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Abstract

characterization of cell types and patient samples.

Background: Our understanding of eukaryotic gene regulation is limited by the complexity of protein—-DNA interac-
tions that comprise the chromatin landscape and by inefficient methods for characterizing these interactions. We
recently introduced CUT&RUN, an antibody-targeted nuclease cleavage method that profiles DNA-binding proteins,
histones and chromatin-modifying proteins in situ with exceptional sensitivity and resolution.

Results: Here, we describe an automated CUT&RUN platform and apply it to characterize the chromatin land-
scapes of human cells. We find that automated CUT&RUN profiles of histone modifications crisply demarcate active
and repressed chromatin regions, and we develop a continuous metric to identify cell-type-specific promoter and
enhancer activities. We test the ability of automated CUT&RUN to profile frozen tumor samples and find that our
method readily distinguishes two pediatric glioma xenografts by their subtype-specific gene expression programs.

Conclusions: The easy, cost-effective workflow makes automated CUT&RUN an attractive tool for high-throughput
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Background

Cells establish their distinct identities by altering activ-
ity of the cis-regulatory DNA elements that control gene
expression [1, 2]. Promoter elements lie near the 5’ tran-
scriptional start sites (TSSs) of all genes, whereas distal
cis-regulatory elements such as enhancers often bridge
long stretches in the DNA to interact with select pro-
moters and direct cell-type-specific gene expression [1,
2]. Defects in the nuclear proteins that recognize these
cis-regulatory elements underlie many human diseases
that often manifest in specific tissues and cell types
[3-7]. However, we are only just beginning to appreci-
ate how assessing the activity of cis-regulatory elements
may be used in clinical settings for patient diagnosis [8].
To provide a reference for molecular diagnosis of patient
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samples, efforts are underway to generate a comprehen-
sive atlas of cells in the human body [9, 10]. Character-
izing cell-type-specific chromatin landscapes is essential
for this atlas; however, technical limitations have pre-
vented implementation of traditional approaches for
genome-wide profiling of chromatin proteins on the
scales necessary for this project.

Despite the growing awareness that epigenetic
derangements underlie many human diseases [11], very
few methods for high-throughput profiling of epig-
enomic information are available. Realizing the clinical
potential of epigenomic technologies requires robust,
scalable approaches that can profile large numbers of
patient samples in parallel. Chromatin immunoprecipi-
tation with antigen-specific antibodies combined with
massively parallel sequencing (ChIP-seq) has been used
extensively for epigenome profiling, but this method is
labor-intensive, prone to artifacts [12—-14], and requires
high sequencing depth to distinguish weak signals from
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genomic background noise. Although semi-automated
implementations of ChIP-seq exist, these begin with
cross-linking cells and solubilization by sonication [15—
17], steps that are difficult to scale and to control for
reproducibility. The combination of these factors has
prevented implementation of ChIP-seq in clinical labora-
tory settings. Recently, we have introduced CUT&RUN
as an alternative chromatin profiling technique that uses
factor-specific antibodies to tether micrococcal nuclease
(MNase) to genomic binding sites [18, 19]. The targeted
nuclease cleaves chromatin around the binding sites, and
the released DNA is sequenced using standard library
preparation techniques, resulting in efficient mapping
of protein-DNA interactions. CUT&RUN has very low
backgrounds, which greatly reduces sample amounts
and sequencing costs required to obtain high-quality
genome-wide profiles [18, 20].

Here, we modify the CUT&RUN protocol to profile
chromatin proteins and modifications in a 96-well format
on a liquid handling robot, beginning with permeabilized
cells and ending with barcoded libraries that are ready to
be pooled for sequencing. By applying this method to the
H1 human embryonic stem cell (hESC) line and the K562
leukemia cell line, we demonstrate that AutoCUT&RUN
can be used to identify cell-type-specific promoter and
enhancer activities, providing a means to quantitatively
distinguish cell-types based on their unique gene regu-
latory programs. In addition, we show that this method
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is able to define chromatin features from frozen solid
tumor samples, setting the stage to analyze typical clini-
cal specimens at low cost. AutoCUT&RUN is ideal for
high-throughput studies of chromatin-based gene regu-
lation, allowing for examination of chromatin landscapes
in patient samples and expanding the toolbox for epige-
netic medicine.

Results

An automated platform for genome-wide profiling

of chromatin proteins

To adapt CUT&RUN to an automated format we
equipped a Beckman Biomek FX liquid handling robot
for magnetic separation and temperature control
(Fig. 1a). First, cells are bound to concanavalin A-coated
magnetic beads, allowing all subsequent washes to be
performed by magnetic separation. Bead-bound samples
are then incubated with antibodies, and up to 96 samples
are arrayed in a plate (Fig. 1a). Successive washes, teth-
ering of a proteinA-MNase fusion protein, cleavage of
DNA, and release of cleaved chromatin fragments into
the sample supernatant are performed on the Biomek
(Additional file 1: Fig. Sla). A major stumbling block to
automating epigenomics protocols is that they typically
require purification of small amounts of DNA prior to
library preparation. To overcome this hurdle, we devel-
oped a method to polish the DNA ends in chromatin
fragments for direct ligation of Illumina library adapters

Bind cells
& antibody

2]

Array
samples

Tommoon>

o

Pool libraires
& sequence

w A4 g

===

b Biological Rep. (#) HActive
B Repressed
NH1
BK562
DKa7mes
1
1.0 %>K27me3
5 08 219G
Eh 0.6 ;}lgG
SO IKames
o 0.2

Drame2
1-K27ac
;>K4me1
DKames

Dkame2
Dkamet
bkarac

Fig. 1 Anautomated platform for high-throughput in situ profiling of chromatin proteins. a AutoCUT&RUN workflow. (1) Cells or tissue are bound
to concanavalin A-coated beads, permeabilized with digitonin, and incubated with an antibody targeting a chromatin protein. (2) Samples are
arrayed in a 96-well plate and (3) processed on a Biomek robot fitted with a 96-well magnetic plate for magnetic separation during washes (a), and
an aluminum chiller block (8) routed to a circulating water bath (y) for temperature control. (4) AutoCUT&RUN produces in 2 days up to 96 libraries
that are ready to be pooled and sequenced. b Hierarchically clustered correlation matrix of AutoCUT&RUN profiles of histone-H3 modifications
that mark active (pink) and repressed (blue) chromatin in H1 (orange) and K562 (purple) cells. Pearson correlations were calculated using the
log,-transformed values of read counts split into 500 bp bins across the genome
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(Additional file 1: Fig. Sla). End-polishing and adapter
ligation are performed on a separate thermocycler, and
deproteinated CUT&RUN libraries are purified on the
Biomek using Ampure XP magnetic beads both before
and after PCR enrichment. This AutoCUT&RUN proto-
col allows a single operator to generate up to 96 librar-
ies in 2 days that are ready to be pooled and sequenced
(Fig. 1a) (https://www.protocols.io/view/autocut-run-
genome-wide-profiling-of-chromatin-pro-ufeetje).

To test the consistency of AutoCUT&RUN, we simul-
taneously profiled two biological replicates of H1 hESCs
and K562 cells using antibodies targeting four his-
tone modifications that mark active chromatin states
(H3K4mel, H3K4me2, H3K4me3, and H3K27ac) and
one repressive modification (H3K27me3). Comparing
the global distribution of reads for each histone mark, we
found that samples highly correlate with their biological
replicate and cluster together in an unbiased hierarchical
matrix (Fig. 1b). Additionally, the genome-wide profiles
of the four active histone marks clustered together within
a given cell type and separated away from the repressive
histone mark H3K27me3 (Fig. 1b). These profiles repre-
sent antibody-specific signals, as all five are poorly cor-
related with an IgG-negative control. Together, these
results indicate that AutoCUT&RUN chromatin profiling
reproducibly captures the cell-type-specific distributions
of histone marks.

In addition to profiling histone modifications, we also
examined whether AutoCUT&RUN can be applied to
mapping DNA-binding transcription factors. We tested
the performance of AutoCUT&RUN with two tran-
scription factors, the histone locus-specific gene regu-
lator NPAT, and the insulator protein CTCF [21, 22].
AutoCUT&RUN profiles of both NPAT and CTCF
are highly specific for their expected targets in both
H1 and K562 cells (Additional file 1: Fig. S1b, c). Thus,
AutoCUT&RUN is suitable for high-throughput,
genome-wide profiling of diverse DNA-binding proteins.

Comparison of AutoCUT&RUN to ChIP-seq

We previously showed that the low backgrounds and high
efficiency of CUT&RUN allowed for much lower DNA
sequencing read depths than required for conventional
ChIP-seq to obtain good feature definition. To deter-
mine whether improved performance relative to ChIP-
seq extends to AutoCUT&RUN, we first identified the
histone modification datasets from the ENCODE project
that used the same antibodies and manufacturer catalog
numbers as we used. A representative region is shown for
direct comparison of tracks between AutoCUT&RUN
and ENCODE (Fig. 2a). In all comparisons, the ENCODE
datasets are seen to be much noisier than the CUT&RUN
datasets, despite the fact that there were ~2 to 3 times
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as many mapped reads in the ENCODE datasets, pool-
ing all of the reads from the two replicates available in
the Gene Expression Omnibus (GEO). The requirement
for much deeper sequencing using ChIP-seq relative to
CUT&RUN is illustrated by the effect of downsampling
the ENCODE datasets to a number of reads equivalent
to the number of CUT&RUN fragments, where in the
case of H3K4mel, the feature definition from ChIP-seq
becomes dramatically reduced, whereas the same num-
ber of mapped CUT&RUN fragments shows clear peaks
with much lower background than seen for either the
Broad Institute or SYDH ENCODE tracks for all com-
parisons. We confirmed that the higher data quality of
CUT&RUN extends to genome-wide analysis, where heat
maps of MACS2 peak calls for CUT&RUN show much
better signal-to-noise than heat maps for corresponding
ENCODE datasets using ENCODE-generated peak calls
(Fig. 2b).

The fixation, sonication, and immunoprecipitation
steps of ChIP-seq have the potential to introduce sig-
nificant batch-effect variability between experiments
[23, 24], often making it difficult to directly compare
large ChIP-seq datasets generated by different laborato-
ries. To examine whether AutoCUT&RUN reduces this
batch-effect variability, we compared the global distri-
bution of reads for H3K4mel in K562 cells generated
from multiple different AutoCUT&RUN and ENCODE
ChIP-seq experiments. This analysis revealed that bio-
logical replicates profiled by AutoCUT&RUN in dif-
ferent batches have a similar correlation with biological
replicates profiled in parallel, indicating there is very little
batch-effect variability between AutoCUT&RUN experi-
ments (Fig. 2c). Furthermore, the correlation between
AutoCUT&RUN samples and the Broad Institute ChIP-
seq samples was similar to the correlation of Broad
Institute ChIP-seq replicates with each other (Fig. 2c).
In agreement with the visual comparison of tracks
(Fig. 2a), this demonstrates the genome-wide profiles of
H3K4mel generated by AutoCUT&RUN are consistent
with results obtained using ChIP-seq. However, the cor-
relation between the Broad Institute ChIP-seq replicates
and the SYDH ChIP-seq replicate was far lower than that
observed between different AutoCUT&RUN batches,
reaffirming the inherent difficulty in reproducing ChIP-
seq results (Fig. 2c). We conclude that by eliminating
many of the potential sources of batch-effects associated
with ChIP-seq, AutoCUT&RUN significantly improves
reproducibility between experiments, which will facili-
tate the adaptation for clinical applications.

We next examined whether AutoCUT&RUN profiles
recapitulate global chromatin features that have been
previously ascribed to hESCs using ChIP-seq. To main-
tain their developmental plasticity, hESCs are thought to
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Fig. 2 Comparison of AutoCUT&RUN versus ENCODE ChlIP-seq. a A representative silenced domain flanked by active genes is shown for human
K562 cells probed using the same antibodies by either AutoCUT&RUN or ChiP-seq. For each comparison, ChIP-seq tracks are shown that include
either all sequenced fragments or the same number of sampled fragments as the AutoCUT&RUN data. b Heat map comparison of H3K4me1
Ab8895 =+ 1 kb around peak centers (summits) called by MACS2 for AutoCUT&RUN data and for ENCODE ChlIP-seq data (broad peaks by Broad
Institute and narrow peaks by SYDH). Signal intensities reflect the relative number of reads that fall within peaks. ¢ Correlation matrix comparing

batches (B) and replicates (R) between AutoCUT&RUN and ENCODE ChiP-seq datasets for H3K4me1 Ab8895

have a generally “open,” hyper-acetylated chromatin land-
scape interspersed with repressed domains of “bivalent”
chromatin, marked by overlapping H3K27me3 and H3K4
methylation [25-28]. AutoCUT&RUN recapitulates
these features of hESCs; we observed that H1 cells have
increased H3K27ac as compared to the lineage-restricted
K562 cell line, whereas domains of the repressive histone
mark H3K27me3 are rare in H1 cells, but prevalent in
K562 cells (Fig. 3a). We also observed extensive overlap
between H3K27me3 and H3K4me2 signals in H1 cells,
but not K562 cells (Fig. 3a, b). Thus, AutoCUT&RUN
profiles are consistent with the specialized chromatin
features found in hESCs using ChIP-seq.
Post-translational modifications to the H3 histone
tail closely correlate with transcriptional activity [29].
To determine whether our AutoCUT&RUN profiles of
histone modifications are indicative of transcriptional
activity, we examined the distribution of the five histone
marks around the transcriptional start sites (TSSs) of
genes, rank-ordered according to RNA-seq expression
data (Fig. 3¢, d) [30]. We find the active mark H3K4me3
is the most highly correlated with expression in both cell
types (r=0.70 and 0.81 for H1 and K562, respectively),
followed by H3K4me2 and H3K27ac (Fig. 3c, d). The

repressive histone mark H3K27me3 is anti-correlated
with expression (r=-—0.16 and —0.53 in H1 and K562,
respectively) (Fig. 3¢, d). We conclude AutoCUT&RUN
for these histone marks provides a strategy to identify
cell-type-specific gene regulatory programs.

Modeling cell-type-specific gene expression

from AutoCUT&RUN profiles

To use AutoCUT&RUN data to compare cell types and
distinguish their gene regulatory programs, we wanted
to develop a continuous metric that incorporates both
active and repressive chromatin marks. RNA-seq has
been widely used to identify cell-type-specific gene
expression programs [30], so we used RNA-seq data
as a reference for training a weighted linear regres-
sion model that incorporates normalized H3K4me2,
H3K27ac, and H3K27me3 read counts to assign pro-
moters a relative activity score. We initially focused
our analysis on genes with a single TSS that could be
unambiguously assigned RNA-seq values. H3K4me2
was selected over H3K4me3 and H3K4mel because
H3K4me?2 is uniquely applicable for modeling the activ-
ity of both proximal and distal cis-regulatory elements
(see below). When applied to K562 cells, promoter
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Fig. 3 AutoCUT&RUN reproduces the expected chromatin landscape of H1 and K562 cells. a Scaled Venn diagrams showing the relative amount
of the genome that falls within H3K27me3 (gray), H3K4me2 (brown), and H3K27ac (red) domains in H1 cells and K562 cells. Numbers indicate
megabases (Mb). b Genome browser tracks showing the overlap of H3K4me2 and H3K27me3 in H1 cells, as well as the expansion of H3K27me3
domains and loss of overlap with H3K4me2 in K562 cells at a representative locus (NODAL). ¢ Heat maps showing the distribution of AutoCUT&RUN
profiles of histone modifications in H1 cells centered on the TSSs of genes with a single promoter, oriented left-to-right according to the 5’-to-3/
direction of transcription and rank-ordering according to RNA-seq values (FPKM). d Heat maps showing the distribution of AutoCUT&RUN histone
modification profiles on transcriptionally active and repressed promoters in K562 cells. Pearson correlations (r value) between AutoCUT&RUN
profiles of individual histone marks around these TSSs and their corresponding RNA-seq values are indicated

chromatin scores correlate very well with RNA-seq val-  (Fig. 4d, Additional file 1: Fig. S2c, d), implying that
ues (r=0.83) (Fig. 4a), providing a comparable power these genes are differentially expressed without changes
for predicting gene expression as similar models that in the chromatin features included in our model. This
used up to 39 histone modifications mapped by ChIP-  differential sensitivity between methods suggests the
seq (r=0.81) [29]. In addition, our weighted model three histone marks included in our chromatin model
trained on K562 cells performs well when applied to HI  may more accurately predict the cell-type-specific
cells (Additional file 1: Fig. S2a, b), indicating that the  expression of certain classes of genes than others.
linear model and data quality are sufficiently robust to  Indeed, we find the 865 cell-type-specific genes iden-
assign promoter scores to diverse cell types. tified by both promoter activity modeling and RNA-

Next, we examined whether AutoCUT&RUN accu- seq are highly enriched for developmental regulators,
rately identifies promoters with cell-type-specific activ-  whereas the genes called by either promoter scores or
ity. By calling promoter scores that were enriched more =~ RNA-seq alone are not nearly as enriched for develop-
than twofold in either H1 or K562 cells, we identified mental GO terms (Fig. 4d, Additional file 1: Fig. S2e-g,
2168 cell-type-specific genes and approximately 40%  Additional file 2: Table S1). In addition, only 35 genes
of these genes (865) were also differentially enriched display contradictory cell-type specificities according
between H1 and K562 cells according to RNA-seq to promoter chromatin scores and RNA-seq (Fig. 4d).
(Fig. 4b—d). However, promoter activity modeling did  This demonstrates AutoCUT&RUN profiling of these
not capture transcriptional differences for 1149 genes  widely studied modifications to the H3 histone tail can
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be applied to accurately distinguish between cell-type-
specific developmental regulators.

To determine whether AutoCUT&RUN data reca-
pitulate the expression of cell-type-specific transcrip-
tion factors, we expanded our analysis to include all
promoters. We find that components of the hESC pluri-
potency network (NANOG, SOX2, SALL4, and OTX2)
have higher promoter chromatin scores in H1 cells, while

regulators of hematopoietic progenitor cell fate (PU.1,
TALI, GATAI, and GATA2) are enriched in K562 cells
(Fig. 4e, Additional file 2: Table S1) [31, 32]. This method
also identifies activities of alternative promoters (e.g., at
the OTX2 and TALI genes), providing an indication of
the specific gene isoforms that are expressed in a given
cell type (Fig. 4e). We conclude that AutoCUT&RUN can
distinguish between master regulators of cellular identity,
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providing a powerful tool to characterize cell-types in a
high-throughput format.

Profiling tumors by AutoCUT&RUN

Typical clinical samples often contain small amounts of
material and have been flash-frozen, and although ChIP-
seq has been applied to flash-frozen tissue samples, avail-
able methods are not sufficiently robust for diagnostic
application. In addition, translational samples from
xenografts, which are increasingly being used in clinical
settings to probe treatment strategies for patients with
high-risk malignancies [34]. These specimens can be
extremely challenging to profile by ChIP-seq as they often
contain a significant proportion of mouse tissue and so
require extremely deep sequencing to distinguish signal
from noise. To test whether AutoCUT&RUN is suitable
for profiling frozen tumor specimens, we obtained two
diffuse midline glioma (DMG) patient-derived cell lines
(VUMC-10 and SU-DIPG-XIII) that were autopsied from
similar regions of the brainstem, but differ in their onco-
genic backgrounds [33]. SU-DIPG-XIII is derived from a
tumor containing an H3.3K27M “oncohistone” mutation,
which results in pathologically low levels of PRC2 activ-
ity, and because of this has been called an “epigenetic”
malignancy. In contrast, VUMC-10 is a MYCN-amplified,
histone wild-type brainstem glioma [34]. Both of these
DMG cell lines readily form xenografts in murine models,
and we applied AutoCUT&RUN to profile histone modi-
fications in VUMC-10 and SU-DIPG-XIII xenografts
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that were seeded in the brains of mice and then resected
upon tumor formation and frozen under typical clini-
cal conditions (Fig. 5a). For comparison, on the same
AutoCUT&RUN plate we profiled the parental DMG cell
lines grown in culture (Fig. 5a). Again, we found that rep-
licates were highly concordant, so we combined them for
further analysis. Importantly, cell culture samples were
highly correlated with the same mark profiled in the cor-
responding frozen xenografts, and AutoCUT&RUN on
xenograft tissues and cell culture samples produced simi-
lar data quality (Fig. 5b, Additional file 1: Fig. S3). Thus,
AutoCUT&RUN reliably generates genome-wide chro-
matin profiles from frozen tissue samples.

Stratification of patient malignancies is becoming
increasingly dependent on molecular diagnostic meth-
ods that distinguish tumor subtypes derived from the
same tissues. Our VUMC-10 and SU-DIPG-XIII sam-
ples provide an excellent opportunity to explore the
potential of using AutoCUT&RUN to classify tumor
specimens according to their subtype-specific regula-
tory elements. By applying promoter modeling to these
samples, we identified 5006 promoters that show dif-
ferential activity between VUMC-10 and SU-DIPG-XIII
cells (Fig. 6a, Additional file 2: Table S1). Consistent
with the glial origins of these tumors, both the VUMC-
10- and SU-DIPG-XIII-specific promoters are signifi-
cantly enriched for genes involved in nervous system
development (Additional file 1: Fig. S4a, b). Genes
involved in cell signaling are also overrepresented in
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Fig. 5 AutoCUT&RUN is suitable for profiling the chromatin landscape of frozen tumor samples. a DMG experimental setup. Two DMG cell lines
derived from a similar region of the brainstem were grown as xenografts in the brains of immunocompromised mice, and upon forming tumors
were resected and frozen. Xenografts were thawed and processed by AutoCUT&RUN in parallel with control DMG samples harvested directly from
cell culture. b Hierarchically clustered correlation matrix of AutoCUT&RUN profiles of histone-H3 modifications that mark active (pink) and repressed
(blue) chromatin in VUMC-10 (orange) and SU-DIPG-XIII (purple) cells grown in cell culture (C.C)) or as xenografts (Xeno.). As a quality control,
H3K27ac was also profiled manually in these cell lines using a different antibody (*). Pearson correlations were calculated using the log,-transformed
values of read counts split into 500 bp bins across the genome
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SU-DIPG-XIII cells (Additional file 1: Fig. S4b); for
example, the promoters of the PDGFR gene as well
as its ligand PDGF are highly active in SU-DIPG-XIII
cells (Fig. 6a). This is consistent with the observation
that DMGs frequently contain activating mutations in
PDGFR-a that promote tumor growth [5]. In addition,
one promoter of the SMAD3 gene, a component of the
TGE-P signaling pathway [35], is specifically active in
SU-DIPG-XIII cells, whereas two different SMAD3
promoters are active in VUMC-10 cells (Fig. 6a, Addi-
tional file 1: Fig. S3). In comparison, our model indi-
cates that only 388 promoters differ between VUMC-10
xenografts and cultured cells, and 1619 promoters dif-
fer between SU-DIPG-XIII samples (Fig. 6b, Additional
file 1: Fig. S5c¢). In addition, comparing promoter chro-
matin scores in an unbiased correlation matrix also
indicates DMG xenografts are far more similar to their
corresponding cell culture samples than they are to
other DMQG subtypes or to H1 or K562 cells (Fig. 6c¢).
This suggests that AutoCUT&RUN can be applied to
identify promoters that display tumor subtype-specific
activity, providing a reliable method to assign cellular
identities to frozen tumor samples, as well as an indi-
cation of the signaling pathways that may be driving
tumor growth and potential susceptibility to therapeu-
tic agents.

High-throughput mapping of cell-type-specific enhancers

The cell-type-specific activities of gene promoters are
often established by incorporating signals from dis-
tal cis-regulatory elements, such as enhancers [1, 2].
Similar to promoters, enhancers also display H3K4me2
[36], and active enhancers are typically marked by
H3K27ac, whereas repressed enhancers are marked by
H3K27me3 [28, 37, 38]. Therefore, we reasoned that the
AutoCUT&RUN profiles we used to model promoter
activity should also allow identification of cell-type-spe-
cific enhancers. To investigate this possibility, we first
compared our H1 data to available chromatin accessi-
bility maps generated by ATAC-seq, which are enriched
for both active promoters and enhancers [39, 40]. Of the
marks we profiled, we find H3K4me2 peaks show the
highest overlap with ATAC-seq (Fig. 7a, Additional file 1:
Fig. S5a), and identify 36,725/52,270 ATAC-seq peaks
(~70%). Interestingly, H3K4me2 defines an additional
71,397 peaks that were not called by ATAC-seq (Fig. 7a,
Additional file 1: Fig. S5a). Many of these H3K4me2-spe-
cific peaks show a low, but detectable ATAC-seq signal
(Additional file 1: Fig. S5b), indicating they may corre-
spond to repressed promoters and enhancers. Consistent
with this interpretation, on average H3K4me2+/ATAC-
TSSs have higher H3K27me3 signals than H3K4me2+/
ATAC+ TSSs (Additional file 1: Fig. S5c). H3K4me2+/
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ATAC+ peaks that overlap with annotated TSSs are
enriched for H3K4me3, while those peaks that do not
overlap TSSs are enriched for H3K4mel (Fig. 7b, c,
Additional file 1: Fig. S5d), suggesting that many of these
distal peaks are enhancers [28, 41]. Thus, mapping sites
of H3K4me2 by AutoCUT&RUN provides a sensitive
method for defining the repertoire of active cis-regula-
tory elements that control gene expression programs.
Finally, we examined whether AutoCUT&RUN can be
used to identify cell-type-specific enhancers. To expand
the number of putative enhancer sites, we compiled a list
of non-TSS peaks called on H3K4me2 profiles from all six
cell lines and xenograft samples. Using our linear regres-
sion model, we then assigned these elements chromatin
scores and examined their correlations between differ-
ent cell types. We find that the chromatin scores of DMG
cell culture samples and xenografts are highly correlated
(r=0.75 and 0.87 for SU-DIPG-XIII and VUMC-10 sam-
ples, respectively) (Fig. 7d). In contrast, the chromatin
scores of SU-DIPG-XIII cells show a weak positive cor-
relation with VUMC-10 cells (e.g. »=0.19), indicating
tumor subtype-specific differences. For example, dif-
ferent enhancers near the SOX2 pluripotency gene are
active in VUMC-10 cells than SU-DIPG-XIII or H1 cells
(Fig. 7e), indicating that SU-DIPG-XIII cells resemble a

more primitive neural stem cell type than VUMC-10
cells, as has been previously suggested [42]. Thus, mod-
eling enhancer activity from AutoCUT&RUN profiles of
chromatin marks is a highly discriminative method for
stratifying cell types and tissue samples to inform patient
diagnosis.

Discussion

We adapted the CUT&RUN technique to an automated
platform by developing direct ligation of chromatin frag-
ments for Illumina library preparation, and implement-
ing magnetic separation for the wash steps and library
purification. AutoCUT&RUN generates 96 genome-
wide profiles of antibody-targeted chromatin proteins in
just 2 days, dramatically increasing the throughput and
potential scale of studies to interrogate the chromatin
landscape at a fraction of the cost of comparable lower-
throughput methods.

A looming issue in the field of genomics is that extract-
ing meaningful biological insights and clinical infor-
mation from large datasets is often confounded by
batch-effect variability that can arise from numerous
sources including different experimental times, rea-
gents, and operators [23, 24]. Automated versions of
ChIP-seq have been described in which cross-linked and
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sonicated chromatin is immunoprecipitated on beads
for automated library preparation, yielding results that
are comparable to manual versions of the same or simi-
lar protocol [15-17]. However, cross-linking and sonica-
tion are the most difficult steps of a ChIP-seq pipeline to
control, and so the non-automated steps of automated
ChIP-seq represent a barrier to routine clinical applica-
tion, where reproducibility is paramount. Moreover, the
stark differences in quality between two different labo-
ratories following the same ENCODE protocols using
the same H3K4mel antibody (Fig. 2) and subject to the
extremely high standards imposed on the ENCODE con-
sortium [43] illustrate how difficult it is to obtain uniform
data quality in high-throughput ChIP-seq operations. In
contrast, AutoCUT&RUN automates the entire process
beginning with permeabilized cells or triturated tissues,
and returns consistent data that have much better feature
definition than that produced by ChIP-seq.

The low backgrounds and high efficiency inherent
to antibody-targeted in situ profiling greatly reduce
sequencing costs relative to ChIP-seq, surmounting the
second major barrier to adoption of genome-wide epi-
genomic profiling for clinical applications. For example,
we estimate that the cost per sample of the datasets we
generated for this project was ~$75 and required 2 days
of technician time for 96 samples, ~1/10th the cost of
commercial whole-exome sequencing (e.g., https://www.
abmgood.com/Exome-Sequencing-Service.html). We
expect that implementation as a routine service will allow
institutional facilities to integrate AutoCUT&RUN into
their sequencing pipelines for users who would provide
only the cells or tissues and antibodies.

Using CUT&RUN, we have shown that profiling just
three histone modifications (H3K27ac, H3K27me3, and
H3K4me2) is sufficient to determine the cell-type-spe-
cific activities of developmentally regulated promoters
and enhancers, providing a powerful quantitative met-
ric to compare the epigenetic regulation of different cell
types. This summary metric of chromatin features could
be used to assess new cell types and tissue samples and
to place them within a reference map of both healthy and
diseased cell types. The automated workflow reduces
technical and batch-to-batch variability between experi-
ments, generating consistent profiles from biological rep-
licates and from different sample types.

To continue optimizing AutoCUT&RUN, one could
envision hardware modifications and computational
development. By screening various antibody collections,
the repertoire of nuclear proteins that can be efficiently
profiled using AutoCUT&RUN would expand dramati-
cally. In addition, the current AutoCUT&RUN proto-
col is optimized for a popular liquid handling robot,
but a custom robot incorporating a reversibly magnetic
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thermocycler block would allow the CUT&RUN reaction
and library preparation to be carried out in place, stream-
lining the protocol even further. Finally, metrics distin-
guishing cell types could be improved by incorporating
additional aspects of the data, such as using a combina-
tion of both enhancer and promoter activities.

Conclusions

The excellent reproducibility of profiling frozen tissue
samples by AutoCUT&RUN has the potential to trans-
form the field of epigenomic medicine [11]. Compared
to other genomics approaches that are currently used
for patient diagnosis, AutoCUT&RUN has the unique
capacity to efficiently profile pathological chromatin pro-
teins within diseased cells. For example, cancers caused
by oncogenic chromatin-associated fusion proteins could
be profiled by AutoCUT&RUN to provide a molecular
diagnosis based on their chromatin landscapes, while
simultaneously mapping the loci that are disrupted by
the mutant fusion protein. This could provide a powerful
tool for patient stratification, as well as a direct read-out
of whether chromatin-modulating therapies such as his-
tone deacetylase or histone methyltransferase inhibitors
are having their intended effects.

Methods

AutoCUT&RUN

In conjunction with this work, a detailed
AutoCUT&RUN protocol has been made publicly avail-
able on Protocols.io (https://www.protocols.io/view/
autocut-run-genome-wide-profiling-of-chromatin-pro-
ufeetje). Briefly, cells or tissue samples are bound to con-
canavalin A-coated magnetic beads (Bangs Laboratories,
ca. no. BP531), permeabilized with digitonin, and bound
with a protein specific antibody as previously described
[18]. Samples are then arrayed in a 96-well plate and
processed on a Beckman Biomek FX liquid handling
robot equipped with a 96S Super Magnet Plate (Alpa-
qua SKU A001322) for magnetic separation of samples
during wash steps, and an Aluminum Heat Block Insert
for PCR Plates (V&P Scientific, Inc. VP74116A) routed
to a cooling unit to perform the MNase digestion reac-
tion at 0—4 °C after the addition of 2 mM CaCl,. MNase
digestion reactions are then stopped after 9 min by add-
ing EGTA, which allows Mg?" addition for subsequent
enzymatic reactions. This step is critical for automa-
tion because it circumvents the need for DNA purifica-
tion prior to library preparation. Chromatin fragments
released into the supernatant during digestion are then
used as the substrate for end-repair and ligation with
barcoded Y-adapters. Prior to ligation, the A-tailing step
is performed at 58 °C to preserve sub-nucleosomal frag-
ments in the library [44, 45]. End-repair and adapter
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ligation reactions were performed on a separate ther-
mocycler. Chromatin proteins are then digested with
Proteinase K, and adapter ligated DNA fragments are
purified on the Biomek FX using two rounds of pre-PCR
Ampure bead cleanups with size selection. PCR enrich-
ment reactions are performed on a thermocycler using
the KAPA PCR kit (KAPA Cat#KK2502). Two rounds
post-PCR Ampure bead cleanups with size selection are
performed on the Biomek FX to remove unwanted pro-
teins and self-ligated adapters.

The size distributions of AutoCUT&RUN librar-
ies were analyzed on an Agilent 4200 TapeStation,
and library yield was quantified by Qubit Fluorometer
(Thermo Fisher). Up to 24 barcoded AutoCUT&RUN
libraries were pooled per lane at equimolar concentra-
tion for paired-end 25 x 25 bp sequencing on a 2-lane
flow cell on the Illumina HiSeq 2500 platform at the Fred
Hutchinson Cancer Research Center Genomics Shared
Resource.

Antibodies
We used Rabbit anti-CTCF (1:100, Millipore Cat#07-
729), Rabbit anti-NPAT (1:100, Termo Fisher

Cat#PA5-66839), Rabbit anti-H3K4mel (1:100, Abcam
Cat#ab8895), Rabbit anti-H3K4me2 (1:100, Millipore
Cat#07-030), Rabbit anti-H3K4me3 (1:100, Active Motif
Cat#39159), Rabbit anti-H3K27me3 (1:100, Cell Signal-
ing Tech Cat#9733S). Since pA-MNase does not bind
efficiently to many mouse antibodies, we used a rab-
bit anti-Mouse IgG (1:100, Abcam, Cat#ab46540) as an
adapter. H3K27ac was profiled by AutoCUT&RUN in
H1 and K562 cells and manually in VUMC-10 and SU-
DIPG-XIII cell lines using Rabbit anti-H3K27ac (1:50,
Millipore Cat#MABE647). H3K27ac was profiled by
AutoCUT&RUN in VUMC-10 and SU-DIPG-XIII cell
lines and xenografts using Rabbit anti-H3K27ac (1:100,
Abcam Cat#ab45173).

Cell culture

Human K562 cells were purchased from ATCC (Manas-
sas, VA, Catalog #CCL-243) and cultured according
to supplier’s protocol. H1 hESCs were obtained from
WiCell (Cat#WAO1-lot#WB35186) and cultured in
Matrigel™ (Corning) coated plates in mTeSR™1 Basal
Media (STEMCELL Technologies cat# 85851) contain-
ing mTeSR™1 Supplement (STEMCELL Technologies
cat# 85852). Pediatric DMG cell lines VUMC-DIPG-10
(Esther Hulleman, VU University Medical Center,
Amsterdam, Netherlands) and SU-DIPG-XIII (Michelle
Monje, Stanford University, CA) were obtained with
material transfer agreements from the associated insti-
tutions. Cells were maintained in NeuroCult NS-A
Basal Medium with NS-A Proliferation Supplement
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(STEMCELL Technologies, cat# 05751), 100 U/mL of
penicillin/streptomycin, 20 ng/mL epidermal growth fac-
tor (PeproTech, cat# AF-100-15), and 20 ng/mL fibroblast
growth factor (PeproTech, cat# 100-18B).

Patient-derived xenografts

All mouse studies were conducted in accordance with
Institute of Animal Care and Use Committee-approved
protocols. NSG mice were bred in house and aged to
2-3 months prior to tumor initiation. Intracranial xen-
ografts were established by stereotactic injection of
100,000 cells suspended in 3 pL at a position of 2 mm
lateral and 1 mm posterior to lambda. Symptomatic mice
were euthanized and their tumors resected for analysis
and snap-frozen for storage. To prepare xenograft sam-
ples for AutoCUT&RUN, the tissue was thawed and
pipetted up-and-down in CUT&RUN wash buffer to
break up clumps before adding concanavalin A-coated
magnetic beads.

Annotation and data analysis

We aligned paired-end reads using Bowtie2 version
2.25 with options: local—very-sensitive-local—no-
unal—no-mixed—no-discordant—phred33 -I 10 -X 700.
For mapping spike-in fragments, we also used the—no-
overlap—no-dovetail options to avoid cross-mapping of
the experimental genome to that of the spike-in DNA
[46]. Files were processed using bedtools and UCSC
bedGraphToBigWig programs [47, 48].

To examine correlations between the genome-wide
distributions of various samples, we generated bins of
500 bp spanning the genome, creating an array with
approximately 6 million entries. Reads in each bin were
counted, and the log,-transformed values of these bin
counts were used to determine a Pearson correlation
score between different experiments. Hierarchal clus-
tering was then performed on a matrix of the Pearson
scores.

To examine the distribution of histone mark profiles
around promoters, a reference list of genes for build
hgl9 were downloaded from the UCSC table browser
(https://genome.ucsc.edu/cgi-bin/hgTables) and ori-
ented according to the directionality of gene transcrip-
tion for further analysis. Genes with TSSs within 1 kb
of each other were removed, as were genes mapping to
the mitochondrial genome, creating a list of 32,042 TSSs.
RNA-sequencing data were obtained from the ENCODE
project for H1 and K562 cells (ENCSR537BCG and ENC-
SROO0AEL). RNA reads were counted using feature-
Counts (http://bioinf.wehi.edu.au/featureCounts/) and
converted to Fragments Per Kilobase per Million mapped
reads (FPKM) and assigned to the corresponding TSS
as a gene expression value. ATAC-sequencing data for
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H1 cells were obtained from Gene Expression Omnibus
(GEO) (GSE85330) and mapped to hgl9 using Bowtie2.
Mitochondrial DNA accounted for ~50% of the ATAC-
seq reads and was removed in this study.

All heat maps were generated using DeepTools [49]. All
of the data were analyzed using either bash or python.
The following packages were used in python: Matplotlib,
NumPy, Pandas, Scipy, and Seaborn.

Training the linear regression model

To ensure the accuracy of fitting histone modification
data at promoters to RNA-seq values, genes with more
than one promoter were removed from the previously
generated TSS list. The genes RPPH1 and RMRP were
expressed at extremely high levels in H1 cells and so were
considered to be outliers and were removed to avoid
skewing the regression, leaving a list of #=12,805 genes.

To assign a relative CUT&RUN signal to promoters for
each histone mark, denoted by C, base pair read counts
+1 kb of the TSS were normalized by both sequenc-
ing depth over the promoters being scored and the total
number of promoters examined. The prior normalization
is to account for both sequencing depth and sensitivity
differences among antibodies, and the latter normaliza-
tion is included so that the model can be applied to differ-
ent numbers of cis-regulatory elements without changing
the relative weight of each element. FPKM values were
used for RNA-seq.

The linear regression model was trained to fit pro-
files of histone marks to RNA expression values as
previously described [29]. Briefly, we used a lin-
ear combination of histone data fitted to the RNA-
seq expression values: y = Cyx; +---+ C,x,, where
C; is the weight for each histone modification and x;
is denoted by x; = In(C; + «;), where C is the nor-
malized base pair counts described above and « is a
pseudo-count to accommodate genes with no expres-
sion. The RNA-seq values were similarly transformed
as ¥, =1In (FPKMi + ay,;). Logarithmic transformations
were used to linearize the data. A minimization step was
then performed to calculate pseudo-counts and weights
for each histone modification that would maximize a
regression line between CUT&RUN data and RNA-seq.

We expected that the histone marks H3K27ac,
H3K27me3, and H3K4me2 would provide the least
redundant information. The optimized three histone
mark model for K562 cells is described by:

In (y + 0.0078) = 0.858 In (Cysk27ac + 0.058)
— 0.615In(CH3K27mes + 0.0816)
+ 1.609In(Cuskamez + 0.054).
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This equation was used to generate all chromatin activity
scores.

Calling chromatin domain for overlap analysis

To compare the global chromatin landscape of H1 and
K562 cells chromatin domains were called using a cus-
tom script that enriched for regions relative to an IgG
CUT&RUN control. Enriched regions among marks were
compared and overlaps were identified by using bedtools
intersect. Overlapping regions were quantified by the
number of common base pairs and these were used to
generate the Venn diagrams.

Venn diagrams

All Venn diagrams were generated using the BaRC webt-
ool, publicly available from the Whitehead Institute
(http://barc.wi.mit.edu/tools/venn/).

Calculating cell-type-specific promoter activity scores

Raw promoter chromatin scores generally fall within a
range from — 10 to 10, where a smaller number is indica-
tive of less transcriptional activity. To account for outliers
in the data when comparing different cell types, promoter
scores within 2 standard deviations were z-normalized.
Negative and zero values complicate calculating fold
change, so the data were shifted in the x and y directions
by the most negative values. The fold difference between
promoter scores for various cell types was calculated by
dividing the inverse log;,-normalized promoter scores
against each other. A conservative twofold cutoff was
used to determine cell-type-specific promoters in each
case (Figs. 3b—e, 5a, b). Each list of genes was classified by
gene ontology (http://geneontology.org/) to identify sta-
tistically enriched biological processes.

To examine the relative similarities between cell types
based on their promoter activities, scores for all pro-
moters >1 kb apart were used to generate an array, and
Spearman correlations were calculated for each pair-wise
combination of the samples. Hierarchal clustering of the
Spearman correlation values was used to visualize the
relative similarities between cell types.

Peak calling on AutoCUT&RUN and ATAC-seq data
Biological replicates profiled by AutoCUT&RUN were
highly correlated (Fig. 1b), so replicates were joined prior
to calling peaks. The tool MACS2 was used to call peaks
[50]. Replicates were joined prior to calling peaks. The
tool MACS2 was used to call peaks, and the following
command was used on the command line: “macs2 call-
peak -t file -f BEDPE -n name -q 0.01 —keep-dup all -g
3.137e9” An FDR cutoff of 0.01 was used.
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Calculating cell-type-specific enhancer activity scores

To assemble a list of distal cis-regulatory elements in
the human genome, we used MACS2 to call peaks
on H3K4me2 profiles from each of our samples
using the same flags described in the “Peak calling on
AutoCUT&RUN and ATAC-seq” methods section. To
distinguish between TSSs and putative enhancers, peaks
<2.5 kb away from an annotated TSS were removed, and
windows £1 kb around these putative enhancers were
assigned chromatin activity scores using the algorithm
trained to predict promoter activity. Correlation matrices
comparing the enhancer scores between samples were
generated in the same manner as the correlation matrix
comparing promoter scores between samples.
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Additional files

Additional file 1. Supplementary figures.
Additional file 2. Supplementary table.

Author details

! Basic Sciences Division, Fred Hutchinson Cancer Research Center, 1100 N.
Fairview Ave, Seattle, WA 98109, USA. ? Molecular Engineering and Sciences
Institute, University of Washington, Seattle, WA 98195, USA. 3 Cancer and Blood
Disorder Center, Seattle Children’s Hospital, 4800 Sand Point Way, Seattle, WA
98105, USA. * Clinical Research Division, Fred Hutchinson Cancer Research
Center, 1100 N. Fairview Ave, Seattle, WA 98109, USA. ° Howard Hughes Medi-
cal Institute, Chevy Chase, MD, USA.

Authors’ contributions

DHJ and SH optimized the AutoCUT&RUN protocol. DHJ, JFS, KA, and SH
designed experiments. DHJ performed experiments with the help of CHM and
JMO who obtained the DMG cell lines and prepared the patient-derived xeno-
graft samples. DHJ, SJW, and MPM developed algorithms and analyzed the
data. DHJ, KA, and SH wrote the manuscript. All authors read and approved
the final manuscript.

Acknowledgements

We thank the Fred Hutchinson Genomics Shared Resource Facility for techni-
cal support, particularly Jenni Risler and Dr. Jeff Delrow for help programming
and operating the Biomek FX robot. We thank Terri Bryson for help with cell
culture, Christine Codomo for preparing libraries for sequencing, and Jorja
Henikoff for preparing the sequencing data for analysis. In addition, we thank
Dr. Giancarlo Bonora and Dr. William Noble for helpful discussions related to
data analysis. Last, we thank all members of the Henikoff lab as well as Dr.
Antoine Molaro for helpful discussions over the course of this project. This
work was supported by a grant from the Chan-Zuckerberg Initiative (S.H.) by
the Howard Hughes Medical Institute (S.H.) and by a Damon Runyon-Sohn
Foundation Fellowship (J.FS.).

Competing interests
The authors declare that they have no competing interests.

Page 13 of 14

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Received: 6 November 2018 Accepted: 3 December 2018
Published online: 21 December 2018

References

1. Levine M, Cattoglio C, Tjian R. Looping back to leap forward: transcription
enters a new era. Cell. 2014;157:13-25.

2. Heinz S, Romanoski CE, Benner C, Glass CK. The selection and function of
cell type-specific enhancers. Nat Rev Mol Cell Biol. 2015;16:144-54.

3. Schwartzentruber J, Korshunov A, Liu XY, Jones DT, Pfaff E, Jacob K, Sturm
D, Fontebasso AM, Quang DA, Tonjes M, et al. Driver mutations in histone
H3.3 and chromatin remodelling genes in paediatric glioblastoma.
Nature. 2012;482:226-31.

4. Hu D, Shilatifard A. Epigenetics of hematopoiesis and hematological
malignancies. Genes Dev. 2016;30:2021-41.

5. Mackay A, Burford A, Carvalho D, Izquierdo E, Fazal-Salom J, Taylor KR,
Bjerke L, Clarke M, Vinci M, Nandhabalan M, et al. Integrated molecular
meta-analysis of 1000 pediatric high-grade and diffuse intrinsic pontine
glioma. Cancer Cell. 2017,32(520-537):e525.

6. Cotney J, Muhle RA, Sanders SJ, Liu L, Willsey AJ, Niu W, Liu W, Klei L, Lei
J,Yin J, et al. The autism-associated chromatin modifier CHD8 regulates
other autism risk genes during human neurodevelopment. Nat Commun.
2015;6:6404.

7. Lambert SA, Jolma A, Campitelli LF, Das PK, Yin Y, Alou M, Chen X,

Taipale J, Hughes TR, Weirauch MT. The human transcription factors. Cell.
2018;172:650-65.

8. Corces MR, Granja JM, Shams S, Louie BH, Seoane JA, Zhou W, Silva TC,
Groeneveld C, Wong CK, Cho SW, et al. The chromatin accessibility land-
scape of primary human cancers. Science. 2018,;362:aav1898. https://doi.
org/10.1126/science.aav1898.

9. Regev A, Teichmann SA, Lander ES, Amit |, Benoist C, Birney E, Boden-
miller B, Campbell P, Carninci P, Clatworthy M, et al. The human cell atlas.
Elife. 2017,6:e27041.

10. Rozenblatt-Rosen O, Stubbington MJT, Regev A, Teichmann SA. The
human cell atlas: from vision to reality. Nature. 2017;550:451-3.

11. Feinberg AP.The key role of epigenetics in human disease prevention
and mitigation. N Engl J Med. 2018;378:1323-34.

12. Teytelman L, Thurtle DM, Rine J, van Oudenaarden A. Highly expressed
loci are vulnerable to misleading ChlIP localization of multiple unrelated
proteins. Proc Natl Acad Sci USA. 2013;110:18602-7.

13. Jain D, Baldi S, Zabel A, Straub T, Becker PB. Active promoters give rise to
false positive 'Phantom Peaks'in ChIP-seq experiments. Nucleic Acids Res.
2015;43:6959-68.

14. Park D, Lee Y, Bhupindersingh G, lyer VR. Widespread misinterpretable
ChiP-seq bias in yeast. PLoS ONE. 2013;8:e83506.

15. Aldridge S, Watt S, Quail MA, Rayner T, Lukk M, Bimson MF, Gaffney D,
Odom DT. AHT-ChlIP-seq: a completely automated robotic protocol
for high-throughput chromatin immuno precipitation. Genome Biol.
2013;14:R124.

16. Wallerman O, Nord H, Bysani M, Borghini L, Wadelius C. lobChlP: from cells
to sequencing ready ChiP libraries in a single day. Epigenetics Chromatin.
2015;8:25.

17. Gasper WC, Marinov GK, Pauli-Behn F, Scott MT, Newberry K, DeSalvo G,
Ou S, Myers RM, Vielmetter J, Wold BJ. Fully automated high-throughput
chromatin immunoprecipitation for ChIP-seq: identifying ChIP-quality
p300 monoclonal antibodies. Sci Rep. 2014;4:5152.

18. Skene PJ, Henikoff JG, Henikoff S. Targeted in situ genome-wide profiling
with high efficiency for low cell numbers. Nat Protoc. 2018;13:1006-19.

19. Skene PJ, Henikoff S. An efficient targeted nuclease strategy for high-
resolution mapping of DNA binding sites. Elife. 2017;6:e21856.

20. Hainer SJ, Boskovic A, Rando OJ, Fazzio TG. Profiling of pluripotency fac-
tors in individual stem cells and early embryos. bioRxiv. 2018. https://doi.
org/10.1101/286351.


https://doi.org/10.1186/s13072-018-0243-8
https://doi.org/10.1186/s13072-018-0243-8
https://doi.org/10.1126/science.aav1898
https://doi.org/10.1126/science.aav1898
https://doi.org/10.1101/286351
https://doi.org/10.1101/286351

Janssens et al. Epigenetics & Chromatin

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31
32.

33

34.
35.

36.

37.

(2018) 11:74

Zhao J, Kennedy BK, Lawrence BD, Barbie DA, Matera AG, Fletcher JA,
Harlow E. NPAT links cyclin E-Cdk2 to the regulation of replication-
dependent histone gene transcription. Genes Dev. 2000;14:2283-97.
Narendra V, Rocha PP, An D, Raviram R, Skok JA, Mazzoni EO, Reinberg

D. CTCF establishes discrete functional chromatin domains at the Hox
clusters during differentiation. Science. 2015;347:1017-21.

Leek JT, Scharpf RB, Bravo HC, Simcha D, Langmead B, Johnson WE,
Geman D, Baggerly K, Irizarry RA. Tackling the widespread and criti-

cal impact of batch effects in high-throughput data. Nat Rev Genet.
2010;11:733-9.

Goh WWB, Wang W, Wong L. Why batch effects matter in omics data, and
how to avoid them. Trends Biotechnol. 2017;35:498-507.

Hawkins RD, Hon GC, Lee LK, Ngo Q, Lister R, Pelizzola M, Edsall LE, Kuan
S, LuuY, Klugman S, et al. Distinct epigenomic landscapes of pluripotent
and lineage-committed human cells. Cell Stem Cell. 2010;6:479-91.
Gaspar-Maia A, Alajem A, Meshorer E, Ramalho-Santos M. Open
chromatin in pluripotency and reprogramming. Nat Rev Mol Cell Biol.
2011;12:36-47.

Bernstein BE, Mikkelsen TS, Xie X, Kamal M, Huebert DJ, Cuff J, Fry B,
Meissner A, Wernig M, Plath K, et al. A bivalent chromatin structure marks

key developmental genes in embryonic stem cells. Cell. 2006;125:315-26.

Rada-Iglesias A, Bajpai R, Swigut T, Brugmann SA, Flynn RA, Wysocka J. A
unique chromatin signature uncovers early developmental enhancers in
humans. Nature. 2011;470:279-83.

Karlic R, Chung HR, Lasserre J, Vlahovicek K, Vingron M. Histone modifica-
tion levels are predictive for gene expression. Proc Natl Acad Sci USA.
2010;107:2926-31.

Consortium EP. An integrated encyclopedia of DNA elements in the
human genome. Nature. 2012;489:57-74.

Martello G, Smith A. The nature of embryonic stem cells. Annu Rev Cell
Dev Biol. 2014;30:647-75.

Gottgens B. Regulatory network control of blood stem cells. Blood.
2015;125:2614-20.

Nagaraja S, Vitanza NA, Woo PJ, Taylor KR, Liu F, Zhang L, Li M, Meng W,
Ponnuswami A, Sun W, et al. Transcriptional dependencies in diffuse
intrinsic pontine glioma. Cancer Cell. 2017;31(635-652):e636.

Malaney P, Nicosia SV, Dave V. One mouse, one patient paradigm: new
avatars of personalized cancer therapy. Cancer Lett. 2014;344:1-12.
Massague J, Chen YG. Controlling TGF-beta signaling. Genes Dev.
2000;14:627-44.

Heintzman ND, Stuart RK, Hon G, Fu'Y, Ching CW, Hawkins RD, Barrera
LO, Van Calcar S, Qu C, Ching KA, et al. Distinct and predictive chromatin
signatures of transcriptional promoters and enhancers in the human
genome. Nat Genet. 2007,39:311-8.

Creyghton MP, Cheng AW, Welstead GG, Kooistra T, Carey BW, Steine EJ,
Hanna J, Lodato MA, Frampton GM, Sharp PA, et al. Histone H3K27ac

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Page 14 of 14

separates active from poised enhancers and predicts developmental
state. Proc Natl Acad Sci USA. 2010;107:21931-6.

Heintzman ND, Hon GC, Hawkins RD, Kheradpour P, Stark A, Harp LF, Ye
Z, Lee LK, Stuart RK, Ching CW, et al. Histone modifications at human
enhancers reflect global cell-type-specific gene expression. Nature.
2009;459:108-12.

Liu Q, Jiang C, Xu J, Zhao MT, Van Bortle K, Cheng X, Wang G, Chang HY,
Wu JC, Snyder MP. Genome-wide temporal profiling of transcriptome
and open chromatin of early cardiomyocyte differentiation derived from
hiPSCs and hESCs. Circ Res. 2017;121:376-91.

Andersson R, Gebhard C, Miguel-Escalada |, Hoof |, Bornholdt J, Boyd M,
Chen'Y, Zhao X, Schmidl C, Suzuki T, et al. An atlas of active enhancers
across human cell types and tissues. Nature. 2014;507:455-61.

Calo E, Wysocka J. Modification of enhancer chromatin: what, how, and
why? Mol Cell. 2013;49:825-37.

Filbin MG, Tirosh |, Hovestadt V, Shaw ML, Escalante LE, Mathewson ND,
Neftel C, Frank N, Pelton K, Hebert CM, et al. Developmental and onco-
genic programs in H3K27M gliomas dissected by single-cell RNA-seq.
Science. 2018;360:331-5.

Landt SG, Marinov GK, Kundaje A, Kheradpour P, Pauli F, Batzoglou S,
Bernstein BE, Bickel P, Brown JB, Cayting P, et al. ChiP-seq guidelines and
practices of the ENCODE and modENCODE consortia. Genome Res.
2012;22:1813-31.

Liu N, Hargreaves VW, Zhu Q, Kurland JV, Hong J, Kim W, Sher F,
Macias-Trevino C, Rogers JM, Kurita R, et al. Direct promoter repres-

sion by BCL11A controls the fetal to adult hemoglobin switch. Cell.
2018;173(430-442).e417.

Neiman M, Sundling S, Gronberg H, Hall P, Czene K, Lindberg J,
Klevebring D. Library preparation and multiplex capture for massive
parallel sequencing applications made efficient and easy. PLoS ONE.
2012;7:48616.

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat
Methods. 2012;9:357-9.

Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for comparing
genomic features. Bioinformatics. 2010;26:841-2.

Kent WJ, Zweig AS, Barber G, Hinrichs AS, Karolchik D. BigWig and
BigBed: enabling browsing of large distributed datasets. Bioinformatics.
2010;26:2204-7.

Ramirez F, Ryan DP, Gruning B, Bhardwaj V, Kilpert F, Richter AS, Heyne S,
Dundar F, Manke T. deepTools2: a next generation web server for deep-
sequencing data analysis. Nucleic Acids Res. 2016;44:W160-5.

Zhang Y, Liu T, Meyer CA, Eeckhoute J, Johnson DS, Bernstein BE,
Nusbaum C, Myers RM, Brown M, Li W, Liu XS. Model-based analysis of
ChIP-Seq (MACS). Genome Biol. 2008;9:R137.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Automated in situ chromatin profiling efficiently resolves cell types and gene regulatory programs
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Results
	An automated platform for genome-wide profiling of chromatin proteins
	Comparison of AutoCUT&RUN to ChIP-seq
	Modeling cell-type-specific gene expression from AutoCUT&RUN profiles
	Profiling tumors by AutoCUT&RUN
	High-throughput mapping of cell-type-specific enhancers

	Discussion
	Conclusions
	Methods
	AutoCUT&RUN
	Antibodies
	Cell culture
	Patient-derived xenografts
	Annotation and data analysis
	Training the linear regression model
	Calling chromatin domain for overlap analysis
	Venn diagrams
	Calculating cell-type-specific promoter activity scores
	Peak calling on AutoCUT&RUN and ATAC-seq data
	Calculating cell-type-specific enhancer activity scores
	Data access

	References




