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Abstract. It has recently been found that some RNA functions are determined by the actual folding kinetics and not just the RNA’s nucleotide
sequence or its native structure. In this paper, we present our new computational tools that can study such functions by simulating the RNA
folding kinetics. We present our prediction results of (1) the relative plasmid replication rates of ColE1 RNAII and its mutants and (2) the relative
gene expression rates of MS2 phage RNA and its mutants. These results
show that our approach computes the same relative functional rates as
seen in experiments. Our computational tools can study RNA folding
kinetics such as population kinetics, folding rates, and the folding of
particular subsequences. Our method follows our previous work by first
building an approximate map (or model) of the RNA’s folding energy
landscape. Next, we analyze the population kinetics of the roadmaps by
solving the Master Equation. We can also use our new analysis technique, Map-based Monte Carlo (MMC) simulation, to stochastically extract folding pathways from the map. We first compare our methods with
other computational methods working on the complete energy landscape
showing that our small roadmap can capture the major landscape features. Moreover, we show that our method scales well to large RNA, e.g.,
200+ nucleotides. Finally, we demonstrate that our method can correctly
predict kinetics-based functional rates of ColE1 RNAII and MS2 phage
RNA and their mutants.
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Introduction

Ribonucleic acid (RNA) performs diverse and important functions such as synthesizing proteins, catalyzing reactions, splicing introns, and regulating cellular
activities [27, 15, 3]. It was once believed that an RNA’s functions are primarily
determined by its nucleotide sequence and native state. However, it has been
recently found that some RNA functions are determined by the folding process
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itself and not just the sequence and native state. For example, RNA folding
kinetics may regulate the plasmid copy number, e.g., accelerating the refolding
speed of RNA II can increase the E. coli ColE1 plasmids copy number [10]. In a
similar way, the velocity of RNA folding can also regulate gene expression at the
translational level. Some mutations of IS10 transposase mRNA slow folding kinetics of structure formation, and thus increase the ribosome-binding rate, which
results in higher expression of IS10 transposase [16]. It has also been shown that
the mRNA folding kinetics regulate the expression of phage MS2 maturation
protein [9, 15, 11]. The mRNA acts as a regulator only when a particular subsequence is open. Since it is closed in the native state, this can only happen before
folding finishes. The longer the RNA stays in a open metastable state, the higher
the gene expression rate. Thus, it is imperative to have a computational method
that can study both the global properties of RNA folding and more detailed
features related to kinetics-based functions.
In this work, we provide computational tools to approximate the folding energy landscape and extract both global properties and detailed features of the
folding process. The key advantage of our approach over other computational
techniques is that it is fast and efficient while bridging the gap between high-level
folding events and low-level folding details. Our method first builds a map (or
model) of the RNA’s folding energy landscape. We then use a new analysis technique called Map-based Monte Carlo simulation to extract folding pathways in a
stochastic way. With this analysis tool, along with others previously developed,
we can study population kinetics, folding rates, and the folding of particular
subsequences. These techniques allow us to study kinetics-based functions that
we could not study before. In addition, we extend the size of RNA our method
can handle hundreds of nucleotides by using a new statistical sampling method.
We validate our methods against other computational methods (Monte Carlo
Simulation) and experimental data. We first compare the kinetics of our small
approximated roadmap with the complete energy landscape. We show that our
roadmaps can capture the major features of much larger energy landscapes efficiently. We also demonstrate that our method scales well to large RNA with
hundreds of nucleotides. Finally, we present two cases to demonstrate how our
method can study kinetics-based functions. First, we compare simulated folding
rates for ColE1 RNAII and its mutants against experimental rates. We show
that we compute the same relative folding order as seen in experiment. Second,
we predict the gene expression rates of wild-type MS2 phage RNA and three
other of its mutants and match them to experiment. Again, we show that we
predict the same relative functional rates as seen in experiment. In this paper,
we provide results for RNAs with up to 200 nucleotides, and we anticipate that
our technique can be used for even larger RNA.

2

Preliminaries

An RNA molecule is a sequence of nucleotide bases. There are four types of bases:
adenine (A), cytosine (C), guanine (G), and uracil (U). The complementary

Watson-Crick bases, C-G and A-U, form stable, hydrogen bonds (base pairs)
when they form a contact. The wobble pair, G-U, constitutes another strong
base pair. These are the three most commonly considered base pairings [28, 32]
and are what we consider in our model.
RNA Structure. Tertiary structure is a 3D spatial RNA conformation of
a set of base pairs. Secondary structure is a planar representation of an RNA
conformation. Although there are several slightly different accepted definitions
[4, 12], secondary structure is usually considered to be a planar subset of the base
pair contacts present. Non-planar contacts, often called pseudo knots, are not
allowed in secondary structure. We adopt the definition in [12] that eliminates
other types of contacts that are not physically favored: (1) contacts must be
separated by at least 3 other bases, (2) each base cannot be involved in more
than 1 contact, and (3) contacts must be planar.
Tertiary structure gives the most complete representation of RNA structure.
However, secondary structure is commonly used [32, 28, 12] because in many
cases it provides sufficient information to study many aspects of folding while
dramatically reducing the size of the conformation space to explore. One justification for this simplification is that research has shown the RNA folding process
is hierarchical, i.e., secondary structure forms before tertiary structure [27]. In
this work, we focus on the first stage: secondary structure formation.
Energy Calculations. To model the RNA folding energy landscape, we
must be able to calculate the energy of any conformation. We use a common
energy function called the Turner or nearest neighbor rules [32]. This method
involves determining the types of loops that exist in the molecule and looking
up their free energy in a table of experimentally determined values. Intuitively,
adjacent contacts typically form stable subunits called stacks or stems that have
low energy. Much work has been done to improve the accuracy of these rules.

3

Related Work

Computational research on RNA folding falls into two main categories: structure
prediction and folding kinetics. Structure prediction attempts to compute the
native state given only the nucleotide sequence. Folding kinetics, on the other
hand, is concerned with the folding process itself and not just the end result.
Structure Prediction. Structure prediction is commonly solved with dynamic programming. Nussinov introduced a dynamic programming solution to
find the conformation with the maximum number of base pairs [20]. Zuker and
Stiegler [28] formulated an algorithm to address the minimum energy problem.
Today, Zuker’s MFOLD algorithm is widely used for structure prediction. McCaskill’s algorithm [17] uses dynamic programming to calculate the partition
function, i.e., the the sum of Boltzmann factors over all possible secondary structures, while Chen [4] uses matrices to approximate the partition function over
all possible conformations. Eddy and Dirks et. al. [22, 7] include pseudo-knots in
their structure prediction algorithms. Partly due to the inaccuracy of the energy
model, the prediction of pseudo-knot structures are typically less accurate.

Folding Kinetics. Several approaches have been used to study RNA kinetics. For example, Flamm et. al. [8, 11, 31] used Monte Carlo algorithms to find
folding pathways while Gultyaev and Shapiro et. al. [10, 23] used genetic algorithms. Isambert [31] extended Monte Carlo method to consider pseudo-knots.
Some methods involve computations on the folding landscape. Dill [4] used
matrices to compute the partition function over all possible structures and approximate the complete folding landscape. Ding and Lawrence [6] extended McCaskill’s algorithm to generate statistical samplings of RNA structures based
on the partition function. Wuchty [30] modified Zuker’s algorithm to generate
all secondary structures within some given energy range of the native structure.
Flamm and Wolfinger [8, 29] extended this algorithm to find local minima within
some energy threshold of the native state and connect them via energy barriers.
The resulting energy barrier tree represents the energy landscape. To calculate
the energy barrier, they used a flooding algorithm that is exponential in the size
of RNA. Thus, it is impractical for large RNA.
Some statistical mechanical methods are also used to study the RNA folding
kinetics. For example, the master equation is used to compute the population
kinetics of the folding landscape. It uses a matrix of differential equations to
represent the transition probabilities between conformations. Once solved, the
dominate modes of the solution describe the general folding kinetics [21, 13, 4].
RNA Folding with PRMs. Our approach is based on the probabilistic roadmap
(PRM) technique for motion planning [14]. Motion planning determines valid
paths to move objects from one conformation to another. PRMs build graphs
(roadmaps) that approximate the topology of the feasible planning space by
first sampling valid conformations (nodes) and connecting them with feasible
transitions (edges). Note that it is impractical (and generally not necessary) to
attempt all possible connections. Thus, connections are only attempted between
neighboring conformations according to some distance metric.
In previous work, we used PRMs to study protein folding [2, 1, 24, 26] and
RNA folding [25]. Roadmaps produced by these methods approximate the folding energy landscape. We obtained promising results that validated against experimental data and were even able to observe subtle folding differences between
structurally similar proteins [26]. We were also able to validate the population
kinetics of several small RNA against experiment [25].

4

Computational Methods

Our method first constructs a roadmap to approximate the energy landscape.
Then we use our map-based tools to analyze the energy landscape. In our previous work, we presented two sucssessful roadmap construction techniques: basepair enumeration(BPE) and stack-pair enumeration (SPE). While the results
were promising, they were limited to small RNA (less than 40 nucleotides). In
this work, we devlop Probabilistic Boltzmann Sampling (PBS) method to build
smaller (up to 10 orders of magnitude smaller than BPE) maps which enables us
to study much larger RNA. We provide several map-based analysis tools includ-

ing Map-based Master Equation (MME) and Map-based Monte Carlo (MMC)
simulation to extract folding kinetics. MME can extract global properties such as
folding rates and transition states, while MMC can extract microscopic features
of the folding process, e.g., subsequence formation order.
4.1

Using Roadmaps to Describe Energy Landscapes

The goal of roadmap construction is to approximate the energy landscape and
capture its important features. The quality of this approximation highly depends
on the quality of the sampling and connection methods. We will describe each
sampling and connection method in more details below.
Roadmap Node Sampling. Our method is general and thus can use conformations generated by any techniques. In our preliminary work, we used three
methods for generating RNA conformations: complete base-pair enumeration
(for small RNA), stack-pair enumeration, and maximal-contact sampling. While
stack-pair enumeration approximated the energy landscape well, it is limited to
small RNA where enumeration is feasible (e.g., 40 nucleotides or less). Here we
provide a new sampling method for larger RNA.
Probabilistic Boltzmann Sampling (PBS). Wuchty [30] proposes a dynamic
programming algorithm to enumerate suboptimal (low energy) conformations
within a given energy threshold. However, as the size of the RNA or the threshold increases, the number of generated nodes increases exponentially. Thus, it
is difficult for this method to generate high energy nodes. In our method, we
use these suboptimal conformations as “seeds” and augment the sampling with
additional random conformations. Then, we use a probabilistic filter to retain a
subset of the conformations based on their Boltzmann distribution factors. For
a given conformation i with free energy Ei , the probability Pi to keep it is:
( −(E −E )
0
i
kT
if (Ei − E0 ) > 0
Pi = e
(1)
1
if (Ei − E0 ) ≤ 0
E0 is a reference energy threshold which we can use to control the number of
samples kept. In this way, we may generate more conformations probabilistically
with the Boltzmann distribution which prefers low energy conformations but will
allow some high energy conformations. Our results indicate that this sampling
method captures the important features of the energy landscape well.
Roadmap Node Connection. Once we have a set of samples, we must connect them to form an approximate map of the energy landscape. As mentioned
earlier, it is impractical (and generally not necessary) to attempt all possible
connections. Instead, we attempt to connect a node with the k closest neighboring conformations according to some distance metric. k is a constant value
specified by user. Then each pair of neighboring roadmap nodes are connected
using a local planner. This is a commonly used strategy [14].
To connect a given pair of conformations, we need to compute a transition path (i.e., intermediate conformations) between them and approximate
the Boltzmann transition probability which is stored as an edge weight in the

roadmap. Note that these two goals are not always the same. For example, when
conformations are close to each other, one single (most energetic) transition path
may dominate the transition probability. However, when conformations are far
apart, there might be many possible transition paths where none dominate.
In our previous work, we presented a simple greedy algorithm that generates
a single transition path and computes the transition probability from that path.
It works well when conformations are close to each other. However, as the size
of RNA increases and thus the feasible sampling density decreases, this method
fails. Here we present methods designed to compute transition probabilities and
to generate transition pathways that do not have these problems.
Computing the Transition Probability. When an edge (qi , qj ) is added to the
roadmap, it is assigned a weight Wij that reflects the Boltzmann transition
probability between its two end points qi and qj . First, we find the stable subunits
(stems) that are different between qi and qj . We calculate the nucleation cost for
each stem (which is the energy barrier to form each stem) and find the maximum
cost. This maximum cost is an energy barrier Eb the folding process must go over
to form all the stems. We use Eb to estimate the transition probability between
qi and qj . This strategy is widely used in Monte Carlo simulations [11, 31] and
genetic algorithms for folding pathways [10, 23].
We calculate the Boltzmann transition probability Kij (or transition rate)
of moving from qi to qj using Metropolis rules [5]:
 −∆E
e kT if ∆E > 0
Kij =
(2)
1
if ∆E ≤ 0
where ∆E = max(Eb , Ej ) − Ei , k is the Boltzmann constant, and T is the
temperature. Note that the same energy barrier Eb is also used to estimate the
transition probability Kji , so the calculation satisfy the detailed balance:
−(Ej −Ei )
Kij
= e kT
Kji

(3)

Thus, the edge weight Wij is:
−∆E
.
(4)
kT
(Negative logs are used since 0 ≤ Kij ≤ 1.) By assigning the weights in this
manner, we can easily extract the most energetically feasible path in our roadmap
using simple graph search algorithms.
Generating Transition Pathways. First, we find the stems between the start
and goal configurations and calculate their nucleation costs. Then we generate
a transition pathway connecting the start and the goal configuration by probabilistically opening/closing the stems based on their nucleation cost.
Wij = −log(Kij) ) =

4.2

Map-based Analysis Tools

In this section we describe several different map-based analysis tools including
Map-based Master Equation (MME) and Map-based Monte Carlo (MMC) simulation to study folding kinetics. As implied by their names, MME and MMC

are variants of Master Equations and Monte Carlo simulations that work on our
maps. Basically, the master equation calculates global properties of the folding
process while Monte Carlo simulations provide details on individual folding pathways. However, they can both produce population kinetics, one directly and the
other indirectly. Given an ensemble of Monte Carlo simulation pathways, we can
can compute the population kinetics of a particular conformation by summing
up its population in each pathway for every time step. This approach is less accurate and will take more time and space than using the master equation directly.
However, it does not have the same numerical limitations as the master equation
and can handle much larger RNA. In our experimental results (Section 5.1), we
empirically compare the population kinetics by the master equation, standard
Monte Carlo simulation (implementation of Vienna Package), and MMC.
Map-based Monte Carlo Simulation. The folding process is stochastic
rather than deterministic [13]. Transitioning from one conformation to another is
probabilistically biased by the transition probabilities. Monte Carlo method [19,
13] simulate this random walk in the real (or complete) energy landscape. Kinfold
is a well-known implementation of Monte Carlo simulation in the ViennaRNA
Package [8]. These simulations can be computationally intensive since at each
step they must calculate the local energy landscape to choose the next step.
In previous work, we simply extracted the most energetically feasible path
in the roadmap to study the folding process. However, this does not mirror the
stochastic folding process. Instead in this work, we apply Monte Carlo simulation
directly to our roadmaps since the roadmap is just an approximation of the
energy landscape where edge weights reflect Boltzmann transition probabilities.
Similar to the Monte Carlo simulation, our method starts from a random
node in this roadmap and iteratively chooses a next node based on the transition
probabilities. Because the edge weight Wij encodes the transition probabilityKij
between two endpoints i and j (see equation 4), we can calculate Kij as K0 e−Wij
where K0 is a constant adjusted according to experimental results.
To generate the transitional conformations between two nodes, we use the
method described in Section 4.1. Results presented here are generated using a
fast variant of the standard Monte Carlo method [19].
Population Kinetics and Map-based Master Equation. Population
kinetics is the time evolution of different conformation populations. It provides
information such as folding rate, equilibrium distribution, and transition states,
which can be correlated to experimental results. Here, we present our Map-based
Master Equation (MME) method to analyze the population kinetics.
Master equation formalism has been developed for folding kinetics in a number of earlier studies [13, 4] The stochastic folding process is represented as a
set of transitions among all n conformations (states). The time evolution of the
population of each state, Pi (t), can be described by:
dPi (t)/dt =

n
X
i6=j

(Kji Pj (t) − Kij Pi (t))

(5)

where Kij denotes the transition rate (probability) from state i to state j. The
change in population Pi (t) is the difference between transitions to and from state
i. We compute transition rates from the roadmap’s edge weights: Kij = K0 e−Wij .
K0 is a constant adjusted according to experimental results.
If we use an n-dimensional column vector p(t) = (P1 (t), P2 (t), . . . , Pn (t))′ to
denote the population of all n conformational states, then we can construct an
n × n matrix M to represent the transitions, where

Mij = KP
i 6= j
ji
(6)
Mii = − i6=j Kij i 6= j
The master equation can be represented in matrix form:
dp(t)/dt = M p(t).
The solution to the master equation is:
XX
−1
Nik eλk t Nkj
Pj (0)
Pi (t) =
k

(7)

(8)

j

where N is the matrix of eigenvectors Ni for the matrix M in equation 6 and λi
is its corresponding eigenvalue. Pj (0) is the initial population of conformation j.
From equation 8, we see that the eigenvalue spectrum is composed of n modes.
If sorted by magnitude in ascending order, the eigenvalues include λ0 = 0 and
several small magnitude eigenvalues. Since all the eigenvalues are negative, the
population kinetics will stabilize over time. The population distribution p(t)
will converge to the equilibrium Boltzmann distribution, and no mode other
than the mode with the zero eigenvalue will contribute to the equilibrium. Thus
the eigenmode with eigenvalue λ0 = 0 corresponds to the stable distribution,
and its eigenvector corresponds to the equilibrium Boltzmann distribution.
By a similar argument, large magnitude eigenvalues correspond to fast folding
modes, i.e., those which fold in a burst. Their contribution to the population will
die away quickly. Conversely, small magnitude eigenvalues have a large influence
on the global folding process, and thus determine the global folding rates.

5

Results and Discussion

Here we present our simulation results and validate our methods against both
other computational method (Monte Carlo Simulation) and also experimental
data. The computational validations show that our small roadmaps can capture
the major features of much larger complete energy landscapes efficiently. The
roadmaps scale well to the RNA length, which enables us to study larger RNA
with hundreds of nucleotides. The experimental validation shows that our methods correctly computed the kinetics-based functions of two different RNA and
their mutants by studying two different properties of the folding kinetics.
In 5.1, we compare the population kinetics using our roadmaps against other
computational methods working on complete energy landscapes. We first quantitatively compare the population kinetics computed from different maps and

show we can capture the major features of larger complete folding landscapes
using much smaller roadmaps. Then, we empirically compare the scalability of
our methods on different RNA. We present population kinetics using three different analysis methods: Map-based Master Equation (MME), Monte Carlo (MC)
simulation, and Map-based Monte Carlo (MMC) simulation. The results show
that the solutions of different methods are comparable to each other. They also
indicate that our roadmaps scale well for large RNA. In section 5.2, we present
two cases to demonstrate how we can use our method to study kinetics-based
functions. Our method correctly predicts (1) the relative plasmid replication
rates of ColE1 RNAII and its mutants and (2) the relative gene expression rates
of MS2 phage RNA and its mutants.
5.1

Computational Validations

We demonstrate with two different RNA that the different analysis methods
(ME, MC, MMC) produce comparable results and can be used interchangeably.
This is important since some methods like the master equation do not scale as
well as others like Map-based Monte Carlo simulation with RNA size.
Comparison with other Simulation methods. Here we present the results of 1k2g (CAGACUUCGGUCGCAGAGAUGG), a 22 nucleotide RNA. Figure 1 compares the population kinetics of the native state using (a) standard
Monte Carlo simulation (implemented by Kinfold [8]), (b) Map-based Monte
Carlo simulation on a fully enumerated roadmap (12,137 conformations), (c)
Map-based Monte Carlo simulation on a roadmap with our new PBS method
(42 conformations), and (d) the master equation on a PBS roadmap (42 conformations). The fully enumerated roadmap is the most accurate model. However, it
is not feasible to enumerate RNA with more than 40 nucleotides. The statisticalsampling roadmaps yields much smaller subsets of the entire conformation space
that effectively approximate the energy landscape. Also note that we can only
use the master equation on small roadmaps (e.g., up to 10,000 conformations)
due to numerical limitations in computing the eigenvalues and eigenvectors.
All population kinetics curves have similar features (see Figure 1). In each
figure, the population first increases quickly, then it gradually decreases and
eventually stabilizes to the equlibrium distribution. Note that the equilibrium
(final) distributions are very close to each other at 80%, even though the PBS
roadmap (c) and (d) contains less than 0.4% of all possible conformations. Thus,
these roadmaps capture the main features of the energy landscape. This data
indicates that these analysis methods are interchangeable.
Figure 1(e) compares the four smallest eigenvalues of the fully enumerated
(base-pair) roadmap and the statistical-sampling roadmap computed by the master equation. All the eigenvalues, i.e., folding rates, are similar. This indicates
that our extremely sparse roadmaps not only capture the major features of the
equilibrium distribution, but also capture the major features of the kinetics.
Scalability of the Approximated Roadmaps. Here we compare our simulation results on a larger 56 nucleotide RNA. Leptomonas Collosoma Spliced
Leader RNA is known to have many metastable structures [6]. This RNA has
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Fig. 1. The population kinetics of the native state of 1k2g: (a) Kinfold Monte Carlo
simulation, (b) Our MMC simulation on a fully enumerated roadmap (12,137 conformations), (c) Our MMC simulation on a PBS roadmap (42 conformations), and (d)
Master equation solution on the PBS roadmap (42 conformations). All analysis techniques produce similar population kinetics curves and similar equilibrium distribution.
(e) Comparison of the eigenvalues of 1k2g by the master equation on a fully enumerated roadmap (12,137 conformations) and new PBS roadmap (42 conformations). Both
eigenvalues are similar between the different roadmaps.

approximately 2.0 ∗ 1014 conformations, so it is not feasible to enumerate even
the stack-pair conformations, let alone the entire conformation space. Thus, we
are only able to compare kinetics from the Kinfold Monte Carlo simulation and
our Map-based Monte Carlo simulation using PBS roadmaps. For each simulation technique, we compute 1000 different folding pathways. We combine these
pathways to calculate the population kinetics of a particular conformation.
Figure 2 shows that although we only use 5033 conformations in the roadmap,
our Map-based Monte Carlo simulation (b) results have qualitatively similar features with the Kinfold Monte Carlo simulation (a). First notice that the equilibrium distribution of both simulations are similar to each other at 20%. The one
for our Map-based Monte Carlo simulation is slightly higher because it represents
the entire conformation space with only a few conformations. However, considering that it uses such a tiny subset (5.0 ∗ 103) to represent a huge space 2.0 ∗ 1014,
this is pretty good approximation. Also we notice that both curves have three
stages and share some similar features. In the first stage, the population stays at
zero for quite a long time, then it gradually increases monotoically in the second
stage until it reaches the third stage – equilibrium. In contrast, such features
are very different to other RNA such as population kinetics of 1k2g shown in
Figure 1. Again this gives strong evidence that our sparse roadmap can capture
the main feature of the energy landscape. Finally, our Map-based Monte Carlo

simulation requires fewer iterations to stabilize (an order of magnitude fewer)
and uses less space (1G versus 8G for Kinfold).

(a) Kinfold MC

(b) MMC, PBS Map

Fig. 2. Comparison of population kinetics of a metastable state for Leptomonas Collosoma Spliced Leader RNA using (a) Kinfold Monte Carlo simulation and (b) our MMC
simulation on a PBS roadmap with 5033 conformations. We are able to capture the
same kinetics while only sampling a tiny fraction of the entire conformation space.

5.2

Experimental Validation: Kinetics Related Functions

Many RNA can perform a variety of functions such as regulating the gene expression rate or plasmid replication rate. It has been found that some functions
are not only determined by their native states but by the metastable states
formed during the folding process, where the functional units are active [9, 15,
11, 18]. Thus these functions are based on the RNA’s folding kinetics. These
functions are studied experimentally by comparing the kinetics and functional
rates of different mutants that share the same thermodynamic stability and native structure. Below we give two case studies that show how we can also study
these kinetics-based functions and compare to experimental data.
ColE1 RNAII: Predict Plasmid Replication Rates. ColE1 RNAII regulates the replication of E. coli ColE1 plasmids through its folding kinetics [10,
15]. The slower it folds, the higher the plasmid replication rate. A specific mutant, MM7, differs from the wild-type (WT) by a single nucleotide out of the 200
nucleotide sequence. This mutation causes it to fold slower while maintaining the
same thermodynamics of the native state. Thus, the overall plasmid replication
rate increases in the presence of MM7 over the WT.
We can study this difference computationally by computing the folding rates
of both WT and MM7 using the master equation and comparing their eigenvalues. [10] performs a similar study. However, they solve the master equation on a
much more simplified energy landscape using a specific subsequence (130 / 200
nucleotides) and 9 stems hand-picked from 30 conformations. In contrast, we
simulate the kinetics of the entire sequence using around 4000 conformations.
Figure 3 shows the eigenvalues calculated using the master equation. Note
that the smallest non-zero eigenvalues correspond to the folding rate. All eigenvalues of WT are larger than MM7 indicating that WT folds faster than MM7.
Thus, our method correctly estimated the functional level of the new mutant.

Fig. 3. Comparison of the 10 smallest non-zero eigenvalues (i.e., the folding rates)
for WT and MM7 of ColE1 RNAII as computed by the master equation. The overall
folding rate of WT is faster than MM7 matching experimental data.

MS2 phage RNA: Predict Protein Expression Rate. MS2 phage RNA
(135 nucleotides) regulates the expression rate of phage MS2 maturation protein
[9, 15] at the translational level. It works as a regulator only when a specific
subsequence (the SD sequence) is open (i.e., does not form base-pair contacts).
Since this SD sequence is closed in the native state, this RNA can only perform
this function before the folding process finishes. Thus its function is based on
its folding kinetics and not the final native structure. Three mutants have been
studied that have similar thermodynamic properties with the wild-type (WT)
but different kinetics and therefore different gene expression rates. Experimental
results indicate that mutant CC3435AA has the highest gene expression rate,
WT and mutant U32C are similar, and mutant SA has the lowest rate [9, 15].
Intuitively, the functional rate (e.g., gene expression rate in this case) is
correlated with the opening of the SD sequence. If the SD sequence is opened
longer, or has higher opening probability (i.e., having more nucleotides on the
SD sequence open), then the mutant should have higher functional rate. We
use our simulation method to study this opening probability during the folding
process. In our study, we first simulate the folding process for each mutant by
generating 1000 folding pathways for each mutant using Map-based Monte Carlo
simulation. Then we analyze the pathways for each mutant and calculate the
opening probability of the SD sequence. We calculate the opening probability as
the percentage of open nucleotides in the SD sequence. In [11], Higgs performed a
similar study using a stem-based Monte-Carlo simulation. However, in that work,
they simulated the folding process only when the RNA sequence is growing.
Their results may depend on the selection of growth rate. If the growth rate
was too high or too low, the results may or may not be able to compare to
experiment. Our simulation results, on the other hand, do not require this growth
rate parameter and thus can be used to quantitatively predict the functional level
of a new mutant in a more reliable way.
Figure 4 shows the time evolution of the SD opening probability for the WT
and the three mutants. Note that CC3435AA has the longest duration at a relatively high level of opening probability while SA has the shortest duration. This
correlates with experimental data. The opening probability of U32C decreases

earlier but finishes later than WT, so it is not clear which one has a larger total
opening probability during folding, again matching experimental findings.

(a) CC3435AA

(b) U32C

(c) WT

(d) SA

Fig. 4. Comparison of the SD opening probability during the folding process.

The gene expression rate is determined from two factors: (1) how high the
opening probability is at any given time and (2) how long the RNA stays in
the high opening probability state. To compare each RNA quantitatively, we
compute the integration of the opening probability (Figure 4) over the whole
folding process. Note that the RNA regulates gene expression only when the SD
opening probability is “high enough”. We used thresholds ranging from 0.2 to 0.6
to estimate the gene expression rate. Thresholds higher than 0.6 will yield zero
opening probability on WT and most mutants and thus cannot be correlated to
experimental results. Similarly, we don’t consider thresholds lower than 0.2. Otherwise this means that mutant SA can be active even in equilibrium condition,
which does not correspond to experimental results. Table 1 shows the results for
the WT and for each mutant. For most thresholds, mutant CC3435AA has the
highest rate and mutant SA has the lowest rate, the same relative functional
rate as seen in experiment. In addition WT and mutant U32C have similar levels (particularly between 0.4-0.6), again correlating with experimental results.
Aside from simply validating our method against experiment, we can also use our
method to suggest that the SD sequence may only be active for gene regulation
when more than 40% of its nucleotides are open.

6

Conclusion

We have proposed new sampling techniques and a new analysis tool called Mapbased Monte Carlo (MMC) simulation that can be used to study kinetics-based

Experimental Expression Rate
Our Estimation
Mutant
(order of magnitude)
t = 0.2 t = 0.3 t = 0.4 t = 0.5 t = 0.6
SA
0.1
0.1
0.04
0.03
0.03
0.08
WT
1
1.0
1.0
1.0
1.0
1.0
U32C
1
2.1
1.8
1.4
0.8
1.2
CC3435AA
5
7.2
8.4
3.8
3.5
9.8
Table 1. Comparison of expression rates between WT and three mutants of MS2. It
shows that we can predict similar relative functional rates as seen in experiments.

functions for RNA such as population kinetics, folding rates, and the folding of
particular subsequences. These new tools enable us to study larger RNA than
before – increasing from RNA with tens of nucleotides (e.g., 40) to those with
hundreds of nucleotides (e.g., 200+).
We validated our method against known experimental data and analyzed two
case studies in detail. For the first, we showed that our method identified the
same relative folding rates as those noted in experiment for ColE1 RNAII and
its mutant. In the second case study, we showed that our approach predicted the
same relative gene expression rates of wild-type MS2 phage RNA and three of its
mutants. We believe that our method will be a valuable tool for discovering such
relationships for other RNA that have not been characterized experimentally.
Although we only study secondary structure now, in the future, we expect to
include pseudo knots and tertiary structures using an appropriate energy model.
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