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Abstract 

RNA function is tied to secondary structure, operating through dynamic and heterogeneous structural ensembles. While current analysis tools 
typically output single static structures or averaged contact maps, chemical probing methods like DMS capture nucleotide-resolution signals 
representing the full structural ensemble, which remain difficult to interpret structurally. To address this, we present MERGE-RNA, a framework 
that describes and outputs RNA as a structural ensemble. By modeling the physics of the experimental pipeline, MERGE-RNA learns a small 
set of transferable and interpretable parameters, enabling the integration of measurements across different molecules, probe concentrations, 
and replicates in a single optimization to improve robustness. Our model employs a maximum-entropy principle to predict thermodynamic 
populations, with the minimal adjustments necessary to align the ensemble with experiment al dat a. We validate MERGE-RNA on diverse 
RNAs, showing that it achieves structural accuracy surpassing standard pseudo-free-energy methods and yields ensembles better recapitulating 
measured DMS reactivity. Applied to the Vibrio vulnificus adenine riboswitch, MERGE-RNA recovers the NMR-resolved conformations and their 
ligand-induced rearrangement, with population shifts matching the NMR-derived Kd . In a designed RNA construct for which we report new DMS 

data, MERGE-RNA deconvolves mixed states to reveal transient intermediate populations involved in strand displacement, dynamics invisible 
to methods based on enumerating a small number of structures. 

Graphical abstract 

I

R  

i  

r  

f  

c  

m  

o  

stable conformations, minority states, or dynamic equilibria. 
While tertiary structure modeling is computationally demand- 
ing [ 7 ], secondary structure thermodynamic models allow ef- 
ficient computation of optimal structures [ 8 ] and base-pairing 
probabilities [ 9 ]. However, thermodynamic models face sig- 
nificant limitations from fundamental approximations: the 
nearest-neighbor approximation [ 10 ], the neglect of pseudo- 
knots [ 8 ], and the hierarchical folding assumption [ 11 ] may 
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ntroduction 

NA molecules play central roles in cellular processes, rang-
ng from catalysis (ribozymes and ribosomes) [ 1 , 2 ] to gene
egulation (including riboswitches and microRNAs) [ 3 ]. This
unctional versatility arises from their ability to fold into spe-
ific secondary and tertiary structures [ 4 ]. Importantly, RNA
olecules exist as thermodynamic ensembles at both the sec-
ndary [ 5 ] and tertiary [ 6 ] levels, with function arising from
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make it difficult to fully capture long-range interactions and
context-dependent effects. To address these limitations, re-
searchers have integrated co-evolutionary analysis or chem-
ical probing data. Dimethyl sulfate (DMS) [ 12 , 13 ] has be-
come a powerful tool for structural analysis, providing single-
nucleotide resolution data both in vitro and in vivo . DMS re-
acts preferentially with unpaired adenines and cytosines, with
modifications detected as mutations during sequencing (muta-
tional profiling, MaP) [ 13 ]. However, interpreting this data is
challenging: measured reactivities report on structural ensem-
bles rather than single conformations, and experimental pro-
cesses introduce systematic biases from reverse transcription
and sequencing artifacts. Current approaches typically con-
vert measured reactivities into pseudo-free-energy restraints
[ 14 ], but this modifies predicted ensembles even when base-
line models already agree with data [ 15 ], and the coefficients
used to compute pseudo-free-energies are based on heuristics
rather than physical principles. Despite widespread practice,
focusing on a single minimum free-energy (MFE) structure can
be misleading as RNA molecules are known to adopt an en-
semble of conformations, of which the MFE structure is often
only a minor component. In fact, ignoring structural hetero-
geneity can pose problems both for interpreting RNA function
and for properly modeling chemical probing experiments. 

In this work we present MERGE-RNA (Multi-system En-
semble Refinement via Generalizable parameters Estimation),
a unified physics-based model that describes chemical prob-
ing experiments with physically meaningful parameters and
predicts RNA secondary structure ensembles. Our approach
combines a standard thermodynamic folding model with ex-
plicit probe–RNA interactions characterized by two key pa-
rameters: a chemical potential ( μr ) setting the probe concen-
tration scale, and an energetic penalty ( �μpairing ) for probe
binding to paired nucleotides. We employ maximum entropy
inference to determine sequence-specific soft constraints ( λi )
representing minimal adjustments for model-data consistency,
avoiding artificial constraints when baseline predictions al-
ready match data. The model explicitly accounts for muta-
tional profiling artifacts, including false positives, false neg-
atives, and position-specific biases. Crucially, our framework
enables the simultaneous analysis of data from multiple RNA
sequences, probe concentrations, and experimental replicates
within a unified model, leveraging the shared physical param-
eters to improve robustness and extract transferable experi-
mental knowledge. 

After outlining the model and inference procedure, we
benchmark it on a set of well-characterized structured RNAs
for which DMS probing data are available across multiple
concentrations and replicates under consistent experimental
conditions [ 16 ]. This homogeneity makes the dataset well
suited to assess both the transferability of the inferred phys-
ical parameters and the structural accuracy of the predicted
ensembles, which we benchmark against the standard pseudo-
free-energy approach [ 14 ]. On these systems, we also show
that no single static structure fully explains the probing data,
indicating that conformational heterogeneity is required even
for RNAs traditionally treated as well-folded, and that the
ensembles predicted by MERGE-RNA significantly improve
the agreement with probing data when compared to the tradi-
tional pseudo-free-energy approach. For a more stringent vali-
dation of the inferred heterogeneity, we then turn to the Vibrio
vulnificus adenine riboswitch, for which NMR provides inde-
pendent ground truth on the co-existing conformations and
their ligand-dependent populations [ 17 ] and which has bench- 
marked other deconvolution methods [ 18 , 19 ]: MERGE-RNA 

recovers the structural details of each NMR-resolved con- 
former (except the pseudoknot, excluded by the thermody- 
namic baseline) and reproduces the ligand-dependent pop- 
ulation shifts, matching the NMR-derived Kd . Finally, we 
demonstrate accurate deconvolution of mixed states in syn- 
thetic bistable constructs, and leverage experimental data to 

reveal intermediate, suboptimal populations involved in dy- 
namic processes (e.g. strand displacement) that are missed by 
traditional approaches. 

Methods 

Physical model 

Our model follows the experimental pipeline of chemical 
probing experiments, as illustrated in Fig. 1 . The underlying 
physics remains consistent across experiments using the same 
reagent, probing time, and temperature, allowing us to simul- 
taneously fit multiple experimental datasets within a unified 

framework. By maximizing the likelihood of the model to re- 
produce the observed mutation rates, our approach estimates 
physically meaningful parameters (detailed below) and identi- 
fies the ensemble of secondary structures most consistent with 

both the underlying physics and experimental evidence. 
In this section we aim at introducing the physical model 

underlying our approach, while in the Supplementary data we 
provide a more in-depth description and rigorous discussion. 

RNA folding and chemical probing 
Folding 

To model the RNA secondary structure ensemble, we utilize as 
baseline the ViennaRNA package [ 20 ]. The probability to ob- 
serve a given secondary structure s at temperature T is defined 

as 

P (s ) =
exp 

(
− F (s ) 

kB T 

)

z 
, (1) 

where z is the partition function, kB is the Boltzmann con- 
stant, and the baseline F (s ) = F0 (s ) is computed by the un- 
derlying ViennaRNA thermodynamic model, including the 
standard nearest-neighbor contributions (e.g. stacking inter- 
actions, hairpin, internal, bulge, and multiloop terms). To im- 
prove predictions, we refine the ensemble to align with exper- 
imental data while minimally perturbing the baseline model.
Using the principle of maximum entropy [ 21 ], we optimize 
sequence-specific parameters ( λi ) that act as soft constraints 
for each nucleotide position [ 15 ]. These soft constraints mod- 
ify the baseline ViennaRNA-predicted energy of pairing and 

remain consistent across experimental replicates and probe 
concentrations for a given RNA sequence. This results in a 
structure-dependent energy correction 

�Fopt (s ) =
∑ 

i ∈paired (s ) 

λi , (2) 

where paired (s ) denotes the list of paired nucleobases in struc- 
ture s . 

Probe–RNA interaction 

We separately model the probe reactivity in two steps [ 22 ]: 
a reversible physical binding, described here, followed by an 

irreversible chemical reaction, as detailed in the next para- 
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Figure 1. Schematic overview of the method. Our approach builds a physical model—illustrated on the left side of the figure—that represents the entire 
pipeline of chemical probing experiments. This includes RNA folding into an ensemble of secondary structures, probe binding, adduct formation, and the 
final mutational profiling readout. The model is trained on chemical probing data from multiple RNA sequences, probe concentrations, and experimental 
replicates. From these data, it learns a set of physically meaningful parameters shared across all experiments [ μr , �μpairing , pbind (A ) , pbind (C ) , pbind (G) , 
pbind (U ) , m0 , and m1 , as defined in the main text]. In addition, it estimates sequence-specific soft constraints λi (one per nucleotide position). Once 
trained, the model can predict the structural ensemble of each RNA at any probe concentration. Importantly, it can also extrapolate to zero probe 
concentration, providing the unperturbed structural ensemble. 
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raph. At non-zero probe concentrations, we describe physical
robe–RNA interactions through a thermodynamic binding
odel with two trainable parameters ( μr and �μpairing ). The

eference chemical potential μr captures the probability of an
npaired nucleotide to bind to a chemical probe at a reference
MS concentration [DMS ]r = 1M . The chemical potential is

hen corrected based on the actual probe concentration [DMS]

s μ = μr + kB T ln 

(
[DMS ] 
[DMS ]r 

)
. �μpairing differentiates between

aired and unpaired sites, so that the effective chemical poten-
ial for paired nucleotides becomes μ′ ≡ μ − �μpairing . Since
hemical probes typically exhibit reduced accessibility to base-
aired regions, �μpairing is expected to be positive, though the
odel could be straightforwardly generalized to cases where

his is not true. Incorporating a penalty term for base-paired
ites results in a modified partition function. This modifica-
ion is implemented by applying a concentration-dependent
nergetic contribution to paired bases �F[DMS] (s ) (derivation
s detailed in the SI Appendix). 

Putting together all these terms, the corrected free energy of
 given secondary structure s is 

F (s ) = F0 (s ) ︸ ︷︷ ︸ 
baseline 

+
∑ 

i ∈paired (s ) 

λi 

︸ ︷︷ ︸ 
site-specific 
corrections 

+ �F[DMS] (s ) ︸ ︷︷ ︸ 
concentration- 

dependent perturbation 

(3)

rom which we can compute the population of observing each
tructure s via Equation ( 1 ). 
Chemical binding 

Following the physical interaction between a chemical probe
and RNA, adducts are formed with probabilities that depend
on both nucleobase identity and local RNA structure, under
fixed experimental conditions (e.g. temperature and probing
time). In the most general framework, this yields eight possi-
ble configurations, defined by the combination of nucleotide
type (A, U, C, or G) and structural state (paired or unpaired).
For DMS probing, due to the position of the potentially reac-
tive nitrogens, adenine and cytosine show negligible reactiv-
ity when base-paired, while guanine and uracil retain reduced
but secondary structure-independent reactivity. Accordingly,
the model is parameterized by four effective binding probabili-
ties, corresponding to the reactive nucleotide-structure combi-
nations: pbind (A , unpaired ) , pbind (C , unpaired ) , pbind (G ) , and
pbind (U ) . 

Mutational profiling and prediction of reactivity profiles 
Mutational profiling 

Following chemical probing, modifications are typically de-
tected through reverse transcription. Here, we focus on mu-
tational profiling (MaP), though only minor modifications to
the model would be required for compatibility with other ex-
perimental techniques, such as RT-stop. During reverse tran-
scription, we account for the probability of producing false
positive or false negative signals through the parameters m0

and m1 , as detailed in the SI Appendix. Applying this frame-
work to a given secondary structure s , we can compute the ex-
pected reactivity profile for that structure, then sum over all
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secondary structures in the ensemble to obtain the expected
reactivity profile for the experiment. 

Handling systematic errors 
Sequencing errors are known to introduce systematic biases
in reactivity profiles [ 23 ], and reverse transcription can be af-
fected by the presence of secondary structures [ 24 ]. To ac-
count for such effects, we make use of experimental controls
(performed without reagent) to estimate position-dependent
correction factors εi , which effectively act as a baseline ad-
justment to the predicted mutation rates at each nucleotide
position and are computed so that the prediction at zero
concentration of DMS matches the control data. These fac-
tors capture systematic biases that are sequence-specific but
independent of probe concentration. This allows the model
to focus on the concentration-dependent signal in reactivity,
which is most informative about RNA structure and probe
interactions, while εi absorbs background effects that remain
constant across conditions. In other words, the sequence-
dependent εi parameters model the mutation rate in absence
of reagents, whereas the sequence-dependent soft constraints
λi affect the pairing population which, in turn, controls how
much the mutation rate increases when the reagent is added.
As discussed in the SI Appendix, when control experiments
are available the parameter m0 is omitted, since background
correction factors can be directly estimated from the control
data. If controls are unavailable, m0 is instead fitted to pro-
vide a single background correction factor shared across the
sequence. 

Parameter optimization 

Upon computation of the expected reactivity profile for a
given sequence and probe concentration, we optimize the
model parameters by minimizing a loss function that quan-
tifies the discrepancy between predicted and observed reac-
tivities. We model per-position mutation counts as binomial:
given read depth ni and model-predicted mutation probability
Mi , each read is an independent Bernoulli trial. Accordingly, 

P 

(
Mexp 

i | ni , Mi 
) = Binomial 

(
Mexp 

i ; ni , Mi 
)
, (4)

where Mexp 
i is the experimentally observed number of muta-

tions at position i . As discussed in the SI Appendix, the overall
likelihood of the model across all nucleotide positions is the
product of the individual position likelihoods. To facilitate op-
timization, we minimize the negative log-likelihood, yielding
the following loss function: 

L = −
∑ 

i 

ln P 

(
Mexp 

i | ni , Mi 
)
. (5)

The derivation and all definitions are expanded in the SI Ap-
pendix. 

This optimization is implemented via a gradient-based al-
gorithm that systematically adjusts model parameters to min-
imize the discrepancy between predicted and experimental re-
activity profiles [ 25 ] as implemented in SciPy [ 26 ]. The pa-
rameter optimization is performed in two consecutive phases,
as illustrated in Fig. 1 . In the first phase, we optimize the
global physical parameters that are shared across all sequences
and concentrations. These include the reference chemical
potential ( μr ), the binding penalty for structured regions
( �μpairing ), the nucleotide-specific adduct formation proba-
bilities [ pbind (A , unpaired ) , pbind (C , unpaired ) , pbind (G ) , and
pbind (U ) ], the false negative rate parameter ( m1 ), and—when 

experimental controls are unavailable—the background cor- 
rection factor ( m0 ). This phase optimizes a total of seven pa- 
rameters (eight if no controls are available). In the second 

phase, we look to refine the secondary structure ensemble to 

find the one that best explains the experimental data. This is 
achieved by optimizing the sequence-specific soft constraints 
( λi ) for each nucleotide position, while keeping the global 
physical parameters fixed. 

Following parameter optimization, �F[DMS] (s ) is set to zero,
extrapolating to zero probe concentration and thereby reveal- 
ing the ensemble of secondary structures most consistent with 

the experimental data under native conditions. 

Experimental procedures 

DMS probing of a synthetic RNA construct was per- 
formed as described in the appendix. DMS-treated RNA was 
column-purified and subjected to reverse transcription using 
MarathonRT [ 16 , 27–29 ]. Sequencing reads were processed 

with an RNAFramework-based workflow [ 30–32 ]. 

Results 

Transferability and accuracy of the physical model 

We extracted physical parameters from our unified physics- 
based framework after training on a set of well-characterized 

RNA structures previously studied using DMS chemical prob- 
ing [ 16 ]. This set spans a range of structural complexity, com- 
prising five distinct systems: (i) bacterial RNase P (type A),
(ii) hc16 ligase, (iii) Tetrahymena ribozyme, (iv) V. cholerae 
glycine riboswitch, and (v) HCV IRES. These sequences range 
from ∼100–400 nucleotides in length. Because all systems 
were probed under consistent conditions, with multiple DMS 
concentrations and independent replicates, this dataset is well 
suited for testing whether the physical parameters of the 
model transfer across sequences rather than being overfit- 
ted to any single system. Reference structures for hc16 lig- 
ase, Tetrahymena ribozyme, and V. cholerae glycine riboswitch 

were obtained from cryo-EM-guided structure determination 

[ 33 ], and secondary structure was annotated from the 3D 

structure with Barnaba (v0.1.8) [ 34 ]. HCV IRES reference 
structure was manually transcribed from extended data fig.
6 of Bohn et al. [ 16 ]. For bacterial RNase P (type A), although 

a crystal structure exists [ 35 ], sequence differences between 

the crystallized construct and the chemically probed sequence 
preclude its use as a reference. 

These references are expected to be more accurate than pre- 
dictions from a simple thermodynamic model, but since they 
represent single conformations, they cannot by themselves re- 
port on conformational heterogeneity. 

Our first objective was to assess whether the physical pa- 
rameters extracted from our model represent genuine physical 
properties of the experiment and are hence transferable to dif- 
ferent systems, rather than being overfitted on a specific case.
We performed comprehensive cross-validation fits, training 
only the physical parameters of the model (all the parameters 
except the λi , which are fixed to 0 for the moment) on triplets 
of RNA systems and testing on the remaining pairs (Fig. 2 a).
Loss values [as defined in Supplementary Equation (31) ] are 
then divided by the number of data points to enable direct 
comparison. Obtained values of the physical parameters are 
reported in Supplementary Table S3 for each fit. The loss val- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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Figure 2. a ) Cross-validation of physical parameters across five RNA systems. Each bar represents the per-datapoint loss obtained for the indicated 
system after training on three systems and testing on the remaining two. Yellow bars refer to results obtained when the corresponding system was 
excluded from the training set. ( b ) Frobenius distance divided by the squared number of nucleotides between base pairing probability (bpp) matrices, 
quantifying structural similarit y bet ween the HCV IRES reference structure and MFE structure, bpp of the original thermodynamic ensemble, bpp 
obtained from standard pseudo-free-energy method (Deigan) and bpp from MERGE-RNA. Deigan results are reported using different DMS 
concentrations, and MERGE-RNA results are reported for different replicates (independent fits). Deigan and MERGE-RNA results are reported for 
different baseline thermodynamic models (Turner and Andronescu). Solid bars for Deigan method use (m, b) coefficients determined with a standard 
jackknife procedure, while the caps mark its theoretical best performance (see text for definition). Colors as in panel (d). ( c ) Mutation rates at 57 mM 

DMS concentration after background subtraction for adenine and cytosine in HCV IRES, grouped by pairing status in the reference structure. Each point 
is colored according to the pairing probability predicted by MERGE-RNA. Strong disagreements (positions where MERGE-RNA predicts pairing 
probability below 25% or above 75% while the reference indicates the opposite) are highlighted. ( d ) Squared Pearson correlation coefficient between 
predicted base pairing probabilities and observed mutation rates, computed separately for A and C and averaged. The caps show the theoretical best 
performance of the Deigan method. Labels as in panel (b). 
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es obtained across all sets are consistent both in training and
n test, demonstrating that our model generalizes on multi-
le systems and successfully captures the underlying princi-
les governing chemical probing experiments with a small set
f parameters. 

nference of optimal ensemble 

efore turning to the full inference of the per-nucleotide soft
onstraints, we verified with a simple controlled experiment,
eported in the SI Appendix (“Importance of conformational
eterogeneity in structured RNAs,” Supplementary Figs S1
nd S3 –S5 ), that a proper balance between reference struc-
ural information and ensemble heterogeneity is needed to re-
roduce chemical-probing data: applying a uniform reference-
erived soft constraint of increasing magnitude reveals a
“sweet spot” where the model partially incorporates the ref-
erence while preserving the conformational diversity cap-
tured by the experiment, beyond which performance degrades.
Building on this insight, instead of borrowing from the refer-
ence structure, we inferred the best sequence-specific soft con-
straints ( λi parameters) using our model. This resulted in sub-
stantially improved agreement with experimental data (blue
line in Supplementary Figs S1 and S3 –S5 ), as expected given
that the experimental data are used to infer the soft con-
straints. 

To validate our model independently, we computed the
Frobenius distance between the reference structure and base-
pairing probability matrices obtained by the baseline Vien-
naRNA MFE, ViennaRNA BPP, and by standard pseudo-
free-energy approach as in Deigan et al. [ 14 ] (Fig. 2 b and
Supplementary Figs S6 –S8 ). For the Deigan approach, rather

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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than using the literature coefficients (m, b) = (1 . 8 , −0 . 6) , for
each DMS concentration we selected the best-fitting slope and
intercept through a procedure analogous to rf-jackknife
[ 18 , 30 ], using a leave-one-out approach to avoid fitting these
coefficients on the same structural data we are optimizing, as
detailed in the SI Appendix (Refitting the Deigan slope and in-
tercept, see Supplementary Tables S1 and S2 ). Solid bars report
results using these coefficients, while the dashed caps mark
the best value the Deigan functional form can reach (its ceil-
ing), i.e. the value obtained by choosing (m, b) to maximize
the agreement with the metric itself. To test robustness with
respect to the choice of thermodynamic baseline, we repeated
the analysis using both the standard Turner2004 [ 36 , 37 ], and
the Andronescu2007 parameters [ 38 ]. For ensemble-based
metrics, our model improves significantly over Deigan’s in
three of the four systems studied, and in general remains com-
parable to the theoretical best results achievable by Deigan’s
method, obtained when it is fitted to the reported test data
( Supplementary Figs S6 –S8 , in SI Appendix). This is remark-
able, considering that MERGE-RNA is not optimized for
structure prediction at any stage of its pipeline. We also report
in the SI Appendix ( Supplementary Figs S9 –S12 ) metrics more
commonly reported for single-structure prediction: positive
predictive value, sensitivity, and the same Frobenius distance
computed on the MFE structure rather than on the ensemble
in order to isolate the effect of selecting only the MFE from the
ensemble. When evaluating the MFE structure, the Deigan ap-
proach is favored. This is expected, since the Deigan pseudo-
free-energy approach is explicitly designed to improve single-
structure prediction, whereas MERGE-RNA is optimized to
infer an ensemble consistent with the probing data rather than
to maximize agreement of any single structure with the ref-
erence. Arc plots (Fig. 3 ) illustrate how MERGE-RNA’s in-
dividualized fitting preserves ensemble diversity (blue) while
recapitulating the reference structure (red) more accurately
than the standard thermodynamic ensemble (green). The same
comparison with the Deigan ensemble superimposed in place
of the unconstrained thermodynamic one, for each of the
four systems, is reported in the SI Appendix ( Supplementary
Figs S17 –S20 ). Similar improvements were observed across all
tested RNA systems, confirming the broad applicability of our
approach. 

MERGE-RNA suggests localized structural 
dynamics supported by chemical probing data 

Having established structural accuracy by comparison with
experimentally resolved reference structures, we now exam-
ine where our predictions diverge from the static reference.
Since our model predicts a dynamic ensemble rather than a
single conformation, divergence is expected and informative:
chemical probing experiments inherently report on the dy-
namic ensemble of the RNA molecule, which a static refer-
ence structure alone cannot fully capture. In Fig. 2 c, we re-
port mutation rates after control subtraction for adenine and
cytosine, grouped by pairing status in the reference structure.
As expected, paired positions show, on average, lower muta-
tion rates than unpaired ones. Each point is colored according
to the pairing status predicted by MERGE-RNA. The model’s
predictions correlate well with mutation rates, demonstrating
its capability to infer and model pairing dynamics from prob-
ing data. 
It is instructive to examine positions where our predic- 
tions disagree with the reference structure. When mutation 

rates are consistent with the reference structure, MERGE- 
RNA’s predictions align with it. For positions with intermedi- 
ate mutation rates, MERGE-RNA predicts intermediate pair- 
ing probabilities, suggesting conformational heterogeneity in 

solution. This is particularly informative: a static reference 
structure classifies each position as either paired or unpaired,
and thus cannot account for intermediate reactivity. MERGE- 
RNA provides an alternative explanation for this discrepancy 
by proposing alternative conformations that together explain 

the observed mutation rates. Where probing data and refer- 
ence structure are in contrast, MERGE-RNA captures new 

pairings absent from the reference but supported by probing,
or identifies reference-annotated pairs that show elevated mu- 
tation rates, suggesting they are frequently unpaired in the dy- 
namic ensemble. 

The number of “strong disagreement sites” (positions 
where MERGE-RNA predicts pairing probability below 25% 

or above 75%, while the reference indicates the opposite for 
A and C nucleotides, highlighted in Fig. 2 c) is modest, rang- 
ing from 0 to 13 across the systems studied here. Detailed 

analysis (SI Appendix, Supplementary Figs S13 –S16 ) reveals 
that most correspond to small corrections of existing struc- 
tural elements or formation/dismantling of short motifs (e.g.
3–4 bp stems), indicating localized inconsistencies rather than 

wide structural disagreements. Some level of disagreement is 
expected, as the reference is a single structure obtained under 
specific conditions (e.g. in a crystal or in a different buffer),
whereas probing reflects the ensemble populated under the 
experimental conditions of the probing itself, which in prin- 
ciple can be very different; MERGE-RNA adjusts the refer- 
ence only where the probing data require it, a behavior that 
becomes valuable when the reference is partial or originates 
from conditions that differ from those of the probing exper- 
iment. The correspondence between base-pairing probability 
and observed mutation rates can be quantified by computing 
their Pearson correlation (Fig. 2 d): MERGE-RNA shows a no- 
ticeably higher correlation than the one obtained by the tra- 
ditional pseudo-free-energy approach across all systems. This 
gap is not a matter of how the (m, b) Deigan coefficients are 
chosen. In fact, MERGE-RNA exceeds the results obtained 

with the coefficients cherry-picked to maximize the displayed 

metric by �R2 = +0 . 18 in the worst case and +0 . 28 on aver-
age (1.4 × and 1.9 ×, respectively) across all systems and con- 
centrations. This indicates that the gap stems from the limited 

functional form and degrees of freedom of the two-parameter 
pseudo-energy scheme, rather than from a suboptimal choice 
of coefficients or the data. 

In summary, with our model (i) the inferred physical param- 
eters are generalisable across systems (Fig. 2 a); (ii) we show 

that there is an optimal balance between structural accuracy 
and ensemble heterogeneity, and inference of sequence-specific 
corrections further improves agreement with experimental 
data ( Supplementary Figs S1 and S3 –S5 ); (iii) the resulting 
structural ensembles more accurately capture native confor- 
mations compared to standard thermodynamic approaches 
(Fig. 2 b); (iv) the resulting ensemble correlates significantly 
better with the observed mutation rates than traditional meth- 
ods (Fig. 2 d); and (v) comparing MERGE-RNA’s results to 

the reference structures reveals that agreement reflects prob- 
ing data consistency (Fig. 2 c). In cases where reference models 
are inconsistent with experiment, MERGE-RNA goes beyond 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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Figure 3. Arc plot visualization comparing the secondary structures of HCV IRES: reference experimental structure (red), ensemble obtained from the 
thermodynamic model (green), and ensemble obtained from MERGE-RNA (blue). 
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he static reference by identifying localized discrepancies and
roposing alternative conformations that better explain the
ata. These results are consistent across all tested RNA sys-
ems (SI Appendix Supplementary Figs S6 –S8 ). However, in
he absence of independent experimental evidence for ensem-
le populations, we cannot quantitatively validate the inferred
lternative conformations here; in particular, we cannot rule
ut that MERGE-RNA over-estimates ensemble heterogene-
ty by accommodating intermediate reactivities with interme-
iate pairing probabilities. For this reason, we next turn to the
denine riboswitch, where independent NMR measurements
rovide ground truth on both the co-existing conformers and
heir ligand-dependent populations. 

pplication on a known case of functional 
tructural rearrangement: V. vulnificus add adenine 

iboswitch 

aving established structural accuracy and parameter trans-
erability on structured RNAs, we now turn to the validation
f the model’s ability to deconvolve co-existing conforma-
ional states. For this purpose we use the V. vulnificus add ade-
ine riboswitch, which undergoes a well-characterized ligand-

nduced conformational change that regulates translation, and
rovides independent experimental ground truth unavailable
or the structured RNAs above: its ligand-free and ligand-
ound conformations and the binding dissociation constant
ave been resolved by NMR [ 17 ], and the system has served
as a benchmark for other ensemble-deconvolution methods
including DRACO [ 18 ] and DANCE-MaP [ 19 ]. 

We analyzed previously deposited DMS-MaP data acquired
across a range of adenine concentrations, from 0 to 500 μM
[ 19 ]. Since the experiment provides only a single DMS con-
centration (170 mM) alongside the no-DMS control, we re-
sorted to the linear version of the model, which assumes that
the probe perturbs pairing probabilities negligibly and that
the probe concentration is well below saturation, which corre-
sponds to the regime of low chemical potential of probe–RNA
interactions, avoiding fitting a nonlinear model to only two
points. Because our model does not explicitly account for the
reduction in mutation rate of unpaired bases caused by lig-
and contacts and does not model pseudoknots, we masked,
respectively, the ligand-binding pocket (J) and the loops (L2
and L3), to prevent the model from fitting these trends. For
the same reason, the physical parameters of the model were
fit using only the ligand-free experiments; we then optimized
the λi parameters separately for each condition to infer the
structural ensemble at every adenine concentration. 

We present in Fig. 4 the inferred ensembles at the two
limiting conditions, ligand-free (0 μM adenine) and ligand-
saturated (500 μM adenine). The full concentration series is
provided in Supplementary Fig. S21 and smoothly interpo-
lates between these two points. Panel (a) shows the arc-plot of
the base-pairing probabilities, and panels (c1–2, d1–2, e1–2,
f1–2) provide zoomed-in views of the predicted BPP matrices

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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Figure 4. MERGE-RNA captures ligand-induced structural rearrangements in the V. vulnificus add adenine riboswitch. ( a ) Arc plot of the inferred 
base-pairing probabilities at 0 μM (top) and 500 μM (bottom) adenine; colors indicate base-pairing probability. ( b ) Estimation of the ligand-binding 
dissociation constant ( Kd ) from the inferred pairing probability of a representative base pair in the P1 helix [highlighted with a purple box in panels 
(c1–2)], which is stabilized upon ligand binding. (c1–2 , d1–2 , e1–2 , f1–2) Zoomed-in views of the predicted BPP matrices for the P1, P2, P3, and SD 

domains in the absence (top row) and presence (bottom row) of adenine. Color scale as in panel (a). 
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for the P1, P2, P3, and SD domains in the absence (top row)
and presence (bottom row) of adenine. 

The model recovers the molecule’s structural details and the
expected ligand-induced rearrangement: the P1 helix is stabi-
lized upon ligand binding; the P2 region transitions from a
mixture of alternative pairings (P2/P2-alt) to a single stabilized
P2 conformation; the P3 helix remains stable in both condi-
tions; and the SD domain (which harbors the Shine–Dalgarno
sequence) is destabilized upon ligand binding, consistent with
the known mechanism of translational regulation by this ri-
boswitch. To validate against the independent NMR data,
similarly to what has previously been done by DANCE-MaP
authors, we estimated the dissociation constant from the
ligand-dependent pairing probability predicted by MERGE-
RNA of a representative base pair in the P1 helix (17–79,
highlighted with a purple box in c1–2) that is stabilized when
ligand is present. We tracked this pairing probability across
all adenine concentrations and fit it to a Hill curve, 

y (x ) = ymin + (ymax − ymin )
xn 

Kn + xn 
, 

where x is the adenine concentration (in μM), the 0-μM point
is pinned as the lower plateau, and K and n are estimated by
bounded nonlinear least squares. The midpoint concentration
K is Kd = 1 . 7 μM for both the independent fits, in good agree-
ment with the NMR-derived value of 1.6 μM [ 17 ] and the
previous prediction of 1 . 5 ± 0 . 3 μM reported in Olson et al.
[ 19 ]. 
Taken together, MERGE-RNA reproduces essentially all 
features of the adenine riboswitch that are accessible in NMR 

experiments [ 17 ]: the three resolved structures, their ligand- 
dependent rearrangement, and the dissociation constant Kd .
The only structural element that is, by construction, out of 
reach for our model is the pseudoknot involving L2 and L3,
since the underlying thermodynamic baseline does not al- 
low pseudoknotted pairings. For comparison, we repeated 

the same analysis using the Deigan pseudo-free-energy ap- 
proach ( Supplementary Figs S22 and S23 ). While the opti- 
mized Deigan model predicts a similar apparent Kd , it substan- 
tially over-stabilizes the P1 helix (predicted population always 
> 97% ) and fails to reproduce the ligand-dependent destabi- 
lization of the Shine–Dalgarno sequence. 

Beyond the conformations resolved by NMR, MERGE- 
RNA also predicts intermediate states along the P1 ↔ SD com- 
petition (P4 in Reining et al. [ 17 ]), in the form of a gradi- 
ent of pairing probabilities within the two competing helices 
rather than only the fully-formed alternatives ( Supplementary 
Fig. S21 ). We cannot directly validate this prediction against 
the NMR data, for two reasons. First, the construct used in the 
probing experiment is longer than the one resolved by NMR: 
it carries additional upstream nucleotides that can pair with 

the 3 

′ side of P1, stabilizing a longer version of the helix (“P1- 
extended” in Olson et al. [ 19 ]). Second, NMR structure de- 
termination tends to discretize the conformational space into 

a small number of representative structures, so its absence 
in the NMR ensemble cannot be taken as evidence against 
the existence of intermediate populations. That said, the exis- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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ence of intermediates is consistent with the NMR conform-
rs themselves, which resolve P1 with 0, 4, and 7 base pairs
n apo-B, apo-A, and holo, respectively, three discrete points
long what is plausibly a continuous distribution of partially
ormed P1 helices. Read-clustering methods such as DRACO
 18 ] and DANCE-MaP [ 19 ] similarly discretize the ensemble
nto a small number of representative structures and therefore
truggle to describe such a continuum, whereas MERGE-RNA
aturally captures it. 
We also note a methodological distinction: DRACO and

ANCE-MaP exploit the co-occurrence of modifications
ithin individual reads to assign each read to a discrete cluster,
hich requires deep coverage and effectively discards reads
ith zero or a single modification. MERGE-RNA instead
perates on the cumulative mutation profile alone, so every
ead contributes to the inference and the per-position pair-
ng probabilities are recovered without any per-read correla-
ion analysis. The population gradient observed in the P1 ↔ SD
ompetition is reminiscent of a strand-displacement. Interest-
ngly, strand-displacement has been suggested as a possible
echanism to control the expression-platform conformation

n transcriptional riboswitches [ 39 ]. Strand-displacement is
lso observed in a more controlled setting using new DMS
ata below (see the “A putatively bistable sequence exhibits a
eterogeneous ensemble with strand displacement” section).
e also note that although the data were collected with

our-base DMS [ 40 ], our framework currently treats only A
nd C as pairing-sensitive reactive bases. Although this re-
uces the information used relative to the original four-base
MS analysis, the A/C-sensitive model is sufficient to re-

over the main ligand-dependent rearrangement. Extending
he model to all four bases is a natural direction for future
ork. 
Overall, this case study shows that, from chemical prob-

ng data alone, MERGE-RNA resolves the structural de-
ail of multiple competing conformers identified by NMR
n a biologically relevant RNA. Additionally, it captures the
igand-induced shift in the conformational ensemble, quanti-
atively matching the NMR-derived dissociation constant. Im-
ortantly, conformational ensembles of this riboswitch were
ere controlled by ligand concentration alone, which allowed
 series of experiments performed in similar conditions. The
ore challenging case of a thermoswitch, which requires com-
ining experiments at different temperatures and acquisition
imes [ 41 , 42 ], is reported in the Supplementary data (see
upplementary Figs S2 and S24 –S29 ). 

econvolution of mixed structural states on 

ynthetic data 

o rigorously test the model’s ability to quantitatively pre-
ict secondary-structure populations in heterogeneous ensem-
les, we generated synthetic datasets for an in-house designed
istable RNA carrying two mutually exclusive hairpins. We
eliberately designed this construct so that we could also as-
ay the very same sequence experimentally (discussed in the
ext section); accordingly, we appended primer binding sites
t the 3 

′ and 5 

′ ends. Concretely, the final construct has the
rchitecture 

5′ –PBS1–A1–L1–B –L2–A2 –PBS2–3′ , (6)

here PBS1 and PBS2 are distinct primer binding sites, A1 and
2 are identical copies of the same sequence, and B is comple-
mentary to A1/A2. In this design, A1 and A2 compete to pair
with B, producing two mutually exclusive hairpins (helix 1:
A1:B; helix 2: A2:B). L1 and L2 are short linkers designed to
act as tetraloops for the hairpins. 

While the original design targeted roughly equal popula-
tions of the two helices, the thermodynamic model allows
us to artificially bias the ensemble to favor either helix. We
then simulated mutation profiles for the two cases—when ei-
ther helix is always formed—and combined these profiles in
known proportions to create synthetic datasets with varying
helix populations, ranging from 0 to 1 in increments of 0.2.
To generate realistic mutation profiles, we used the physical
parameters inferred from our analysis on experimental data
from biologically relevant RNAs (the “Transferability and ac-
curacy of the physical model” section). 

We then trained our model on these synthetic datasets. Fol-
lowing the procedure established earlier, we first performed a
joint fit of the physical parameters across all datasets, starting
from random initializations. Subsequently, we optimized the
soft constraints λi for each dataset individually. The results,
presented in Fig. 5 , show that the model accurately recovers
the expected base-pairing probabilities for both helices across
all synthetic datasets. The method is robust to the presence of
additional base pairs formed by the random primer binding
sites. Overall, these synthetic data tests validate the model’s
ability to recover structural populations consistent with the
known ground truth (Fig. 5 c). 

A putatively bistable sequence exhibits a 

heterogeneous ensemble with strand displacement 

To validate our model on experimental data for the same sys-
tem, we collected DMS-MaP data on the putative bistable
RNA construct described in the previous section. The data
were collected at multiple DMS concentrations, 0–100 mM at
steps of 20 mM, two replicates each. The obtained mutation
profiles are visualized in Fig. 6 a. We then trained our model
on these experimental datasets, following the same procedure
as in the previous section. Note that the sequence, as discussed
earlier, was designed to adopt two mutually exclusive helices.
We then applied our model to infer the structural ensembles
from the data. 

Similarly to what we have done in a previous paragraph,
to challenge our model’s ability to recover the correct struc-
tural ensemble from an inaccurate thermodynamic baseline
[ F0 term in Equation ( 3 )], we performed the fitting procedure
using two different baseline models. We first used the default
Turner 2004 parameters [ 36 ], which were employed in the
original sequence design. We then repeated the analysis with
the Andronescu 2007 parameters [ 38 ], which predict a sub-
stantially different initial ensemble with populations of ∼20%
helix 1 and 80% helix 2, in stark contrast to the roughly
50–50 distribution predicted by the Turner 2004 parameters,
as illustrated in Fig. 6 b, dotted lines. 

The results of our model fitting are presented in the same
panel as solid lines. Remarkably, the two predictions of
MERGE-RNA are consistent with each other, regardless of the
initial thermodynamic parameter used, signaling robustness of
the prediction with respect to the baseline parameters. In both
cases, the model adjusts the ensemble of structures so that the
resulting ensemble slightly favors helix 1, in accordance with
the lower mutation rates observed in the experimental data
(Fig. 6 a). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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Figure 5. Model accurately deconvolves mixed structural st ates from synthetic dat a. ( a ) Base-pairing probabilities inferred from fitting on synthetic dat a 
for a bistable RNA sequence. The data were generated from an RNA construct with two competing helices (helix 1 and helix 2), where the ground-truth 
population of helix 1 was systematically varied from 0 to 1 with steps of 0.2. The model’s predicted pairing probabilities are shown for each case. ( b ) Arc 
plots of the inferred structural ensemble for two limit cases: when helix 1 is dominant (gold) and when helix 2 is dominant (black). ( c ) The helix 
population inferred by the model is plotted against the ground-truth population. The inferred population is quantified as the median of the base-pairing 
probabilities over the respective helical regions, highlighted in panels (a) and (b). 
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Crucially, MERGE-RNA does more than adjust the popu-
lations of the two competing helices. It reveals a gradient in
base-pairing probabilities within regions A1 and A2, where
nucleotides closer to the central domain (B) are more likely
to be paired, reflecting the slope observed in the experimental
mutation profiles (Fig. 6 a). Beyond the two fully-formed he-
lices, the model resolves intermediate states in which B is par-
tially paired with both A1 and A2, as schematically illustrated
in Fig. 6 c. This mechanism, known as strand displacement (or
strand invasion) [ 43 ], has been observed in biological systems
and is consistent with the observed mutation profile: regions
nearest the central domain are expected to pair first during dis-
placement, and accordingly show reduced reactivity closer to
the loops (Fig. 6 a). The presence of such intermediate states
is expected if the two loops are sufficiently stable. Analysis
of loop co-occupancy ( Supplementary Table S4 ) demonstrates
capture of intermediate states missed by standard models.
While baseline ensembles rarely allow both loops to form ( <
0 . 2 %), the model predicts simultaneous pairing in 42%–57%
of structures, consistent with the observed mutation profiles
and reflecting the strand-displacement mechanism in which
the central domain transiently pairs with both competing he-
lices. We repeated the same analysis with the optimized Deigan
pseudo-free-energy approach ( Supplementary Fig. S30 ). Al-
though the method partially captures the strand-displacement
behavior, the inferred ensemble depends strongly on the prob-
ing concentration and on the baseline ensemble. Overall, these 
results demonstrate MERGE-RNA’s ability to capture a con- 
tinuous spectrum of low-population intermediates that stan- 
dard thermodynamic models fail to predict, independently of 
the baseline thermodynamic model. 

Discussion 

In this work, we have introduced MERGE-RNA, a physics- 
based framework for the analysis of chemical probing data 
that addresses fundamental limitations of conventional ap- 
proaches. Our approach moves beyond the use of experi- 
mental data as simple pseudo-energetic restraints [ 14 ] and in- 
stead models the entire experimental pipeline, from the phys- 
ical interaction of the probe with the RNA to the final mu- 
tational readout. This enables the determination of transfer- 
able, physically meaningful parameters and the integration of 
multiple datasets for inferring the native structural ensemble.
Like all current thermodynamics-based ensemble prediction 

methods, MERGE-RNA ultimately relies on the underlying 
nearest-neighbor thermodynamic model as its prior. The in- 
ferred soft constraints compensate for systematic discrepan- 
cies between this prior and the experimental data, but they 
cannot fully eliminate limitations arising from an incomplete 
physical description of RNA folding. Improvements in ther- 
modynamic models are therefore expected to translate directly 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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Figure 6. Ensemble inference on experimental data for a putative bistable RNA exhibits evidence of strand displacement. ( a ) Per-nucleotide DMS-MaP 
mutation profiles for adenines and cytosines across 0–100 mM (20 mM steps; two replicates each) for a putative bistable RNA. We leave out of the plot 
the primer binding sites for better visualization. Two regions [A1 on the left and A2 on the right, as defined in Equation (6)] are competing to pair with the 
central region (B). They show a slope in the reactivit y profile that is compatible with a strand displacement mechanism. ( b ) Pairing probabilities obt ained 
from the ensemble predicted by MERGE-RNA (solid lines) after fitting on experimental data, with Turner 2004 [ 36 ] (crimson) or Andronescu 2007 [ 38 ] 
(steel) thermodynamic models as baselines. MERGE-RNA is able to fix both the baseline predictions (dotted lines) and retrieve pairing probabilities 
consistent with the observed mutation rates. ( c ) Schematic depiction of the ensemble of structures as predicted by the baseline thermodynamic model 
(above) and MERGE-RNA fitted on the experimental data (below). While the thermodynamic model predicts only the two configurations with 
fully-formed helices, MERGE-RNA captures a wealth of intermediate states where strand displacement occurs. 
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nto improved ensemble predictions within our framework.
pplied to a homogeneous set of structured RNAs probed
cross multiple DMS concentrations and replicates, the model
ields physical parameters that transfer across sequences and
roduces ensembles that agree with deposited structures more
losely than the standard pseudo-free-energy approach. On
he same systems, the sweet-spot behavior under uniform soft
onstraints, the improved correlation with mutation rates,
nd the localized disagreements between deposited structures
nd probing signals all point to the same conclusion: our re-
ults suggest that even RNAs typically regarded as well-folded
ay not be fully described by a single static structure un-
er the conditions of the probing experiment. A more di-
ect test of the inferred heterogeneity is provided by the V.
ulnificus adenine riboswitch, where NMR offers indepen-
ent ground truth on the co-existing conformers and where
ther deconvolution methods have been benchmarked; here
ERGE-RNA recovers the resolved conformations and re-

roduces the ligand-dependent population shifts, including a
igand-dependent structural midpoint in agreement with the
MR-derived Kd . MERGE-RNA predicts a somewhat smaller

igand-induced increase in the P1 population than reported
rom the NMR and DANCE-MaP analyses. However, we re-
ard this discrepancy to be minor compared with the overall
greement on the biologically relevant conformational transi-
ion considering the following factors: (i) the probing experi-
ment was performed on a longer construct, which may have
altered the relative populations of the two conformers; (ii)
NMR and DANCE-MaP assume the existence of only a few
discrete states, while MERGE-RNA allows for a more hetero-
geneous ensemble; and (iii) other differences in the experimen-
tal conditions and inherent uncertainties in both the NMR and
MERGE-RNA populations. Interestingly, the Deigan pseudo-
free-energy approach yields a similar apparent Kd , but sub-
stantially over-stabilizes the P1 helix and fails to reproduce
the accompanying destabilization of the Shine–Dalgarno se-
quence required for the regulatory conformational switch. To-
gether with the deconvolution results on synthetic and experi-
mental bistable constructs, these findings show that the frame-
work can quantitatively characterize conformational popula-
tions, including the intermediates that arise in processes such
as strand displacement and co-transcriptional folding. 

We note that our model explicitly includes all four nu-
cleotides even though DMS exhibits structure-dependent re-
activity primarily with A and C. Including the complete se-
quence leads to more robust estimates of the physical param-
eters, ultimately improving the accuracy of inferred structural
ensembles. In principle, it could be extended to model pair-
dependent reactivity in U and G nucleotides so as to fully ex-
ploit information reported by four-base DMS [ 40 ]. The sepa-
ration of RNA thermodynamics (baseline model and λi ) from
probe-specific physics (all of the other parameters) enables
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future multi-probe extensions. One could analyze data from
CMCT [ 44 ], SHAPE [ 45–47 ], hydroxyl radical footprinting
[ 48 ], and ETS [ 49 ] simultaneously. IPANEMAP [ 50 ] showed
improvements from multi-probe integration but relies on em-
pirical conversions. In our framework, each probe would be
modeled with its own parameters, while each RNA molecule
would have specific λi values, leveraging orthogonal chemical
information. 

A central strength is the ability to avoid over-constraining:
standard pseudo-free-energy approaches [ 14 ] modify the en-
ergy landscape globally, often altering already-correct regions.
Similarly to Washietl et al. [ 15 ], our framework infers mini-
mal soft constraints, ensuring modifications arise only where
data support deviation, and resulting in a lower loss (see
Supplementary Fig. S1 ). In addition, our physics-based model
naturally enables the combination of multiple datasets in a sin-
gle fitting process. Among ensembles compatible with experi-
ment, the maximum entropy principle chooses the one closest
to the prior, and modifications of the ensemble are here reg-
ularized by bounding soft constraints. Alternative regulariza-
tion approaches might be explored [ 51 , 52 ]. 

Several existing methods also aim to extract information
about RNA structural ensembles from chemical probing data,
although they address related rather than identical inference
problems. Existing ensemble-deconvolution pipelines such as
DREEM [ 53 ], DRACO [ 18 ], and DANCE-MaP [ 19 ] clus-
ter sequencing reads with multiple co-occurring modifica-
tions and assign each cluster to a discrete structure. By cap-
italizing on per-read correlation patterns, these methods re-
cover information about alternative conformations but at the
cost of discarding the abundant reads with zero or single
modifications and demanding deep coverage to resolve low-
probability states. Alternative ensemble fitting approaches
include Rsample [ 54 ] and SLEQ [ 55 ]. Rsample employs a
sample-and-cluster approach, reweighting the Boltzmann en-
semble through pseudo-free-energy adjustments resembling
our soft constraints, though without physics-grounded cali-
bration, but rather adopting an empirical strategy in a non
self-consistent fashion. SLEQ uses a sample-and-select strat-
egy rooted in the maximum parsimony principle to identify
the sparsest set of structures explaining modification patterns,
differing from our maximum entropy approach designed to
minimally perturb the thermodynamic model. Our frame-
work calibrates against averaged mutational fractions, ensur-
ing every read (even negatives) contributes signal in sparse-
modification regimes. This distinction is illustrated by the ade-
nine riboswitch analyzed in this work, for which we use ex-
actly the DMS dataset originally introduced in the DANCE-
MaP study [ 19 ]. Despite relying only on the averaged muta-
tion profile rather than read-level co-occurrence information,
MERGE-RNA recovers the same ligand-dependent structural
rearrangement reported by DANCE-MaP. The trade-off is
loss of explicit per-read co-variation, though reads could in
principle be integrated to fine-tune populations. In fact, our
framework enables the estimation of the likelihood of gen-
erating each read, which could be used to assign reads to
structures and further refine population estimates, though
we leave this as a future extension. Read-level clustering
would struggle to distinguish multiple similar conformations
and represent continuous ensembles with many intermediates
(e.g. strand-displacement pathways). Furthermore, alternative
methods assume each read originates from a single struc-
ture, which may not hold for RNAs undergoing rapid dy-
namics. Our framework models ensemble-averaged behavior 
directly, accommodating fast interconversions at equilibrium.
Consequently, our framework captures both discrete alterna- 
tive structures and continuous ensembles enabling interpreta- 
tion of dynamic processes. Strikingly, even without individual 
reads, the model reconstructs correlations and measures mi- 
nor substate populations, which would be missed in methods 
that enumerate a small number of representative structures. 

A key feature is predicting the structural ensemble at any 
probe concentration, especially extrapolating to zero con- 
centration for the native state. In our analyses, base-pairing 
probability dependence on concentration was modest, intro- 
ducing partial parameter under-determination (e.g. increasing 
μ mimics decreasing pbind ). This does not compromise ro- 
bustness or transferability (Fig. 2 a) and can be mitigated by 
widening the concentration range; Bayesian treatment could 

be used to quantify identifiability. At the same time, the model 
is equipped to handle systems where probes induce signifi- 
cant non-linearities [ 22 ] from rearrangement, denaturation,
or saturation. Standard protocols recommend avoiding these 
effects by reaching the single-hit kinetics [ 56 ], which might 
be difficult or impossible for large RNAs, and intrinsically 
eliminates correlation information. Explicitly modeling these 
concentration-dependent perturbations might enable a more 
faithful representation of native conformational landscapes. 

MERGE-RNA is intended for detailed ensemble inference 
on selected RNAs rather than transcriptome-wide analysis. Its 
optimization procedure is naturally more computationally de- 
manding than a single thermodynamic folding calculation be- 
cause it repeatedly evaluates partition functions during like- 
lihood optimization. In the current implementation, the sys- 
tems studied here required from ∼1–2 h for the smaller RNAs 
(e.g. the adenine riboswitch and cspA) to ∼1–2 days for the 
largest benchmark systems on a single workstation. Neverthe- 
less, the framework scales well to datasets comprising multiple 
measurements of the same RNA or collections of RNAs ac- 
quired under comparable experimental conditions, where the 
global physical parameters can be inferred jointly. Extending 
the approach to transcriptome-wide applications will require 
more efficient optimization strategies. Such strategies are cur- 
rently under development and are expected to substantially 
improve the scalability of the framework. An additional exten- 
sion concerns RNA–protein interactions that confound prob- 
ing readouts. Known contacts could be excluded from the loss 
and constrained against internal pairing; unknown interaction 

sites could be flagged by localizing discrepancies between pre- 
dicted and observed profiles. 

We note that validation of RNA structure prediction meth- 
ods typically relies on reference structures from crystallog- 
raphy, cryo-EM, or covariance analysis, each with inherent 
biases. Crystals often fail to form for conformationally het- 
erogeneous molecules, selecting against dynamic ensembles.
Cryo-EM reconstructions typically use only a small fraction 

of recorded particles, with difficult-to-estimate effects on cap- 
tured dynamics. Covariance-based methods reflect evolution- 
arily conserved, biologically functional structures, which may 
represent only a subset of conformations observed in vitro .
These considerations highlight the value of probing-based en- 
semble methods as a complementary approach to traditional 
structure determination. 

We acknowledge important limitations. The underlying Vi- 
ennaRNA framework does not account for pseudoknots, criti- 
cal for many RNAs. More generally, secondary structure alone 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag917#supplementary-data
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ay not suffice to predict DMS reactivities, which can de-
end on 3D features [ 57 ]. Possible factors neglected here in-
lude solvent accessibility, backbone geometry, stacking con-
ext, conformational dynamics, tertiary contacts, and the lo-
al electronic environment of the reactive nitrogen. In partic-
lar, low reactivity should not always be interpreted as evi-
ence of canonical base pairing, since nucleotides may also
e protected by tertiary contacts, non-canonical interactions,
olvent accessibility, or other structural features not repre-
ented in the current model. Consequently, the present imple-
entation may attribute part of this protection to secondary

tructure, potentially overestimating localized structural het-
rogeneity in some regions. Despite these limitations, we here
how that MERGE-RNA can be used in a wide range of con-
exts, systematically increasing the correlation between base-
airing probability and observed DMS reactivity and reca-
itulating reference RNA conformational ensembles. Finally,
hile physical parameters transfer across RNAs under con-

tant conditions, transferability between varying conditions
temperature, buffer, probing duration) is not guaranteed; we
ecommend fitting similar-condition data together. Broader
pplicability would require modeling parameter dependence
n experimental variables. 
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