
Long-range single-molecule mapping of chromatin

accessibility in eukaryotes

Zohar Shipony1,*, Georgi K. Marinov1,*, Matthew P. Swaffer5, Nicholas A. Sinnott-Armstrong1, Jan
M. Skotheim5, Anshul Kundaje1,2, and William J. Greenleaf1,3,4,#

1Department of Genetics, Stanford University, Stanford, CA 94305, USA
2Department of Computer Science, Stanford University, Stanford, CA 94305, USA
3Department of Applied Physics, Stanford University, Stanford, CA 94305, USA

4Chan Zuckerberg Biohub, San Francisco, California, USA
5Department of Biology, Stanford University, Stanford, CA 94305, USA

*These authors contributed equally to this work
#Corresponding author

Abstract

Mapping open chromatin regions has emerged as a widely used tool for identifying active reg-
ulatory elements in eukaryotes. However, existing approaches, limited by reliance on DNA
fragmentation and short-read sequencing, cannot provide information about large-scale chro-
matin states or reveal coordination between the states of distal regulatory elements. We have
developed a method for profiling the accessibility of individual chromatin fibers (SMAC-seq,
or Single-Molecule long-read Accessible Chromatin mapping sequencing assay), enabling the
simultaneous, high-resolution, single-molecule assessment of chromatin states at multi-kilobase
length scales. Our strategy is based on combining the preferential methylation of open chro-
matin regions by DNA methyltransferases with low sequence specificity, in this case EcoGII, an
N6-methyladenosine (m6A) methyltransferase, and the ability of nanopore sequencing to directly
read DNA modifications. We demonstrate that aggregate SMAC-seq signals match bulk-level
accessibility measurements, observe single-molecule nucleosome and transcription factor protec-
tion footprints, and quantify the correlation between chromatin states of distal genomic elements.

In eukaryotes, open chromatin regions are associated
with regulatory elements (REs), such as enhancers, pro-
moters, and insulators. This property is highly useful for
identifying candidate REs (cREs) and for understanding
the functional organization of genomes. That REs exhibit
greatly increased sensitivity to nuclease cleavage was al-
ready noted four decades ago1–3. Subsequent advances in
microarray4,5 and DNA sequencing technologies6,7 enabled
DNAse hypersensitivity-based mapping of cREs genome-
wide. Similarly, digestion of DNA is inhibited by nu-
cleosomes, and MNase-seq is widely used to map nucleo-
some positioning9. More recently, the Tn5 transposase was
adapted as a probe for chromatin accessibility8. However,
while short read-based assays can map cREs and positioned
nucleosomes, they provide little insight into the long-range
physical organization of individual chromatin fibers as they
remove linkage between distal segments.

We developed SMAC-seq, a single-molecule method that
directly assays both open chromatin regions and nucleo-
some positioning within a single chromatin fiber at mul-

tikilobase scales. We use SMAC-seq to study chromatin
architecture and co-accessibility states in the yeast Saccha-
romyces cerevisiae. We assess the degree of coordination
between positions of nearby nucleosome particles, enumer-
ate mutually exclusive regulatory states along individual
loci, and observe coordinated changes in nucleosome po-
sitioning and chromatin accessibility upon transcriptional
activation. SMAC-seq allows for footprinting of transcrip-
tion factor (TF) occupancy, and provides strand-specific in-
formation about the exposure of DNA occupied by nucleo-
somes. We expect future applications of, improvements on,
and extensions of the SMAC-seq approach to enable novel
insights into the dynamics of chromatin states in a wide
variety of experimental systems.

Results

SMAC-seq maps chromatin accessibility and
nucleosome positioning at the multikilobase scale
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SMAC-seq is built on the conceptual foundations of
NOMe-seq/dSMF10–12. These methods rely on preferen-
tial modification of accessible DNA with M.CviPI and/or
M.SssI (GpC/CpG-specific 5mC methyltransferases), fol-
lowed by bisulfite conversion and Illumina-based sequencing
readout (both enzymes can be used in the absence of en-
dogenous 5mC methylation). We use the m6A methyltrans-
ferase EcoGII13 as an alternative/addition to CpG/GpC,
and use nanopore sequencing to generate single-molecule
readouts of accessibility states over many kilobases (Figure
1a). Nanopore sequencing allows direct detection of these
modifications14,15, enabling the generation of methylation
maps for individual DNA molecules, which can then be in-
terpreted in terms of chromatin accessibility.

The addition of m6A signal associated with accessible
chromatin substantially improves both the resolution and
applicability of SMAC-seq. Many genomes are endoge-
nously methylated at 5mC positions16,17, usually in CpG
contexts, but not always18, confounding CpG/GpC-based
accessibility measurements. More importantly, CpG/GpC
dinucleotides are rare. The average resolution achieved
by combining the two methyltransferases is >10 bp in
Drosophila and ∼15 bp in yeast. It is ∼25bp for GpC alone
in mammals, and these are averages; in practice many in-
dividual regions either completely lack or contain too few
informative positions. Using m6A increases SMAC-seq’s
resolution down to a theoretical limit of ∼3 bp in all model
organisms, and ensures proper coverage over all individual
loci (Supplementary Figures 1–3 and 4–12).

We initially developed the method in S. cerevisiae as
it has no endogenous DNA methylation and has a small
genome (∼12 Mbp), enabling very high sequencing cover-
age. To verify the specificity and efficiency of enzymatic
treatments, we carried out both dSMF experiments on chro-
matin and M.CviPI + M.SssI + EcoGII reactions on naked
DNA (gDNA), followed by bisulfite sequencing. We ob-
serve ≥95% CpG/GpC methylation for gDNA, ≤10% for
chromatin, and ∼0% on untreated gDNA (Supplementary
Figure 13). Comparing dSMF to DNase-seq and MNase-
seq profiles around transcription start sites (TSSs) and po-
sitioned nucleosomes19 revealed the expected nucleosome
depletion/occupancy patterns (Figure 1b-d).

EcoGII’s methylation efficiency is more difficult to esti-
mate as fully methylated templates are known to be difficult
to sequence on the Oxford Nanopore platform. Using yeast
gDNA or λ DNA treated with a high dose of EcoGII (Sup-
plementary Table 1), the limited number of observed reads
exhibited ∼50% methylation levels (Supplementary Figure
14 and 15). We hypothesize these rates are underestimates,
as biochemical reports suggest ≥50% methylation of gDNA
after 5 minutes, increasing to ≥85% after an hour13.

We next applied SMAC-seq to unsynchronized S. cere-
visiae cells. We obtained reads with a median length ∼1.5
kbp from this initial experiment, allowing the capture of
multiple promoter regions for much of the yeast genome
(Supplementary Figures 16-17). We applied the Tombo20

algorithm (running on top of the Minimap aligner21) for
“resquiggling” of raw nanopore signal and general methy-
lated base calling. We also analyzed our initial dataset with
Nanopolish14, an alternative algorithm for identifying 5mC
events in CpG/GpC context.

Unlike Illumina-based bisulfite sequencing, nanopore-
based measurement of DNA methylation provides methy-
lation probabilities. While per-base methylation probabil-
ities are skewed towards 0 or 1, a substantial fraction lie
in between those extremes (Supplementary Figure 18). We
examined multiple approaches for binarizing methylation
calls within single molecules to identify the optimal strat-
egy in terms of signal-to-noise ratio (Supplementary Fig-
ures 19–20). We compared average SMAC-seq profiles to
dSMF, MNase-seq, and DNase-seq, as well as ChIP-seq for
RNA Polymerase (Pol2) and transcription initiation factors
around known chromatin features (Figure 1e-g, Supplemen-
tary Figures 21-23). SMAC-seq faithfully reproduces nucle-
osomal positioning throughout the genome and nucleosome
depletion around promoters. We also observe positive cor-
relation between average SMAC-seq methylation levels and
DNase/ATAC-seq coverage over promoter regions (Supple-
mentary Figure 24). Strikingly, SMAC-seq has a larger ob-
served dynamic range than dSMF data (possibly due to
higher long-read mapping efficiency). Based on dSMF and
untreated gDNA data, we estimate the false positive rate of
methylation base calling to be ∼20% for Tombo and 10-15%
for Nanopolish (Supplementary Figures 14 and 25). We also
examined potential sequence biases inherent to the combi-
nation of methylation enzymes and base calling algorithm.
We find only modest differences in methylation levels for
different k-mers (≤2-fold for k = 6; Supplementary Figures
26-27).

In practice, the biologically relevant scale of chromatin
accessibility is larger than an individual base. We thus
reasoned that sharing methylation information between ad-
jacent bases should improve the reliability of accessibility
measurements, and developed a Bayesian procedure to ag-
gregate methylation probabilities and derive single-molecule
accessibility calls over windows of arbitrary size (thereafter
referred to as “aggregate” signal).

We observed a relatively small subpopulation of reads
highly methylated over large segments (Supplementary Fig-
ure 28 and Figure 2a), which we interpret as originating
from naked DNA molecules likely from dead cells. As such
reads can confound many analyses, we filter these out (Sup-
plementary Figure 29). However, at certain loci chromatin
is indeed largely nucleosome-free in vivo; for such unique
loci, we analyze all reads.

We then compared average SMAC-seq profiles against
positioned nucleosomes, DNase-seq, and transcriptional ac-
tivity maps at the level of individual genomic loci (Figure
1h). Qualitatively, we observe that large SMAC-seq peaks
match very closely with DNase-seq peaks, while smaller
SMAC-seq “bumps” inversely correlate with positioned nu-
cleosomes, consistent with labeling of linker DNA. Thus
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Figure 1: The SMAC-seq assay for profiling chromatin accessibility and nucleosome positioning at the
multikilobase scale. (a) Outline of the SMAC-seq assay. Intact chromatin is treated with m6A and CpG and GpC 5mC
methyltransferases, which preferentially methylate DNA bases in open chromatin regions. HMW DNA is then isolated,
subjected to nanopore sequencing and methylated bases are used to reconstruct the open chromatin state within individual
molecules. (b-h) SMAC-seq faithfully captures chromatin accessibility around promoters and positioned nucleosomes in
S. cerevisiae; (b) MNAse-seq and dSMF profiles around chemically mapped positioned nucleosome dyads; (c) DNAse-seq
and dSMF profiles around the top 20% highly expressed genes in S. cerevisiae; (d) DNAse-seq and dSMF profiles around
the bottom 20% expressed genes in S. cerevisiae; (e) Average SMAC-seq profile around chemically mapped positioned
nucleosomes dyads (shown is the “diamide 0 min rep2” sample); (f) Average SMAC-seq profile around the top 20% highly
expressed genes in S. cerevisiae; (g) Average SMAC-seq profile around the bottom 20% expressed genes in S. cerevisiae; (h)
SMAC-seq correlates closely with both DNAse-seq and nucleosome occupancy profiling at the level of individual loci, and
provides a combined readout of accessibility and nucleosome positioning. Shown is aggregate SMAC-seq signal along the
genome (aggregated over 50-bp windows sliding every 5 bp; see Methods for details) together with DNAse-seq, nucleosome
chemical mapping data, and transcriptional activity (measured by PRO-seq and PRO-cap). Large aggregate SMAC-seq
signal enrichments match closely with DNAse accessibility peaks, while smaller aggregate SMAC-seq peaks are inversely
correlated with positioned nucleosomes; (i) SMAC-seq profiles chromatin accessibility in repetitive regions of the genomes
that are “invisible” to short reads. Shown is the telomeric region of chrXVI
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Figure 2: SMAC-seq provides a single-molecule linked-read view of the chromatin landscape. (a) Unfiltered
nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrIII (“aggregate” signal
“Sample 1”). (b) Unfiltered nanopore reads fully spanning a 6.6-kilobase neighborhood encompassing several genes on
chrIV (“aggregate” signal from “Sample 1”). In both cases, accessibility is shown at 10-bp resolution (see Methods section
for details) for the single-molecule display, and aggregated over sliding (every 5 bases) 50-bp windows for the average
SMAC-seq track.

SMAC-seq simultaneously identifies both open chromatin
regions and positioned nucleosomes.

The long nanopore reads allow SMAC-seq to map ac-
cessibility for the whole yeast genome (Supplementary Fig-
ure 30). For example, SMAC-seq maps chromatin and
nucleosomes in the repetitive telomere of chrXVI (Figure
1i), which contains several active promoters and numerous
well-positioned nucleosomes. SMAC-seq also revealed open
chromatin peaks around the promoters of multiple trans-
posable elements (Supplementary Figure 31).

SMAC-seq provides single-molecule accessibility
profiles on individual chromatin fibers

To demonstrate SMAC-seq’s ability to map open chromatin
within individual long molecules we investigated all reads
spanning the 4-kb neighborhood around the chrIII cen-
tromere (Figure 2a). Yeast centromeres are specified by

precisely defined sequence elements and are occupied by a
single nucleosome containing the H3 histone variant Cse4,
thought to be nearly perfectly positioned22,23. We indeed
observe strong nucleosomal positioning using SMAC-seq,
with nearly all individual reads exhibiting the expected nu-
cleosomal pattern. We also observe hints of substructure
in the form of accessibility inside the protected centromeric
region and potential protection footprints in its immedi-
ate vicinity. We find similarly strong positioning for many
other centromeric nucleosomes (Supplementary Figures 32-
35). We also examined a ∼6.6-kb span of chrIX containing
five genes and three open chromatin regions, one of them
fairly large and diffuse. In contrast to the more localized
accessibility observed elsewhere, this region exhibits con-
siderable accessibility heterogeneity suggesting a complex
protein occupancy landscape.

We next asked if SMAC-seq could reveal binary chro-
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Figure 3: SMAC-
seq’s single-molecule
readout provides
insights into the
distribution and re-
lationship between
mutually exclusive
chromatin yeast
rDNA states. (a)
SMAC-seq reveals the
distribution of alterna-
tive chromatin states of
rDNA arrays. Shown
are all reads covering
the RDN37-1 array
in the RDN1 locus
in the “diamide 30
min rep1” experiment
(unfiltered reads, “ag-
gregate” signal). See
Supplementary Figures
37–40 for additional
details. ChIP-seq and
ChIP-exo tracks were
generated by including
and normalizing all mul-
timappers rather than
the usual unique-only
policy (See the Methods
section for more details).
(b) Normalized mutual
information profiles for
the RDN37-1 array
show anti-correlation
between the accessibility
peaks immediately up-
stream of the 35S TSS
and the nucleosome-
free state over the 35S
transcriptional unit. (c)
High-resolution SMAC-
seq profiles reveal
regulatory protein foot-
prints in the immediate
vicinity of the 35S TSS
and the Reb1 binding
site in the rDNA NTS
region (shown are 3000
randomly sampled reads
using 10-bp aggregate
SMAC-seq signal at
1-bp resolution).
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matin accessibility states by investigating ribosomal DNA
(rDNA) loci. In yeast, rDNA is organized into multicopy
(∼150) arrays, each ∼9.1 kb unit of which contains a copy
of the 35S precursor pre-rRNA, transcribed by Pol I, a 5S
RNA, transcribed by Pol III, and a replication origin ARS
element, located in non-transcribed (NTS) regions of the
array. The number of units can vary between cells, and the
sacCer3 genome assembly only contains a single locus with
two array copies. The rDNA chromatin structure adopts
two distinct conformations25–27 – an inactive nucleosomal
state and a state largely devoid of nucleosomes due to ex-
tremely high transcription activity24,26,28. The two states
are estimated to exist in roughly equal proportions in nor-
mally growing cells29. However, other studies have alterna-
tively suggested that nucleosomes are present over actively
transcribed rDNA arrays29. Of note, rDNA indeed appears
to be extremely accessible in short-read assays – around half
of reads in a typical yeast ATAC-seq dataset originate from
rDNA arrays (Supplementary Figure 36). Single-molecule
SMAC-seq maps reveal a striking picture of the two alter-
native, mutually exclusive rDNA states (Figure 3a). About
a quarter of full-length molecules exhibit near-full accessi-
bility over the 35S transcript, but not in the NTS; the rest
show a typical nucleosomal state. A broadly similar picture
is observed in all samples (Supplementary Figures 37–40).
While it is possible that the two states are differentially rep-
resented due to biases against fully methylated long reads,
we observe the fully accessible fraction is present in approx-
imately 50% of shorter windows around the 35S promoter
(Figure 3c). We also observe a region of localized accessi-
bilty just upstream of the 35S transcriptional unit present
only in the nucleosomal subpopulation, suggesting the pos-
sibility of a regulatory switch at this location. Finally, we
also observe at least two previously unreported regions in-
side 35S exhibiting strong accessibility in the nucleosome-
protected fraction (Figure 3a).

To quantify (anti-)correlation between chromatin states,
we developed a modified normalized mutual information
(NMI) metric for assessing the degree of accessibility cor-
relation between genomic regions. NMI analysis of rDNA
confirmed the inverse correlation between the active 35S
state and accessibility of this upstream element (Figure 3b).

What factors might be driving this observed chromatin
state switch? Silencing of yeast rDNA is thought to be
mediated by the Sir2-containing RENT complex30, and a
NTS1 Reb1 binding site has been suggested to recruit core-
pressors29. We took a higher-resolution view of NTS1 by
integrating SMAC-seq, Reb1 ChIP-exo data and transcrip-
tion factor motif maps. We find a clear pattern of protection
around the Reb1 motif, concordant with ChIP-exo (Figure
3c), and we also observe patterns consistent with footprint-
ing for several other TFs. However, the anti-correlated ac-
cessibility profile seems to not be exclusively associated with
Reb1 binding but rather with the region closer to the 35S
TSS. Thus it appears that other proteins may be responsi-
ble for establishing this state.

SMAC-seq provides a high-resolution
strand-specific view of protein occupancy on DNA

We next asked if SMAC-seq can generally identify TF foot-
prints (Supplementary Figure 41). Averaging genome-wide
SMAC-seq profiles over occupied motifs revealed strong pro-
tection footprints for several factors, such as Reb1, Rap1
and ORC1 (Figure 4a-b, Supplementary Figure 42). We ob-
served high concordance between footprint profiles observed
using either DNase-seq, ATAC-seq, and SMAC-seq with
footprints identified previously by high-resolution DNAse-
seq7 in aggregate and at some individual sites (Supplemen-
tary Figure 43–50). However, we did not observe strong
footprinting for all TFs (e.g. Abf1 and Cbf1; Supple-
mentary Figure 42) even though some do exhibit DNase-
seq footprints7, perhaps because different enzymes differ in
their ability to access DNA in the context of protein occu-
pancy.

To further explore SMAC-seq’s resolution limits, we
studied methylation patterns around positioned nucleo-
somes in more detail (Figure 4c-d, Supplementary Fig-
ure 23). We observe marked increase in accessibility sig-
nal at the dyad point, in contrast to the points of con-
tact with DNA two helical turns away. The same pat-
tern was observed for all nucleosomes irrespective of po-
sitioning strength. We did not observe similar patterns in
deep DNAse-seq data (Supplementary Figure 23e). We next
quantified strand-specific DNA accessibility within nucleo-
somes, and observe a strand-asymmetric DNA accessibility
patterns around the nucleosome particle (Figure 4d), espe-
cially within the dyad and at the points two helical turns
away. The magnitude of these differences is similar to that
observed between nucleosomes and flanking linker regions.
This heterogeneity in methylation potential within the nu-
cleosome may inform the manner by which TFs might in-
teract with nucleosome-associated DNA in vivo31. We also
note that these patterns are most clearly observed using
m6A (Supplementary Figure 51).

SMAC-seq reveals chromatin co-accessibility
patterns

We next examined co-accessibility patterns in the yeast
genome by assessing nucleosome positioning correlations.
Average NMI profiles centered on positioned nucleosomes
reveal detectable correlation between nucleosome positions
up to three to four nucleosomes away (Figure 4e; Supple-
mentary Figure 52), with strongly positioned nucleosomes
exhibiting stronger overall correlation. These observations
are consistent with nucleosomes imposing restrictions on
one another, resulting in short-range correlation between
protection footprints that dephases over longer ranges. We
next measured co-accessibility in the vicinity of promoters
(Figure 4f). Active yeast TSSs are characterized by an up-
stream nucleosome-depleted/free region (NFR) and a well-
positioned +1 nucleosome. NMI profiles centered on the
latter show significant differences between expressed and
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Figure 4: SMAC-seq provides a high-resolution strand-specific view of genomic occupancy by DNA-binding
proteins and complexes. (a-b) SMAC-seq allows for footprinting of transcription factor binding events. Shown is ag-
gregate genome-wide SMAC-seq signal around occupied (as measured by ChIP-exo) Reb1 (a), and Rap1 (b) sequence
recognition motifs. (c) SMAC-seq profiles around positioned nucleosome dyads reveal increased accessibility in the dyad
and increased protection at the points of contact with the nucleosome (see Supplementary Figure 23 for additional details.)
(d) SMAC-seq provides a strand-specific view of nucleosome occupancy and reveals differential accessibility between the
two DNA strands depending on their position on the nucleosomal particle. (e-f) Coordination between the positions of
individual nucleosomes at the level of single chromatin fibers. (e) Shown is the average normalized mutual information
between each strongly or poorly positioned nucleosome in the yeast genome and its immediate genomic neighborhood
(measured for windows of 10 bp length tiling at every genomic position centered on the nucleosome dyad). (f) Shown
is the average normalized mutual information between each +1 nucleosome and its immediate genomic neighborhood
in highly expressed and in mostly silent genes (measured for windows of 10-bp length tiling at every genomic position
centered on the +1 nucleosome dyad).

inactive genes. While correlation decays downstream of the
TSS similarly for both groups, active genes exhibit an in-
verse correlation pattern upstream of the TSS.

Active yeast genes often exist in a looped conformation,
with promoter and termination regions in physical proxim-
ity, an arrangement thought to help enforce transcriptional
directionality32,33. We wondered if accessibility would be
correlated between the two gene ends. SMAC-seq reveals
low levels of correlation between the NFR and 3′ gene ends,
and stronger correlation between positioned nucleosomes in
these locations (Supplementary Figure 53). The correlation
between the NFR and 3′ ends increases for active genes and
decreases for silent genes, suggesting that transcriptional
activity and/or looping may help more strongly position
nucleosomes at the two gene ends.

We next assessed coordinated accessibility between
yeast TSSs. To this end, we devised an explicit test of co-

ordinated coaccessibility based on splitting reads into sepa-
rate pieces, randomly reassembling them, then deriving an
empirical coaccessibility distribution. We identified 1,115
TSS pairs as significantly correlated (out of 19,578 pairs
covered with ≥100 reads; Supplementary Figure 54). Of
these, 560 were located ≥1kb from each other (for exam-
ple see Supplementary Figure 55). One possible mechanism
for this correlated accessibility signal is increased frequency
of physical association in 3D space. Analysis of Micro-C
data34 shows that significantly coaccessible promoters in-
teract more frequently than non-coaccessible ones at a sim-
ilar distance (Supplementary Figure 56).

SMAC-seq charts coordinated accessibility changes
during the yeast stress response

Finally, we carried out SMAC-seq during a time course of
diamide treatment, to monitor chromatin states during a
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Figure 5: Coordinated changes in chromatin accessibility and nucleosomal occupancy during the yeast
stress response. (a) Experimental outline. Yeast cells were treated with diamide, then SMAC-seq and other functional
genomic assays where carried out at 15- or 30-minute intervals. (b) Sites occupied by the HSF1 transcription factor upon
its activation by the stress response pathway exhibit strong footprints in SMAC-seq data. (c) Changes in the expression of
the TMA10 gene upon diamide treatment (d) Changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-seq),
and of chromatin accessibility at the single molecule level in the vicinity of the TMA10 gene during the diamide time
course. (e) Changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-seq), and of chromatin accessibility at
the single molecule level in the vicinity of the HSP26 gene during the diamide time course. (f) Decrease in the fraction
of transcribed rDNA arrays as a result of cellular response to diamide treatment.
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dynamic response. Diamide oxidizes thiols in proteins, lead-
ing to activation of the stress response pathway and changes
in the expression of hundreds of genes35. Yeast stress re-
sponse is largely mediated by the Hsf1 and Msn2/4 TFs36.

We performed SMAC-seq at 0, 30 and 60 minutes af-
ter diamide treatment, as well as RNA-seq, ATAC-seq, and
ChIP-seq for Pol2, the elongating Pol2pS2 version, and
HSF1 (RNA and ATAC data were also collected at 15 and
45 minutes; Figure 5a). We observe several hundred genes
exhibiting strong expression changes (Supplementary Fig-
ure 57), and strong Hsf1 occupancy induction at hundreds
of sites (Supplementary Figure 58). SMAC-seq at 30 min-
utes shows strong footprinting over Hsf1 motifs within in-
duced Hsf1 binding sites.

We illustrate the dynamic accessibility patterns we
observe upon diamide treatment using the TMA10 and
HSP26 genes in Figure 5d-e, and multiple others in Supple-
mentary Figures 59–67. TMA10 and HSP26 are strongly
upregulated at 15 minutes; TMA10 expression subse-
quently declines somewhat and stabilizes (Figure 5c) while
HSP26 only declines at 60 minutes. SMAC-seq reveals a
relatively modest level of upstream accessibility before di-
amide treatment. However, at 30 minutes and upon Hsf1
binding, dramatic changes are evident. Nearby nucleo-
somes are evicted in many cells, and nucleosome depletion
increases within gene bodies, where RNA Pol2 ChIP-seq
shows highly active transcription. At 60 minutes, this re-
sponse dampens for TMA10, with the fraction of acces-
sible reads decreasing; the effect is less pronounced for
HSP26 whose expression remains relatively higher. NMI
co-accessibility maps (Supplementary Figures 59–68) fre-
quently show loss of correlation between positioned nucle-
osomes within and upstream of activated gene bodies as a
result of diamide response, consistent with increased nucle-
osome movement due to the activity of polymerases and
chromatin remodelers. Aggregate SMAC-seq observations
were largely corroborated by matched ATAC-seq on the
same samples (Supplementary Figures 69–70). We observed
a decrease in the transcribed rDNA array fraction (Figure
5f), consistent with decreased rDNA transcription upon ac-
tivation of the stress response program.

Discussion

SMAC-seq is a novel single-molecule method for profiling
chromatin accessibility within individual chromatin fibers
at a multikilobase resolution using nanopore sequencing.
SMAC-seq generates accessibility signals similar to widely
used short-read methods while enabling the simultaneous
profiling of nucleosome positioning and accessible chromatin
on a truly genome-wide scale, the measurement of the un-
derlying distribution of accessibility states, and the identi-
fication of loci exhibiting significant co-accessibility.

Extending SMAC-seq to larger genomes will require sig-
nificantly increased sequencing throughput, or selective en-
richment of individual loci. Fortunately, nanopore through-

put is increasing rapidly, while selective enrichment meth-
ods are also becoming available37. Increases in read length
will also be useful, especially for assaying co-accessibilty of
distal regulatory elements, which can often be tens of kilo-
bases apart in mammalian genomes.

Base calling is another area of future improvement. On
hurdle for the creation of more accurate base callers is the
lack of ground truth controls for training base calling algo-
rithms (e.g. pools of DNA templates with individual mod-
ifications in well-defined yet highly diverse sequence con-
texts). Alternatively, the use of tags bulkier than a methyl
group38 may provide much stronger modulation of the cur-
rent passing through the nanopore, enabling more reliable
signal identification.We also anticipate a diversity of DNA
modifying enzymes available to carry out SMAC-seq varia-
tions.

Endogenous methylation in mammalian genomes also
represents potentially confounding signal. To evaluate the
sale of this concern, we generated low-coverage SMAC-seq
data for human GM12878 cells using only EcoGII, and
examined aggregate “m6A-SMAC” profiles around CTCF
sites, open chromatin regions and TSSs. We recovered
the expected features of chromatin accessibility (strong nu-
cleosome positioning around CTCF62, accessibility peaks
around all three features), and observed no significant
difference between SMAC-seq profiles generated by filter-
ing out A positions nearby CpGs, demonstrating that
interference from endogenous methylation is likely mod-
est(Supplementary Figures 71–73).

However, there are also species where m6A occurs en-
dogenously and is strongly correlated with chromatin ac-
cessibility and nucleosome positioning39–41. Modifications
such as 4mC42 (N4-methylcytosine), cytidine deamina-
tion43, or 5-hydroxymethyluracil44 are among the potential
future alternatives in such cases. Finally, we believe that
the integration of SMAC-seq with other measurements of
the physical genome and the epigenome into single-molecule
multiomic assays represents a potentially fruitful direction.
We envision the possibility of simultaneous single-molecule,
multikilobase-scale measurements of accessibility, nucleoso-
mal positioning, endogenous DNA methylation, protein oc-
cupancy, chromatin interactions, and/or DNA replication.
In principle, similar approaches may also be applicable to
individual RNA molecules. We expect long-read single-
molecule approaches to provide an important new class of
tools for the study of the functional and physical organiza-
tion of genomes.

Materials and Methods

Except for when explicitly stated otherwise, all analyses
were carried out using custom-written Python or R scripts
(available on request).
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Cell lines and cell culture

The BY4741 S. cerevisiae strain (a kind gift from Ji-
Ping Wang and Xiaozhong Wang) was used for all experi-
ments except for Hsf1 ChIP-seq experiments where MS143
(H4S47C Hsf1-V5::HphMX6, this study) was used. MS143
was generated by PCR-based C-terminal tagging of Hsf1
with the V5 epitope. Hsf1-V5 tagging was confirmed by
colony PCR and western blotting. For all experiments, ex-
cept the initial one (“Sample 1”), cells were grown in YPD
media (30 ◦C) to OD∼0.8 before collection.

Yeast SMAC-seq experiments

Enzymatic treatment of chromatin

We developed and optimized SMAC-seq using the equiva-
lent of 1 × 106 human cells, which in the case of S. cere-
visiae translates in to 2.5 × 108 (the size of the haploid
human genome is ∼3 × 109bp while that of S. cerevisiae
is 1.2× 106bp). As yeast cells have a cell wall, we adapted
the spheroplasting protocol previously used for carrying out
ATAC-seq in yeast cells45 for our SMAC-seq experiments.

Yeast cells in log phase (OD660 ≤ 1.0) were first cen-
trifuged at 13,000 rpm for 1 minute, then washed with 100
µL Sorbitol Buffer(1.4 M Sorbitol, 40 mM HEPES-KOH pH
7.5, 0.5 mM MgCl2), and centrifuged again at 13,000 rpm
for 1 minute. Cells were then spheroplasted by resuspend-
ing in 200 µL Sorbitol Buffer with DTT added at a final
concentration of 10 mM and 0.5 mg/mL 100T Zymolase,
followed by incubating for 5 minutes at 30 ◦C at 300 rpm
in a Thermomixer. The pellet was centrifuged for 2 min-
utes at 5,000 rpm, washed in 100 µL Sorbitol Buffer, and
centrifuged again at 5,000 rpm for 2 minutes.

Cells were then resuspended in 100 µL ice-cold Nuclei
Lysis Buffer (10 mM Tris pH 7.4, 10 mM NaCl, 3 mM
MgCl2, 0.1 mM EDTA, 0.5% NP-40) and incubated on ice
for 10 minutes. Nuclei were then centrifuged at 5000 rpm
for 5 min at 4 ◦C, resuspended in 100 µL cold Nuclei Wash
Buffer (10 mM Tris pH 7.4, 10 mM NaCl, 3 mM MgCl2,
0.1 mM EDTA), and centrifuged again at 5,000 rpm for 5
min at 4 ◦C. Finally, nuclei were resuspended in 100 µL
M.CviPI Reaction Buffer (50 mM Tris-HCl pH 8.5, 50 mM
NaCl, 10 mM DTT).

Nuclei were then first treated with M.CviPI + EcoGII
by adding 200 U of M.CviPI (NEB) and 200 units of EcoGII
(NEB), SAM at 0.6 mM and sucrose at 300 mM, and in-
cubating at 30 ◦C for 7.5 min. After this incubation, 128
pmol SAM and another 100 U of enzymes were added, and
a further incubation at 30 ◦C for 7.5 min was carried out.
Immediately after, M.SssI treatment followed, by adding 60
U of M.SssI (NEB), 128 pmol SAM, MgCl2 at 10 mM and
incubation at 30 ◦C for 7.5 min.

The reaction was stopped by adding an equal volume of
Stop Buffer (20 mM Tris-HCl pH 8.5, 600 mM NaCl, 1%
SDS, 10 mM EDTA).

High-molecular weight DNA isolation

HMW DNA was isolated using the MagAttract HMW DNA
Kit (Qiagen; cat # 67563) following the manufacturer’s in-
structions.

Enzymatic treatment of naked DNA

Naked DNA was treated under exactly the same conditions
as chromatin except that the reaction volume and enzyme
amounts were reduced in half. HMW DNA was purified as
described above

GM12878 cell culture

The GM12878 human lymphoblastoid cell lines were grown
in media containing RPMI1640-GlutaMAX (Life Technolo-
gies, Carlsbad, CA) supplemented with 10% fetal bovine
serum.

GM12878 SMAC-seq experiments

Briefly 1×106 human GM12878 cells were washed with
1× PBS then resuspended in 200 µL ice-cold Nuclei Ly-
sis Buffer (10 mM Tris pH 7.4, 10 mM NaCl, 3 mM MgCl2,
0.1 mM EDTA, 0.5% NP-40) and incubated on ice for 10
minutes. Nuclei were then centrifuged at 500 g for 5 min
at 4 ◦C, resuspended in 200 µL cold Nuclei Wash Buffer
(10 mM Tris pH 7.4, 10 mM NaCl, 3 mM MgCl2, 0.1 mM
EDTA), and centrifuged again at 500 g for 5 min at 4 ◦C.
Finally, nuclei were resuspended in 200 µL reaction buffer
(1× NEB CutSmart buffer, 0.3 M sucrose). Nuclei were
then treated with EcoGII by adding 200 units of EcoGII
(NEB) and SAM at 0.6 mM, and incubating at 37 ◦C for
10 min. The reaction was stopped by adding 0.2% SDS,
and HMW DNA was immediately isolated as previously
described.

SMAC-seq analysis

Nanopore sequencing

HMW DNA was converted into libraries using the Liga-
tion Sequencing Kit 1D (Oxford Nanopore Technologies,
SQK-LSK108) following the manufacturer’s instructions.
Nanopore sequencing was carried out on R9.4 MinION flow-
cells (Oxford Nanopore Technologies) for up to 48 hours.

Nanopore base calling

Nanopore events were converted to DNA sequence using Al-
bacore (V2.3.3) using default settings. Reads were resquig-
gled using Tombo20, version 1.3, using the sacCer3 ref-
erence genome. Methylated bases were identified using
Tombo in the “de novo model” mode.
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Aggregation of accessibility information over multibasepair
windows

Even with the addition of m6A methylation, the resolution
of SMAC-seq still does not cover every nucleotide in the
genome, and it varies substantially between different loca-
tions depending on local sequence content differences. In
addition to that, nanopore base calling is still far from being
a fully resolved problem, and even more so in methylation-
aware mode. For these reasons, for many of the analyses
described in this study we aimed at assigning aggregate ac-
cessibility scores over windows, taking the totality of the
available evidence into account, thus obtaining more reli-
able, if coarser-grained, views of accessibility patterns along
the genome. We used a Bayesian approach to carry out ag-
gregation, as follows.

For a given window of width w in the genome, specified
by coordinates c, i, i+w (where c denotes the chromosome,
and i the leftmost coordinate of the window), and for all
reads r ∈ Rc,i,i+w fully spanning the window, we obtain
all Tombo probabilities pr,(c,j) such that j ∈ [i, i + w) for
sequence contexts CpG, GpC and A on the correspond-
ing genomic strand. We use a Beta prior B(α,β), with
α = β = 10, which we then updated based on each prob-
ability pr,(c,j) for all j ∈ [i, i + w). The final binary acces-
sibility score pr,(c,i,i+w) for read r and window c, i, i+ w is
determined by the final state of the prior.

Read filtering

As discussed above, we sometimes observe a population of
reads that are fully methylated across their whole length
or over large segments of it. There reads most likely derive
from dead cells, as our initial experiment, which was carried
out on a very dense yeast population containing a substan-
tial number of dead cells, exhibited much higher proportion
of such reads compared to subsequent experiments using
early log-phase cells. In order to remove such potentially ar-
tifactual reads, “filtered” sets of reads were obtained by re-
moving all reads containing a ≥1-kbp stretch that is ≥75%
methylated (while also filtering out reads shorter than 1
kb).

Read clustering

For most analyses presented in this manuscript, the
tglkmeans package was used to cluster SMAC-seq reads
(implemented in R, https://bitbucket.org/tanaylab/

tglkmeans. In addition, the hierarchical clustering imple-
mentation in scipy was also used in certain cases.

Co-accessibility assessment using Normalized Mutual
Information

To evaluate co-accessibility patterns along the genome, we
applied a Normalized Mutual Information as follows. Each
chromosome in the genome c was split into windows of size
w. For each such window (c, i, i+w), we identified the max-
imum range to the right of it, (c, j, j+w) such that the span
(c, i, j + w) is covered by ≥ M reads. All reads spanning
(c, i, j + w) were then extracted and subsampled down to
M reads (usually M = 100, unless specified otherwise). Ac-
cessibility scores were then aggregated and binarized as de-
scribed above for all windows located in the span (c, i, j+w),
and for all M reads fully spanning it, resulting in a local
co-accessibility matrix LCM of size M × (j+w− i)/w. We
then calculated Normalized Mutual Information scores for
each pair of columns LCMk and LCMl as follows:

MI(LCMk, LCMl) = p(0, 0) log2

(
p(0, 0)

pk(0) pl(0)

)

+ p(1, 1) log2

(
p(1, 1)

pk(1) pl(1)

)

+ p(0, 1) log2

(
p(0, 1)

pk(0) pl(1)

)

+ p(1, 0) log2

(
p(1, 0)

pk(1) pl(0)

)
(1)

MI scores were then normalized and rescaled in the in-
terval (−1, 1):

NMI(LCMk, LCMl) =


MI(LCMk, LCMl)√
H(LCMk)H(LCMl)

for p(0, 0) + p(1, 1) ≥ 0.5

−
MI(LCMk, LCMl)√
H(LCMk)H(LCMl)

for p(0, 0) + p(1, 1) < 0.5

(2)

Where H refers to the entropy of each individual distri-
bution.

For computational efficiency, local NMI matrices were
calculated for even-sized (50kb) evenly spaced (every 10kb)
tiles of the genome. The entries of the general genome-wide

NMI matrix were then calculated as the average of all local
NMI matrices containing each entry.
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Testing for coordinated accessibility

Coordinated accessibility was evaluated as follows. For each
pair of locations (c, i1, i1 + r1) and (c, i2, i2 + r2) (usually
r1 = r2), a minimum number of reads N was required
that fully spans the (c, i1, i2 + r) interval. All such reads
were then obtained for each pair, and then subsampled
multiple times down to N reads (in order not to intro-
duce bias in coordinated accessibility tests arising due to
differential read coverage between locations closer/further
apart). For each subsampling, the fraction of accessible
regions p1 and p2 was estimated for each of the two lo-
cations using the Bayesian procedure described above, as
well as the distribution of joint accessibilities over the four
states (0, 0), (1, 0), (0, 1), and (1, 1). The two halves of the
reads were then virtually split in half and recombined for
a total of 103 random combinations. The empirical distri-
bution N (µ, σ) of the four states was then estimated from
these random combinations, where µ = N ∗ (p(0,0) + p(1,1))
if p(0,0) + p(1,1) > 0.5 and µ = N ∗ (p(1,0) + p(1,0)) if
p(0,0) + p(1,1) ≤ 0.5. Empirical coordinated accessibility
p-values were then estimated based on the observed counts
|(0, 0)|+|(1, 1)| if |(0, 0)|+|(1, 1)| > 0.5∗N or |(0, 1)|+|(1, 0)|
if |(0, 0)|+ |(1, 1)| ≤ 0.5 ∗N . Bonferroni correction was ap-
plied to account for multiple hypothesis testing.

dSMF and Bisulfite sequencing

Illumina measurements of CpG and GpC methylation lev-
els were carried out using the PBAT protocol46 with mod-
ifications. HMW DNA (∼500 ng) was bisulfite converted
using the EZ DNA Methylation-Lightning Kit (Zymo, Cat
# D5030) by mixing 20 µL of purified DNA (∼500 ng) with
130 µL DNA Methylation Lightning Conversion reagent and
incubating at 98 ◦C for 8 minutes and then at 64 ◦C for 60
minutes. Bisulfite converted DNA was then cleaned up us-
ing the EZ DNA Methylation-Lightning Kit following man-
ufacturer’s instructions.

First strand synthesis was carried out by mixing 20 µL
bisulfite converted DNA, 19.75 µL H2O, 5 µL 10× Blue
Buffer (ThermoFisher), 1.25 µL 10 mM dNTP (NEB), and
4 µL custom-designed biotinylated adapter. Samples were
then incubated at 94 ◦C for 5 minutes, and at 4 ◦C for 5
minutes, after which 1.5 µL Klenow (3′ → 5′ exo minus;
MCLab) were added, and the reaction was incubated at
4 ◦C for 15 minutes, at 37 ◦C for 90 minutes, and at 70 ◦C
for 5 minutes. First-strand reaction cleanup was carried out
using 50 µL AMPure XP beads (Beckman Coulter); DNA
was eluted 50 µL EB buffer.

Biotinylated DNA was captured on streptavidin beads.
A total of 20 µL streptavidin Dybaneads M-280 (Ther-
moFisher) per sample were added to a PCR tube, separated
on a magnet and then resuspended in 50 µL 2× BW(Li)
buffer (6.3 g LiCl, 0.5 mL Tris-HCL pH 8.0, and 0.1 mL 500
mM EDTA for 50 mL total volume), to which the 50 µL
of eluted first-strand reaction DNA was added. Beads were
then incubated at room temperature for 30 minutes, washed

with 180 µL 2× BW(Li) buffer, twice with 0.1 N NaOH (by
resuspending well and incubating at room temperature for
2 minutes), washed again with 180 µL 2× BW(Li) buffer,
then with 180 µL 10 mM Tris-HCL pH 7.5.

Second-strand synthesis was carried out by resuspend-
ing streptavidin beads in the following reaction mix: 5 µL
10 × Blue Buffer, 1.25 µL 10 mM dNTPs, 39.75 µL H2O, 4
µL custom-designed second-strand adapter. Samples were
then incubated at 94 ◦C for 5 minutes, and at 4 ◦C for 5
minutes, after which 1.5 µL Klenow (3′ → 5′ exo minus)
were added, followed by further incubation at 4 ◦C for 15
minutes, at 37 ◦C for 30 minutes, and at 70 ◦C for 5 minutes.

Beads were separated on magnet and the chase reac-
tion was carried out by resuspending in a mix of 5 µL 10×
Thermo Pol Buffer, 1.25 µL 10 mM dNTPs, 43.5 µL H2O,
and 1 µL Bst DNA Polymerase Large Fragment (NEB).
Samples were incubated at 65 ◦C for 30 minutes, then again
separated on magnet.

PCR was performed on beads in 50 µL reactions com-
posed of 25 µL 2× NEB Next PCR Master Mix, 20 µL H2O,
2.5 µL i7 and 2.5 µL i5 primers (both custom-designed),
with initial extension at 72 ◦C for 3 min, denaturation at
98 ◦C for 30 sec, 15 cycles of 98 ◦C for 10 sec, 63 ◦C for 30
sec, and 72 ◦C for 30 sec, and final extension at 72 ◦C for 5
min. PCR reactions were cleaned up and size-selected using
AMPure XP beads.

Libraries were sequenced on Illumina NextSeq or MiSeq
instruments, as 2×75mers or 2×300mers, respectively.

dSMF data processing

Bisulfite reads were trimmed using cutadapt (version
0.16) and Trim Galore (version 0.4.4), using the follow-
ing settings (taking into account that the bisulfite se-
quencing libraries are generated with the PBAT protocol):
--clip_R1 9 --clip_R2 9 --three_prime_clip_r1 6

--three_prime_clip_r2 6 --paired. Trimmed reads
were the mapped to the sacCer3 version of the yeast
genome using Bismark47 (version 0.19.0) with the fol-
lowing settings: --bowtie2 --pbat. Methylation calls
were extract using the bismark_methylation_extractor

program within Bismark and the following settings:
-s --no_overlap --comprehensive --merge_non_CpG

--cytosine_report --CX.

ATAC-seq

ATAC-seq was carried out on the same nuclei isolated
for SMAC-seq as described above (before resuspension in
M.CviPI Reaction Buffer), by resuspending nuclei with 25
µL 2× TD buffer (20 mM Tris-HCl pH 7.6, 10 mM MgCl2,
20% Dimethyl Formamide), 2.5 µL transposase (custom
produced) and 22.5 µL nuclease-free H2O, and incubat-
ing at 37 ◦C for 30 min in a Thermomixer at 1000 RPM.
Transposed DNA was isolated using the DNA Clean & Con-
centrator Kit (Zymo, cat # D4014) and PCR amplified as
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described before48. Libraries were then sequenced on a Il-
lumina NextSeq instrument as 2×36mers or as 2×75mers.

ATAC-seq data processing

Demultipexed fastq files were mapped to the sacCer3 as-
sembly of the S. cerevisiae genome as 2×36mers using
Bowtie49 with the following settings: -v 2 -k 2 -m 1

--best --strata. Duplicate reads were removed using
picard-tools (version 1.99).

ChIP-seq experiments

Cell lysis and ChIP reactions were performed as previ-
ously described50 with minor modifications. Cells were
fixed with 1% formaldehyde for 20 minutes (Rpb1-CTD and
Rbp1-CTD-S2P ChIP) or 30 minutes (Hsf1-V5 ChIP) and
quenched with 0.125 M glycine for 5 minutes. A total of
∼50 ODs of cells were used per Rpb1-CTD or Rpb1-CTD-
S2P ChIP and ∼300 ODs per Hsf1-V5 ChIP. Fixed cell
were washed 2× in cold 1× PBS, pelleted and stored at
−80 ◦C. Pellets were lysed in 300 µL FA lysis buffer (50
mM HEPES–KOH pH 8.0, 150 mM NaCl, 1 mM EDTA,
1% Triton X-100, 0.1% sodium deoxycholate, 1 mM PMSF,
Roche protease inhibitor) with ∼1 mL ceramic beads on
a Fastprep-24 (MP Biomedicals). The entire lysate was
then collected and adjusted to 1 mL with FA lysis buffer
before sonication with a 1/8’ microtip on a Q500 sonica-
tor (Qsonica) for 14 minutes (10 seconds on, 20 seconds
off). The sample tube was held in a −20 ◦C 80% ethanol
bath throughout sonication to prevent sample heating. Af-
ter sonication, cell debris was pelleted and the supernatant
was retained for ChIP. For each ChIP reaction, 30 µL Pro-
tein G Dynabeads (Invitrogen) were blocked (PBS + 0.5%
BSA), prebound with 5-10 µL antibody (8wG16 Rpb1-
CTD, Abcam cat # ab817); 3E10 Rpb1-CTD-S2P, Mili-
pore cat # 04-1571-1) or SV5-Pk1 (anti-V5, BioRad cat #
MCA1360G)) and washed 1× with PBS before incubation
with supernatant (4 ◦C, overnight). Dynabeads were then
washed (5 minutes per wash) 3× in FA lysis buffer, 3× in
high-salt FA lysis buffer (50 mM Hepes-KOH pH 8.0, 500
mM NaCl, 1 mM EDTA, 1% Triton X-100, 0.1% sodium de-
oxycholate, 1 mM PMSF), 1× in ChIP wash buffer (10 mM
Tris-HCl pH 7.5, 0.25 M LiCl, 0.5% NP-40, 0.5% sodium
deoxycholate, 1 mM EDTA, 1 mM PMSF) and 1× in TE
wash buffer (10 mM Tris-HCl pH 7.5, 1 mM EDTA, 50
mM NaCl). DNA was eluted from the beads in ChIP elu-
tion buffer (50 mM Tris-HCl pH 7.5; 10 mM EDTA; 1%
SDS) at 65 ◦C for 20 min. Eluted DNA was incubated at
65 ◦C overnight to reverse crosslinks, before treatment with
RNAse A (37 ◦C, 1 hour) and then Proteinase K (65 ◦C,
2 hours). DNA was purified using the ChIP DNA Clean
& Concentrator kit (Zymo Research). Sequencing libraries
were generated using the NEBNext Ultra II DNA Library
Prep kit (NEB Cat # E7645) and sequenced on a Illumina
NextSeq instrument as 2×36mers or as 2×75mers.

ChIP-seq data processing

Demultipexed fastq files were mapped to the sacCer3 as-
sembly of the S. cerevisiae genome as 2×36mers using
Bowtie49 with the following settings: -v 2 -k 2 -m 1

--best --strata. Duplicate reads were removed using
picard-tools (version 1.99). Hsf1 peaks were called us-
ing MACS251 (version 2.1.0) with the following settings:
-g 12000000 -f BAMPE.

Multiread-preserving alignment and normalization

Multiread-preserving alignment and track generation was
carried out by mapping reads to the sacCer3 assembly of
the S. cerevisiae genome using Bowtie49 with the following
settings: -v 2 -a --best --strata. Each alignment was
then given a weight inversely proportional to the number
of locations that the read maps to i.e. each position’s score
was normalized to RPMs as follows:

Sc,i =

∑
R∈Rc,i

1

NHR

|R|
106

(3)

Where NHR is the number of locations in the genome
a read maps to.

RNA-seq experiments

Cells (1 mL) were pelleted and flash frozen in liquid N2. Pel-
lets were resuspended in 300 µL TRIzol and lysed with ∼1
mL ceramic beads on a Fastprep-24 (MP Biomedicals). Cell
debris were pelleted and RNA was extracted from the super-
natant using the Direct-Zol RNA Microprep Kit (Zymo Re-
search). RNA-seq libraries were generated using the NEB-
Next Ultra Directional RNA Library Prep Kit (NEB Cat
# E7420)

RNA-seq processing and gene expression
quantification

RNA-seq reads were mapped to the yeast genome as
1×50mers (external datasets) or 2×75mers (diamide exper-
iments) using TopHat version 2.0.852. Gene-level quan-
tifications in FPKMs (Fragments Per Kilobase per Mil-
lion mapped reads) were generated using Cufflinks version
2.0.252. The mean from all replicates was taken as the ex-
pression level for each gene for subsequent analyses.

External sequencing datasets

A number of previously published S. cerevisiae genomics
datasets were used in this study. ChIP-exo reads and
called peaks for Abf1, Cbf1, Rap1 and Reb1 were down-
loaded from GEO accessions GSE93662 and GSE72106.
ChIP-seq data for centromeric proteins was downloaded
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from GEO accessions GSE31466 and GSE51949. PRO-
seq and PRO-CAP data was obtained from GEO acces-
sion GSE76142. ORC ChIP-seq data was downloaded
from GEO accession GSE16926. DNase-seq was down-
loaded from GEO accession GSE69651 while DGF data
was downloaded from SRA accession SRP000620. MNase-
seq data was obtained from GEO accessions GSE26493 and
GSE29292, TBP ChIP-seq from GSE44200, Rpb1 ChIP-seq
from GSE93190, Rpb3 ChIP-seq from GSE74787, RPC128
ChIP-seq from GSE39566, and Mediator subunits ChIP-seq
from GSE95051. RNA-seq data from accession GSE85590
was also used. Except where otherwise stated, raw reads
were aligned using Bowtie53 with the following settings:
-v 2 --k 2 -m 1 --best --strata, with the addition
of -X 1000 for paired-end reads. Paired-end reads were
aligned as 2×25mers), while single-end reads were aligned
as 1×36mers. PRO-seq and PRO-CAP data was aligned as
1×16mers.

Micro-C data and processing

Micro-C data was downloaded from GEO accession
GSE68016 and processed as described in the original pub-
lication34.

Transcription factor motif mapping

Transcription factor motif recognition sequences were
mapped genome-wide using FIMO54 (version 4.11.2 of the
MEME-Suite55 using the CIS-BP database56 as a reference
set of position weight matrices.

Gene annotation update

Publicly available gene models for S. cerevisiae do not con-
tain TSS and TTS information for a major fraction of genes
in the genome, only including the coding (“CDS”) portions
instead. As the omission of UTRs presents a problem for
TSS- and TTS-centered analyses, we updated the existing
gene models following the approach described previously45

and the S. cerevisiae TIF-seq dataset from GEO accession
GSE3912857. New TSS and TTS positions were assigned
to each gene for which such information was available based
on the median UTR length as measured by TIF-seq.

Nucleosome positioning information

H4S47C19,58 chemical mapping data was downloaded form
GEO accessions GSE59523 and GSE36063. H3Q85C59

chemical mapping data was downloaded from GEO acces-
sion GSE97290. We used the nucleosome positioning calls
obtained from the original 2012 Brogaard et al. study for
our analyses, after transforming them from coordinates in
the sacCer2 version of the S. cerevisiae genome assembly to
sacCer3 using the liftOver function in the UCSC Genome
Browser utilities toolkit.

Mappability tracks generation

To evaluate unique read mappability, the whole genome was
tiled with reads of given length at every position. The reads
were then mapped back to the genome using the same set-
tings used to map single-end ChIP-seq reads. For every po-
sition coverage by mapped reads was calculated, and map-
pability was scored as the ratio between read coverage and
the read length used to tile the genome.

Data availability

Short read datasets associated with this study are avail-
able through GEO accession GSE128290. Nanopore data is
available through SRA BioProject PRJNA594057.
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Supplementary Materials

Supplementary Tables

Supplementary Table 1: Mapping statistics for SMAC-seq datasets in this study

sample
number
reads

total bases
mean read
length

median read
length

Sample 1 847,262 3,475,258,237 4,102 1,474
diamide 0 min rep1 2,462,311 4,018,221,647 1,632 722
diamide 30 min rep1 1,127,937 3,376,196,280 2,993 1,254
diamide 60 min rep1 1,543,217 4,187,296,821 2,713 1,171
diamide 0 min rep2 2,605,209 7,815,151,882 3,000 1,383
diamide 30 min rep2 2,266,191 6,046,929,720 2,668 977
diamide 60 min rep2 1,397,628 5,335,378,307 3,817 1,919
positive control gDNA High EcoGII 553 4,345,539 7,858 3,706
positive control gDNA Low EcoGII 11,265 137,959,334 12,247 6,383
negative control gDNA 740,001 3,437,777,966 4,646 1,161
negative control λ DNA 120,711 455,213,644 3,771 2,528
positive control λ DNA EcoGII 311,974 895,965,634 2,872 1,950
GM12878 m6A-SMAC 1,054,719 5,385,628,670 5,106 2,768

Supplementary Table 2: Mapping and QC statistics for ATAC-seq datasets used in this study

Dataset Complexity
TSS
ratio

Read
Length

uniquely
mapped
deduplicated
reads

Raw frag-
ments

L464 Diamide 0 min rep1 0.79 1.38 2 × 36 2,284,992 2,363,608
L465 Diamide 0 min rep2 0.79 1.36 2 × 36 2,383,094 2,409,446
L466 Diamide 15 min rep1 0.77 1.49 2 × 36 1,907,268 1,760,891
L467 Diamide 15 min rep2 0.75 1.42 2 × 36 3,415,058 3,058,834
L468 Diamide 30 min rep1 0.72 1.49 2 × 36 3,223,114 3,414,835
L469 Diamide 30 min rep2 0.74 1.41 2 × 36 3,081,970 2,846,193
L470 Diamide 45 min rep1 0.79 1.37 2 × 36 2,411,938 2,457,100
L471 Diamide 45 min rep2 0.75 1.40 2 × 36 3,135,316 2,885,651
L472 Diamide 60 min rep1 0.74 1.45 2 × 36 3,205,726 3,120,294
L473 Diamide 60 min rep2 0.76 1.43 2 × 36 2,387,398 2,244,141

SM 1



Supplementary Table 3: Mapping and QC statistics for ChIP-seq datasets used in this study

Dataset Complexity
Read
Length

Uniquely
mapped
deduplicated
reads

Raw frag-
ments

L482 Diamide 0 min Input 0.88 2 × 36 8,776,410 5,488,322
L483 Diamide 0 min Pol2 0.87 2 × 36 4,944,766 2,894,414
L484 Diamide 0 min Pol2pS2 0.80 2 × 36 5,834,864 3,434,723
L485 Diamide 0 min HSF1-V5 Input 0.90 2 × 36 6,089,572 3,850,484
L486 Diamide 0 min HSF1-V5 0.93 2 × 36 2,540,876 1,726,223
L487 Diamide 30 min Input 0.86 2 × 36 10,052,178 6,212,240
L488 Diamide 30 min Pol2 0.84 2 × 36 6,763,128 3,961,384
L489 Diamide 30 min Pol2pS2 0.84 2 × 36 6,332,462 3,901,689
L490 Diamide 30 min HSF1-V5 Input 0.92 2 × 36 4,587,466 2,831,871
L491 Diamide 30 min HSF1-V5 0.89 2 × 36 3,324,498 2,054,869
L492 Diamide 60 min Input 0.90 2 × 36 5,812,736 3,539,630
L493 Diamide 60 min Pol2 0.90 2 × 36 3,774,106 2,204,126
L494 Diamide 60 min Pol2pS2 0.85 2 × 36 4,873,244 2,924,345
L495 Diamide 60 min HSF1-V5 Input 0.87 2 × 36 7,683,586 4,679,564
L496 Diamide 60 min HSF1-V5 0.91 2 × 36 1,094,048 698,664

Supplementary Table 4: Mapping and QC statistics for RNA-seq datasets used in this study

Dataset Complexity
Read
Length

Unique
Unique
Splices

Multi
Multi
Splices

Raw frag-
ments

Diamide 0 min 0.20 2 × 75 30,692,672 461,804 3,974,211 38,859 18,719,790
Diamide 15 min 0.21 2 × 75 26,991,043 182,208 3,217,924 18,788 15,960,277
Diamide 30 min 0.19 2 × 75 34,711,193 201,334 3,716,196 21,450 21,717,800
Diamide 45 min 0.22 2 × 75 28,668,901 116,773 3,103,601 19,301 17,832,222
Diamide 60 min 0.31 2 × 75 14,991,437 71,198 1,759,048 10,455 13,548,619
Diamide Hsf-V5 0min 0.19 2 × 75 32,981,363 519,649 4,320,132 35,513 21,535,487
Diamide Hsf-V5 30min 0.19 2 × 75 33,505,595 211,992 3,973,770 23,016 22,974,020
Diamide Hsf-V5 60min 0.19 2 × 75 40,290,524 196,082 4,698,437 29,628 28,894,301
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Supplementary Figures

Supplementary Figure 1: Resolution of the SMAC-seq assay in its current form and some potential other
versions of it in the main model organism systems. Note that where endogenous methylation confounds readout
of accessibility, the corresponding combination of sequence contexts has been omitted from the plot. Also note that while
m6A has been reported to be present in the genomes of Arabidopsis 60 and C. elegans 61, it is generally found at low levels
(≤ 1%), and is not as strongly correlated with open chromatin and nucleosome positioning as it is in some other eukaryotes
such as Chlamydomonas 39, thus its utility for accessibility profiling is not altered significantly. Nevertheless, a universally
applicable version of SMAC-seq that is minimally confounded by endogenous methylation status in all eukaryotes will
probably require the use of different methyltransferases (once they become available as efficient recombinant enzymes),
for example, ones depositing the 4mC mark, which is what the “C” sequence context shown here corresponds to. (a)
Saccharomyces cerevisiae (complete absence of endogenous methylation); (b) Caenorhabditis elegans (no endogenous 5mC,
small amounts of endogenous m6A); (c) Drosophila melanogaster (no significant endogenous 5mC or m6A methylation);
(d) Arabidopsis thaliana (endogenous 5mC in CpG, CHG and CHH contexts, small amounts of endogenous m6A); (e)
Homo sapiens (endogenous 5mC in CpG contexts, small amounts of endogenous 5mC in CHG and CHH contexts); (f)
Mus musculus (endogenous 5mC in CpG contexts, small amounts of endogenous 5mC in CHG and CHH contexts).
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Supplementary Figure 2: GC positions alone are insufficient to provide proper coverage of the genome
in the context of a methylation-based assay for profiling chromatin accessibility. Shown is the distribution
of the fraction of the genome that contains no GC dinucleotides closer to each other than the indicated distance. The
mitochondrial genome was excluded from the calculation. (a) Saccharomyces cerevisiae; (b) Homo sapiens. More than
50% of each genome consists of regions with GC dinucleotides spaced at least 30 bp apart (and 40 bp in the case of S.
cerevisiae), i.e longer than a typical nucleosome linker.

Supplementary Figure 3: Important functional elements in the yeast genome, such as, in this example, cen-
tromeres, are almost completely devoid of GC/GC dinucleotides. Shown is the distribution of GC dinucleotides
(black rectangles) around S. cerevisiae centromeres.
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Supplementary Figure 4: Impact of the addition of m6A on assay resolution. Shown is the raw unfiltered
nanopore read coverage around a divergent promoter region on chrXII, considering only CG, only GC, only m6A, and all
bases at 1-bp resolution as well as all bases at averaged and aggregated 10-bp resolution. White spaces indicate positions
for which there is no data (i.e. no CG, GC or A).
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Supplementary Figure 5: Impact of the addition of m6A on assay resolution. Shown is the raw unfiltered
nanopore read coverage around a strongly positioned +1 nucleosome, considering only CG, only GC, only m6A, and all
bases at 1-bp resolution as well as all bases at averaged and aggregated 10-bp resolution. White spaces indicate positions
for which there is no data (i.e. no CG, GC or A).
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Supplementary Figure 6: Impact of the addition of m6A on assay resolution. Shown is the average accessibility
status measured by CG, GC or m6A modifications alone and with all positions aggregated together (calculated over 50bp
windows, with a step size of 5, as in Figure 1). The sparseness of CG and GC dinucleotides in the genome results in
numerous positions where data is completely missing and to low resolution not allowing the identification of numerous
positioned nucleosomes and even entire accessibility peaks.

Supplementary Figure 7: Impact of the addition of m6A on assay resolution. Shown is the average accessibility
status measured by CG, GC or m6A modifications alone and with all positions aggregated together (calculated over 50bp
windows, with a step size of 5, as in Figure 1). The sparseness of CG and GC dinucleotides in the genome results in
numerous positions where data is completely missing and to low resolution not allowing the identification of numerous
positioned nucleosomes and even entire accessibility peaks.
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Supplementary Figure 8: Impact of the addition of m6A on assay resolution. Shown is the average accessibility
status measured by CG, GC or m6A modifications alone and with all positions aggregated together (calculated over 50bp
windows, with a step size of 5, as in Figure 1). The sparseness of CG and GC dinucleotides in the genome results in
numerous positions where data is completely missing and to low resolution not allowing the identification of numerous
positioned nucleosomes and even entire accessibility peaks.

Supplementary Figure 9: Impact of the addition of m6A on assay resolution. Shown is the average accessibility
status measured by CG, GC or m6A modifications alone and with all positions aggregated together (calculated over 50bp
windows, with a step size of 5, as in Figure 1). The sparseness of CG and GC dinucleotides in the genome results in
numerous positions where data is completely missing and to low resolution not allowing the identification of numerous
positioned nucleosomes and even entire accessibility peaks.
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Supplementary Figure 10: Correlation at the base pair level between replicates and pseudoreplicates. Shown
are the Pearson r2 values for the average methylation calls for each position in the yeast genome between pseudoreplicates
(generated by randomly splitting reads in two halves) of the same and different biological replicates (tracks generated as
shown in Figure 1).

Supplementary Figure 11: Impact of the addition of m6A on assay resolution. Shown are Spearman correlation
values between average methylation calls and smoothed (over 10bp) DNAse-seq tracks for each position in the yeast genome
(without filtering out positions that are not uniquely mappable) for different subsamplings of SMAC-seq reads. Due to
the sparseness of GC dinucleotides in the genome, using GC methylation alone captures the accessibility signal much more
poorly than what is enabled by the dense coverage provided by m6A, as also shown above in Supplementary Figures 6–9
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Supplementary Figure 12 (preceding page): Impact of the addition of m6A on assay resolution. Shown
are Spearman correlation values between average methylation calls and smoothed (over 10bp) DNAse-seq tracks for each
position in the yeast genome (without filtering out positions that are not uniquely mappable) for different subsamplings
of SMAC-seq reads and for different 100 bp bins of the genome, separated by their density of GC dinucleotides. Due
to the sparseness of GC dinucleotides in the genome, using GC methylation alone captures the accessibility signal much
more poorly than what is enabled by the dense coverage provided by m6A, as also shown above in Supplementary Figures
6–9. At high density of GC dinucleotides, the GC alone and the SMAC-seq readouts begin to converge. However, only a
small fraction of the genome has such properties, thus m6A is overall essential for proper capture of accessibility patterns
genome-wide.
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Supplementary Figure 13: Global methylation levels in yeast dSMF experiments and in positive and
negative controls (measured by bisulfite sequencing). DNA from SMAC-seq experiments was subjected to Illumina
bisulfite sequencing using the PBAT protocol. In parallel, naked genomic DNA (gDNA) was either treated with all three
enzymes under the same conditions as in the SMAC-seq protocol or it was left untreated. These samples were also
subjected to Illumina PBAT bisulfite sequencing. Shown are the global methylation levels for each sample.
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Supplementary Figure 14: Global m6A methylation levels in positive and negative controls (measured by
nanopore sequencing). Yeast genomic DNA was incubated with no or a low/high amount of the EcoGII enzyme and
then subjected to nanopore sequencing. Shown are the average methylation levels for A nucleotides. Note that completely
methylated DNA molecules are not sequenced well on the nanopore platform (See also Supplementary Table 1), thus the
methylation estimates in the treated samples are most likely underestimates.
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Supplementary Figure 15: Global m6A methylation levels in positive and negative controls (measured by
nanopore sequencing). Unmethylated Lambda DNA was incubated with the EcoGII enzyme and then subjected to
nanopore sequencing. Shown are the average methylation levels for A nucleotides. Note that completely methylated DNA
molecules are not sequenced well on the nanopore platform, thus the methylation estimates in the treated sample are most
likely underestimates.
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Supplementary Figure 16: Distance between regulatory elements (i.e. promoters in the case of S. cere-
visiae).
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Supplementary Figure 17: Distribution of nanopore read lengths obtained for the experiments described
in this study.
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Supplementary Figure 18: Distribution of methylation call probabilities. Shown is the distribution of Tombo
“alternative model” probabilities for all positions, and each of the three sequence contexts, as well as the distribution after
filtering potential poor quality/non-chromatinized reads (see further below for more details).

SM 17



SM 18



Supplementary Figure 19: Transformation of raw methylation probabilities into binary methylation calls.
Shown is raw unfiltered SMAC-seq single-molecule data over a strongly positioned nucleosome on chrXVI (1-bp resolution).
White spaces indicate positions for which there is no data (i.e. no CG, GC or A). (a) raw Tombo alternative model
methylation probabilities; (b) p < 0.5 thresholding; (d) p < 0.3 thresholding; (d) p < 0.1 thresholding.
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Supplementary Figure 20: Transformation of raw methylation probabilities into binary methylation calls.
Shown is raw unfiltered SMAC-seq single-molecule data over a ∼2.8kb locus on chrIV (10-bp average for all panels). White
spaces indicate positions for which there is no data (i.e. no CG, GC or A). (a) raw Tombo alternative model methylation
probabilities; (b) p < 0.5 thresholding; (d) p < 0.3 thresholding; (d) p < 0.1 thresholding.

SM 21



Supplementary Figure 21: Correlation of SMAC-seq (Figure 1e) with other measures of chromatin struc-
ture around the dyad centers of positioned nucleosomes in the S. cerevisiae genome. (a) H4S47C and H3Q85C
nucleosome chemical mapping; (b) MNaseq-seq; (c) DNase-seq; (d) Digital Genomic Footprinting (DGF, 5′ ends of deeply
sequenced DNAseq-seq data).
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Supplementary Figure 22: Correlation of SMAC-seq (Figure 1f and g) with other types of functional
genomic measurements of chromatin structure, protein occupancy and transcriptional activity around
TSSs. Shown is average coverage over all S. cerevisiae genes, for the most highly expressed 20% of genes (“quantile1”),
and for the bottom 20% of genes (“quantile5”). (a) DNase-seq; (b) H4S47C nucleosome chemical mapping; (c) H3Q85C
nucleosome chemical mapping; (d) TBP ChIP-seq; (e) Rpb1 ChIP-seq; (f) Rpb3 ChIP-seq; (g) Med3 ChIP-seq; (h)
PRO-cap; (i) PRO-seq.
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Supplementary Figure 23: SMAC-seq data displays higher methylation propensity in more exposed parts
of the nucleosomal particle. (a) Structure of the eukaryotic nucleosome; (b) High-resolution (50-bp radius) view of
chemical nucleosome mapping data relative to nucleosome dyads; (c) High-resolution (50-bp radius) view of SMAC-seq
data relative to nucleosome dyads; (d) Strand-specific (100-bp radius) view of SMAC-seq data relative to nucleosome
dyads; (e) High-resolution (50-bp radius) view of DGF cleavage profiles relative to nucleosome dyads.
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Supplementary Figure 24: Correlation of SMAC-seq signal with ATAC-seq and DNA-seq signal over yeast
promoters. Shown is the average methylation over the TSS ± 200 bp for SMAC-seq and RPM (Reads Per Million
mapped reads) values for DNase-seq (a) and ATAC-seq (b). Note that the DNase-seq dataset is obtained from an external
study while the SMAC-seq and ATAC-seq ones are from the same sample (“diamide 0 min rep1”).
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Supplementary Figure 25: Comparison of dSMF results and different approaches to methylation-aware
base calling on SMAC-seq data. Shown is the inverse of the methylated fraction of nucleotides around TSSs of all,
highly express (top quantile) and low expression-level (bottom quantiles) yeast genes (unfiltered “Sample 1” dataset). Note
that the different panels are not drawn to the same scale. (a) dSMF; (b) SMAC-seq data using Nanopolish methylation
base-calling on CG and GC nucleotides; (c) SMAC-seq data using Tombo methylation base-calling, CG positions only; (d)
SMAC-seq data using Tombo methylation base-calling, GC positions only; (e) SMAC-seq data using Tombo methylation
base-calling, m6A positions only.
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Supplementary Figure 26: Examination of enzymatic/methylated base calling bias. Shown is the ratio of
observed versus expected fraction of methylated bases for each sequence context of size k, calculated as follows:

fobs/exp,k
=

km/ku∑
k km/

∑
k ku

where km refers to the number of bases called as methylated across all reads and km refers to the number of bases called
as unmethylated . (a) CG positions only, k = 4. (b) GC positions only, k = 4. (c) A positions only, k = 4. (d) CG
positions only, k = 6. (e) GC positions only, k = 6. (f) A positions only, k = 6. (g) CG positions only, k = 8. (h) GC
positions only, k = 8. (i) A positions only, k = 8.
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Supplementary Figure 27: Relationship between local GC content and enzymatic/methylated base calling
bias. Shown is the ratio of observed versus expected fraction of methylated bases for each sequence context of size k,
calculated as follows:

fobs/exp,k
=

km/ku∑
k km/

∑
k ku

where km refers to the number of bases called as methylated across all reads and km refers to the number of bases called
as unmethylated . (a) CG positions only, k = 4. (b) GC positions only, k = 4. (c) A positions only, k = 4. (d) CG
positions only, k = 6. (e) GC positions only, k = 6. (f) A positions only, k = 6. (g) CG positions only, k = 8. (h) GC
positions only, k = 8. (i) A positions only, k = 8.
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Supplementary Figure 28: Absence of strong correlation between nanopore sequencing read length and
methylation status. Shown is the fraction of bases within each read that is scored as methylated. (a) CG positions
only. (b) GC positions only. (c) m6A positions only. (d) All positions.

SM 29



Supplementary Figure 29: Removal of potentially artifactual high-methylation reads. Shown is unfiltered
SMAC-seq data and the same locus after removal of all reads containing a 1-kb ≥75% methylated stretch (average
accessibility over 10 bp).

SM 30



Supplementary Figure 30: SMAC-seq pro-
vides coverage of areas of the genome
that cannot be uniquely mapped using
short reads. (a) Average short-read mappabil-
ity around TSSs of annotated transposable ele-
ments in the S. cerevisiae genome; (b) SMAC-seq
signal around TSSs of annotated transposable el-
ements in the S. cerevisiae genome.
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Supplementary Figure 31: SMAC-seq provides coverage of areas of the genome that cannot be uniquely
mapped using short reads. Four different repetitive regions are shown (a, b, c and d) together with short read coverage
for DNase-seq and chemical nucleosome mapping data and unique mappability tracks for 36mers and 100mers.
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Supplementary Figure 32: Single-molecule long-read accessibility around well positioned centromeres. (a)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrI; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrII. In
both cases, accessibility is shown at aggregated 10-bp resolution (see Methods section for details) for the single-molecule
display, and aggregated over sliding (every 5 bases) 50-bp windows for the genome browser SMAC-seq track.
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Supplementary Figure 33: Single-molecule long-read accessibility around well positioned centromeres. (a)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrIII; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrIV. In
both cases, accessibility is shown at aggregated 10-bp resolution (see Methods section for details) for the single-molecule
display, and aggregated over sliding (every 5 bases) 50-bp windows for the genome browser SMAC-seq track.
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Supplementary Figure 34: Single-molecule long-read accessibility around well positioned centromeres. (a)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrV; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrVI. In
both cases, accessibility is shown at aggregated 10-bp resolution (see Methods section for details) for the single-molecule
display, and aggregated over sliding (every 5 bases) 50-bp windows for the genome browser SMAC-seq track.
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Supplementary Figure 35: Single-molecule long-read accessibility around well positioned centromeres. (a)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrVII; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrVIII. In
both cases, accessibility is shown at aggregated 10-bp resolution (see Methods section for details) for the single-molecule
display, and aggregated over sliding (every 5 bases) 50-bp windows for the genome browser SMAC-seq track.
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Supplementary Figure 36: Ribosomal DNA arrays are highly enriched for chromatin accessibility as
measured by ATAC-seq. (a) Unique read mappability of the Saccharomyces cerevisiae genome as a function of read
length (b) Unique read mappability of the Schizosaccharomyces pombe genome as a function of read length (c and d)
Enrichment of multimapping reads in Saccharomyces cerevisiae ATAC-seq datasets (e) ATAC-seq multireads are highly
enriched for rDNA-mapping reads (f) Enrichment of multimapping reads in Schizosaccharomyces pombe ATAC-seq datasets
ATAC-seq datasets were obtained from Schep et al. 201545
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Supplementary Figure 37: SMAC-seq reveals the distribution of alternative chromatin states of rDNA
arrays. Shown are all reads covering the RDN37-1 and RDN37-2 arrays in the RDN1 locus in the
“diamide 30 min rep1” experiment (unfiltered reads, “aggregate” signal).
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Supplementary Figure 38 (preceding page): SMAC-seq reveals the distribution of alternative chromatin
states of rDNA arrays. Shown are all reads covering the RDN37-1 and RDN37-2 arrays in the RDN1
locus in the “diamide 60 min rep1” experiment (unfiltered reads, “aggregate” signal).

Supplementary Figure 39: SMAC-seq reveals the distribution of alternative chromatin states of rDNA
arrays. Shown are all reads covering the RDN37-1 and RDN37-2 arrays in the RDN1 locus in the
“diamide 0 min rep1” experiment (unfiltered reads, “aggregate” signal).
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Supplementary Figure 40: NMI profile for the RDN37-2 array, as in Figure 3b.
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Supplementary Figure 41 (preceding page): The impact of the addition of m6A to SMAC-seq on assay
resolution and the potential ability to footprint individual transcription factors. Shown is the fraction of
motifs in the genome for each transcription factor in the yeast genome containing the indicated number of informative
positions using GC alone, m6A alone, and GC + m6A methyltransferase.

Supplementary Figure 42: Single-molecule footprinting by transcription factors. Shown is the average methy-
lation status (averaged over 10bp) in the neighborhood of occupied (as measured by ChIP-exo or ChIP-seq) recognition
motifs for several S. cerevisiae DNA binding proteins: (a) Reb1; (b) Rap1; (c) Abf1; (d) Cbf1. (e) ORC1. Strong foot-
printing is observed for Reb1, Rap1, and ORC1, while Abf1 and Cbf1 occupancy does not appear to be strongly protective
against methylation.
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Supplementary Figure 43: Single-molecule footprinting by transcription factors. Shown is the average DNAse-
seq (A) and ATAC-seq (B) cut profiles, and the SMAC-seq methylation profile (C) around DNAse footprints identified in
yeast by Hesselbreth et al.7.
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Supplementary Figure 44: Single-molecule footprinting by Reb1 binding sites. (a) Raw unfiltered nanopore
reads fully spanning the 400-bp neighborhood of a Reb1 binding site on chrXVIII, at single-bp resolution. White spaces
indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp resolution.
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Supplementary Figure 45: Single-molecule footprinting by Reb1 binding sites. (a) Raw unfiltered nanopore
reads fully spanning the 400-bp neighborhood of a Reb1 binding site on chrXVIII, at single-bp resolution. White spaces
indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp resolution.
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Supplementary Figure 46: Single-molecule footprinting associated with Rap1 occupancy. (a) Raw unfiltered
nanopore reads fully spanning a 400-bp neighborhood of the subtelomeric region of chrXIV, at single-bp resolution. White
spaces indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp
resolution.

Supplementary Figure 47: Single-molecule footprinting associated with Rap1 occupancy. (a) Raw unfiltered
nanopore reads fully spanning a 400-bp neighborhood of the subtelomeric region of chrXV, at single-bp resolution. White
spaces indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp
resolution.
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Supplementary Figure 48: Single-molecule footprinting associated with Rap1 occupancy. (a) Raw unfiltered
nanopore reads fully spanning a 400-bp neighborhood of the subtelomeric region of chrVI, at single-bp resolution. White
spaces indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp
resolution.
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Supplementary Figure 49: Single-molecule footprinting associated with Rap1 occupancy. (a) Raw unfiltered
nanopore reads fully spanning a 400-bp neighborhood of the subtelomeric region of chrXII, at single-bp resolution. White
spaces indicate positions for which there is no data (i.e. no CG, GC or A). (b) Same as in (a), but at aggregated 10-bp
resolution.
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Supplementary Figure 50: Single-molecule footprinting associated with ORC occupancy. (a) Raw unfiltered
nanopore reads fully spanning the neighborhood of an ARS site on chrII, at 5-bp aggregated resolution. White spaces
indicate positions for which there is no data (i.e. no CG, GC or A).
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Supplementary Figure 51: Strand-specific nucleosome accessibility/occupancy is most clearly revealed by
m6A methylation using EcoGII. (a) Strand-specific (100-bp radius) view of SMAC-seq data relative to nucleosome
dyads using all positions; (b) Strand-specific (100-bp radius) view of SMAC-seq data relative to nucleosome dyads using
CG positions; (c) Strand-specific (100-bp radius) view of SMAC-seq data relative to nucleosome dyads using GC positions.

SM 51



Supplementary Figure 52: Metanucleosome NMI profiles in the yeast genome. Shown are average NMI maps
between all 20-bp segments centered on each positioned nucleosome in the genome (a), the top 10% strongly positioned
nucleosomes (b), or the top 10% strongly positioned nucleosomes (c).
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Supplementary Figure 53: Patterns of coaccessibility between the 5′ and 3′ ends of genes. Shown is the
average NMI for the ±500bp regions in the 5′ and 3′ end of all yeast genes as well as the top and bottom 20% expression-
ranked genes (calculated over 10-bp windows). Only genes ≥1000 bp in length are shown. Similar results are obtained
using windows of size 20bp or 50bp (data not shown).
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Supplementary Figure 54: Accessibility correlation between TSSs in the yeast genome. Shown are NMI
values for each pair of significantly and non-significantly correlated TSSs (defined as the regions ±100 bp around the
TSS).
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Supplementary Figure 55: Example of accessibility correlation between TSSs. Shown are accessibility corre-
lations between all loci in the region with coordinates “chrII:265000-280000”. The size and color of the dots corresponds
to their NMI scores.
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Supplementary Figure 56: Accessibility correlation between TSSs and 3D interactions. Shown are significantly
and non-significantly correlated TSSs (defined as the regions ±100 bp around the TSS) split into distance bins and the
number of 3D interactions between each group (measured by MicroC).
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Supplementary Figure 57: Gene expression changes upon diamide treatment. Shown is RNA-seq data (mean
and unit-variance normalized across time points) for all genes expressed at ≥50 FPKM in at least one time point.
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Supplementary Figure 58: Dynamic changes in HSF1 occupancy upon diamide treatment. Shown are
ChIP-seq RPMs (mean and unit-variance normalized across time points) for all HSF1 peaks detected in least one time
point.
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Supplementary Figure 59: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the TMA10 gene.

SM 59



Supplementary Figure 60: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the AAD6 gene.
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Supplementary Figure 61: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the HSP26 gene.
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Supplementary Figure 62: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the HSP12 gene.
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Supplementary Figure 63: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the HSP31 gene.
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Supplementary Figure 64: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the HSP104 gene.
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Supplementary Figure 65: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the CTT1 gene.
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Supplementary Figure 66: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the SRX1 gene.
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Supplementary Figure 67: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response. Shown are changes in RNA Polymerase and HSF1 occupancy (measured by ChIP-
seq), SMAC-seq profiles (1-bp resolution, 10-bp aggregate scores) and NMI profiles in the vicinity of the HSP82 gene.
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Supplementary Figure 68: Coordinated changes in chromatin accessibility and nucleosomal occupancy
during the yeast stress response around the HSP82 gene. Shown are NMI profiles in the vicinity of the HSP82
gene for the first replicate of the diamide time course as well as for pseudoreplicates (generated by randomly splitting
reads in two halves) from the second replicate of the diamide time course.
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Supplementary Figure 69: Changes in chromatin accessibility during the yeast stress response around the
TMA10 gene as measured by ATAC-seq.
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Supplementary Figure 70: Changes in chromatin accessibility during the yeast stress response around the
HSP26 gene as measured by ATAC-seq.
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Supplementary Figure 71 (preceding page): Detection of chromatin accessibility features around CTCF
ChIP-seq peak summits in human GM12878 cells using m6A-SMAC-seq. (a) Whole-genome bisulfite sequencing
data (obtained from the ENCODE Consortium) (b) CpG methylation (from m6A-SMAC-seq experiment generated by
this study) (c) m6A methylation (from m6A-SMAC-seq experiment generated by this study), average profile; (d) m6A
methylation (excluding A positions within 1 bp of a CpG dinucleotide), average profile; (e) m6A methylation (excluding
A positions within 2 bp of a CpG dinucleotide), average profile; (f) m6A methylation (excluding A positions within 3 bp
of a CpG dinucleotide), average profile; (g) m6A methylation (excluding A positions within 4 bp of a CpG dinucleotide),
average profile; (h) m6A methylation (from m6A-SMAC-seq experiment generated by this study), aggregate profile; (i)
m6A methylation (excluding A positions within 1 bp of a CpG dinucleotide), aggregate profile; (j) m6A methylation
(excluding A positions within 2 bp of a CpG dinucleotide), aggregate profile; (k) m6A methylation (excluding A positions
within 3 bp of a CpG dinucleotide), aggregate profile; (l) m6A methylation (excluding A positions within 4 bp of a CpG
dinucleotide), aggregate profile.

Supplementary Figure 72: Average profiles of endogenous DNA methylation and m6A-SMAC-seq around
DNase hypersensitive sites in human GM12878 cells. (a) Whole-genome bisulfite sequencing data (obtained from
the ENCODE Consortium); (b) CpG methylation (from m6A-SMAC-seq experiment generated by this study); (c) m6A
methylation (from m6A-SMAC-seq experiment generated by this study).
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Supplementary Figure 73: Measurement of chromatin accessibility around transcription start sites using
m6A-SMAC-seq human GM12878 cells. Shown are the average m6A-SMAC-seq around all protein coding genes, as
well as the top 20% and the bottom 20% of genes in GM12878 cells (as determined using RNA-seq measurements provided
by the ENCODE Consortium).
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