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Abstract. In addition to characteristic structural prop-
erties imposed by evolutionary modification, evolved,
single-stranded RNAs also display characteristic struc-
tural properties imposed by intrinsic physical constraints
on RNA polymer folding. The balance of intrinsic and
functionally selected characters in the folded conforma-
tion of evolved secondary structures was determined by
comparing the predicted secondary structures of evolved
and unevolved (random) RNA sequences. Though
evolved conformations are significantly more ordered
than conformations of random-sequence RNA, this
analysis demonstrates that the majority of conforma-
tional order within evolved structures results not from
evolutionary optimization but from constraints imposed
by rules intrinsic to RNA polymer folding.

Key words: RNA structure — Morphospace — Phe-
netics — Intrinsic evolutionary constraints — Extrinsic
evolutionary constraints

Introduction

The contribution of intrinsic and extrinsic constraints to
the evolution of biological form remains one of the most

important, yet least explored questions in evolutionary
biology (Thompson 1917; Seilacher 1991; Raff 1996).
The most effective means of resolving the relative im-
portance of these constraints is to compare the distribu-
tion of evolved morphologies to the larger space of un-
evolved possibilities. Such a phenetic (in contrast to
cladistic) analysis is based on an appropriate “morpho-
space” in which disparately related forms can be conve-
niently compared. However, the formulation of develop-
mentally meaningful and taxonomically comprehensive
morphospaces has remained elusive (Gould 1991).
Single-stranded RNA provides the ideal system in which
to experimentally investigate the role of intrinsic evolu-
tionary constraints as (i) both evolved and unevolved
(i.e., random) RNA sequences can be synthesized and
their folded conformations probed and compared, (ii)
large sequence databases of disparately related mol-
ecules currently exist (Schultes et al. 1997), and (iii)
RNA can be evolvedin vitro, enabling repeated evolu-
tionary experiments (Lato et al. 1995). Though numerous
theoretical (e.g., Huynen et al. 1996; Fontana and Sch-
uster 1998) and experimental (e.g., Jeager 1997; Unaru
and Bartel 1998) studies have focused on the origin and
diversification offunctionalRNA, the evolutionary con-
straints imposed by structural properties intrinsic to RNA
polymer chemistry remain poorly characterized. Single-
stranded RNA molecules with structure dependent func-
tions are known to possess well-ordered conformations
that are both thermodynamically stable and uniquely
folded (Draper 1996). Are these properties common or
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rare among random heteropolymers? How hard must se-
lection search sequence space to access RNA having
suitably ordered conformations? In what sense have the
nucleotide sequences of evolved RNA been informed by
natural selection?

To address these evolutionary questions, we have ap-
plied recent results from the “new view” of protein fold-
ing kinetics to the RNA folding problem (Dill and Chan
1997). Macromolecular folding is driven by the forma-
tion of low-energy, intramolecular contacts. In suffi-
ciently complicated polymers the formation of one fa-
vorable contact may disrupt, or “frustrate,” the formation
of other favorable contacts, delaying or preventing the
acquisition of a stable and unique fold. Even the native
configuration of a well-adapted sequence may contain
residual high-energy contacts which are unavoidable
given the complexity of the interactions throughout the
molecule. Overall frustration can be reduced only by
judiciously altering the sequence of nucleotide bases
such that high-energy contacts are avoided, while the
native configuration remains intact. Though this repre-
sents an extremely complicated combinatorial optimiza-
tion problem from the standpoint of rational design, we
predict that functional RNA sequences have evolved to
minimize frustrated intramolecular interactions with re-
spect to random heteropolymer sequences. This “prin-
ciple of minimal frustration” (PMF) (Bryngelson et al.
1995) is a generic response of RNA to any selection
pressure requiring well-ordered structure. Here, we used
standard energy minimization algorithms to compare
properties of calculated minimum free energy secondary
structures of RNA sequences derived from biological
specimens to those of analogous random sequences
(same length and base composition).

Methods

Defining a Molecular Morphospace.To define quantitatively the sta-
bility and uniqueness of RNA secondary structure, we hypothesize that
the evolution of functional RNA sequences from random-sequence
populations (at constant conditions) is analogous to the adaptation of
RNA sequences from mesothermal to hyperthermal conditions, as
noted by Brown et al. (1993). Specifically, the evolution of RNA
molecules (from random sequences) requiring precisely folded confor-
mations will (i) increase the number of hydrogen bonds in stem helical
regions, (ii) reduce irregularities in stem helices, (iii) increase the num-
ber of Watson–Crick base pairs at the base of stem loops, (iv) shorten
connections between helices, and (v) reduce the number of alternative,
stable, conformations. Evolutionary modifications i–iv are effectively
summarized by measuring two features of the secondary structure: the
base-pairing propensity,P (measured as the number of base pairs nor-
malized to the length of the sequence in nucleotide residues,N), and the
mean length of helical stem structures,S (measured as base pairs),
within individual sequences.

Values forP range from no base-pair interactions,Pmin 4 0.0, to
an ideal maximum number of base-pair interactions,Pmax 4 0.5 (in
this case, allN bases pair, yieldingN/2 base pairs). Though the RNA
folding algorithm can express the thermodynamic stability of folded
conformations as the free energy of folding (kcal/mol), base-pairing

propensity was used becauseP (i) normalizes for sequence length, (ii)
controls for differences in bond strength between Az U, C z G, and
G z U base pairs, and (iii) enables direct comparison between simulated
secondary structures and secondary structures inferred from sequence
comparison studies (Fontana et al. 1993). A contiguous helical stem
structure is defined as the number of uninterrupted Watson–Crick and/
or G z U bases pairs. Hence, bulges, loops, and unpaired bases termi-
nate helical stem structures. Values forS range fromSmin 4 1.0 for
single base-paired structures to an idealized hairpin with no loop struc-
ture,Smax 4 N/2.

Reducing the number of different folded conformations having
comparable stability (evolutionary modificationn from above) con-
cerns not only the minimum free energy structure but its relation to
competing, suboptimal folds. Functional sequences must fold to
unique, as well as stable conformations (Herschlag 1995). We have
developed an index of the uniqueness of the folded conformation,Q,
determined from the base-pairing probability distribution of the calcu-
lated minimum free energy secondary structure. In addition to calcu-
lating a minimum-free energy secondary structure, the RNA folding
algorithm calculates base-pairing probabilities for each possible
nucleotide pair in the sequence (the so-called equilibrium partition
function or base-pairing probability matrix). Since these probabilities
are based on thermodynamic likelihoods of base-pair formation, the
partition function is a summary of the many possible alternative con-
formations that compete during the energy minimization process of
polymer folding. The base-pairing probability matrix has two extreme
possibilities: each base-pair combination may be equally likely (with
no single secondary structure preferred) or a single base-pairing
combination may be specified with no uncertainty (either paired or
unpaired) specifying a single, well-defined secondary structure. In
practice, intermediate cases prevail. We calculate the uncertainty in
base-pairing and therefore secondary structure as the Shannon entropy
of the base-pairing probability matrix normalized to sequence length [a
slightly different measure was independently developed by Huynen et
al. (1997)].
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2
N log2N (2)

A sequence having a well-defined secondary structure has a partition
function with low informational entropy. A sequence having numerous
conflicting interactions (high frustration) has more uncertainty and
higher informational entropy in the partition function. Values forQ
range fromQ 4 0.0 for perfectly defined, unique structures toQ 4 1.0
for sequences having no preferred structure. Taken together,P, S,and
Q define the degree of conformational order of the minimum-free en-
ergy secondary structure as a point in a three-dimensional, order–
disorder molecular “morphospace” (Fig. 1).

RNA Folding Algorithm.We have employed RNAfold, a dynamic
programming search method for finding minimal-free energy second-
ary structures that is based on empirically derived thermodynamic pa-
rameters (Zuker and Steigler 1981). We obtained software as the Vi-
enna RNA Package (Hofacker et al. 1994): ftp://ftp.itc.univie.ac.at/pub/
RNA/ViennaRNA-1.1b. Minimum-free energy structures were
calculated at 37°C. It is important to note that there exist significant
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discrepancies between the computational predictions of minimum-free
energy secondary structures and those of secondary structures inferred
from sequence comparison studies (Fontana et al. 1993; Huynen et al.
1997; Fontana and Schuster 1998). In general, we find that the struc-
tures predicted from simulations have higherP andS values than sec-
ondary structures inferred from sequence comparison studies (see
bracketed values in Table 1). Though it is currently impossible to
predict reliably the exact conformation for any particular sequence
using energy minimization algorithms, this does not preclude testing
for statistical differences between evolved and random sequences.
Since we are testing the PMF by comparing two different “samples” of
RNA sequences (i.e., comparing evolved sequences to unevolved se-
quences) using the same algorithm, inaccuracies in the predicted struc-
tures are tolerated as systematic error. We stress that the focus of this
investigation is not the prediction of exact secondary structure from
sequence information but is instead the statistical analysis of the effects
of sequence evolution on RNA structure. The model independence
gained from statistical comparison of evolved and unevolved RNA
sequences contrasts to previous numerical studies concerning the PMF
in protein sequences where the simplified approximations of protein
folding do not admit the use of authentic, naturally evolved protein
sequence data (Shakhnovich and Gutin 1990; Li et al. 1996).

Statistical Analysis and Phylogenetic Controls.Using Student’st
test as an inferential statistic, we examined the following hypotheses to
test whether the PMF holds for natural sequences: evolved sequences
have a greater number of base pairs (higherP value), longer mean stem
lengths (higherSvalues), and more unique minimum-free energy struc-

tures (lowerQ values) than random, unevolved sequences. We then
compiled a database of 24, full-length, naturally evolved RNA se-
quences (Table 1). These disparate sequences represent six distinct
functional classes and the three phylogenetic domains of the universal
tree of life. mRNAs were not included in this analysis, as their struc-
tural requirements are less well understood and, as such, lie beyond the
scope of this study. Sequences belonging to disparate functional classes
share no sequence similarity (above random expectations) and there-
fore no interpretable evolutionary history. Hence, similarities amongP,
S, and Q values between functional classes must be due to adaptive
convergent evolution rather than shared ancestry (Schultes et al. 1997).
Further, as an independent phylogenetic control, we also include seven
artificially evolved self-ligating ribozymes isolatedin vitro from syn-
thetic random sequence libraries (Bartel and Szostak 1993). Because
artificial ribozymes are known to be genealogically independent of
biological lineages, any similarities in conformational properties are
interpreted as adaptive convergent evolution and not historical con-
straints. The seven artificial, self-ligating RNAs belong to three dispa-
rate classes that were evolved independently from three disparate ran-
dom sequences sharing no sequence similarity (Ekland et al. 1995). Our
database therefore contains 31 sequences representing up to nine inde-
pendent evolutionary lineages.

Random-Sequence Generation.The calculated secondary structures
of the 31 evolved RNA sequences were compared to those of randomly
generated sequences. Controlling for base composition among random
sequences is essential, as base composition is known to influence the
thermodynamic stability of nucleic acids (Saenger 1984). Hence, for
each of the 31 RNAs, a population of 100 random heteropolymers was
constructed by permuting the evolved sequence. The permutation pro-
cedure consisted of three perfect shuffles, where a perfect shuffle se-
quentially swaps nucleotides at all sites with a randomly chosen site
elsewhere in the sequence (Knuth 1973). We refer to this population as
the permuted cohort of the original RNA. Though permutations effec-
tively randomize the primary structure (and therefore secondary struc-
ture), they leave the base composition and sequence length unchanged.
The mean values ofP, S,andQ for each permuted cohort population
were then compared to the corresponding natural sequence to test the
hypotheses listed above.

Database Construction.5S rRNA sequences were obtained from
http://cammsg3.caos.kun.nl. tRNA sequences were obtained from ftp://
ftp.ebi.ac.uk/pub/databases/trna. P RNA sequences were obtained from
the Ribonuclease P Database. Artificial self-ligating ribozymes and
their GenBank files are described by Bartel and Szostak (1993) and
Ekland et al. (1995). Organisms in Table 1 are from, top to bottom,H.
morrhuae, H. trapanicum, S. acidocaldarius, P. woesei, P. yezoensis,
M. voltae, U. scabiosae, H. cutirubrum, T. tenax, S.PCC6301,Syn-
echocystissp. (U10482),R. rubrum, E. coli, M. fermentans, A. nidu-
lans, P. cepacia, E. coli, C. ellipsoidea(X63520), T. thermophila
(J01235),X. laevis, S. obliquus(X17375), bacteriophage SP82
(U04812), chlorella virus (D29631), and phage T5.

Results

The Relationship Between Evolved and Unevolved
RNA Secondary Structures

The results detailed in Table 1 demonstrate that evolved
and unevolved sequences, unrelated by sequence simi-
larity, nonetheless have remarkably similar values forP,
S,andQ.For example, the calculatedP values among the
31 evolved RNA sequences in Table 1 average to 0.305

Fig. 1. P–S–Qdefine a comprehensive morphospace for RNA sec-
ondary structure where the disparity among the folded conformations
of related, unrelated, and even random sequences can be meaningfully
quantified. Well-ordered structures have largeP andS values (a large
proportion of base pairs and long stem lengths) and small Q values
(unique structures). The calculatedP, S,andQ values of theSulfolobus
acidocaldariusP RNA (filled circle) and those of the permuted cohort
(open circles) occupy separate localities of morphospace confirming a
preferred direction to evolutionary modification regardless of the dis-
parate functions and evolutionary histories of the molecules investi-
gated. Selection tends to modify the RNA structure in the direction
from the disorder regime toward the order regime (bottomof figure).
The permuted cohort distributions examined here have similar shapes
and locations in morphospace regardless of sequence length.
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± 0.0289, a result similar to a restricted range ofP values
(0.3026 ± 0.0269) observed among inferred secondary
structures derived from sequence comparison studies [P
values for 10 unique sequences representing five distinct
functional classes (23S rRNA, 16S rRNA, 5S rRNA, P
RNA, and tRNA) were calculated by Schultes et al.
(1997)]. Given the structural and sequence disparity
among these different functional classes, the degree of
conformational order is nonetheless remarkably consis-
tent.

Even among permuted cohort sequences we find that
thermodynamic constraints ensure a characteristic degree
of ordered structure. However, sequences that have

evolved (both naturally and artificially) in most cases
have a statistically significantly greater thermodynamic
stability and uniqueness of secondary structure. Com-
pared to the means of their permuted cohort, 65% of the
31 sequences demonstrate significantly largerP values,
68% statistically significantly largerS values, and 61%
significantly smallerQ values. These data corroborate
results that were independently obtained in similar stud-
ies by Higgs (1993, 1995). Table 1 lists (in parentheses)
the percentile rank of each evolved sequence among the
permuted cohort distribution. Though it is not surprising
that evolved structures have increased stability and
uniqueness, these data contrast with results from protein

Table 1. Conformational order measured asP, Q, andS among evolved ssRNA in relation to their corresponding permuted cohorta

RNA N Pe <Pcoh> Qe <Qcoh> Se <Scoh>

Archaea
P RNA 476 0.319 0.306 ± 0.0090 (94)b 0.060 0.090 ± 0.0281 (86)b 4.83 4.60 ± 0.271 (77)b

P RNA 358 0.310 0.288 ± 0.0122 (98)b 0.067 0.098 ± 0.0290 (83)b 4.63 4.37 ± 0.287 (79)b

P RNA 315 0.349 [0.302] 0.286 ± 0.0186 (100)b 0.066 0.110 ± 0.316 (93)b 6.88 [7.18] 5.17 ± 0.454 (100)b

5S rRNA 124 0.331 0.301 ± 0.0252 (91)b 0.029 0.112 ± 0.0405 (99)b 4.56 4.90 ± 0.613 (33)
5S rRNA 121 0.298 0.256 ± 0.0315 (92)b 0.085 0.103 ± 0.0318 (68)b 5.54 4.53 ± 0.586 (94)b

5S rRNA 120 0.242 0.253 ± 0.0282 (37)b 0.084 0.108 ± 0.0379 (70)b 4.46 4.83 ± 0.605 (31)
5S rRNA 119 0.336 0.285 ± 0.0296 (97)b 0.047 0.102 ± 0.0383 (96)b 5.33 4.83 ± 0.738 (81)b

tRNA-GCA 76 0.276 0.284 ± 0.0312 (45) 0.119 0.106 ± 0.0472 (38) 6.00 4.91 ± 0.755 (93)b

tRNA-CGC 72 0.292 0.301 ± 0.0269 (45) 0.095 0.106 ± 0.0483 (54) 6.00 4.91 ± 0.817 (93)b

Bacteria
16S rRNA 1487 0.330 [0.301] 0.320 ± 0.0060 (93)b 0.076 0.092 ± 0.0194 (80)b 5.54 [4.14] 5.28 ± 0.177 (92)b

Group I 655 0.321 0.309 ± 0.0135 (79)b 0.095 0.107 ± 0.0241 (66)b 5.32 5.48 ± 0.333 (34)
P RNA 429 0.322 0.325 ± 0.0120 (38) 0.045 0.102 ± 0.0284 (99)b 5.31 5.23 ± 0.320 (64)b

P RNA 377 0.337 [0.284] 0.305 ± 0.0131 (100)b 0.113 0.099 ± 0.0286 (31) 4.98 [4.61] 4.86 ± 0.344 (66)b

P RNA 302 0.265 0.260 ± 0.0202 (60) 0.090 0.109 ± 0.0268 (74)b 4.44 4.81 ± 0.472 (21)
5S rRNA 120 0.317 0.264 ± 0.0308 (98)b 0.084 0.106 ± 0.0389 (69)b 4.47 4.90 ± 0.605 (23)
5S rRNA 116 0.267 0.268 ± 0.0309 (56) 0.066 0.104 ± 0.0377 (86)b 5.64 4.88 ± 0.712 (84)b

tRNA-GGC 76 0.303 0.279 ± 0.0301 (86)b 0.098 0.102 ± 0.0454 (51) 6.57 5.03 ± 0.934 (94)b

Eucarya
Group I 441 0.293 0.303 ± 0.0144 (28) 0.073 0.099 ± 0.0302 (80)b 5.86 5.20 ± 0.346 (96)b

Group I 413 0.334 0.297 ± 0.0161 (99)b 0.050 0.111 ± 0.0254 (100)b 6.42 5.35 ± 0.403 (98)b

tRNA-TGC 69 0.362 0.237 ± 0.0545 (100)b 0.118 0.123 ± 0.0412 (59) 5.56 5.71 ± 1.294 (49)
Mitochondrial

Group II 608 0.308 0.302 ± 0.0134 (66)b 0.072 0.103 ± 0.0210 (92)b 5.67 5.32 ± 0.355 (100)b

Virus
Group I 915 0.286 0.270 ± 0.0132 (89)b 0.078 0.104 ± 0.0172 (93)b 5.29 4.97 ± 0.258 (91)b

Group I 399 0.303 0.283 ± 0.0186 (83)b 0.101 0.108 ± 0.0254 (58) 5.38 5.20 ± 0.398 (68)b

tRNA-TGC 75 0.293 0.275 ± 0.0349 (74)b 0.046 0.106 ± 0.0421 (93)b 6.29 4.96 ± 0.858 (93)b

Artificial self-ligating
ribozymes
Class I

Isolate b1 274 0.296 0.279 ± 0.0203 (81)b 0.148 0.107 ± 0.0335 (13) 4.91 5.22 ± 0.457 (26)
Construct b1207 119 0.227 0.249 ± 0.0252 (19) 0.082 0.101 ± 0.0356 (68) 3.86 4.51 ± 0.633 (12)

Class II
Isolate c2 271 0.328 0.316 ± 0.0169 (80)b 0.111 0.108 ± 0.0317 (44) 5.09 5.37 ± 0.470 (27)
Isolate d1 273 0.304 0.298 ± 0.0201 (64)b 0.109 0.113 ± 0.0349 (53) 5.93 5.35 ± 0.498 (88)b

Isolate f1 273 0.293 0.299 ± 0.0192 (40) 0.129 0.107 ± 0.0299 (19) 4.71 5.19 ± 0.524 (17)
Class III

Isolate e3 272 0.313 0.314 ± 0.0184 (50) 0.123 0.111 ± 0.0310 (34) 7.73 5.75 ± 0.544 (100)b

Isolage g1 274 0.307 0.303 ± 0.0203 (60) 0.082 0.111 ± 0.0322 (81)b 5.25 5.29 ± 0.472 (51)

a N is the sequence length in nucleotide residues. Angle braces indicate mean values for the 100 sequences of permuted cohort. Variability is
specified as ±1 SD. Brackets indicate values derived from inferred secondary structures taken from the literature and the Ribonuclease P Database
(http://www.mbio.ncsu.edu/RNaseP). Parentheses indicate the percentile rank of the evolved RNA sequence among its permuted cohort.
b Statistically significant difference between values of evolved (subscript e) RNA sequences and their corresponding permuted cohort (subscript coh)
means atp 4 0.05.
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sequence analyses (using statistical run tests), indicating
that amino acid sequences of evolved proteins are indis-
tinguishable from random heteropolymers (White 1994).
Apparently, phylogenetically and functionally indepen-
dent trends toward greater structural stability and unique-
ness can nevertheless arise within the unique evolution-
ary histories of varied biochemical adaptations.

Additionally, in Table 1, there appears to be an im-
portant difference between the proportion of significant
values between naturally evolved and artificially evolved
RNA. Only 28.6% of theP, S,and Q values of the 7
artificially evolved ligase ribozymes are significantly
more ordered than random sequences, in contrast to
83.3% of theP, S, and Q values of the 24 naturally
evolved RNA. This discrepancy may be due to the fact
that artificial sequences have experienced a relatively
limited evolutionary history (only 10 rounds ofin vitro
selection–amplification) under relatively simple condi-
tions. Presumably, additional rounds of selection–
mutation–amplification and/or greater stringency of the
selection protocol would increase the proportion of arti-
ficial RNA having significantly increased structural or-
der. If subsequences, known to be neutral, are removed
from the full-length artificial ribozymes and the result-
ing, shorter sequences refolded, we find the proportion of
significantly differentP, S,andQ values increases from
28.6 to 51.5% [the neutral subsequences are annotated in
GenBank files (Bartel and Szostak 1993; Ekland et al.
1995)]. Apparently, neutral subsequences which cannot
be removed by existingin vitro selection technology tend
to disorder the ligase conformation.

Self-Organization: The Spontaneous Minimization
of Frustration

The mean values ofP, S,and Q derived from the per-
muted cohort populations provide an index of the intrin-
sic order, or degree of self-organization, among average,
random, RNA polymers. Defined as a mean expectation,
self-organization is a statistical property of the permuted
cohort. Individual sequences may have more or less con-
formational order than the mean values of the permuted
cohort but will be found less frequently via random
search. In addition to an expected degree of intrinsic
organization, evolved sequences have an extrinsic source
of order—that of natural selection. Whereas the PMF
states that natural selection minimizes conflicting intra-
molecular interactions, self-organization is a measure of
the degree to which random (i.e., unselected and un-
evolved) sequences minimize intramolecular frustration
spontaneously. Hence, the total conformational order
among well-adapted sequences has an intrinsic compo-
nent (self-organization) and extrinsic component (selec-
tion). The difference between the mean values of the
permuted cohort population and the values derived from
the corresponding evolved sequence represents the

amount of order due to selection (Fig. 2). These differ-
ences demonstrate that at the level of secondary struc-
ture, more than 90.0% of the conformational order found
in the base-pairing and stem lengths for evolved se-
quences can be attributed to the intrinsic ordering capac-
ity of RNA. Random sequences have a base-pairing pro-
pensity (P) that averages 0.288, while evolved sequences
have an average base-pairing propensity that is slightly
greater at 0.318, a difference of only 9.43%. Likewise,
stem lengths of evolved RNA structures, averaging 5.70
nucleotides long, are only 12.09% longer on average
than those of random sequences. The uniqueness of the
folded conformation appears to be most sensitive to the
effects of selection: theQ values of random sequences
average 0.104, while evolved structures have an average
Q value of 0.068, an increase in the uniqueness of the
conformation of 34.6%. The magnitude of conforma-
tional order of random RNA is substantial and appears,
in roughly 30–40% of the sequences, to be indistinguish-
able from that of evolved structures. The ordering effects
of selection on RNA structure, though in many cases
significant, appear to be small in magnitude.

Discussion

The results presented above indicate that evolutionary
processes systematically deform the folding energy land-
scape of functional RNAs compared to random se-
quences. However, the majority of the conformational
order found in functional RNA appears not to be the
result of a long history of evolutionary modification but
is inherent in the physiochemical interactions that drive
RNA folding. Though selection undoubtedly modifies
RNA sequence and structure in the adaptation to specific
functions and environments, the majority of conforma-
tional order is intrinsic [i.e., comes “for free” (Kauffman
1993)]. The high degree of ordered structure among ran-
dom RNA sequences is consistent with experimental re-
sults which show that large and complex ribozymes can
emerge from an extremely limited sampling of sequence
possibilities, which in turn implies the existence of a
large number of distinct and complex structures through-
out sequence space (Ekland and Bartel 1995).

The relationship between random and evolved se-
quences can therefore be summarized as nested sets of
increasing biological relevance (Fig. 3). An individual
RNA, such as the phage T5 TGC-tRNA (Table 1), rep-
resents an evolved instance of a class of sequences that
are functionally equivalent for translational incorpora-
tion of cysteine in the context of T5 replication. Se-
quences belonging to this class have specific adaptations,
or a specific phenotype,that is idiosyncratic to that par-
ticular function. The specific phenotype includes adap-
tations such as the guide sequence of self-splicing in-
trons, the anticodon stem-loop structure of tRNAs, or
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possibly the U-rich composition of certain snRNAs. The
specific phenotype is unique to individual evolutionary
lineages and forms the basis of comparative sequence
analysis. All sequences having the specific phenotype
belong to a more general class of sequences having the
properprerequisite phenotype.These characters are not
unique to particular structural adaptations and evolution-
ary lineages but are, instead, general properties like in-
creased thermodynamic stability and uniqueness of
folded conformation that are necessary (but not suffi-
cient) for a wide variety of functions. As such, the pre-
requisite phenotype can be elucidated only by comparing
independently evolved sequences with completely ran-
dom sequences where the confounding influences of
shared ancestry can be eliminated. Our results indicate
that, at least forP, S,andQ, random sequences having
biological base compositions often demonstrate the pre-
requisite phenotype.

Organizing RNA sequence space as in Fig. 3 has theo-
retical and practical implications. Theoretically, the

Fig. 2. Estimating the relative contribution of self-organization and
selection in evolved RNA secondary structures.a The P, S, and Q
values ofSulfolobus acidocaldariusP RNA and the meanP, S,andQ
values of its corresponding permuted cohort. The mean of the permuted
cohort values is a measure of the intrinsic order found among random
heteropolymers that have not been modified by evolutionary processes.
The difference between the mean value of the permuted cohort and that
of the evolved sequence provides a measure of the contribution of
self-organization (i.e., the spontaneous minimization of frustration) and
selection to the total conformational order of the evolved RNA.b A
schematic representation of the intrinsic (self-organization) and extrin-
sic (selection) sources of conformational order found among evolved
RNA sequences. The majority of the conformational order necessary to
perform biological functions is due to intrinsic organization, and not
selection.

Fig. 3. The relationship between random and evolved sequences
among the ensemble of possible sequences is depicted as nested sets of
increasing biological relevance. Sequences having suitably well-
ordered structures (prerequisite phenotype; PP) contain a subset of
sequences that have the needed specific adaptations (specific pheno-
type; SP). Within the subset of sequences having the specific pheno-
type is the subset of sequences realized in the course of evolution.
As defined here, self-organization defines the relative proportion
of the prerequisite phenotype set with respect to the entire sequence
space.
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physiochemical forces that mediate interactions between
the nucleotide residues inherently constrain the range
and distribution of possible RNA conformations and
therefore bias the range and distribution of the variation
upon which selection acts. However, since the main fo-
cus of RNA structural biology has been on evolved in-
stances of RNA, it is impossible to identify general bio-
physical constraints that either limit or facilitate the
origin and diversification of functional RNA structures.
For example, the purine-rich composition of loop regions
of disparate RNAs demonstrates that the newly discov-
ered adenosine platform structures of the P4–P6 domain
of the Tetrahymena thermophilaintron may be ubiqui-
tous (Cate et al. 1996; Schultes et al. 1997). Cate et al.
have speculated that adenosine platforms arose early in
evolutionary history, presumably as an efficient mecha-
nism for building complicated RNA architectures. Ex-
panding the scope of comparative analysis to include
random sequences generalizes traditional adaptationalist
hypotheses to include intrinsic constraints as a possible
factor in explaining ubiquitous biological structures
(Gould and Lewontin 1979). Hence, Cate and co-
workers’ hypothesis can be more aptly stated: Are aden-
osine platforms common or rare features of random RNA
heteropolymers? The ubiquity of the adenosine platform
in evolved RNA may be due simply to its ubiquity
among random RNA polymers [these structures would
be, even if deleterious, unavoidable by evolution [Kauff-
man 1993]. Only if adenosine platforms prove rare
among random sequences does their occurrence among
disparate RNA functional classes suggest an adaptive
capacity in forming functional structures. Resolving
these possibilities is fundamentally important to under-
standing the RNA folding problem and the origin of
structure and function in RNA.

From a practical standpoint, the specific/prerequisite
phenotype dichotomy distinguishes between order (pre-
requisite for function) and design (specific to function) in
molecular structures (Dennett 1995) and suggests a novel
approach to ribozyme engineering. Though structure pre-
diction and rational design of complex RNA catalysts
(i.e., engineering the specific phenotype) are largely in-
tractable, combinatorial andin vitro evolution ap-
proaches to molecular design have had remarkable suc-
cess (Jeager 1997). In principle, statistical patterns in the
primary structure, e.g., base composition (Schultes et al.
1999) or sequence length (Sabeti et al. 1997), that are
correlated with minimal frustration could be applied to
the design of combinatorial libraries with initial popula-
tions being biased toward sequences that, though random
with respect to the specific phenotype, tend to be mini-
mally frustrated (Rejito and Verkhivker 1996; Sabeti et
al. 1997). Focusing the limited diversity of the initial
random-sequence pool among sequences having the pre-
requisite phenotype would be particularly useful when
the search space is large compared to the size of the

population and when adequate solutions are exceedingly
rare. The intelligent design of biased libraries represents
a middle ground between rational and combinatorial ap-
proaches to RNA engineering (Wedel 1996).
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