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ABSTRACT
We applied Illumina Human Methylation450K array
to perform a genomic-scale single-site resolution
DNA methylation analysis in neuronal and
nonneuronal (primarily glial) nuclei separated from
the orbitofrontal cortex of postmortem human
brain. The findings were validated using enhanced
reduced representation bisulfite sequencing. We
identified
thousands
of
sites
differentially
methylated (DM) between neuronal and nonneuronal
cells. The DM sites were depleted within CpGisland–containing promoters but enriched in predicted enhancers. Classification of the DM sites
into those undermethylated in neurons (neuronal
type) and those undermethylated in nonneuronal
cells (glial type), combined with findings of others
that methylation within control elements typically
negatively correlates with gene expression, yielded
large sets of predicted neuron-specific and non–
neuron-specific genes. These sets of predicted
genes were in excellent agreement with the available direct measurements of gene expression in
human and mouse. We also found a distinct set of
DNA methylation patterns that were unique for
neuronal cells. In particular, neuronal-type differential methylation was overrepresented in CpG island

shores, enriched within gene bodies but not in
intergenic regions, and preferentially harbored
binding motifs for a distinct set of transcription
factors, including neuron-specific activity-dependent factors. Finally, non-CpG methylation was
substantially more prevalent in neurons than in
nonneuronal cells.
INTRODUCTION
Epigenetic mechanisms, including DNA methylation and
histone modiﬁcation, are an integral part of a multitude of
brain functions that range from basic cellular tasks to the
development of the nervous system to higher order cognitive processes (1). Recently, a substantial body of evidence
has surfaced, suggesting that several neurodevelopmental,
neurodegenerative and neuropsychiatric disorders are in
part caused by aberrant epigenetic modiﬁcations (2–4).
Therefore, a thorough characterization of the epigenetic
status of the brain is critical for understanding the
molecular basis of its function in health and disease.
In mammals, DNA methylation plays a critical role in
genomic imprinting, and X chromosome inactivation, as
well as cellular differentiation and development, and is
generally considered to be associated with transcriptional
repression (5–7). It involves almost exclusively the formation of 5-methylcytosine (5-mC) in CpG dinucleotides.
To a much lesser extent, cytosine methylation occurs
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also in non-CpG contexts. Although previously considered to be largely absent from adult somatic cells
(8,9), non-CpG methylation has recently been detected
in several human somatic tissues, and found to be particularly prevalent in the adult human and mouse brain
(10,11). DNA methylation is extremely important both
for the establishment of cell-type–speciﬁc identities in the
nervous system (12) and in mediating environmentally
induced changes in the adult brain, being a critical component of various processes and conditions including
memory formation, stress responses, depression and
drug addiction (13–16). Despite its importance, the
DNA methylation proﬁle of the brain, especially (owing
to the obvious experimental difﬁculties) in humans, has
not been sufﬁciently explored, and, when examined, was
studied mostly using bulk brain tissues (11,17–22). These
studies have shown that DNA methylation signiﬁcantly
varies between different brain regions as well as between
white and gray matter of the same region (17,20,23,24).
The brain, however, is characterized by multifaceted complexity, including heterogeneity of cell types, such as
neurons and glia, as well as subpopulations within these
cell types. These cell types are differentially distributed
among brain regions that themselves are heterogeneous
in cytoarchitecture, connectivity and function. Hence, to
achieve meaningful insight into the epigenetic landscape of
the brain (including DNA methylation proﬁle), the epigenetic marks should be studied within individual cell
types that are captured from speciﬁc brain regions.
Indeed, recent reports have clearly demonstrated signiﬁcant differences in DNA methylation patterns between
neuronal and nonneuronal cells (25,26), and suggested
that the previously reported epigenetic variation among
brain regions could be largely owing to differences in
neuron to glia ratios (26).
Because of our interest in genomic regulation of gene
expression and its possible role in psychiatric disorders, we
performed a genomic-scale single-site resolution analysis
of DNA methylation in two subpopulations of brain cells,
neurons and nonneuronal cells (primarily glial), both
obtained from a speciﬁc area of the human prefrontal
cortex (PFC), medial orbitofrontal cortex (mOFC),
which is implicated in particular behavioral domains,
including behavioral inhibition, impulsivity and aggression (27–29). We focused on two key questions: ﬁrst,
which genomic regions harbor DNA methylation differences that distinguish mature neurons from nonneuronal
cells? Second, how do these methylation differences relate
to cell-type–speciﬁc gene expression?
We found that sites that are differentially methylated
(DM) between neurons and nonneuronal cells are mostly
located distally from the transcription start sites (TSS) and
are signiﬁcantly enriched within predicted enhancers.
Conversely, these sites are depleted from CpG islands
and, consequently, from the high CpG density promoters.
Using several independent approaches, we conﬁrmed that
DNA methylation across the entire gene locus is highly
predictive of cell-type–speciﬁc gene expression. Finally, we
report that non-CpG methylation is signiﬁcantly more
abundant in the neuronal compared with nonneuronal
cells. Our results provide a resource for understanding

the mechanisms of cell-type–speciﬁc gene expression in
the adult mammalian brain.
MATERIALS AND METHODS
Nuclei Separation by ﬂuorescence-activated cell sorting
Dissected mOFC tissue was ground on liquid nitrogen,
resuspended in ice-cold lysis buffer (0.1% Triton, 0.32 M
sucrose, 5 mM CaCl2, 3 mM MgCl2, 10 mM Tris–HCl),
ﬁltered through a cell strainer, and centrifuged for 5 min
at 300g. The pellet was resuspended in blocking buffer
(1% goat serum, 2 mM MgCl2, Tris-buffered saline) and
incubated for 45 min with Alexa488-conjugated antiNeuN antibodies (Millipore) (1:1000 dilution). Next,
second centrifugation step (15 min, 2800g) through a
layer of 1.1 M sucrose was performed, and the resulted
pellet was resuspended in phosphate-buffered saline. The
DNA dye 7-AAD (Sigma) was added to a ﬁnal concentration of 2 mg/ml, and the sample was subjected to the
ﬂuorescence-activated cell sorting (FACS) procedure
using FACS Vantage with DiVa (excitation wavelength
488 nm). Finally, the sorted nuclear fractions were
precipitated by centrifugation at 4000 rpm for 20 min at
4 C and stored frozen at 80 C until DNA isolation.
DNA methylation analyses
DNA methylation proﬁling on Illumina’s Inﬁnium
Human Methylation450K array (HM450K) (Illumina
Inc.) was performed as previously described (30).
Enhanced reduced representation bisulﬁte sequencing
assay (ERRBS) was performed by the Epigenomics Core
of the Weill Cornell Medical College (WCWCM; New
York) as described in (31). The procedures and quality
control measures are detailed in Supplementary Methods.
Genome-wide genotyping and structural variant detection
Genome-wide genotyping and structural variant detection
was performed with the Illumina Inﬁnium HumanOmni1
Quad v1.0 Beadarray using standard procedures
(InﬁniumÕ HD Assay Super Protocol Guide Part #
11 322 427 Rev. C). Genotyping was used for the
analysis of the genetic background (see Supplementary
Methods). Copy number variation (CNV) calls were
made using the following parameters in the CNV partition
v3.1.6 plug-in in Genome Studio: conﬁdence threshold = 35; GC wave adjustment; minimum probe
count = 10; minimum CNV size = 10 kb. Genomic
analysis conﬁrmed the absence of large-scale genomic
structural defects such as aneuploidy.
Comparison of the DM regions with histone modiﬁcation
proﬁles
We used ChIP-seq data generated in (32) to obtain
genome-wide maps of H3K4me3, H3K4me1 and
H3K27ac proﬁles in the adult midfrontal and inferior
temporal lobes. We also included two nonbrain tissues
as negative controls (adult liver, and CD20 naive
primary cells). The data were downloaded from http://
www.broadinstitute.org/pubs/epigenomicsresource, and
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the UCSC liftOver tool was used to convert position data
from hg18 to hg19 assembly (33). Because enhancerassociated H3K4me1 and H3K27ac histone modiﬁcations
also partially overlap with promoter regions, we considered only H3K4me1 and H3K27ac peaks that are
located further than 2.5 kb from the TSS.
Weighted gene co-expression network analysis
The BrainCloud gene expression microarray data (Gene
Expression Omnibus: accession GSE30272) from
postnatal subcohort (N = 220) were used for weighted
gene co-expression network analysis (WGCNA). Gene
expression data were preprocessed as described (34).
Network construction was performed using the
blockwiseModules function in the WGCNA package
(35). The adjacency matrix was calculated by raising the
correlation matrix to the power of 6, as determined using
the scale-free topology criterion (36). For each pair of
genes, a topological overlap measure was calculated and
probes were organized into modules using hybrid dynamic
tree-cutting (37). The minimum module size was set to
30 genes and the minimum height for merging modules was set at 0.15. The WGCNA userListEnrichment
function for the ‘brain’ data sets was used for cell-type–
speciﬁc annotation of the modules. Enrichment with
genes that were predicted to be expressed in neurons
or nonneuronal cells based on their DNA methylation proﬁle was calculated using the cumulative hypergeometric probability implemented in the phyper
function in R.
Analysis of transcription factor binding motifs in DM
regions
We used the Hypergeometric Optimization of Motif
Enrichment (HOMER) (v4.1, 11-2-2012, http://biowhat.
ucsd.edu/homer/) for known motif discovery. HOMER
screens the list of previously determined motifs against
the target and background sequences. We used the sites
with nonsigniﬁcantly changed (NS) methylation as the
background. The DM regions were deﬁned as sequences
within 250 bp upstream and downstream from each DM
site. We corrected for imbalances in the sequence content
of target and background sequences by conducting GCcontent and short oligo sequences normalization
procedures.
Laser-microdissection
Laser-microdissection (LMD) was performed using Leica
AS LMD system (Leica Microsystems Inc.) using tissue
sections prepared from the PFC of four subjects.
The preparation of sections and LMD procedures were
performed as described in (38) (See Supplementary
Figure S22 for details).
RNA extraction, cDNA synthesis and quantitative realtime polymerase chain reaction
RNA extraction from LMD-microdissected preparations
was performed using the PicoPure RNA isolation Kit
(Invitrogen). cDNA synthesis was performed using

iScript cDNA synthesis kit (BioRad). Quantitative
real-time polymerase chain reaction (qPCR) was performed using EagleTaq Master Mix (Roche), speciﬁc
TaqMan probes (Applied Biosystems) and a touch-down
cycle: 10 min at 95 C, 10 cycles of 15 s at 95 C, 60 s at
70–61 C (annealing temperature is decreased 1 C after
each cycle), followed by 40 cycles of 15 s at 95 C and
60 s at 60 C. The expression of target genes was
compared between neuronal and white matter preparations within each sample using DeltaCt procedure and
normalization to the expression levels of 18S RNA.
RESULTS
Subjects and the analyzed brain region
To focus our analysis on the epigenetic features that speciﬁcally distinguish neuronal and nonneuronal cells in
human brain, we made an effort to eliminate the
common confounding factors that could affect the epigenetic patterns. To this end, we used human postmortem
brain specimens from six Caucasian male individuals of
similar age (22–29 years old at the time of death)
(Supplementary Table S1) and similar genetic background
(Supplementary Methods and Supplementary Figure S1),
without any neurological or psychiatric conditions
diagnosed at the time of death (Supplementary
Methods). We focused on the ventral extent of the PFC
that is commonly referred to as the OFC. The OFC is not
functionally homogenous, and there are signiﬁcant differences in projection ﬁelds for different subregions of
the OFC (39). We targeted the more lateral subregion of
the OFC, which projects to central striatal regions that
are believed to be involved to a greater extent in
modulating ‘impulsive action’ as opposed to ‘impulsive
choice’ (40). Thus, in all six brain specimens, a distinct
small area (speciﬁcally, a surface area of the mOFC just
lateral to the gyrus rectus) was dissected and analyzed
(Supplementary Figure S2).
Nuclei separation by FACS
Separation of neuronal and nonneuronal nuclei was performed by FACS using anti-NeuN antibodies (whose
antigen is speciﬁc for neuronal cells) and a modiﬁed
protocol that was based on previously published
methods (41,42). We used the DNA-binding dye 7-AAD
and the anti-NeuN antibodies directly conjugated with the
ﬂuorophore. As a result, we were able to routinely obtain
well-separated NeuN(+) and NeuN() nuclear fractions,
with the width of separation reaching up to an order of
magnitude of the NeuN signal intensity (Figure 1). In
addition, both fractions contained well-deﬁned DNA
content because aggregates, nuclei of dividing cells and
debris were excluded in the process of sorting (Figure 1).
We conﬁrmed the purity of each fraction using a modiﬁed
version of the protocol that included staining of sorted
nuclei with antibodies against a nonneuronal, oligodendrocyte-speciﬁc nuclear marker OLIG2 (42)
(Supplementary Figure S3). It should be noted that the
nonneuronal NeuN() fraction consists mostly of the
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Figure 1. Separation of neuronal and nonneuronal nuclei from the
human OFC by FACS. A representative experiment is illustrated.
Upper panel: Sequential gating steps in the FACS protocol: exclusion
of debris, nuclear fragments, doublets of nuclei and nuclei of dividing
cells. Middle Panel: FACS separation of neuronal and nonneuronal
nuclei based on NeuN-labeling intensity. Lower Panel: Representative
microscopic view of nuclei from sorted neuronal (NeuN+) and
nonneuronal (NeuN) fractions. Green color—NeuN staining, red
color—DNA dye staining.

glial cells (such as oligodendrocytes, astrocytes and microglia) as well as a small population of endothelial cells.
General characterization of the DNA methylation data
For each subject, DNA was extracted from the neuronal
and nonneuronal fractions and submitted to the HM450K
array protocol (30). Each sample was processed in two
replicate experiments. The HM450K array examines the
methylation status of 480 000 individual cytosine positions across the human genome. The content includes
coverage of 99% of the RefSeq protein coding genes with
multiple probes per gene and 96% of the CpG islands from
the UCSC database (30). In addition, HM450K covers
high and low CpG density promoters (http://fantom.gsc.
riken.jp/4/) (43) and predicted enhancers (44–46).
Although the array mostly targets CpG dinucleotide
sites, 3000 array probes are reserved for non-CpG methylation sites. The methylation level at each CpG or nonCpG locus is described by ‘the beta value’ (b), which is
deﬁned as the ratio of the methylated probe intensity to
the sum of methylated and unmethylated probe intensities.

The resulting b can range from 0 (no methylation) to
1 (complete methylation).
We ﬁrst ﬁltered out several groups of probes that could
potentially produce spurious results, including probes
containing common (minor allele frequency > 1%)
single-nucleotide polymorphisms (SNPs), probes within
the identiﬁed CNVs or any probes displaying a missing
value in more than one sample (Supplementary Figures
S4 and S5 and Supplementary Table S2). In both
neuronal and nonneuronal samples, the methylation frequency of individual sites showed the expected bimodal
distribution
(either
hypoor
hypermethylated)
(Supplementary Figure S6). However, because the
HM450K array does not probe CpG sites in repetitive
elements and transposons that are predominantly
hypermethylated, the percentage of hypermethylated
sites was lower in our samples compared with the
published data obtained in several cell types by wholegenome bisulﬁte sequencing (8,47,48). Unsupervised hierarchical clustering of DNA methylation data from all 24
samples showed perfect separation into the neuronal and
nonneuronal groups (Figure 2A). We then examined the
mean (across all six subjects) methylation levels at each
site between the pairs of experimental replicates. A nearly
perfect correlation between the replicates was observed
when the two experiments for the same cell-type were
compared (R values = 0.99) (Figure 2B; upper panel).
In contrast, the correlations were lower (both
R values = 0.92) when neuronal versus nonneuronal
methylation levels were compared in each of the two
experiments (Figure 2B; lower panel). Collectively, in
addition to demonstrating high reproducibility between
the technical replicates, these results clearly indicate the
existence of signiﬁcant differences in DNA methylation
between neuronal and nonneuronal cellular populations
at the level of individual sites.
In contrast to differences between cell types
(Figure 2A), we observed low variability in DNA methylation among individuals (Supplementary Figure S7).
When all HM450K sites were considered, pairwise
Spearman correlation coefﬁcients calculated among the
six subjects within both neuronal and nonneuronal
samples for each of the two replicate experiments ranged
between 0.97 and 0.98 (Supplementary Table S3). Similar
results were obtained when the analysis was restricted
to sites with intermediate levels of methylation (average
b between 0.2 and 0.8) (Supplementary Table S3). The
low interindividual variability (compared with highly
signiﬁcant differences between the cell types) was also conﬁrmed by analysis of variance (ANOVA) (Supplementary
Figure S8 and Supplementary Table S4).
Differential methylation in neuronal versus nonneuronal
cells
We applied a paired t-test to calculate the difference in
methylation between neuronal and nonneuronal cellular
populations. The analysis was performed separately
for each of the two experimental replicates. Based on
Illumina recommendations, to achieve 99% conﬁdence of
detection (30), we considered a site to be DM if it showed
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Figure 2. Signiﬁcant differences in DNA methylation between neuronal and nonneuronal cellular populations in the human OFC. (A) Unsupervised
hierarchical clustering of the DNA methylation data obtained in the neuronal and nonneuronal samples from the OFC of six subjects in two
independent replicate experiments, using 453 221 ﬁltered sites that comprised the ﬁnal data set. Cell type was the largest source of variability in these
data compared with the effects of the experimental replicate or heterogeneity among the subjects. (B) Scatter plots comparing averaged (across all six
subjects) DNA methylation levels in the neuronal versus nonneuronal samples obtained in two replicate experiments. Each point represents an
average beta value for one site from the array. The data demonstrate high level of reproducibility between the technical replicates as well as
signiﬁcant differences in DNA methylation patterns between neuronal and nonneuronal cells.

an absolute value of difference between b values in
neuronal versus nonneuronal cells >0.2 [jdelta(b)j > 0.2].
In addition, false discovery rate was applied at 1% level
to correct for multiple testing. We deﬁned the DM sites

with higher DNA methylation in nonneuronal versus
neuronal cells as ‘neuronal undermethylated’ (NUM)
sites. For the sake of clarity and because the nonneuronal
fraction consists mostly of the glial cells (see above), we
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referred to the DM sites with higher DNA methylation in
neuronal versus nonneuronal cells as ‘glial undermethylated’ (GUM) sites. Given the well-established
negative correlation between methylation and expression
in CpG-rich promoters (49–51), we considered NUM and
GUM sites as ‘neuronal-type’ (linked to neuron-speciﬁc
gene expression) and ‘glial-type’ (linked to glia-speciﬁc
gene expression), respectively. Applying these criteria, we
identiﬁed 26 556 NUM and 30 672 GUM CpG sites in the
ﬁrst experimental data set, and 26 609 NUM and 31 205
GUM CpG sites in the replicate data set. Among
these sites, 23 670 NUM and 27 742 GUM sites showed
differential methylation in both experiments, and these
‘overlapping’ subsets of sites were used in all subsequent
analyses (Supplementary Figure S4).
Differential methylation in CpG islands and related
features
CpG islands represent an important class of regulatory
regions in mammalian genomes that are characterized by
high local concentration of CpG sites (52). The CpG
islands usually have a low level of methylation, and are
often found in the vicinity of promoters (53,54). In
addition to CpG islands, two related genomic features
known as ‘shores’ and ‘shelves’ are also abundantly represented in the HM450K array (92% and 86% coverage,
respectively). The shores are deﬁned as 2-kb regions
ﬂanking CpG islands, whereas shelves are located within
2 kb outside of the shores. According to a recent study,
most tissue-speciﬁc differential DNA methylation is
situated not in the CpG islands themselves but within
the shores (18).
We found that the fraction of the sites located within
CpG islands among the DM sites was signiﬁcantly lower
than the fraction of CpG island sites in the HM450K array
as a whole, indicative of depletion of the DM sites in the
CpG islands [odds ratio (OR) = 0.30, P < 1e275, by
Fisher’s exact test] (Supplementary Figure S9A). When
the GUM and the NUM sites were considered separately,
comparable depletion of the DM sites in CpG islands
was observed for both cell types (ORs 0.25 and 0.29 for
the NUM and GUM sites, respectively; P < 1e275)
(Supplementary Figure S9B and C). We also detected
moderate enrichment of the NUM sites located in CpG
island shores (OR = 1.5, P = 3.5e166) and to a lesser
extent in shelves (OR = 1.34, P = 8e45) (Supplementary
Figure S9B and C), whereas the GUM sites did not show
notable enrichment or depletion in these regions.
Differential methylation within different genomic regions
Next we analyzed the distribution of the DM sites among
various genomic regions as deﬁned according to the UCSC
browser annotation (55). In particular, ‘promoter’ is
deﬁned as the region within 1000 bp upstream and 100 bp
downstream of TSS of a gene. We observed a signiﬁcant
depletion of the NUM and GUM sites in the promoters
(OR = 0.37 and 0.61; P < 1e252) (Supplementary
Figure S10A). This was in line with our ﬁnding of the depletion of the DM sites in CpG islands (see Supplementary
Figure S9) because CpG islands overlap with the majority

of annotated mammalian promoters (53,54). Both the
NUM and the GUM sites were overrepresented in
introns (OR = 2.02 and 1.27, P < 1e275 and 2.7e74, respectively). However, only the GUM, but not the NUM
sites, were enriched in intergenic regions (OR = 1.40,
P = 3.2e134, and OR = 0.94, P = 2.3e5, respectively)
(Supplementary Figure S10A).
Genes with CpG island-containing promoters (hereinafter CpG promoters) mostly encode housekeeping
proteins that are expressed in all tissues (53), but also
include a substantial number of master developmental
regulators such as HOX genes (56). In contrast, nonCpG promoter genes tend to have more restricted cellspeciﬁc expression patterns and are expressed later in development during tissue differentiation. We calculated the
relative abundances of DM sites in these two types of
promoters. We deﬁned a promoter as a CpG promoter
if it overlapped with an annotated CpG island by at
least 200 bp. The GUM but not the NUM sites were
more likely to reside within non-CpG promoters
(OR = 1.5, P = 1.2e114). In contrast, both the GUM
and the NUM sites were depleted to a similar extent
in CpG promoters (ORs 0.23 and 0.24, respectively,
P values < 1e275) (Supplementary Figure S10B).
Distribution of DM sites by distance from TSS:
enrichment of DM sites in predicted enhancers
We next examined the distribution of the DM sites as a
function of the distance from the nearest TSS (Figure 3).

Figure 3. Density distribution of differential DNA methylation as
function of distance from TSS. The distance is represented on a log
scale. For each bin, the normalized density of sites was calculated as
[(number of DM sites per bin)/(total number of DM sites)]/[(number of
sites in the ﬁltered HM450K array per bin)/(total number of sites in the
ﬁltered HM450K array)]. For both the NUM sites (shown as ﬁlled
circles) and the GUM sites (shown as open circles), the normalized
density of the DM sites was <1 at a distance of <1000 bp from TSS,
and was >1 at a distance of >1000 bp from TSS, suggesting that the
DM sites were depleted in the promoters but enriched within distal
regulatory elements. More GUM than NUM sites resided proximal
to TSS. Arrow indicates an enrichment of the NUM sites outside
promoter regions (1000–4000 bp from TSS), which was largely
explained by the overrepresentation of the NUM sites in CpG-island
shores (Supplementary Figure S8). Sites with nonsigniﬁcantly changed
methylation (NS) are shown as open squares.
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In agreement with our ﬁndings that DM sites were
underrepresented in CpG islands and/or in CpG promoters (Supplementary Figures S9 and S10), we
observed depletion of both the NUM and the GUM
sites in the vicinity of TSS (the density of the DM sites
was <1 at a distance of <1000 bp from TSS in Figure 3).
However, the GUM sites were more abundant than the
NUM sites proximal to TSS, in line with our observation
that the GUM (but not the NUM) sites are enriched
within
non-CpG
promoters
(Supplementary
Figure S10B). There was also a conspicuous peak in the
NUM data proﬁle outside the promoter region (1000–
4000 bp to TSS; Figure 3), which largely originated from
the contribution of the NUM sites that are enriched within
CpG island shores (Supplementary Figures S9B and S11).
Most importantly, the data clearly demonstrated that
both the NUM and the GUM sites were signiﬁcantly
more likely to reside distal to TSS (density of DM
sites > 1 at a distance of > 1000 bp to TSS in Figure 3).
Because the HM450K array covers a signiﬁcant number
of ENCODE-predicted enhancers, the enrichment of the
DM sites at positions distal to TSS could be, at least in
part, explained by the high prevalence of the DM sites
within enhancers. Indeed, we found that both the NUM
and the GUM sites were signiﬁcantly enriched within
HM450K-annotated enhancers (OR = 1.7 and 3.0,
respectively, P < 1.0e275) (Figure 4A). As expected, the
majority of the DM sites in HM450K-annotated

enhancers
were
located
distally
from
TSS
(Supplementary Figure S12).
The recent ChIP-Seq study by the NIH Roadmap
Epigenomics Mapping Consortium (REMC) examined
histone modiﬁcations in many human cell lines and
tissues including several regions of the brain (32). The
data encompass genome-wide measurements of histone
modiﬁcations including histone 3 lysine 4 mono-methylation (H3K4me1), histone 3 lysine 27 lysine acetylation
(H3K27ac) and histone 3 lysine 4 tri-methylation
(H3K4me3). Enrichment of H3K4me3 is indicative of an
active promoter, whereas H3K4me1 and H3K27ac outside
promoter regions are generally considered to mark enhancers (46,57,58). We reasoned that promoters and enhancers predicted from these experiments (done on bulk
human brain tissue rather than on isolated cell types)
would be informative for assigning enhancer status to
the DM sites. Because the H3K4me1 and H3K27ac
marks are also known to overlap with promoter regions,
we used only distal H3K4me1 and H3K27ac peaks, speciﬁcally those that are located >2.5 kb from TSS. We
found that both the NUM and the GUM sites were
more likely to reside within distal H3K27ac- and
H3K4me1-enriched regions in the frontal and temporal
lobes compared with the enhancer-associated regions
identiﬁed by the same criteria in the control specimens
(liver, or CD20 cells) (Figure 4B). The effect was more
pronounced for the NUM sites, probably because of the

Figure 4. Overrepresentation of differential DNA methylation in predicted enhancers. (A) The NUM and GUM sites were enriched in predicted
enhancers, deﬁned according to the HM450K array annotation. (B) Comparison of the DM sites (this study) with genome-wide mapping of distal
H3K4me1, distal H3K27ac and H3K4me3 marks in different tissues and cells (32). Left panel: The NUM and GUM sites were highly
overrepresented in distal H3K4me1 peaks in the adult frontal and temporal lobes; however, in control nonbrain specimens (liver or blood cells)
the enrichment was less pronounced. Middle panel: The NUM and GUM sites were highly enriched in distal H3K27ac peaks in frontal and temporal
lobe; in contrast, the NUM sites were only marginally enriched in nonbrain tissues. Right panel: the NUM and GUM sites were underrepresented in
H3K4me3 peaks in all specimens.
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signiﬁcant heterogeneity of cells within our nonneuronal
population (e. g the presence of microglia).
The REMC study also reported that in the human brain
tissues the majority of the H3K4me1 marks (70%) reside
within genes, whereas the marks of the Polycombrepressed state are signiﬁcantly enriched within intergenic
regions, suggestive of a preferential utilization of regulatory elements within introns in highly specialized adult
brain cells (32). Thus, we examined the distribution of
the NUM and GUM sites within the distal H3K4me1
and H3K27ac marks. In line with REMC study, we
observed signiﬁcant enrichment of the intronal NUM
sites but signiﬁcant depletion of the intergenic NUM
sites that reside within both enhancer-associated marks
(Supplementary Figure S13). The GUM sites localized
within H3K27ac regions showed a similar, albeit less
pronounced pattern, but the GUM sites within
H3K4me1 regions were not depleted in intergenic
regions. These data suggest that the relatively higher
density of enhancer-associated marks in introns versus
intergenic regions is more pronounced in the neuronal
than in the nonneuronal cells.
In contrast to the H3K4me1 and H3K27ac regions,
both the NUM and the GUM sites were signiﬁcantly
depleted in the H3K4me3-enriched regions in frontal
and temporal lobes (Figure 4B), in agreement with our
ﬁndings that DM sites are underrepresented in promoters
(Supplementary Figure S10). The NUM and GUM sites
were also depleted in the H3K4me3-enriched regions in
the control specimens. These data are consistent with
recent ﬁndings in multiple human cell types demonstrating
that the majority of promoters are active in multiple cell
types, whereas the enhancers are signiﬁcantly more
cell-type–speciﬁc (46,57,59).
Evolutionary conservation of the NUM and GUM sites
and regions that encopass these sites
We tested the evolutionary conservation of the NUM and
GUM sites compared with sites with nonsigniﬁcantly
changed methylation (NS sites). We used the
phastCons46way track for vertebrates from UCSC,
which provides a precalculated conservation score
ranging from 0 to 1 for each position in the human
genome based on multigenome alignment among vertebrates (60). A higher score for a speciﬁc position indicates
that the site has a higher probability of being conserved.
We compared the phastCons score values for all CpG sites
within each category (NUM, GUM and NS) and found
that the mean conservation for the NUM and GUM sites
was signiﬁcantly lower than the mean conservation among
the NS sites (Supplementary Figure S14A). There was no
signiﬁcant difference between the NUM and the GUM
conservation scores.
We also calculated the mean conservation in the regions
encompassing 100, 250, 500 and 1000 bp in both directions
from each NUM and GUM site (NUMR and GUMR,
respectively). The conservation within the NUMR and
GUMR was compared with the mean conservation of
(i) regions of the same size that are adjacent to the
NUMRs and GUMRs in both directions (for example,

for a 100-bp NUMR or GUMR, the comparison was
done with the 100-bp sequences located immediately
upstream and immediately downstream of the respective
region of interest); (ii) the regions of the same size that
encompass RefSeq annotated TSS (i.e. promoter regions);
(iii) RefSeq annotated coding exons. This analysis showed
that NUMR and GUMR are signiﬁcantly less conserved
compared with the regions that encompass TSS and
coding exons (Supplementary Figure S14B). This is in
line with the preferential concentration of both the
NUM and the GUM sites within enhancers in contrast
to the depletion of the DM sites in promoters (see also
Figure 4A). As reported previously, compared with promoters, enhancers tend to be more variable among species
(61). Conversely, for all fragment sizes tested (200, 500,
1000, 2000 bp), the NUMR and GUMR are more
conserved than the adjacent sequences of the same
length (Supplementary Figure S14B), suggesting functional importance of the NUMR and GUMR.
Validation of the HM450K methylation data by reduced
representation bisulﬁte sequencing
To validate the results obtained by the HM450K array, we
applied ERRBS to a subset of the study cohort (three of
the six subjects). Similar to RRBS, ERRBS uses the MspI
restriction, which leads to a bias for CpG-rich regions of
the genome. However, ERRBS provides an extended
coverage for regions lying outside of CpG islands (31).
To ensure the reproducibility of measurements across
the full range of values, the analysis was restricted to
sites with an at least 10 coverage (11). On average,
3 192 726 ± 151 816 (mean ± SD) CpG sites were
detected in the three neuronal and three nonneuronal
samples that we assessed, of which 2 255 360 were
present in all six samples and were used in subsequent
analyses (see Supplementary Figures S15–S20).
The ERRBS data set provided a greater coverage of
both CpG and non-CpG methylation sites than did the
HM450K data set. Moreover, the sets of methylation sites
obtained by these two methods complemented each other.
For example, a more detailed assessment of CpG islands
and shores was achieved by the ERRBS than by the
HM450K method, whereas non-CpG island promoters
were better represented in the HM450K array (see
Supplementary Figures S9B, S10B, S15, S17–S18). There
were 113 858 CpG sites that overlapped between the
ERRBS and HM450K data sets. Similar to the analyses
of the entire HM450K (Figure 2) or ERRBS data sets
(Supplementary Figure S15A), unsupervised hierarchical
clustering of DNA methylation data obtained for these
overlapping sites showed perfect separation into the
neuronal and nonneuronal groups (Supplementary
Figure S16A). In addition, within each cell type group, a
clear division was detected between the data obtained with
the two methods (Supplementary Figure S16A), indicating
a greater magnitude of differences between the platforms
compared with differences among the individuals (also see
Supplementary Table S5A for the analysis of correlation
between the ERRBS and HM450K data sets in each individual). The mean methylation levels (across all subjects)
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at each of the overlapping sites showed a strong positive
correlation between the ERRBS and HM450K experiments for samples of the same cell type; the correlations
were lower when neuronal versus nonneuronal methylation levels were compared (Supplementary Figure S16B).
This relationship was reproduced when only a subset of
sites with an intermediate range of DNA methylation
levels (beta values: 0.3–0.7) was analyzed although lower
correlations were detected (Supplementary Figure S16C
and D, Supplementary Table S5B), reﬂecting the
inherent differences between the two methods.
Applying criteria comparable with those used for the
HM450K analysis [difference in percentage of methylation > 20, Q-value < 0.01] to the 2 255 360 sites that were
detected in all six samples by ERRBS, we found 91 336
CpG sites that were undermethylated in neurons compared
with nonneuronal (mostly glial) cells (NUMERRBS sites)
and 167 251 CpG sites that were undermethylated in
nonneuronal compared with neuronal cells (GUMERRBS
sites). Importantly, among the CpG sites that overlapped
between the ERRBS and HM450K data sets, there were
no sites with opposite types of differential methylation
detected by the two methods (Supplementary Table S6).
The analysis of the distribution of the ERRBS-detected
DM sites within different genomic regions largely conﬁrmed the ﬁndings obtained with the HM450K method

(see details in Supplementary Figures S17–S20).
Speciﬁcally, both NUMERRBS and GUMERRBS sites
were signiﬁcantly depleted in CpG islands and promoters,
and the NUMERRBS sites were more likely to be found in
intragenic regions (exons and introns) versus intergenic regions, whereas the GUMERRBS sites showed enrichment in
both introns and intergenic regions. Both the NUMERRBS
and GUMERRBS sites were signiﬁcantly depleted in the
vicinity of TSS, but were signiﬁcantly more likely to
reside distal to TSS. The distal NUMERRBS and
GUMERRBS sites strongly overlapped with the distal
H3K4me1 and H3K27ac marks from the REMC study
(indicative of enhancers), whereas the NUMERRBS and
GUMERRBS sites were depleted from the regions
enriched in the H3K4me3 mark (indicative of promoters).
Correlation between methylation status and cell-type–
speciﬁc gene expression
We labeled each HM450K array-annotated gene (see
Supplementary Methods) as neuronal if it had more
NUM than GUM sites, or as nonneuronal if it had
more GUM than NUM sites, thus predicting 5098
neuron- and 6821 non–neuron-speciﬁc genes (Table 1 for
the top 25 neuronal and nonneuronal genes; Supplementary Table S7 for the entire gene list). The majority
of the genes with known patterns of expression showed the

Table 1. DNA methylation-based prediction of neuronal versus non–neuronal-cell–speciﬁc gene expression
Top 25 Neuronal DM Genes

Top 25 Nonneuronal DM Genes

Gene

Neuronal
DM sites

Nonneuronal
DM sites

 (Neuronal–
nonneuronal
sites)

Gene

Neuronal
DM sites

Nonneuronal
DM sites

 (Neuronal–
nonneuronal
sites)

PTPRN2
BAIAP2/IRSP53
MCF2L
TOLLIP
SHANK2
PRKCZ
ADARB2
CELF2/CUGBP2
MYT1L
GABBR1
MAD1L1
DLGAP2
PRKAR1B
STK32C
ABR
BRSK2
SUN1
SYNGAP1
PPP2R2C
MSRA
RIMBP2
GALNT9
PGBD5
PLEC
RPS6KA2

155
84
97
57
64
64
57
46
47
44
48
45
43
40
53
34
32
32
33
31
33
69
28
32
35

56
10
26
0
9
11
9
0
3
1
9
7
5
6
20
1
0
0
2
1
3
41
0
4
7

99
74
71
57
55
53
48
46
44
43
39
38
38
34
33
33
32
32
31
30
30
28
28
28
28

PRDM16
AGAP1
RNF39
TNXB
PPP1R18
DDR1
MSI2
INPP5A
KCNQ1
ZMIZ1
NOTCH1
TBC1D16
FBRSL1
MOG
RIN2
CCND1
AATK
MICALL2
NFIA
ZFP36L2
ASCL2
CBFA2T3
LMF1
MBP
TNS3

17
20
0
18
0
0
5
23
9
2
1
5
4
0
0
2
4
3
3
0
0
12
7
4
2

117
78
52
61
38
33
32
48
34
27
25
29
27
23
23
24
25
24
24
21
20
32
27
24
22

100
58
52
43
38
33
27
25
25
25
24
24
23
23
23
22
21
21
21
21
20
20
20
20
20

Predictions were made based on the number of the NUM or GUM sites assigned to the gene. Genes were sorted by the difference in the number of
the NUM and GUM sites, and the top 25 protein-coding genes of each type are shown here. Color denotes comparison between predictions based on
gene methylation status in humans (this study) and on differential expression status (neuronal or glial) in mouse brain (Cahoy et al., 2008) (61). Gray
color—correct prediction, italic—contrary to the data by Cahoy et al., not marked—no information on neuronal versus glial cell speciﬁcity was
available in Cahoy et al. based on the most relaxed criteria (2 enrichment) or in the available literature.
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Figure 5. Differential DNA methylation proﬁle predicts cell-speciﬁc gene expression. (A) Depiction of differential DNA methylation signatures at
individual gene loci. Visualization is made using IGV (62). Shown are methylation proﬁles for several known neuronal (SHANK2, GABBR1,
DNMT3A) or glial (MOG, GFAP) genes, as well as for putative non–neuron-speciﬁc (TMEM140) and neuron-speciﬁc (ANKRD33B) genes. Red
and blue bars represent b for sites that are undermethylated in neurons or nonneuronal cells (denoted here as ‘glial’), respectively. (B) Validation of
the results obtained in HM450K array using bisulﬁte sequencing. Between 18 and 20 clones were analyzed for each fragment and cell type. Shown are
(continued)
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expected (neuronal or nonneuronal, respectively) methylation proﬁle, thus demonstrating the negative correlation
between cell-type–speciﬁc gene expression and differential
DNA methylation measured across the entire gene locus
(Table 1 and Figure 5A). We also independently validated
these results using bisulﬁte sequencing (see Supplementary
Methods) of six loci within genes that were known or predicted to be neuronal (DNMT3A, SHANK2, ZFYVE28)
or nonneuronal (GFAP, MOG, TMEM140) based on their
HM450K array DNA methylation proﬁles (Figure 5B and
Supplementary Figure S21, Supplementary Table S8).
However, a substantial minority of known cell-type–speciﬁc genes displayed no obvious methylation preference or
even showed a preference opposite to the expected (Table
1). Some of these genes showed no consistent pattern of
differential methylation across the gene locus, suggesting
that their cell-speciﬁc gene expression is determined by
regulatory elements localized only within a speciﬁc
region (see Supplementary Figure S21 for examples).
For example, although ABR had more NUM than
GUM sites within the entire gene locus, and was, therefore, classiﬁed as neuronal, there was a strong nonneuronal-type signal in the promoter region of ABR, which
correlates with its observed cell speciﬁcity (Supplementary
Figure S22).
We then performed a functional annotation analysis of
genes that we predicted to be neuronal or nonneuronal
based on their DNA methylation proﬁle using the
MetaCore tool (www.genego.com). For the predicted
neuronal gene set (5098 genes), we detected enrichment for
neuron-related terms in all examined ontology databases
(Supplementary Table S9). In contrast, we did not detect
any neuron-associated terms in any of these ontologies for
the predicted nonneuronal genes (6821 genes).
Next, we investigated the overlap between our DNA
methylation-based predictions and the published data set
of mouse neuron-, astrocyte- and oligodendrocyte-speciﬁc
genes (61). In that study, a gene was deﬁned as cell-type–
speciﬁc if its expression within a particular cell type was at
least 20 times higher compared with the other two cell
types. We detected a highly signiﬁcant overlap (i.e. a substantially greater number of orthologs than expected by
chance) between the set of the predicted human neuronspeciﬁc genes and the set of neuron-speciﬁc genes in the
mouse brain (Figure 5C and Supplementary Table S10).
Similarly, both the astrocyte- or oligodendrocyte-speciﬁc
mouse gene lists showed a nonrandom overlap with the
nonneuronal gene list inferred in this work.

We also compared our DNA methylation-based predictions of cell-type–speciﬁc gene expression with the respective predictions derived from the analysis of the human
transcriptome. We applied an in silico tissue dissection
statistical approach that is based on WGCNA (36,63).
WGCNA identiﬁes biologically relevant patterns in highdimensional gene expression data sets by grouping genes
into modules with strongly covarying patterns across the
sample set. WGCNA can distinguish gene expression
patterns associated with speciﬁc cell types (e.g. neurons
or glia) that are present in a heterogeneous sample (e.g.
whole human cortex) thanks to the distinct transcriptional
proﬁles of these cell types and variation in their relative
proportions across samples (64). Modules generated by
this unbiased approach are then examined for cell-type–
speciﬁcity as determined by enrichment analysis using
neural cell type-enriched gene sets found in previous
studies (61,65–70). We applied WGCNA to the postnatal
subcohort (N = 220) of the gene expression microarray
data set from the BrainCloud study, which analyzed
PFC samples obtained from a large collection of
autopsy brain specimens (Gene Expression Omnibus; accession GSE30272) (34). WGCNA resulted in well-deﬁned
gene co-expression modules (N = 77) with speciﬁc anatomical distributions, consistent with previous studies in
the brain tissues (64,68) (Table 2). The identiﬁed gene
modules were frequently related to primary neural cell
types or molecular functions. In particular, we detected
numerous modules consisting of genes with enhanced
expression of neurons or of different types of glia (microglia, astrocytes and oligodendrocytes) (Table 2). Next, we
applied the hypergeometric distribution method (71) to
compare the co-expression modules with the sets of
genes that were identiﬁed as neuronal, nonneuronal or
non–cell-type–speciﬁc (containing equal numbers of the
NUM and GUM sites) on the basis of the DNA methylation proﬁles. This comparison revealed a signiﬁcant
enrichment for methylation-predicted neuronal genes in
modules related to glutamatergic and GABAegric (e.g.
parvalbumin-expressing) neurons, whereas the predicted
nonneuronal genes were highly speciﬁc for oligodendrocyte-, microglia- and astrocyte-related modules (Table 2).
In contrast, the set of non–cell-type–speciﬁc genes showed
no enrichment in any of the BrainCloud co-expression
modules.
Ideally, experimental validation of the correlation
between the DNA methylation status of a gene and its
expression would require generating both sets of data
from the same samples. However, in contrast to studies

Figure 5. Continued
results for TMEM140 (genomic location: 7: 134 833 108–134 833 366), predicted to be expressed mostly in nonneuronal cells, and ZFYVE28 (genomic
location: 4: 2 303 549–2 303 774), predicted to be expressed mostly in neurons. CpG sites that are present in the HM450K array are denoted by
squares; other CpG sites are denoted by circles. Methylated sites are ﬁlled. Methylation proﬁles obtained from neuronal and nonneuronal nuclei
are shown in light gray color and dark gray color, respectively. (C) Cellular speciﬁcity of genes predicted by their DM in the human OFC highly
correlates with cell-speciﬁc expression of these genes in the mouse brain. Shown is the percent of overlap between human neuron- and non–neuronspeciﬁc genes (predicted from their differential methylation in this study) and mouse neuron-, astrocyte- and oligodendrocyte-speciﬁc genes identiﬁed
in ﬂow cytometry–sorted cellular populations by (61). (D) We carried our qPCR in four individuals using RNA specimens obtained from the laser
microdissected neurons (from deep layers of gray matter) and small areas of adjacent white matter in the PFC (see Methods and Supplementary
Figure S19). Shown are fold differences that represent neuronal to white matter (positive values) or white matter to neuronal (negative values) gene
expression of genes for which a cell-speciﬁc expression pattern was predicted from the methylation data. Gray bars, genes with predicted neuronspeciﬁc expression; white bars, genes with predicted non–neuron-speciﬁc expression. *P < 0.05; **P < 0.01; ***P < 0.001.
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BrainCloud microarray data were obtained from Gene Expression Omnibus (accession GSE30272). WGCNA was performed as described in ‘Materials and Methods’ section. Among 5098
predicted neuronal genes, 3422 genes were present in the BrainCloud cohort. Among 6821 predicted nonneuronal genes, 4925 genes were present in the BrainCloud cohort. Among genes that
were not predicted to be expressed in a cell-type–speciﬁc manner, 11 661 genes were present in the BrainCloud Cohort. The enrichment was determined by hypergeometric distribution. Shown are
P-values that were Bonferroni-corrected (Bonf.-corr.) for multiple testing (N = 231 tests; 77 modules  3 gene lists). NEU, neuron; ASTRO, astrocyte; OLIG, oligodendrocyte; MG, microglia;
PV+, parvalbumin-expressing neurons; GLU, glutamatergic neurotransmission; FER, fold enrichment ratio. The FER is calculated using a population size that was deﬁned as the total number of
genes with evidence of robust expression in the BrainCloud (BC) cohort (N genes BC = 27 777); FER ¼ NgenesOverlap=NPredictedgenes
NgenesModule=NgenesBC

1227
404
318
155

Num-ber
of genes
per
mo-dule

M3
M10
M13
M30

BrainCloud
co-expression
module

Table 2. Cell-type–speciﬁc genes (neuronal or nonneuronal) predicted by their differential DNA methylation are signiﬁcantly enriched in the co-expression modules identiﬁed in BrainCloud
transcription data set by WGCNA
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in cell lines or whole brain tissues, a direct comparison
between DNA methylation and RNA expression within
separate cell populations obtained from the human
postmortem brain is not currently feasible because
nuclei-sorting protocols are not compatible with
preserving high-quality RNA that is required for gene
expression proﬁling. Nevertheless, we performed LMD
to isolate specimens comparable with those that were
used in the present study for the analysis of DNA methylation after nuclei sorting. Speciﬁcally, we microdissected
neuronal proﬁles from the gray matter as well as small
areas of adjacent white matter; the latter represented the
mixed population of cells that was mostly devoid of
neurons (Supplementary Figure S23). Using qPCR, we
ﬁrst conﬁrmed the enrichment of the obtained specimens
for the known neuronal and glial markers, respectively
(Supplementary Figure 24). We then tested if neuronal
versus nonneuronal speciﬁcity of genes, for which the expression pattern had not been previously studied, could be
predicted based solely on their patterns of differential
DNA methylation. Because LMD provides limited
amounts of material, we selected a small set of predicted
neuronal and nonneuronal genes (10 in each group),
which to our knowledge were not previously described
as being predominantly expressed in the neuronal or
glial cells. Among the 16 genes that showed sufﬁcient
level of expression in the microdissected samples, six predicted
neuronal
genes
(ANKRD33B,
SH3RF3,
GALNTL4, ZFYVE28, TOLLIP, TSSC1), and four predicted nonneuronal genes [TMEM140 (see Figure 5A),
CREB5, RECQL5, ZCCHC24] demonstrated signiﬁcant
enrichment (P < 0.05) in the respective cell population,
whereas the remaining six genes were not signiﬁcantly
enriched in any of the two cell populations (Figure 5D).
Transcription factor-binding motifs in DM regions
We further asked whether the regions that encompass the
DM sites (within 250 bp from each site) could contribute
to cell-type–speciﬁc transcription via differential regulation by distinct sets of transcription factors (TFs). To
this end, we compared the sets of predicted binding sites
for known TFs between the NUM- and GUM-containing
regions (NUMR and GUMR) using HOMER software
for known motif discovery. Compared with the NS sites,
our analysis identiﬁed a signiﬁcant enrichment of TF
motifs within both the NUMRs and the GUMRs;
moreover, the majority of the identiﬁed motifs differ
between the NUMRs and the GUMRs (see
Supplementary Table S11 for the lists of the top 20 hits
in each category). Both the NUMR- and the GUMRenriched TF motif lists included many TFs (i.e. members
of the EGR, MEF2 and SOX families) that play important roles in brain development and function (72–74), as
well as TFs that are mostly expressed in the brain (e.g.
members of RFX family) (75). The distribution of the TFs
between the NUMR- and the GUMR-enriched lists also
correlated well with the published data on their cell-type–
speciﬁc expression in the mouse cortex (61). Speciﬁcally,
EGR2, MEF2c, MEF2a and NEUROD1, whose consensus motifs were found enriched in the NUMRs but not in

the GUMRs, are mostly expressed in neurons, whereas
GUMR-enriched TFs (SOX2, SOX6, FOXO1 and
TCF1) are mostly expressed in glia, with the sole exception
of OLIG2.
A classiﬁcation of predicted enhancers in 17 mouse
tissues (including three adult brain tissues: cerebellum,
cortex and olfactory bulb) has been recently developed
using H3K4me1 marks, and TF binding motifs that
were enriched in tissue-speciﬁc enhancers were identiﬁed
(76). Among the 11 unique brain-speciﬁc motifs
[Supplementary Table S12 in (76)], nine were present in
the NUMR or GUMR lists (Supplementary Table S11).
Moreover, all ﬁve motifs (RFX, X-BOX, MEF2A,
ATOH1 and NP1) that were found to be enriched in the
mouse cortex-speciﬁc enhancers were also present in our
NUMR list. Likewise, using H3K4me1 proﬁling, the
aforementioned REMC study assessed six different brain
regions from the adult human brain and found two brainspeciﬁc clusters of predicted enhancers and 15 unique TF
motifs enriched within these clusters [Clusters 18 and 19;
Figure 2 and Supplementary Table S3 in (32)]. Eight of
these 15 motifs (ZNF263, RFX, NF1, X-BOX, TAL1,
SOX2, TLX and MYOD) were present among the top
NUMR or GUMR TF motifs obtained in our analysis.
Collectively, these ﬁndings agree with our observation that
the NUM and GUM sites are enriched within predicted
enhancers and accordingly are localized within regions
that contain binding sites for cell-type–speciﬁc TFs.
The most interesting discovery in our motif-enrichment
analysis is that the NUMRs seem to be enriched in TF
motifs (i.e. MEF2C, NEUROD, AP-1 and EGRs) that
mediate neuronal activity-dependent gene expression
(77). Speciﬁcally, following neuronal stimulation, it has
been found that the preexisting TFs (MEF2C and
NEUROD) are activated through direct posttranscriptional modiﬁcations and facilitate the expression of
promoter IV variant of Bdnf or the induction of
dendritogenesis, respectively (73,78). AP1 and EGR are
the products of immediate early genes (IEGs). The IEGs
are activated in a rapid, transient and protein-synthesis–
independent manner on neuronal stimulation, and their
products in turn promote the transcription of additional
activity-regulated genes. For example, EGR family
members are rapidly induced in neurons by membrane
depolarization and are implicated in regulation of
memory (72), whereas c-Fos (a component of the
dimeric AP-1 complex with Jun) has often been used as
a marker of neuronal activation in different experimental
contexts (77). The majority of the previous studies of the
TFs mediating neuronal activity-dependent gene expression mostly focused on the promoters of activity-regulated
genes (77). In line with a recent study (79), this work implicates enhancers as key players in cell-type–speciﬁc regulation of gene expression, by showing that the NUMRs
are depleted in promoters but enriched in distal regulatory
elements.
Non-CpG methylation in neuronal and nonneuronal cells
Although the HM450K array focuses on the ‘classical’
CpG-type methylation, it also probes 3091 non-CpG
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Figure 6. Non-CpG methylation in the adult human brain is restricted to neuronal cells. Data obtained with the Illumina HM450K array (A, B),
and with the ERRBS methylation assay (C, D). (A) Scatter-plot comparison of non-CpG methylation in neuronal and nonneuronal cells at 3091
individual cytosine positions probed by the HM450K array. In both replicate experiments the majority of non-CpG methylation was detected in
neuronal cells. (B) Box-and-whiskers plot comparing non-CpG methylation in individual samples. Boxes denote the median and the 25th and 75th
percentiles of methylation level; whiskers denote the 5th and 95th percentiles. In both replicate experiments, the neuronal speciﬁcity of non-CpG
methylation was observed in all six subjects. (C) Frequency histogram of non-CpG methylation levels in neurons versus nonneuronal cells. Data were
obtained with ERRBS. Each bar in the ﬁgure represents a 5% bin interval of methylation level. Figure includes data for 10 086 642 non-CpG
cytosine positions, which were present in both neuronal and nonneuronal data sets in all three subjects with coverage of at least 10 reads per site.
Inset: Number of non-CpG cytosine sites with methylation level of >0.20 or 0.40. (D) Sequence context of non-CpG methylation at sites above 20%
of methylation level in neuronal cells (N = 373 212 sites; based on ERRBS).
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positions. In both replicate experiments, we found that the
majority of these non-CpG sites were signiﬁcantly more
methylated in the neuronal compared with nonneuronal
cells (Figure 6A). Although the number of non-CpG sites
probed by the array is small, the neuron-speciﬁc methylation was observed in all six subjects in both replicate
experiments (Figure 6B). To validate these ﬁndings, we
used the ERRBS assay, which provided data for much
larger population of non-CpG sites (10 000 000) with
the coverage of at least 10 reads per site in each sample.
At all methylation level intervals except for the lowest,
neurons showed a greater number of methylated sites
compared with nonneuronal cells (Figure 6C). In particular, we detected 20-fold more neuronal than nonneuronal
non-CpG sites with methylation level > 20%, and 25-fold
more neuronal than nonneuronal sites with methylation
level > 40% (Figure 6C insert). Similar results were
obtained when non-CpG sites located within the CHG
or CHH sequence contexts were analyzed separately
(Supplementary Figure S25). The mean level of methylation across all probed non-CpG sites was 2.6% in neurons
and 0.36% in nonneuronal cells (a 7.2-fold difference). We
also analyzed sequence context of the non-CpG methylation in the ERRBS assay, which was visualized using the
WebLogo software (80). In agreement with recent ﬁndings
(11), the neuronal non-CpG loci preferentially occur in a
CACC sequence context (Figure 6D). We observed high
pairwise correlation of non-CpG methylation among
neuronal samples from different subjects (R values range
from 0.86 to 0.88) (Supplementary Table S12), suggesting
consistent patterns of non-CpG methylation in neurons.
These correlations were lower (R = 0.66–0.74) for the
nonneuronal samples. These data strongly suggest
that non-CpG methylation does not occur in a random
fashion, but rather constitutes a highly controlled process,
which may play an important role in cell-speciﬁc epigenetic regulation.
DISCUSSION
Recent ﬁndings of the ENCODE and REMC projects
reveal exquisite cell-type speciﬁcity of noncoding regulatory elements (32,81). A major challenge for genome
research is to characterize the epigenetic signatures that
mark these functional regions, especially in tissues
containing heterogeneous cell populations. This task is
particularly daunting in the case of the brain, where
various cell types are differentially distributed among
anatomically and functionally diverse brain regions. As
an initial attempt to address this challenge, in the
present study we focused on DNA methylation proﬁling
of the neuronal and nonneuronal cells, which were
obtained from a discrete area of the human PFC and
separated by FACS.
To the best of our knowledge, our ﬁndings represent
the ﬁrst demonstration that the in vivo DNA methylation
differences that distinguish the two major types of cells in
the brain (neuronal and nonneuronal) are mostly located
distally from TSS and are probably positioned within
cell-type–speciﬁc enhancers. In contrast, these cell-type–
speciﬁc DNA methylation differences are depleted in

CpG islands and consequently in CpG promoters. These
observations are in agreement with the recent whole
methylome study of the mouse embryonic stem cells
(ESC) and ESC-derived neuronal progenitor cells (48) as
well as with the previous studies that mapped the chromatin state in human cell lines (45,46,57), which indicate that
enhancers constitute the most variable class of transcriptional regulatory elements among cell types and are
probably of primary importance in driving cell-type–
speciﬁc patterns of gene expression. Detailed mapping
and understanding of enhancers is therefore critical for
elucidating the mechanisms that control cell-type–speciﬁc
gene expression, yet the incompleteness of the data on
enhancers in the human genome has conﬁned the
majority of previous studies of gene regulatory networks
to promoters.
We also found that the regions that encompass the
NUM and GUM sites (NUMR and GUMR) are signiﬁcantly enriched in known TF binding motifs, and that the
majority of the identiﬁed motifs differ between the
NUMRs and GUMRs. Most interestingly, we found
that the NUMRs are enriched in the predicted binding
sites of the TFs known to mediate the transcriptional
control of activity-regulated genes in neuronal cells. In
addition to emphasizing the importance of distal regulatory elements in the regulation of cell-type–speciﬁc transcriptional programs, these ﬁndings are also in line
with the proposed role of DNA methylation in activitydependent regulation of gene expression in the adult brain
(82). However, it has also been suggested that DNA
methylation may be a consequence of gene regulation
rather than its cause (48,83). Our results do not allow us
to distinguish between these possibilities.
Our data indicate that the DM sites are overrepresented
in CpG island shores, and this effect is more pronounced
for NUM than GUM sites. Differential methylation in
CpG island shores was previously found to distinguish
among tissue types (speciﬁcally, brain, liver, spleen and
colon), as well as between normal and cancerous colon
specimens (18). The importance of CpG island shore
methylation for gene expression regulation was further
corroborated in studies on individual genes (84–86).
Although a large fraction of more distal NUM sites
were localized within predicted enhancers (up to 50%;
Supplementary Figure S12A), this fraction was much
smaller (20%) among the proximal NUM sites. Thus,
most of the neuronal-type DM within CpG island shores
could not be assigned to the predicted enhancers and
remains to be functionally characterized.
We also investigated how DM between neuronal and
nonneuronal cells is related to cell-type–speciﬁc gene expression. An inverse correlation between DNA methylation and gene expression had previously been
experimentally validated mostly for CpG island-containing promoters (49–51). The CpG islands make up only
1% of the human genome; for the remaining 99% that
has a lower CpG content, the consequences of DNA
methylation for gene regulation remain largely unclear,
and have been reported to vary depending on the
location of the CpG site, the speciﬁc gene or the speciﬁc
cell type (11,17,87–89). Moreover, a positive correlation
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between gene body methylation and gene activity was
reported in several highly proliferating human cells
(8,88). This pattern, however, was not detected in slowly
dividing tissues (e.g. kidney or lung) and was reversed in
the brain (89). In agreement with that report, several lines
of evidence presented in our work consistently demonstrate a highly predictive inverse correlation between
cell-type–speciﬁc DNA methylation across the entire
gene locus (including gene bodies and promoters) and
cell-type–speciﬁc gene expression in the human brain.
The discovery of the striking difference in non-CpG
methylation between neuronal and nonneuronal cells is
intriguing. Previous studies have shown that non-CpG
methylation levels are high in pluripotent cells, whereas
somatic cell types exhibit low levels of non-CpG methylation (8,47). In addition, abundant non-CpG methylation
has recently been discovered in adult mouse and human
brain but not in the brain-derived cell lines (9,11). Here we
report signiﬁcantly higher levels of non-CpG methylation
in neuronal compared with nonneuronal cells. Non-CpG
methylation is associated with the DNMT3A activity (9).
In the brain, DNMT3A is expressed mostly in neurons
(90). This is compatible with the signiﬁcantly greater
number of NUM versus GUM sites within the
DNMT3A gene itself, as detected in the present work
(see Figure 5A). Thus, it appears likely that non-CpG
methylation preferentially accumulates in nondividing
neurons that express high levels of DNMT3A. Indeed,
as suggested by a recent study of non-CpG methylation
during germ-cell development, the presence and level of
non-CpG methylation may be determined by the balance
between de novo methylation activity and the rate of cell
proliferation (91).
Neither the HM450K array nor the ERRBS distinguish
between 5-mC and 5-hydroxymethylcytosine (5-hmC)
modiﬁcations. It has been shown that 5-mC can be
oxidized to 5-hmC (92), and 5-hmC can be an intermediate in DNA demethylation or constitute a distinct epigenetic mark (93). Interestingly, the highest levels of 5-hmC
among all analyzed tissues have been reported for the
adult brain (5-hmC% = 0.67) (94–96). Methods to
analyze 5-hmC are in active development, and two single
base-resolution protocols on a genomic scale have been
recently published (97,98). A recent comprehensive
study, which used bulk brain specimens, reported that
5-hmC is enriched within active genome regions in the
fetal and adult mouse brain (99). Further studies will be
required to determine the contribution and the role of
5-hmC in differential methylation among different
cellular populations in the brain.
While this manuscript was under review, a new comparative analysis of DNA methylation in neuronal
versus nonneuronal cells using whole-genome bisulﬁte
sequencing has been published (99). This work has a substantially wider scope, but was mostly focused on global
epigenome restructuring during mammalian development,
to which end multiple specimens from the bulk human and
mouse brain preparations of different ages were analyzed.
The results reported for cell-type–speciﬁc DNA methylation in the adult brain samples—including the enrichment
of the neuronal and nonneuronal DM regions in the

intragenic regions and enhancers, the depletion of these
regions within promoters, the global enrichment for
non-CpG methylation (mainly in the CA context) in the
neuronal compared with nonneuronal cells and the high
interindividual correlation of non-CpG methylated sites in
neurons—are completely in line with the ﬁndings that are
described in the present work. However, in addition to the
conﬁrmation of these ﬁndings, our study, that was focused
speciﬁcally on the differences between neuronal and
nonneuronal DNA methylation in the human adult
brain and was performed using an improved FACS
protocol that provided more accurate separation of different cell types, allowed us to capture additional features. In
particular, we observed the overrepresentation of celltype–speciﬁc DM regions in CpG island shores, the enrichment of the binding motifs for neuron-speciﬁc TFs
(including activity-dependent factors) within neuronspeciﬁc DM regions, and the strong association between
DNA methylation within regulatory elements (including
predicted enhancers) and cell-type–speciﬁc gene expression. These ﬁndings are expected to be important for
future research of the role of DNA methylation in
shaping speciﬁc cellular identities.
CONCLUSIONS
Methods such as HM450K array and ERRBS open up
qualitatively new directions in functional genomics by
allowing one to examine a given feature, in this case the
methylation status of individual sites, on the wholegenome level. We took advantage of these technologies
to perform a comprehensive comparative analysis of
cytosine methylation in neuronal versus nonneuronal
cells. Although there was no signiﬁcant overall difference
in the methylation levels, site-by-site analysis led to the
identiﬁcation of thousands of DM sites. The DM sites
fell into two categories, namely those that are signiﬁcantly
undermethylated in neurons or in the nonneuronal cells,
respectively. The DM sites showed a strongly nonuniform
distribution among gene control elements. The predicted
CpG-island promoters are depleted for DM sites, whereas
the predicted enhancers are strongly enriched for DM
sites. Given that methylation within control elements is
typically negatively correlated with gene expression,
these ﬁndings imply that the expression of neuronspeciﬁc and non–neuron-speciﬁc genes is associated with
differential methylation of enhancers. The sets of neuronspeciﬁc and non–neuron-speciﬁc genes derived from
differential methylation data indeed show excellent agreement with the available direct measurements of gene
expression in human and mouse, suggesting that differential methylation is a robust predictor of cell-type–speciﬁc
gene expression. Importantly, distinct neuron-speciﬁc
DNA methylation trends were identiﬁed. In particular,
neuronal-type differential methylation was signiﬁcantly
overrepresented in CpG island shores and was enriched
within gene bodies but not in intergenic regions. In
addition, we identiﬁed a signiﬁcant excess of predicted
binding motifs for neuron-speciﬁc TFs (including
activity-dependent factors) in the vicinity of neuronal-
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type DM sites. Most strikingly, non-CpG methylation was
found to be much more common in neurons than it is in
nonneuronal cells. The high coverage brain-cell–speciﬁc
DNA methylation information obtained in this work is
expected to comprise a valuable resource for further
study of cell-type–speciﬁc epigenetic marks and to
enable new discoveries about the role of brain epigenetics
in health and disease.
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Supplementary Data are available at NAR Online,
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