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D6.1 Improved DNA-computing design checker and compiler
(M24)

Basic design of MATCHIT ssDNA tags
Molecular computing is a field that utilizes biological molecules, such as DNA and enzymes, rather

than electronic circuits, to implement programmable computing devices. These systems hold great
promise due to their potential to perform massively parallel computation, similar to the molecular
computation in a living cell. Artificial vesicles are often used as models of biological cells as the
membrane composition, its surface labels and the internal cargo can be custom-tailored. In this way
vesicles can be used as microreactor systems, with sequential release of compounds. This may be
attained by induced vesicle fusion (e.g. for giant unilamellar vesicles (GUV)), shown to selectively
assemble into structures of higher order using DNA oligonucleotides as sequence-specific linker.

Such concepts derived from DNA computing are utilized in MATCHIT as described herein.

In the design for improved DNA computing for MATCHIT, each single stranded DNA (ssDNA)
(Fig. 1A) is comprised of a contiguous 15-nt oligonucleotide stretch representing the address
(primer) flanked by two regulatory regions each 5-nt long. The address contains information to
allow for selective hydrogen bonding (Watson-Crick pairing) with complementary ssDNA
addresses. As shown previously, a 15-nt address is sufficient to promote specific complementary
ssDNA binding and vesicle assembly. These complementary addresses may be on neighboring
vesicles or part of a logical operation to be performed. We also allow for strand migration
(displacement) reactions designed to perform the requisite operations on addresses. The 5-nt
regulatory regions are designed to facilitate strand displacement controlled by the environmental
conditions such as temperature. One regulatory region is constant for each address while the second
one could vary to facilitate specific indication of the tag status. Each ssDNA also contains a flexible
linker between the address and the anchoring system consisting of biotin-streptavidin. An
elongation (spacer) segment (yellow) may be used to increase the distance between the biotin-
strepavidine complex and the address sequence. This segment’s sequence is comprised mostly of

adenines for optimal stacking.

Evolutionary algorithm for design and checking of MATCHIT tag DNA sequences
Optimal tags where found using an evolutionary algorithm. An initial random group of 50 25-nt

ssDNA sequences was used. In order to minimize the tendency of primers to form undesirable



dimers in solution, the following algorithm was applied, based on Needleman—

Wunsch global sequence alignment score (Needleman and Wunsch 1970). It was assumed that
alignment scores correlate with the tendency of primers to self- or cross-dimerize, and in order to
reduce this we have used a novel scoring matrix (Table 1). In each step, the pair with the highest
alignment score was singly mutated by randomly substituting a nucleotide in with a random
nucleotide that led to a lower pair alignment score. This was repeated for several hundreds of times,
until no further improvement was achieved for the pairs. The group of sequences with the lowest

sum of all scores was chosen for the experiment.

A further checking program was developed by Markovitch and Lancet (WP6) by drawing on the
Graded Autocatalysis Replication Domain (GARD model (Segre, Ben-Eli et al. 2000; Shenhav,
Bar-Even et al. 2005)) to this group of oligonucleotides and an all-against all mutual basic
interaction matrix was generated (Fig. 2A), along with its corresponding histogram (Fig. 2B). From
the chosen group of 50 ssDNAs, the first 20 sequences were tested empirically, and found to have

only specific interactions with other tags. Further, 18 out of 20 did not self-dimerized, as aimed for.

Additionally, the same algorithm, to ensure lack of non-specific interactions between regulatory
regions and addresses, generated a pool of successive 20 regulatory regions. An empirical
verification of our method was obtained by choosing 6 DNA addresses. These addresses were
synthesized with fluorescence-labeling to monitor the interaction of addresses in solution,
complemented by a non-denaturing electrophoretic PAGE analysis. We have observed the desirable

association of complementary ssDNA addresses only.

Kinetic simulations of DNA tags and identification of tag-compotypes
In order to further fine-tune the designed DNA tags to operate at a more complex level, we have

used a different type of design checking method. This method is suitable for an experimental
situation with mixtures of numerous tag types, and it aims to make the tag design more suitable for
dynamic situations. To this end, we have employed the GARD formalism, originally conceived to
simulated compositional information transfer among sets of amphiphilic assemblies (Segre, Ben-Eli
et al. 2000; Shenhav, Bar-Even et al. 2005). A central concept in this formalism is a composome,
quasi-stationary states visible as time periods of high compositional similarity. As a means of

making this formalism applicable to DNA tag design, we defined tag-composomes as dynamic



groups of tag-tag cross interactions occurring within any set of tags, whether predesigned for

minimal cross reactivity or not.

The GRAD method was thus adapted to serve as a basis for monitoring DNA strand interactions. In
the case shown here, we utilized the predesigned set of 50 tags and their 50 reverse complements
shown in Fig. 2, constituting a total repertoire size of Ng=100. We have assumed that the
thermodynamic alignement score of a pair of DNA tags is proportional to the dimerization
activation energy, and based on the Arrhenius equation and a scaling factor. We have thus
converted the tag scoring matrix (Fig. 2) to a catalytic matrix signifying the rate enhancement
parameters between any two tags, akin to GARD's 3 matrix of rate enhancement parameters (Segre,
Ben-Eli et al. 2000). We subsequently performed Monte-Carlo simulations with the Gillespie's
algorithm (Figs. 3-7). The goal is to see if composomes, e.g. the red squares in Fig. 3) would form.

Such would indicate more subtle cross-reactions of tag sequences.

We explore the influence of two simulation parameters on the appearance of composomes in the
GARD simulation. The first is the split size, a parameter that governs the growth of tag
composomes by setting the maximal size of the assembly prior to splitting. Growth and split are a
crucial aspect of GARD dynamics, keeping the system away from equilibrium. In the context of tag
design, this parameter gauges the capacity to observe subtle tag interactions. The second simulation
parameter is the thermodynamics-to-kinetics scaling factor. This is an essential facet of the
conversion from standard equilibrium measures as shown in Fig. 2, to the more fine-tuned dynamic

simulations.

Varying the split size appears to have no influence on the appearance of tag-composomes as seen by
the fact that the composome patterns shown in Figs. 3-5 bears a high mutual similarity. In contrast,
lowering the scaling factor changes the composome patterns as seen in the comparison to Figs 6-7.
This example serves to demonstrate the capacity to provide kinetic guidance to tag design, based on
the examination of cross-interactions not seen otherwise by thermodynamic analysis only.
Specifically, by exploring different sets of tags designed by the basic thermodynamic algorithm, it
becomes possible to choose the set showing less tag-composome appearance in the kinetic
simulations with appropriate parameters (e.g. higher scaling factor that accentuates tag-composome

appearance), indicating a better avoidance of tag cross reactions.
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Figure 1: DNA addresses generation. A. Tag structure: each tag is a biotinylated ssDNA that encompasses two 5-nt
long regulatory regions (light blue and green) and a 15-nt long specific sequence that represents an address (Red). In
addition, a “spacer” sequence could be added to increase the distance between the address and the anchoring complex
(biotin-avidin-biotin). B. Schematic representation of the genetic address generating algorithm. Termination condition

could be running time or score maximum threshold.
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Figure 2A: DNA tags alignment score matrix for all 50 DNA tags and their 50 reverse complements. Color represents

sequence alignment score (In scale).
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Figure 2B: Distribution of tag interactions (log scale).
Values on right (Score ~ 3) are for the complement Table 1: DNA bases scoring matrix for the

pairs. thermodynamic algorithm.
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Figure 3: A similarity 'carpet' of GARD's dynamics based on the tag score matrix (Fig. 2). Color scale represents
degree of compositional similarity between any two assemblies, calculated as the dot product between the two
compositional vectors. Red blocks along the diagonal represent consecutive generations where the assembly's
composition is maintained and are clustered into 'compotypes'. Comparison between different states is done off-
diagonally. Figure parameters are assembly split size = 100 and scaling factor = 3.
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Figure 4: Figure details are as in Fig. 3, expect for assembly split size = 50.
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Figure 5: Figure details are as in Fig. 3, except for assembly split size = 200.
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Figure 6: Figure details are as in Fig. 3, except for scaling factor = 4.
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Figure 7: Figure details are as in Fig. 3, except for scaling factor = 5.
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