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Because of their potential utility in predicting conformational
changes and assessing folding dynamics, coarse-grained (CG) RNA
folding models are appealing for rapid characterization of RNA
molecules. Previously, we reported the iterative simulated RNA
reference state (IsRNA) method for parameterizing a CG force
field for RNA folding, which consecutively updates the simulation
force field to reflect marginal distributions of folding coordinates in
the structure database and extract various energy terms. While the
IsRNA model was validated by showing close agreement between
the IsRNA-simulated and experimentally observed distributions,
here, we expand our theoretical understanding of the model and,
in doing so, improve the parameterization process to optimize the
subset of included folding coordinates, which leads to accelerated
simulations. Using statistical mechanical theory, we analyze the
underlying, Bayesian concept that drives parameterization of the
energy function, providing a general method for developing predic-
tive, knowledge-based, polymer force fields on the basis of limited
data. Furthermore, we propose an optimal parameterization pro-
cedure, based on the principal of maximum entropy.

1. Introduction

The dynamics and structure of biological polymers, such as ribonucleic acid
(RNA), provide insight into their evolutionary functional mechanics [1]. To
grasp the function of existing RNA molecules and to design RNA-based ther-
apeutics, we require deep knowledge of tertiary (3D) structure, kinetics, and
thermodynamic stability that can be gained through rapid computational
characterization techniques [2]. Recent discoveries highlighting the diversity
and biological importance of RNA molecules have spurred rapid advance-
ments in structure prediction [3–7], which use diverse methods, from bioin-
formatics data fitting to all-atom simulations, to predict RNA structure [8].
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Knowledge-based, template-fitting methods can rapidly predict RNA struc-
tures with phylogenetic similarities to existing structures, especially if tem-
plates are available for the structure of interest [9]. However, they are limited
by the availability of known structures and fragments, and most of these pre-
dictive methods do not attempt to predict conformational changes or folding
dynamics, limiting their usefulness for predicting RNA characteristics. Un-
like the template-based methods, all-atom molecular dynamics (MD) simu-
lations do not necessarily rely on existing templates because of their ab initio
nature, and they can be used to detail folding dynamics [10–12]. However, for
lengthy RNA (>40 nucleotides), the enormous conformational space makes
exhaustive, all-atom MD on the scale of milliseconds or seconds impossible
with current computational limitations [13, 14].

Taking advantage of the strengths of both template-based, data fit-
ting approaches and physics-based methods, coarse-grained (CG) molecu-
lar dynamics (CGMD) simulations constitute an appealing middle-ground
between these extremes. By representing groups of atoms with CG pseu-
dobeads, we overcome the limitations of the intrinsically large conforma-
tional space of long RNA molecules, smoothing the all-atom, rugged free
energy landscape and selecting only the degrees of freedom necessary to
capture the conformational dynamics, which accelerates simulations by both
reducing the computed degrees of freedom and increasing the diffusion co-
efficient of the molecule on the energy landscape [15]. An ideal CG folding
model would use a simple description that optimizes sampling efficiency
while extending the ability to accurately estimate observables to larger
RNA systems. CG force fields can be parameterized using physics-based,
knowledge-based, or hybrid methods. Physics-based methods generally use
clever averaging schemes to coarsely estimate forces from all-atom interac-
tions, while knowledge-based methods calculate interaction occurrence fre-
quencies from solved 3D structures. Hybrid approaches may use knowledge
of the solved structures to estimate local, physical potentials from statisti-
cal distributions—such as bond stretching, bond angle bending, and torsion
angle constraints—or non-local energy functions may be calculated using
physics-based methods [16, 17]. Regardless of the particular parameteriza-
tion strategy, CG folding methods can overcome computational limitations
seen in all-atom sampling while providing more information about confor-
mational dynamics than static, template-based prediction methods.

Previously, we reported the IsRNA method for parameterizing a CG
force field for RNA folding [18]. While diverse CG models using a variety
of resolutions and representations have been developed [5, 9, 16, 17, 19–26],
the IsRNA model represents nucleotides using four or five beads and has
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two main advantages. Firstly, the IsRNA model estimates an n-dimensional
joint probability distribution from limited experimental data, using iterative,
consecutive inclusion of observed folding coordinate distributions, which al-
lows the model to account for correlation effects, where n is the number
of variables required for convergence between the simulated and experi-
mentally observed marginal distributions of the set of considered folding
coordinates. Secondly, the IsRNA model accounts for both native and non-
native interactions in RNA folding. Provided with 2D constraints, the force
field reproduces RNA observables and known 3D structures with alacrity.
In combination with efficient experimental data to determine the 2D struc-
ture, this method can rapidly fold RNA molecules, finding low-energy can-
didates that represent the native structure. Efficient data can also be used
to sieve experimentally-compatible structures, strengthening the prediction
quality [27].

Here, we lay out a cohesive theory for parameterizing a CG force field for
predictive polymer folding on the basis of knowledge extracted from a struc-
tural database. Using an iterative, Bayes-inspired approach, we construct
a CG force field from consecutive simulations and marginal distributions
of collective variables extracted from the RNA PDB database. The distri-
butions of these variables are not statistically independent, so their joint
distribution cannot be calculated by simply multiplying their marginal dis-
tributions together. Furthermore, the data is limited, so a joint distribution
that reflects the full system energetics cannot be directly extracted from
the structural data. Since the marginal distributions are not independent
and we do not have enough data to extract an accurate force field from
a joint distribution of folding coordinates, we combine data from reference
simulations with observed marginal distributions to update our prior esti-
mate of the joint force field in a Bayes-inspired approach. By adding new
marginal distributions into the model one-by-one until all of the considered
marginal distributions are reproduced by the energy function, we estimate
a joint energy function for CG polymer folding simulations. This paper uses
statistical mechanics to clarify the underpinning theory and assumptions in
the model. Parameterization of the force field is optimized using the princi-
ple of maximum entropy, which informs the model of the optimal marginal
distribution to include in the following step. In previous work, the princi-
ple of maximum entropy has been used for modeling intrinsically disordered
proteins [28] and for combining experimental and simulation data [29]. We
show that the principle of maximum entropy is directly related to the model,
providing support for the underlying theory. Furthermore, the principle of
maximum entropy has a Bayesian interpretation [30], providing a conceptual
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framework for easily understanding the model theory. We also illustrate the
predictive power of the IsRNA model by applying it to accurately fold RNA
into near-native 3D structures.

2. Theory and methods

In this section, we describe and expand the theory supporting the iterative
simulated reference state method of building a CG polymer force field, show-
ing how to optimize inclusion of new folding coordinates consistent with the
principle of maximum entropy. First, we describe the system setup and pro-
vide a simple example for how, in theory, we can use statistical mechanics
principles to extract a CG energy function that is consistent with obser-
vations in the structure database. Second, we generalize and expand this
theory into a workable model that uses iterative corrections to avoid growth
of numerical instabilities during the practical parameterization process for a
general polymer. Finally, we describe the principle of maximum entropy and
show how it can be used to optimize the order of inclusion of new folding
coordinates. We also show that our procedure is consistent with the prin-
ciple of maximum entropy to provide further evidence that the method for
parameterizing a CG polymer energy function is sound.

2.1. Setting up the system

In the IsRNA model, we use two CG beads (P and S) to represent the
phosphate and sugar moiety on the backbone, respectively. For the base,
purines (pyrimidines) have three (two) CG beads, and the model uses a
total of ten beads. Non-local, base pairing interactions are realized with two
pairwise interactions, so we can model hydrogen bonding configurations and
energies for various base pairing configurations. See Fig. 1 for details of the
mapping from all-atom structure to CG representation.

We begin our approach with the most basic assumptions about RNA
polymer interactions. Namely, we assume a non-interacting reference state
and extract statistical potentials of bond stretching connectivity and
Lennard-Jones (LJ) volume exclusion terms so that the backbone energy
is

(1) Ebk(b, r) = Ebond(b) + ELJ(r)

and we use those as the starting CG force field, generating the ref0 con-
formational ensemble. As is shown in Fig 2A, this information is sufficient
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Figure 1: Coarse-grained descriptions of canonical A, U, G, C nucleotides.
The backbone is represented by beads located at the P and C4’ atoms (de-
noted S for the related ribose sugar). Purine (A and G) bases are represented
by three beads each (RC, AC, AN) and (RC, GO, GN). Pyrimidine (U and C)
bases are represented by two beads each (YC, UO) and (YC, CN). CG beads
for the bases are centered at the corresponding heavy-atom group center-of-
mass.

to reproduce the θ2 bond angle distribution through simulation, which is

already determined by the chain connectivity and volume exclusion infor-

mation.

Our goal is to accurately estimate the folding energy function for RNA

interactions, which are captured by bond distance b, bond angle θ, torsion

φ, and distance-based r non-local base interaction energies. In summary, our

total energy function can be written as

(2) Etot(b, r, θ, φ) = Ebk(b, r) + Eangle(θ) + Etorsion(φ) + Epair(r) + Eele(r)

Although this is written as a sum of energy functions, the correlations are

implicitly included through simulations, which allows us to ascertain what

information about a new folding coordinate is already included in the esti-

mated CG force field.
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2.2. Supporting the IsRNA theory with statistical mechanics

Here, we provide an example to illustrate how we can use statistical mechan-
ics to build the total force field by consecutively updating our prior energy
function to enforce compatibility with an observed folding coordinate distri-

bution. Using E
(i)
ref as the reference state force field from inclusion of the ith

folding coordinate, we can run a CGMD simulation and extract the simu-
lated distribution pref(θj) = psim(θj)|ref of the jth bond angle θj . From the
PDB database, we also know the observed distribution pobs(θj), and we can
calculate the difference between the observed and reference energy functions
using

(3) E(θj) = − ln pobs(θj) + ln pref(θj) = − ln
pobs(θj)

pref(θj)

where we use the dimensionless kBT = 1 in this section for simplicity.
Accounting for the difference between the observed distribution and the
CGMD-generated reference distribution, we define the energy function for
the next simulation as

(4) E
(i+1)
ref (θj) ≡ E

(i)
ref(θj) + E(θj)

Physically, this ensures that our energy function is only adding the missing
information about θj into the force field. Explicitly, we can show that this
energy function will reproduce the observed distribution. The marginal refer-
ence distribution of θj generated via simulation can be written in terms of the
reference joint energy function with previously added terms integrated out:

(5) p
(i)
ref(θj) =

∫
e−E(i)

ref (b,r,θ,φ) db dφ dr dθ0 . . . dθj−1

Similarly, the simulated distribution of θ after including information
about the observed distribution can be written

(6)

p
(i+1)
sim (θj) =

∫
e−E

(i+1)
ref (b,r,θ,φ) db dφ dr dθ0 . . . dθj−1

= e−E
(i)
ref (θj)e−E(θj)

= p
(i)
ref(θj)

pobs(θj)

p
(i)
ref(θj)

= pobs(θj)

which shows that simulations using E
(i+1)
ref (b, r, θ, φ) as the CGMD force

field can reproduce the marginal probability for some bond angle θj after
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Figure 2: Correlated folding coordinates lead to same final energies regardless
of parameterization order. A) After incorporating bond length information
in our reference force field, information about the S-RC-GO bond angle θ1
still needs to be included because the reference simulation does not cap-
ture the θ1 distribution. However, a correlated GO-RC-GO angle θ2 is fully
captured by the reference force field without being explicitly included in the
force field. B) As we include more folding coordinates in our energy function,
the 5’S-P-S-RC3’ torsion angle φ becomes more similar to the observed distri-
bution, indicating correlation between φ and the previously included struc-
ture factors. C) and D) Although the individual factors are correlated, the
final energy function yields the same final energies, regardless of parameter-
ization order. In C), the r1 folding coordinate is incorporated into the force
field, followed by r2. In D), the parameterization order is reversed, but the
final total energies and distributions produced by simulation are unchanged.

information about that coordinate is included in the force field. Indeed, once

we include a coordinate, we find that the simulated distribution does match

the observed distribution for that folding coordinate (see Fig. 2A-D).



72 Travis Hurst et al.

To emphasize our previous point, although the force field is an additive

sum of the different terms, the local variables (b, θ, φ) are still correlated

through the non-local distance (r), which is a function of (b, θ, φ) in a highly

coupled form. Similarly, the E(θ) and E(φ) energy terms are also coupled

through non-local interactions. Without inclusion of the non-local terms,

some of the local terms may be physically uncorrelated.

2.3. Generalizing and numerically stabilizing the model

Up until here, we have simplified the theoretical arguments in the previous

work [18]. Now, we will pivot to expand the IsRNA approach in greater theo-

retical and practical detail to provide a general method for parameterizing a

CG polymer force field. In general, the joint probability distribution cannot

be uniquely determined from the set of marginal probability distributions

that compose it, which is why we cannot simply multiply together all of the

observed marginal distributions we find in the structure database to calcu-

late the joint distribution and the total force field. However, by simulating

the conditional probability distributions, we may estimate the joint probabil-

ity distribution. In theory, we can broaden our method to use any collective

variables of the system, and we are not limited to simple folding coordinates,

such as distances and angles. However, the more time-consuming a collective

variable is to calculate, the less efficient simulations using that variable will

be, so simple distances and angles are appealing building blocks for a CG

force field. We take the general perspective that the marginal distribution

of a collective variable extracted from a reference simulation as described

in the previous section can be viewed as the marginal distribution, condi-

tional on the previously included distributions of collective variables. Then,

the estimated energy function after each consecutive step is extracted from

the estimated joint distribution of all the considered collective variables,

conditional on the already included distributions of collective variables.

Our energy function is considered to converge when the estimated joint

distribution after a step is sufficient to reproduce via simulation all of the

considered observed marginal distributions, including those marginal dis-

tributions that have not been explicitly included in the joint distribution.

For instance, assume we have a set of m calculated collective variables

(x0, . . . , xm). Assume that so far in our procedure, we have explicitly in-

cluded j (< m) collective variables to produce an energy function E(x0, . . . ,

xj). If the marginal distributions observed from the structural database

agree with the marginal distributions extracted from the simulation results,
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the energy function converged, and our force field is adequately parame-
terized, having captured all of the available information in the considered
distributions. While here we use marginal probability distributions, the ex-
plicit inclusion of some correlation effects by consecutively including some
joint distributions of pairs of collective variables may be beneficial to explore,
if enough data is available.

Again using statistical mechanics, we show here that the model provides
a sound method for parameterizing a predictive force field. After running
the simulation with reference energy parameters for backbone bond length
and volume exclusion to provide a starting reference state with E = 0, we
obtain the simulated distribution for the first collective variable to be added,
psim(x0)|0. We can write the energy function function from the observed
structures as

(7) E(x0)|x0
= − ln

p(x0)

psim(x0)|0

where p(x0) is observed from solved structures. Again, we use kBT = 1 for
convenience. This energy function provides constraints for the next simula-
tion step and is analytically sufficient to reproduce the p(x0) distribution
via simulation.

(8) psim(x0)|E0
=

Ωe−E(x0)∑
x0

Ωe−E(x0)
= p(x0)

which is the result we obtained in Eq. 6. Here, we used the identity g(x0) =
Ω · psim(x0)|0, where Ω is the total number of conformations generated by
the simulation, and g(x0) is the degenerate distribution function obtained
from simulation.

Generalizing the estimated joint distribution after consecutive inclusion
of j marginal distributions, we find

(9) P (xj) = P (xn)
p(xj)

psim(xj)|En

n∏
i=0

p(xi)

psim(xi)|En

where j = n + 1, P (xj) = pest(x0, . . . , xj) are the joint distributions esti-
mated from inclusion of j = n + 1 marginals, and En = Eest(x0, . . . , xn)
is the estimated total energy function that provides constraints in the sim-
ulation step. The question now is whether we can analytically show that
this estimation of the joint probability will provide appropriate energy con-
straints for simulated reproduction of the marginal probabilities observed in
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Figure 3: Incorporating the first non-local pairwise folding coordinate. After
all the required local folding coordinates have been included in Eref(rs), non-
local base pairing effects can be accounted for. Once this collective variable
is included, the energy function produced by simulation Esim(rs) matches
the observed distribution in the structure database Eobs(rs).

the database. To evaluate this, we consider the case where j = 1 (i.e. the

inclusion of the second observed distribution into the energy function). Gen-

erating a simulated distribution of x1 on the basis of constraints provided

by Eq. 7, psim(x1)|E0
, we include the observed marginal distribution p(x1)

using

(10) P (x1) = P (x0)
p(x1)

psim(x1)|E0

p(x0)

psim(x0)|E0

where ideally

(11)
p(x0)

psim(x0)|E0

= 1

everywhere, according to Eqs. 6 and 8. However, retaining this in our expres-

sion allows us to correct any small numerical errors that would grow with

propagation as we build our estimated joint distribution, maintaining com-

patibility with the previously incorporated marginal distributions at each

step. This can also be viewed as including effects from cross conditional

probabilities into the estimated joint distribution. At this stage, our joint



Cohesive IsRNA model theory 75

Figure 4: A selection of extracted CG energy functions using the IsRNA
method. The left and middle columns show non-local energy functions be-
tween nucleotides. The right column shows the energy function for a local
bond length b, torsion angle φ, and bond angle θ.

energy function has the form

E(x0, x1) = − lnP (x0)
p(x1)

psim(x1)|E0

p(x0)

psim(x0)|E0

= E(x0)|x0
+ E(x0)|x0,x1

+ E(x1)|x0,x1

(12)

where as we alluded to earlier, the cross-conditional correction to the energy
E(x0)|x0,x1

≈ 0 everywhere, which implies that in the next step psim(x0)|E1
=

p(x0). Since we have explicitly shown our decomposition of the joint into
quasi-marginals that account for cross conditionals, the argument we made
in Eqs. 6 and 8 holds, and it can be shown that the simulated distribution
of x0 remains true to the observed marginal distribution from the structure
database(see Figs. 3 and 4 for examples).
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2.4. Maximizing entropy to optimize model construction

Although the consecutive procedure detailed above will lead to an estimated
joint distribution of our collective variables that is consistent with all of the
extracted marginal distributions—regardless of the order that the collective
variables are included—the convergence and dimensionality of the energy
function can be optimized on the set of all considered collective variables
using the principle of maximum entropy, capturing all of the information
with the fewest possible variables. In order to speed up convergence of the
energy function, the IsRNA model incorporates the collective variable that
requires the most change to the reference energy function in order to re-
produce the observed distribution of the variable via simulation. This well-
defined approach leads to an intuitively reasonable order of collective vari-
able inclusion. First, we extract bond length and volume exclusion terms.
After that, we include increasingly non-local terms, starting with bond an-
gles, moving to torsion angles, and ending with pairwise distances. Viewing
our problem from a Bayesian perspective, our objective is to optimally up-
date from a prior distribution Q = qest(xj)|En

to a posterior distribution
P = Pest(xj)|Ej

, given that the posterior lies within a certain family of pos-
sible distributions, p = pest(x0, . . . , xj)|Ej

. In our case, the posterior depends
on which collective variable we choose to include next (xj), and we want to
include the collective variable that maximizes our information gain at each
step. The selected posterior P is that which maximizes the entropy S[p, q].
Since prior information is valuable, the functional S[p, q] is chosen so that
beliefs are minimally updated to the extent required by the new information.

The relative entropy between a prior distribution q(x) and a posterior
distribution p(x) is given by

(13) S[p, q] = −
∫

p(x) log
p(x)

q(x)
dx

This is a measure of surprise that is also called the Kullback-Leibler di-
vergence or the information gain. For our purposes, the term “information
gain” helps us intuitively understand how we can use this concept to param-
eterize a CG force field. Including this concept in our iterative, consecutive
procedure will allow us to reach a convergent energy function with the fewest
marginal distributions included in our calculation, which has three main ben-
efits. First, using fewer collective variables to parameterize the force field will
accelerate simulations. Second, parameterizing the force field in this fash-
ion requires less computational resources. Third, the concept of maximum
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entropy is well established, and the direct connection between IsRNA and
the theory provides support for the validity of IsRNA. In essence, we check
after each simulation to see which candidate observed marginal distribu-
tion disagrees the most with the simulated marginal distribution that was
constrained by the energy function comprised of all of the previously incor-
porated marginal and cross conditional distributions. The one that disagrees
the most gets incorporated into the joint distribution, providing the mini-
mum information that the model must include to gain compatibility with
all of the considered marginal distributions.

As can be seen in Eq. 12, our energy constraints supplied by new infor-
mation at step j can be written as

(14) Ej = − ln
p(xj)

psim(xj)|En

where j = n + 1. Identifying the candidate p(xj) as p and the previously
known information about the distribution of xj , psim(xj)|En

, as q, we see
that the principle of maximum entropy agrees with the incorporation of xj
into our energy function as long as no other xj can be found that increases
the amount of information we can gain in this step.

More directly, we can take the ratio of the estimated joint probability
before and after incorporating the new information to see how this is true.
Using Eq. 9

(15)
p

q
=

P (xj)

P (xn)
=

P (xn)
p(xj)

psim(xj)|En

∏n
i=0

p(xi)

psim(xi)|En

P (xn)

the joint probability from the previous step cancels in the ratio and leaves us
with our proposed information gain times the product of cross conditional
probability corrections, which we can take for the moment to be approxi-
mately unity (i. e. not contributing much to the information gain, according
to Eqs. 6 and 8). We therefore find

(16)
p

q
=

p(xj)

psim(xj)|En

which is the main ratio contributing to the maximum entropy (information
gain) formula.

Although we may choose any order of collective variables to include
in our energy function (see Figs. 2C-D), this method provides us with a
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method to minimize the number of variables required to accurately simulate
structures in agreement with the solved structure ensemble. The principle
of maximum entropy method also optimizes the parameterization process—
removing the need to guess and check the parameterization order—and sup-
ports our choice of marginal energy function. As we can see above, the
principle of maximum entropy is consistent with our statistical mechanics
approach to update the estimated joint probability distribution and corre-
sponding energy function.

2.5. Applying the model to fold RNA

Finally, the derived CG force field was applied to study RNA folding behav-
iors and 3D structure predictions. From coiled states, several RNA molecules
were de novo folded by applying the derived IsRNA force field through sim-
ulated annealing Molecular Dynamics (MD) in the modified LAMMPS [31]
package. In detail, annealing MD simulations were carried out on the struc-
tures, scaling the temperature from 350K to 200K over 500 ns of simulation
time with an integration time step of Δt = 1fs. Then, an additional 500
ns of simulation (1μs simulation time in total for each RNA molecule) was
performed at constant temperature (200K) to sufficiently sample the con-
formational space and snapshots were recorded every 100 ps from the tra-
jectories. To obtain the predicted 3D structure, structures in the 10% lowest
potential energy within the collected snapshots were clustered and the cen-
troid structure of the largest cluster was chosen. As shown in Fig. 5, for the
19-nucleotide duplex with a cytosine bulge [32] (PDB ID: 1DQF) and the
12-nucleotide CUUG hairpin loop [33] (PDB ID: 1RNG), the 3D structures
predicted by the IsRNA model have heavy-atom root-mean-square devia-
tions (RMSDs) of 2.2 Å and 2.5 Å, respectively. Additionally, the folding
behaviors of these RNA molecules are characterized by funnel-like plots of
the RMSDs with potential energies. Furthermore, simulation in the pro-
posed IsRNA model successfully elucidated the folding pathway for an RNA
pseudoknot by predicting a series of kinetically important intermediates and
incorporating information from a nanopore experiment and master equation
analysis [34]. Taken together, those results demonstrate that the derived CG
force field in the IsRNA model could serve as a potent tool to study RNA
folding behaviors and to predict RNA 3D structures.

3. Conclusion

In this work, we simplify the basic theory underpinning the IsRNA model
of parameterizing a CGMD force field. Further, we expand the model—
explaining the applicability of the model to a general polymer—and discuss
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Figure 5: Application of the IsRNA model in RNA folding simulations and
3D structure predictions for (A) the helix II of Xenopus laevis 5S rRNA with
a cytosine bulge (PDB ID: 1DQF) and (B) the CUUG hairpin loop (PDB
ID:1RNG). From left to right: the secondary structure extracted from the
native structure, the predicted 3D structure (red color) superposed to the
native structure (blue color), and the plot of RMSDs with potential energies
in the folding simulation.

our practical approach to attenuate numerical instabilities and errors that
may propagate without proper treatment in the model. Although the method
of building the force field by consecutively including marginal distributions
of individual distance and angle folding coordinates, one-by-one, works for
any order of folding coordinate inclusion, we found that optimizing the pa-
rameterization process using the principle of maximum entropy allows us
to capture all of the dynamic folding information contained in the solved
structure database with the fewest possible collective variables. Using the
principle of maximum entropy to guide the parameterization process has two
main benefits. First, parameterizing the model requires fewer steps, rapidly
converging to reproduce observed distributions of our collective variables,
and we don’t have to guess and check to minimize the number of collective



80 Travis Hurst et al.

variables required to capture all the information contained in the considered
coordinate distributions. Second, the force field uses the fewest possible col-
lective variables selected from the set of considered collective variables, which
will make simulations performed with the optimized IsRNA model more ef-
ficient. We also provide examples, applying the IsRNA model to fold RNA
structures of interest with high accuracy. While we have used this method
to successfully model 3D RNA folding, the methodology used in the IsRNA
model applies to a wide variety of biopolymer folding problems, and we
hope the present study will make the IsRNA procedure more approachable
to those desiring to build their own CG force field.
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