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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
anal yses. Ho we ver, DMS has traditionall y onl y been
able to probe adenine and c ytosine n ucleobases.
We pre viousl y sho wed that, using appropriate con-
ditions, DMS can also be used to interrogate base-
pairing of uracil and guanines in vitro at reduced
accuracy. Ho we ver, DMS remained unable to inf or -
matively probe guanines in cells. Here, we develop
an impr o ved DMS m utational pr ofiling (MaP) strat-
egy that leverages the unique mutational signature of
N 

1 -methylguanine DMS modifications to enable high-
fidelity structure probing at all f our nuc leotides, in-
cluding in cells. Using information theory, we show
that f our -base DMS reactivities convey greater struc-
tural information than current two-base DMS and
SHAPE pr obing strategies. Four -base DMS experi-
ments further enable impr o ved direct base-pair de-
tection by single-molecule PAIR analysis, and ulti-
mately support RNA structure modeling at superior
accuracy. Four -base DMS pr obing experiments are
straightf orwar d to perf orm and will br oadly facilitate
impr o ved RNA structural analysis in living cells. 
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GRAPHICAL ABSTRACT 

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
interro gating RN A structur e ar e chemical probing exper-
iments ( 2–4 ). These experiments, which can be performed
both in vitro and in cells, use small molecule chemical
reagents to selecti v ely modify fle xib le 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 correla ted modifica tion e v ents, 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 RN A biolo gy ( 15–22 ), and
increasingly serve as foundational technologies for RNA
thony.mustoe@bcm.edu 
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unctional characterization and therapeutic de v elopment 
 19 , 23–26 ). 

Numerous strategies utilizing di v erse chemical reagents 
av e been de v eloped to probe different aspects of RNA 

tructure ( 4 ). The oldest and still one of the most used prob-
ng reagents is dimethyl sulfate (DMS) ( 27 ). DMS methy- 
a tes the Wa tson-Crick face of single-stranded adenine (A) 
nd cytosine (C) nucleobases at the N1 and N3 positions, 
especti v el y. DMS is readil y cell permeable and can be used
o achie v e high le v els of modification, which is essential 
or single-molecule probing applications. Howe v er, the in- 
bility of DMS to probe uracil (U) and guanine (G) bases 
as r epr esented a key limitation. We r ecently showed that 
ildly alkaline conditions enable DMS to effectively probe 
 structure ( 8 ). These conditions also support probing of G 

tructure in vitro at lower but still useful accuracy. Howe v er, 
MS remained unable to probe G structure in cells. Prob- 

ng G is particularly desirable because of the outsized role 
 nucleotides play in stabilizing RNA structure. Alternati v e 

hemical reagents permit probing of G and U ( 28–30 ), and 

HAPE (selecti v e 2 

′ -hydroxyl acylation analyzed by primer 
xtension) reagents support probing of all four bases ( 31– 

4 ), but to date these reagents have proven less amenable for 
ingle-molecule analyses. Enabling robust DMS probing at 
ll four bases has the potential to br oadly impr ove both per- 
ucleotide and single-molecule RNA structural analysis. 
A seminal advance in chemical probing technology 

as been the de v elopment of mutational profiling (MaP) 
 10 , 35 ). MaP uses specialized re v erse transcription proto- 
ols to read through and encode chemical modifications as 
utations in cDNA, which can then be measured via high- 

hroughput sequencing. Compared to alternati v e strategies, 
aP permits precise quantitation of e v en rare modification 

 v ents. Critically, MaP also permits measurement of mul- 
iple modifications per individual molecule, enabling de- 
ection of the correlated modification e v ents that underpin 

ingle-molecule probing strategies ( 7 ). MaP may also enable 
istinguishment between different chemical modifications 
ha t genera te distinct muta tional signa tures, although this 
pplication is relati v ely une xplored. 

In recent years, multiple re v erse transcriptase enzymes 
ave been adapted f or perf orming DMS-MaP experiments. 
- and U-sensiti v e DMS probing and most single-molecule 

robing analyses have relied on a relaxed-fidelity Super- 
cript II (SSII) re v erse-transcription protocol ( 8 , 10 , 11 ).
ewer MaP protocols that use T GIRT-III (T GIRT) and 

ar athonRT (Mar athon) re v erse transcriptase hav e been 

eported to be more processi v e and e xhibit lower back- 
r ound err or rates ( 36–38 ). Howe v er, these enzymes hav e
ot been evaluated for their ability to measure DMS mod- 

fica tions a t G and U nucleotides, nor for their ability to 

upport direct base pair detection via single-molecule cor- 
elation analysis. 

In this work, we sought to evaluate different MaP pro- 
ocols for their ability to support DMS probing at all four 
ases. Strikingl y, our anal yses re v ealed that re v erse tran-
criptases decode DMS-induced N 

1 -methylguanine and 

 

7 -methylguanine chemical modifications via distinct mu- 
a tional signa tures. Le v eraging this discov ery, we de v elop
 new strategy that solves prior limitations to enable high- 
delity DMS probing at all four nucleotides in cells. Four- 
ase DMS-MaP conveys more information than other com- 
ar able structur al probing experiments, facilitates more 
ensiti v e single-molecule analysis, and ultimately enables 
mproved RNA structural modeling, r epr esenting an all-in- 
ne strategy for complete RNA structural analysis. 

ATERIALS AND METHODS 

robing of HEK293 cells 

MS probing. Human HEK293 cells (ATCC; CRL-1573) 
ere maintained in DMEM supplemented with 10% FBS 

nd 100 U / ml Pen / Strep at 37 

◦C and 5% CO 2 . ∼1 × 10 

6 

ells were seeded in a 6 cm culture dish and grown to ∼75% 

onfluency. Prior to DMS treatment, media was exchanged 

ith 2.8 ml fresh media, followed by addition of 800 �l of 
 M bicine (pH 8.3 a t room tempera ture), 1 M sodium ca-
od yla te (pH 7.2), or nuclease-free water, and equilibrated 

or 3 min at 22 

◦C. Cells were modified by adding 400 �l 
f 1.7 M DMS solution in ethanol (or 100% ethanol for 
ontrol reactions) and incubating at 37 

◦C for 6 min. Reac- 
ions were quenched by addition of 4 ml ice-cold 20% 2- 
ercaptoethanol (v ol / v ol in PBS). Cells were scraped and 

elleted by centrifugation at 1000 g for 5 min at 4 

◦C, fol-
owed by RNA extraction with 1 ml TRIzol reagent (Ther- 

oFisher). Genomic DNA was removed by addition of 6 

 of TURBO DNase (Ambion) and incubation at 37 

◦C 

or 45 min. RNA then was purified (RNA Clean & Con- 
entrator, Zymo), quality assessed by Ta peStation anal ysis 
Agilent), and concentration quantified by UV absorbance 
NanoDrop, ThermoFisher). 

A3 probing. Probing was done as described by Mari- 
us et al. ( 34 ). HEK293 cells were maintained as described 

bove. Prior to 2A3 treatment, media was removed, cells 
ashed with 1 × PBS, followed by addition of 1 ml trypsin 

nd 2 min incubation at 37 

◦C to detach cells from the dish. 
rypsin was neutralized by 2 ml of media and cells pelleted 

y centrifuga tion a t 1000 g for 5 min a t 22 

◦C . The cell pellet
as resuspended in 90 �l of PBS. 10 �l of 1 M 2A3 (Tocris
ioscience) was added to the cells followed by 15 min incu- 
a tion a t 37 

◦C with occasional tapping to mix. 2A3 reac- 
ions were quenched by addition of 100 ml of ice-cold 20% 

-merca ptoethanol. RN A then was extracted as described 

bove. 

MS probing of E. coli RNA 

ell-fr ee experiments . Cell-free DMS probing of E. coli K- 
2 MG1655 total RNA was performed as previously de- 
cribed ( 8 ). 148 ml LB was inoculated with 2 ml of an
vernight culture and grown at 37 

◦C until OD 600 ≈0.5. 
6.65 ml of 187.5 �g / ml rifampicin was added followed by 

ncubation for 20 min at 37 

◦C to chase assembly of RNA- 
rotein complexes ( 39 ). Cells were pelleted and resuspended 

n 32 ml of lysis buffer [15 mM Tris–HCl (pH 8), 450 mM 

ucrose, 8 mM EDTA (pH 8)], followed by addition of 1.28 

l of 1 mg / ml lysozyme, and 10 min incubation on ice. To-
al RNA was extracted by 3 × phenol / chloroform / isoamyl 
lcohol (PCA) extraction, 3 × chloroform extraction, and 

xchange into 1 × bicine folding buffer [200 mM bicine (pH 

.3 at room temperature), 200 mM potassium acetate, 5 mM 
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MgCl 2 ]. 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 a t 37 

◦C . Ten volumes of ice-cold
20% 2-mercaptoethanol was added to quench reactions, fol-
lowed by purification (RNeasy 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 1 ×
bicine folding buffer [200 mM bicine (pH 8.3 at room tem-
perature), 200 mM potassium acetate, 5 mM MgCl 2 ]. For
e xperiments using alternati v e e xtracellular buffers, pH 8.3
bicine buffer was replaced with 200 mM pH 7.2 sodium ca-
cod yla te, 200 mM bicine pH 8, or 200 mM bicine pH 9 (all
pr epar ed 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 1mg / 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 (RNeasy Midi, Qiagen). 

Reverse transcription 

Four different mutational profiling (MaP) re v erse transcrip-
tion (RT) protocols were evaluated, which we refer to by
the RT enzyme used: Superscript II (SSII) ( 8 ), MarathonRT
(Marathon) ( 37 ), T GIRT-III (T GIRT) ( 36 ) and e volv ed
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
wer e r e v erse 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 �l of 10 mM dNTPs and 1 �l of either 2 �M spe-
cific primer or 200 ng / �l random 9-mer was added to 1–2
�g RNA in a total volume of 10 �l and incubated at 65 

◦C
for 10 min followed by 4 

◦C for 2 min. Subsequently, 9 �l of
SSII MaP buffer [final concentration 50 mM Tris–HCl (pH
8), 75 mM KCl, 6 mM MnCl 2 , 1 M betaine, 10 mM DTT]
was added to the solution, followed by 1 �l of SSII (Invit-
rogen). The reaction was then incubated according to the
temper ature progr am: 25 

◦C for 10 min, 42 

◦C for 90 min,
10 × [50 

◦C for 2 min, 42 

◦C for 2 min], 72 

◦C for 10 min.
Some r eactions wer e also performed using 2 �l of 10 mM
dNTPs, with a total step 1 volume of 11 �l, which had no
appreciable impact on results. 

Marathon. 1 or 2 �l of 10 mM dNTPs and 1 �l of either 2
�M specific primer or 200 ng / �l random 9-mer was added
to 1–2 �g extracted RNA in a total volume of 5.8 �l and
incuba ted a t 65 

◦C f or 10 min f ollowed by 4 

◦C f or 2 min. Af-
terward, 12.2 �l of Marathon MaP buffer [final concentra-
tion 50 mM Tris–HCl (pH 8.3), 200 mM KCl, 5 mM DTT, 1
mM MnCl 2 , 20% glycerol] and 2 �l 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 or 2 �l of 10 mM dNTPs and 1 �l of either 2
�M specific primer or 200 ng / �l random 9-mer was added
to 1–2 �g RNA in a total volume of 11 �l and incubated at
65 

◦C for 10 min followed by 4 

◦C for 2 min. 8 �l of TGIRT-
III RT buf fer [final concentra tion 50 mM Tris–HCl (pH
8.3), 75 mM KCl, and 3 mM MgCl 2 ] and 1 �l TGIRT-III
(InGex) were added to the solution, followed by incubation
at 60 

◦C for 2 h. 

eHIV. 1 �l of 10 mM dNTPs and 1 �l of 5 �M specific
primer was added to 7 �l containing 2 �g of RNA and in-
cuba ted a t 70 

◦C for 2 min followed by 4 

◦C for 2 min. 9 �l
of 5 × eHIV RT buf fer [final concentra tion 200 mM Tris–
HCl (pH 8.3), 400 mM KCl, 20 mM MgCl 2 ] and 2 �l of
eHIV enzyme were added to the solution. The reaction was
then incuba ted a t 42 

◦C f or 3 h f ollowed by 95 

◦C f or 1 min.
The eHIV enzyme was expressed and purified from pET30-
RT1306 (gift from Bryan Dickinson; Addgene plasmid #
131521) following published protocols ( 40 ). 

Libr ary pr epar ation 

Small RNAs. Libraries were prepared using a two-step
PCR strategy (Supplementary Table S3) ( 6 , 8 ). 1 �l 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 r atio. Libr aries were sequenced on an Illumina
MiSeq instrument using either 2 × 250 (v2 chemistry) or
2 × 300 (v3 chemistry) paired-end sequencing (Supplemen-
tary Table S4). 

rRNAs. Libraries from randomly primed total RNA were
pr epar ed 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 DN A (dsDN A) by NEBNext second-strand syn-
thesis module (New England Biolabs) using a 2 h incuba-
tion a t 16 

◦C . dsDNA was purified and size selected using
ma gnetic beads (Ma g-Bind Total Pure NGS, Omega Bio-
Tek) using a 0.65 × bead r atio. Libr aries 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 ×
bead r atio. Libr aries were sequenced on an Illumina MiSeq
instrument using 2 × 300 paired-end sequencing (v3 chem-
istry) (Supplementary Table S4). 
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utation signature analysis 

MRP and RNase P pr obing data were initially pr o- 
essed using ShapeMapper 2.1.5 with the – output-counted- 
utations flag to tabulate mutation types observed at each 

equence position. Area under the recei v er operating char- 
cteristic curves (AUROC) were calculated with Scikit- 
earn (0.24.1) in Python using background-subtracted mu- 

a tion ra tes with pairing sta tus of each position deri v ed
rom known r efer ence structur es ( 41–45 ). To identify the
 muta tion signa ture filter , A UROC was calculated for 

ll possible combinations of m utation types, w hich re- 
ealed that including only G-to-C and G-to-T substitutions 
ielded the highest AUROC for all enzymes. 

hapeMapper 2.2 

uilding on our mutation signature analysis, we incor- 
orated se v eral ne w features into ShapeMapper to au- 
omate four-base DMS-MaP processing. This ne w v er- 
ion of ShapeMapper (v2.2) is available for download 

t https://github.com/Weeks-UNC/sha pema pper2 . DMS- 
pecific processing is invoked using the –dms flag. 

utation signature filtering. G-to-A single-nucleotide 
isma tches, G multi-nucleotide misma tches and insertions 

nd deletions at all nucleotides are ignored (set internally to 

no data’). 

MS reactivity normalization. Because four-base DMS 

odifica tion ra tes vary significantly based on nucleotide 
dentity, r eactivities ar e normalized on a nucleotide-specific 
asis. The DMS modification rate is calculated as the differ- 
nce between the modified and untreated mutation rates, or 
imply as the modified mutation rate if no untreated sample 
s provided. Normalization factors for each nucleotide type 
 are computed as 

N n = max 

{ 〈 r n 〉 [ P 90 , P 95 ] , P 75 ( r n > 0 . 001 ) 
}

here 〈 r n 〉 [ P 90 , P 95 ] denotes the mean of 90th–95th percentile 
odifica tion ra tes, and P 75 ( r n > 0 . 001 ) denotes the 75th 

ercentile of modification rates > 0.001. This scheme is 
ore robust for RNAs such as the ribosome where most 

ucleotides ar e unr eacti v e. Final normalized reacti vities are 
hen obtained by dividing the modification rate by the 
ucleotide-specific normalization factor. The normalized 

 eactivities ar e output dir ectly as text files with the suffix 

dms . 

inal data processing 

our-base DMS probing data were processed using 

hapeMapper 2.2 with the – dms and – output-parsed- 
utations options. Amplicon libraries from small RNAs 
ere processed using the – amplicon option, and total RNA 

rRNA) libraries were processed using the – random-primer- 
en 9 flag. Unfiltered (standard DMS) and 2A3 data were 
rocessed using ShapeMapper 2.2 without the – dms flag. 

xpected structural information 

nspired by metrics for quantifying sequence information 

ontent ( 46 ), we de v eloped the Expected Structural Infor- 
ation (ESI) metric to intuiti v ely quantify the total infor- 
ation provided by a probing experiment. Each nucleotide 

an adopt two possible structural states: base-paired ( b ) or 
npaired ( u ). In the absence of any probing data, we assume 
ach nucleotide has an equal probability of being paired or 
npaired ( p ( b) = p ( u ) = 0 . 5 ). A reactivity measurement
 r i ) reduces the structural uncertainty, which can be quan- 
ified as 

SI ( r i ) = H ( s i | ∅ ) − H ( s i | r i ) = 1 − H ( s i | r i ) 
here SI ( r i ) denotes the structural inf ormation con veyed 

y reactivity r i , and H ( s i ) denotes the Shannon entropy of 
osition i : 

H ( s i | r i ) = −
∑ 

s∈ { b,u } 
p ( s | r i ) lo g 2 p( s | r i ) 

If r i conveys no information, p ( b | r i ) = p ( u | r i ) = 0 . 5
nd SI ( r i ) = 0 . Alternati v ely, if r i conv eys perfect infor-
ation, then p ( b | r i ) = 1 or p ( u | r i ) = 1 and SI ( r i ) =

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

p ( b | r i ) = 

ˆ p ( r i | b ) 
ˆ p ( r i | b ) + ˆ p ( r i | u ) 

; p ( u | r i ) = 1 − p ( b | r i

The distributions ˆ p ( r i | b ) and ˆ p ( r i | u ) are estimated by 

tting the paired and unpaired reactivity data for each nu- 
leotide type to double-gamma mixture models. The ex- 
ected structural information (ESI) is then obtained as the 
v erage ov er all nucleotides n in the molecule (excluding 

rimer binding sites and other positions with low-quality 

ata): 

ESI = 

1 

n 

n ∑ 

i = 1 

SI ( r i ) 

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

AIR-MaP analysis 

e incorporated se v eral minor updates to PairMapper 
nalysis to maximize performance on four-base DMS 

atasets. PairMapper previously required nucleotide win- 
ows to have a minimum of 50 co-modification e v ents to 

e considered for PAIR correlation analysis ( 8 ). We reeval- 
a ted this co-modifica tion threshold across the range of 
–50, finding optimal performance with co-modification 

ount cutoff of 10. We also updated the reactivity thresh- 
lds for primary and secondary PAIRs to 0.2 and 0.4, re- 
pecti v ely. 

Positi v e predicti v e value (ppv) and PAIR-MaP sensiti vity 

sens) were computed relati v e to accepted reference struc- 
ures as previously described ( 8 ). RNA regions lacking 

MS data were excluded from ppv and sens calculations. 

tructure modeling 

our-base DMS pseudo-energy parameterization. We 
ollowed a previously described strategy ( 8 , 47 ) to derive 

https://github.com/Weeks-UNC/shapemapper2
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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
unpair ed bases wer e fit using a double gamma mixture to
normalized four-base DMS data collected on the cell-free
E. coli 23S rRNA. These 23S rRNA deri v ed 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 reacti v e 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 iterati v e ShapeKnots folding to enable
modeling of multiple pseudoknots ( 8 , 49 ). foldPK.py , the au-
toma ted script tha t facilita tes this itera ti v e folding strategy,
is available for download at https://github.com/MustoeLab/
StructureAnal ysisTools . Folding of rRN As 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 r estraints wer e 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 positi v e predicti v e
value (ppv) and sensitivity (sens) of modeled structures were
computed relati v e to accepted r efer ence structur es as pr evi-
ously described ( 8 ), using all Watson Crick and GU pairs
allowing for one-position register shifts and ignoring single-
ton pairs. Accepted r efer ence structur es wer e obtained from
refs ( 41–45 ). Modifications to tmRNA and RMRP struc-
tur es wer e included as pr eviously 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 modifica tions a t all nucleotides, we genera ted
MaP datasets from identical DMS-probed RNA inputs us-
ing published SSII ( 8 ), TGIRT ( 36 ), and Marathon ( 37 )
MaP protocols (Figure 1 A). We additionally evaluated an
HIV-1 re v erse transcriptase that was e volv ed to MaP N 

1 -
methyladenosine modifications (eHIV) ( 40 ), which has not
been previously tested on DMS modified samples. DMS
probing experiments were performed in duplicate on living
HEK293 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 RN As, w hich adopt well-defined,

known structures.  
Consistent with prior studies ( 36 , 37 ), analysis of un-
treated control samples re v ealed 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 × 10 

−4 for SSII, Marathon, and TGIRT
respecti v ely), SSII samples feature significantly more posi-
tions with high background rates (95th percentiles of 0.02,
0.008, 0.005, respecti v ely) (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-subtr acted DMS modification r ates 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
a pproximatel y 5-fold less reacti v e than A and Cs (Fig-
ur e 1 C). U r eactivities also vary mor e in SSII samples
compared to Marathon and TGIRT, reflecti v e of greater
background noise in SSII samples. SSII and Marathon
consistently measure higher modification rates compared
to TGIRT (Figure 1 B, 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%, respecti v ely;
Supplementary Figure S1C). Nonetheless, each enzyme is
similar ly accur a te a t distinguishing single-stranded versus
base-pair ed nucleotides (ar ea under the r ecei v er operating
characteristic curve [AUROC] ≈0.79 for A; ≈0.93 for C;
≈0.83 for U; Figure 1D; Supplementary Table S1). These
da ta corrobora te our prior observa tion ( 8 ) tha t DMS is
a highly specific probe of U pairing status and validate
that all established MaP protocols r eliably measur e 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 trea tment, indica ting tha t DMS is modifying G bases
(Figure 1 C). Howe v er, these modifica tions occur a t similar
rates in both single-stranded and base-paired nucleotides.
Surprisingly, G r eactivity measur ements vary 10-fold across
MaP protocols, with SSII, Marathon, and TGIRT report-
ing median modification rates of 0.002, 0.007 and 8 × 10 

−4 ,
respecti v ely. Despite yielding the lowest overall modifica-
tion rates, TGIRT does identify se v eral highly reacti v e
single-stranded Gs, but not with sufficient sensitivity to be
useful. Thus, consistent with our prior studies ( 8 ), existing
DMS pr obing pr otocols 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 N 

7 posi-
tion with minimal dependence on Watson-Crick pairing
sta tus; a t much lower ra tes, DMS can methyla te single-
stranded, deprotonated G nucleobases at the N 

1 position.
While re v erse-tr anscriptases are gener ally considered to be

https://github.com/MustoeLab/StructureAnalysisTools
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Figure 1. Comparison of different MaP protocols for measuring DMS modifica tions a t all four RNA bases. ( A ) Experimental scheme for in-cell DMS 
probing, re v erse 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 < 10 −2 (indicated by thick axis) and logarithmic scale for values > 10 −2 (thin axis). ( D ) Recei v er oper ator char acteristic (ROC) curves quantifying 
ability of DMS reactivity to discriminate single-stranded versus base-paired nucleotides in RMRP and RNase P. 

i
M
i  

t
r
e

t
M
c

o
d
m
w
s
m
h
t
c
o

nsensiti v e to N 

7 -G modifications, we hypothesized that 
aP may detect these modifications at low rates, convolut- 

ng an y inf ormati v e N 

1 -G signal in DMS-MaP data. Fur-
her, we hypothesized that the differences in G modification 

ates measured by alternati v e MaP protocols reflect differ- 
nces in N 

7 -G detection efficiency. 
To explore these hypotheses, we more closely analyzed 

he G muta tional signa tures yielded by each enzyme. DMS- 
aP anal ysis traditionall y considers all mutation types as 

onv eying equi valent information. Strikingly, howe v er, we 
bserved major differences in the structural specificity of 
if ferent muta tion types. The eleva ted G modifica tion ra te 
easured by Marathon is dri v en by G → A substitutions, 
hich occur at equivalent frequencies (median ≈ 0.005) in 

ingle-stranded and paired nucleotides (Figure 2A; Supple- 
entary Figure S2). SSII and TGIRT datasets similarly ex- 

ibit a surplus of structurally non-specific G → A substitu- 
ions, although at lower frequencies (median < 0.001). By 

ontrast, DMS-dependent G → C and G → T substitutions 
ccur almost e xclusi v ely in single-stranded nucleotides for 
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Figure 2. Mutation signature filtering enables high-fidelity DMS probing of G base-pairing status. ( A ) G-specific mutation spectrums for in-cell probed 
RMRP and RNase P generated by SSII (green), Marathon (blue), and TGIRT (orange). Rates are shown separately for base-paired (filled) and single- 
stranded (open) G nucleotides. The y axis has a linear scale < 10 −2 (indicated by thick line) and logarithmic scale for values > 10 −2 (thin line). ( B ) Mutation 
rates (top) and percentage of detected mutations (bottom) measured by Marathon MaP for naturally-occurring N 

1 -G and N 

7 -G modifications in untreated 
E. coli and human rRNA. ( C ) ROC curves for muta tion-signa tur e-filter ed G r eacti vities for in-cell probed RMRP and RNase P. Curv es generated without 
mutation filtering for each enzyme are shown in gr ay. ( D ) Aver age AUROC across all probed RNAs quantifying the ability of muta tion-signa tur e-filter ed 
DMS reactivities to discriminate pairing status at each nucleotide. The best performing enzyme, Marathon, is boxed. See Supplementary Table S1 for the 
complete list of probed RNAs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

all three enzymes (Figure 2 A). Thus, our DMS data are
consistent with MaP measuring N 

7 -G modifications specif-
ically as G → A substitutions, whereas structurally informa-
ti v e N 

1 -G modifications are decoded as G → C and G → T
substitutions. 

To validate this mutational signature, we used MaP to
measure natural N 

1 -G and N 

7 -G modifications in untreated
E. coli and human ribosomal RNAs ( 50 , 51 ). Consistent
with our DMS data, N 

7 -G modifications are detected by
Marathon with low efficiency (1–3%), but overw helmingl y
as G → A substitutions ( > 90% of mutations) (Figure 2 B).
By comparison, the natural ribosomal N 

1 -G modification
is read out with high efficiency (65%) as a mixture of G → C
and G → T substitutions (89% of mutations) (Figure 2 B).
Similar results were also observed for SSII (Supplementary
Figure S3). Together, these data confirm that MaP decodes
N 

1 -G and N 

7 -G modifica tions via distinct muta tional sig-
natures. We can also extrapolate from the detection efficien-
cies of natural modifications to estimate the DMS modifi-
ca tion ra tes of N 

7 -G and N 

1 -G in our experiments; we es-
timate a mean modification rate of 0.2 − 0.8 for N 

7 -G and
∼0.001 for N 

1 -G, compared to ∼0.02 for A and C and 0.006
for U calculated across both paired and single-stranded nu-
cleotides. 

Le v eraging this mutational signature, we implemented a
refined bioinformatics pipeline within ShapeMapper ( 52 )
that filters out G → A substitutions and other uninforma-
ti v e 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 thr ee r e v erse-transcriptase enzymes (Figure 2 C). 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 di v erse
systems (Supplementary Table S1). Marathon consistently
yielded superior AUROC at G nucleotides (Figure 2 D, Sup-
plementary Table S1), leading us to select it as the optimal
re v erse transcriptase for DMS-MaP experiments. This im-
proved strategy also reduced the importance of background
muta tion ra te subtraction (Supplementary Figure S4), al-
though the use of an untreated control still offers minor in-
creases in probing accur acy. Over all, we conclude mutation-
signature filtering enables r obust DMS pr ofiling 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
modifica tions a t U and G r equir es transient deprotonation
of N 

1 -G and N 

3 -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 ). Howe v er, the e xtent 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 ther efor e
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-
cod yla te buf fer); and across the bicine buf fering range (pH
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A

C D

B

Figure 3. Four-base DMS-MaP depends strongly on extracellular buffer- 
ing. ( A, B ) Mean DMS modification rates measured by Marathon MaP for 
single-stranded A, C, G, and U nucleobases for E. coli tmRNA and human 
RMRP probed in cells using different extracellular buffers. G → A substi- 
tutions, which are filtered out by muta tion-signa ture-filtering, are shown in 
gray. ( C, D ) Corresponding AUROC values for E. coli tmRNA and human 
RMRP quantifying the ability of DMS reactivities to discriminate pairing 
sta tus. All da ta points r epr esent the mean of two independent biological 
replicates, with vertical bars indicating standard error. Lines are drawn be- 
tween points to guide the eye. 
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.7, pH 8.0, and pH 8.7). Both U and N 

1 -G modification 

ates strongly depend on extracellular buffering, increasing 

10-fold at pH 8 compared to unbuffered conditions (Fig- 
re 3 A, B). Interestingly, the reactivity rate of U and N 

1 -G
lateaus above pH 8 in E. coli , suggesting that bacterial cells 
 uffer a gainst major deviations from pH neutrality. The in- 
rease in G and U modification rate coincides with a sig- 
ificant increase in AUROC (from mean 0.76 to 0.91 for 
, and 0.43 to 0.72 for G, respecti v ely; Figure 3 C, D). By

ontrast, minimal changes in mutation rate or AUROC are 
bserved at A or C nucleotides. The rate of N 

7 -G modifi- 
ations , measured by G → A substitutions , also minimally 

hanges with pH (Figure 3 A, B). Thus, these data estab- 
ish that extracellular pH –– whether it is acidic due to DMS- 
nduced acidification in the absence of buffer ( 10 ), neutral, 
r basic –– modulates DMS reactivity in cells and emphasize 
hat proper buffering is essential for four-base DMS prob- 
ng. These data also provide further support for the depro- 
onation mechanism of DMS modification at N 

1 -G and N 

3 - 
. 

 our-base DMS conv e ys greater information than compara- 
le probing experiments 

o facilitate structural analysis, we implemented a strat- 
gy to correct for differences in DMS modification rates 
cross bases and normalize reactivities to a common 0 to 

1 scale, denoting unreacti v e and reacti v e nucleotides, re- 
pecti v ely (Methods). Consistent with the AUROC analysis 
bove, these normalized four-base DMS reactivities provide 
 precise map of RNA structure in cells with significantly in- 
r eased r esolution compar ed to traditional DMS data (Fig- 
re 4 A). 
We sought to understand how four-base DMS reactivity 

ata compare to SHAPE data, which r epr esent the gold- 
tandard for measuring structure at all four nucleotides 
 35 ). Prior in vitro studies have suggested that DMS and 

HAPE data can convey similar amounts of structural in- 
ormation ( 8 , 47 ), but direct comparisons of in-cell DMS 

nd SHAPE data are lacking. Recently, 2A3 was introduced 

s an improved SHAPE reagent for in-cell structure prob- 
ng, and high-quality 2A3 datasets are available for human 

nd E. coli ribosomal RN As (rRN As) and E. coli tmRNA 

 34 ). We also collected our own 2A3 SHAPE-MaP data for 
MRP and RNase P in HEK293 cells (Supplementary Fig- 
re S5). We note that we relied on published SHAPE pro- 
ocols without pursuing further optimizations. Visual anal- 
sis indicates that SHAPE and four-base DMS reactivity 

rofiles are qualitati v ely similar, although DMS provides a 

ore binary measure of structure compared to a more con- 
inuous measure provided by SHAPE (Figure 4 A). Four- 
ase DMS data also typically yield modestly higher AU- 
OC than SHAPE da ta (Figure 4 C , Supplementary Figure 
6). 
Prompted by the differences observed between SHAPE 

nd DMS data, we sought to de v elop a better analytic 
rame wor k for e valua ting the informa tion conveyed by 

robing experiments. AUROC quantifies how well reac- 
ivity data perform as a binary classifier of a nucleobase 
eing paired versus single-stranded, but this does not re- 
ect how reactivity data are normally interpreted. For most 
pplica tions, da ta ar e interpr eted probabilistically: gi v en 

 measur ed r eactivity, wha t is the probability tha t a base
s paired versus unpaired? These probabilities are repre- 
ented by the pair ed / unpair ed likelihood ratio function, 
ith more extreme likelihoods indicating greater informa- 

ion content ( 55 ). The DMS likelihood ratio function is 
or e extr eme for A, C and U nucleotides, indica ting tha t
MS conveys more structural information at these nu- 

leotides, whereas SHAPE conveys more information at G 

Figure 4 B). To quantify these differences, we de v eloped a 

ew metric termed expected structural information (ESI) 
hat measures the total per-base information conveyed by 

 probing experiment (see Materials and Methods). ESI 
as units of bits and ranges between 0 (no information) 
o 1 (perfect specification of pair ed / unpair ed status for all 
ucleotides) (Supplementary Figure S7). SHAPE experi- 
ents provide an average of 0.25 bits of ESI, whereas four- 

ase DMS data convey an average of 0.35 bits (Figure 4 C; 
upplementary Figure S6), supporting that four-base DMS 

rovides a more deterministic measure of base-pairing. By 

omparison, two-base DMS data only convey an average of 
.23 bits of ESI, less than SHAPE (Figure 4 C). Together, 
hese analyses indicate that four-base DMS experiments 
ypically provide more structural information than other 
idely used probing strategies. 

our-base DMS-MaP enables improved direct base-pair de- 
ection from single-molecule PAIR analysis 

n addition to providing a per-nucleotide readout of base- 
airing status, DMS probing data can be analyzed at the 
ingle-molecule le v el to identify nucleotides that undergo 

orrela ted modifica tion. PAIR analysis ( 8 ) is a powerful 
trategy for detecting RNA duplexes from single-molecule 
robing data, and significantly improves the confidence and 
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Figure 4. Four-base DMS-MaP conveys more structural information than other probing strategies. ( A ) Normalized reactivity profiles for in-cell probed 
RMRP gi v en by SHAPE-MaP (top), traditional DMS-MaP (SSII; no muta tion-signa ture filtering) considering only A and C nucleotides (upper middle) 
or all nucleotides (lower middle), or four-base DMS-MaP (bottom). Base pairing interactions in the accepted structur e ar e shown using gray shading and 
ar cs. ( B ) Unpair ed / pair ed likelihood ratios for SHAPE and four-base DMS-MaP reactivities measured on cell-free probed E. coli 16S and 23S rRNA. A 

likelihood ratio of 1 indicates that a base has equal probability of being paired or unpaired gi v en the measured reactivity. Likelihood ratios are shown for 
each nucleotide for four-base DMS-MaP and are aggregated for all nucleotides for SHAPE. ( C ) Comparison of AUROC (top) and expected structural 
information (ESI; bottom) for four-base DMS-MaP and SHAPE-MaP across a di v erse panel of RNAs. 2A3 SHAPE data for human rRNAs, and E. coli 
rRNAs and tmRNA were taken from ( 34 ). AUROC and ESI values were also calculated for only A and C DMS r eactivities, r epr esenting what is obtained 
by traditional two-base DMS probing experiments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

accur acy of structur al analysis. We hypothesized that the
improved specificity of four-base DMS-MaP would also
benefit P AIR analysis. Indeed, P AIR analysis applied to
four-base DMS-MaP data significantly outperformed anal-
ysis of traditional DMS-MaP data (SSII without mutation-
signature filtering): the positi v e predicti v e value (ppv) of
PAIR corr elations incr eased from 0.73 to 0.84, and sensitiv-
ity (sens) increased from 0.18 to 0.31, respecti v ely) (Figure
5 A,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 r equir ed for DMS-MaP ( 8 )) (Figur e 5 C). 

Surprisingl y, PAIR anal ysis 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-
ti v e’ PAIRs observ ed in cell-free rRNA samples likely corre-
spond to ‘real’ non-nati v e 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 e xperiments, suggesti v e of
cryptic re v erse-transcription dif ferences tha t impact detec-
tion of N 

7 -G modifications and reduce PAIR performance
(Supplementary Figure S10). Muta tion-signa ture filtering
of SSII DMS-MaP data improved PAIR performance, but
still underperformed Mara thon DMS-MaP da ta (Supple-
mentary Figures S8 and S11). 

We also performed PAIR analysis on four-base DMS-
MaP datasets collected using TGIRT re v erse-transcriptase.
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Figure 5. Four-base DMS probing improves single-molecule direct base-pair detection. ( A ) PAIR analysis performed on in-cell probed RMRP using 
traditional DMS-MaP (left), four-base DMS-MaP (center) or SHAPE-MaP (right) datasets. PAIRs are prioritized based on strength as principal and 
minor signals, shown in dark and light blue respectively. The accepted structure is shown at top. Long-range helices that are masked by primer binding 
sites, and thus lack PAIR-MaP data, are shown in light gray. PAIR positi v e predicti v e value (ppv) and sensitivity (sens) relative to the known structure 
are also indicated. ( B ) PAIR ppv and sens for traditional DMS-MaP (tan), four-base DMS-MaP (red) and SHAPE-MaP (gray). Data from two biological 
r eplicates ar e shown for in-cell RMRP, RNase P and tmRN A. 16S and 23S rRN A data are shown in open circles and demonstrate reduced ppv and sens 
due to low sequencing coverage and likely misfolding of these RNAs under cell-free conditions. ( C ) Mean PAIR ppv and sens values across RMRP, RNase 
P, in-cell tmRNA, and cell-free tmRNA are shown for traditional DMS-MaP (tan) and four-base DMS-MaP (red) as a function of sequencing depth. The 
indicated number of sequencing reads were undersampled without replacement from the larger datasets. 
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ompared to Marathon and SSII, TGIRT data gave signif- 
cantly worse PAIR results (mean ppv = 0.57, sens = 0.20; 
upplementary Figure S8, Supplementary Figure S11), pre- 
umably due to TGIRT measuring fewer modifications 
Figure 1 , Supplementary Figure S11). 

We additionally explored whether the 2A3 SHAPE 

eagent supports PAIR anal ysis. Historicall y, SHAPE 

eagents have been unable to achieve high enough modifi- 
a tion ra tes for PAIR analysis. Howe v er, 2A3 mostly ad- 
resses this limitation, modifying RNA at comparable rates 
o DMS, with lower modification of A and C compensated 

y higher modifica tion a t U and G (Supplementary Figure 
5). Deeply sequenced human RMRP and RNase P in-cell 
A3 datasets both feature multiple PAIR correlation sig- 
als, but with lower sensitivity and specificity than four-base 
MS-MaP (Figure 5 A, B). Thus, SHAPE experiments can 

nable PAIR detection, but further optimization is needed 

o make SHAPE-based PAIR analysis broadly useful. 

 our-base DMS-MaP enables impr ov ed RNA structure mod- 
ling 

he end goal of many chemical probing studies is to trans- 
a te probing da ta into an accura te model of RNA struc-
ure. Building on the improvements of four-base DMS- 
aP, we de v eloped ne w pseudo energy functions for in- 

orporating four-base DMS reactivities as restraints dur- 
ng structure modeling with RNAstructure (Methods). In- 
egrated structure modeling guided by four-base DMS re- 
ctivities and PAIR correlations facilitated accurate mod- 
ling of di v erse, challenging RNA targets (Figure 6 ). No- 
ably, four-base DMS meets or exceeds the accuracy of 
HAPE-dir ected structur e modeling (Figur e 6 ). Four-base 
MS data particularly benefits modeling accuracy for 

seudoknot-containing tmRNA, RMRP, and Rnase P 

NAs (Figure 6 ), enabled by PAIR correlations unavail- 
ble to SHAPE. As an exception, SHAPE (2A3) data 

ields more accurate models for the in-cell 16S and 23S 

RNAs, consistent with the superior ESI of 2A3 versus four- 
ase DMS for these RNAs (Figure 4 C). Both four-base 
MS and SHAPE data yielded similar ly inaccur ate models 

or in-cell human 18S rRNA; this inaccuracy arises from 

he e xtensi v e pr otein pr otections that reduce ESI of both
eagents and from sequence features of the 18S rRNA ( 58 ). 

hen the unr epr esentati v e human and E. coli rRNAs are 
 xcluded, av erage ppv and sens of DMS-directed models 
ncrease to 0.93 and 0.92, respecti v ely. In sum, four-base 

MS-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 
with four-base DMS and PAIR restraints (left) or SHAPE restraints (right) from in-cell e xperiments. True positi v e (gray), false positi v e (purple), and false- 
negati v e (green) predicted pairs are shown at top, and overall model ppv and sens are shown at bottom. For four-base DMS, measured PAIR correlations 
are also shown at bottom. Correctly modeled pseudoknots are labeled. ( B ) Structure modeling accuracy of four-base DMS-MaP and SHAPE-MaP. For 
in-cell RMRP, RNase P, and tmRNA, four-base DMS data from two biological r eplicates wer e pooled together. Asterisks (*) next to in-cell E. coli and 
HEK293 rRNAs indicate that four-base DMS structure modeling was done without PAIR r estraints, which wer e not available due to insufficient sequencing 
depth. 2A3 SHAPE data for E. coli tmRNA and rRNAs, and human rRNAs were taken from ( 34 ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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 ). Howe v er, 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-
mar king, we estab lished that four-base DMS-MaP e xper-
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-
f ormatics pipelines. Thus, f our-base DMS-MaP r epr esents
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 se v eral subtle but collecti v ely critical e xperimen-
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 

1 -
G modifications. Howe v er, the choice of MaP enzyme sig-
nificantly impacted the success of single-molecule PAIR
analyses, with Marathon consistently detecting more du-
ple xes with fe wer false positi v es than other MaP enzymes.
TGIRT performed the worst at single-molecule PAIR anal-
ysis, likely because of a reduced ability to MaP through
highl y modified RN As. We note that our anal yses were lim-
ited to published MaP protocols and speculate that opti-
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ization of MaP in the context of four-base DMS-MaP 

ay yield e v en further improvements in data quality. 
Four-base DMS-MaP is also built on the insight that 
aP enzymes can sim ultaneousl y encode distinct types of 

hemical information via different mutational signatures. 
MS modifies G nucleotides at two positions ( 59 ): The 

ulk of modifications occur at the N 

7 position, which do 

ot report on Watson-Crick pairing, whereas only a minor- 
ty of modifications occur at the informati v e N 

1 position. 
onsistent with other studies ( 60 ), our analysis indicates 

ha t Mara thon (and to a lesser degr ee other r e v erse tran-
criptases) selecti v ely decode N 

7 -G modifications as G → A 

ismatches, allowing us to discriminate N 

1 -G modifica- 
ions and measure G pairing status with high fidelity. While 
ot the focus of our current study, DMS N 

7 -G modifica- 
ions can provide information about RNA tertiary struc- 
ur e and G-quadruplex es ( 27 , 60 , 61 ), and further investigat-
ng the value of N 

7 -G reactivity is a compelling area of fu-
ur e r esear ch. Mor e generall y, using m uta tion signa tures to
ecode multiple coexisting modification signals r epr esents 
 powerful paradigm for improving chemical probing anal- 
sis. 

Our finding that four-base DMS-MaP typically conveys 
reater structural information than SHAPE-MaP is sur- 
rising. SHAPE chemistry holistically and unbiasedly mea- 
ures nucleotide flexibility at the 2 

′ OH ( 62 ), but this holistic 
easure may come with the tradeoff of reduced specificity 

or Watson-Crick pairing compared to direct nucleobase 
robing by DMS. Re v erse transcriptases may also decode 
 

′ OH SHAPE modifications with lower fidelity. Ne v erthe- 
ess, we emphasize that the performance gap between four- 
ase DMS and SHAPE experiments is subtle, with both 

trategies performing well for most RNAs. SHAPE reagents 
lso offer important benefits, including that they are gen- 
rally less cytotoxic than DMS, are better suited for prob- 
ng RNAs with modified bases, and, as noted above, holis- 
ically measure nucleotide flexibility. SHAPE reagents can 

urther be used to probe all four nucleobases under single- 
it reaction conditions, whereas four-base DMS probing 

f U, and especially G, nucleobases r equir es high overall 
odifica tion ra tes. We also note tha t unlike for DMS, we 
ade no attempt to optimize SHAPE-MaP. For example, 

HAPE-specific data processing algorithms may enable im- 
roved PAIR analysis on SHAPE datasets. More generally, 
e belie v e tha t systema tic ef forts to improv e MaP re v erse-

ranscription and bioinformatics protocols such as we pur- 
ued here for DMS will dri v e further increases in SHAPE 

robing resolution and accuracy. 
Ultimatel y, our anal ysis demonstrates how improved 

hemical probing data can support further advances in 

NA structure determination accuracy. The increased 

tructural information provided by four-base DMS reactiv- 
ties combined with PAIR correla tion da ta is sufficient to 

uide in-cell structure modeling to > 90% average accuracy 

or e v en v ery difficult targets such as tmRNA. Modeling ac- 
uracy is lower for rRNAs, but ribosomes are clearly excep- 
ional cases with atypically high protein protections. Mod- 
ling accuracy is also reduced for human RNase P; follow- 
p analysis re v ealed that prediction accuracy was low e v en
 hen using sim ula ted ‘perfect’ da ta (Supplementary Fig- 
re S12), indicating that pseudoknot modeling algorithms 
emain imperfect. Combining four-base DMS-MaP with 

ew statistical-learning strategies ( 63 ) r epr esents one of sev- 
ral potential avenues for further improving modeling ac- 
uracy. Moving forward, we expect that focus will increas- 
ngly turn to the more difficult problem of modeling RNAs 
ith heterogenous structures. Importantly, four-base DMS- 
aP is fully compatible with emerging ensemble deconvo- 

ution analysis ( 11–14 ). We anticipate that the greater infor- 
ation provided by four-base DMS-MaP will help propel 

urther advances in modeling and understanding complex 

NA systems. 
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