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RNA polymers are constructed from four distinct nucleotide bases. The sequence of these nucleotide bases

determines both the folded conformation and the biological function of RNA. It recently has been established

that disparately related functional classes of evolved RNA possess similar base composition biases despite a lack

of sequence similarity, folded structure, or metabolic function. We have proposed that intrinsic constraints on

RNA structure have imposed this convergent evolution in base composition. Here, we test this hypothesis by first

calculating the distribution of the mean thermodynamic stability of random RNA sequences as a function of

base composition. Then, using a model describing mutation (as a random walk in sequence space) and

selection (which tends to increase thermodynamic stability), we relate the computed underlying distribution of

conformational stability to empirically derived, tRNA and 5S rRNA sequence data. We find a close correspon-

dence between predicted and observed distributions of base composition. q 1999 John Wiley & Sons, Inc.
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intrinsic evolutionary constraints

K auffman has long argued that “biologists have, as yet,

no conceptual framework in which to study an evo-

lutionary process that commingles both self-

organization and selection” [1, quoted from 2]. Here, we

present a candidate framework relating self-organization

and selection in the evolution of single-stranded ribonucleic

acids (RNAs). Not only is RNA of significant biological in-

terest (having both the ability to store genetic information

and perform specific metabolic activities), but modern

methods in molecular and structural biology make RNA

the ideal model system in which to address both theoreti-

cally and experimentally the relationship between self-
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organization and selection [3]. Our approach is motivated
by a recent comparative analysis of 15 distinct functional
classes of RNA, which documented similar nucleotide base
composition biases among disparately related RNAs sharing
little or no sequence similarity [4]. We develop the frame-
work in three sections. First, we define a parameterization
scheme for RNA sequence space based on nucleotide com-
position. Second, using this parameterization scheme, we
compute among random sequences the statistical distribu-
tion of thermodynamic stability (i.e., self-organization) of
RNA secondary structures as a function of base composi-
tion. Third, we perform simulations of RNA evolution incor-
porating the calculated distribution of self-organization,
leading to predictions of optimal base composition values
for adapted molecular sequences. These results are com-
pared with empirically derived transfer RNA and 5S ribo-
somal RNA sequence data.

PARTITIONING RNA SEQUENCE SPACE

T he framework relating selection and self-organization
is based on the notion of a molecular sequence space,
first proposed in the context of proteins [5–7], and

subsequently extended to RNA [8–17]. In this high-
dimensional space, each point uniquely represents a pos-
sible RNA sequence, and neighboring points represent se-
quences that differ by single base substitutions. Because the
biochemical functions of RNA sequences are dependent on
folded conformation, the ideal ordering scheme for RNA
sequence space would partition the space in such a way that
sequences from the same partition would support similar
conformational properties. For example, sequences from
the same partition might have folded conformations of
similar thermodynamic stability. Inspired by Langton’s
r-space, which was used to parameterize cellular automata
rule space [18,19], we impose a parameterization scheme on
the space of RNA sequences using nucleotide base compo-
sition. The base composition of an arbitrary RNA sequence
having N nucleotide residues can be denoted by its normal-
ized composition vector (A/N, C/N, G/N, U/N), where A, C,
G, and U are the number of occurrences of each base in the
sequence. All possible partitions can be geometrically rep-
resented as points within the volume of a tetrahedron—the
so-called RNA simplex [4]. The four homopolymers (poly-A,
poly-C, poly-G, poly-U) reside at the vertices, while se-
quences having an equal number of the four nucleotides
reside at the center of gravity of the tetrahedron, equidistant
from the homopolymers. These heteropolymers, having the
composition vector (0.25, 0.25, 0.25, 0.25), are referred to as
isoheteropolymers. We have visualized the RNA simplex
(Figure 1) using an interactive graphics package [20,21]. A
more convenient denotation of the composition vector is
the specification of the fraction G+C, G+A, and G+U con-
tents of RNA sequences. These measures define three mu-
tually perpendicular compositional “gradients” within the

FIGURE 1

FIGURE 1. RNA sequence space can be partitioned by placing in
the same partition all sequences having the same nucleotide base
composition. The density of a partition (the number of sequences
that belong to that partition) is described by the Shannon entropy,
S, calculated from the composition vector. (A) Depicted are all
composition vectors where 1.3 < S < 1.5. Composition vectors of
equal entropy form concentric “spheres” centered on the isohet-
eropolymers. For moderately long sequences, the density in-
creases drastically toward the high-entropy isoheteropolymers.
Also depicted is Chargaff’s Axis, the locus of composition vectors
where the number of Watson-Crick bases are equal. Chargaff’s
Axis extends from the midpoints of the AU and CG edges through
the isoheteropolymers. (B) Plotted is the distribution of 928 cy-
toplasmic tRNA molecules from organisms spanning the three
domains of the universal tree of life [4]. The mean base compo-
sition of these 928 tRNA sequences is given in the text.

62 C O M P L E X I T Y © 1999 John Wiley & Sons, Inc.



simplex and, taken together, can uniquely specify position
within composition space. The RNA simplex has been de-
scribed in detail elsewhere [4]. Here, we summarize some
important points.

The Importance of Base Composition
Though base composition statistics provided key informa-
tion in the elucidation of the double-helix structure of ge-
nomic DNA [22], recent advances allowing efficient DNA
sequencing have shifted attention away from base compo-
sition statistics [23]. Since RNA folding is known to be se-
quence specific, base composition may seem an overly
crude parameter in characterizing RNA conformation. How-
ever, this parameterization scheme has two justifications.
First, the four nucleotide bases are sterically and chemically
distinct: Thus, different ratios of the four bases would be
expected to statistically influence the folding properties of
RNA. Second, despite the well-documented variability in
G+C content, we have demonstrated among 2,800 naturally
evolved sequences a significant localization of base compo-
sition in a G+A-rich and G+U-constricted province of the
simplex (see [4]; as an example here, see the tRNA and 5S
rRNA distributions in Figures 1B, 5B, and 5D). The great
disparity in sequence and structure among 15 functional
classes of RNA investigated imply that these molecules
share little, if any, evolutionary history. The coincidence of
base composition among these sequences, therefore, sug-
gests adaptive convergence, from which we infer that base
composition plays an important role in the evolution of
RNA structure and function.

The RNA Simplex: Projection of Sequence Space
The RNA simplex is more than a concise graphical repre-
sentation of base composition. Because all possible se-
quences are partitioned into the possible composition vec-
tors, the simplex can be considered a low-dimensional pro-
jection of an otherwise high-dimensional sequence space.
As such, the simplex is a rather complicated object. For
example, molecules having similar sequences will be lo-
cated near each other in the simplex. However, two se-
quences differing at every position will be maximally distant
in sequence space but could nevertheless share the same
composition vector. This is, in fact, the case in observed
distributions, where, for example, tRNA and 5S rRNA base
compositions demonstrate significant overlap despite a lack
of sequence similarity.

The density of composition vectors (number of se-
quences belonging to a particular composition vector)
changes enormously from the outer edges of the simplex
toward the isoheteropolymers. For example, each of the
four homopolymer composition vectors contain only a
single sequence, whereas even for relatively short RNA se-
quences having only 100 nucleotides, over 1057 sequences
(of the 1.6 2 1060 possible sequences) belong to the isohet-

eropolymer composition vector. The distribution of density
across the RNA simplex is effectively summarized by the
Shannon information entropy [24], calculated for each com-
position vector, c:

Sc = −@~A/N log2 A/N! + ~C/N log2 C/N! + ~G/N log2 G/N!

+ ~U/N log2 U/N!# (1)

RNA sequences map trajectories in sequence space as they
undergo evolutionary modification by mutation and selec-
tion. Trajectories involving changes in sequence composi-
tion can be observed in the RNA simplex. If the forces of
mutation and selection resulted in an evolutionary modifi-
cation identical to a random walk in sequence space (i.e.,
such that each sequence was equally likely), then the ob-
served base composition of evolved sequences would even-
tually converge toward the isoheteropolymers simply be-
cause this partition contains more sequences than any
other partition. Since the base composition of evolved RNA
does not conform to the high entropy case, a random walk
is at best an incomplete model for the evolution of RNA.
Elsewhere, we have proposed that the trajectories of evolv-
ing molecules are influenced by a nonuniform distribution
of folding capacity with respect to base composition [4]. In
order to test this hypothesis, we use the RNA simplex pa-
rameterization scheme and computational approximations
of RNA folding to map the distribution of mean thermody-
namic stability across sequence space.

MAPPING SELF-ORGANIZATION IN RNA SIMPLEX

Conformational Order and Self-Organization in RNA

D riven by the release of free energy in the formation of
intramolecular contacts, RNA polymers under appro-
priate conditions, either evolved or random, sponta-

neously fold into complicated three-dimensional structures
[25–29]. The degree of order (or disorder) in the folded
structure can be measured by several methods [3,10,15,30–
33]. The simplest quantification of conformational order is
to compute the base-pairing propensity, P, defined as the
number of hydrogen bonded base-pair interactions in a
folded RNA, normalized to the length of the sequence in
nucleotides, N. The most prevalent interactions (referred to
as Watson-Crick base-pairs) occur between adenosine (A)
and uracil (U) bases, and cytosine (C) and guanine (G)
bases. P ranges from 0.0 (no base-pairing) to 0.5 (maximum
possible base-pairing). Random sequences display a range
of base-pairing propensity, some having well-ordered con-
formations, others having poorly ordered conformations.
The mean base-pairing propensity, 〈P〉, of an ensemble of
random sequences is a measure of the degree of spontane-
ous order, or self-organization among that ensemble [3].
Thus, self-organization is a statistical property of the en-
semble of random sequences; individual sequences may be
more or less ordered than the average but will also be more
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rare. The degree to which a folded conformation is ordered
depends precisely on the sequential order of its nucleotide
bases. However, it is reasonable to expect the degree of
self-organization to be statistically dependent on base
composition.

Estimating Self-Organization: Mean-Field Approximation

T he simplest analytical approximation to RNA second-
ary structure formation averages the mean Watson-
Crick base-pairing propensity over long, random RNA

sequences, ignoring the effects of the linear ordering of the
sequence. As a further simplification, A?U and C?G base-
pairs are treated equally and noncanonical base-pairing is
disallowed. This mean-field approximation estimates the
mean base-pairing propensity of random sequences as the
sum of the independent probabilities that an A will pair with
a U and that a C will pair with a G elsewhere in the mol-
ecule. These pair-wise probabilities are proportional to
the frequency with which each base occurs in the se-
quence (e.g., increasing the number of G residues would
be expected to increase the number of C?G base-pairs) and
can be derived directly from the normalized composition
vector as:

^Pc& = 2 ? ~~A/N ? U/N! + ~C/N ? G/N!! (2)

This formulation (referred to as the “stickiness” of the se-
quence [10]) allows 〈P〉 to be calculated for each composi-
tion vector in the RNA simplex. 〈Pmin〉 = 0.0 occurs for com-
position vectors where no Watson-Crick complements co-
exist (e.g., at the vertices or along edges other than the AU
and CG edge). 〈Pmax〉 = 0.5 occurs for only two composition
vectors: the midpoint of the AU edge (0.5, 0.0, 0.0, 0.5) and
the midpoint of the CG edge (0.0, 0.5, 0.5, 0.0). The locus of
points joining these midpoints extends through the isohet-
eropolymers and represents the RNA equivalent of Char-
gaff’s Rule (A = U and, simultaneously, C = G). We refer to
this locus as Chargaff’s Axis. Though a maximum of 100
percent base-pairing is allowed along the length Chargaff’s
Axis, 〈P〉 decreases from 〈P〉 = 0.5 at the endpoints of Char-
gaff’s Axis to 〈P〉 = 0.25 at the isoheteropolymers. This de-
crease in 〈P〉 from the endpoints of Chargaff’s Axis to the
isoheteropolymers can be interpreted as the increasing pre-
ponderance of A and U nucleotides “frustrating” the base-
pairing of C and G nucleotides and vice versa [34–37]. Con-
sequently, we quantify the degree of intramolecular frustra-
tion, 〈Fp〉, in the mean-field model as a simple rescaling of
〈P〉, such that:

^FPc& = 2 ? ~0.5 − Pc! (3)

Hence, self-organization can also be defined as the sponta-
neous minimization of mean frustration from a maximum

value of 1.0. This rescaling is convenient for comparing the
mean-field model to the thermodynamic approximation in
the next section.

Figure 2A represents the distribution of mean base-
pairing propensity over 1,771 composition vectors spanning
the RNA simplex. Each composition vector shown repre-
sents a 5 percent change in base composition. Surfaces of
equal 〈P〉 values form stability fields having a twofold sym-
metry about Chargaff’s Axis. Intermediate stability fields
have an hourglass shape, describing a decrease in mean
base-pairing propensity due to frustration from the end-
points of Chargaff’s Axis toward the isoheteropolymers. This
calculation provides first-order estimates of the spontane-
ous formation of base-pair interactions among random RNA
heteropolymers as a function of base composition.

Estimating Self-Organization:
Thermodynamic Approximation
RNA secondary structure accounts for the majority of the
free energy of structure formation and plays an important
role in the interpretation of RNA function and evolution
[14]. A more realistic approximation to RNA folding can be
derived from folding algorithms designed to map nucleotide
sequence to minimal free-energy secondary structures us-
ing empirically derived thermodynamic parameters. Here,
we employ a standard, efficient algorithm used in similar
analyses [12,38–41] for calculating RNA secondary struc-
tures from the nucleotide sequence to more accurately es-
timate the distribution of self-organization of RNA across
sequence space.

One hundred random sequences of length N=100 were
generated for each of 1,771 composition vectors spanning
the simplex. The minimum free-energy structure for each
sequence was calculated at 377C. The free energy (DG, a
measure of the stability of the folded conformation in Kcal/
mol) of each of the 100 sequences was then averaged, pro-
viding an estimate of the mean thermodynamic stability of
random sequences from each composition vector, 〈DGc〉. In
order to compare these calculations more directly with the
mean-field model, we normalized these free-energy values
by dividing them by the free energy of what we believe to be
the lowest energy conformation possible: a hairpin struc-
ture given by the sequence of alternating GC bases, (GC)50

having DG(GC)50
= 1137.47 Kcal/mol. The mean frustration,

〈FDG〉, was calculated as the difference of this quotient from
unity:

^FDGc& = 1 − S ^DGc&
DG~GC!50

D (4)

Perhaps surprisingly, this simulation method, which incor-
porates the details of sequential ordering, yields distribu-
tions that are qualitatively similar to that of the much sim-
pler mean-field model (Figure 2B). However, unlike the
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mean-field model, the thermodynamic approximation in-
corporates the realistic differences in the thermodynamic
properties of the four bases. For example, the number of
hydrogen bonds between A?U base-pairs (2) is less than C?G
base-pairs (3). Thus, C?G bonds contribute more to the sta-
bility of the folded structure than do A?U bonds. Also, the
folding algorithm used in this study incorporates the non-
canonical G?U base-pair interaction. The physiochemical
asymmetry of the four bases imposes an asymmetry across
the stability fields in the simplex. These asymmetric inter-
actions result in four important deviations from the mean-

field model. First, the relatively weaker A?U interactions
succumb to C?G interactions, resulting in a globally optimal
stability, located on the CG edge. The bottleneck character
of the intermediate stability fields are correspondingly de-
formed with obvious biases of increased stability toward the
G+C-rich compositions. Second, there is a slight bias of in-
creased stability in G+A-rich (i.e., purine-rich) composi-
tions. These biases are likely to be the result of highly stable
purine-purine stacking interactions [42] found in abun-
dance in sequences from purine-rich provinces of the sim-
plex. Third, there is a slight bias of increased stability in

FIGURE 2

FIGURE 2. The dependence of conformational self-organization on base composition in
RNA. (A) The distribution of 〈P〉 calculated via the mean-field model. Maximal 〈P〉 values
(left) are centered on the endpoints of Chargaff’s Axis. Intermediate 〈P〉 values (center)
follow Chargaff’s Axis and demonstrate an increased frustration as a constriction around
the isoheteropolymers. Minimal 〈P〉 values (right) represent provinces devoid of Watson-
Crick partners. The mean-field model produces perfect twofold symmetry in 〈P〉 about
Chargaff’s Axis. (B) The distribution of 〈G〉 calculated via the Zuker-Stiegler algorithm for
random sequences from each composition vector. Maximally stable conformations (left)
occur only on the CG edge of the simplex, near the endpoint of Chargaff’s Axis (and are
slightly biased toward G and U). Intermediate values (center) follow Chargaff’s Axis.
Minimally stable conformations (left) are prevalent in the G+C-poor province of the sim-
plex. (C) Noncanonical G?U base-pairing and possible purine stacking interactions bias the
stability manifolds in G+U and G+A directions. Depicted are the composition vectors
shown in the first two tetrahedra of (B). This bias is qualitatively similar to the biases
noted among evolved RNAs.
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sequences having G+U-rich compositions (Figure 2C). This
stability is presumably the result of increased base-pairing
due to the noncanonical G?U interactions. The resultant
effect of these intrinsic factors shifts the global minimum
frustration from (0.0, 0.5, 0.5, 0.0) as in the mean-field case
to a neighboring composition vector, still on the CG edge
but slightly enriched in G (0.0, 0.45, 0.55, 0.0). Lastly, both
the mean-field and thermodynamic approximations dem-
onstrate that, because of Watson-Crick base-pairing, the vi-
cinity of Chargaff’s Axis is the most well-ordered province of
the RNA simplex. Those composition vectors lacking in
Watson-Crick partners (e.g., near the AG edge) are disor-
dered, forming only a minimal number of base-pair inter-
actions and having minimally stable conformations.

Hence, the directions perpendicular to Chargaff’s Axis,
extending toward the AG, AC, CU, and GU edges of the
tetrahedron, represent the most direct routes from statisti-
cally ordered to disordered regions of RNA sequence space.
Composition vectors lying between Chargaff’s Axis and
these four edges define four order-disorder manifolds. On
these manifolds, base composition acts as a course-grained
control parameter for intramolecular hydrogen bond inter-
actions between the nucleotide bases [9]. Figure 3 depicts
the order-disorder manifold extending from Chargaff’s Axis
to the AG (purine) edge of the tetrahedron. The difference
between the order-disorder transitions between the G+C-
rich and the G+C-poor compositional regimes of this mani-
fold occur because the A?U base-pair is a weaker interaction
than the C?G base-pair. The sharpest order-disorder transi-
tion (determined by the slope of the inflection point in the
sigmoidal transition curve) occurs in the G+C-rich province
of the purine-manifold, corresponding to the same octant in
which biological sequences are most frequently observed.
However, taken by itself, the geometry of the calculated sta-
bility fields does not describe the distributions of evolved
sequences. In the next section, we propose a model of mo-
lecular evolution where the underlying distribution of spon-
taneous organization in RNA contributes to the observed
localization of evolved sequence data.

PREDICTING EVOLUTIONARY TRAJECTORIES: SELECTION,
MUTATION, AND EVOLUTIONARY POTENTIAL
Each composition vector has an intrinsic potential to yield
well-adapted sequences during an evolutionary search. The
evolutionary potential of a composition vector will depend
on the probability that such a vector will be sampled by
mutation and the probability that it will yield useful se-
quences. These expectations are estimated later for each of
1,771 composition vectors spanning the RNA simplex, pro-
ducing a theoretical landscape that would direct the flow of
evolving populations in the simplex. “Basins” of evolution-
ary potential act as attractors, localizing the base composi-
tion of adapted sequences even though their primary struc-
ture continues to evolve.

Mutation: Probability of Sampling a Composition Vector

T he RNA genes encoded by the genomic DNA are sub-

ject to mutations in their storage and replication. As-

suming random mutation, uniform over the four

nucleotide bases, sequence composition will converge to

the isoheteropolymers (〈G+C〉=〈G+A〉=〈G+U〉=0.5) with a

standard deviation that decreases as the square root of se-

quence length [4]. Since base-substitution is known to be

nonuniform in several senses [43–46], assumptions of er-

godic mutation would appear untenable. Yet the double-

stranded nature of the genomic DNA constrains any non-

uniformity in the mutation rate of the four nucleotides as

changes in only G+C content (i.e., as changes parallel to

Chargaff’s Axis) [4]. For organisms with double-stranded

DNA, average G+A and G+U contents cannot be altered

from 0.5 regardless of the nonuniformity of the mutation

rates. This constraint is due to the fact that mutations occur

equally likely on both strands of the DNA. During DNA rep-

lication, the complementary strand will accommodate mu-

tations with the appropriate Watson-Crick base-pair.

Hence, each strand of the DNA genome accumulates on

average an equal number of A and T mutations and C and G

mutations. This phenomenon has been directly observed in

organisms for which complete genomic data exist (e.g.,

[47,48]). Thus, at least for G+A and G+U contents, an as-

sumption that mutation tends to uniformly disorder RNA

sequences is a reasonable first approximation to the mul-

tiple factors influencing mutation bias.

Selection: Probability That a Composition Vector
Contains Functional Sequences

I n general, RNA folding is frustrated by numerous con-

flicting interactions that cannot be simultaneously satis-

fied [34,37]. In the context of protein folding, Frauen-

felder and Wolynes have proposed a principle of minimum

frustration (PMF) stating that evolved sequences have been

selected such that the number of frustrated interactions

have been minimized compared to that of random hetero-

polymers [35,49]. In the case of RNA, the PMF has been

verified for nine disparately related functional classes

[3,31,32]. In these studies, the free energies of evolved RNA

sequences (taken here as a proxy for frustration) have been

shown to be significantly lower than the free energies of

random sequences. This result is relevant because locations

in the RNA simplex characterized by spontaneously low

frustration values will preferentially support the origin and

evolutionary diversification of RNAs. Given the underlying

distribution of frustration across the RNA simplex, it follows

from this assumption that selection would tend to drag se-

quence composition toward the endpoint(s) of Chargaff’s

Axis where base-pairing propensity is maximized. This as-

sumption appears absurd in the extreme case where se-
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FIGURE 3

FIGURE 3. Depicted within the simplex is the purine-manifold, extending from Chargaff’s Axis toward the AG edge. To demonstrate these
order-disorder transitions quantitatively, consider a random sequence located at the C=G=0.5 endpoint of Chargaff’s Axis. This sequence may be
“mutated” by randomly substituting C residues with G residues, gradually increasing the overall G content of the sequence. This mutational
trajectory will eventually arrive at the G homopolymer. We have computed the change in DG for sequences along this mutational walk for the AU
and CG edges of the simplex. Plotted are the mean values of DG for six mutational walks at 37°C, N = 100. Of these four end member walks, the
walk toward poly-G demonstrates the sharpest transition. The majority of evolved RNA lie in the G+C-rich regime of the purine-manifold.

© 1999 John Wiley & Sons, Inc. C O M P L E X I T Y 67



quence composition collapses to two bases (either AU or
CG). Biological functionality presumably diminishes as two-
base compositions are approached [9,30]: The advantages of
a larger alphabet must at some point outweigh advantages
of overall thermodynamic stability. Also, there is experi-
mental evidence demonstrating that RNA function does not
always require (and can even be inhibited by) maximal ther-
modynamic stability (e.g., [50–52]). However, these points
are moot if in nature this extreme compositional boundary
is unapproached by evolving populations. This may in fact
be the case, as extreme compositions are impossible to
achieve in the absence of profound mutational biases, es-
pecially for longer RNA sequences. All the same, the PMF
does not state that functional sequences must avoid all con-
flicting contacts, only that functional molecules tend to be
less frustrated than random sequences. With these caveats
in mind, we will assume that selection tends to alter base
composition to values that intrinsically support minimally
frustrated structures.

Evolutionary Potential

T he expectation that a composition vector, c, will con-
tain useful sequences is given by its calculated mean
frustration, 〈Fc〉. The expectation that it will be

sampled by mutation is given by its calculated Shannon
entropy, Sc. Selection tends to direct populations toward
composition vectors of minimal frustration. Mutation tends
to direct populations toward composition vectors of maxi-
mal entropy. As defined here, these two forces act in oppo-
sition: selection toward the endpoints of Chargaff’s Axis,
mutation toward the isoheteropolymers. The evolutionary
potential of a composition vector Uc is simply the result of
these two forces and can be calculated as:

Uc = ^Fc& − mSc (5)

m is a constant that adjusts the relative contribution of mu-
tation and selection to evolutionary potential. Evolution will
tend to alter the location of the mean base composition of
evolving populations to composition vectors of smaller U
values. Superficially, this equation resembles the calcula-
tion for free energy in chemical systems, where 〈F〉 is an
“evolutionary enthalpy” that is minimized via selection, and
S is an entropy term that tends to increase via mutation. In
this sense, m is analogous to temperature, and for low val-
ues, selection dominates the trajectories of evolving popu-
lations as they become centered near the endpoint(s) of
Chargaff’s Axis. Folded structures become well ordered as
they become well adapted. When m = 0, U = 〈F〉 and evolu-
tionary potential is equivalent to the self-organization of the
composition vector. For high values of m, mutation will
dominate the course of evolutionary trajectories and se-
quences will become disordered, centered around the iso-

FIGURE 4

FIGURE 4. Distributions of the top 1 percent evolutionary potential
vectors. These vectors represent the compositions most likely to
produce functional sequences under random search of sequence
space, given the constraints of self-organization. These composition
vectors act as dynamical basins of attraction to the base composition
of populations of evolving sequences. (A) The distribution of optimal
potential vectors for the mean-field calculation has two local optima,
each located on Chargaff’s Axis on opposite sides of the isohetero-
polymers. The distribution is symmetric about Chargaff’s Axis. (B)
The distribution of optimal potential vectors for the thermody-
namic approximation has a global optimum located in a G+C, G+A,
and G+U biased province of the simplex. (C) The distribution of
928 cytoplasmic tRNA sequences derived from organisms span-
ning the universal tree of life. The distribution of 5S rRNA is
similar and is therefore not shown. Note the resemblance of this
distribution to the optimal potential vectors in B.
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heteropolymers. It is important to note that evolutionary
potential is a statistical property and does not preclude the
evolutionary realization of sequences from less optimal
composition vectors.

In order to visualize basins of optimal evolutionary po-
tential, we plotted only the top 18 (top 1 percent) optimal
potential vectors. We then compared this distribution to the
distributions of the cytoplasmic tRNA or 5S rRNA data sets.

FIGURE 5

FIGURE 5. Scaling of the evolutionary potential models to actual RNA data. For the range of µ values depicted in (A) and (C), the G+C, G+A, and
G+U contents remain above 0.5, which is consistent with the compositional biases observed for these and other functional classes of RNA. (A)
The mean G+C content of the optimal potential vectors first coincides with the mean G+C content of 928 cytoplasmic tRNA data at µ = 0.91 (arrow).
The predicted mean G+A and G+U values are both consistent with the mean tRNA G+A and G+U contents and are depicted in (B), an analytical
projection of the RNA simplex from the CG edge along Chargaff’s Axis (center). The distributions of the tRNA are depicted for each phylogenetic
domain. Bars represent one standard deviation. (C) The mean G+C content of the optimal potential vectors first coincides with the mean G+C
content of 382 5S rRNA data at µ = 1.08 (arrow). In this case the predicted mean G+A and G+U values are less consistent with the mean G+A and
G+U contents of the 5S rRNA data. (D) Projection of the mean G+A and G+U contents of 382 5S rRNA compared to the mean G+A and G+U contents
of predicted optimal evolutionary potential vectors.
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Figure 4A depicts the optimal potential vectors for the
mean-field approximation with m adjusted to 0.64. At this m

value, the optimal potential vectors form a dumbbell-
shaped basin of attraction, lying along Chargaff’s Axis. The
lobes of the dumbbell correspond to the two equally mini-
mal 〈F〉 optima derived from the mean-field model. Despite
the simplicity of this approximation, the mean-field poten-
tial vectors nonetheless indicate the importance of Char-
gaff’s Axis and values of G+C content between the extremes
of 0.2 and 0.8 (similar to evolved sequences). For large val-
ues of m, the two lobes will converge to form a single sym-
metrical sphere centered on the isoheteropolymers.

I n contrast, the top 1 percent optimal potential vectors
derived from the thermodynamic approximation form a
single lobe-like basin of attraction (Figure 4B), as the

thermodynamic approximation admits only a single opti-
mal 〈F〉 value. For a broad range of m values, the overall
shape of the optimal potential vectors is remarkably similar
to the shape of both the tRNA and 5S rRNA distributions
(Figure 4C). Because mean G+C values are most sensitive to
changes in m, we adjusted m from low values to higher val-
ues until the mean G+C contents of the optimal evolution-
ary potential vectors first coincide with the mean G+C con-
tent of the evolved sequences. We then compared the mean
G+A and G+U values of the simulated and empirical data.
The fit between the mean G+C content of the optimal po-
tential vectors (0.581 5 0.0604) and the tRNA (0.584 5

0.0514) first becomes optimal at m = 0.91 (Figure 5A). For
this value of m, the optimal potential vectors are slightly G+A
and G+U biased with mean values of 0.506 5 0.0369 (tRNA,
0.508 5 0.0252) and 0.536 5 0.0435 (tRNA, 0.531 5 0.0365),
respectively (Figure 5B). When the same fitting technique is
applied to the 5S rRNA, the mean G+C values coincide at m

= 1.08 (Figure 5C). Though the mean G+A and G+U contents
of the optimal potential vectors are similar to the empirical
data, the fits are not as close as the in tRNA data set (Figure
5D).

The extraordinary fit to tRNA may reflect the autono-
mous nature of the molecule under in vivo conditions.
RNAs such as 5S rRNA and longer molecules are associated
with proteins, other RNA, and cofactors under functional
conditions. How these intimate intermolecular associations
may alter the folding and stability requirements of these
molecules and their compositional balances remains an
open question. The optimal potential vectors can be simi-

larly compared to other functional classes of RNA. A cursory
analysis shows that longer RNA sequences (such as the
3,000 nucleotide 23S rRNA) demonstrate approximately 10
percent higher G+A values than those of tRNA and 5S rRNA.
Thus the fits of the simulation to longer RNAs are corre-
spondingly poorer. Refinements or alternative formulations
of the selection and mutation terms will be necessary. For
example, using computer simulations, Fontana and col-
leagues [9] have shown that the base composition of RNA
sequences provides a means of tuning the structure of adap-
tive landscapes and might therefore influence evolutionary
optimization. The frustration term in Equation 5 could be
replaced with a measure of the correlation length on the
landscape, and a new vector field for evolutionary potential
could then be computed. The ability to compare simula-
tions such as these with empirical sequence data taken from
naturally or artificially evolved RNA makes the RNA simplex
a useful tool for testing hypotheses concerning self-
organization and selection in RNA evolution.

CONCLUSION
Our framework and simulations propose a mechanism ac-
counting for invariant G+A and G+U contents among dis-
parate RNAs despite drastic evolutionary divergence at the
sequence level. We demonstrate that an anisotropy in the
underlying distribution of thermodynamic stability in RNA
sequence space acts as an attractor, constraining the evo-
lutionary trajectories of RNA to time-invariant, localized
provinces of base composition. This underlying distribution
of self-organization in RNA illuminates the intrinsic physi-
cochemical constraints that limit the distribution of forms
seen in nature.
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