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Abstract

Knowledge of the energy landscape of an RNA molecule is necessary to understand its folding
kinetics and final structure. To efficiently analyze the energy landscape of RNA folding with-
out enumeration, we apply the probabilistic roadmap (PRM) motion planning method which
has been successfully applied to the study of protein folding landscapes. In addition, our
model deals with secondary structure and connects conformations using methods involving
the base-pair distance measurement. The PRM-based algorithms for roadmap construction
using conformation generation and connection strategies are discussed in this paper. We
determine the population kinetics using a statistical mechanical model and predict the fold-
ing rates, intermediate states, and folding pathways. Preliminary results are given in this

paper.

1 Introduction

1.1 RNA Folding Problem

RNA performs diverse and important functions including synthesizing protein, cat-
alyzing reactions, splicing introns, and regulating activities [8]. The goal of research
on folding kinetics is to further the understanding of these functions and the struc-
ture of the RNA that performs them. RNA molecules fold into energetically optimal
conformations referred to as native states. For our research, we presuppose a known
native structure, and we use this to help us efficiently explore the funnel-shaped fold-
ing landscape. The landscape contains all possible conformations of the molecule
and their corresponding potential energies. Properties of the landscape are folding
pathways, intermediate states, transition rates, and population kinetics.

A complete folding landscape containing every possible tertiary conformation is too
large to compute for most sequences. In an effort to produce a more useful model, two
simplifications are made. The first is to consider only secondary structures since they
provide sufficiently useful structural information. However, the number of the sec-
ondary structure conformations increases exponentially with the length of the RNA
sequence [12], leaving it too large to compute for sequences over 80 nucleotides. The
second simplification we use is the probabilistic roadmap (PRM) approach to sample
the characteristic points in the landscape without full enumeration. This method
grew out of robotics research for planning the motion of an object through an envi-
ronment. Here our environment is the folding landscape, and the object navigating
the environment is the RNA molecule. In this paper, we describe the PRMmethod
explain roadmap analysis, and give results for several small RNA sequences.

1.2 Related Work

Previous work falls into three categories: energy calculations, structure prediction,
and the study of folding kinetics. Energy calculations are the essential component
to all research on RNA folding. One commonly used energy function is the Turner
or nearest-neighbor rules. 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 [11].

Structure prediction, the second area of study, is commonly solved with dynamic
programming. Zuker and Stiegler formulated the popular MFOLD algorithm to ad-
dress the minimum energy problem [9]. Based on this algorithm, the Theoretical
Biochemistry Group at the University of Vienna developed the ViennaRNA package
which implemented Zuker’s algorithms and some energy functions [2].

Several methods have been proposed that involve computations on the folding
landscape. One method generates all the secondary structures within some given
energy range of the native structure. Sequences of 80 nucleotides or shorter can be
handled by this method [1]. Another method for computing the population kinetics
of the folding landscape is to solve the rate equation. This approach uses the master
equation and examines the dominate modes of the solution [10].

2 RNA Folding with PRM Methods

In this section, we explain our motion planning approach to exploring folding land-
scapes. After introducing the probabilistic roadmap method, we explain how it ap-
plies to RNA folding landscapes. We formally define our RNA model of secondary
structure, energy calculations, and distance metrics. Finally, we give our roadmap
construction method and discuss ways to sample from the roadmap.

2.1 The Probabilistic Roadmap Method (PrM)

Our approach to RNA folding is based on the probabilistic roadmap (PRM) approach
for motion planning [3]. The motion planning problem is one of finding appropriate
paths for locomotion through a given environment. Typically, PRMs are used to
approximate the environment’s feasible regions by constructing a map. This map, or
roadmap, can be used subsequently to answer many, varied queries for practical paths
through the environment. Briefly, PRMs work by sampling points ‘randomly’ from
the movable object’s configuration space,* and retaining those that satisfy certain
feasibility requirements (e.g., collision-free configurations, see Figure 1(a)). Then,
these points are connected to form a roadmap, using a simple local planning method
to connect nearby points (see Figure 1(b)). During query processing, paths connecting
the start and goal configurations are extracted from the roadmap using standard
graph search techniques (see Figure 1(b).)

A major strength of PRMs is that they are quite simple to apply, even for problems
with high-dimensional configuration spaces, requiring only the ability to randomly
generate points in C-space, and then test them for feasibility.

In previous work, we proposed the PRM framework as a methodology for studying
protein folding when the native structure is known [7]. The main difference from the
usual PRM application is that the collision detection feasibility test is replaced by

*The movable object’s configuration space, or C-space, is the set of all positions and orientations
of the movable object, feasible or not [4].
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Figure 1: A PRM roadmap in C-space. A PRM roadmap: (a) after node generation, and
(b) after the connection phase and being used to solve a query.

a preference for low energy conformations. We obtained very promising results for
several small proteins (e.g., proteins G and L, both with approximately 60 residues),
and in particular, we showed that the pathways extracted from our roadmaps are in
agreement with known experimental results [5].

Our PRM-based technique for RNA folding differs from protein folding in that
the C-space is not continuous but discrete. However, even those discrete points can
always be connected by interpolating two conformations. Therefore we can sample
nodes in the space and connect them to build the roadmap.

2.2 Model of RNA Conformation

Each RNA molecule is a sequence of nucleotides that differs from others in its bases.
There are 4 bases: adenine (A), cytosine (C), guanine (G) and uracil (U). Hydrogen
bonds form between complementary Watson-Crick base pairs C-G and A-U. The
other strong base-pairing considered in our model occurs in the wobble pair G-U.
Each RNA secondary structure conformation is denoted by a set of base pairs. Valid
secondary structures must meet three criteria. For any two contacts [, j| and [k, (]
with 1 < 7 and k£ < [, then:

1. Both contacts must be valid base-pairs

2. Each base must be paired to only one other:
1=k if and only if 5 =1

3. No pseudo-knots are allowed:
ifi<k<j,theni<k<l<jy

The complete folding landscape corresponding to the conformation space (C-space)
consists of all valid secondary structures. These points are refered to interchangably
as conformations and roadmap nodes.

2.2.1 C-Space

The size of the conformation space for this model is dependent on the sequence of
the RNA. Here we formalize the discussion of size. Let U be the set of every possible



combination of base pairs, including invalid combinations. From this definition, it is
clear that the size of ¢/ depends only on the number of all possible contact pairs, m,
and is related to the sequence length, n, as follows:

m 2
Ul => (7:) =2™  where m < % (1)

k=0

Let C, the conformation space, be the valid combinations of base pairs making
C C U. The size of C depends on the specific sequence, as well as the length of the
sequence. Zuker and Sankoff [12] have developed a much closer estimate of the size
of C. This approximation calculates only valid conformations and uses a stochastic
approach to account for the effect of a specific sequence on the size of the confor-
mation space. Given an RNA sequence of length n, we calculate the probabilities
p(A),p(C),p(G),p(U) of the occurence of each nucleotide in the sequence. Let

p=2(p(A)p(U) + p(C)p(G) + p(G)pG(U)) (2)
be the probability of two bases forming a contact. Then the approximation is:
IC| ~ hn~3/2a" (3)

where

1+,/1+4\/f)2 a(1—|—4\/1_7)1/4
a=( )Y, and h= —F7T—— (4)
2 2¢/mp3/4
For example, the actual C-space for the hairpin sequence ACUGAUCGUAGUCAC
with the native structure ..((((....)))). is 142. For this sequence, [U|~ 1.7 x 107. The
approximate |C| &~ 1067.

2.2.2 C-Space Measurments

The definition of C-space considers only whether a set of contacts is valid, and says
nothing of its energetic feasiblablity. We use the ViennaRNA package energy function
which relies on the Turner rules to ascertain the viability of a conformation. This
energy calculation also determines the edge weight calculation.

To find the neighbors of a particular conformation we need a metric to measure
distances in C-space. Here we use the base-pair distance metric. This denotes the
number of base pairs that have to be opened or closed to transform one conformation
into another. We chose the base-pair distance because it is commonly used to study
folding landscapes.

2.3 Roadmap Construction

Our goal is to avoid enumerating the entire landscape due to its size. We do this
by choosing some set of points from C that adequately characterize the features of
the landscape. Thus, our node sampling method is crucial in applying PRMs to



RNA folding. Our choice of sampling methods will determine the effectiveness of our
method.

We have designed our implementation to exploit the size of C-space in testing the
effectiveness of our sampling methods. The first step involves the creation of the com-
plete roadmap which enumerates all valid conformations in the C-space. We compare
this roadmap with other subsets of conformations in our Results section (3.2) to deter-
mine which sampling and connection methods better represent the landscape. These
methods will be useful for exploring the landscapes of other RNA whose sequences
are too long to completely enumerate.

2.3.1 Node Generation

Taking advantage of the size and discreteness of C-space, stack we have implemented
several methods for node generation including complete enumeration, stack-based
enumeration, and maximal-contact sampling. The complete enumeration is done in a
straight forward manner that enumerates all the possible conformations in the entire
space. Only conformations with at least 3 unpaired bases in a hairpin loop are kept
in order to satisfy the energy calculation. This generation method is only feasible for
short RNA.

Stack-based enumeration is a subset of nodes from the complete enumeration with
the addition of the stack requirement. Every stack-based node must contain only
those base pairs that occur in a stack. Formally, for any contact [i, j], i < j, there
must exist another contact [k, [], k& < [ such that:

1. Together they form a valid secondary structure
2. Either (a)i—1=Fkandj+1=/lor (b)i+1=kandj—1=1

This encourages the formation of helices in the enumerated conformations and con-
tributes to the energetic stability of the folded molecule.

In the mazimal-contact sampling nodes are generated in a ‘random’ fashion. The
first step is to create a conformation ¢ without any base pair contacts. Then a single
valid contact is added to the secondary structure of ¢ in each iteration of the loop.
The loop finishes when we have generated a maximal-contact conformation—meaning
that valid pairs are added until no more can be added while maintaining the validity
of the secondary structure. This method has the effect of biasing the distribution of
nodes toward the areas of C-space with more contacts. This typically yields lower
energy conformations.

2.3.2 Node Connection

Neighboring roadmap nodes are connected using a local planner. A conformation is a
neighbor if it is one of the k-closest nodes to a particular node The local planner then
connects each pair of neighbors by generating intermediate nodes on a path between
them.

Each path is a sequence of intermediate conformational changes the RNA molecule
folds through as when transition between the neighbors. Each of the intermediate



nodes should have as many contacts as possible to exclude high energy differences on
the path. Once we open a base pair, we will close all base pairs whose pairing does
not introduce invalid secondary structure.

()
Figure 2: Intermediate node generation. (a) Start and goal conformations and contact
pairs to be opened and closed: ¢1, ¢1 are in O; pl, p2 are in L. (b) Dependency graph: pl

depends on ¢l and ¢2, p2 depends on ¢2. (c) Sequences generated: ¢3 and ¢4 are the two
intermediate conformations to connect ¢l and ¢2, here ¢4 happens to be identical to 2.

To select the intermediate nodes, we first find the sets O and L of base pairs to
be opened and closed respectively. In Figure 2 (a) the pairs to be opened are ¢1, ¢2
and pl, p2 need to be closed. Next, we construct the dependency graph between sets
O and L of the base pairs that cannot exist together in a valid conformation. In the
example, in Figure 2 (b), pl depends on ¢1 and ¢2 while p2 depends on ¢2. Finally,
we use a heuristic to choose which order is best for opening the base pairs. We open
pairs that will allow us to close other contacts. In the Figure 2 (c), ¢3, ¢4 are the two
intermediate conformations generated.

Each edge connecting neighbors is assigned an edge weight that reflects the transi-
tion rate between neighboring states. This is the probability of an RNA folding from
one to the other of the conformations. Hence, the edge weight reflects the energy
barrier for the folding process on this edge

When an edge (q1,¢2) is added to the roadmap. Each edge (g1, ¢2) is assigned a
weight that depends on the sequence of intermediate conformations
{1 = co, 1,09, ...,Cn 1,0 = @2} connecting ¢; and go. For each pair of consecutive
conformations ¢; and c¢; 1, the probability P; of moving from c¢; to ¢;1; is a function of
the difference between their potential energies, AE; = E(ci+1) — E(¢;). In our work,
we adopt the Metropolis rule:

_AE: .
P = e w7  if AE; >0 5
{1 if AE; <0 (5)



This keeps the detailed balance between two adjacent conformations, and enables the
weight of an edge to be computed by the sum of the logarithms of all n probabilities:

n—1

w(‘ha(h) = Z —ZOQ(PZ), (6)
=0
Negative logs are used since 0 < P; < 1,V:. By assigning the weights in this manner,
we can find the most energetically feasible path in our roadmap when performing
queries. A similar weight function, with different probabilities, was used by Latombe
[6] and in our previous work on protein folding [7].

3 Roadmap Analysis

3.1 Master Equation

The master equation formalism has been developed for folding kinetics in a number of
earlier studies. The stochastic process of folding is represented as a set of transition
rates among n conformational states. P(t) denotes the time evolution of the pop-
ulations of all the conformational states. For a single conformation, the population
change, P;(t), is described by the following master equation:

n

dP;(t)/dt =Y (k;iP;(t) — ki Pi(t)) (7)
i#]

Here k;; denotes the transition rate from state 7 to state j. These transition rates
must satisfy the detailed balance assumption. This assumption causes the system to
converge to the equilibrium Boltzmann distribution.

If we use an n-dimensional column vector p(t) = (Py(t), Pa(t), -.., Pu(t))” to denote
the population of all n conformational states. Then we can construct an n x n matrix
M, where

Mij = kji LF ]
{Mz’i:—zkij ] ®)

Now the master equation can be writen in the matrix form:
dp(t)/dt = Mp(t) (9)

We can solve the matrix N of eigen vectors n; for the matrix in equation 8, and
the diagnal matrix A of its eigen values \i.

p(t) = NeMN~'5(0) (10)
This allows us to write:

Py(t) =Y Nue*'Cy where Cp=> Ng'X;(0) and X(t)=N"'p(t) (11)

k=1 j



From this, we can see that the population kinetics for each conformation is actually
the sum of the contributions of all n independent kinetic eigen modes. All eigenvalues
are negative, with the smallest magnitude eigenvalue |A¢| = 0. This eigenvector, N,
is the equilibrium solution and is the Boltzmann distribution.

The population kinetics of the system are dominated by the slow mode eigenvalues.
These small magnitude, non-zero eigenvalues correspond to slow folding and domi-
nate the folding rate. Consequently, we number the eigenvalues (and corresponding
eigenvectors) by their sorted order with |[Ag| =0 < |A\{| < ... < |\,|. For 2-state fold-
ers, A\; will be several orders smaller than than the other eigenvalues. This folding
mode determines the global folding rate. Its eigenvector denotes this folding mode’s
contribution to the equilibrium population of each conformation.

The crutial assumption for the validity of the population kinetic solution is the de-
tailed balance of the transition rates. As we discussed in section 2.3.2, the edgeweight
already ecodes the information for transition rates. Therefore, the rate constants can
be computed by edgeweight:

Kij = koe_W”' (12)

The rate constant is scaled with a coefficient &y to match the rate constant determined
in experimental results.

3.2 Results

We studied a 14 nucleotide RNA hairpin sequence using our PRM method. The
sequence ACUGAUCGUAGUCAC has a base-pair enumeration of 142 conformations
and a stack-based enumeration of 15 conformations. We also generated a random
roadmap of 28 conformations using the maximal-contact sampling method. Each of
these roadmaps was connected using the radius connection strategy, but with different
radii. The base-pair enumeration had r = 2, while for the stack-based enumeration
r = 10, and the maximal-contact sampling method r = 20.

Figure 3.2 shows several graphs demonstrating the similarities between the kinetics
of the three maps. Most significant is the discovery that the eigenvalues for the base-
pair enumeration and the stack-based enumeration are approximately the same in
graph (c). In addition the components of the eigenvectors (not shown due to space
constraits) are nearly identical. Also in graph (c), we see that the folding rates of
the maximal-contact sampling method are farther from the completely enumerated
kinetics than the stack-based kinetics are. We expected this, because the stack-based
pairs encourage the formation energetically stable conformations with helices. The
maximal-contact sampling is more random than the stack-based pairs, and does not
attempt to capture the stability inherent in stacking pairs.

Also in Figure 3.2 the first two graphs compare the folding kinetics of the base-
pair enumeration and the maximal-contact sampling. The first graph (a) shows the
equilibrium solutions of the two folding landscapes. They both match very well with
the Boltzmann distribution for this molecule. The second graph illustrates the small
differences in magnitude of the components of the second eigenvector for both fold-



ing landscapes. Although the maximal-contact sampling eigenvector N; varies more
from the kinetics of the complete enumeration than the equilibrium solution, Ny, the
differences are still very small. These results indicate that given some specific con-
formations, we can examine the folding kinetics of these conformations by computing
the folding landscape of that set combined with some additional random sampling.
This is sufficient to compute the equilibrium solution and approximate the slow mode
eigenvectors.
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Figure 3: The folding kinetics of the 14 nucleotide hairpin sequence ACUGAUCGUAGU-
CAC with the native structure ..((((....)))). and a C-space of 142 conformations. The
first two graphs compare the folding kinetics of the base-pair enumeration roadmap to the
maximal-contact sampling roadmap of 28 conformations. Graph (a) shows the components
of the eigenvector Ny for each roadmap, while graph (b) shows the eigenvector N; for each
roadmap. The final graph (c) illustrates the differences in the eigenvalues and overall fold-
ing rates for base-pair enumeration, the stack-based enumeration, and the maximal-contact
sampling.
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Conclusion

We have demonstrated that the PRM method is quite applicable to the problem of
studying RNA folding kinetics. Prababilistic methods allow us to efficiently charac-
terize the folding landscape. Our roadmaps model the complete statistical mechanical
model of folding landscapes and allow us to well approximate the folding kinetics. We
have presented preliminary results that demonstrate the effectiveness of our approach.
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