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Abstract

The process of designing novel RNA sequences by inverse RNA folding, available in tools 
such as RNAinverse and InfoRNA, can be thought of as a reconstruction of RNAs from 
secondary structure.  In this reconstruction problem, no physical measures are considered as 
additional constraints that are independent of structure, aside of the goal to reach the same 
secondary structure as the input using energy minimization methods.  An extension of the 
reconstruction problem can be formulated since in many cases of natural RNAs, it is desired 
to analyze the sequence and structure of RNA molecules using various physical quantifiable 
measures.  In prior works that used secondary structure predictions, it has been shown that 
natural RNAs differ significantly from random RNAs in some of these measures.  Thus, 
we relax the problem of reconstructing RNAs from secondary structure into reconstructing 
RNAs from shapes, and in turn incorporate physical quantities as constraints.  This allows 
for the design of novel RNA sequences by inverse folding while considering various physical 
quantities of interest such as thermodynamic stability, mutational robustness, and linguistic 
complexity.  At the expense of altering the number of nucleotides in stems and loops, for 
example, physical measures can be taken into account.  We use evolutionary computation for 
the new reconstruction problem and illustrate the procedure on various natural RNAs.

Introduction

The problem of computationally predicting an RNA secondary structure given a 
sequence has been advanced extensively over the past three decades.  Moreover, 
both RNA sequence and structure have been subjected to computational and theo-
retical studies covering a variety of different aspects.  One interesting direction 
involves investigating the physical properties of an RNA secondary structure, ad-
dressing questions such as how the secondary structures of natural and random 
RNA sequences differ and how they evolve, a review of which is available in (1).  
It is reasonable to assume that physical properties of an RNA secondary structure 
can be put to use in the process of computationally designing novel RNA sequenc-
es with favorable characteristics, given an RNA secondary structure for which 
several RNA sequences fold into by energy minimization.  This problem is known 
as the RNA inverse folding problem.

The problem of inverse folding of RNAs was discussed at length in the seminal 
paper on the Vienna RNA package (2), where an algorithm called RNAinverse was 
derived and has subsequently been used as the gold standard in a variety of compu-
tational simulations since then.  Recently, improvements to RNAinverse have been 
suggested in terms of computational efficiency and different methodologies, among 
which are the RNA-SSD (3) and the INFO-RNA (4).  In RNAinverse, the strategy 
of adaptive walk was used and local optima were found according to two different 
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criteria, namely a structural distance between the minimum free energy structure of 
the designed sequence and the target structure (mfe-mode) and the probability of 
folding into the target structure (p-mode).  The RNA-SSD (RNA Secondary Struc-
ture Designer) is based on a recursive stochastic local search that also tries to mini-
mize a structural distance.  The INFO-RNA (Inverse Folding of RNA) is similar to 
RNAinverse with the following contributions: a dynamic programming algorithm 
chooses a sequence that adopts the lowest energy a sequence can have when folding 
into a target structure, and the mutating step of the sub-sequences is performed by 
a stochastic local search that can avoid local minima.  More details can be found in 
the references above for these three main RNA inverse folding algorithms.

A natural RNA (e.g., an RNA virus or a microRNA) differs from an inversely folded 
RNA not only by sequence composition, but also by physical properties.  When 
designing RNA molecules, those differences may potentially be quite important, 
and therefore there is a clear motivation to insert physical considerations into the 
design problem.  Here, it is proposed to include physical properties in the following 
way.  When simulating RNA evolution, several quantifiable measures have been 
suggested to analyze the sequence and structure of an RNA molecule.  Among oth-
ers [e.g., (5)], three basic measures that have been discussed in prior works and 
can be calculated by computational means are thermodynamics stability, mutational 
robustness, and linguistic complexity.  These measures can be added to the RNA in-
verse folding problem as constraints, and they are introduced in the next paragraph 
while their exact calculation is described in the Methods section.

The question of how natural RNA sequences differ from random ones has been 
investigated previously in several works.  For example, it was found that tRNAs 
are unusually stable thermodynamically compared with random RNA sequences of 
the same length and base compositions (6).  A comprehensive review on the physi-
cal and computational aspects of RNA secondary structure is available in (1).  In a 
recent work of Borenstein and Ruppin (7) it was shown that the structure of miRNA 
precursor stem-loops are significantly more mutationally robust in comparison with 
random RNA sequences with similar stem-loop structures.  Aside of thermodynamic 
stability and mutational robustness, an additional physical measure that was inves-
tigated in (8, 9) is linguistic complexity.  The linguistic complexity of natural RNA 
sequences is expected to be lower than that of random sequences.  For example, re-
petitive sequences in the eukaryotic genome, such as tandem repeats or CpG islands 
in genes promoters, reduce the total complexity of natural sequences as compared to 
random ones.  This can also be attributed to the fact that millions of years of random 
mutations would have reduced the high complexity of ancient RNA sequences, un-
less the complex sequences are maintained as such by specific selection pressure.  
Complexity is expected to be reduced in a system that is not completely determin-
istic, which is definitely the case in the presence of random mutations, because an 
increase in entropy due to the second law of thermodynamics translates to a decrease 
in complexity.  This also makes the higher sequence complexity an indication of 
some functional load carried by the sequence.  Thus, thermodynamic stability, muta-
tional robustness, and linguistic complexity are three examples of physical measures 
that may contribute to RNA inverse folding by providing robust constraints.

Here, the design problem of RNA sequences from secondary structure, known 
as the RNA inverse folding problem, is revisited with the goal of incorporating 
physical measures and thereby allowing a useful extension for designing RNA se-
quences that mimic the behavior of natural RNAs.  In the traditional formulation 
of the problem, the inverse folding is performed from RNA secondary structure to 
sequences, without taking into account physical constraints (although, other con-
straints are allowed, such as sequence constraints).  Thus, as a first step, the idea 
of incorporating physical measures as constraints into the RNA inverse folding 
can be suggested.  However, when attempting to include such constraints while 
restricting both secondary structure and physical measures, no solutions are ob-
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tained in the majority of cases.  To resolve this issue, it is argued that at least in a 
considerable number of cases, physical measures are more important than strictly 
obeying the secondary structure instead of allowing the inclusion of an extra base 
pair in a stem, for example.  Thus, instead of performing the inverse folding from 
secondary structure to sequences, one can relax the problem to perform the inverse 
folding from an RNA “shape” to sequences, and thereby incorporate physical mea-
sures as constraints.  An RNA shape is a family of structures, sharing a common 
pattern of nested and adjacent helices.  For example, as demonstrated in (10-12), 
an RNA shape can be taken as a coarse-grained representation of the secondary 
structure, such as a tree-graph representation that captures the secondary struc-
ture motifs but not the complete information of all the base pairings that form the 
secondary structure.  The idea in the relaxation to shapes is to provide as input 
an RNA coarse-grained representation of the secondary structure, derived from a 
given natural RNA sequence, instead of its secondary structure (for an illustration 
of the difference between RNA secondary structures and RNA shapes, see Figure 
1).  This permits taking into account the various physical measures calculated from 
the given RNA sequences as constraints to the RNA inverse folding problem.  The 
desired outputs are RNA sequences that possess the same shape as the initially 
given RNA sequence, with the additional trait that the resultant RNA sequences are 
also similar in their physical properties to the initial one.  In at least some design 
problems it is anticipated that this procedure will offer an improvement over RNA 
inverse.  If one of the designed sequences and the input natural RNA sequence are 
found to have highly distinct secondary structures then this designed sequence can 
be discarded in favor of another, but there should be many cases of two secondary 

Figure 1:  An illustration of RNA secondary structures 
vs. RNA shapes.
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structures that are slightly different but relax into the same shape (see illustration in 
Figure 1), and therefore the relaxation from secondary structure to shape in order 
to accommodate for the additional constraints is justified.  Without this relaxation 
there will be no solution to the extended design problem in the majority of the 
cases, while with this relaxation many interesting candidate solutions that mimic 
the favorable properties of natural RNAs can be found, as will be illustrated in the 
Results and Discussion section.  It should be noted that such a relaxation may 
also produce different three-dimensional structures that do not necessarily have the 
same properties as the original naturally folded sequences, an issue that should be 
considered, but these three-dimensional structures may also occur in locations that 
are not biologically important or relevant to the design problem.

Throughout our work, we use an RNA optimization-led simulator where the simula-
tions are carried out by a simple evolutionary computation strategy as described in 
the Methods section.  It should be noted, however, that an evolutionary scheme like 
the simple genetic algorithm (GA) employed in this work is not necessarily a good 
model for RNA evolutionary dynamics.  The justification for the usage of a simple 
GA in this problem is in terms of its ability to solve multi-objective optimization 
problems and its convenience in the implementation.  Computational simulations 
and analyses are important for understanding theoretical notions in RNA evolution 
such as neutral networks (13), continuity in evolution (14), topology and fitness 
landscapes (15), distribution of beneficial fitness effects (16), and mutational ro-
bustness (7, 17, 18).  Evolutionary computation (EC) may well assist in performing 
additional simulations in that context to model RNA evolution by computational 
means.  Although we chose a rather ordinary evolutionary computation strategy in 
this work, employing a simple GA on a parallel platform in a master-slave fashion 
as described in (19), more advanced strategies as in (20, 21) may prove beneficial 
in a variety of problems associated with modeling RNA evolution.

In the next section, we describe the computational methods used in this work, start-
ing from the procedures that are used to calculate the three physical measures.  Fi-
nally, in the last section, we show results obtained by our inverse RNA folding 
method that incorporates the physical measures and discuss their potential advan-
tage in comparison to the standard inverse RNA folding.

Methods

First, the procedures to calculate the three physical measures discussed in the pre-
vious section are provided.  Second, the extraction of the RNA secondary struc-
ture to a simplified coarse-grained representation, or equivalently its shape, is 
described.  Third, details of the evolutionary computation strategy used in this 
work for performing the extended RNA inverse folding from shape and physical 
measures to sequences is given.

Thermodynamic Stability

The first measure used for incorporation into the RNA inverse folding problem 
is thermodynamic stability.  In accordance with previous works described in the 
review paper on RNA secondary structure that considers physical aspects (1), we 
will characterize an RNA molecule as thermodynamically stable if: (i) its ground 
state free energy is low; (ii) the RNA has few alternative secondary structures, 
if at all, at energies close to the ground state energy (6).  In the example test 
cases reported (see below), without loss of generality, we measured thermody-
namic stability in terms of the ground state free energy as predicted by energy 
minimization, in units of kcals/mole.  It is possible to add the difference between 
the ground state free energy and that of the alternative structure with the lowest 
free energy to the estimation of the thermodynamics stability, depending on the 
problem at hand and what type of sequences are desired as output in the design 
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problem.  Adding this additional constraint to the RNA inverse folding problem 
can significantly reduce the number of solutions obtainable and may prove im-
portant in some design problems.  Thus, although we used property (i) above for 
the purpose of illustration, it is possible to combine properties (i) and (ii) for the 
estimation of thermodynamic stability in future work.

Mutational Robustness

The second measure is the robustness of the RNA molecule to remain with the 
same secondary structure as a response to single point mutations.  We measured the 
mutational robustness in accordance with the neutrality calculation described in (7).  
That is, the neutrality of an RNA sequence of length L is calculated by η=<(L-d)/L>, 
where d is the distance between the secondary structure of the original sequence and 
the secondary structure of the mutant, averaged over all 3L one-mutant neighbors.  
We used Vienna’s RNAdistance routine to evaluate d using a tree-edit distance.  
Although in this work we evaluated d according to a tree-edit distance between 
secondary structures, for the purpose of a better comparison with RNAinverse, it 
should be noted that when relaxing the RNA inverse folding problem to finding 
similar shapes then the evaluation of d can be performed using RNAdistance with 
Bruce Shapiro’s coarse grained representation option (essentially calculating a tree-
edit distance between shapes).  In any case, η is a number between zero and one, 
representing the average fraction of the structure that remains unchanged after a 
mutation occurs, thereby measuring mutational robustness.

Linguistic Complexity

For the third measure, we refer to the notion and measure of linguistic complex-
ity introduced in (8).  In accordance with the formalism of linguistic complexity, 
every sequence can be characterized by its vocabulary.  One can measure the com-
plexity by the extent to which the maximally non-repetitive possible vocabulary is 
used.  For any sequence of length L its complexity C is defined as the product of 
Ui’s, where i ranges from 1 to L-1, and Ui corresponds to the ratio of the actual to 
maximal vocabulary sizes for word length i.  Originally, the linguistic complexity 
was used for the analysis of DNA and protein sequences, as well as for texts of hu-
man languages (9).  Here, the linguistic complexity is being used for the analysis 
of an RNA molecule in measuring sequence complexity for the 4-letter alphabet 
‘A’, ‘U’, ‘C’, and ‘G’ (another way is to measure the structure complexity by using 
the 3-letter alphabet ‘(‘, ‘.’, ‘)’, generated by Vienna’s dot-bracket representation).  
The linguistic complexity is a number between zero and one and the calculation is 
relatively fast since no secondary structure prediction is necessary.

Relaxation of the RNA Inverse Folding Problem into Shapes

For incorporating the physical measures listed above as constraints in the inverse 
RNA folding problem, one needs to relax the problem since such constraints can 
yield no solution as was noticed in our simulations.  Thus, instead of the RNA 
secondary structure, we use the simplified coarse-grained representation (10) as 
its shape.  This is a convenient choice provided by the routine ‘b2shapiro’ in the 
Vienna RNA package (2).  There are other ways to represent shapes, such as in 
the recent work on RNA abstract shapes (12).  As a consequence, the inverse 
RNA folding problem becomes a reconstruction problem given an RNA shape 
and physical measures as constraints, yielding desired solutions in each case as 
will be demonstrated in the next section.  The justification for relaxing the RNA 
inverse folding problem from that of an RNA secondary structure to an RNA 
shape emanates from the fact that if in the designed sequences there are a few 
more nucleotides in stems/loops but nevertheless these motif elements remain the 
same as in the initial input, such sequences are interesting to examine as candi-
date solutions to the design problem.
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Number of Constraints

It is worthwhile noting that flexibility can be kept when considering how many 
physical measure constraints to impose and the accuracy of obeying each constraint, 
which is dependent on the design problem at hand.  For example, one can require to 
obey all three constraints but allow a certain deviation for each one, or one can re-
quire to obey only one constraint with almost no deviation from it.  For the purpose 
of illustration in most of the example test cases of our manuscript except the last 
one, the latter requirement is chosen, without loss of generality.  This enables to find 
a solution from the one hand, because of avoiding the complication of trying to meet 
several constraints, but it is not easy to find a solution from the other hand, because 
of demanding only a slight deviation (our choice was a deviation of 0.0001 in all 
measures) from the wildtype value.  In multiple constraints problems, it is possible 
that there will be no solutions at all or a variety of solutions in case the constraints 
are easy to meet, depending on the specific problem and the specific constraints that 
are dealt with.  For example, in the final test case of Figure 9, we test our method on 
a multiple constraint problem that can be of interest and indeed find a solution.

Proposed Methodology

Neglecting efficiency considerations at present, we suggest a simple evolutionary 
computation strategy as means to solve the reconstruction problem.  Basically, giv-
en a natural sequence, one can extract its shape and physical properties, followed by 
constructing other sequences that possess the same shape and physical properties.  
In order to construct such sequences, one can try to simulate numerous sequences 
as solution candidates, fold them by energy minimization prediction methods, ex-
tract their shape and physical properties, and check if these match the initial shape 
and physical measures.  Despite the fact that for a reliable use of energy minimiza-
tion prediction one would favor a relatively short RNA sequence (<100 nts), the 
sequence space is still considerably large.  In order to perform a guided search for 
solution candidates, instead of by trial and error, it is convenient to employ a simple 
genetic algorithm in the case of RNA sequences.  Instead of the standard binary 
string representation used in the traditional genetic algorithm (19), one can use a 
quad-string representation in which each allele contains ‘A’ , ‘U’, ‘C’, and ‘G’.

As a consequence, we have developed an optimization-based RNA sequence and 
structure evolution simulator.  The simulator implements a simple genetic algorithm 
strategy, whereby an individual in the population is an RNA sequence.  The popula-
tion of the first generation is a collection of random sequences.  In order to deter-
mine the population in the next generation, we use an objective (“fitness”) function 
that yields advantage to sequences for which their reduction to the Shapiro coarse-
grained representation (2, 10) is close in distance to the initial Shapiro coarse-grained 
representation of target RNA sequence.  Implicitly, thermodynamic stability is con-
tained in this fitness function since the generated sequences are folded using a ther-
modynamically based algorithm and their produced shape checked, although this 
does not interfere with imposing an additional thermodynamic stability constraint, 
in case it is desired to choose specifically those sequences that are as thermody-
namically stable as the wildtype sequence.  Distances between Shapiro coarse-grain 
representations are calculated in a straight-forward way using the RNAdistance rou-
tine available in the Vienna RNA package, which computes a tree edit distance (2).  
Thus, we would like to optimize the fitness function that essentially employs a tree 
edit distance desired to be minimized.  In the passage from generation i to generation 
i+1, we perform several steps that are common in a simple GA.  First, a selection op-
erator is used, in order to give preference to “better” sequences by allowing them to 
pass to the next generation.  The fitness of each sequence is determined by the fitness 
function mentioned above.  An “elite” group of the “best” selected sequences (the 
group’s size is determined by a predefined parameter that is usually taken as 10% of 
the general population size) is transferred from generation i to generation i+1 with-
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out a change in sequence composition.  Second, a single point crossover operator 
is used, by taking two sequences that were chosen in the previous step along with a 
random crossover point, and creating two sequences from the constituents of those 
sequences surrounding the crossover point.  The occurrence of a crossover event 
between two selected sequences is determined by a predefined probability value (the 
value of 0.9 is used in our implementation).  Third, mutations on the new sequence 
created in the previous step are performed according to a small predefined prob-
ability value (the value of 0.1 is used in our implementation).  When the GA arrives 
to the final generation according to some threshold parameter, the process stops.  
The solution is recorded and a new procedure starts again, since this is a stochastic 
method and similar to the approach used in RNAinverse there is no guarantee that 
all solutions will be found.  The solutions that are found can be far away in terms of 
sequence composition from the wildtype sequence, unless a sequence conservation 
is desired to some extent, in which case the method can be modified accordingly, 
for example by starting with an initial population of sequences containing the same 
base composition as the wildtype.  The size of the population (number of sequences 
in each generation) is also determined by a predefined parameter value that will be 
stated and explained below in the next subsection on parallelization.

Parallelization

To reduce the amount of computation to a reasonable level that enabled us to gener-
ate the results appearing in the next section within several hours, we used a paral-
lel platform with a simple “master-slave” strategy that operates in the following 
way (see Figure 2 for illustration).  The procedure is divided into two stages.  The 
first stage, being the more computationally intensive, is performed by some “slave” 
processors that communicate their results to a “master” processor, which in turn 
is responsible for the second stage.  In the first stage, we only use the distance 
between two Shapiro coarse-grained representations as the fitness function.  Each 
time we find a sequence in which there is an exact match with the target sequence 
as far as their respective coarse-grained Shapiro representations (optimal fitness), 
we communicate this sequence to the “master” processor and continue in order to 
find more such sequences in parallel with the “slave” processors.  In the second 
stage, the population of the first generation contains the sequence with the desired 
shape obtained from a “slave” processor during the first stage while including some 
additional random sequences.  The fitness function is formulated as a combination 
of how close the sequences are to the target sequence in terms of one of the physi-

Figure 2:  The “master-slave” strategy with the two 
stages used for the parallel genetic algorithm.
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cal measures chosen, e.g., mutational robustness, and the distance of the Shapiro 
coarse-grained representation of the sequences to that of the target sequence as 
in the first stage.  The GA in the second stage allows favorable variations in the 
sequence that was transmitted from the first stage to accommodate the physical 
measure constraint, while retaining its desired shape.  After the algorithm finds 
the final sequence composition as required (optimal fitness) when using the newly 
formulated fitness function, being a combination of shape and physical measure 
proximities, the sequence is written to a ‘Results’ file, and the GA of the second 
stage starts all over again with the first generation containing random sequences 
and a new sequence transmitted from the first stage.  The first stage is performed 
with a large population size (150-1000 individuals) and relatively few generations 
(50-200), whereas the second stage is executed with a small population size (~10 
individuals) and a large number of generations (200-2000).  The combination of the 
two stages described above and illustrated in Figure 2 was found to yield in practice 
an efficient procedure for finding the results reported in the next section, compared 
to other parallel strategies that have been tried with less success.

Results and Discussion

First, we demonstrate that the numerical values of the three measures described in 
the previous section (thermodynamic stability, mutational robustness, and linguistic 
complexity) are significantly different in our test case examples of natural RNAs 
vs. random RNA sequences of the same length.  Thus, the motivation to include 
these measures as constraints when solving the standard RNA folding problem for 
generating designed sequences with favorable properties is clear.  Second, we show 
concrete examples of solutions to the RNA inverse folding problem by our method 
that take into account each one of the measures separately as a constraint, while pre-
serving the shape and deviating only slightly with respect to the secondary structure 
of the input RNA sequence.  These examples serve as illustration for our method 
and its potential success in other cases of interest.

Validation for Random vs. Natural RNAs

Tables I-III show the results of the comparison between the thermodynamic stabil-
ity, mutational robustness, and sequence linguistic complexity values, respective-
ly, of random RNA sequences vs. either natural microRNA sequences or natural 
RNA sequence pieces cut from a model ribosome.  The dataset of the microRNA 
sequences was constructed from the miRNA Registry (25) and included 1732 se-
quences of sizes 58-100 nts (most of the sequences were 70-100 nts long).  The 
ribosomal RNA dataset consisted of 20 short pieces (ranging from 39-93 nts in 
length) that were computationally cut from a well-known ribosome structure for 
which an experimentally derived secondary structure is available (26).  On each 
piece, the secondary structure prediction by energy minimization conveys high 

Table I
Thermodynamic stability characteristics of random sequences compared to natural RNA 
sequences.  The natural sequences are significantly more stable than the random sequences.  
Suboptimal solutions in this case were calculated using mfold (22) with the energy rules of (23) 
and that mimic the favorable properties of natural ones with default percentage of suboptimality 
by the method of (24).  Energy units in the table are calculated in Kcals/mole.

Distance from the first 
sub-optimal solution

Kcals/mole

Minimum free energy

Kcals/mole

Number of sub-optimal 
solutions near the 

ground stateRNA type

Average Standard-
deviation Average Standard-

deviation Average Standard-
deviation

Pre-miRNA 4.48 2.256 -36.36 6.8 1.336 1.34

Ribosomal 
RNA

5.7349 2.42 -30.7 12.47 0.6 0.8

Random 
sequences

1.0377 0.9559 -17.85 3.29 11.35 5.44
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secondary structure agreement with the experimental result.  The 
random RNA dataset included 10,000 random sequences with uni-
form base-composition, and same length distribution as the dataset 
of the microRNA sequences.

The results of the comparison between the specific natural RNA se-
quences we chose for illustration vs. random sequences, in all of the 
three measures (Tables I-III), show as expected that natural RNA 
molecules have significantly higher thermodynamic stability and mu-
tational robustness, and a lower sequence linguistic complexity com-
pared to random RNA sequences.  In addition, since one may claim 
that a large share of the anticipated increase or decrease levels of these 
measures can be attributed to an intrinsic outcome of the secondary 
structure, e.g., any RNA sequence that folds into a stem-loop structure 
will be more thermodynamically stable and mutationally robust than 
a random sequence, we included Table IV.  In Table IV, a comparison 
between natural sequences and their inversely folded sequences as a 
reference is performed, to show that the measures behave as expected 
not only in reference to completely random sequences.  We note that 
in some cases, such as the mir-30 in Table IV and the mir-146 in 
Figure 3, the sequence linguistic complexity of the inversely folded 
sequence may sometime be lower than the natural sequence but there 
is no attribution to an intrinsic outcome of the secondary structure 
in this measure that is sequence based.  This measure is perhaps not 
sensitive enough to detect a clear trend unless natural vs.  completely 
random sequences are being compared, as in Table III.  However, 
with the thermodynamic stability and mutational robustness, there 
is clearly a decrease for the inversely folded sequences with respect 
to their natural input sequences.  To conclude, inclusion of all these 
physical measures in the inverse folding problem is potentially de-
sired for designing sequences with favorable properties.

Comparison of Suggested Method with RNAinverse

Next, we compared our suggested extension to the RNA inverse folding problem 
that includes the physical measures against RNAinverse (2), without loss of gener-
ality as the same conclusions hold in case we compare our method with InfoRNA 
(4) or RNA-SSD (3).  The comparison was performed for three test cases, in which 
their structure is well predicted by energy minimization: mir-146 (27), P5abc sub-
domain of the tetrahymena thermophila group I intron ribozyme (28), and a piece 

Table II
The average and standard deviation values of mutational 
robustness of natural RNAs compared to random RNA 
sequences.  The natural RNAs are significantly more robust 
than the random sequences (the robustness is a numerical value 
between zero and unity, as explained in the Methods section).

RNA type
Average 

mutational 
robustness

Standard deviation of 
mutational robustness

Pre-miRNA 0.932 0.0257
Ribosomal RNA 0.9088 0.0442

Random sequences 0.7449 0.106

Table III
The sequence linguistic complexity of natural RNAs compared to 
random RNA sequences.

RNA type Average sequence 
complexity

Standard deviation of 
sequence complexity

Pre-miRNA 0.507 0.0748
Ribosomal RNA 0.4395 0.101

Random sequences 0.555 0.0776

Table IV
The average values of the measures of 500 sequences constructed using RNA-inverse for three natural sequences 
(compared with the values of the measures of the natural sequences from which they were constructed).  The table 
shows that the sequences constructed by RNA-inverse have lower thermodynamic stability and mutational 
robustness, and in most cases higher linguistic complexity than the natural sequences (the same phenomena that 
was observed for random sequences).

Thermodynamic stability
Kcals/mole Mutation robustness Sequence linguistic complexity

Molecule
(the target sequence)

average Standard 
deviation average Standard 

deviation average Standard 
deviation

P5abc sub-domain
inverse

-15.21 4.01 0.766 0.071 0.564 0.067

P5abc sub-domain -25.6 - 0.9458 - 0.557 -
Ribosomal-RNA
53
inverse

-14.21 3.36 0.7978 0.071 0.5507 0.0771

Ribosomal-RNA
53

-30.5 - 0.9563 - 0.38 -

Pre-mir30 inverse -35.01 5.625 0.950 0.0199 0.532 0.0725
Pre-mir30 -40.6 - 0.9694 - 0.6521 -
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Wildtype Inverse 2Inverse 1

Therm. S. : -26.0
kcals/mole
Mut. R.      : 0.9539
Seq. C.      : 0.588

Therm. S. : -21.3
kcals/mole
Mut. R.      : 0.9201
Seq. C.      : 0.5700

Mir-146 inverse

Therm. S. : -22.4
kcals/mole
Mut. R.      : 0.952
Seq. C.      : 0.639

Figure 3:  mir-146 solution of RNAinverse. In the middle, 
the secondary structure drawing of the input sequence is 
given.  On the sides, two secondary structure drawings of 
RNAinverse representative solutions are given.  Values 
for the physical measures appear below the drawings.  
Values for the input reference sequence are in bold.

Same
thermodynamic

stability

Same
mutational
robustness

Same
sequence

complexity

Constructed according to mir-146

Therm. S. : -26.0
kcals/mole
Mut. R.      : 0.9668
Seq. C.      : 0.554

Therm. S. : -27.7
kcals/mole
Mut. R.      : 0.9539
Seq. C.     : 0.6

Therm. S. : -24.6
kcals/mole
Mut. R.      : 0.958
Seq. C.     : 0.588

Figure 4:  mir-146 solution of our proposed method.  To the left, a solution of our reconstruction method 
appears for the input sequence corresponding to the middle of Figure 3, where the thermodynamic 
stability is the same as in the input sequence and appears in bold.  In the middle, a solution of our re-
construction method appears for the input sequence corresponding to the middle of Figure 3, where the 
mutational robustness is the same as in the input sequence and appears in bold.  To the right, a solution of 
our reconstruction method appears for the input sequence corresponding to the middle of Figure 3, where 
the sequence linguistic complexity is the same as in the input sequence and appears in bold.
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from the thermus thermophilus ribosome (26).  In Figure 3, the wildtype structure 
of mir-146 is depicted in the middle, same result obtained by using either mfold 
(22) or RNAfold (29) for the prediction of the secondary structure or the reported 
experimental secondary structure (27).  On the left and on the right, indicated by two 
outgoing arrows from the middle, the folded structure of two representative results 
obtained by RNAinverse (2) are given.  The two results of RNAinverse deviate in 
their physical measures from the initial structure in the middle (labeled as ‘wild-
type’), as can be viewed by examining the numerical values below the secondary 
structure drawings.  The numerical values for the physical measures of the wildtype 
initial structure are in bold.  In Figure 4, the results of our reconstruction method 
from shape using physical parameters as constraints is given, for the wildtype initial 
structure of mir-146 that is available in the middle of Figure 3.  Note that the loop 
sizes have slightly been modified with respect to the secondary structure drawings 
of Figure 3, at the expense of preserving the values of the physical measures: same 
thermodynamic stability with respect to Figure 3 in the middle can be found in Fig-
ure 4 to the left (the numerical value is indicated in bold), same mutational robust-
ness with respect to Figure 3 in the middle can be found in Figure 4 in the middle 
(the numerical value is indicated in bold), and same sequence linguistic complexity 

Wildtype Inverse 2Inverse 1

P5abc-subdomain inverse

Therm. S. : -25.6
kcals/mole
Mut. R.     : 0.9458
Seq. C.     : 0.557

Therm. S. : -15
kcals/mole
Mut. R.      : 0.6711
Seq. C.      : 0.4921

Therm. S. : -11.7
kcals/mole
Mut. R.     : 0.7447
Seq. C.    : 0.5267

Figure 5:  P5abc subdomain solution of RNAinverse. 
In the middle, the secondary structure drawing of the 
input sequence is given.  On the sides, two second-
ary structure drawings of RNAinverse representative 
solutions are given.  Values for the physical measures 
appear below the drawings.  Values for the input refer-
ence sequence are in bold.

Same
thermodynamic

stability

Same sequence
complexity

Constructed according to P5abc-subdomain

Same
mutational

robustness

Therm. S. : -17.4
kcals/mole
Mut. R.     : 0.9458
Seq. C.      : 0.6158

Therm. S. : -25.6
kcals/mole
Mut. R.      : 0.9479
Seq. C.      : 0.5793

Therm. S. : -17.5
kcals/mole
Mut. R.      : 0.9008
Seq. C.     :   0.557

Figure 6:  P5abc subdomain solution of our proposed 
method.  To the left, a solution of our reconstruction 
method appears for the input sequence corresponding to 
the middle of Figure 5, where the thermodynamic sta-
bility is the same as in the input sequence and appears 
in bold.  In the middle, a solution of our reconstruction 
method appears for the input sequence corresponding 
to the middle of Figure 5, where the mutational robust-
ness is the same as in the input sequence and appears 
in bold.  To the right, a solution of our reconstruction 
method appears for the input sequence corresponding 
to the middle of Figure 5, where the sequence linguis-
tic complexity is the same as in the input reference se-
quence and appears in bold.
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with respect to Figure 3 in the middle can be found in Figure 4 to the right (the nu-
merical value is indicated in bold).  The same illustration as in Figures 3 and 4 for 
mir-146 are given in Figures 5 and 6 for the P5abc subdomain of the tetrahymena 
thermophila group I intron ribozyme and in Figures 7 and 8 for the piece that was 
taken from the thermus thermophilus ribosome.  Note that in all designed structures 
generated by RNAinverse or our approach, the free energy is not as low as in the 
wildtype structure, in good agreement with the fact that natural sequences tend to be 
more thermodynamically stable than other sequences.  Finally, in Figure 9, an ad-
ditional experiment was performed with the mir-146 that was presented in Figure 3.  
Instead of obtaining an RNA designed sequence with the same shape and an exact 
same physical measure value as the natural RNA, as in Figure 4, the objective is to 

Therm. S. : -15.4
kcals/mole
Mut. R       : 0.8043
Seq. C.      : 0.554

Therm. S. :  -30.5
kcals/mole
Mut. R.      :  0.9563
Seq. C.      : 0.38

Therm. S. : -11.9
kcals/mole
Mut. R.      : 0.7661
Seq. C.      : 0.6464

Wildtype Inverse 2Inverse 1

Ribosome piece inverse

Figure 7:  Ribosomal piece solution of RNAinverse.  In 
the middle, the secondary structure drawing of the input 
sequence is given.  On the sides, two secondary structure 
drawings of RNAinverse representative solutions are 
given.  Values for the physical measures appear below 
the drawings.  Values for the input sequence are in bold.

Same
thermodynamic

stablility

Therm. S. :  -10.3
kcals/mole
Mut. R.      :  0.7294
Seq. C.      :  0.38

Therm. S. : -18.799
kcals/mole
Mut. R.      :  0.9563
Seq. C.      : 0.5420

Therm. S. : -30.5
kcals/mole
Mut. R.      : 0.8112
Seq. C.      : 0.3046

Same sequence 
complexity

Constructed according 
to ribosome piece

Same
mutational

robustness

Figure 8:  The ribosomal piece solution of our proposed 
method.  To the left, a solution of our reconstruction 
method appears for the input sequence corresponding to 
the middle of Figure 7, where the thermodynamic sta-
bility is the same as in the input sequence and appears 
in bold.  In the middle, a solution of our reconstruction 
method appears for the input sequence corresponding to 
the middle of Figure 7, where the mutational robustness 
is the same as in the input sequence and appears in bold.  
To the right, a solution of our reconstruction method ap-
pears for the input sequence corresponding to the middle 
of Figure 7, where the sequence linguistic complexity is 
the same as in the input sequence and appears in bold.
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maintain the same shape as the natural sequence while maximizing thermodynamic 
stability, maximizing mutational robustness, and minimizing linguistic complexity.  
The resulting designed sequence is observed in Figure 9.  This also shows that the 
concept of maintaining the exact shape while obeying certain physical constraints 
is quite general in scope, and can be applied to a variety of problems.  Here, we 
only picked very few representative problems, and carefully selected them such that 
we start from an initial input that is well-predicted with energy minimization com-
pared to the experimental result.  These specific problems represent a wide class of 
other problems for which interesting solutions can be found.  In some of the cases 
there may be no solutions, depending on the problem at hand.  For example, if we 
impose strict constraints on extreme values of mutational robustness and linguistic 
complexity that are not usually found in random sequences and demand that the de-
signed sequences deviate very slightly from these extreme values, obviously there 
can be no solution to the problem.  On the other hand, if the numerical values of the 
constraints are in the range that is typically found for random sequences and we per-
mit the designed sequences to deviate from the these values less strictly, there will 
be a variety of solutions found for the problem.  As for efficiency comparison with 
RNAinverse, a fair comparison would demand an RNAinverse-like implementation 
for the extended problem.  Here, for the extended inverse problem presented, we 
chose an approach that is easy to parallelize and convenient, namely parallel GAs, 
since the goal of the present work was not to devise an efficient algorithm.  It is 
quite likely that at least for a single processor, an RNAinverse-like approach might 
be found more efficient, which can be dealt with in future work on this problem.

Computational Expenses and Cost Reduction

The three measures are not equal with respect to their computational expense.  It takes 
O(n2) , where n is the length of the sequence, to compute the linguistic complexity of 
the sequence.  On the other hand, it takes O(n3) to compute the thermodynamic stabil-
ity of the sequence, and O(n4) to compute the mutational robustness of an RNA struc-

Max thermodynamic stability
Max mutational robustness
Min  linguistic complexity 

The structure of mir-146.  Calculated 
measures are: thermodynamic stablity of 
-22.4 kcals/mole, mutational robustness
of 0.952, and linguistic complexity of 
0.639.

Sequence designed by our method with the 
same “shape” as mir-146 and max possible 
thermodynamic-stability (-72.6 kcals/mole), 
max possibly mutational robustness (0.971), 
min possible linquistic complexity (0.006).

Figure 9:  Starting from the sequence of mir-146 (and 
its secondary structure prediction) on the left, a solution 
of the suggested reconstruction method appears on the 
right that is characterized by maximum thermodynamic 
stability (a decrease from -22.4 to -72.6 kcals/mole) 
and maximum mutational robustness (an increase from 
0.952 to 0.971) and minimum linguistic complexity (a 
decrease from 0.639 to 0.006).
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ture since it entails the calculation of 3n single point mutations and each takes O(n3) 
to calculate the minimum free energy structure.  It should be noted that the two stage 
approach (Figure 2) is considerably more efficient than a single stage GA, because 
on a single processor we noticed that in most cases of a convergence to a desired 
solution, the method first finds a sequence with the desired coarse-grain structure (or 
shape) and only then improves the structure towards a sequence with a desired physi-
cal measure.  Thus, if we break the process into two stages and parallelize the first 
stage (as illustrated in Figure 2), we achieve a significant reduction in computation.

Physical Properties in an Evolutionary Process

An underlying assumption in this work is that the evolutionary process that natural 
RNAs undergo brings about certain physical properties.  An interesting experiment 
would be to check whether a simple evolutionary process, either being carried out 
by a computer simulation or by observing how natural sequences evolve, can serve 
as further guidance into which physical properties are being generated and pre-
served in various RNA classes of interest (e.g., miRNAs, RNA viruses) without 
imposing explicit selection of these properties.

Implications for RNA Design and Future Work

To the best of our knowledge, this study brings for the first time the awareness of 
physical quantifiable measures to the RNA inverse folding problem.  The implica-
tions of this approach to RNA design are in potentially improving previous algo-
rithms that so far only took into consideration the sequence and structure of RNAs, 
which is indicative of their topology.  By bringing physical measures to the design 
of novel RNA sequences, one can take advantage of previous studies that high-
lighted the differences between random and natural RNAs in terms of the physical 
measures.  Here, we demonstrated the approach by using thermodynamic stability, 
mutational robustness, and linguistic complexity.  In future work, other physical 
measures of interest or a combination of several ones can be incorporated.
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