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Abstract

Active regulatory elements in eukaryotes are typically characterized by an open, nucleosome-
depleted chromatin structure; mapping areas of open chromatin has accordingly emerged as a
widely used tool in the arsenal of modern functional genomics. However, existing approaches for
profiling chromatin accessibility are limited by their reliance on DNA fragmentation and short
read sequencing, which leaves them unable to provide information about the state of chromatin
on larger scales or reveal coordination between the chromatin state of individual distal regulatory
elements. To address these limitations, we have developed a method for profiling accessibility
of individual chromatin fibers at multi-kilobase length scale (SMAC-seq, or Single-Molecule
long-read Accessible Chromatin mapping sequencing assay), enabling the simultaneous, high-
resolution, single-molecule assessment of the chromatin state of distal genomic elements. Our
strategy is based on combining the preferential methylation of open chromatin regions by DNA
methyltransferases (CpG and GpC 5-methylcytosine (5mC) and N6-methyladenosine (m6A) en-
zymes) and the ability of long-read single-molecule nanopore sequencing to directly read out the
methylation state of individual DNA bases. Applying SMAC-seq to the budding yeast Saccha-
romyces cerevisiae, we demonstrate that aggregate SMAC-seq signals match bulk-level acces-
sibility measurements, observe single-molecule protection footprints of nucleosomes and tran-
scription factors, and quantify the correlation between the chromatin states of distal genomic ele-
ments.

The packaging of DNA by nucleosomes into chromatin
is a major organizing principle of genome organization in
eukaryotes. The majority of the genome is tightly pack-
aged by nucleosomal particles that wrap around DNA (usu-
ally ∼147bp), thus making it inaccessible to binding by
most regulatory proteins. Conversely, regions of open chro-
matin tend to be strongly associated with regulatory ele-
ments (REs), such as enhancers, promoters, and insulators,
and nucleosomes often exhibit characteristic occupancy pat-
terns in their vicinity. These biological properties have
proven highly useful for identifying candidate such elements
(cREs), and in turn for understanding the functional or-
ganization of genomes. Regions of open chromatin have
greatly increased sensitivity to cleavage by nucleases such as
DNAse I, as already noted nearly four decades ago for pro-
moter and enhancer elements around individual genes1–3.
Subsequent advances in microarray4,5 and DNA sequenc-

ing technologies6,7 have enabled DNAse hypersensitivity-
based mapping of cREs genome-wide. Similarly, diges-
tion of DNA is inhibited by nucleosome occupancy, and
MNase digestion of chromatin (MNase-seq) has accord-
ingly become a widely used tool to map nucleosome po-
sitioning throughout genomes9. More recently, the Tn5
transposase has also been used as a facile probe of chro-
matin accessibility8. However, while short read-based as-
says provide immensely useful information about the iden-
tity of cREs and positioned nucleosomes, they give lit-
tle insight into the long-range physical organization of
individual chromatin fibers. Because cleavage-based ap-
proaches remove the linkage between distal segments of
DNA molecules, classical functional genomic assays return
estimates of the relative chromatin states only at short lo-
calized regions of the genome. To what extent these states
are coordinated across distance and what the distribution of
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chromatin states looks like at the kilo– to multikilobase
scale is largely unknown. Well established tools exist for
mapping direct interactions between distal genomic ele-
ments in the context of three-dimensional genome archi-
tecture10–12 but they only capture pairwise interactions
within large cell populations, not the chromatin state of
the interacting regions, and they are often of limited reso-
lution. Similar limitations apply to emerging methods for
studying local chromatin structure13. Super-resolution mi-
croscopy using highly multiplexed fluorescent probes is a
powerful tool for revealing the folding of the chromatin fiber
at the single cell level14, but this approach is limited to a
small number of loci and does not provide high-resolution
base-pair level information about regulatory states. Cryo-
electron microscopy-based approaches15 allow direct obser-
vations of the nucleosomal state along individual chromatin
fibers, but at present the underlying DNA sequence cannot
be linked to these measurements. More recently, long-read
sequencing was used to map MNase cleavage events at mult-
inucleosomal lengths22; however, such approaches only pro-
vide information about two points in genomic space leaving
the state of chromatin in the intervening sequence unknown.

These technological limitations prevent the investiga-
tion of the manner in which chromatin states of adjacent
elements are correlated and how such coordination might
play a role in gene regulation (for example, by creating
self-reinforcing or mutually exclusive epigenetic states). To
address these technological limitations, we have developed
SMAC-seq, a versatile, single molecule method that directly
assays long-range nucleosome positioning and accessibility
states within the chromatin fiber. We use this method
to study chromatin architecture and co-accessibility states
in the yeast Saccharomyces cerevisiae, both under normal
growth and conditions of cellular stress. We use SMAC-seq
to assess the degree of coordination between the positions of
nearby nucleosome particles, enumerate mutually exclusive
regulatory states along individual loci, and observe coordi-
nated changes in nucleosome positioning and chromatin ac-
cessibility upon transcriptional activation. SMAC-seq also
allows for footprinting of transcription factor (TF) occu-
pancy, and provides strand-specific information about the
exposure of DNA bound to nucleosomes and other proteins.
We expect future applications of, improvements on, and ex-
tensions of the SMAC-seq approach to enable novel insights
into the dynamics of chromatin states in the context of a
wide variety of experimental systems and biological ques-
tions.

Results

SMAC-seq maps chromatin accessibility and
nucleosome positioning at the multi-kb scale

SMAC-seq is built on the conceptual foundations of the
NOMe-seq assay16,17. In its original form, NOMe-seq re-
lies on the preferential modification of bases within accessi-
ble DNA with M.CviPI (a GpC-specific 5mC methyltrans-

ferase), followed by bisulfite conversion and Illumina-based
sequencing readout. A more recent variation, dSMF18

(dual-enzyme Single Molecule Footprinting), utilized an
additional CpG-specific 5mC methyltransferase (M.SssI) to
map promoter states in Drosophila cells in finer detail. Such
an approach is applicable in the Drosophila context thanks
to the absence of endogenous CpG methylation in flies.

Here, we utilize the m6A methyltransferase EcoGII19

as an alternative/addition to CpG/GpC methylation, and
use nanopore sequencing to generate single-molecule read-
outs of accessibility states over many kilobases (Figure
1A). Briefly, isolated nuclei are treated with methyltrans-
ferase(s), preferentially modifying DNA within accessible
chromatin. High-molecular weight (HMW) DNA is then
isolated and subjected to long-read single-molecule sequenc-
ing using the Oxford Nanopore platform. Using the abil-
ity of nanopore sequencing to directly read modified DNA
bases20,21, we then obtain methylation maps for individual
DNA molecules on a multikilobase scale (see the Methods
section for details), which we then interpret in terms of
chromatin accessibility.

The addition of m6A methylation is of key importance
to making SMAC-seq a high-resolution broadly applicable
assay. Many eukaryote genomes are endogenously methy-
lated at 5mC positions23,24. This is usually in a CpG con-
text, in particular in metazoans, but it is not always lim-
ited to CpG dinucleotides. For example, in plants methy-
lation in CHG and CHH contexts is also a common occur-
rence25, thus even results obtained with M.CviPI alone are
confounded by endogenous methylation. In addition, CpG
and GpC dinucleotides are relatively rare in the genome.
The average resolution achieved by the combination of CpG
and GpC methyltransferases is >10 bp in Drosophila and
∼15 bp in yeast; it is ∼25bp for GpC alone in mammalian
genomes. However, these are genome-wide theoretical aver-
ages; in practice many individual regions of interest either
completely lack informative positions or contain so few of
them that the signal-to-noise ratio is too high for reliable
conclusions to be obtained. The addition of m6A dramati-
cally increases the resolution of SMAC-seq, down to a the-
oretical limit of ∼3 bp in all main model organisms, and
ensures proper coverage of the genome over all individual
loci (Supplementary Figures 1-3 and 16-51).

We initially developed and optimized the method in
the budding yeast Saccharomyces cerevisiae under normal
growth conditions, as Saccharomyces cerevisiae has no en-
dogenous DNA methylation (allowing the simultaneous use
of all three enzymes) and has a small genome (∼12 Mbp),
making it possible to achieve very high depth of nanopore
sequencing coverage. To verify the specificity and effi-
ciency of the enzymatic treatments, we carried out both
dSMF experiments (i.e M.CviPI + M.SssI treatment) on
yeast chromatin and M.CviPI + M.SssI + EcoGII reac-
tions on naked yeast DNA (as well as untreated naked DNA
controls), and subjected the resulting material to whole-
genome bisulfite sequencing (see the Methods section for
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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.

more details). We observe ≥95% methylation in both the
CpG and GpC contexts when starting with naked DNA,
≤10% when working with chromatin, and nearly 0% on un-
treated naked DNA (Supplementary Figure 6). Comparing
dSMF profiles to DNase-seq and MNase-seq profiles around
transcription start sites (TSSs) and positioned nucleosomes
(obtained from previous H4S47C chemical mapping stud-
ies26) revealed the expected nucleosome depletion and nu-
cleosomal patterns, respectively (Figure 1b-d).

The efficiency of methylation by EcoGII is more difficult
to estimate as fully methylated templates are notoriously
difficult to sequence on the Oxford Nanopore platform. We
did not obtain many reads using genomic DNA treated with
a high dose of EcoGII (Supplementary Table )1; the avail-
able reads exhibited ∼50% methylation levels (Supplemen-
tary Figure 7). We also obtained a ∼40% methylation lev-
els (Supplementary Figure 8) using EcoGII-treated λ DNA.

However, these are likely underestimates given the afore-
mentioned sequencing bias against fully methylated DNA.
The original description of the EcoGII enzyme reported
50% methylation of naked DNA after 5 minutes of treat-
ment, increasing to ≥85% after an hour of incubation; the
efficiency of methylation of accessible bases within chro-
matin probably lies somewhere in between19.

We then carried out a SMAC-seq experiment on unsyn-
chronized S. cerevisiae cells using all three enzymes (exper-
imental details described in the Methods section). We iso-
lated HMW DNA and performed nanopore sequencing on
the MinION platform. To call methylated bases, we first
used Albacore for raw base calling, and then applied the
Tombo27 algorithm in “de novo” mode (running on top of
the Minimap aligner28) for “resquiggling” of raw nanopore
signal to the genomic sequence, and calling of methylated
bases. After mapping, we obtained reads with a median
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length of ∼1.5 kbp from this initial experiment (“Sample
1”; Supplementary Table 1), which allows the capture of
multiple promoter regions per fragment for much of the
yeast genome (Supplementary Figures 4 and 5). We also
analyzed our initial dataset with Nanopolish20, an alterna-
tive algorithm for calling methylated bases, which is capable
of identifying 5mC events in CpG and GpC context.

Unlike bisulfite-based conversion followed by
sequencing-by-synthesis, nanopore-based direct measure-
ment of nucleotide modifications does not provide unam-
biguous binary calls for methylated bases. Instead, methy-
lation probabilities are obtained for each base. We therefore
examined multiple strategies for binarizing these methyla-
tion calls within each read. We observed that while per-base
methylation probabilities are skewed towards the two ends
of the [0, 1] interval, a substantial number of bases have
probabilities in between those extremes (Supplementary
Figure 9). We find that binarization at p = 0.5 delivers
the most optimal results (Supplementary Figures 10 and
11) in terms of signal-to-noise ratio. Using a simple av-
erage of these binarized per-base methylation values, we
compared SMAC-seq to dSMF, MNase-seq, and DNase-seq
profiles, as well as signal from ChIP-seq for RNA Poly-
merase (Pol2) and transcription initiation factors around
known chromatin features such as active promoters and
well positioned nucleosomes (Figure 1e-g, Supplementary
Figures 52 and 55). SMAC-seq faithfully reproduces nu-
cleosomal positioning throughout the genome and the ex-
tensively previously documented29 nucleosome depletion
around promoters, and, strikingly, has a larger observed
dynamic range than dSMF data (possibly due to the higher
mapping efficiency of long nanopore reads). Using compar-
isons with dSMF data and sequencing of untreated genomic
DNA we estimate the false positive rate of methylation base
calling to be on the order of 20% for Tombo and around
10-15% for Nanopolish (Supplementary Figures 15 and 7).
We also examined potential sequence biases inherent to
the combination of methylation enzymes and base calling
algorithm. We find modest differences in methylation levels
for different k-mers in the genome (less than two-fold for
k = 6; Supplementary Figures 13 and 14).

In practice, the biologically relevant length scale of ac-
cessibility measurements is usually larger than an individual
base. Furthermore, given noise intrinsic to single molecule
sequencing methods, we reasoned that sharing methylation
information between adjacent bases should improve the re-
liability of overall accessibility measurements. We therefore
developed a simple Bayesian procedure to aggregate the
methylation probabilities at individual bases and derive ac-
cessibility calls at the level of single reads over windows of
arbitrary size (described in detail in the Methods section
and thereafter referred to as “aggregate” signal as opposed
to “average” signal, which refers to simple probability aver-
aging and binarization). This approache decreases the as-
say resolution from the theoretical maximum while provid-
ing more reliable accessibility estimates over slightly larger

windows.
We also note that sometimes we observe a subpopula-

tion of reads that appear to be either entirely highly methy-
lated or highly methylated over large segments of their
length (Supplementary Figure 12 and Figure 2a). We inter-
pret these as originating from naked DNA molecules most
likely deriving from dead cells. As such reads can confound
many analyses, in particular when measuring coaccessibil-
ity within single reads, we devised a procedure for filtering
them out (the resulting sets of reads are referred to as “fil-
tered reads”; (Supplementary Figures 59 and 60). However,
as discussed below, in certain situations chromatin is indeed
largely nucleosome-free over specific regions in vivo, and in
such cases filtering out highly methylated reads removes
real biological signal. For these unique special case loci,
we do not eliminate reads based on a very high fraction of
accessibility (see Methods).

We then compared average SMAC-seq profiles against
chemical maps of positioned nucleosomes (generated us-
ing H4S47C substitutions and copper-induced cleavage26),
DNase-seq, and maps of transcriptional activity at the level
of individual loci in the genome (Figure 1h). Qualitatively,
we observe that large peaks in SMAC-seq signal profiles
match very closely with DNase-seq peaks, while smaller
“bumps” in the SMAC-seq signal profile are inversely corre-
late with positioned nucleosomes, consistent with labeling
of linker DNA. We also observe positive correlation between
average SMAC-seq methylation levels and DNase-seq and
ATAC-seq coverage over promoter regions (Supplementary
Figure 54). Thus SMAC-seq simultaneously probes both
regions of “open” chromatin, as well as the position of nu-
cleosomes.

The long reads of nanopore sequencing allow SMAC-seq
to provide accessibility maps for the whole yeast genome,
not just for the portions of it that are uniquely mappable
with short reads (Supplementary Figure 58). For exam-
ple, SMAC-seq maps chromatin and nucleosomes in the
otherwise not uniquely mappable telomere of chrXVI (Fig-
ure 1i), which is revealed to contain several active pro-
moters and numerous well positioned nucleosomes. We
also used SMAC-seq to characterize chromatin accessibil-
ity around multiple transposable elements (Supplementary
Figures 57), for several of which we observe open chromatin
peaks around their promoters.

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

Unlike short-read methods for probing chromatin, SMAC-
seq allows the profiling of nucleosome positioning and open
chromatin within individual long molecules. To demon-
strate this capacity, we investigated all reads spanning the
4-kb neighborhood around the centromere of chrIII (Figure
2a). Centromeres in S. cerevisiae are specified by a pre-
cisely defined sequence element, are occupied by a single
strongly positioned nucleosome containing the H3 histone
variant Cse4, and are also associated with the CBF3 com-
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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
70–73 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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plex, an essential component of the kinetochore30. Yeast
centromeric nucleosomes are thought to be nearly perfectly
positioned30,31 and thus represent a good case system to
study nucleosome positioning at the single-molecule level.
We indeed observe strong nucleosomal positioning using
SMAC-seq, with nearly all individual reads exhibiting the
expected from the presence of a strongly positioned cen-
tromere nucleosomal pattern. We also find hints of sub-
structure within the centromeric nucleosome in the form of
accessibility traces inside the protected centromeric region
and potential protection footprints in its immediate open
chromatin vicinity. We find similarly strong positioning for
most other centromeric nucleosomes (Supplementary Fig-
ures 61-68), but not all (chrX, chrXII and chrXIII appear
to be exceptions to this general strong footprinting pattern).

We also illustrate the ability of SMAC-seq to capture
accessibility at long-range multikilobase scales with an ex-
ample from a more generic genomic neighborhood in Fig-
ure 2b). This ∼6.6-kb span of chrIX contains 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 considerable hetero-
geneity in its accessibility suggesting a complex landscape
of protein occupancy.

We next asked if SMAC-seq could reveal binary states of
chromatin accessibility. To approach this question we inves-
tigated SMAC-seq profiles at ribosomal DNA (rDNA). In
yeast, rDNA is organized into multicopy arrays, each unit
of which contains a copy of the 35S precursor pre-rRNA,
transcribed by Pol I and later processed into mature 18S,
5.8S and 25S rRNAs, as well as a copy of the 5S RNA gene,
transcribed by Pol III, and an origin of replication (ARS
element in yeast) located in non-transcribed (NTS) regions
of the array. Each array unit is ∼9.1 kb in length, and each
cell’s genome has an array of ∼150 copies of this unit32.
However, this number can vary from cell to cell, and the
widely used sacCer3 S. cerevisiae genome assembly only
contains a single locus with two array copies. Chromatin
structure at the rDNA locus has long been known to adopt
two distinct conformations33–35, depending on whether or
not an individual unit is being transcribed. The active state
is thought to be largely devoid of nucleosomes due to the
extremely high levels of active transcription34; the high-
mobility group protein Hmo1 is proposed to replace nu-
cleosomes32,36. However, other studies have alternatively
suggested that nucleosomes are found over actively tran-
scribed rDNA arrays37. Of note, rDNA indeed appears to
be extremely accessible in short-read assays – around half
of reads in a typical ATAC-seq dataset in S. cerevisiae are
not uniquely mappable even though only a small fraction of
the yeast genome consists of repetitive elements; these reads
originate primarily from rDNA arrays (Supplementary Fig-
ure 69a-e). The same phenomenon is also observed in other
yeast species, such as Schizosaccharomyces pombe (Supple-
mentary Figure 69f). Active and inactive rDNA arrays are
usually estimated to exist in roughly equal proportions in

untreated, normally growing cells37. However, methods to
precisely observe these alternative states at the population
level and relate them to sequence in fine detail have not
been available.

SMAC-seq reveals a striking picture of the two alterna-
tive mutually exclusive rDNA states at the single molecule
level (Figure 3a). About a quarter of full-length molecules
exhibit near-full accessibility in the region spanning the 35S
transcript, but not in the non-transcribed sequence (NTS)
between the 35S and the 5S gene. The rest of the molecules
show a typical nucleosomal state with several clearly ac-
cessible regions. We observe a broadly similar picture in
all of our high-quality SMAC-seq samples (Supplementary
Figures 70–73). We note that while this picture is in con-
trast with the usually reported ∼50% of arrays being fully
accessible, it is possible that the fully accessible and nucle-
osomal states fragment differentially during DNA isolation;
the fully accessible fraction appears to be in the 50% range
when a shorter window around the 35S promoter is exam-
ined (Figure 3c). We also observe a localized accessible
region just upstream of the 35S transcriptional unit that is
present in the nucleosomal subpopulation but is not in an
open state in the fully accessible population (in addition to
a nearby open chromatin region present in all molecules),
suggesting the possibility of a regulatory switch associated
with that element. Finally, we also observe at least two
(previously unreported) accessible regions located within
the 35S transcriptional unit that exhibit strong accessibil-
ity in the nucleosome-protected fraction (Figure 3a).

To quantify the extent of (anti-)correlation between
chromatin states, we developed a modified normalized mu-
tual information (NMI) metric for assessing the degree of
correlation between segments of the genome (see the Meth-
ods section for further details). NMI analysis of the rDNA
arrays confirmed our observations of the inverse correlation
between the 35S open-chromatin state and the accessibility
of the upstream element (Figure 3b).

What factors might be behind the observed chromatin
state switch? Silencing of rDNA in yeast is thought to
be mediated by a Sir2-containing complex called RENT38,
and a Reb1 binding site in NTS1 has been suggested to
recruit corepressors to rDNA repeats37. We took a higher-
resolution view of NTS1 by integrating SMAC-seq data with
available ChIP-exo data for Reb1 and transcription factor
motif maps in the region. We find a clear pattern of pro-
tection from methylation around the Reb1 motif, which is
concordant with ChIP-exo data (Figure 3c), and we also ob-
serve signal consistent with footprinting from several other
TF motifs. However, the anti-correlated accessibility pro-
file seems to not be exclusively associated with Reb1 bind-
ing but rather with the region closer to the 35S TSS. It
is likely that other proteins are responsible for establishing
this state, but no currently annotated transcription factor
recognition motifs are found in the underlying sequence.
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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 55 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).

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

We next asked if SMAC-seq can generally identify transcrip-
tion factor footprints. We anticipated that the use of m6A
methylation ought to provide sufficient resolution to foot-
print many yeast TFs, which is confirmed by analysis of
their consensus recognition motifs (Supplementary Figure
74). Averaging genome-wide SMAC-seq profiles over oc-
cupied motifs indeed revealed strong protection footprints
for several factors, such as Reb1, Rap1 and ORC1 (Ori-
gin of Replication Complex) as shown in Figure 4b-c and
Supplementary Figure 75. We also observed high concor-
dance between the footprint profiles observed using DNase-
seq, ATAC-seq and SMAC-seq over the footprints iden-
tified in the yeast genome by previous studes employing
high-resolution DNAse-seq datasets7 (Supplementary Fig-
ure 76). Examination of individual sites confirmed these

observations (Supplementary Figures 77–85). We note that
we did not observe strong footprinting for all TFs (e.g. Abf1
and Cbf1; Supplementary Figure 75) even though some of
these TF do exhibit such footprints in DNase-seq datasets7.
The likely explanation for this observation is that the dif-
ferent enzymes used to profile accessibility differ in their
ability to access DNA in the context of protein occupancy;
this explanation is supported by SMAC-seq profiles around
positioned nucleosomes.

To further explore the limits of SMAC-seq’s resolution,
we studied methylation patterns around positioned nucleo-
somes in more detail (Figure 4e-f and Supplementary Figure
55). We find remarkably higher accessibility immediately
at the dyad point, in contrast to the points of contact of
the nucleosome with the DNA two helical turns away in
each direction (Supplementary Figure 55). The same pat-
tern was observed for all nucleosomes irrespective of the
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strength of positioning (Figure 4e). We did not observe
similar patterns in deeply sequenced DNAse-seq datasets
(Supplementary Figure 55e).

Because SMAC-seq employs long-read single molecule
sequencing and can therefore directly map accessibility in-
dependently on individual DNA strands, we next aimed to
quantify strand-specificity in DNA accessibility within well-
positioned nucleosomes. We observe a striking strand asym-
metry in DNA accessibility around the nucleosome particle
(Figure 4f), especially within the dyad and at the points
two helical turns away from the dyad. The magnitude of
these differences in average methylation levels are similar to
those observed between nucleosomes and flanking linker re-
gions. Thus SMAC-seq reveals significant heterogeneity in
DNA’s accessibility potential within the nucleosomal par-
ticle, which has important implications for understanding
how transcription factors interact with the genome in vivo,
in particular in light of recent studies demonstrating that
certain classes of TFs may preferentially occupy nucleoso-
mal DNA39. We also note that these patterns are most
clearly observed when using m6A positions into account,
underlying the importance of its use in comparison to using
CpG/GpC positions alone (Supplementary Figure 56).

SMAC-seq reveals distal co-accessibility patterns
in the genome

We next examined co-accessibility patterns in the yeast
genome. We first aimed to measure correlation between the
positions of individual nucleosomes. Average NMI profiles
centered on positioned nucleosomes reveal detectable cor-
relation between nucleosome positions up to three to four
nucleosomes away from an individual positioned nucleosome
(Figure 4g; Supplementary Figure 86), with strongly posi-
tioned nucleosomal particles exhibiting stronger overall cor-
relation over larger distances. These observations are con-
sistent with a model whereby the restrictions on positioning
that nucleosomes impose on each result in correlation be-
tween their protection footprints on short distances until
random positional fluctuations of individual nucleosomes in
the chromatin fiber eventually dephase this correlation sig-
nal on longer scales.

We then examined co-accessibility patterns in the vicin-
ity of promoters (Figure 4h). Expressed yeast genes are
characterized by a nucleosome-depleted/free region (NFR)
upstream of the TSS and a well positioned +1 nucleosome.
NMI profiles centered on the +1 nucleosome show signifi-
cant differences between highly expressed and silent genes.
While correlation patterns decay downstream of the TSS
similarly for both groups of genes, highly expressed genes
exhibit an inverse accessibility correlation pattern upstream
of the TSS. The NMI profile for highly expressed genes also
exhibits inverse accessibility correlation not just with the
NFR but at a distance of at least one nucleosome beyond
it.

Actively transcribed yeast genes often exist in a looped
conformation, in which the promoter and termination re-

gions are brought in physical proximity, potentially help-
ing to enforce transcriptional directionality40,41. Given this
physical coupling, we wondered if correlation also exists be-
tween chromatin accessibility around gene ends. SMAC-seq
data reveals low levels of correlation between the NFR and
the accessible region in the 3′ end of genes, and stronger
correlation between positioned nucleosomes in these loca-
tions (Supplementary Figure 87). The correlation between
the accessibility in the NFR and the 3′ end is increased for
highly expressed genes and decreased for silent genes, sug-
gesting that transcriptional activity and looping may help
more strongly position nucleosomes at the beginning and
end of transcribed regions; the decreased correlation be-
tween the nucleosome-depleted areas could be explained by
transcriptional activity and dynamic regulatory occupancy
leading to less stable protection patterns at each end that
are accordingly less well correlated with one other.

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 sep-
arate pieces, randomly reassembling them, then deriving
an empirical coaccessibility distribution (see the Methods
for details). Using this approach we identified 1,115 TSS
pairs as significantly correlated out of 19,578 pairs covered
with ≥100 reads in our initial sample (Supplementary Fig-
ure 88). Of these, 560 were located a distance ≥ 1 kb from
each other. An example of significantly coordinated acces-
sibility (between the GAL10 and GAL1 genes) is shown
in (Supplementary Figure 89). As one possible mechanism
for generating correlated accessibility is increased frequency
of physical association in 3D space, we used publicly avail-
able Micro-C42 data to assess whether promoters exhibiting
coordinated accessibility are more often physically interact-
ing with each other. Indeed, we observe that significantly
coaccessible promoters interact more frequently than non-
coaccessible promoters at a similar distance (Supplemen-
tary Figure 90).

SMAC-seq charts dynamic coordinated changes in
chromatin accessibility in the course of the yeast

stress response

To monitor chromatin accessibility at long-range scales dur-
ing dynamic changes in gene regulatory activity brought
about by environmental stimuli, we carried out SMAC-seq
experiments during a time course of diamide treatment. Di-
amide oxidizes thiols in proteins, resulting in the genera-
tion of disulfides and activation of the stress response path-
way, leading to changes in the expression of several hundred
genes43. Stress response in yeast is mediated through the
action of the Hsf1 transcription factor (with the Msn2/4
proteins also playing a key role). Hsf1 binds to its cognate
genes when activated upon stress leading to their transcrip-
tional activation44.

We performed SMAC-seq at 0, 30 and 60 minutes af-
ter diamide treatment of yeast cells, as well as RNA-seq,
ATAC-seq, and ChIP-seq for RNA Pol2, the elongating ver-
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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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sion of Pol2 (Pol2pS2), and a V5-tagged version of HSF1
(RNA-seq and ATAC-seq data was also collected at 15 and
45 minutes; Figure 5a). We observe several hundred genes
exhibiting strong changes in gene expression during the time
course (Supplementary Figure 91), and strong induction of
Hsf1 occupancy at hundreds of sites in the genome (Supple-
mentary Figure 92). SMAC-seq data at 30 minutes post-
diamide treatment shows strong footprinting over Hsf1 mo-
tifs within induced Hsf1 binding sites.

We illustrate the dynamic patterns of chromatin ac-
cessibility that we observe upon diamide treatment using
the TMA10 and HSP26 genes as examples in Figure 5d-e,
and multiple others in Supplementary Figures 93-105. The
TMA10 and HSP26 genes are strongly upregulated at 15
minutes after diamide treatment; TMA’s expression subse-
quently declines somewhat and stabilizes (Figure 5c) while
that of HSP26 only declines at 60 minutes. SMAC-seq re-
veals a relatively modest level of accessibility usptream of
these genes before diamide treatment. However, at 30 min-
utes and upon Hsf1 binding, dramatic changes are evident.
Nearby nucleosomes appear to be evicted in many cells,
and nucleosome depletion is also observed at increased lev-
els within the gene bodies, where ChIP-seq data for Pol2
and Pol2pS2 shows highly active transcription. At 60 min-
utes we observe dampening of this response for TMA10,
with the accessible fraction of reads decreasing; this effect
is less pronounced for HSP26, whose expression remains
relatively higher at later time points. Examination of NMI
co-accessibility maps (Supplementary Figures 93-107) fre-
quently shows loss of correlation between positioned nu-
cleosomes within and upstream of activated gene bodies
as a result of response to diamide treatment, consistent
with an increased movement of nucleosomal particles due
to the activities of transcribing polymerase molecules and
chromatin remodelers. The aggregate observations derived
from SMAC-seq were largely corroborated by the paired
ATAC-seq measurements on the same samples (Supplemen-
tary Figures 108 and 109).

We also compared rDNA transcriptional states during
the cellular response to diamide treatment. We observed a
decrease in the fraction of transcribed rDNA arrays (Figure
5f), consistent with decreased overall rDNA transcription as
a result of activation 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 that leverages the power of
nanopore sequencing to detect DNA modifications and the
preference of DNA methyltransferases for chemically mod-
ifying accessible DNA. We show that SMAC-seq generates
accessibility signals similar to those of widely used meth-
ods such as DNase-seq and ATAC-seq while also opening
new windows into the long-range structure of eukaryotic
chromatin. SMAC-seq enables the simultaneous profiling

of nucleosome positioning and accessible chromatin on a
truly genome-wide scale (including repetitive regions that
are poorly mappable with short reads), the assessment of
the absolute distribution of chromatin accessibility states
within a population of cells, and the identification of pairs
of genomic loci that exhibit significant correlations in co-
accessibility.

Our initial work on SMAC-seq focused on applications
in S. cerevisiae because of its modest genome size. Ex-
tending SMAC-seq to larger genomes will require signifi-
cantly increased sequencing throughput, or a method for
selective enrichment of a collection of individual loci. For-
tunately, both of these approaches appear feasible in the
near term, as nanopore sequencing throughput is increas-
ing rapidly, while methods for selective enrichment of ge-
nomic regions for nanopore sequencing are also becoming
available45. Read length increases will also be useful, in
particular for correlating the activity of distal regulatory
elements to their cognate promoters, which can often be lo-
cated many tens of kilobases apart in mammalian genomes.

Improvements to base calling accuracy constitute an-
other major area of potential future advances. At the time
of our analysis, Tombo was the only readily available al-
gorithm for calling m6A, but, as discussed above, its base
calls exhibit on the order of 20-25% error rates for all three
bases combined. Results obtained with the other widely
used methylation-aware base caller, Nanopolish, which is
currently capable of calling only CpG and GpC methyla-
tion, show ∼15% error on CpG and GpC calls. The major
barrier to base-calling improvements is the lack of sets of
ground truth controls that can be used to train base calling
algorithms. Pools of DNA templates with individual modi-
fications in well-defined yet highly diverse base pair contexts
are the ideal training set for developing accurate such mod-
els. Alternatively, the introduction of tags bulkier than a
simple methyl group46 may provide a much stronger mod-
ulation of electric current through the nanopore than does
simple methylation, enabling much more reliable modified
base calls and accessibility evaluation.

We also anticipate an increase in the diversity of the
DNA modifying enzymes available to carry out variations
of SMAC-seq and related assays. In mammalian systems,
endogenous 5mC methylation occurs primarily in the CpG
context, thus it is not possible to use M.SssI for mapping
accessibility, leaving only GpC as an option for traditional
NOME-seq, bisulfite-based assays. Fortunately, the bulk
of SMAC-seq’s increase in resolution is derived from m6A
(Supplementary Figure 1), so this will not be a significant
obstacle to its widespread application in mammalian sys-
tems. The presence of endogenous CpG methylation does
represent a potential concern regarding the use of m6A
in mammalian contexts, as the two modifications could in
principle interfere with each other’s detection. This is be-
cause nanopore sequencing as currently implemented works
by reading multiple bases at a time, typically 3- to 6-mers.
On the other hand, we note that the potential for interfer-
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ence affects primarily the ability to read out endogenous
methylation rather than accessibility, as positions nearby
the generally widely spaced apart CpG dinucleotides can be
simply filtered out of the analysis. To address this concern,
we generated low-coverage (∼1.2×) SMAC-seq data for the
GM12878 human lymphoblastoid cell line using only the
EcoGII methyltransferase, and examined the aggregate pro-
files of the resulting “m6A-SMAC” dataset around CTCF
ChIP-seq peaks, DNAse hypersensitivity sites and TSSs.
We recovered the expected features of chromatin accessi-
bility (strong nucleosome positioning around CTCF occu-
panct sites70, and accessibility peaks around all three types
of features) and observed no significant difference between
aggregate SMAC-seq profiles generated by filtering out A
positions nearby CpGs, indicating that endogenous CpG
methylation does not substantially interferes with m6A-
based accessibility measurements (Supplementary Figures
110-112).

However, there are also species where m6A occurs en-
dogenously and is strongly correlated with patterns of acces-
sibility and nucleosome positioning (e.g. Chlamydomonas 47

and Tetrahymena 48,49). Alternative methylation strategies
such as 4mC methyltransferases50, cytidine deaminases51,
or the conversion of thymine to modified bases such as 5-
hydroxymethyluracil (dhmU)52 are areas of potential fu-
ture exploration. We expect that such improvements in
base calling accuracy and resolution will allow the scope
of SMAC-seq application to be further expanded, e.g. into
direct de novo identification of nucleosomes and TF occu-
pancy footprints within single molecules and measuring cor-
relations between distal TF footprints.

Finally, we note that there is considerable scope for in-
tegration of SMAC-seq-type approaches with other mea-
surements of the physical genome and the epigenome, es-
pecially once the improvements in accuracy outlined above
are achieved. We anticipate the potential for obtaining si-
multaneous measurements of accessibility and nucleosomal
positioning together with endogenous DNA methylation,
general and specific protein occupancy, chromatin interac-
tions, DNA replication, and other features on a multikilo-
base scale and within single molecules. In principle, simi-
lar 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 organization of genomes in the
coming years.

Materials and Methods

Except for when explicitly stated otherwise, all analyses
were carried out using custom-written Python or R scripts.

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 cells53 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.
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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 Tombo27, version 1.3, using the sacCer3 ref-
erence genome. Methylated bases were identified using
Tombo in the “de novo model” mode.

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
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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.

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 protocol54 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
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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 Bismark55 (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

described before56. 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
Bowtie57 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 described58 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 incuba-
tion 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 HepesKOH 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
TrisHCl pH 7.5, 0.25 M LiCl, 0.5% NP-40, 0.5% sodium de-
oxycholate, 1 mM EDTA, 1 mM PMSF) and 1× in TE wash
buffer (10 mM TrisHCl pH 7.5, 1 mM EDTA, 50 mM NaCl).
DNA was eluted from the beads in ChIP elution buffer (50
mM TrisHCl 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 us-
ing 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.
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ChIP-seq data processing

Demultipexed fastq files were mapped to the sacCer3 as-
sembly of the S. cerevisiae genome as 2×36mers using
Bowtie57 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 MACS259 (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 Bowtie57 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 2.0.860. Gene-level quan-
tifications in FPKMs (Fragments Per Kilobase per Mil-
lion mapped reads) were generated using Cufflinks version
2.0.260. 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

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 Bowtie61 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-
lication42.

Transcription factor motif mapping

Transcription factor motif recognition sequences were
mapped genome-wide using FIMO62 (version 4.11.2 of the
MEME-Suite63 using the CIS-BP database64 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 previously53

and the S. cerevisiae TIF-seq dataset from GEO accession
GSE3912865. 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

H4S47C26,66 chemical mapping data was downloaded form
GEO accessions GSE59523 and GSE36063. H3Q85C67

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.
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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 available
through GEO accession GSE128290.
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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
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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 68 and C. elegans 69, 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 47, 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: Distance between regulatory elements (i.e. promoters in the case of S. cere-
visiae).
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Supplementary Figure 5: Distribution of nanopore read lengths obtained for the experiments described
in this study.
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Supplementary Figure 6: Global methylation levels in yeast dSMF experiments and in positive and neg-
ative 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.

Supplementary Figure 7: 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 8: 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 9: 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).
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Supplementary Figure 10: 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 11: 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.
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Supplementary Figure 12: 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.
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Supplementary Figure 13: 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 14: 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 15: 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 16: 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 17: 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 18: 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 19: 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 20: 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 21: 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 22: 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 23: 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 24: 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 25: 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 26: 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 27: 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 28: 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 29: 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 30: 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 31: 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 32: 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 33: 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 34: 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 35: 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 36: 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 37: 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 38: 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 39: 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 40: 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 41: 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 42: 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 43: 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 44: 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 45: 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 46: 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 47: 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 48: 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 49: 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 19–47
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Supplementary Figure 50 (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
19–47. 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.

Supplementary Figure 51: Impact of the addition of m6A on assay resolution. Accessible chromatin peaks
and positioned nucleosomes are accurately called only using m6A while CG/GC dinucleotides provide insufficient such
information. Peaks were called from signal tracks using gNOMePeaks (https://github.com/karl616/gNOMePeaks) with
default settings. Peaks smaller than 5bp were filtered out and peaks ≤25bp apart each other were merged.
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Supplementary Figure 52: 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 53: 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 54: 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 55: 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.

SM 41



Supplementary Figure 56: 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.
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Supplementary Figure 57: 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 58: 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 59: 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).
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Supplementary Figure 60: 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).
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Supplementary Figure 61: 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 62: 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 63: 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 64: 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 65: 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 chrIX; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrX. 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 66: 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 chrXI; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrXII. 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 67: 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 chrXIII; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrXIV. 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 68: 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 chrXV; (b)
Raw unfiltered nanopore reads fully spanning the 4-kilobase neighborhood of the centromere of S. cerevisiae chrXVI. 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 69: 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. 201553
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Supplementary Figure 70: 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 71 (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 72: 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 73: NMI profile for the RDN37-2 array, as in Figure 3b.
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Supplementary Figure 74 (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 75: 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 76: 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 77: 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.

SM 63



Supplementary Figure 78: 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 79: 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 80: 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 81: 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 82: 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 83: 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 84: 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 85: 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 86: 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 87: 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 88: 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 89: 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 90: 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 91: 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 92: 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 93: 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.
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Supplementary Figure 94: 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.

SM 79



Supplementary Figure 95: 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 HOR7 gene.
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Supplementary Figure 96: 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 97: 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 98: 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 99: 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 100: 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 DSC1 gene.
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Supplementary Figure 101: 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 102: 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 SSA1 gene.

SM 87



Supplementary Figure 103: 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 SSA4 gene.

SM 88



Supplementary Figure 104: 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 GRE2 gene.
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Supplementary Figure 105: 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 106: 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 107: 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 108: Changes in chromatin accessibility during the yeast stress response around
the TMA10 gene as measured by ATAC-seq.
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Supplementary Figure 109: Changes in chromatin accessibility during the yeast stress response around
the HSP26 gene as measured by ATAC-seq.
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Supplementary Figure 110 (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 111: 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 112: 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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