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Abstract

Sequencing of DNA is among the most important tasks in molecular biology. DNA chips are considered to be a
more rapid alternative to more common gel-based methods of sequencing. Previously, we demonstrated the recon-
struction of DNA sequence information from a simulated DNA chip using evolutionary programming. The research
presented here extends this work by relaxing several assumptions adopted in our initial investigation. We also exam-
ine the relationship between base composition of the target sequence and the useful set of probes required to decipher
the target on a DNA chip. Comments regarding the nature of the optimal ratio for the target and probe lengths are
offered. Our results go further to suggest that evolutionary computation is well-suited to address the sequence recon-
struction problem.

1. Introduction

DNA chips are becoming increasing useful tools for gene expression analysis (deSaizieu et a., 1998; Lipshutz et
al., 1999; Duggan et a., 1999), identification of single-nucleotide polymorphismsin genes (Wang et ., 1998), map-
ping of allelic variation in genomes (Winzeler et al., 1998), and rapid sequencing of DNA (Cantor et al., 1992; Pease
et al., 1994). A solution containing a DNA fragment to be sequenced is exposed to an array (referred to as a DNA
chip) containing all possible DNA fragments of a pre-specified smaller length (referred to as probes). The probes on
the chips are built by combinatorial chemical synthesis and are chemically attached to the substrate (Ross, 1996). In
some cases, these probes will bind or “hybridize” with the target sequence due to complementary base pairing rules.
Probes with no base complementation to the target will not hybridize. The original target sequence can then be recon-
structed using overlapping probe sequences and knowledge of the position and sequences of the hybridized probes
(Figure 1). This mapping is usually performed with the use of fluorescent tags. A laser scans the chip, excites the flu-
orescent tags, and a computer records the fluorescence pattern (Gibbs, 1996). The fluorescence across all positionsis
referred to as the fluorescence pattern (FP). The entire process is known as sequencing by hybridization (SBH) (Can-
tor et al., 1992). DNA chips commonly are made with the set of al possible probes eight nucleotides in length
(referred to as octamers) generating 65,536 unicue probes spaced on a 1.6 cm? array (Fodor et al., 1991). Similar
chips have already been used to identify mutationsin HIV associated with drug resistance (Lipschutz, 1995) and for
identification of mutations in a gene associated with breast cancer (Hacia et al., 1996). The problem at hand consists
of correctly reconstructing the sequence of a target DNA string of nucleotides given the number of symbolsin the
DNA sequence, N, and the associated fluorescence pattern, FP,, generated by washing a DNA chip with fluores-
cently labeled DNA fragments. Each of the grid positionsin the DNA chip contains a unique probe of length n.

For ease of description, consider the example DNA target sequence 5'-ATTGATTCG-3', withlengghN=9and a
DNA chip with all possible probes of length n = 4. A DNA chip with probe length n will have 4" positionsin the grid
on the DNA chip (and a similarly sized FP space). So, for a probe length of 4 there exist 256 grid positions, each
associated with a unique probe sequence. All possible 4-nucleotide probes would exist in the set: {AAAA, AAAC,
AAAG, AAAT, AACA, ..., TTTA, TTTC, TTTG, and TTTT}.

When a solution of target DNA is washed over the DNA chip, the probes in each of the grid positions have a
potentia to bind to the target DNA. On binding, the position will fluoresce when illuminated by a laser, generating a
FP that can be visually observed. For the results presented here, the light intensity in each position is considered to be
proportional to the maximum number of bindings that occurs between the target and probe sequences. For example,
when the target 5’ -ATTGATTCG-3' iswashed over agrid position with the probe 3'-TAAC-5', the probe would bind
to complementary sequences 5'-ATTG-3', 5'-TTGA-3', 5-TGAT-3', 5'-GATT-3, 5'-ATTC-3', and 5'-TTCG-3' in
the target with binding “efficiencies” of 4, 1, 0, 1, 3, and 2, respectively. The corresponding entry in the FP would be
4, i.e, max(4,1,0,1,3,2). It is well known that there is significant variation in duplex stability between GC pairings




3’-TTAG-5’\ | 3" -CTCA-5’

3' - TAGC- 5 | | -

T 3'-GCTC-5’

3'-TTAG-5’
3’ - TAGC- 5’
3'-GCTC- 5"’ Nested Set
3’ - CTCA-5’

5" - AATCGAGT- 3’ Target Reconstruction
(single stranded)

Figure 1. Sequencing by hybridization method. A DNA chip of all possible probes of length n (in this case 4) is washed with a
target sequence of length N (in this case 8). By knowing the sequence of the probesin each of the grid positions, it is possible
to generate the target sequence as both single and double stranded due to base complementation.

and AT pairings, however several new strategies exist in the literature to obtain DNA duplexes with thermal stability
independent of their AT/GC ratio content (Nguyen et al., 1997; Hacia et al., 1998). For the results presented here, the
thermal stability of GC and AT pairings are considered equal.

Previoudly, we developed a simulation of the sequencing by hybridization process and used evolutionary pro-
gramming (Fogel et al., 1966, Fogel, 1995) to determine the most suitable target lengths for the set of all tetramer
probes (Fogel et al., 1998). In these experiments, all entriesin the FP that had a value below (n/2) were set to 0. With
aprobe length of n, all of the elements in the FP space had valuesin {0, n/2, n/2+1, ..., n}. For the results presented
here, this restriction has been relaxed such that all possible FP values are now used. Hybridization sensitivity is
increased and is more closely correlated to established fluorescence detection systems reported in the literature. For
instance, commercially available fluorescence detection systems are capable of distinguishing a single base mismatch
in a 25-mer oligonucleotide.

Our previous research was limited to a probe length of 4 and target lengths varied from 10 to 40. In the current
study, the probe lengths are extended to include 5 and 6, and the target lengths range from 10 to 100. This has gener-
ated a clearer understanding of optimal target and probe length ratios. Repetition in the target sequence appears to be
alimiting factor in the usefulness of a DNA chip in sequencing. We present alternative methods that could be used to
avoid this problem in future simulations.

2. Methods

The target sequence consisted of the DNA subsequence of length N that was randomly generated in advance and
fixed during the simulation to assess the quality of evolved solutions. Let the fluorescence pattern generated by the
true target sequence be denoted by FP,. The error of any given test solution sequence of length N was computed
using these steps:
1. Compute the fluorescence pattern, FPyo, Of the test sequence for the given probe length.
2. FPyeq Was compared with FP,¢ and the sum of the absolute differences over al the entries in the FP was com-
puted.
3. This sum constituted the FP error score of the test solution. The normalized FP score was obtained by divid-
ing the FP score by the number of non-zero entriesin FP,. A test solution that perfectly matched the actual



solution had an error of 0.
Evolutionary programming was used to search for the optimal test sequence with the lowest FP error score using the
following steps:

1. Initialization: A population of M initial parent solution strings, {S;, S, ..., Sy}, was generated. Each initial
parent string, S, was produced by randomly selecting (with uniform probability) N symbols with replacement
from {A, C, G, T}. These solutions constituted the parents at generation zero. Every § had three strategy
parameters, pyj, Py, and ps;j, associated with it that were set (somewhat arbitrarily) to four. The generation
number, g, was set to one.

2. Mutation: Each parent solution, §, was mutated to generate one offspring solution through the application of
one of three mutation operators, namely, PointMutate, RotateMutate, and I nsertMutate. The mutation operator
to be applied was selected at random over the three operators with equal probability. The offspring’s strategy
parameter, p’y;, corresponding to the sel ected mutation operator (represented by k) was obtained using

Pki = Pk + 0.5N(0,1) @
while the remaining strategy parameters were copied from the parent. If p'; exceeded N or fell below 1 it was
set to the limit it violated. PointMutate randomly selected J; symbols in the parent and replaced them with
randomly selected symbols from {A, C, G T}. J; was obtained by sampling a Poisson random variable with
mean p'y;. If J; exceeded N or fell below 1, it was reset to the limit it violated. RotateMutate randomly rotated
the parent sequence cyclically by J, symbols. The direction of cyclic rotation, clockwise or counterclockwise,
was selected uniformly at random. J, was obtained by sampling a Poisson random variable with mean p’y;. If
J, exceeded N/2 or fell below 1, it was reset to the limit it violated. InsertMutate randomly selected a contigu-
ous subsequence of length Js in the parent string, removed it and reinserted it at a randomly selected |ocation
in the remaining string. J3 was obtained by sampling a Poisson random variable with mean p'5;. If J3 exceeded
N/2 or fell below one, it was reset to the limit it violated.

3. Fitness evaluation: Each member in the population was evaluated in light of the normalized FP error score.

4. Tournament: Each member was compared with 10 opponents that were randomly selected (with replacement)
from the population. The member received a“win” for each comparison in which the error of the member was
lower than or equal to that of the opponent.

5. Sdection: The M members with the highest number of wins were selected to be the parents for the next gener-
ation. The generation number, g, was incremented.

6. Steps 2 to 5 were repeated for a predefined number of generations, Gyax-

3. Smulations and Results

Experiments were conducted to test the viability and efficiency of the evolutionary programming (EP) procedure. In
all the experiments, 100 parents were selected for evolution, the maximum number of generations, g,y Was Set to
2000, resulting in atotal of 200,000 function evaluations during each trial. The target DNA seguence length was cho-
sen from { 10, 20, 30, 40, 50, 80, 100} . Fifty independent trials were conducted for probes of length 4, 40 independent
trialsfor probes of length 5, and 20 independent trials for probes of length 6. The average rate of error optimization of
EP for probes of length four, five, and six against all target lengths are shown in Figure 2 give the corresponding rate
of optimization of the normalized error, obtained by dividing the FP error scores by the sum total of al non-zero
entries in the FP used during each of the trials. Across all probes, as the ratio of target to probe length increased, the
rate of optimization decreased and EP took longer to find the optimal solution.

All trials were successful (i.e., zero error) for probes of length five and six and target sequences of length 10. Fig-
ure 3 depicts the mean best normalized error value at the end of each trial. Lower error values indicate higher quality
solutions. The percentage accuracy was determined as the fraction of successful trials (zero error) for each target and
probe combination (Figure 4a). As expected, percentage accuracy decreased as target length increased for any given
probe length.

The probability of success for any probe and target combination can be increased by performing multiple trials
with different initial populations. Figure 4(b,c) depicts the number of independent trials, R, that need to be conducted
with a population size of 100, lasting 2000 generations, to achieve a 90% probability of success. The R values were
computed using

R = ceilg%__pzs))g @
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Figure 2. The mean best error and mean best normalized error minimization averaged over multiple trials following EP. Probe lengths of four
(Fig. 2aand 2b), five (Fig. 2c and 2d), and six (Fig. 2e and 2f) were used. Target lengths (N) increase from the left to the right in each figure as
10, 40, 80, and 100 nucleotides. The normalized error values were computed by dividing the error values by the sum total of al the non-zero
entries in the fluorescence pattern of the target sequence used during the trial.
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Figure 3. The mean best normalized error values at the end of the trial for target sequence lengthsin {10, 20,..., 100}. The population size was
100, the probe lengths were 4, 5, and 6 and each trial lasted 2000 generations. The standard error values were smaller than the size of theline
markers at each point and have been omitted for clarity.

where z=0.90 and pg is the fraction of successful trials. This equation has been corrected from a typographical error
in our previous publication (Fogel et al., 1998). Asthe target length increased from 10 to 100 nuclectides, the quality
of the final solution gradually decreased with the lowest quality occurring at a target length of 40, 80, and 100 for
probes of length 4, 5, and 6 respectively.

4. Discussion

Previous results demonstrated that evolutionary programming was well suited to SBH (Fogel et a., 1998). In SBH, an
appropriate length probe must be used to unambiguously determine a target of length N. When N is large (over 40
nucleotides), a probe of length 4 cannot be used to reconstruct the target sequence with a high probability of success
(Fogel et al., 1998). As N increases, the probability of redundancy in the target increases making unambiguous recon-
struction difficult (Noble, 1995). Similarly, small probes arelikely to find complementsin long target sequences. This
will generate a chip that fluoresces with equal intensity at al positions and lacks useful information.

However, atarget sequence of length 4 will bind completely to only one position in the grid and will be unambig-
uously determined (barring mismatch binding at other grid locations). Target sequences of length four are not useful
in terms of learning about genomes on the order of 10° nucleotides. Therefore, each probe length is useful over a
specified range of target lengths. Above and below thisrange, all targets reach a saturation of signal. For instance, our
previous analysis (Fogel et al., 1998) suggested that probe lengths of 4 nucleotides were best suited to target lengths
of 25 to 35 nucleotides in agreement with data in the literature (Bains 1991). Our previous simulations using EP for
sequence reconstruction utilized a population size of 500 in trials of 1000 generations (Fogel et a., 1998). Here we
use apopulation size of 100 for trials of 2000 generations. Comparison of results suggests that there is no appreciable
improvement. The operational complexity of the algorithm isafunction of the population size, probe length, and tar-
get length. The complexity increases linearly with the population size and target length, while it increases exponen-
tially with increasing probe length.

Figure 4 suggests that probes of length five can be used to successfully reconstruct target sequences of up to
length 45 to 50, with a 90 percent probability of success, given that 6 independent trials can be conducted. Above this
length, error scores increase and the required number of trials may become impractical. Figure 4 also suggests that
probes of length six can successfully reconstruct target sequences of length 50 to 55 with a 90 percent probability of
success given 6 independent trials. Our data suggest that the ratio of target to probe length is roughly exponential
across probe lengths 4, 5, and 6. Our results suggest that probes of length 8 could be used to unambiguously deter-
mine target of length 80, a value that corresponds to other previous simulations (Belyi and Pevzner, 1997).

On one occasion when using probe length 4, a “simple” target of length 10 was not perfectly reconstructed in
2000 generations. Further inspection of thisrandomly generated target 5 -ACTATAATCT-3', revealed that there were
many repetitions in the sequence. For instance the di-nucleotides “TA”, “AT” and “ CT” were repeated twice. The best
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Figure 4. (a) The percentage accuracy in correctly determining a given target sequence with zero error and (b) the number of trials (R) required
to achieve a 90% probability of successand target sequence length for probes of length 4, 5, and 6. The number of trials required for 90% prob-
ability of successisnon-linear and appears to grow exponentially.

reconstructed sequence after 2000 generationswas 5'-TAATCTATAA-3'. In essence, repetitions in the sequence pre-
cluded the discovery of the optimal solution by allowing sub-optimal solutions to generate significantly high FP
SCOres.

Inspection of trials that did not lead to perfect solutions in other probe and target length combinations lead to the
discovery of similar repetitious sequences. These repetitions were either of the type 5 -PPPPPPPPPP-3', 5'-
PQPQPQPQPQ-3', or 5 -PQQPQQPQQP-3' with R number of unit repeats where P and Q are any different nucle-
otidesfrom { A,T,C,G} and Ristwo or more. These repeats appear to be characteristic features of non-perfect trialsin
our simulations.

Continuous stacking hybridization (CSH) has been used to resolve this problem in real DNA chips (Parinov et al.,
1996). CSH employs multiple probe setsin succession. The first probe set acts in the manner previously described.
The second probe set is “stacked” on top of the first set and is used to bridge gaps between hybridized probes from
the first set. The net effect can theoretically make an octamer chip as efficient as a 13-mer chip when using 5-mer
probes in a stacked arrangement (Lysov et al., 1994). This can yield sequencing runs on the order of 1000 nucleotides
in length. Parinov et a. (1996) suggested that a similar method utilizing two differently labeled 5-mers stacked to
each other and to immobilized octamers can provide sufficient information to reconstruct a DNA sequence of 1000
nucleotides containing repeats up to 16 nuclectides in length. This approach can be incorporated into future experi-
mentation with our EP simulation.

Deterministic methods can be used for reconstructing sequence information from DNA chip fluorescence patterns
when there is no noise in the system. To date, our simulations have no noise in the fluorescence signature. However,
any noise (as the result of measurement error by the scanning laser or incomplete target hybridization) will signifi-
cantly degrade the performance of a deterministic algorithm. We believe that evolutionary computation will be quite
robust in reconstructing sequences even in the presence of noise in the fluorescence signature. Estimates of noise will
be added in future simulations.
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