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Error rates for nanopore discrimination among
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Cytosine, 5-methylcytosine, and 5-hydroxymethylcytosine were
identified during translocation of single DNA template strands
through a modified Mycobacterium smegmatis porin A (M2MspA)
nanopore under control of phi29 DNA polymerase. This identifica-
tion was based on three consecutive ionic current states that cor-
respond to passage of modified or unmodified CG dinucleotides
and their immediate neighbors through the nanopore limiting ap-
erture. To establish quality scores for these calls, we examined
~3,300 translocation events for 48 distinct DNA constructs. Each
experiment analyzed a mixture of cytosine-, 5-methylcytosine—,
and 5-hydroxymethylcytosine-bearing DNA strands that contained
a marker that independently established the correct cytosine
methylation status at the target CG of each molecule tested. To
calculate error rates for these calls, we established decision bound-
aries using a variety of machine-learning methods. These error
rates depended upon the identity of the bases immediately 5
and 3’ of the targeted CG dinucleotide, and ranged from 1.7% to
12.2% for a single-pass read. We estimate that Q40 values (0.01%
error rates) for methylation status calls could be achieved by read-
ing single molecules 5-19 times depending upon sequence context.

MspA | epigenetics

pigenetic modifications of DNA help regulate gene tran-

seription in biological cells. In mammals, 5-methylcytosine
(mC) modification of CG dinucleotides is known to influence
development (1, 2) and contribute to human diseases including
cancer (3). Other modifications have been detected at carbon 5
of cytosine including 5-hydroxymethyleytosine (hmC) (4), and
more recently 5-formylcytosine, and 5-carboxycytosine (5). Physi-
ological roles for hmC in carcinogenesis and embryonic stem cell
differentiation have been proposed (6).

High-throughput techniques for mC detection are based on
bisulfite treatment of genomic DNA (7). In the conventional
assay, cytosine (but not mC nor hmC) is converted to uracil (8).
Thus, positions not converted to uracil identity cytosines that
were modified in the original genomic sequence. In a landmark
paper, Lister et al. (9) used this technique to map genome-wide
cytosine methylation in human embryonic stem cells and fetal
lung fibroblasts at single-nucleotide precision. Recently, bisulfite
strategies for discriminating between mC and hmC using the
Tetl enzyme (10) or by chemical modification of hmC (11) have
been described.

Single-molecule techniques have emerged as possible alter-
natives to bisulfite treatment for detecting epigenetic modifications
of DNA (12). These single-molecule approaches share several
useful features including few processing steps before sequence
analysis, long reads that routinely exceed several thousand
nucleotides, and the ability to read native DNA strands in het-
erogeneous mixtures. The most advanced of these single-mole-
cule techniques, from Pacific Biosciences, uses fluorescence to
detect labeled nucleotide triphosphates during daughter-strand
elongation. This elongation is catalyzed by a DNA polymerase
adsorbed at the base of a zero-mode waveguide (13, 14). Using
the Pacific Biosciences device, cytosine can be distinguished from
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mC on the DNA template strand based on differences in light
pulse duration and time between light pulses as G nucleotides
are incorporated during elongation.

Nanopores have been used to characterize nucleic acids (15).
Nanopore-based DNA strand sequencing is a newer single-
molecule technique that is anticipated for commercial release in
the near term. Enzymatic control at single-nucleotide precision
(16. 17) coupled to a protein pore that can resolve 3- to 4-nt
“words” (18) were key developments that facilitated this tech-
nology. Using synthetic DNA strands suspended as static com-
plexes, cytosineg, mC, and hmC in the pore sensor could be
distinguished from one another using a modified a-hemolysin
nanopore (19).

In this report, we used DNA synthesis by a wild-type phi29
DNA polymerase (phi29 DNAP) to processively move DNA tem-
plates through the Mycobacterium smegmatis porin A (M2MspA)
pore at single-nucleotide precision. This allowed us to read in-
dividual cytosine, mC, and hmC nucleobases at a target CG di-
nucleotide within strands of known base composition. Using
independent markers on each template strand, we calculated
single-pass error rates for calling methylation status at the target
CG for all 16 permutations of nucleobases immediately flanking
the CG dinucleotide.

Results

Comparison of lonic Current Patterns for Cytosine, mC, hmC. The
nanopore device is shown schematically in Fig. 1. A single
M2MspA pore was embedded in a ~30-pm-diameter lipid bi-
layer that separated two wells each containing ~100 pL of a 0.3
M KCI solution. A representative synthetic DNA substrate is
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Fig. 1. Schematic of the nanopore device. A single M2ZMspA channel was
inserted into a 30-pm—diameter horizontal lipid bilayer that separated two
100-pL wells, termed cis and trans. The wells were filled with buffer com-
posed of 0.3 M KCl|, 10 mM HEPES/KOH (pH 8.00 + 0.05) at 23 + 1 °C. An
applied voltage between Ag/AgCl electrodes (180-mV trans side positive,
unless otherwise noted) was used to capture and analyze individual DNA
strands moving through the nanopore controlled by phi29 DNAP.

shown in Fig. 24, along with an annealed blocking oligomer that
protected the 3-OH terminus from phi29 DNAP-catalyzed
strand elongation in bulk phase (16, 20). The single-stranded 59-nt

overhang of the DNA substrate contained the CG dinucleotide
that is the focus of this study. The nucleobases immediately adjacent
to the CG are highlighted. This 4-mer was varied to include all 48
possible permutations {16 permutations each for cytosine, mC, and
bmC at the target CG; Fig. S1). These DNA strands also included
identifiers 10 nt 5’ of the cytosine target that allowed independent
determination of the correct methylation status of each captured
strand (e.g., an abasic marker *X" in Fig. 24 indicated hmC at the
CG dinucleotide). To simplify analysis, the remainder of the tem-
plate strand was composed of CAT trinucleotide repeats. This tri-
nucleotide results in a discernible three-step ionic current series (18).

The sequence of events during polymerase-regulated DNA
movement through the nanopore is diagrammed in Fig. 2B. A
corresponding ionic current trace is also shown (Fig. 2C). The
sequence is as follows: () open channel (~115 pA); (i) capture
and voltage-dependent ratcheting of the template through the
nanopore toward the trans compartment, advancing in single-
nucleotide steps, as the blocking oligomer is unzipped trom the
template strand absent catalysis; (#) unzipping continues as the
CG dinucleotide passes through the nanopore limiting aperture,
resulting in a characteristic series of ionic current steps; (iv) re-
lease of the blocking oligomer and positioning of the phi29

Fig. 2. Strategy for reading epigenetic mod-
ifications on a target CG dinucleotide. (A)
Example DNA substrate. An 82-nt DNA
template strand (black letters) was annealed
to a 55-nt DNA strand (blue letters) bearing
a four-base loop and a short duplex stem.
This hybrid formed a 37-bp double-stranded
segment and a 59-nt 5-overhang. A block-
ing oligomer (gold letters) was annealed to
this DNA substrate so that the 5" end of the
block was stacked against the 3' end of the
DNA hairpin. The blocking oligomer in-
cluded a seven-residue abasic tail (Xs) cap-
ped by a single G3-spacer (Y). This tail served
to protect the blocking oligpmer from 3
exonuclease digestion and as a lever to
promote its removal at the nanopore orifice
under voltage load. In bulk phase, the
blocking oligomer prevented phi29 DNAP
access to the 3-OH of the DNA substrate.
The target CG dinucleotide (red letters) is
28-29 nt from the first base copied during
synthesis (A at n = 0, arrow). The nearest
neighbors to the CG dinucleotide are also
highlighted in red. In this particular DNA
strand, the neighboring bases are G (5} and
C (3 and the modified cytosine residue (red
circle) is hmC. It was coupled to an abasic
residue 10 positions toward the 5 end (X,
blue circle) from the cytosine of interest. This
abasic residue served as an independent
marker that identified an hmC-bearing DNA
strand. Cytosine and mC at the CG dinucleo-
tide in otherwise identical DNA strands were
identified by a "GG"” or "A" marker, respec-
tively (blue circle). DNA substrates bearing all
other 15 permutations of nearest neighbors
and the three variants of cytosine with the
corresponding markers (Fig. $1), were assembled and analyzed in the same manner. (8} Capture and translocation of DNA bound to phi29 DNAP. Calors and
symbols correspond to those shown in A. (i} Open channel. (ii) Capture of a DNA-phi29 DNAP complex. (iif) Unzipping of the blocking oligomer as the polymerase
is driven 5’ to 3 along the template strand by the applied voltage. The target cytosine nucleotide (red circle) is shown at the center of the M2MspA pore
constriction that dictates the measured ionic current. (iv) The blocking oligomer is completely unzipped from the captured DNA template, placing the 3'-OH of the
primer strand at the catalytic center of phi29 DNAP. Synthesis of the primer strand now drives DNA template movement against the applied voltage (red arrow).
(V) The target cytosine (red circle) reenters the pore constriction from the opposite direction and is reread. {w/) The marker (blue circle} enters the pore constriction
as synthesis proceeds, identifying the strand as bearing cytosine, mC, or hmC in the target CG dinucleotide. (i) Primer strand synthesis continues, eventually
pulling the template strand out of the pore into the cis compartment. (C) Representative ionic current trace. Letters i~vi and i’ correspond to cartoons in B. The
vertical dashed line demarks a change in the timescale so that unzipping and synthesis (which is ~10-fold faster} can be viewed in a continuous trace. The three
horizontal red lines correspond to ionic current states 4, 5, and 6, which afford the most discrimination between cytosine, mC, and hm( during translocation of
a target CG dinucleotide through the M2MspA pore constriction. These key states are expanded in the Inset at Right.

C ) Unzipping Synthesis
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Fig. 3. lonic current traces comparing individual DNA strands bearing cy-
tosine, mC, and hmC. The first row shows traces for the GCGC context, and
the second row shows traces for the CCGG context. lonic current states 4, 5,
and 6 appeared to give the best discrimination for methylation status at the
target CG dinucleotide and are highlighted with red lines (Movie 51). The
third row shows traces for downstream markers used to identify cytosine-,
mC-, and hmC-bearing DNA strands, respectively, with blue lines highlight-
ing the characteristic states for each marker. A total of 639 CCGG-bearing
DNA strands was analyzed, of which 175 contained cytosine, 287 contained
mC, and 177 contained hmC at the CG dinucleotide. A total of 448 GCGC-
bearing DNA strands was analyzed, of which 205 contained cytosine, 134
contained mcC, and 109 contained hmC at the CG dinucleotide. Traces shown
were filtered using a 2-kHz low-pass digital filter.

DNAP at the primer—template junction allowing catalytic addi-
tion of nucleotides to the daughter strand, reversing the direction
of DNA template translocation toward the cis compartment; (v)
polymerase-driven elongation of the primer sirand continues to
move the DNA strand against the nanopore electric field in
single-nucleotide increments, pulling the CG dinucleotide and its
immediate neighbors through the M2MspA sensor, resulting in a
characteristic ionic current series that mirrors (iif); (vi) daughter-
strand elongation continues and the marker moves into the pore-
limiting aperture, resulting in current steps that unambiguously
identify the strand; and (i") return to open channel following re-
lease of the DNA molecule into the ¢is compartment as the DNA
template strand became too short to be retained in the pore
electric field. Control experiments confirmed that the marker at
(vi) did not influence the ionic current measured during trans-
location of the CG dinucleotide and its neighboring bases (v).

To illustrate the effect of cytosine methylation state on ionic
current, we chose two DNA 4-mer contexts (CCGG and GCGC)
that are frequently methylated in the human genome (9). Ex-
ample traces are shown in Fig. 3 along with labels used for
independent identification of the methylation status of each
molecule. Within these traces, eight consecutive ionic current
states were quantified. These states were predicted to include
those influenced by the target CG dinucleotide along with
flanking states characteristic of the background CAT-dependent
ionic current pattern. The positions of states 1-8 were chosen
based on the following: (i) the number of nucleotide additions (and
associated discrete current states) that must occur from the start of
primer extension to CG entry into the M2MspA-limiting aperture
(16-17 nt); and (ii) disruption in the repeating CAT-dependent
current pattern.

For both the CCGG and GCGC contexts, initial inspection
suggested that ionic current states 4, 5, and 6 were highest for mC,
intermediate for cytosine, and lowest for hmC. By comparison,
ionic current states 1-3 and 7-8 appeared similar regardless of
methylation status. To quantitatively test the importance of
states 4, 5, and 6 for all 16 4-mer contexts, we implemented

18912 | www.pnas.org/cgi/dei/10.1073/pnas. 1310615110

a forest of extremely randomized trees (21). A forest of ex-
tremely randomized trees is an ensemble of decision tree clas-
sifiers where each classifier only uses a few features to make
predictions. Features that are important to making a correct
classification will be present in the well-performing classifiers.
Using this strategy applied to DNA substrates bearing all 4-mer
contexts (examples traces, Fig. S2), we confirmed that states 4, 5,
and 6 were key for correct cytosine methylation state classifica-
tion (Fig. 4). Graphical representations based on these three
values for each CCGG-bearing strand (639 events; Fig. 54) and
for each GCGC-bearing strand (448 events; Fig. 5B) revealed
discrete population clusters that were representative of graphs
for all sequence contexts (Fig. S3). Ouitliers are distinguishable
when looking at their corresponding ionic current trace (Fig. $4).

Error Estimates Using Decision Boundaries Based on Three Machine-
Learning Methods. A practical device for calling cytosine meth-
ylation status will require automated and statistically robust
partitioning of the ionic current space between three populations
(cytosine, mC, and hmC). Thus, for each of the 16 sequence
contexts examined in this study, we implemented Naive Bayes,
Support Vector Machine (SVM), and Random Forest algo-
rithms to learn decision boundaries between the three cytosine
populations. These algorithms were built and tested using ionic
current states 4, 5, and 6 for each of 3,300 translocation events
partitioned between the 16 4-mer contexts. In brief, we used 80%
of the event data for a given context to train each classifier. This
resulted in decision boundaries that classified cytosine vs. mC vs.
hmC for that sequence context. These decision boundaries were
then used to predict methylation status of the remaining 20% of
the data. The error rate was then calculated by comparing those
predictions against the known methylation status reported by the
marker on each strand. We repeated this process four times by
holding out a different 20% fraction of the data for testing. The
number of incorrect calls in each of these iterations divided by
the number of total events in the dataset yielded the error esti-
mate for that dataset. Finally, we repeated the entire process
20 times to get a distribution of error estimates.

ACGAF
ACGC
ACGGE
ACGT
CCGAF
CCGC
CCGGF
CCGT
GCGAF
GCGC
GCGG}
GCGT
TCGAF}
TCGC
TCGG}
TCGT

Context

10.08

10.04

State

Fig. 4. Quantitative identification of ionic current states that discriminate be-
tween cytosing, mC, and hmC. Each row of the heat map comresponds to one
4-mer sequence context. Each column indicates one of the eight measured ionic
current states. The "heat” of a cell is the importance of the state (Methods),
derived from fitting a forest of extremely randomized trees to that 4-mer con-
text, normalized to sum to 1 for each row. The legend at Right shows the color
coding of the heat map. States 4, 5, and 6 were almost always the most im-
portant states for a correct classification across all sequence contexts.
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Fig. 5. Comparison of key ionic current states for DNA
strands bearing cytosine, mC, and hmC at the target CG di-
nucleotide. Data are from experiments where a mixture of
three cytosine variants in a given DNA seguence context was
added to the cis compartment bathing a single M2MspA
nanopore. In all panels, Xs represent normalized ionic current
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Table 1 shows the mean and SD of this distribution for every
sequence context. None of the three classifiers consistently out-
performed the others, and the difference between cytosine, mC,
and hmC is large enough that any reasonable classifier would work.
The error rates for methylation status calls ranged from 1.7%
(GCGC) to 12.2% (CCGQG) for a single read, with an average of
~6.5% error rate across all 16 sequence contexis. Using the lowest
and highest error rates, we estimated the number of times an in-
dividual captured strand would have to be read for the majority of

Table 1. Accuracy of cytosine methylation calls using Naive
Bayes, SVM, and Random Forest classifiers

Context Count Naive Bayes SVM (RBF) Random Forest
ACGA 169 96.1 (£0.4) 95.2 (+0.4) 95.6 (+0.5)
ACGC 163 93.0 (+0.8) 92.7 (+0.7) 93.0 (+0.8)
ACGG 165 94.0 (+0.8) 94 .4 (+0.8) 95.1 (£0.9)
ACGT 165 94.9 (+0.4) 91.0 (+0.9) 93.9 (+0.6)
CCGA 124 92.8 (+0.9) 92.5 (+0.5) 94.3 (+0.6)
CCGC 17 93.6 (+0.5) 93.7 (+0.5) 93.1 (=1.1)
CCGa 639 87.8 (+0.3) 89.2 (+0.3) 90.3 (+0.4)
CCar 171 94.4 (+0.3) 929 (+0.7) 93.5 (+0.7)
GCGA 154 89.7 (+0.7) 92.2 (+0.7) 90.6 (+1.6)
GCGC 448 98.2 (+0.2) 98.3 (+0.2) 98.1 (+0.2)
GCGG 176 95.3 (+0.8) 97.3 (+0.6) 96.4 (+0.8)
GCGT 141 95.4 (+0.4) 96.0 (+0.6) 95.2 (+0.9)
TCGA 206 94.4 (+0.6) 95.0 (+0.3) 95.8 (+0.6)
TCGC 152 89.2 (+0.8) 91.3 (+1.5) 90.2 (+1.2)
TCGG 142 90.5 (+0.9) 91.4 (+1.0) 90.9 (+1.3)
TCGT 158 90.9 (+0.9) 90.1 (+1.2) 91.4 (+1.1)

The first column at left indicates the 4-mer sequence context within the
DNA template strand analyzed. The target CG dinucleotide is at the center
of the 4-mer. The total number of DNA strands (cytosine-bearing strands
plus mC-bearing strands plus hmC-bearing strands) used to establish decision
boundaries and call accuracies for each context is shown in the second
column. The mean and 5D of the accuracy achieved using Naive Bayes, SWVM,
and Random Forest classifiers is given in columns 3-5, respectively. The worst
accuracy was 87.8% (12.2% error rate} using the Naive Bayes classifier on the
CCGG context, and the best accuracy was 98.3% (1.7% error rate) using the
SVM classifier on the GCGC context. The accuracy of the highest performing
classifier for each context is in boldface.

Schreiber et al.

spectively. Six replicate traces for CCGG and GCGC templates,
including an example outlier for each, are shown in Fig. 54.

6 7 0 40 80
Counts

calls to be in error less than 0.01% of the time (Q40; Fig. 6). This
number ranged from 5 (GCGC) to 19 (CCGG) required reads.

Conclusion

We have shown that methylation status of cytosines can be de-
termined on single DNA strands of known canonical base
sequence using a biological nanopore coupled to a DNA poly-
merase motor. The error rates for calling cytosine, mC, and hmC
averaged ~6.5% for a single read along individual captured
strands. The size of this error depended upon the identity of
bases immediately neighboring the target CG dinucleotide. We
anticipate that the methylation status classifiers used in this study
could be improved using larger training sets to delineate more
precise decision boundaries. Also, alternate data-processing pipe-
lines, e.g., principal component analysis, may include additional
informative features beyond the three ionic current staies used
here and thus improve call accuracy. Multiple reads of individual
genomic strands will be essential for most applications.

A nanopore device developed for epigenetics will likely focus
first on well-documented reference genomes important in basic
research (e.g., the mouse genome) and in health care (e.g.. the
human and dog genomes). This has important practical advan-
tages. That is, a nanopore instrument capable of de novo DNA
sequencing will require algorithms that extract single-base identity
from ionic current states for all sequence contexts. This will nec-
essarily include sequences where individual bases are difficult to
discern (e.g., homopolymeric regions). In contrast, algorithms
designed to detect methylation status of specific cytosines during
resequencing would require high accuracy only for target cytosines
and their nearest neighbors (as achieved at CG dinucleotides in
this study). The remainder of each target genomic strand could be
identified using lower precision ionic current patterns established
trom the reference sequence.

In its full embodiment, nanopore analysis of DNA methylation
status could provide three significant advantages over conventional
bisulfite-based methylation assays: (f) elimination of miscalls due to
sample modification; the nanopore sensor touches and identifies
each genomic DNA base directly, and therefore laboratory base
modification is not needed; (if) high accuracy along individual ge-
nomic DNA strands; upon capture, each strand can be retained in
the nanopore allowing for as many reads as necessary to achieve the
desired call accuracy; and (jif) linkage analysis of distant cytosine
methylation sites. In principle, nanopore devices can analyze ge-
nomic DNA strands that are thousands of nucleotides in length.

PNAS | MNovember 19, 2013 | vol. 110 | no. 47 | 18913
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Fig. 6. Confusion matrices and quality score plots for each methylation
status in the CCGG and GCGC contexts, using Naive Bayes, SVM, and Random
Forest classifiers. Each confusion matrix shows the probability that a strand
bearing a given cytosine variant (C, top row; mC, middle row; hmC, bottom
row) will be classified as bearing a specific cytosine variant (C, left column;
mC, center column; hmC, right column). The diagonal represents the prob-
ability of a correct call. The multinomial probability of the majority call being
incorrect is then calculated using the values in the confusion matrix. The
number of reads of a single strand needed to achieve a desired accuracy
threshold based on the multinomial probability is depicted in the quality
score plots below each confusion matrix. For the GCGC context (which has
a higher accuracy along the diagonal of its confusion matrices), a Q40 quality
scare (0.01% error) for all cytosine variants was predicted to require only five
strand rereads using the best classifier (Naive Bayes). By comparison, for the
CCGG context (which has a lower accuracy along the diagonal of its confu-
sion matrices), a Q40 quality score for all cytasine variants was predicted to
require 19 strand rereads using the Naive Bayes classifier.

Methods

Proteins. The M2MspA protein (22) used to form single nanopores was
prepared in our laboratory. Briefly, the ORF for M2MspA was constructed by
overlapping PCR. This amplimer was sequenced and inserted into a pESUMO
plasmid, then expressed and purified using the SUMOpro Expression System
in Escherichia coli (LifeSensors). Wild-type bacteriophage phi29 DNA poly-
merase{exo+) was obtained from Enzymatics Corporation (833,000 U/mL;
specific activity, 83,000 U/mg) and stored absent detergent.

DNA. Oligonuclectides were purchased from the Stanford Peptide and
Nucleic Acid Facility and then purified by denaturing PAGE. Phosphoramidites
used for the syntheses were from Glen Research. The phosphoramidite for the
abasic residue was dideoxyribose-3'-[(2-cyanoethyl)-(V,N-diisopropyl)]-phos-
phoramidite. For mC, the phosphoramidite was 5'-dimethoxytrityl-N-benzoyl-5-
methyl-2 -deoxycytidine-3'-[(2-cyanoethyl}-{N, N-diisopropyl)]phosphoramidite.
For hmC, the phasphoramidite was 5'-dimethoxytrityl-N-benzoyl-5-cyanoe-
thoxy-methyl-2'-deoxycytidine-3'-[(2-cyanoethy| (N, N-diisopropyl}]-phosphor-
amidite. It was deprotected by 30% (wt/vol) ammonium hydroxide for 17 h at
75 °C. The 3'-spacer used in our blocking oligomers was made from (1-
dimethoxytrityloxy-propanediol-3-succinoyl)-long<hain alkylamino-CPG (con-
trolled pore glass) from Glen Research. DNA hybrids used for these studies
{Fig. 2A) were composed of an 82-nt template, a 55-nt primer containing a
5-hairpin, and a 15-nt blocking oligomer that protected the 3'-OH of the
primer strand and thus limited DNA synthesis to hybrids captured and acti-
vated by the nanopore (20}. Substrate hybrids were formed by combining the
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template, hairpin primer, and blocking oligomer at a ratio of 1:1.2:1.2, in-
cubating the mixture at 95 °C for 2.5 min, and snap chilling in an ice water
bath. The presence of mC and hmC bases in template strands bearing
GhmCGC, GmCGC, ChmCGG, and CmCGG 4-mers was verified by liguid
chromatography/mass spectrometry (see below}.

Verification of the Presence of Cytosine, mC, and hmC in Model DNA Strands
Using Liquid Chromatography/Mass Spectrometry. 2'-Deoxycytidine-5-mono-
phosphate (dCMP), 5-methyl-2'-deoxycytidine-5'-monophosphate (mdCMP),
and 5-hydroxymethyl-2'-deoxycytidine-5'-monophosphate (hmdCMP) stand-
ards were generated by digesting three reference 897-nt oligonucleotides
(Zymo Research), one of which contained only unmodified cytosine, one of
which contained only mC, and one of which contained only hmC. The 20-ul
digestion reaction was performed at 37 °C for 3 h using 300 ng of DNA and
1 unit of DNA degradase (Zymo Research). Upon completion, the reactions
were diluted with H,O and run through NanoSep3K Omega spin columns
(Pall Corporation) to separate the dNMPs from the enzyme and any un-
digested DNA. Twa micrograms of each of the six templates (6CGC and CCGG
contexts) were digested with 2 units of DNA degradase and processed in
paralle| with the DNA standards.

Samples containing 100 ng of digested standard DNA or 800 ng of sample
DNA (GCGC and CCGG contexts) were analyzed by liquid chromatography-
tandem mass spectrometry (LC-MS/MS) on a ThermoElectron Finnigan LTQ
mass spectrometer {Thermo) coupled with a surveyor HPLC at the University of
California Santa Cruz Mass Spectrometry Facility. Reverse-phase liquid chro-
matography was done with a Synergi Hydro 4-pm Fusion-RP 804 column (150
mm x 2.00 mm diameter; 4-um particle size) (Phenomenex). Solvent A was
0.1% formic acid in water. Solvent B was 0.1% formic acid in methanol. The
gradient was as follows: time (f) = 0-3 min, 100% solvent A; t = 3-5 min, 70%
solvent A, 30% solvent B; t = 5-10 min, 10% solvent A, 90% solvent B; t = 10~
20 min, 100% solvent B. The flow rate for chromatography was 200 pL/min.

The eluant from HPLC was processed by MS in negative mode over a full
scan range of m/z 50-350, followed by MS/MS scans from the global time
scheduled list of three compounds: m/z = 306.2 (dCMP), 320.2 {(mdCMP), and
336.2 (hmdCMP). The electrospray voltage was set to 4.5 kV. The callision-
induced dissociation at a normalized collision energy of 35% was used for
MS/MS. Data were analyzed using the XCalibur software (Thermo). M5/MS
for the modified dCMPs gave distinct breakdown products. The presence of
dCMP in our template samples was confirmed in MS/MS by the presence of
263 and 245 miz ions, mdCMP by the presence of 277 and 259 m/z ions, and
hmdCMP by the presence of 292 and 275 miz ions (Fig. S5).

Nanopore Experiments. Single M2MspA channels were inserted in lipid
bilayers in 0.3 M KC|, 10 mM HEPES/KOH (pH 8.00 + 0.05) at 23 °C as pre-
viously described (18, 22). The channels used for this study had currents
between 110 and 120 pA at 180 mV (trans-side positive) upon insertion. All
experiments were run at 180 mV. Current detection and voltage control for
nanopore experiments were performed using an integrated patch-clamp
amplifier (Axopatch 200B) set in whole-cell mode with a 5-kHz low-pass
Bessel filtering. A Digidata 1440A (Molecular Devices) analog-to-digital
converter sampled the data at 100 kHz.

Unless otherwise indicated, nanopore experiments were performed using
1 uM each of DNA substrates bearing XCGY, XmCGY, and XhmCGY hybrids
added to the cis compartment with the same flanking nucleotides in the X
and Y positions. The ¢is compartment was supplemented with 1 mM DTT,
2.25 pM phi29 DNA palymerase(exo+), 1 mM EDTA, 10 mM MgCl,, and 1 mM
each of the four dNTPs.

Data Collection. Extraction of "on pathway” events was semiautomated us-
ing pClampfit software (Axon Instruments) applied to ionic current data
smoothed at 2,000 Hz with a low-pass digital Bessel filter. The criteria used
to identify on pathway events were as follows: (i} an event must have begun
with a drop from open-channel current to ~35-45 pA followed by procession
through an unzipping regime wherein the ionic current states mirrored
states observed during strand synthesis; (i) all eight states of interest must
have been present during strand synthesis; and (ii/) the independent marker
current state must have been identifiable one CAT ionic current series after
the eighth quantified state. An event could contain an unexplained re-
versible drop in current as long as it did not occur during any of the eight
states of interest or during the marker state. If an unexplained current drop
below 0 pA occurred, the event was discarded. Using these criteria, ~3,300
events were extracted and analyzed constituting ~26% of all events 500 ms
in duration or longer.

Once an event had been identified as on pathway, the eight ionic current
states of interest were quantified. These states could be readily identified
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because states 1 and 8 were always bounded by the highest current state
produced by the CAT repeating pattern. In addition, the pattern produced by
states 2-7 always differed significantly from the CAT-dependent three-state
pattern into which they were inserted.

Feature Selection. For each translocation event, we compiled mean ionic
current levels for eight states during passage of the target €G dinucleotide
and its neighbors through the M2MspA pore. These values were accompanied
by a labe! for the correct methylation state reported by the upstream marker
onthe same DNA strand. The Gini importance was calculated for each feature
in a specific context using a forest of extremely randomized trees (21, 23).
Feature selection was performed manually by taking features showing a Gini
importance above a random model across all contexts. Briefly, data compiled
for all translocation events for a given 4-mer context were fitted to a forest
of 250 extremely randomized trees, with each tree using only three features.
Among the 16 4-mer contexts, the number of compiled events ranged from
n = 124 to n = 639. The open-source scikit-learn (version 0.13.1) (24) com-
mand we used to build the forest of extremely randomized trees and cal-
culate the normalized Gini importance was as follows:

ExtraTreesClassifier (n_estimators = 250, compute_importances = True,
max_features = 3, max_depth = None, min_samples_split = 1, random_
state = 42).

Building Decision Boundaries. Using feature selection (see above), we iden-
tified ionic current states 4, 5, and 6 as important for calling cytosine
methylation status. To remove 1-2 pA of baseline current drift due to
evaporation, we normalized fonic current values for states 4, 5, and 6 of
a given event by subtracting the mean of states 1, 2, 3, 7, and 8 (which were
not used in classification) for the same event. Data shown in Fig. 5 are based
on this normalization. The data were then converted to the standard scaler,
p = 0, unit variance, for each state, which is a standard machine-learning
preprocessing technique.

Three classifiers were used to estimate an error rate for the data: (i) SVM
with a radial basis function (RBF), which is a nonprobabilistic method for
calculating decision boundaries; {if} Random Forest, which in this case was an
ensemble of 30 trees; and (iif} Naive Bayes, which is a probabilistic method
that uses Bayes' rule to classify each point. The scikit-learn commands for the
classifiers were as follows:

SWC(lgamma = 2, C = 1, kernel = 'rbf’}
RandomForestClassifier{max_depth = 5, n_estimators = 30, max_features = 2)

GaussianNB(}).

Using each of these classifiers, we performed stratified five-fold cross-
validation of data from each of the 16 4-mer contexts. This ensured that
methylation status could be predicted for every event using decision
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boundaries that were not derived using the event itself. Briefly, we trained
decision boundaries from each classifier on 80% of the data, and used
those decision boundaries to predict the methylation status of the remaining
20% of the dataset. Because each event included a label identifying a DNA
strand’s correct methylation status, we were able to determine whether the
decision boundary had made a correct or incorrect call. This was then re-
peated four times, with a unique 20% subset of the data held out for testing
each cycle. By summing the number of incorrect calls from each 20% of the
dataset tested, we estimated the error by dividing the number of errors by
the number of events. To ensure that this error estimate was not an outlier,
the data were shuffled and the process repeated 20 times. This gave a dis-
tribution of error estimates for cytosine methylation status calls for the 4-mer
context analyzed.

Quality Score Estimates. To estimate the number of reads of a single DNA
strand needed to achieve Q40 (0.01% incorrect calls) for a given segquence
context, we first calculated confusion matrices for the Naive Bayes, Random
Forest, and SVM classifiers using full precision accuracy calls. These confusion
matrices quantified the specific types of miscalls rather than simply the total
number of miscalls.

We then used a multinomial distribution based off this confusion matrix to
estimate the number of reads needed to achieve Q40 for methylation status
calls within a given sequence context. The multinomial equation was as
follows:

N

N 2 Nomin(i-1, N-21) K
= N N—i , [ N—i— N N—i H [ N—i—
SN wareae 3 S () e,

=0 j=i i=0 i=0

where N is the number of reads of a molecule, p is the probability of a cor-
rect call, g is the probability of an incorrect call in one manner, r is the
probability of an incorrect call in the other manner, i is the number of events
called correctly, j is the number of events called incorrectly in the manner
corresponding to probability g, and N — j — j is the number of events called
incorrectly in the manner corresponding to probability r. When salved, this
equation gives the probability of an incorrect call given N reads. Thus, to
achieve Q40, we increased N until this probability dropped below 0.01%.
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