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1 Introduction

The kinetic folding of RNA at the coarse-grained secondary structure level can be thought
of as a time-series of structural rearrangements, involving the successive formation, disso-
ciation, or shifting of a single base pair [1,2]. Here, such kinetic folding is modeled as a
complex adaptive system [3] in which the rate of structural rearrangement depends only on
the local context of the nascent RNA structure and on an autonomous stochastic process
that determines, based on a prescribed �tness criterion, the rearrangements that will occur
during a given time interval/step. Using examples from natural RNAs, it is shown that from
the (local) structural rearrangements emerge characteristic (global) RNA folding dynamics.
The new model o¤ers substantial improvement in computational e¢ ciency over existing RNA
folding methods that operate on a similar move-set, e.g., kinfold [1,2].

2 The model

The kinetic folding of RNA is modeled as a complex adaptive system. The components of the
system are the individual bases of an RNA sequence, including their speci�c local contexts,
and inter-component interactions involve bond formation, dissociation and shifting. Only
pair-wise accessible3 and complementary bases are allowed to interact. Each such interaction
constitutes a local rearrangement of the nascent RNA structure, i.e., a local move in RNA
conformation space. The probability of a given interaction, Pi, is computed based on the
Kawasaki dynamics [4]. During each time step,4 stochastic universal sampling [5] is applied
to determine which interactions can proceed, using Pi as �tness criterion. The model has
been implemented in a C# program that is available from W.N.

3 Sample applications

To illustrate the usefulness of the model, we studied the folding kinetics of the yeast tRNAPhe

and SV11 molecules. We found that stabilizing the hairpin loops of tRNAPhe; through base
modi�cations, signi�cantly decreases folding times (see Figure 1a). We also used �ux dynam-
ics from a representative folding trajectory to illustrate the ruggedness of the tRNAPhe�s
folding landscape (see Figure 1b). Furthermore, we determined the rates of formation of
both the stable and metastable structures of SV11 (see Figure 2). These results are in agree-
ment with experimental data, as well as with predictions made by kinfold [2]. Note that the
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3This condition prevents the formation of pseudo-knots.
4Folding times are calibrated using experimentally measured hairpin kinetics [6], as in [2].
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greater computational e¢ ciency of our model (see Table 1) allowed us to simulate longer
folding times for tRNAPhe and SV11 (1:5� 104�s) than was done in [2] (i.e., 600�s).
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Figure 1. a) Folding kinetics of the modi�ed and unmodi�ed tRNAPhe. I, II, and III indicate

the modi�ed hairpin loops. (b) Flux dynamics.
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Figure 2. Rates of formation of the stable and

metastable structures of the 115nt SV11.

Table 1. Average CPU time from 1000

simulations of tRNAPhe folding,

performed on an Intel Pentium III machine

running Windows XP. Success rate refers

to the fraction of simulations that found

the ground state.
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