini-Hochberg
that BELD genes are specifically expressed
method.
in brain tissues, such as the cortex, cerebellum, and olfactory bulb, but not in
other tissues (Supplemental Fig. S4B). Together, these results demtrol genes (Supplemental Fig. S4F). Together, these findings demonstrate that BELD genes are enriched in functions related to the
onstrate that BELD genes are selectively demarcated with gene
synapse and synaptic development and are expressed specifically
body chromatin features associated with transcriptional activity,
in the brain.
including high levels of H3K27ac, H3K4me1, H3K79me2, and
ATAC-seq signals and low levels of genic 5mC.
Given the feature of BELD domains in neuronal long genes
Epigenomic features of BELD genes
and their association with neurodevelopment, we next examined
We found that, compared with non-BELD control genes, BELD
the appearance of BELD domains at different developmental time
genes demonstrate significantly higher levels of H3K4me1 and
points. We systematically analyzed the H3K27ac ChIP-seq profiles
H3K27ac signals in their gene bodies (Supplemental Fig. S4C,D).
of forebrain tissues at 10 developmental time points from The
Given this unique feature of BELD domains, we further analyzed
ENCODE Project and a recent study (The ENCODE Project
six additional histone modifications. We found that as with
Consortium 2012; Stroud et al. 2017). We found that the BELD doH3K27ac and H3K4me1, H3K79me2 signals are also enriched
mains are absent at embryonic time points and post-natal day (P)
across the gene bodies of BELD genes compared with non-BELD
0, begin to appear at P14, and are fully established at P56 (Fig. 2C;
control genes (Fig. 2A,B). In contrast, the other five types of hisSupplemental Fig. S4G), suggesting that the BELD domains are estone modifications do not show notable enrichment in BELD
tablished post-natally, concomitant with the timing of synapse
genes compared with non-BELD control genes (Fig. 2A,B).
development.
Notably, ATAC-seq signals are also enriched in BELD genes compared with non-BELD control genes (Supplemental Fig. S4E), suggesting that the chromatin in BELD genes is more accessible than
BELD domains are associated with high transcriptional activity
that in non-BELD control genes. Finally, given recent studies that
link gene body DNA methylation to gene expression levels (Stroud
Given the known effects of enhancer-related chromatin modificaet al. 2017), we specifically analyzed 5mC and 5hmC profiles at
tions on gene transcription, we next examined whether the broad
these genes. We found that BELD genes contain lower levels of
enhancer-like domains in the gene body of BELD genes are indic5mC in both CG and CH contexts than non-BELD control genes,
ative of distinct transcriptional status. We found that BELD genes
but their 5hmC levels are comparable to those of non-BELD conare expressed at a significantly higher level than non-BELD control
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genes (Fig. 3A). Upon analyzing GRO-seq data to measure transcriptional initiation frequency by calculating polymerase II (Pol
II) bindings along the gene bodies and to measure Pol II pausing
by comparing Pol II densities between TSS and gene bodies (Core
et al. 2008), we found an increased frequency of transcriptional
initiation at BELD genes, which is about twofold higher than
that of non-BELD control genes (Fig. 3B). We also observed a notable decrease in GRO-seq signals around the TSS of BELD genes (Fig.
3C), as well as significantly lower pausing indices (Fig. 3D), a quantitative measurement of Pol II pausing status (Core et al. 2008).
This suggests that there is a reduction in Pol II pausing at the promoters of BELD genes (Fig. 3D; Supplemental Fig. S5A–D).
Furthermore, we observed higher levels of Pol II occupancy (Fig.
3E), higher levels of H3K79me2 (Fig. 3F), and increased production
of eRNA-like transcripts (Supplemental Fig. S5E,F) in the gene body
of BELD genes than non-BELD control genes, indicating higher
levels of transcriptional activity in BELD genes that is consistent
with higher levels of expression (Fig. 3A). Thus, the BELD domains
in these genes are associated with distinct transcriptional features,
which likely contribute to the high transcriptional activity of
BELD genes.

BELD domains are associated with frequent chromatin–chromatin
interactions
To investigate a potential mechanism by which broad enhancerlike domains may facilitate gene transcription, we next analyzed
the formation of higher-order chromatin–chromatin interactions
in BELD genes. We utilized chromatin contact maps generated
by Hi-C profiling in the cortex of 8-wk-old male mice (Shen et al.
2012). We found that BELD genes exhibit higher numbers of chro-

A

D
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C
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Figure 3. BELD genes display unique transcriptional features.
(A) Boxplot representation of the expression levels of BELD and nonBELD control genes. P indicates P-value, one tailed t-test. (B) Boxplot representation of the relative transcription initiation frequency of non-BELD
control genes and BELD genes. The ratio of transcriptional initiation frequency was measured by calculating Pol II bindings along the gene bodies
from the GRO-seq data. The average initiation frequency of non-BELD
control genes was set to one. P indicates P-value, one tailed t-test.
(C ) Comparison of GRO-seq profile around TSS between non-BELD control
genes and BELD genes. (D) Boxplot representation of the pausing index of
non-BELD control genes and BELD genes. P indicates P-value, one tailed
t-test. (E) Comparisons of GRO-seq profile between non-BELD control
genes and BELD genes in gene body regions and surrounding regions (±
100 kb). (F) Comparisons of H3K79me2 ChIP-seq profile between nonBELD control genes and BELD genes in gene body regions and surrounding regions (±100 kb).
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matin–chromatin interactions than non-BELD control genes (Fig.
4A). To further investigate the special localization of these chromatin–chromatin interactions, we divided the gene bodies of BELD
genes and non-BELD control genes into 1000 equal-size bins and
examined the average interaction number of each bin. We found
that BELD genes demonstrate higher levels of chromatin–chromatin interactions compared with non-BELD control genes across
their gene bodies (Fig. 4B). Notably, these chromatin–chromatin
interactions in BELD genes tend to form within the gene bodies
(Fig. 4C; Supplemental Fig. S5G) in contrast to enhancer–promoter
interactions that are typically outside of the enhancers (Supplemental Fig. S5G).
Frequently interacting regions (FIREs) are genomic loci that
exhibit a high frequency of local chromatin interactions (Schmitt
et al. 2016). We therefore obtained FIREs of mouse cortex (n =
3167, FIRE score > 3) and examined the percentage of BELD genes
containing FIREs, finding that the percentages of BELD genes that
overlap with FIREs are significantly higher than those of nonBELD control genes (Fig. 4D,E). Furthermore, we quantified the
percentage of the gene body region defined as FIREs for both
BELD genes and non-BELD control genes, which we found to be
significantly higher among BELD than non-BELD control genes
(Fig. 4F). Thus, the broad enhancer-like domains appear to associate with local higher-order chromatin–chromatin interactions,
suggesting that the gene body of BELD genes is likely organized
into a highly connected chromatin unit (Fig. 4B–F; Supplemental
Fig. S5G). Together, these results indicate that BELD genes contain high levels of gene body–restricted chromatin–chromatin
interactions.

BELD genes are enriched in risk genes identified
in neurodevelopmental disorders such as ASDs
M16 of the developing brain transcriptome network demonstrates
the highest enrichment for ASD risk genes (Parikshak et al. 2013).
Given our findings of the enrichment of BELD genes in module
M16 (Supplemental Fig. S4A), we next investigated whether
BELD genes are associated with risk of neurodevelopmental disorders. We analyzed the enrichment of BELD genes with risk genes
identified for ASDs (Werling et al. 2018), developmental disorder
(DD) (Deciphering Developmental Disorders Study 2017), intellectual disability (ID) (Lelieveld et al. 2016), and attention deficit hyperactivity disorder (ADHD) (Zhang et al. 2012). We found that
BELD genes are significantly and selectively enriched in ASD risk
genes (P = 0.0006), relative to DD-associated genes (P = 0.0441)
and ADHD risk genes (P = 0.0334), but not in ID risk genes (P =
0.5) (Supplemental Fig. S6A,B). By using the recently reported highly constrained genes identified by de novo loss-of-function mutation analysis and protein truncating variants analysis as targets
(Samocha et al. 2014; Lek et al. 2016), we also observed significant
enrichment of BELD genes (Supplemental Fig. S6C), consistent
with the high fraction of ASD risk genes in these gene lists. In contrast, BELD genes do not show a significant enrichment in genes associated with schizophrenia, diabetes, and height identified by
GWAS (Supplemental Fig. S6B; MacArthur et al. 2017). Together,
these results demonstrate that BELD genes represent a significantly
higher risk for neurodevelopmental disorders, particularly ASDs.

BELD genes are transcriptionally sensitive to the dysfunction
of chromatin regulators
Recent studies have reported that ASD risk genes are enriched in
genes encoding chromatin regulators in addition to synaptic
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ed by topotecan. When we analyzed the
transcriptome changes of topotecantreated cortical neurons (King et al.
2013), we observed a greater decrease of
gene expression for BELD genes, in contrast to non-BELD control genes in response to the treatment (Fig. 5A).
In contrast, CHD8 and KDM5C, an
D
E
F
ATP-dependent DNA helicase and a histone H3K4 methylation demethylase, respectively, are chromatin regulators that
show repressive activity toward gene
transcription and are also linked to
ASDs (Mosammaparast and Shi 2010;
Abrahams et al. 2013; Ronan et al.
2013; Sugathan et al. 2014). We examFigure 4. Chromatin–chromatin interactions in BELD genes. (A) Boxplots of Hi-C chromatin–chromained the transcriptome changes in Chd8
tin interactions per 100 kb in non-BELD control genes and BELD genes. P indicates P-value, one-tailed
knockdown cortical cells (Durak et al.
t-test. (B) Comparisons of Hi-C chromatin–chromatin interactions per bin in the cortex between nonBELD control genes and BELD genes in gene body regions and surrounding regions (±100 kb). The values
2016) and in cortical transcriptome proof y-axes are normalized to gene length. (C ) Heatmaps of correlations of Hi-C normalized interactions in
files from Kdm5c knockout mice (Iwase
gene body regions and surrounding regions (±100 kb) of Tcf4 and Kdm4c. (D) Browser representations of
et al. 2016). We found a greater increase
GRO-seq, ChIP-seq, and cortical FIREs profiles at six BELD genes linked to ASD. (E) Percentage of genes
in gene expression for BELD genes relaoverlapping with cortical frequently interacting regions (FIREs). P indicates P-value, Fisher’s exact test.
tive to non-BELD control genes in both
(F) Boxplot of percentages of gene body regions that overlap with cortical FIREs. P indicates P-value,
one-tailed t-test.
studies (Fig. 5B). Furthermore, upon examination of H3K4me1 ChIP-seq from
Kdm5c knockout mice (Iwase et al.
proteins (De Rubeis et al. 2014; Iossifov et al. 2014). The high levels
2016), we found that H3K4me1 signals are significantly elevated
of gene body chromatin modifications observed in BELD genes led
in Kdm5c knockout mice selectively for BELD genes than nonus to postulate that the high transcriptional activity of BELD genes
BELD control genes as well (Fig. 5C), suggesting that the greater inis sensitive to the disruption of chromatin regulators implicated
crease in gene expression of BELD genes is associated with the inin ASDs. To test this possibility, we investigated transcriptome
creased H3K4me1 modifications in their gene bodies.
changes associated with alternations in chromatin regulators
To further corroborate our findings, we next tested the sensithat are genetically implicated in ASDs (Abrahams et al. 2013),
tivity of BELD gene expression to the disruption of chromatin regsuch as MECP2, lysine-specific demethylase 6b (KDM6B), DNA
ulators in cultured Neuro 2a cells. We first carried out GRO-seq,
topoisomerase 1 (TOP1), chromodomain-helicase-DNA-binding
RNA-seq, H3K4me3, and H3K27ac ChIP-seq in the Neuro 2a cells
protein 8 (CHD8), and lysine-specific
demethylase 5c (KDM5C).
MECP2, KDM6B, and TOP1 are
chromatin regulators that are known to
A
B
C
facilitate gene transcription (King et al.
2013; Wijayatunge et al. 2014; Johnson
et al. 2017). MECP2, mutations of which
are responsible for Rett syndrome (Amir
et al. 1999), is known to bind methylated
DNA and modulate gene transcription
D
E
F
(Lyst and Bird 2015). We profiled transcriptional activity in the cortex of the
MECP2 R106W–mutant mice that carry
a Rett syndrome mutation using GROseq and found that BELD genes are significantly more down-regulated than nonBELD control genes (Fig. 5A). KDM6B is
a histone lysine demethylase for H3K27
methylation (Mosammaparast and Shi Figure 5. Expression of BELD genes show vulnerability to disruption of ASD-associated chromatin reg2010). After analyzing the transcriptome ulators. (A) Boxplots of expression changes of non-BELD control genes and BELD genes in response to
MECP2 R106W mutation (mouse cortex), Kdm6b knockdown (cortical neurons), or TOP1 inhibition by
changes in Kdm6b knockdown cortical
topotecan (cortical neurons). P indicates P-value, one-tailed t-test. (B) Boxplots of expression changes
neurons (Wijayatunge et al. 2014), we of non-BELD control genes and BELD genes in response to Chd8 knockdown in cortical neurons or
found that BELD genes are significantly
Kdm5c knockout in cortical tissues. P indicates P-value, one-tailed t-test. (C ) Boxplots of H3K4me1 changmore down-regulated than non-BELD es in gene body regions of non-BELD control genes and BELD genes in the cortex of Kdm5c knockout
mice. P indicates P-value, one-tailed t-test. (D) Diagram of genomic profiling and siRNA knockdown in
control genes upon Kdm6b knockdown
Neuro 2a cells. (E,F) The expression changes of two BELD genes and two non-BELD genes in response
(Fig. 5A). TOP1 is a topoisomerase that
to Kmt2c knockdown (E) or to Kdm6b knockdown (F) in Neuro 2a cells. (∗∗∗ ) P < 3.76 × 10−7, one-tailed
is implicated in ASDs and can be inhibit- t-test; (∗ ) P < 8.81 × 10−3, one-tailed t-test.
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and utilized similar methodology to identify BELD genes and nonBELD genes (Fig. 5D; Supplemental Fig. S7A–C). We then used
siRNAs to knockdown the expression of two ASD-associated chromatin regulators that facilitate gene transcription, lysine methyltransferase 2C (KMT2C) and KDM6B, and measured their effect
on BELD and non-BELD gene expression by RT-PCR. When
Kmt2c expression levels are reduced by 50%, we found a significant
reduction in BELD gene expression that is not observed in nonBELD genes (Fig. 5E; Supplemental Fig. S7D). Similarly, when
Kdm6b expression levels are reduced by 60%, we found a significant
reduction of Ank3 expression that is not observed in non-BELD
genes (Fig. 5F; Supplemental Fig. S7D). Notably, Dnmt3a expression
is increased in response to Kdm6b knockdown (Fig. 5F; Supplemental Fig. S7D), indicating a rather complex mechanism for
the regulation of Dnmt3a in Neuro 2a cells. Taken together, these
results demonstrate that BELD genes are more sensitive to the functional deregulation of ASD-associated chromatin regulators.

BELD genes exist in human brains and are preferentially affected
in autistic individuals
To explore whether BELD domains also exist in humans, we analyzed H3K27ac ChIP-seq data sets derived from human prefrontal
cortices (Liu et al. 2015; Vermunt et al. 2016). We first identified
the human orthologs of the murine BELD and non-BELD control
genes, followed by analysis of H3K27ac signals in these orthologs.
Notably, we uncovered that BELD domains do present in the human orthologs of the mouse BELD genes (Fig. 6A–C). We next analyzed the gene expression profiles in the prefrontal cortices of 38
control and 25 autistic individuals (Liu et al. 2016). Notably, we
found that the expression of the human BELD orthologs is significantly more affected in the autistic individuals than that of nonBELD control genes (Fig. 6D). Together, these results indicate

A

B

C

D

Figure 6. Human orthologs of BELD genes and their expression in autistic individuals. (A) Heatmaps of normalized signals of H3K27ac in human
orthologs of the mouse BELD (BELD) and non-BELD control genes (nonBELD). (PFC) Prefrontal cortex: (dlPFC) dorsolateral prefrontal cortex. (B)
Boxplots of H3K27ac RPKMs in gene body regions of non-BELD control
genes and BELD genes. P indicates P-value, one-tailed t-test. (C ) Browser
representation of H3K27ac ChIP-seq from human PFC at three BELD
genes. (D) Boxplots of expression changes of human non-BELD control
genes and BELD genes in the PFC of autistic individuals. P indicates P-value,
one-tailed t-test.
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that BELD genes also exist in humans and are dysregulated in individuals with idiopathic autism.

Discussion
Neurons demonstrate length-dependent transcriptional impairment upon topotecan treatment and MECP2 disruption (King
et al. 2013; Gabel et al. 2015; Johnson et al. 2017). While the underlying mechanisms remain unclear, one proposed model is that long
genes may harbor distinct chromatin domains and higher-order
structures compared with short genes (King et al. 2013), which render them vulnerable to the disruption of chromatin regulators. We
found that a unique set of long genes, with a median length of 303
kb, harbors BELDs across their entire gene bodies. These BELD
genes also demonstrate specific higher-order chromatin–chromatin interactions that accompany high transcriptional activity.
Notably, these BELD genes are transcriptionally sensitive to the disruption of ASD-associated chromatin regulators. Consequently,
the transcriptional impairment of BELD genes, which largely encode synaptic proteins, may directly contribute to cellular and
functional impairment as observed in ASD individuals who carry
genetic defects in chromatin regulators. Notably, long genes without BELD domains do not show this sensitivity, which may explain
why different long genes respond differently to topotecan treatment (King et al. 2013).
Gene transcription relies on RNA polymerases that travel
along the entire gene body region, making gene length a critical
factor for transcription efficiency, especially for long genes.
Therefore, long genes may require specific mechanisms to overcome this length constraint in order to maintain comparable
and sustained expression levels as short genes. We found that
BELD domains in long genes show increased chromatin interactions and higher-order chromatin formations, which may promote the transcriptional cycles of RNA polymerases and then
facilitate gene transcription. Profiling RNA polymerase activity
and mapping high-resolution chromatin interactions are thus necessary to further illustrate this length-dependent transcriptional
regulatory mechanism.
Our analysis showed that BELD genes are enriched in the module M16 of the coexpression network in the developing brain.
Module M16 is the earliest up-regulated module during cortical development and likely functions in the development and formation
of synaptic structures (Parikshak et al. 2013), indicating BELD genes
may play a role in synaptic development. Indeed, BELD domains
are absent at P0, begin to appear at P14, and are fully established
at P56 in the mouse cortex. Thus, the appearance and establishment of BELD domains are consistent with the timing of cortical
synaptogenesis. But, further investigation is required to dissect
the functional requirement of BELD domains in this context.
In summary, we report that many of the long genes involved
in synaptic development and function harbor BELDs in their gene
bodies that correlate with the robust transcription of these genes in
the brain. The observation that BELD genes, which are enriched in
risk genes for neurodevelopmental disorders, particularly ASDs,
are transcriptionally sensitive to the disruption of chromatin regulators implicated in ASDs, highlights an etiological model whereby
the disruption in chromatin regulators may contribute to the development of ASDs by preferentially impairing the expression of
BELD genes. Our studies reveal the possibility of targeting the transcription of BELD genes as a potential avenue for future therapeutic development for ASDs.

Broad enhancer-like chromatin domain genes

Methods
Animals
All mice used were on the C57BL/6 background, housed in a 12-h
light/12-h dark cycle, and fed a standard diet, ad libitum. The Rett
syndrome MECP2 R106W–mutant mice were generated as previously reported (Johnson et al. 2017). All experiments were conducted in accordance with the ethical guidelines of the US
National Institutes of Health and with the approval of the institutional animal care and use committee of the University of
Pennsylvania.

ATAC-seq libraries
Three cortices of 6-wk-old male mice were dissected, and nuclei
were isolated for each replicate. Briefly, 1.6 mL of nuclei in PBS
was mixed with 372 µL of pelleting buffer by gentle inversion, incubated on ice for 15 min, and centrifuged for 15 min at 5000 rpm
at 4°C. Nuclei were resuspended in 60 µL of 1× TD buffer (Illumina
catalog no. FC-121-1030) and counted using a hemocytometer;
50,000 nuclei were brought up to 47.5 µL with 1× TD buffer and
transposed with 2.5 µL of transposase (Illumina catalog no. FC121-1030) for 30 min at 37°C. ATAC-seq libraries were constructed
as previously described (Buenrostro et al. 2015), with a few exceptions. First, only 2.0 µL of 25 µM customized Nextera PCR primers
was used during PCR amplification. Second, the additional number of PCR cycles for each library was kept to three to four cycles.
Third, the final amplified library was purified using AMPure XP
beads (Beckman A63881) to remove larger fragments (>800 bp)
by using 0.5× beads to remove larger fragments, removing the supernatant, adding 1.6× beads to the supernatant, and subsequently following the AMPure XP bead (Beckman A63881)
instructions for DNA isolation. Libraries were analyzed on a
Bioanalyzer (Agilent) and sequenced on an Illumina HiSeq.

for 2 h, and an aliquot was saved as input. Immunoprecipitation
was performed using 32 µL Protein A Dynabeads and 5 µL of
H3K4me3 antibody (Millipore; 07-473) or 10 µg H3K27ac antibody
(Abcam; ab4729). Chromatin was eluted with elution buffer and reverse crosslinked overnight at 65°C, followed by treatment with
RNase A for 30 min at 42°C and proteinase K for 3 h at 55°C.
DNA was extracted twice with phenol/chloroform and once with
chloroform and ethanol precipitated; 10 ng of ChIP DNA was
used for library preparation.

GRO-seq
Nuclei were isolated from the fresh cortex tissue of the 6-wk-old
WT and MECP2 R106W–mutant male mice and from the Neuro
2a cells. GRO-seq libraries were generated as previously described
(Greer et al. 2015).

TAB-seq and WGBS
Cortices of 6-wk-old male mice were dissected and nuclei were isolated. Genomic DNA was isolated from nuclei of cortical excitatory
neurons using an AllPrep DNA/RNA mini kit (Qiagen catalog no.
80204) and subsequently treated with RNase (Roche catalog no.
11119915001). TAB-seq and WGBS libraries were generated from
400 and 300 ng of DNA, respectively, as previously reported
(Yu et al. 2012).

Nuclear total RNA-seq in the mouse cortex
Cortices of 6-wk-old male mice were dissected and nuclei were isolated. Nuclear total RNAs were isolated from nuclei of cortical excitatory neurons and RNA-seq libraries were generated as
previously reported (Johnson et al. 2017).

RNA-seq in Neuro 2a cells
ChIP-seq in the mouse cortex
Cortices of 6-wk-old male mice were dissected. The H3K4me3
ChIP-seq was generated from the pooled cortices of three 6-wkold male mice; 50–100 µg of chromatin were used per IP.
Chromatin was precleared with Protein A Dynabeads (Invitrogen)
for 2 h, and an aliquot was saved as input. Immunoprecipitation was performed using 32 µL Protein A Dynabeads and antibody.
Chromatin was eluted with elution buffer and reverse crosslinked
overnight at 65°C, followed by treatment with RNase A for
30 min at 42°C and proteinase K for 3 h at 55°C. DNA was extracted
twice with phenol/chloroform and once with chloroform and
ethanol precipitated. Ten nanograms of ChIP DNA was used
for library preparation. The antibodies used were H3K36me3
(Abcam ab9050), H3K4me3 (Millipore 07-473), H3K79me2 (Abcam ab3594), H3K9me3 (Abcam ab8898), and H4K20me3 (Abcam
ab9053). Libraries were generated using NEB enzymatic reagents
(end repair, 5′ adenylation, adapter ligation) with Illumina TruSeq
adapters according to Illumina ChIP-seq prep kit manufacturer instructions. Libraries were sequenced on a HiSeq 2500 (50SE).

RNA-seq was performed in Neuro 2a cells using two replicates. RNA
was extracted with TRIzol reagent (Invitrogen) and purified using
the RNeasy MinElute clean-up kit (Qiagen catalog no. 74204); 2.5
µg of purified RNA was used for library construction using the
TruSeq stranded mRNA library prep kit (Illumina RS-122-2101).
Indexed libraries were sequenced at the University of Pennsylvania
Next-Generation Sequencing Core on a HiSeq 2500 (Illumina).

siRNA knockdown
Predesigned dicer-substrate siRNAs (DsiRNAs) to Kmt2c were purchased from Integrated DNA Technologies (mm.Ri.Kmt2c.13).
DsiRNAs to Kdm6b were purchased from Integrated DNA
Technologies (hs.Ri.KDM6B.13.2). Neuro 2a cells were transfected
with each DsiRNA to a concentration of 5 nM for 48 h using
Lipofectamine 2000 (Life Technologies, no. 11668019) according
to the manufacturer’s specifications and then retransfected with
another 5 nM for another 24 h. Cells were harvested 72 h after
the initial transfection.

ChIP-seq in Neuro 2a cells

Quantitative RT-PCR

Neuro 2a cells were grown to confluency on 150-mm culture dishes. Cells were crosslinked directly on the dishes for 10 min at room
temperature with 1% formaldehyde, followed by quenching with
0.125 M glycine for 5 min. Cells were scraped, pelleted, and lysed
in cell lysis buffer for 10 min on ice. Nuclei were collected and lysed
in 10 mM Tris (pH 8.0), 1% SDS, 1 mM EDTA, and 1 mM EGTA.
DNA shearing was performed on a Bioruptor instrument.
Chromatin was precleared with Protein A Dynabeads (Invitrogen)

RNA was extracted with TRIzol reagent (Invitrogen) and purified
using the RNeasy MinElute clean-up kit (Qiagen catalog no.
74204). One thousand nanograms of RNA was converted into
cDNA using a high-capacity cDNA reverse transcription kit
(Applied Biosystems, 4368814), and real-time PCR was performed
using TaqMan gene expression assay probes purchased from
Applied Biosystems and TaqMan universal PCR master mix
(Applied Biosystems, catalog no. 4304437). The following
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TaqMan assay primer/probe sets were used for this study: Gapdh
(Mm99999915_g1), Hprt (Mm03024075_m1), Ank3 (Mm00464
776_m1), Dnmt3a (Mm00432881_m1), Cdkl5 (Mm011568
15_m1), Gphn (Mm00556895_m1), Kdm6b (Mm01332680_m1),
and Kmt2c (Mm01156942_ m1). Results were quantified on an
ABI 7900 system. All RNA expression levels were normalized to
Gapdh or Hprt.

levels of gene body H3K27ac RPKM values of expressed genes. For
the cortex, BELD genes were identified by the criteria of H3K4me1
RPM > 365 and H3K27ac RPM > 365 and H3K4me1 RPKM > 1.3
and H3K27ac RPKM > 1.3. For the Neuro 2a cells, BELD genes
were identified by the criteria of H3K27ac RPM > 430 and
H3K27ac RPKM > 2.5.

Non-BELD gene identification
Genome annotation
The mouse genome annotation file of Ensembl release 75 was
used. Genes annotated as protein_coding, lincRNA, miRNA,
snRNA, and snoRNA were included in the analyses.

GRO-seq and RNA-seq mapping and comparison
The raw FASTQ files were mapped to the mouse mm10 genome
by STAR (Dobin et al. 2013) using the parameters of
“- -outFilterMultimapNmax 1 - -outFilterMismatchNmax 3.” The
edgeR (Robinson et al. 2010) was used to perform the comparison
(Supplemental Fig. S8).

ATAC-seq mapping
The mate1 and mate2 files of the paired-end sequencing were
mapped separately to the mm10 genome by Bowtie (Langmead
et al. 2009) using “-v 2 -m 1.” If both mates of a read pair were
mapped to the opposite strands of the same chromosome and
the distance in between was <2 kb, the read pair was included for
further analysis.

ChIP-seq mapping and peak calling
The ChIP-seq FASTQ files were mapped to the mouse mm10 genome by Bowtie using “-v 2 -m 1.” Only uniquely mapped reads
were included for further analysis. The HOMER (Heinz et al.
2010) findPeaks function was used to call peaks from the
H3K4me3 data sets using the parameters of “-style histone
-minDist 2500.”

TAB-seq and WGBS mapping and analysis
TAB-seq and WGBS mapping were performed as previously described (Zhao et al. 2016). Briefly, Trim Galore! (http://www.
bioinformatics.babraham.ac.uk/projects/trim_galore/) was used
to remove the adapter contamination from the raw sequencing
reads using “-stringency 2 - -length 36.” The trimmed reads were
mapped to mm10 genome by Bismark (Krueger and Andrews
2011) using parameters “-n 2 -l 40.” Clonal reads were excluded
to avoid PCR artifacts. Methylation calling was performed by binomial distribution followed by the Benjamini-Hochberg correction.
The mC level for a cytosine (C) was calculated as the WGBS methylation levels subtracted the hmC level in that C.

Pausing index calculation
The pausing index of a gene was calculated as the ratio of GRO-seq
signal density in the proximal promoter region versus the signal
density in the gene body region. The GRO-seq signal density was
calculated as the number of reads mapped to the region divided
by the region length.

BELD gene identification
The methodology to identify BELD genes was modified from a previous method (Whyte et al. 2013). Briefly, the RPM cutoff was
identified by the intersection point between the ranking curve
and the tangent line. The RPKM cutoff was defined as the median
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The non-BELD genes were identified by the criteria of H3K4me1
RPM < 365 and H3K27ac RPM < 365 and H3K4me1 RPKM < 1.3
and H3K27ac RPKM < 1.3. The 185 length-matched non-BELD
control genes were selected from all non-BELD genes based on
their length distribution. For the Neuro 2a cells, non-BELD genes
were identified by the criteria of H3K27ac RPM < 430 and
H3K27ac RPKM < 2.5.

eRNA-like transcript identification
The identification of intragenic enhancer RNA-like transcripts was
performed as previously described (Meng et al. 2014). HOMER was
used to perform the do novo transcript identification using the parameters of “findPeaks -style groseq.” Transcripts overlapped with
H3K4me3 peaks were excluded from downstream analysis to remove the possible divergent promoter transcripts. Transcripts
that located in the gene antisense strand and did not overlap
with H3K4me3 peaks were defined as the eRNA-like transcripts.

Hi-C data analysis
The raw files of Hi-C data of the mouse cortex (Shen et al. 2012)
were download from NCBI Gene Expression Omnibus (GEO) database and were converted into FASTQ files using fastq-dump.2.5.7
(https://trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?view=software).
The FASTQ files were mapped to the mouse mm10 genome
by HiCUP (Wingett et al. 2015). The mapped SAM files were
then converted into the HOMER Hi-C summary format files using
hicup2homer (Heinz et al. 2010). The HOMER findHiCInteractionsByChr.pl (Heinz et al. 2010) was used to identify the significant chromatin–chromatin interactions using the parameters of
“-res 2000 -superRes 10000.”

Metagene analysis (heatmaps and line plots)
The total numbers of uniquely mapped reads or read-pairs for all
sequencing data were normalized to 30 million. The signal represents the RP30M per base pair or per bin. For bin analysis, the
gene body, upstream, and downstream regions were divided into
1000 equal bins for each gene, respectively, and the number of sequencing reads for each bin was calculated and normalized
(Supplemental Fig. S9). The mean value for each bin was calculated
as the sum of signals of all bases in the bin divided by the size of
that bin. For the heatmaps, the normalized bin signals were used
to generate the heatmaps. For the line plots, the median value of
the normalized bin signals of a given bin of that gene group was
used to generate the plots.

Relative transcription initiation frequency
The Pol II density and activity were obtained from the intragenic
GRO-seq profiles of the 1000 bins. The total initiated Pol II was
composed of the paused Pol II, the elongating Pol II, and the terminated Pol II. For a given time period (t) and a given gene, the initiated Pol II equals to the initiation frequency (F(i)) multiplying the
time period (t), which is F(i)∗ t; the paused Pol II equals to the GROseq signals (S(i)) in intragenic bin 1 multiplying the time period

( 1i=1 S(i) ∗ t); the elongating Pol II equals to the GRO-seq signals in

Broad enhancer-like chromatin domain genes
intragenic from bin 2 to bin 1000 multiplying the time period

( 1000
signals in
i=2 S(i) ∗t); the terminated Pol II equals to the GRO-seq

∗
intragenic bin 1000 multiplying the time period ( 1000
i=1000 S(i) t).
The equation for the initiation frequency was calculated as follows:


1000
∗
∗
F(i) = ( 1i=1 S(i) ∗ t + 1000
The relative
i=2 S(i) t +
i=1000 S(i) t)/t.
transcription initiation frequency was calculated as the ratio of
the frequency of a given gene versus the average initiation frequency of non-BELD control genes.

Publicly available data sets
The accession numbers of publicly available data sets used in this
study are listed in Supplemental Table S3.

Other bioinformatics analyses
All the bioinformatics analyses were done using in-house Perl programs (see “Data access”). All plotting and statistical analyses were
performed in R (R Core Team 2015). Heatmaps were generated by
heatmap.2 function in the gplots R package (R Core Team 2015).
Gene Ontology enrichment analysis was done using DAVID
(Huang da et al. 2009), and all expressed genes in the cortex
were used as the background. IGV (Robinson et al. 2011) was
used to visualize all the sequencing tracks. The conversion of
mouse BELD and non-BELD control genes into human orthologs
were performed by Ensembl BioMart (Kinsella et al. 2011).

Data access
The raw sequencing data generated in this study have been submitted to the NCBI Gene Expression Omnibus (GEO; https://www.
ncbi.nlm.nih.gov/geo) under accession numbers of GSE104576.
All scripts used in this study are shown in Supplemental Figures
S8, S9 and are also accessible via GitHub (https://github.com/
Jerry-Zhao/BELD-long-genes).
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