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Abstract

Computation based on manipulation of DNA
molecules has the potential to solve problems with
massive parallelism. DNA computation, however, is
implemented with chemical reactions between the nu-
cleotide bases, and therefore, the results can be error-
prone. Application of DNA based computation to
traditional computing paradigms requires error-free

computation, which the DNA chemistry is unable to
support. Careful encoding of the nucleotide sequences
can alleviate the production of errors, but these good
encodings are di�cult to �nd. In this paper, an al-
gorithm for evolutionary computation with DNA is

sketched. Evolutionary computation does not require
error-free DNA chemistry, and in fact, takes advan-
tage of errors to produce change and variation in the
population. An application of the DNA based evolu-
tion program to a search for good DNA encodings is
sketched.

Introduction

Computation with DNA molecules possesses an inher-
ent interest for researchers in computers and biology.
Because of the huge numbers of DNA molecules in a
typical test tube, any method of computation based
on DNA would seem to have potential massive paral-
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lelism, capacity, and power. This potential, however,
is limited by the constraints imposed by the DNA
chemistry[1].

Adleman[2] introduced a way to solve combina-
torial optimization problems with DNA that assumed
error-free computation. Because of the chemical na-
ture of the reaction upon which the technique is
based, however, error-free results are di�cult to guar-
antee. As implemented by Adleman[2], the funda-

mental reaction in DNA based computation is hydro-
gen bonding between Watson-Crick complement base
pairs, A � T and G � C[3]. The chemical process in
which two single strands of DNA (oligonucleotides)
are hydrogen bonded together is called hybridiza-
tion. In Adleman's original work[2], a Hamiltonian
path through a graph was formed through succes-
sive hybridizations of oligonucleotides (oligos) which
represented vertices and edges in the graph. Sub-
sequent proposals have continued to use the mecha-
nism of hybridization to do computation[4, 5, 6, 7].
The exact products of hybridizations among a set of
oligonucleotides depend upon the reaction conditions.
Oligonucleotides that are not perfect complements of
each other can bind[8], producing an error. The closer
the oligos are to being perfect complements, the more
likely is their hybridization. In previous work[1], a set
of oligo encodings was characterized with the Ham-
ming distance. In order to prevent the possibility of
errors, it was proposed that the oligos in a computa-
tion be some distance apart, which depends on reac-
tion conditions. This leads immediately to the Ham-
ming bound as an upper limit on the size of a DNA
based computation[1].

Algorithms that use evolution, or survival of the
�ttest, as inspiration include genetic algorithms, ge-
netic programs, and evolutionary programs[9]. An
initial population is chosen, randomly. Based upon
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their �tness, or how well they optimize or satisfy an
external constraint, individuals are selected from a
population. Fit parents are selected at random, and
children formed from them through crossover. Small
changes in individuals in the population are made by
random mutation. The basic evolution program (EP)
algorithm is shown in Figure 1. Through successive
generations, the �tness of individuals is improved, and
reasonable solutions to many di�cult problems are
obtained.

A good set of oligos to use as DNA encodings
in a computation do not participate in unproduc-
tive hybridizations, such as mismatched hybridiza-
tions, hairpins, or shifted hybridizations (Figure 2).
Finding such a set of oligos, however, is a di�cult
problem. The search for a set of oligos that would
be good encodings for a DNA computation involves
the comparison of many DNA strings. Since there
are no analytical methods to calculate the encod-
ings, evolutionary techniques were used to search for
a set of good encodings[10], and good results were
obtained[1]. Even using a genetic search, the task
of computing a set of good DNA encodings becomes
computationally expensive as the number of required
encodings increases. For instance, let's suppose that
a set of N oligos of length n is required such that
no member of the set will hybridize with any other
member of the set. Let's also assume that all overlaps

or shifts of the oligos are to be considered. For each
oligo, there are 2n�1 shifts or overlaps of at least one
base pair. In addition, repetitions of string compar-
isons are not allowed, and therefore, to insure the con-
dition of no hybridizations � (2n� 1)N2 DNA string
comparisons have to be made. Therefore, as the size
of the set increases, the computational cost increases
dramatically. Also, it is di�cult to exactly simulate
the chemical conditions that determine the hybridiza-
tion products. Therefore, the application of a DNA
based evolution program to the search for good en-
codings has several possible advantages. The chemi-

cal complexity is naturally present, the massive par-
allelism of the DNA lends itself to demanding prob-
lems, and the technique could be implemented in-situ

to generate specialized sets of encodings for speci�c
problems.

In this paper, an algorithm is proposed that
merges DNA based techniques and evolutionary com-
putation. These are successive iteration for better
optimization, crossover and mutation operations, and

evaluation and selection operations. The DNA based
EP is illustrated with an application to an important
problem for DNA computation, the search for good
encodings.

DNA Based Evolution Program

The DNA based EP (Figure 3) is implemented with
the standard techniques of molecular biotechnology,
which include hybridization, ligation, melting and an-
nealing, restriction enzymes, polymerase chain reac-
tion (PCR), nucleases, and repair enzymes[3]. In this
paper, it is applied to evolve a good set of DNA en-
codings. A good set of DNA encodings is a set of
oligos of a speci�ed length n that do not mismatch
hybridize, hairpin, or shift and hybridize (Figure 2).

The stoichiometric equation for hybridization of
two arbitrary oligonucleotides, xi and xj , is

xi + xj *) xjxi; (1)

where xjxi represents the hybridized oligonucleotides.
In a DNA computation, there are many reactions like
Eq. 1. The direction of the reaction in Eq. 1 is de-
termined by the sign of the change in the Gibb's free
energy (G) of the reaction,

�G = �G� +RT logQ: (2)

where �G� is the free energy change under standard
conditions of concentration and pressure, R is the gas
constant, and T is the temperature. The concentra-
tion factor, Q, is,

Q =
[xixj ]

[xi][xj ]
; (3)

where [ ] indicates mole fractions, and therefore, Q
is dimensionless. The reaction will be driven towards
chemical equilibrium, where the rates to the left and
right of *) in Eq. 1 are equal, and �G = 0. The con-
dition for chemical equilibrium, �G = 0, translates
to

�G� = RT logK; (4)

where K is the equilibrium constant, which is given
by

K =
[xixj ]eq

[xi]eq [xj ]eq
; (5)

where [ ]eq indicates the equilibrium mole fractions.
The reactions will proceed to a greater or lesser degree
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according to the size of their free energy changes, and
the relative concentrations of reaction products will
be related to the equilibrium constant.

The �tness of a set of DNA encodings is related
to the chemical thermodynamics of the hybridiza-
tion reaction. The enzyme ligase creates the sugar
phosphate backbone that strings the bound oligos to-
gether into a long, double-stranded DNA molecule
(Figure 4). If we assume that the e�ect of the ligase
on the equilibrium reaction thermodynamics is small,
oligos will hybridize in concentrations related to the
free energy changes of reactions like Eq. 1. Those
hybridizations that have a large free energy change
will be favored. If a hybridization that does not con-
tribute to the computation, like those in Figure 2, has
a large enough free energy change, then, a great many
oligos will participate in those reactions, and the re-
sult will be either ine�ciency or errors in the DNA
computer. Let's de�ne those oligos which produce
the least unproductive hybridizations as the most �t,
and those oligos that have a tendency to form a lot
of unproductive hybridizations as less �t. Therefore,
we need a mechanism that will destroy the oligos in
unproductive hybridizations, and perpetuate those in
productive hybridizations.

Evaluation and selection (Figure 5) may be im-
plemented by a hobbled repair mechanism, which
is found in cells[3], and specially constructed loops
that are placed on the ends of selected oligos[11].
The enzyme, uvrABC, detects mismatches in dou-
ble stranded DNA, and removes 12 base pairs (bp)
from one of the strands surrounding the mismatch[3].
Then, a combination of exonucleases is added, which
destroys looped molecules with mismatches, and
double-stranded molecules without loops. By control-
ling the concentration of enzyme added at each step,
and the time for the enzyme to react, the extent of
these reactions can be controlled. This is important
because it may be desirable to leave some mismatched
molecules to maintain some variation in the popula-
tion of oligos.

At this stage, there is a choice as to the next
step. Over several iterations, the evaluation and se-
lection should result in a very homogeneous popu-
lation of oligos. In order to conduct a full search
of the encoding space, it is necessary to randomize
the population. One way of doing this is through a
mutagenesis technique (Figure 6). Again, uvrABC
could be added to remove mismatches, but this time

polymerase is added with it. The e�ect of the poly-
merase is to rewrite the sequence in the vicinity of the
mismatch to a new, perfectly matched one. There-
fore, new sequences can be produced by doing this on
some, but not all, of the mismatches. This is done by
controlling the enzymatic reaction, through concen-
tration and time, to be incomplete.

In addition, the evaluation and selection step will
decrease the concentrations of oligos. To repopulate
the oligos, a PCR ampli�cation could be done. This
is accomplished by adding a set of random primers,
a set of primers corresponding to looped oligos, or
both to the population after heating. By heating the
looped molecules, the looped strands are separated
into circles, and PCR can be done to amplify the con-
centrations of oligos in the population. The random

primers could also be used to create intentional mis-
matches that uvrABC and polymerase would mutate
into new oligo encodings.

For e�ciency and speed, the last two steps may
not be done on every iteration, but only as needed
to rebuild the concentrations and to randomize the
population.

To recover encodings of the proper length, a re-
striction site is attached to the ends of each oligo (Fig-
ure 7). The purpose of the restriction site is to allow
the now double-stranded molecules composed of oligo
encodings to be cut up and shu�ed, thereby imple-
menting the operation of crossover in an evolutionary
program. In addition, the restriction sites are placed
so as to recover a set of oligo encodings appropriate
for iteration of the DNA based EP. The restriction
site could be blunt ended or have an overhang. A
blunt ended site would allow greatest variation in how
the oligo encodings are shu�ed. A choice for a blunt
ended restriction site and the enzyme that cuts it is
Alu I (Figure 7), which has a restriction site,

AGkCT

TCkGA
(6)

where k indicates the cut. After cutting at the restric-
tion site, the double-stranded fragments are melted
into oligos, and the whole process is repeated (Fig-
ure 3). The use of restriction sites in DNA computa-
tion techniques was introduced by Head[12] for DNA
splicing systems.
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Discussion

In the evaluation and selection step, those encodings
that produce perfect Watson-Crick complement hy-
bridizations are selected. In one iteration of the DNA
based EP, all unproductive hybridizations will not be
eliminated. Over several iterations, however, those
oligos that are more likely to participate in perfectly
matched hybridizations will be favored over those that
have a tendency to participate in unproductive hy-
bridizations. Therefore, the probability of selection is
related to the equilibrium constant (Eq. 5), and the
tendency to participate in perfect or unproductive hy-
bridizations is related to the change in Gibb's free en-
ergy for those reactions (�G in Eq. 2). Therefore, the
larger the free energy gain for a perfect hybridization,
the more oligos will be involved in that hybridization
through Eq. 5, and the more probable its selection for
the next iteration of the DNA based EP.

The DNA based EP could possibly be adapted
for application to other problems. One of the issues
would be mapping the evaluation function onto the
energetics of the DNA hybridization reactions. Evo-
lution programming applications might be well suited
to a DNA computer. They could take advantage of
the DNA's massive parallelism. Most importantly,
they do not require error-free operation. In fact, the
mismatched hybridizations could be used to introduce
change and variability in the population, and thus,
improve the search.

As described elsewhere[11], several of the steps
proposed here might also be adapted to implement
some problematic and time-consuming operations in
DNA computation. If the evaluation and selection op-
eration is iterated and driven to completion, it might
be able to eliminate or simplify extraction operations.
After enough iterations, it is expected that the only
molecules left would be perfectly matched with loops
on the ends. The looped molecules could be the start-
ing and ending vertices for the Hamiltonian path. The
mutation operation might be adapted for error cor-
rection of mismatched hybridizations. In Adleman's
original algorithm[2], since he extracted the exact so-
lution for his very simple graph, there was no need
for iteration to improve the quality of the solution.
For larger problems, however, iteration may become
necessary. The number of oligo encodings is limited
by the tendency for mismatches to form. Iteration
might successively eliminate mismatches, producing

a population consisting of those molecules without
mismatches.

Of course, the DNA based EP would have to be
veri�ed in the lab, and certainly, would undergo some
modi�cation there. The intent, however, was to in-
troduce how DNA computation might be used and
done in a di�erent way. If successful, the DNA based
EP might be adapted to biotechnology and medical
applications. Others[13] have suggested the idea of
evolution in a test tube, and this algorithm shows
how it might be implemented.

Conclusion

A DNA based EP has been proposed for merging evo-
lutionary search techniques and DNA based computa-
tion. An application of the DNA based EP to search
for good encodings for DNA based computation was
sketched. Finding good encodings for DNA based
computation is critical to the technique's success, and
is a di�cult problem to implement on a traditional
computer. Evolutionary programming applications
might be well suited for DNA computation, where the
DNA's tendency to produce mismatches could be used
to expand the range of an EP's search. In addition,
the ideas brought forth in the DNA base EP could be
adapted to improve speci�c processes in DNA compu-
tation, as well as function as an evolutionary search
technique in biotechnology applications.
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1. Begin

(a) Initialize Population

(b) Evaluate Population

(c) While Termination Condition Not

True

(d) Begin

i. Select New Population

ii. Alter New Population with Crossover
and Mutation

iii. Evaluate New Population

(e) End

2. End

Figure 1: Basic Algorithm for an Evolution Program.

AGGCTTTAGC

TCCAGAATCG

Mismatched Hybridization

AGC

TCG

AGGCTTTAGC

CGAAATCGAA

A

C
C

C

A

C A

C

Hairpin Hybridization

Shifted Hybridization

Figure 2: Hybridizations that produce errors and
poor e�ciency in a DNA computation.
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Else

If Mutate

Cut at
Restriction
Sites and
Shuffle

Mutate with
uvrABC and
Polymerase

Replicate with
Random or Looped

PCR
Primers

Evaluation
and

Selection
with

uvrABC and
ss  exonuclease

Hybridize
and

Ligate

Anneal

Melt

Generate Initial
Population
of Oligos

P(0)

Anneal

If Replicate

Anneal

Figure 3: Algorithm for Genetic Search for Good
DNA Encodings.

Ligation

xi

xj

xk

xl

Hybridize
xi

xj
xk

xl

Initial Population
xi

xj

xk

xl

Figure 4: Hybridization and Ligation Step.

uvrABCmismatch

Exonuclease

Exonuclease

Figure 5: Evaluation and Selection Step.

uvrABCmismatch

Polymerase

Figure 6: Mutation Step.

(loop){O1}AG

CT{O2}AG
CT{O3}AG

CT{O4}(loop)

(loop){O1}AG|CT{O2}AG|CT{O3}AG|CT{O4} (loop)

(loop){O1}AG|CT{O3}AG|CT{O2}AG|CT{O4}(loop)

Restriction Enzyme Alu I

Figure 7: Crossover Step with Restriction Enzyme
Alu I. For simplicity, only 50 to 30 sequence is shown.
(loop) stands for loops on ends of molecule, and fO1g
represents a unique oligo encoding.
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