8744-8757 Nucleic Acids Research, 2023, Vol. 51, No. 16
https:Ildoi.orgl10.1093/narlgkad522

Published online 19 June 2023

Mutation signature filtering enables high-fidelity RNA
structure probing at all four nucleobases with DMS

David Mitchell IlI', Jennifer Cotter', Irfana Saleem' and Anthony M. Mustoe -3

'Therapeutic Innovation Center, Verna and Marrs McLean Department of Biochemistry and Molecular Biology, Baylor
College of Medicine, Houston, TX, USA and ?Department of Molecular and Human Genetics, Baylor College of

Medicine, Houston, TX, USA

Received April 08, 2023; Revised May 30, 2023; Editorial Decision May 31, 2023; Accepted June 02, 2023

ABSTRACT

Chemical probing experiments have transformed
RNA structure analysis, enabling high-throughput
measurement of base-pairing in living cells. Dimethyl
sulfate (DMS) is one of the most widely used struc-
ture probing reagents and has played a pivotal role
in enabling next-generation single-molecule probing
analyses. However, DMS has traditionally only been
able to probe adenine and cytosine nucleobases.
We previously showed that, using appropriate con-
ditions, DMS can also be used to interrogate base-
pairing of uracil and guanines in vitro at reduced
accuracy. However, DMS remained unable to infor-
matively probe guanines in cells. Here, we develop
an improved DMS mutational profiling (MaP) strat-
egy that leverages the unique mutational signhature of
N'-methylguanine DMS modifications to enable high-
fidelity structure probing at all four nucleotides, in-
cluding in cells. Using information theory, we show
that four-base DMS reactivities convey greater struc-
tural information than current two-base DMS and
SHAPE probing strategies. Four-base DMS experi-
ments further enable improved direct base-pair de-
tection by single-molecule PAIR analysis, and ulti-
mately support RNA structure modeling at superior
accuracy. Four-base DMS probing experiments are
straightforward to perform and will broadly facilitate
improved RNA structural analysis in living cells.

GRAPHICAL ABSTRACT
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INTRODUCTION

RNA molecules fold into complex base-paired secondary
and tertiary structures that play critical roles in RNA func-
tion (1). One of the oldest and most scalable methods for
interrogating RNA structure are chemical probing exper-
iments (2-4). These experiments, which can be performed
both in vitro and in cells, use small molecule chemical
reagents to selectively modify flexible nucleotides, yield-
ing per-nucleotide reactivity measurements that report on
local RNA structure. Probing data are useful as stand-
alone measurements and can also be used to guide struc-
ture modeling algorithms to reconstruct global RNA struc-
ture (5,6). Recently, we and others have introduced single-
molecule chemical probing experiments as an even more
powerful strategy for characterizing complex RNA systems
(7). By measuring correlated modification events, single
molecule probing experiments enable direct measurement
of secondary base-pairing (8,9), tertiary interactions (10),
and ensembles comprising multiple structural states (11—
14). Both traditional and single-molecule experiments have
provided critical insights into RNA biology (15-22), and
increasingly serve as foundational technologies for RNA
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functional characterization and therapeutic development
(19,23-26).

Numerous strategies utilizing diverse chemical reagents
have been developed to probe different aspects of RNA
structure (4). The oldest and still one of the most used prob-
ing reagents is dimethyl sulfate (DMS) (27). DMS methy-
lates the Watson-Crick face of single-stranded adenine (A)
and cytosine (C) nucleobases at the N1 and N3 positions,
respectively. DMS is readily cell permeable and can be used
to achieve high levels of modification, which is essential
for single-molecule probing applications. However, the in-
ability of DMS to probe uracil (U) and guanine (G) bases
has represented a key limitation. We recently showed that
mildly alkaline conditions enable DMS to effectively probe
U structure (8). These conditions also support probing of G
structure in vitro at lower but still useful accuracy. However,
DMS remained unable to probe G structure in cells. Prob-
ing G is particularly desirable because of the outsized role
G nucleotides play in stabilizing RNA structure. Alternative
chemical reagents permit probing of G and U (28-30), and
SHAPE (selective 2’-hydroxyl acylation analyzed by primer
extension) reagents support probing of all four bases (31—
34), but to date these reagents have proven less amenable for
single-molecule analyses. Enabling robust DMS probing at
all four bases has the potential to broadly improve both per-
nucleotide and single-molecule RNA structural analysis.

A seminal advance in chemical probing technology
has been the development of mutational profiling (MaP)
(10,35). MaP uses specialized reverse transcription proto-
cols to read through and encode chemical modifications as
mutations in cDNA, which can then be measured via high-
throughput sequencing. Compared to alternative strategies,
MaP permits precise quantitation of even rare modification
events. Critically, MaP also permits measurement of mul-
tiple modifications per individual molecule, enabling de-
tection of the correlated modification events that underpin
single-molecule probing strategies (7). MaP may also enable
distinguishment between different chemical modifications
that generate distinct mutational signatures, although this
application is relatively unexplored.

In recent years, multiple reverse transcriptase enzymes
have been adapted for performing DMS-MaP experiments.
G- and U-sensitive DMS probing and most single-molecule
probing analyses have relied on a relaxed-fidelity Super-
script II (SSII) reverse-transcription protocol (8,10,11).
Newer MaP protocols that use TGIRT-III (TGIRT) and
MarathonRT (Marathon) reverse transcriptase have been
reported to be more processive and exhibit lower back-
ground error rates (36-38). However, these enzymes have
not been evaluated for their ability to measure DMS mod-
ifications at G and U nucleotides, nor for their ability to
support direct base pair detection via single-molecule cor-
relation analysis.

In this work, we sought to evaluate different MaP pro-
tocols for their ability to support DMS probing at all four
bases. Strikingly, our analyses revealed that reverse tran-
scriptases decode DMS-induced N!-methylguanine and
N’-methylguanine chemical modifications via distinct mu-
tational signatures. Leveraging this discovery, we develop
a new strategy that solves prior limitations to enable high-
fidelity DMS probing at all four nucleotides in cells. Four-
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base DMS-MaP conveys more information than other com-
parable structural probing experiments, facilitates more
sensitive single-molecule analysis, and ultimately enables
improved RNA structural modeling, representing an all-in-
one strategy for complete RNA structural analysis.

MATERIALS AND METHODS
Probing of HEK293 cells

DMS probing. Human HEK?293 cells (ATCC; CRL-1573)
were maintained in DMEM supplemented with 10% FBS
and 100 U/ml Pen/Strep at 37°C and 5% CO,. ~1 x 10°
cells were seeded in a 6 cm culture dish and grown to ~75%
confluency. Prior to DMS treatment, media was exchanged
with 2.8 ml fresh media, followed by addition of 800 wl of
1 M bicine (pH 8.3 at room temperature), 1 M sodium ca-
codylate (pH 7.2), or nuclease-free water, and equilibrated
for 3 min at 22°C. Cells were modified by adding 400 p.l
of 1.7 M DMS solution in ethanol (or 100% ethanol for
control reactions) and incubating at 37°C for 6 min. Reac-
tions were quenched by addition of 4 ml ice-cold 20% 2-
mercaptoethanol (vol/vol in PBS). Cells were scraped and
pelleted by centrifugation at 1000 g for 5 min at 4°C, fol-
lowed by RNA extraction with 1 ml TRIzol reagent (Ther-
moFisher). Genomic DNA was removed by addition of 6
U of TURBO DNase (Ambion) and incubation at 37°C
for 45 min. RNA then was purified (RNA Clean & Con-
centrator, Zymo), quality assessed by TapeStation analysis
(Agilent), and concentration quantified by UV absorbance
(NanoDrop, ThermoFisher).

2A3 probing. Probing was done as described by Mari-
nus et al. (34). HEK293 cells were maintained as described
above. Prior to 2A3 treatment, media was removed, cells
washed with 1x PBS, followed by addition of 1 ml trypsin
and 2 min incubation at 37°C to detach cells from the dish.
Trypsin was neutralized by 2 ml of media and cells pelleted
by centrifugation at 1000 g for 5 min at 22°C. The cell pellet
was resuspended in 90 pl of PBS. 10 wl of 1 M 2A3 (Tocris
Bioscience) was added to the cells followed by 15 min incu-
bation at 37°C with occasional tapping to mix. 2A3 reac-
tions were quenched by addition of 100 ml of ice-cold 20%
2-mercaptoethanol. RNA then was extracted as described
above.

DMS probing of E. coli RNA

Cell-free experiments. ~ Cell-free DMS probing of E. coli K-
12 MG1655 total RNA was performed as previously de-
scribed (8). 148 ml LB was inoculated with 2 ml of an
overnight culture and grown at 37°C until ODgy =~0.5.
16.65 ml of 187.5 pg/ml rifampicin was added followed by
incubation for 20 min at 37°C to chase assembly of RNA-
protein complexes (39). Cells were pelleted and resuspended
in 32 ml of lysis buffer [15 mM Tris—HCI (pH 8), 450 mM
sucrose, 8 mM EDTA (pH 8)], followed by addition of 1.28
ml of 1 mg/ml lysozyme, and 10 min incubation on ice. To-
tal RNA was extracted by 3x phenol/chloroform/isoamyl
alcohol (PCA) extraction, 3x chloroform extraction, and
exchange into 1 x bicine folding buffer [200 mM bicine (pH
8.3 at room temperature), 200 mM potassium acetate, S mM



8746 Nucleic Acids Research, 2023, Vol. 51, No. 16

MgCl,]. After 10 min equilibration at 37°C, 1 volume of 1.7
M DMS solution in ethanol (or 1 volume of 100% ethanol
for control reactions) was added to 9 volumes of total RNA
and reacted for 6 min at 37°C. Ten volumes of ice-cold
20% 2-mercaptoethanol was added to quench reactions, fol-
lowed by purification (R Neasy Midi, Qiagen), DNase treat-
ment (TURBO DNase, ThermoFisher), and a final purifi-
cation (RNeasy Midi, Qiagen). RNA was then quantified
for quality (TapeStation, Agilent) and concentration (Nan-
oDrop, ThermoFisher).

In-cell experiments. In-cell DMS probing of E. coli total
RNA was performed as described (8). Cells were grown
and treated with rifampicin as described for cell-free ex-
periments, then pelleted by centrifugation at 4000 g for 5
min at 22°C. Cell pellets were resuspended in 20 ml of 1x
bicine folding buffer [200 mM bicine (pH 8.3 at room tem-
perature), 200 mM potassium acetate, S mM MgCl,]. For
experiments using alternative extracellular buffers, pH 8.3
bicine buffer was replaced with 200 mM pH 7.2 sodium ca-
codylate, 200 mM bicine pH 8, or 200 mM bicine pH 9 (all
prepared at room temperature). 4.5 ml of cells was added to
0.5 ml of 7 M DMS in ethanol (or 0.5 ml 100% ethanol for
control reactions) and reacted for 6 min at 37°C. DMS re-
actions were quenched by addition of 20 ml of ice-cold 20%
2-mercaptoethanol and the cells placed on ice. Cells were
pelleted, resuspended in 1 ml of Img/ml lysozyme, and in-
cubated on ice for 5 min. Total RNA was extracted using
TRIzol reagent, DNase treated (TURBO DNase, Invitro-
gen), and then purified (R Neasy Midi, Qiagen).

Reverse transcription

Four different mutational profiling (MaP) reverse transcrip-
tion (RT) protocols were evaluated, which we refer to by
the RT enzyme used: Superscript II (SSII) (8), MarathonRT
(Marathon) (37), TGIRT-III (TGIRT) (36) and evolved
HIV RT (eHIV) (40). Gene-specific priming was used for
human RNase P and RMRP, and E. coli tmRNA, and ran-
dom priming was used for ribosomal RNAs (Supplemen-
tary Table S3). 2A3-probed RMRP and RNase P samples
were reverse transcribed using the SSII protocol. All RT re-
actions were purified using magnetic beads (Mag-Bind To-
tal Pure NGS, Omega Bio-Tek).

SSII. 1 plof 10 mM dNTPs and 1 pl of either 2 WM spe-
cific primer or 200 ng/pl random 9-mer was added to 1-2
g RNA in a total volume of 10 wl and incubated at 65°C
for 10 min followed by 4°C for 2 min. Subsequently, 9 wl of
SSII MaP buffer [final concentration 50 mM Tris—HCI (pH
8), 75 mM KCI, 6 mM MnCl,, 1 M betaine, 10 mM DTT]
was added to the solution, followed by 1 wl of SSII (Invit-
rogen). The reaction was then incubated according to the
temperature program: 25°C for 10 min, 42°C for 90 min,
10 x [50°C for 2 min, 42°C for 2 min], 72°C for 10 min.
Some reactions were also performed using 2 w1 of 10 mM
dNTPs, with a total step 1 volume of 11 wl, which had no
appreciable impact on results.

Marathon. 1 or2 plof 10 mM dNTPs and 1 pl of either 2
M specific primer or 200 ng/wl random 9-mer was added

to 1-2 pg extracted RNA in a total volume of 5.8 wl and
incubated at 65°C for 10 min followed by 4°C for 2 min. Af-
terward, 12.2 1 of Marathon MaP buffer [final concentra-
tion 50 mM Tris—HCI (pH 8.3), 200 mM KCI, 5mM DTT, 1
mM MnCl,, 20% glycerol] and 2 w1l of Marathon (Kerafast)
were added to the solution. The solution then was incubated
at 42°C for 3 h followed by 95°C for 1 min.

TGIRT. 1 or2 plof 10 mM dNTPs and 1 pl of either 2
M specific primer or 200 ng/pl random 9-mer was added
to 1-2 pg RNA in a total volume of 11 pl and incubated at
65°C for 10 min followed by 4°C for 2 min. 8 pl of TGIRT-
IIT RT buffer [final concentration 50 mM Tris—HCI (pH
8.3), 75 mM KCl, and 3 mM MgCl,] and 1 pl TGIRT-111
(InGex) were added to the solution, followed by incubation
at 60°C for 2 h.

eHIV. 1 plof 10 mM dNTPs and 1 pl of 5 wM specific
primer was added to 7 pl containing 2 wg of RNA and in-
cubated at 70°C for 2 min followed by 4°C for 2 min. 9 pl
of 5x eHIV RT buffer [final concentration 200 mM Tris—
HCI (pH 8.3), 400 mM KCI, 20 mM MgCl,] and 2 pl of
eHIV enzyme were added to the solution. The reaction was
then incubated at 42°C for 3 h followed by 95°C for 1 min.
The eHIV enzyme was expressed and purified from pET30-
RT1306 (gift from Bryan Dickinson; Addgene plasmid #
131521) following published protocols (40).

Library preparation

Small RNAs. Libraries were prepared using a two-step
PCR strategy (Supplementary Table S3) (6,8). 1 wl of cDNA
was input into PCR1 using the following temperature cy-
cles: 98°C for 30 s, 18 cycles of [98°C for 10's, 60°C for 30 s,
72°C for 20 s], and 72°C for 2 min. PCR1 products were pu-
rified (Mag-Bind Total Pure NGS, Omega Bio-Tek) using a
0.7x bead ratio. 1 ng of PCR1 product was used as input for
PCR2 using the following temperature cycles: 98°C for 30
s, then 12 cycles of [98°C for 10 s, 66°C for 30 s, 72°C for 20
s], and 72°C for 2 min. PCR2 products were purified using
a 0.7x bead ratio. Libraries were sequenced on an Illumina
MiSeq instrument using either 2 x 250 (v2 chemistry) or
2 x 300 (v3 chemistry) paired-end sequencing (Supplemen-
tary Table S4).

rRNAs. Libraries from randomly primed total RNA were
prepared using the xGen NGS RNA (Integrated DNA
Technologies) kit for HEK293 and the Nextera XT (Illu-
mina) kit for E. coli cells. cDNAs were converted to double
stranded DNA (dsDNA) by NEBNext second-strand syn-
thesis module (New England Biolabs) using a 2 h incuba-
tion at 16°C. dsDNA was purified and size selected using
magnetic beads (Mag-Bind Total Pure NGS, Omega Bio-
Tek) using a 0.65x bead ratio. Libraries were then gener-
ated following the Nextera XT manufacturer protocol, fol-
lowed by purification and size-selection by magnetic beads
(Mag-Bind Total Pure NGS, Omega Bio-Tek) using a 0.56 x
bead ratio. Libraries were sequenced on an Illumina MiSeq
instrument using 2 x 300 paired-end sequencing (v3 chem-
istry) (Supplementary Table S4).



Mutation signature analysis

RMRP and RNase P probing data were initially pro-
cessed using Shape Mapper 2.1.5 with the —output-counted-
mutations flag to tabulate mutation types observed at each
sequence position. Area under the receiver operating char-
acteristic curves (AUROC) were calculated with Scikit-
Learn (0.24.1) in Python using background-subtracted mu-
tation rates with pairing status of each position derived
from known reference structures (41-45). To identify the
G mutation signature filter, AUROC was calculated for
all possible combinations of mutation types, which re-
vealed that including only G-to-C and G-to-T substitutions
yielded the highest AUROC for all enzymes.

ShapeMapper 2.2

Building on our mutation signature analysis, we incor-
porated several new features into ShapeMapper to au-
tomate four-base DMS-MaP processing. This new ver-
sion of ShapeMapper (v2.2) is available for download
at https://github.com/Weeks-UNC/shapemapper2. DMS-
specific processing is invoked using the —dms flag.

Mutation signature filtering. G-to-A single-nucleotide
mismatches, G multi-nucleotide mismatches and insertions
and deletions at all nucleotides are ignored (set internally to
‘no data’).

DMS reactivity normalization. Because four-base DMS
modification rates vary significantly based on nucleotide
identity, reactivities are normalized on a nucleotide-specific
basis. The DMS modification rate is calculated as the differ-
ence between the modified and untreated mutation rates, or
simply as the modified mutation rate if no untreated sample
is provided. Normalization factors for each nucleotide type
n are computed as

N, = max{ (rudipo, msp» Prs (ry > 0.001)}

where (r,)[p,, ps denotes the mean of 90th-95th percentile
modification rates, and Pys(r, > 0.001) denotes the 75th
percentile of modification rates >0.001. This scheme is
more robust for RNAs such as the ribosome where most
nucleotides are unreactive. Final normalized reactivities are
then obtained by dividing the modification rate by the
nucleotide-specific normalization factor. The normalized
reactivities are output directly as text files with the suffix
.dms.

Final data processing

Four-base DMS probing data were processed using
Shape Mapper 2.2 with the —dms and —output-parsed-
mutations options. Amplicon libraries from small RNAs
were processed using the —amplicon option, and total RNA
(rRNA) libraries were processed using the —random-primer-
len 9 flag. Unfiltered (standard DMS) and 2A3 data were
processed using Shape Mapper 2.2 without the —dms flag.

Expected structural information

Inspired by metrics for quantifying sequence information
content (46), we developed the Expected Structural Infor-
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mation (ESI) metric to intuitively quantify the total infor-
mation provided by a probing experiment. Each nucleotide
can adopt two possible structural states: base-paired () or
unpaired (u). In the absence of any probing data, we assume
each nucleotide has an equal probability of being paired or
unpaired (p (b) = p (u) = 0.5). A reactivity measurement
(r;) reduces the structural uncertainty, which can be quan-
tified as

SI(r;) = H(si |9)—H (si |r))=1—H(s; | ;)

where SI(r;) denotes the structural information conveyed
by reactivity r;, and H(s;) denotes the Shannon entropy of
position i:

H (s [r)=— Y pls|r) logy p(s|ri)

se{b,u}

Ifr; conveys no information, p (b |r;)) = p(u|r;) = 0.5
and SI(r;) = 0. Alternatively, if r; conveys perfect infor-
mation, then p (b |r;)= lorp(u|r;)= 1 and SI (r;) =

1. p(b | r;) and p(u | r;) are determined from the empirical
reactivity distributions for paired and unpaired positions
based on the known structure:

5(i1b)
bl = !
P = T+ h e W

The distributions p(r; | b) and p(r; | u) are estimated by
fitting the paired and unpaired reactivity data for each nu-
cleotide type to double-gamma mixture models. The ex-
pected structural information (ESI) is then obtained as the
average over all nucleotides n in the molecule (excluding
primer binding sites and other positions with low-quality
data):

splr)= 1= p(b|r)

1 n
ESI = — ST (r;
=) 1)

i=1

For computing ESI of DMS at only A and C nucleotides,
SI(r;) of G and U nucleotides was set to 0.

PAIR-MaP analysis

We incorporated several minor updates to PairMapper
analysis to maximize performance on four-base DMS
datasets. Pair Mapper previously required nucleotide win-
dows to have a minimum of 50 co-modification events to
be considered for PAIR correlation analysis (8). We reeval-
uated this co-modification threshold across the range of
5-50, finding optimal performance with co-modification
count cutoff of 10. We also updated the reactivity thresh-
olds for primary and secondary PAIRs to 0.2 and 0.4, re-
spectively.

Positive predictive value (ppv) and PAIR-MaP sensitivity
(sens) were computed relative to accepted reference struc-
tures as previously described (8). RNA regions lacking
DMS data were excluded from ppv and sens calculations.

Structure modeling

Four-base DMS pseudo-energy parameterization. We
followed a previously described strategy (8,47) to derive
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four-base-DMS-optimized pseudo-energy potentials for
structure modeling in RNAstructure (v6.3) (48). Nucleotide-
specific reactivity likelihood functions for paired and
unpaired bases were fit using a double gamma mixture to
normalized four-base DMS data collected on the cell-free
E. coli 23S trRNA. These 23S rRNA derived parame-
ters serve as universal folding parameters for all RNAs.
Four-base DMS potentials only vary modestly from our
previous nucleotide-specific DMS potentials (8), but more
strongly penalize pairing of reactive G and U nucleotides.
Fitted model parameters are provided in Supplemental
Table S5. For structure modeling purposes, we replaced the
DMSdist_nt.txt file in RNAstructure/data_tables/dists
with our new four-base DMS-specific file. We plan to make
these parameters automatically available in future releases
of RNAstructure.

RNAstructure modeling. Four-base DMS and SHAPE-
directed modeling of RMRP, RNase P, and tmRNA was
performed using iterative ShapeKnots folding to enable
modeling of multiple pseudoknots (8,49). fold PK.py, the au-
tomated script that facilitates this iterative folding strategy,
is available for download at https://github.com/MustoeLab/
StructureAnalysisTools. Folding of rRNAs was performed
using Fold with the -mfe and -md 600 options. Default
SHAPE and four-base DMS parameters were used for all
Fold and ShapeKnots modeling. For four-base DMS mod-
eling, PAIR restraints were additionally passed using the -x
option. Structure modeling was not possible for human 28S
rRNA due to memory overflow errors in RNAstructure.

Quantification of model accuracy. The positive predictive
value (ppv) and sensitivity (sens) of modeled structures were
computed relative to accepted reference structures as previ-
ously described (8), using all Watson Crick and GU pairs
allowing for one-position register shifts and ignoring single-
ton pairs. Accepted reference structures were obtained from
refs (41-45). Modifications to tmRNA and RMRP struc-
tures were included as previously described (8).

RESULTS

Existing DMS-MaP strategies are unable to probe G struc-
ture in cells

To evaluate the ability of different MaP strategies to mea-
sure DMS modifications at all nucleotides, we generated
MaP datasets from identical DMS-probed RNA inputs us-
ing published SSIT (8), TGIRT (36), and Marathon (37)
MaP protocols (Figure 1A). We additionally evaluated an
HIV-1 reverse transcriptase that was evolved to MaP N!-
methyladenosine modifications (eHIV) (40), which has not
been previously tested on DMS modified samples. DMS
probing experiments were performed in duplicate on living
HEK?293 cells, under mildly alkaline buffer conditions that
support multiple-hit DMS modification at all four nucle-
obases (see Materials and Methods) (8). An amplicon strat-
egy was then used to obtain targeted DMS-MaP datasets
for the Ribonuclease P (RNase P) and RnaseP RMP
(RMRP) non-coding RNAs, which adopt well-defined,
known structures.

Consistent with prior studies (36,37), analysis of un-
treated control samples revealed significant differences in
the background error rates of different MaP protocols.
While all protocols exhibit low median background rates
(0.001,0.001 and 5 x 10~ for SSII, Marathon, and TGIRT
respectively), SSII samples feature significantly more posi-
tions with high background rates (95th percentiles of 0.02,
0.008, 0.005, respectively) (Supplementary Figure S1A).
eHIV featured a 3-fold higher background rate than SSII
(median 0.003; Supplementary Figure S1A), leading us to
focus on the established MaP protocols for subsequent
analyses.

Despite differences in background error profiles,
background-subtracted DMS modification rates measured
at adenosine (A), cytidine (C) and uridine (U) bases are
broadly consistent across all enzymes (R > 0.9; Figure
1B; Supplementary Figure S1B). As expected, Us are
approximately 5-fold less reactive than A and Cs (Fig-
ure 1C). U reactivities also vary more in SSII samples
compared to Marathon and TGIRT, reflective of greater
background noise in SSII samples. SSII and Marathon
consistently measure higher modification rates compared
to TGIRT (Figure 1B, C), indicating differences in random
nucleotide incorporation and enzyme drop-off. SSII also
generates an increased fraction of indels compared to
Marathon and TGIRT (26%, 2.8%, 7.4%, respectively;
Supplementary Figure S1C). Nonetheless, each enzyme is
similarly accurate at distinguishing single-stranded versus
base-paired nucleotides (area under the receiver operating
characteristic curve [AUROC] ~0.79 for A; x0.93 for C;
~0.83 for U; Figure 1D; Supplementary Table S1). These
data corroborate our prior observation (8) that DMS is
a highly specific probe of U pairing status and validate
that all established MaP protocols reliably measure U
modifications.

In contrast to A, C and U nucleotides, all three MaP
protocols exhibited minimal-to-no ability to measure G nu-
cleotide structure (AUROC < 0.6; Figure 1D; Supplemen-
tary Table S1). G mutation rates significantly increase upon
DMS treatment, indicating that DMS is modifying G bases
(Figure 1C). However, these modifications occur at similar
rates in both single-stranded and base-paired nucleotides.
Surprisingly, G reactivity measurements vary 10-fold across
MaP protocols, with SSII, Marathon, and TGIRT report-
ing median modification rates of 0.002, 0.007 and 8 x 1074,
respectively. Despite yielding the lowest overall modifica-
tion rates, TGIRT does identify several highly reactive
single-stranded Gs, but not with sufficient sensitivity to be
useful. Thus, consistent with our prior studies (8), existing
DMS probing protocols are unable to reliably probe G pair-
ing status in cells.

Mutational signature filtering enables robust DMS probing
of G nucleotides

DMS is known to methylate G bases at two positions
(2,8): DMS predominantly modifies G at the N7 posi-
tion with minimal dependence on Watson-Crick pairing
status; at much lower rates, DMS can methylate single-
stranded, deprotonated G nucleobases at the N! position.
While reverse-transcriptases are generally considered to be
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Figure 1. Comparison of different MaP protocols for measuring DMS modifications at all four RNA bases. (A) Experimental scheme for in-cell DMS
probing, reverse transcription, and reactivity analysis using identical RNA inputs. (B) Background-subtracted DMS-MaP reactivity profiles measured for
RMRP. Gray curves shown at bottom indicate known base pairing interactions. (C) DMS modification rates measured at each nucleotide combined across
RMRP and RNase P. Background-subtracted mutation rates are shown for base-paired (filled) and single-stranded (open) bases. The y axis has a linear
scale <102 (indicated by thick axis) and logarithmic scale for values >10~2 (thin axis). (D) Receiver operator characteristic (ROC) curves quantifying
ability of DMS reactivity to discriminate single-stranded versus base-paired nucleotides in RMRP and RNase P.

insensitive to N’-G modifications, we hypothesized that
MaP may detect these modifications at low rates, convolut-
ing any informative N'-G signal in DMS-MaP data. Fur-
ther, we hypothesized that the differences in G modification
rates measured by alternative MaP protocols reflect differ-
ences in N’-G detection efficiency.

To explore these hypotheses, we more closely analyzed
the G mutational signatures yielded by each enzyme. DMS-
MaP analysis traditionally considers all mutation types as
conveying equivalent information. Strikingly, however, we

observed major differences in the structural specificity of
different mutation types. The elevated G modification rate
measured by Marathon is driven by G— A substitutions,
which occur at equivalent frequencies (median ~ 0.005) in
single-stranded and paired nucleotides (Figure 2A; Supple-
mentary Figure S2). SSII and TGIRT datasets similarly ex-
hibit a surplus of structurally non-specific G— A substitu-
tions, although at lower frequencies (median < 0.001). By
contrast, DMS-dependent G—C and G—T substitutions
occur almost exclusively in single-stranded nucleotides for
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complete list of probed RNAs.

all three enzymes (Figure 2A). Thus, our DMS data are
consistent with MaP measuring N’-G modifications specif-
ically as G— A substitutions, whereas structurally informa-
tive N'-G modifications are decoded as G—C and G—T
substitutions.

To validate this mutational signature, we used MaP to
measure natural N'-G and N7-G modifications in untreated
E. coli and human ribosomal RNAs (50,51). Consistent
with our DMS data, N7-G modifications are detected by
Marathon with low efficiency (1-3%), but overwhelmingly
as G— A substitutions (>90% of mutations) (Figure 2B).
By comparison, the natural ribosomal N'-G modification
is read out with high efficiency (65%) as a mixture of G—C
and G—T substitutions (89% of mutations) (Figure 2B).
Similar results were also observed for SSII (Supplementary
Figure S3). Together, these data confirm that MaP decodes
N!-G and N7-G modifications via distinct mutational sig-
natures. We can also extrapolate from the detection efficien-
cies of natural modifications to estimate the DMS modifi-
cation rates of N’-G and N!-G in our experiments; we es-
timate a mean modification rate of 0.2 — 0.8 for N’-G and
~0.001 for N'-G, compared to ~0.02 for A and C and 0.006
for U calculated across both paired and single-stranded nu-
cleotides.

Leveraging this mutational signature, we implemented a
refined bioinformatics pipeline within Shape Mapper (52)
that filters out G— A substitutions and other uninforma-
tive mutation types in DMS probing data (see Materials
and Methods). This refined pipeline resulted in dramatic
improvements in the structural specificity of G DMS re-
activity, with AUROC increasing from <0.6 to >0.7 for
all three reverse-transcriptase enzymes (Figure 2C). Bench-
marking on an expanded panel of RNAs from human

and E. coli cells confirmed that our pipeline enabled accu-
rate DMS probing of G base-pairing status across diverse
systems (Supplementary Table S1). Marathon consistently
yielded superior AUROC at G nucleotides (Figure 2D, Sup-
plementary Table S1), leading us to select it as the optimal
reverse transcriptase for DMS-MaP experiments. This im-
proved strategy also reduced the importance of background
mutation rate subtraction (Supplementary Figure S4), al-
though the use of an untreated control still offers minor in-
creases in probing accuracy. Overall, we conclude mutation-
signature filtering enables robust DMS profiling of RNA
structure at all four nucleotides, which we term four-base
DMS-MaP.

Appropriate buffering is essential for measuring U and G re-
activities

The ability of DMS-MaP to measure structure-specific
modifications at U and G requires transient deprotonation
of N!'-G and N3-U (8). We previously reported that bicine
buffer (pH 8.0) is critical for robust DMS modification of
G and U nucleotides in vitro (8). However, the extent to
which extracellular buffering impacts DMS modification in
cells is unclear. Cells work to maintain pH homeostasis,
but changes in extracellular pH can affect intracellular pH,
particularly on short time scales (53,54). DMS treatment
may also perturb the plasma membrane or induce stress re-
sponses that compromise internal pH control. We therefore
investigated the impact of extracellular buffering by DMS
probing E. coli and HEK293 cells at a variety of extracellu-
lar pHs: no supplemental buffer, which results in rapid acid-
ification of the media (pH < 6); neutral pH 7.2 (sodium ca-
codylate buffer); and across the bicine buffering range (pH
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Figure 3. Four-base DMS-MaP depends strongly on extracellular buffer-
ing. (A, B) Mean DMS modification rates measured by Marathon MaP for
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gray. (C, D) Corresponding AUROC values for E. coli tmRNA and human
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replicates, with vertical bars indicating standard error. Lines are drawn be-
tween points to guide the eye.

7.7, pH 8.0, and pH 8.7). Both U and N!-G modification
rates strongly depend on extracellular buffering, increasing
~10-fold at pH 8 compared to unbuffered conditions (Fig-
ure 3A, B). Interestingly, the reactivity rate of U and N'-G
plateaus above pH 8 in E. coli, suggesting that bacterial cells
buffer against major deviations from pH neutrality. The in-
crease in G and U modification rate coincides with a sig-
nificant increase in AUROC (from mean 0.76 to 0.91 for
U, and 0.43 to 0.72 for G, respectively; Figure 3C, D). By
contrast, minimal changes in mutation rate or AUROC are
observed at A or C nucleotides. The rate of N’-G modifi-
cations, measured by G— A substitutions, also minimally
changes with pH (Figure 3A, B). Thus, these data estab-
lish that extracellular pH—whether it is acidic due to DMS-
induced acidification in the absence of buffer (10), neutral,
or basic—modulates DMS reactivity in cells and emphasize
that proper buffering is essential for four-base DMS prob-
ing. These data also provide further support for the depro-
tonation mechanism of DMS modification at N'-G and N3-
U.

Four-base DMS conveys greater information than compara-
ble probing experiments

To facilitate structural analysis, we implemented a strat-
egy to correct for differences in DMS modification rates
across bases and normalize reactivities to a common 0 to
~1 scale, denoting unreactive and reactive nucleotides, re-
spectively (Methods). Consistent with the AUROC analysis
above, these normalized four-base DMS reactivities provide
a precise map of RNA structure in cells with significantly in-
creased resolution compared to traditional DMS data (Fig-
ure 4A).

We sought to understand how four-base DMS reactivity
data compare to SHAPE data, which represent the gold-
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standard for measuring structure at all four nucleotides
(35). Prior in vitro studies have suggested that DMS and
SHAPE data can convey similar amounts of structural in-
formation (8,47), but direct comparisons of in-cell DMS
and SHAPE data are lacking. Recently, 2A3 was introduced
as an improved SHAPE reagent for in-cell structure prob-
ing, and high-quality 2A3 datasets are available for human
and E. coli ribosomal RNAs (rRNAs) and E. coli tmRNA
(34). We also collected our own 2A3 SHAPE-MaP data for
RMRP and RNase P in HEK293 cells (Supplementary Fig-
ure S5). We note that we relied on published SHAPE pro-
tocols without pursuing further optimizations. Visual anal-
ysis indicates that SHAPE and four-base DMS reactivity
profiles are qualitatively similar, although DMS provides a
more binary measure of structure compared to a more con-
tinuous measure provided by SHAPE (Figure 4A). Four-
base DMS data also typically yield modestly higher AU-
ROC than SHAPE data (Figure 4C, Supplementary Figure
S6).

Prompted by the differences observed between SHAPE
and DMS data, we sought to develop a better analytic
framework for evaluating the information conveyed by
probing experiments. AUROC quantifies how well reac-
tivity data perform as a binary classifier of a nucleobase
being paired versus single-stranded, but this does not re-
flect how reactivity data are normally interpreted. For most
applications, data are interpreted probabilistically: given
a measured reactivity, what is the probability that a base
is paired versus unpaired? These probabilities are repre-
sented by the paired/unpaired likelihood ratio function,
with more extreme likelihoods indicating greater informa-
tion content (55). The DMS likelihood ratio function is
more extreme for A, C and U nucleotides, indicating that
DMS conveys more structural information at these nu-
cleotides, whereas SHAPE conveys more information at G
(Figure 4B). To quantify these differences, we developed a
new metric termed expected structural information (ESI)
that measures the total per-base information conveyed by
a probing experiment (see Materials and Methods). ESI
has units of bits and ranges between 0 (no information)
to 1 (perfect specification of paired/unpaired status for all
nucleotides) (Supplementary Figure S7). SHAPE experi-
ments provide an average of 0.25 bits of ESI, whereas four-
base DMS data convey an average of 0.35 bits (Figure 4C;
Supplementary Figure S6), supporting that four-base DMS
provides a more deterministic measure of base-pairing. By
comparison, two-base DMS data only convey an average of
0.23 bits of ESI, less than SHAPE (Figure 4C). Together,
these analyses indicate that four-base DMS experiments
typically provide more structural information than other
widely used probing strategies.

Four-base DMS-MaP enables improved direct base-pair de-
tection from single-molecule PAIR analysis

In addition to providing a per-nucleotide readout of base-
pairing status, DMS probing data can be analyzed at the
single-molecule level to identify nucleotides that undergo
correlated modification. PAIR analysis (8) is a powerful
strategy for detecting RNA duplexes from single-molecule
probing data, and significantly improves the confidence and
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accuracy of structural analysis. We hypothesized that the
improved specificity of four-base DMS-MaP would also
benefit PAIR analysis. Indeed, PAIR analysis applied to
four-base DMS-MaP data significantly outperformed anal-
ysis of traditional DMS-MaP data (SSII without mutation-
signature filtering): the positive predictive value (ppv) of
PAIR correlations increased from 0.73 to 0.84, and sensitiv-
ity (sens) increased from 0.18 to 0.31, respectively) (Figure
5A,B; Supplementary Figures S8, S9; Supplementary Table
S2). Four-base DMS-MaP also enabled detection of PAIRs
at lower read coverages (coverage of ~300 000 versus ~400
000 required for DMS-MaP (8)) (Figure 5C).

Surprisingly, PAIR analysis on traditional DMS-MaP
data (SSII without mutation-signature filtering) performed
worse than in prior studies (8). This reduced performance
can be attributed to lower DMS modification rates (Sup-

plementary Figure S10) and, for cell-free ribosomal RNA
samples, significantly lower read depth coverage in our cur-
rent experiments. We also note that many of the ‘false posi-
tive’ PAIRs observed in cell-free rRNA samples likely corre-
spond to ‘real’ non-native interactions formed under these
conditions (8,56,57). Interestingly, we also observed a 4-fold
greater G— A substitution rate in our current DMS-MaP
datasets compared to our prior experiments, suggestive of
cryptic reverse-transcription differences that impact detec-
tion of N”-G modifications and reduce PAIR performance
(Supplementary Figure S10). Mutation-signature filtering
of SSII DMS-MaP data improved PAIR performance, but
still underperformed Marathon DMS-MaP data (Supple-
mentary Figures S8 and S11).

We also performed PAIR analysis on four-base DMS-
MaP datasets collected using TGIRT reverse-transcriptase.
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Compared to Marathon and SSII, TGIRT data gave signif-
icantly worse PAIR results (mean ppv = 0.57, sens = 0.20;
Supplementary Figure S8, Supplementary Figure S11), pre-
sumably due to TGIRT measuring fewer modifications
(Figure 1, Supplementary Figure S11).

We additionally explored whether the 2A3 SHAPE
reagent supports PAIR analysis. Historically, SHAPE
reagents have been unable to achieve high enough modifi-
cation rates for PAIR analysis. However, 2A3 mostly ad-
dresses this limitation, modifying RNA at comparable rates
to DMS, with lower modification of A and C compensated
by higher modification at U and G (Supplementary Figure
S5). Deeply sequenced human RMRP and RNase P in-cell
2A3 datasets both feature multiple PAIR correlation sig-
nals, but with lower sensitivity and specificity than four-base
DMS-MaP (Figure 5A, B). Thus, SHAPE experiments can
enable PAIR detection, but further optimization is needed
to make SHAPE-based PAIR analysis broadly useful.

Four-base DMS-MaP enables improved RINA structure mod-
eling

The end goal of many chemical probing studies is to trans-
late probing data into an accurate model of RNA struc-

ture. Building on the improvements of four-base DMS-
MaP, we developed new pseudo energy functions for in-
corporating four-base DMS reactivities as restraints dur-
ing structure modeling with RNAstructure (Methods). In-
tegrated structure modeling guided by four-base DMS re-
activities and PAIR correlations facilitated accurate mod-
eling of diverse, challenging RNA targets (Figure 6). No-
tably, four-base DMS meets or exceeds the accuracy of
SHAPE-directed structure modeling (Figure 6). Four-base
DMS data particularly benefits modeling accuracy for
pseudoknot-containing tmRNA, RMRP, and Rnase P
RNAs (Figure 6), enabled by PAIR correlations unavail-
able to SHAPE. As an exception, SHAPE (2A3) data
yields more accurate models for the in-cell 16S and 23S
rRNAs, consistent with the superior ESI of 2A3 versus four-
base DMS for these RNAs (Figure 4C). Both four-base
DMS and SHAPE data yielded similarly inaccurate models
for in-cell human 18S rRNA; this inaccuracy arises from
the extensive protein protections that reduce ESI of both
reagents and from sequence features of the 18S rRNA (58).
When the unrepresentative human and E. coli rRNAs are
excluded, average ppv and sens of DMS-directed models
increase to 0.93 and 0.92, respectively. In sum, four-base
DMS-MaP supports best-in-class structure modeling accu-
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Figure 6. Four-base DMS-MaP enables improved RNA structure modeling. (A) E. coli tmRNA structure models obtained via RNAstructure modeling
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racy and enables reconstruction of even challenging multi-
pseudoknotted RNA structures.

DISCUSSION

DMS has long been a favored structure probing reagent
and has played an essential role in enabling next-generation
single-molecule probing analyses (4,7). However, the inabil-
ity of DMS to probe U and G nucleotides has been a criti-
cal limitation. In this work we introduced four-base DMS-
MaP as a strategy for high-fidelity structure probing at all
four nucleotides in living cells. Through rigorous bench-
marking, we established that four-base DMS-MaP exper-
iments typically convey more structural information than
other probing strategies and enhance single-molecule analy-
sis, enabling accurate structure modeling of complex RNAs
that challenge other methods. Four-base DMS-MaP exper-
iments are straightforward to perform, requiring only mi-
nor changes to standard DMS probing protocols and bioin-
formatics pipelines. Thus, four-base DMS-MaP represents
an ‘almost for free’ upgrade offering improved resolution

in both conventional per-nucleotide and single-molecule
probing analysis.

The success of four-base DMS-MaP experiments de-
pends on several subtle but collectively critical experimen-
tal parameters. Most importantly, our results emphasize
the need for proper buffering, with G and U reactivity
strictly dependent on pH (Figure 3). Despite cells buffer-
ing against significant changes in intracellular pH, extracel-
lular pH clearly modulates in-cell DMS reactivity. We also
showed that different MaP protocols can impact data qual-
ity. SSII, Marathon, and TGIRT protocols performed sim-
ilarly for per-nucleotide DMS reactivity analysis, although
Marathon consistently performed the best at measuring N'-
G modifications. However, the choice of MaP enzyme sig-
nificantly impacted the success of single-molecule PAIR
analyses, with Marathon consistently detecting more du-
plexes with fewer false positives than other MaP enzymes.
TGIRT performed the worst at single-molecule PAIR anal-
ysis, likely because of a reduced ability to MaP through
highly modified RNAs. We note that our analyses were lim-
ited to published MaP protocols and speculate that opti-



mization of MaP in the context of four-base DMS-MaP
may yield even further improvements in data quality.

Four-base DMS-MaP is also built on the insight that
MaP enzymes can simultancously encode distinct types of
chemical information via different mutational signatures.
DMS modifies G nucleotides at two positions (59): The
bulk of modifications occur at the N7 position, which do
not report on Watson-Crick pairing, whereas only a minor-
ity of modifications occur at the informative N! position.
Consistent with other studies (60), our analysis indicates
that Marathon (and to a lesser degree other reverse tran-
scriptases) selectively decode N7-G modifications as G— A
mismatches, allowing us to discriminate N'-G modifica-
tions and measure G pairing status with high fidelity. While
not the focus of our current study, DMS N’-G modifica-
tions can provide information about RNA tertiary struc-
ture and G-quadruplexes (27,60,61), and further investigat-
ing the value of N7-G reactivity is a compelling area of fu-
ture research. More generally, using mutation signatures to
decode multiple coexisting modification signals represents
a powerful paradigm for improving chemical probing anal-
ysis.

Our finding that four-base DMS-MaP typically conveys
greater structural information than SHAPE-MaP is sur-
prising. SHAPE chemistry holistically and unbiasedly mea-
sures nucleotide flexibility at the 2’ OH (62), but this holistic
measure may come with the tradeoff of reduced specificity
for Watson-Crick pairing compared to direct nucleobase
probing by DMS. Reverse transcriptases may also decode
2" OH SHAPE modifications with lower fidelity. Neverthe-
less, we emphasize that the performance gap between four-
base DMS and SHAPE experiments is subtle, with both
strategies performing well for most RNAs. SHAPE reagents
also offer important benefits, including that they are gen-
erally less cytotoxic than DMS, are better suited for prob-
ing RNAs with modified bases, and, as noted above, holis-
tically measure nucleotide flexibility. SHAPE reagents can
further be used to probe all four nucleobases under single-
hit reaction conditions, whereas four-base DMS probing
of U, and especially G, nucleobases requires high overall
modification rates. We also note that unlike for DMS, we
made no attempt to optimize SHAPE-MaP. For example,
SHAPE-specific data processing algorithms may enable im-
proved PAIR analysis on SHAPE datasets. More generally,
we believe that systematic efforts to improve MaP reverse-
transcription and bioinformatics protocols such as we pur-
sued here for DMS will drive further increases in SHAPE
probing resolution and accuracy.

Ultimately, our analysis demonstrates how improved
chemical probing data can support further advances in
RNA structure determination accuracy. The increased
structural information provided by four-base DMS reactiv-
ities combined with PAIR correlation data is sufficient to
guide in-cell structure modeling to > 90% average accuracy
for even very difficult targets such as tmRNA. Modeling ac-
curacy is lower for rRNAs, but ribosomes are clearly excep-
tional cases with atypically high protein protections. Mod-
eling accuracy is also reduced for human RNase P; follow-
up analysis revealed that prediction accuracy was low even
when using simulated ‘perfect’ data (Supplementary Fig-
ure S12), indicating that pseudoknot modeling algorithms
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remain imperfect. Combining four-base DMS-MaP with
new statistical-learning strategies (63) represents one of sev-
eral potential avenues for further improving modeling ac-
curacy. Moving forward, we expect that focus will increas-
ingly turn to the more difficult problem of modeling RNAs
with heterogenous structures. Importantly, four-base DMS-
MaP is fully compatible with emerging ensemble deconvo-
lution analysis (11-14). We anticipate that the greater infor-
mation provided by four-base DMS-MaP will help propel
further advances in modeling and understanding complex
RNA systems.
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