Computafional Biologuy

AND

benome Informatics

Editors: Jason T L Wang, Cathy H Wu & Paul P Wang

World Scientific



EumpurarigNrﬂml Biology

Genome Informarics






Enmpurnrigﬂgal Biology

benome Informafics

Editors
Jason T L Wang %—

New Jersey Institute of Technology, USA 4 : *

Cafhy H Wu
Georgetown University, USA
Paul P Niﬂlﬂ

Ouke University, USA -
z‘
|

F 4

|

-

\\fa World Scientific

NewdJersey * London # Singapore « Hong Kong



Published by

World Scientific Publishing Co. Pte. Ltd.

5 Toh Tuck Link, Singapore 596224

USA office: 27 Warren Street, Suite 401-402, Hackensack, NJ 07601
UK office: 57 Shelton Street, Covent Garden, London WC2ZH 9HE

British Library Cataloguing-in-Publication Data
A catalogue record for this book is available from the British Library.

First published 2003
Reprinted 2004

COMPUTATIONAL BIOLOGY AND GENOME INFORMATICS
Copyright © 2003 by World Scientific Publishing Co. Pte. Ltd.

All rights reserved. This book, or parts thereof, may not be reproduced in any form or by any means,
electronic or mechanical, including photocopying, recording or any information storage and retrieval
system now known or to be invented, without written permission from the Publisher.

For photocopying of material in this volume, please pay a copying fee through the Copyright
Clearance Center, Inc., 222 Rosewood Drive, Danvers, MA 01923, USA. In this case permission to
photocopy is not required from the publisher.

ISBN 981-238-257-7

Printed in Singapore by Mainland Press



Preface

In the post-genomic era, we now have an unprecedented view of the
genome of many species as well as new views of how biological processes
occur. The availability of genomic and genome-scale information is
changing the way biologists work and revolutionizing the way biology and
medicine will be explored in the future.

To fully realize the value of the data and gain a full understanding of the
genome and the proteome, advanced computational tools and techniques are
needed to identify the biologically relevant features in the sequences and to
provide an insight into their structure and function. Systematic development
and application of computing systems are also needed for analyzing data to
make novel observations about biological processes and to model biological
systems with high accuracy. A large amount of data must be stored,
analyzed, and made widely available to the scientific community.

This book contains articles written by experts on a wide range of topics
that are associated with the analysis and management of biological
information at the molecular level. It contains chapters on RNA and protein
structure analysis, DNA computing, sequence mapping, genome
comparison, gene expression data mining, metabolic network modeling, and
phyloinformatics. It is addressed to academic and industrial researchers,
graduate students, and practitioners interested in the computational aspects
of molecular biology. The highly interdisciplinary nature of research in this
area is providing a fruitful ground where a variety of ideas and methods
come together. This volume is a sample of some of the major techniques
currently in use in this cross-cutting field.

The book is the result of a two-year effort. We thank the contributing
authors for meeting the stringent deadlines and for helping to create the
index entries at the end of the book. Special thanks go to Hansong Sara Liu
for assisting us with Microsoft Word software and other issues in the
preparation of the camera-ready copy of this book. Finally, we would like to
thank Yubing Zhai and Ian Seldrup of World Scientific Publishers for their
assistance.
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Chapter 1

Exploring RNA Intermediate Conformations with

the Massively Parallel Genetic Algorithm

Bruce A. Shapiro, David Bengali, Wojciech Kasprzak
and Jin Chu Wu '

1.1 Introduction

The bioinformatics revolution has led to an exponential increase in the
availability of data on gene location, expression, and function for thousands
of species. In the midst of this eruption of data, however, time and resources
are often lacking for the analysis of information beyond that encoded by
sequence alone. While proteins are the traditional candidates for detailed
structural analysis, RNA secondary and tertiary structural studies remain
crucial to the understanding of complex biological systems. The RNA
structure-function relationship list is quite long. Structure and structural
transitions are important in post-transcriptional regulation of gene expression,
intermolecular interaction and dimerization, splice site recognition, and
ribosomal frame-shifting to name a few contexts. The ribozymes constitute a
class of RNA molecules whose sequence exists primarily to define their
structural and enzyme-like properties. The RNA folding problem clearly is a
significant venue for the use of computational approaches. As with most such
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2 B. A. Shapiro et al.

applications of high-powered computing, the problem of RNA structure
determination is a difficult one. The number of secondary structures possible
given a particular sequence varies on the order of 1.8" for a sequence of n
nucleotides. Traditional approaches to the problem are numerous and varied.
A wide range of biochemical and biophysical assays may be used to examine
RNA secondary and tertiary structure. These assays generally search
experimentally for the consequences of sequence and structure within a
molecule, probing for accessibility to enzymes, calculating optical
absorbency, or measuring electrophoretic migration rates over a temperature
gradient. A given structure generally is verified through phylogenetic
analyses, searching among members of a family for compensatory base
changes that would maintain base-pairedness in equivalent regions. All of
this fairly direct data often is supported, or at times even replaced, by
theoretical structure calculations. The most familiar variety of these are
derived from dynamic programming algorithms (DPA) such as MFOLD
[Zuker, 1989], and which search for a molecule’s thermodynamically optimal
structure, as well as a series of suboptimal structures. When the object is
secondary structure, that is, a structure that can be defined as a list of base-
paired and single-stranded regions (stems and loops), thermodynamic
calculations are straightforward. Stems tend to stabilize a structure and most
loops tend to destabilize it, and the energies of these stems and loops are
additive. Thus, a search for biologically relevant structures can be driven by
the assumption that a molecule will tend to fold spontaneously into structures
that minimize its global Gibbs free energy with respect to the unstructured
state. A recent version of the dynamic programming approach to energy
minimization has been able to include H-type pseudoknots and some basic
tertiary structure energy contributions at the cost of moving the algorithm to
O(n®) time [Rivas and Eddy, 1999]. By removing pseudoknot considerations
and shifting the more precise tertiary structure energy calculations for
multibranch loops to a post-processing reordering phase, this algorithm runs
in O(xn®) time [Mathews et al., 1999]. Searching experimentally and
theoretically for these equilibrium structures, either optimal or suboptimal,
however, is often insufficient. The biologically functional state of a given
molecule may not be the optimal state, and how, then, does one determine the
relevant suboptimal structure? A structured RNA molecule, moreover, is not
a static object. A molecule may pass through a variety of active and inactive
states over its lifetime, due to the kinetics of folding, to the simultaneity of
folding with transcription, or to interactions with extra-molecular factors. A
molecule may become trapped in a local energy minimum with a high
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activation energy barrier to surmount before reaching a more stable state.
How can one begin to approach the analysis of such a moving target, a target
with a vast and highly combinatorial n-dimensional structure/energy
landscape over which it may travel? Methods developed using a massively
parallel Genetic Algorithm (GA) optimization approach have proven highly
amenable to exploration of such RNA secondary structure folding pathways.
This algorithm was designed using the same basic considerations as the
dynamic programming algorithm; that is, with thermodynamic calculations to
optimize the global free energy of an RNA molecule. As such, it is
reasonably successful at efficiently finding optimal or near-optimal
equilibrium structures, including pseudoknots, given a particular sequence.
The properties of this massively parallel, iterated, stochastic algorithm,
however, have revealed themselves to be ideally suited to the problem of
predicting the dynamic folding process of a given molecule as well. In
addition, the algorithm allows for the incorporation of some types of
experimental data, allowing it both to verify and to predict the outcome of
experiments under known conditions. The Genetic Algorithm operates on a
population of thousands of possible solution structures, evolving them toward
thermodynamic fitness. It may be run multiple times and in multiple phases.
STRUCTURELAB, an interactive RNA structure analysis workbench, has
proven indispensable in analyzing the large quantities of data generated by
such use of the GA. In particular, use of Stem Trace, a STRUCTURELAB
component for abstract graphical comparison of RNA secondary structures,
has given great insights into a variety of RNA structural issues, including that
of folding pathway exploration.

1.2 Algorithmic Implementation

The massively parallel Genetic Algorithm is a member of a class of
algorithms that use the principles of evolution to optimize a parameter within
a population of possible solutions. In this case, the parameter is free energy,
but the optimal structure is not the only consideration. The intermediate
results within the population and the pathway followed by the algorithm to
reach its final solution are equally important. Still, the basic operators are as
one would expect: mutation, selection, and recombination. The basic
procedure is as follows (details on each step follow in the text):
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1 Generate stem pool
2
3 Fill structures in each Population Element randomly
4
5 while (not converged) {
6 for each (Population Element), execute in parallel {
7 Find neighbors
8 Ranked-select and store two parents from self
and neighbors
9 Create two empty children
10 Mutate children based on current structure size
11
12
13 Crossover {
14 for each (stem in parent 1) {
15 Distribute into one of the children
16 ' }
17 for each (stem in parent 2) {
18 Distribute into one of the children
19 if (stem conflicts)
20 if (probability == true)
21 Try to peel stem to fit
into structure
22 else
23 Discard stem
24 }
25 }
26
27 Replace self with better child
28 }
29
30 Output intermediate data
31 Calculate z-score and convergence
32 Increment generation
33 )
Population

The population itself is made up of an array of elements, where each
population element (PE) represents one structure. A structure in this case is
uniquely defined by a list of base-paired regions, or stems. Thus the
“chromosome” for a PE is this list of stems, which may be altered by the
basic GA operators. The population is arranged in a two-dimensional grid,
where each PE can communicate directly with its eight nearest neighbors (see
Figure 1). The grid is wrapped toroidally, so that the northern neighbor of a
PE on the northern “edge” of the array is located on the southern “edge” (the
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Figure 1. Illustration of the eight-way toroidally-wrapped connected grid of
population elements (PEs) used to control the massively parallel Genetic Algorithm.
Each element communicates with its nearest neighbors and evolves an RNA
secondary structure in parallel. This representation is used on SIMD or MIMD
architectures. The red and blue PEs represent the elements chosen as parents. The
yellow represents the PE that will contain the newly generated chosen child structure
for this neighborhood.

same holds true for the eastern and western “edges”). The location of an edge
is therefore arbitrary, and has no meaning to the population itself, which is
continuous. The massive parallelism of the algorithm refers to the fact that
this population contains thousands or hundreds of thousands of elements, all
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evolving in parallel. The original implementation of the algorithm existed for
the Single Instruction Multiple Data (SIMD) architecture MasPar MP2, on
which each PE was represented by a single concurrently operating physical
processor [Shapiro and Navetta, 1994]. Population sizes were limited then to
a 16K (16,384) maximum. The current implementation of the algorithm
utilizes the Multiple Instruction Multiple Data (MIMD) architecture of
systems such as the CRAY/SGI Origin 2000 and T3E [Shapiro et al., 2001a].
Under this implementation, a small number of physical processors run in
parallel, each operating sequentially on its own subset of the population. The
PEs in this case thus are virtual processors. The full logical layout described
above is implemented by interprocessor communication via shared memory
(shmem) library calls. Simple formulas convert between (physical processor,
virtual processor) and (x, y) ordered pairs, and shmem synchronization
barriers at various points within the code keep the population consistent from
generation to generation. In actuality, the algorithm could run on any number
(power of 2) of physical processors on any machine that implements the
shmem library functions. Thus, the population size has no theoretical limit. It
is difficult to define running time formulaically for this type of stochastic
algorithm, especially when sequence-specific properties can have a large
impact on the dynamic environment within the population. However, some
empirical results can give an idea of the scalability of the algorithm and its
population. (For more detailed results, see [Shapiro et al., 2001a]). When the
size of the population is varied while the number of physical processors is
kept constant, the algorithm’s running time appears to vary almost precisely
linearly with respect to the ratio of virtual processors per physical processor.
When the” workload is varied by keeping population size constant while
varying the number of physical processors, however, slight non-linearities
arise due to interprocessor communication. A typical RNA sequence may be
subjected to, say, twenty runs at a given population size, but we have found
that significant information can be generated by comparing results at various
population sizes as well, as described later.

Basic Algorithm

As the algorithm begins, a pool is generated containing all possible stems
given a particular sequence. These stems may be either “fully zippered” or
peeled back by a few base pairs. In addition, a secondary pool of
“pseudostems” is generated, containing multiple-stem motifs that would be
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likely to occur simultaneously during the folding of a real molecule.
Pseudostems are important in situations where a large rearrangement of the
molecule must take place. If several correlated events must occur to facilitate
this transformation, the probability of having all of the required stems present
at one time may be too low to allow the transition. In current simulations,
these pseudostem motifs have been limited to pairs of stems flanking a small
symmetric internal loop across which coaxial stacking of helices may occur
in reality, facilitating stem chain growth in natural systems. Both pools may
be augmented by user-defined stems and motifs, or edited to delete particular
interactions. On population initialization, each PE is randomly filled from
these pools to generate diverse, random, and typically sparse structures
throughout the population.

Once the population has been initialized, the iterated algorithm proper
begins at generation 1. At each generation, the selection operator chooses and
stores two parent structures for each PE location. Each PE generates a list
containing itself and its eight nearest neighbors in the two-dimensional
population layout. Conversion formulas are used to locate the virtual
processor addresses corresponding to the neighbors in each direction from the
central PE. This generated list then is ordered with respect to fitness, with the
most thermodynamically stable structure in the highest position. A ranked
rule biases probabilistic selection toward the head of the list for each parent.
After the selection of parents, each PE generates two empty child structures,
and mutations insert random stems into these structures from the stem pool.
Longer sequences (with larger stem pools) are given higher mutation rates.
Note that a pseudostem’s component stems are treated independently except
at the time of selection from the stem pool. If a stem chosen for mutation into
a growing structure conflicts with a stem already in that structure, a
probability exists that it will not be discarded, and will instead be peeled back
to fit into the structure. This mechanism of peelback proved quite necessary
to many simulations within the GA. The GA’s basic unit of operation is a
stem, as the algorithm inserts and deletes entire helical regions, but various
natural structures contain helical regions that are much less than fully
“zippered.” This conflict-driven peelback mechanism, however, gives the GA
the ability to increase its resolution to the level of single base-pairs of
difference between structures. Increasing resolution at the time of stem
insertion prevents the need to flood the stem pool itself with the non-relevant
“noise” that would be introduced by including every possible stem at every
possible degree of peelback. The mutation rate itself is not constant for the
duration of the run. Instead, it follows an annealing curve that decreases the
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rate of mutation within each PE as the number of stems in that PE’s structure
grows [Shapiro and Wu, 1996]. Thus, the distribution of energy values across
all PE’s will gradually converge and the population will reach a consensus
structure. A score measured by calculating the weighted standard deviation,
i.e., over a limited window of past generations, of the average population-
wide energy is used to determine the stop-point for the algorithm. The
recombination event is implemented via a uniform crossover operation. First,
after mutation is complete, one parent randomly distributes its stems into
both child structures. Then, the second parent attempts to place its stems into
both child structures. If at any point, a stem being added to one of the
children conflicts with a previously inserted stem, there is again a probability
that the conflict-peelback described above will occur. After each member of
the population has completed the recombination phase, the structure in each
PE is replaced by the better child structure. The selection, mutation, and
crossover operations occur repeatedly until the score described above drops
below a specified value, at which point the algorithm halts and reports a
solution structure.

Additional Features

A number of additional features augment this basic behavior of the GA.
H-type pseudoknots, for example, may be incorporated into structures with a
minimal performance reduction of the algorithm. Pseudoknot stems are
simply maintained in a separate list from the primary structure stems, and
both lists are consulted for crossover operations and energy calculations. An
H-type pseudoknot consists of a hairpin loop that pairs directly to the bases at
the foot of its own stem and satisfies specific constraints [Shapiro and Wu,
1997]. Thus, either stem in the pair can be in either the pseudoknot list or the
primary stem list, as either stem is valid independently. The GA also can
simulate the effects of folding during transcription, or sequential folding. In
this mode, the GA simply restricts the valid stem pool to those stems that fit
within the sequence length at a given generation. The sequence is lengthened
gradually, generation by generation at a rate defined by adjustable
parameters. Also, a “Boltzmann Filter” may be activated which enhances the
Boltzmann-like characteristics of the population [Wu and Shapiro, 1999].
Additionally, the algorithm may consider the stabilization of particular
interactions by external factors not accounted for in the energy rules. If
experimental evidence indicates that protein or ion stabilization, for example,
affects a certain stem, that stem can be labeled within the algorithm as a
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“sticky stem.” If a parent happens to contain this stem once selected, the
parent is guaranteed to pass that stem on to both of its children. Thus, once
one of these stems occurs naturally within the population, it can be
encouraged to “stick,” if it is favorable enough. Another method of more
closely modeling natural conditions within the GA comes with the
algorithm’s multi-phase features. In natural systems, a molecule may pass
through several phases during its lifetime, existing under different conditions
in each. Within the algorithm, a solution structure from one phase can be
seeded into a percentage of PE’s during the initialization of a following
phase, perhaps to be subjected to processing reactions or some other change
of conditions. When running the GA in this manner, the non-seeded portion
of the population is filled to a higher degree during the initialization phase, so
that the random structures have a chance of competing with and providing
alternatives for the relatively stable seeded structures. For example, one or
two attempts may be made to insert stems into random structures during a
regular run, while 2000 attempts may be made on a phase 2 run. Of course,
many of the attempted insertions cannot be added due to conflicts, but
keeping the number this high ensures that the random structures are as filled
and stable as possible.

1.3 Data Generation and Analysis

Exemplary Biological Systems

Two biological systems happen to serve as particularly illustrative
example cases for these methods. Potato Spindle Tuber Viroid (PSTVd) is a
type-B viroid, one of several small, circular, unencapsidated RNA molecules
that code for no proteins and infect a variety of plants, depending on host
enzymes for replication. For reviews, see [Gross et al., 1978; Diener, 1979a;
Diener, 1979b; Keese et al., 1988; Riesner et al., 1990; Flores et al., 1998;
Diener, 1999]. Monomeric PSTVd has long been known to be able to form
two very different structures in vitro. One of these is the native state, a highly
stable, base-paired rodlike conformation (Figure 2a) [Riesner, 1979]. The
other is a branched metastable state, containing three separate unusually
stable regions: HPI, HPII, and HPIII (Figure 2b). The full rolling circle
replication cycle of PSTVd (Figure 3) [Branch and Robertson, 1984;
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Figure 2. Depiction of the RNA secondary structures representing the fully folded
monomeric PSTVd viroid 2a, and the metastable monomeric structure 2b. Both of
these structures were predicted by the GA and have biological supporting evidence

for their existence. The so-called HPI, HPII and HPIII unusually stable regions are
also shown.
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Figure 3. Depiction of the rolling circle model for the PSTVA life cycle. In stage 1
multimeric negative strand copies of the plus strand monmeric circular structure are
generated. In stage 11 multimeric plus strands are produced. This is followed by stage
III cleavage into monomeric linear structures which then form the plus strand
monomeric circles.

Ishikawa et al., 1984] involves the transcription of this circular monomer (+
strand) to a linear, multimeric (- strand) template. This template is then
transcribed to multimeric (+ strand) copies, which are subsequently cleaved
and ligated to monomeric circles. Experiments with both monomeric and
dimeric clones of this molecule have demonstrated the potential for a number
of structural transitions. The function of the metastable structures has been
speculated upon at length, but the structure shown to be an active substrate
for the cleavage reaction more closely resembles the rod-like conformation,
with the addition of some unstable short-range interactions, which are
stabilized by host factors.

The host-killing/suppression-of-killing (hok/sok) mechanism of E. Coli is
a fairly complex system, meant to maintain plasmid copy number [Gerdes et
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al., 1997]. The hok gene itself codes for a protein that will kill the cell if
synthesized. In order for translation to occur, the hok mRNA must fold into a
specific active conformation (Figure 4), including a translational activating
interaction, and proper positioning of the Shine-Dalgarno elements of the two
proteins for which the message codes, i.e., hok, and its regulator, mok
{modulation of killing) [Franch and Gerdes, 1996]. This active conformation
also contains a specific substructure that serves as a target for sok
(suppression of killing) molecules. The plasmid that codes for hok and mok
also codes for sok, a small antisense RNA. If the plasmid is present in
sufficient copy number, sok is transcribed, and it binds to hok, causing
degradation by RNase III and saving the cell [Gerdes et al., 1992]. If the
plasmid is not present in sufficient numbers, the killer protein is translated,
and the faulty cell is prevented from replicating. Mechanisms must be in
place, however, to prevent degradation of the pool of hok mRNA before
replication; therefore these mechanisms must prevent binding of sok. This
requires, however, that additional mechanisms prevent premature translation
of the killer protein. The problem is compounded by the fact that hok mRNA
folds during transcription, and thus the highly stable translational activating
interaction can form before the antisense target region is even
synthesized.Various studies have determined that, during transcription, the
molecule is likely held in an inactive state (both non-translatable and non-
sok-binding) by a metastable structure at its 5° end (Figure 5) [Gultyaev et
al., 1997; Nagel et al., 1999]. Upon sequence completion, a long-range 5°-3’
interaction locks the molecule into an inactive state (Figure 6) [Franch and
Gerdes, 1996]. An active pool is slowly and continuously generated,
however, by exonucleolytic processing at the 3° end [Franch et al., 1997].
This processing truncates 30-40 nucleotides from the molecule, destroying
the 5°-3’ interaction and triggering a molecular rearrangement into the active
state (both translatable and sok-binding) (Figure 4).

Population Dynamics and Interactive Visualization

While the GA is meant to study a dynamic, complex system, it happens to
be quite such a system itself. Within the GA, there exists a lively arena of
structural competition, statistical trends, and unexpected turns as the
population explores the landscape defined by the particular RNA sequence in
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Figure 4. Representation of the secondary structure of the “active” conformation for
the hok/sok plasmid RNA. This structure is produced during removal of several bases
from the “inactive” structure’s 3’' end (see Figure 6) causing refolding of the
molecule. Structures of particular importance are labeled. These include the sok
target region where a small RNA will bind causing digestion of the RNA if the
plasmid copy number is high enough. Also visible are the Shine-Dalgarno regions
which have to be in their proper conformations for the hok killer protein to be
synthesized if the plasmid copy number is too low.

use. It is important to find ways in which to monitor the progress of the
population, and to understand its behavior in order to extrapolate from this
environment into the reality of RNA folding pathways. The stochastic nature
of the algorithm allows the PE’s to move both uphill and downhill on the
structure/energy landscape. The limited (nearest-neighbor) communication
range allows different decisions to be made in various regions of the
population, letting different groups of PE’s explore different portions of this
landscape and to discover information that might be passed over otherwise.
Thus, at any instant during a particular run, there will be one or more distinct
subpopulations present within the population as a whole. Each subpopulation
consists of one or more contiguous regions with similar structures in each of
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Figure 5. The early stages of the folding process of the hok/sok RNA. The temporary
enforcement of the metastable stems shown here permit the structure to remain in an
inactive state while the molecule is being synthesized to its full size. This is

necessary to ensure that both premature degradation and premature synthesis of the
killer protein are inhibited.

its PE’s. There are various methods available to analyze the content and
behavior of these subpopulations. The most direct view, however, giving at
least a qualitative sense of algorithmic dynamics, is simply to look at them.
The GA population may be visualized graphically in real time via several
color-coded maps and associated histograms. These maps present displays of
relative fitness, stem presence, and pseudoknot presence, and can provide
information on the contents of a given PE at the click of a mouse. Figure 7
shows a snapshot of a fitness map of the population at generation 191 for a
simulation of monomeric PSTVd at a population size of 16K. Although the
molecule does not tend to fold as a monomer during the natural replication
cycle, much experimental data is available for this particular molecular type,
and the monomer provides for more elegant demonstration of some methods
than the larger dimeric molecule. Please see [Shapiro et al., 2001c] for a
more detailed discussion of the dimeric PSTVd folding process.
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Figure 6. Representation of the secondary structure of the “inactive” conformation
for the hok/sok plasmid RNA. This structure is produced upon completion of the
synthesis of the entire RNA. Structures of particular importance are labeled. These
include the sequestered Shine-Dalgarno regions of the mok and hok proteins as well
as the absence of the sok binding region. A base paired region that helps retain this
inactive conformation forms between tac and fbi.

As the evolution process continues, subpopulations will expand and
contract, covering various ranges within the 2-D layout. In the particular
generation shown in Figure 7, a shrinking island containing a branched
metastable structure is visible as the subpopulation of lowest fitness (area A).
This subpopulation once was dominant during this run, and, as additional
evidence will demonstrate, can be identified as the GA’s solution structure
for the PSTVd metastable state (see Figure 2b and the structure containing
the three stems HPI, HPII, and HPIII in Figure 8C). The current dominant
subpopulation is an intermediate structure generated by the GA. It is rodlike
in the left-hand region, but contains a cruciform structure in the right-hand, or
T2 domain (see Figure 7, area B, and Figure 8E). A small nucleation of PE’s
with yet lower energy (higher fitness) can be seen forming in the upper right
hand corner (Figure 7, area C). The structure in this subpopulation is the
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Figure 7. Fitness map depicting 16K population elements from generation 191 of the
GA running the monomeric form of PSTVd. Each color coded pixel represents a
fitness value of a particular structure. In this case blue represents poorer fitness than
purple. The regions representing different structures are labeled in the image and are
described in detail in the text.

native state, and will eventually subsume the rest of the population. When
two structurally different subpopulations interact, the PE’s in the border
between the two must decide between two states. A transition from a less-
stable local minimum to a more stable local minimum requires partial
unfolding to accommodate new interactions. In a natural system, this would
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Figure 8. Selected frames, ordered left to right, top to bottom, from a GA run of the
PSTVd monomer from the structures generated in a particular PE. Seen are the
changing fitness maps for the entire population (in the upper left corner of each
frame—red meaning poor fitness, purple good fitness); the changing depiction of a
current structure in the chosen PE (in the upper right corner of each frame); and a
trace map for the three important stems, in the metastable structure, that form the
regions HPI, HPII and HPIII (shown in the lower right corner of each frame). These
stems show their isolated existence, in the trace map, by the depiction of a particular
color. The existence of more than one of these stems in a PE is indicated by a
grayscale. The existence of all three stems in a PE is depicted by white. The absence
of these stems is depicted by black. These stems are also highlighted in the structure
drawings shown.
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constitute the crossing of an activation energy barrier on the landscape.
Within the GA, just such an event can be seen in the interaction between the
metastable state and the cruciform state (Figure 7, border between areas A
and B). In the *“active border” region between the two subpopulations, a
region of lower fitness develops as PE’s fill with open intermediate
structures (Figure 8D) in order to undergo transitions to the more stable state.
The energy of the structures in this active border region can be used to
estimate the height of the activation energy barrier. Note that the native state
subpopulation formed spontaneously within the cruciform population. These
two states are much more similar to one another, and the activation energy
barrier is thus much lower, as is visible in the fitness map (Figure 7, border
between areas B and C). Figure 8 shows six selected frames of a GA run of
the monomer, showing in somewhat more detail the transitions that occur in
the fitness maps, trace maps and structures. An even more detailed analysis
of such transitions, using Stem Trace and STRUCTURELAB, is described in
later sections. At a first-pass level, subpopulations may be correlated with
structures by tracing the presence of particular stems within the population
either numerically, or visually, using a map similar to the fitness map, but
color-coded based on a list of trace stems provided by the user rather than on
energy values.

Stem Trace and Structurelab

Stem - Trace [Kasprzak and Shapiro, 1999] and the rest of
STRUCTURELAB (Shapiro and Kasprzak, 1996] have proven indispensable
in making sense of the complex data sets generated by the GA. Stem Trace
itself is an abstract graphical plot of an ensemble of RNA (or DNA)
structures, allowing the user to compare the stems present in a large number
of structures quickly and informatively. Essentially, Stem Trace builds a plot
as follows: as each new structure in an ensemble is inserted into the plot, the
structure is assigned a coordinate along the x-axis. Each stem in that
structure, uniquely defined by its 5° start position, 3’ stop position, and length
(and optionally by its energy), is assigned a position along the y-axis. If the
stem has been plotted before in a previous structure, it is assigned the same y-
coordinate as that of the first occurrence. Otherwise, it is assigned the next
available (integral) y-coordinate. Thus, if a stem appears repeatedly within a
plotted ensemble of structures, a horizontal band will appear at that y-
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coordinate. All color coding of Stem Trace plots presented in this text is by
frequency of stem occurrence (Figure 9).

Stem Trace plots may be built from a series of structures consecutively
reported as intermediates within the GA, from ensembles of structures
representing the final solutions from multiple runs of the GA, from a set of
suboptimal DPA solutions, and even from multiple sequences from the same
family, using sequence alignments to correlate stems from each sequence.
Depending on the situation, the ordering of stems along the y-axis may vary,
including, but not limited to, order of appearance, 5’ position, and energy.
Any Stem Trace plot may be used to generate the associated, complementary,
Single Strand Trace. In addition, Stem Trace functions as a graphical user
interface to the data underlying the plot, and to other elements of
STRUCTURELAB.

STRUCTURELAB as a whole provides a central, integrated interface,
allowing access from a single workstation to a variety of tools implemented
on various platforms and running concurrently. Drawing modules allow 2-D
and 3-D visualization of structures, with automatic and interactive untangling
and labeling features. Taxonomy tree plots may be used to compare an
ensemble of structures, as may an interactive version of the familiar 2-
D dot plots. Sequence and structural motif analysis may be carried out from
within STRUCTURELAB, as may execution of the GA. For a more
complete list of STRUCTURELAB features, see [Shapiro and Kasprzak,
1996].

Single Run Analysis

When one considers a single run of the GA, Stem Trace has the
advantage of allowing one to take the population data from a potentially
lengthy series of generations, and compile that data into a single plot.
Detailed structural analysis of the simulated folding pathway then becomes a
possibility. Since each x-coordinate in a Stem Trace plot represents one
structure, the intuitive way in which to build a single run plot is to select one
representative structure from the population at each generation. A variety of
choices present themselves at this stage. Using the visualizer, a specific PE
can be selected as the output point, based on criteria such as its interaction
with particular subpopulations. Each structure that exists within this PE may
then be plotted as a stem trace (see Figure 9, single processor data plot). This
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Figure 9. Depiction of two Stem Trace Plots and their correspondences. The top plot
traces the progression of structural changes that take place in the PSTVd monomer,
in a particular PE, over the course of a run of the GA. The generations that indicate
the formation of three basic monomeric structures, A, B, C are shown. The bottom
Stem Trace plot essentially shows the same transitions, but is based on the consensus
structures of the entire population rather than the structures produced in a particular
PE.

type of plot will provide a quantitative sense of the height of the activation
energy barriers crossed by this PE as active borders sweep over its location.
The particular structures plotted during these transitions, however, are
difficult to analyze for significance, since they do not necessarily represent
the behavior of the population as a whole. A second option, then, is to utilize
the histogram of fitness values developed for the population at each
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generation. Selecting the peak in this histogram provides the most frequent
energy value within the population. Selecting a structure with this specific
energy value thus provides the majority structure within the population at that
generation. A histogram peak stem trace therefore effectively plots . the
development of the population’s consensus structure. Consider, for example,
the histogram peak stem trace shown in Figure 9. This plot was compiled for
the same monomeric PSTVd run depicted in Figures 7 and 8. There are
clearly three distinct stages present, each represented by a different set of
stems. These represent stages in the run during which three different
subpopulations were dominant. The subpopulations labeled as A, B, and C in
the time domain in this stem trace correspond directly to the subpopulations
with the same labels in the space domain in the fitness map in Figure 7.
Structures in population A are the metastable structures, containing the three
metastable regions (Figure 2b, and the metastable-like structure in Figure
8C), structures in population B are the cruciform intermediates (Figure 8E),
and structures in population C are the native rod (Figure 2a and Figure 8F).
Note the intermittent appearance of stem bands from structure B within the
structure A timeframe. This indicates that there was stiff dynamic
competition between two similarly sized, alternative subpopulations for a
time, but that structure A gained greater dominance until structure B evolved
to a high enough fitness to compete more fully. The GA’s results are
consistent with experimental results demonstrating the ability of the branched
metastable structure (defined experimentally by the presence of the three
regions) to undergo a transition to the native rod (easily captured as an
equilibrium structure). In addition, however, the GA is able to provide a
complete structure for the metastable state, beyond the three main regions,
and also to predict an intermediate structure, providing a detailed look at the
molecule “in action.” (Figure 8).

Multiple Run Analysis

A single run of the GA provides a compressed view of the series of stages
that leads to a single solution, locating statistically significant structures from
thousands of PE’s over hundreds of generations. However, the stochastic
nature of the algorithm means that, like the structures from a single
processor, the solution from a single run must be compared to a larger set of
data to determine its statistical significance. The solutions from multiple runs
of the GA are typically compiled into a single Stem Trace plot in order to
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achieve this goal. A plot of this type puts each solution structure, and its
component elements, into context, allowing the user to draw conclusions
about what solutions are the GA’s actual predictions, and what the
significance of alternative structures may be. It is at this point that further
compression of data, and therefore further determination of significant trends,
can be performed. The mechanism for this layer of abstraction from the high
level of complexity of the root level algorithm comes with the effects of
population variation.

Multiple Population Size Analysis

As described in [Shapiro et al., 2001a, 2001b and 2001c¢], variation of the
size of the population operated on by the GA affects more than just the
running time of the algorithm. The reason is as follows. Certain structural
rearrangements are triggered by certain events within the population. In this
case, an event essentially refers to the appearance of “the right stem in the
right place at the right time.” The smaller the population is, the more likely it
is that the population as a whole will converge before a given event takes
place. This situation is particularly noticeable when the energy/structure
landscape for a particular sequence contains highly stable local minima with
high activation energy barriers (i.e., metastable states). Subpopulations
containing stable structures of this type can spread very rapidly throughout
the population. If the population is small enough, this subpopulation can
subsume the entire population before a more stable structure, which may
occur at a later stage in the folding pathway, has the chance to arise and
compete. The population becomes “kinetically trapped” behind an activation
energy barrier. Certain population sizes may be particularly amenable to
capturing specific states. As the population size is increased toward one of
these values, the GA more and more deterministically produces the
associated state as a solution. In this case, determinism is measured by
comparing various values that measure the diversity within a solution
ensemble for ensembles at different population sizes. Determinism can be
estimated visually by comparing Stem Trace plots of these solution
ensembles. A more deterministic set of runs has less variation in the
ensemble, so it has a shorter Stem Trace plot with more high frequency
stems. Note the 4K population size stem trace for monomeric PSTVd in
Figure 10. The majority of structures at this population size are the
metastable structure (Figure 2b), identical to that in areas labeled A in
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Figures 7 and 9. As population size is increased the GA can begin to
surmount the activation energy barrier, and can explore more of the
landscape, as it moves toward another peak in determinism. This peak
theoretically represents another, deeper local minimum, that is, a later stage
in the folding pathway ( note the 128K stem trace in Figure 10). The GA at
this population size has located the rodlike native state (structure in Figure
2a, present in area C in Figures 7 and 9).

The practical upshot of this phenomenon is that smaller populatlon sizes
capture earlier states in the folding pathway and larger population sizes
capture later states. Therefore, comparing solution structures as population is
increased will generate a “consensus pathway.” A Stem Trace of histogram
peak structures over a single run compresses the data from many generations
into a single plot. Similarly, the Stem Trace of solution structures over
increasing population sizes compresses the data from many runs into a single
plot. A population varying series of runs can determine which states are most
significant to the pathway, and the order in which they occur. A single run
can give a detailed picture of the full sequence of structures that successively
gain dominance. And population visualization can provide the full-blown
detail of how the structures in each PE are transforming. Each level of
abstraction from the algorithmic processes gives hints about what is
happening at a deeper level of complexity, and about how significant those
happenings are to the whole story. The full range of analysis methods must
be combined, and interpreted in the context of experimental data, to generate
a complete picture of the folding pathway. '

1.4 Biological Application

Below, we present examples of the application of these methods to multi-
phase simulation of hok/sok and dimeric PSTVd. For the complete details on
these results, please consult [Shapiro et al., 2001c].

PSTVd

PSTVd has been long the subject of numerous experiments, quite
understandably, since it has the potential to form several very different
structures, and can shift between these states under the appropriate
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Figure 10. Depiction of Stem Trace results for the PSTVd monomer for varying
populations sizes, i.e. 2K, 4K, 8K, 16K, 32K, 64K and 128K. Each population
column contains the end results of 20 runs of the GA. The height of each column
reflects the relative diversity of the structures that evolved in each population. The
shorter the column the more deterministic the resuits. The levels of determinism are
also reflected in the persistence (purple bands) of individual stems. The variation in
the height of the columns is also reflecting the algorithm surmounting activation
barriers (see text).

conditions. Earlier experiments in the absence of cellular extracts showed
dimeric PSTVd molecules to assume, at equilibrium, the so-called tri-helical
structure [Hecker et al., 1988]. This structure consists of two rodlike units
joined by a perpendicular set of three helices, including two copies of HPI,
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formed by a long, nearly palindromic sequence in the upper central conserved
region (UCCR). GA simulations analyzed with Stem Trace predicted
formation of the same structure. The simulated folding pathway first showed
formation of the same metastable structure seen in monomeric simulations.
This holds well with the experimental detection immediately after
transcription of a branched structure whose characteristics would be
consistent with the presence of the three metastable regions [Hecker et al.,
1988]. Following the formation of this structure, we saw the subunits zipper
into the rodlike conformation, while the HPI-trihelical region formed joining
them. The GA structure predicted for the metastable intermediate is
consistent with enzymatic probing results published in [Gast et al., 1998].

As mentioned above, however, the active structure required for cleavage
to monomeric units is not this tri-helical structure. Instead, experimental
evidence has shown that the active structure consists of a significantly
suboptimal state [Steger et al., 1992; Baumstark and Riesner, 1995;
Baumstark et al., 1997]. This state contains several hairpins in the UCCR,
hairpins that have been shown to require nuclear extract proteins for
stabilization [Tsagris et al., 1987; Baumstark er al., 1997]. This so-called
Extended Middle structure first was discovered in experiments using a
monomeric construct extended in the UCCR with the minimum portion of a
second subunit that would still promote cleavage. This system is an ideal case
for the application of sticky stems (see above). By marking as sticky stems
the two hairpins for which both experimental and phylogenetic evidence
existed, we were able to simulate external stabilization of these structures
within the GA. Upon doing so, the GA indeed predicted formation of the
Extended Middle structure, and even independently predicted formation of a
third hairpin, one suggested in the literature, but for which experimental
evidence had not been found.

The success of this simulation made it reasonable to include the sticky
stems in the full dimeric simulation. Upon doing so, the GA predicted
formation of a double Extended Middle structure instead of the tri-helical
structure. The multi-phase capabilities of the GA could then be employed to
explore the refolding events. that would occur after cleavage at the
experimentally known cleavage site. UV crosslinking experiments have
shown that the molecule, once cleaved to a monomeric state, is driven into
the correct conformation for ligation by the formation of a Loop-E type
structure [Branch er al., 1985; Baumstark er al., 1997]. When seeding the
Extended Middle result of phase 1 into a phase 2 run, and truncating the
molecule at the known cleavage sites, we were able to explore the GA’s
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version of this transition. In such secondary phase runs, it is generally
profitable to build the single run Stem Traces by selecting the best (fittest)
structure within the population at each generation, rather than the histogram
peak structure. This procedure follows the refolding seeds rather than the
noise of the highly randomly filled surrounding population described above.
Interestingly, the first transition that appeared in this case included HPI, a
structure whose importance to the replication cycle has been debated. HPI
appeared able to stabilize quickly the large free-stranded region generated by
the cleavage reaction. Subsequently, the GA indeed showed formation of the
Loop-E structure. This structure, which theoretically contains non-canonical
base pairs, is thought to be stabilized by Mg* ions [Gast et al., 1996;
Baumstark ef al., 1997]. In the GA simulation, a small hairpin stem formed in
the upper-strand portion of Loop-E. This stem could have been an artifact of
the simulation, but it was able to play the role of Mg®* in stabilizing the large
loop. In a third phase, the ligation reaction was simulated by shifting the 5’-
3’ gap from Loop-E to the left-hand, or T1 domain, which had already
formed a closed stem-loop. Doing so caused the Loop-E hairpin to unfold
and open the loop once the strand became continuous.

hok/sok

The host-killing/suppression-of-killing system proved to be quite
interesting in the context of the GA. One useful property of this system was
that it could act as a test case for the sequential folding features of the GA.
While at appropriate population sizes, the GA would indeed find the correct,
inactive structure for hok mRNA; closer examination of the folding pathway
revealed that the molecule was passing through an active conformation in
intermediate stages. The stems identified in [Gultyaev et al., 1997, Nagel et
al., 1999] as inactivating metastable structures were indeed forming during
sequential folding, and were present in nearly 100% of the population. But
the more stable translational activating (tac) interaction would slowly replace
them once its nucleotides had been synthesized. In order to assess the
influence of the metastability of these stems on the folding pathway, we
enforced it in all structures up to the point in the sequence synthesis at which
these stems usually began to drop out of the histogram peak subpopulation.
When enforcement was removed at this point, nothing prevented the more
stable tac interaction from forming, yet it did not form. The structure
remained in an inactive conformation until the 5’-3’ interaction could lock in
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the inactive state. Regardless of the pathway, however, the final structure was
always the same. That is, the molecule would arrive in the identical inactive
state regardless of whether it did or did not pass through an intermediate
active state. Thus, the GA demonstrates the importance of intermediate stage
interactions, even when they have no influence on the native state
equilibrium structure.

The central multibranch junction in this molecule was a rather interesting
substructure in and of itself. In the first place, it contained an unusually large
number of stems that had to be peeled back to quite a large degree in order to
accommodate one another. In fact, it was this molecule that demonstrated the
need for the conflict-driven peelback method within the GA. This method
was required to reach the correct inactive structure within the simulation. In
addition, the correct structure for this junction was by no means optimal. One
of the branches, labeled as a control region, in Figure 6, was required to
maintain this suboptimal, inactive structure. Without this branch, the
molecule was approximately 3 kcal more stable, but the Shine-Dalgarmo
element of hok was no longer properly sequestered. When marking this
control region branch with the sticky stem mechanism, we observed
formation of the correct suboptimal structure. This raises the possibility that
this structure is stabilized by something not accounted for by the basic energy
rules.

A population-varying run identified a structure that was increasingly
prevalent as population size was decreased from that which located the native
state most deterministically. Instead of the long-range 5°-3’ interaction, the 5’
end of the molecule formed a very stable local interaction. This substructure
tied up part of the translational activating interaction by pairing it with the
downstream sequence normally forming the SDyg-sequestering stem.
Interestingly, we were able to locate similar interactions in the other members
of the hok family.

Hok mRNA offers a clear condition for a second GA phase. For phase 2,
we seeded the inactive native state structure into the population and slowly
truncated the 3’ end as the algorithm progressed, simulating the
exonucleolytic 3° processing. Indeed, a global rearrangement was triggered
that placed the molecule into a state identical in virtually every base-pair to
the published active structure. Closer examination of the refolding pathway,
however, revealed a striking intermediate stage. An alternative structure to
the solution structure clearly formed an extremely self-consistent sub-
ensemble, which increased in proportion to the entire solution ensemble size
as GA population size was decreased. At even lower population sizes,
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similarly distinct structures appeared, representing yet earlier phases. The
most notable intermediate substructure was a pairing between the 5° end of
the molecule and nucleotides in the antisense target structure [Shapiro et al.,
2001c]. This interaction would not only prevent the translational activating
interaction from forming, but it would directly prevent the antisense target
structure from forming as well. Thus, unlike the other mechanisms of
inactivation, this novel pairing provided a direct, steric block to both
functions of the active structure. Moreover, phylogenetic analysis revealed
that the interaction was extremely conserved across the entire hok family by
significant numbers of compensatory base changes within the stem.

1.5 Conclusions

The massively parallel Genetic Algorithm seems to have great potential
for the exploration of RNA folding pathways. When conditions for folding
within the algorithm are adjusted to match those of experimental
environments, the algorithm appears to report similar results to the original
experiments. The strength of this approach is that, once one has correctly
adjusted the computational system to match the biological system, the
simulation can provide a wealth of information that would be difficult to gain
from experiments alone. The algorithm offers the opportunity to catch
detailed glimpses of intermediate structures that are challenging to capture
and directly analyze experimentally. One could employ this capability either
for verification or for prediction of the dynamic structural details of a
molecule’s behavior. In actuality, a combination of both approaches seems
most useful. The most effective use of the algorithm is not in a vacuum, but
as applied to a system about which there already exists some information.
Algorithmic, experimental, and phylogenetic analyses can then mutually
support and extend one another.

The methods described here illustrate the importance of having a variety
of effective ways of visualizing the same data from many perspectives. The
GA deals with a complex system and generates a large amount of data very
rapidly. The various levels of abstraction and compression of this data into
numerical and graphical representations are crucial for making sense of it all.
Stem Trace has proven to provide some of the most valuable of these
representations, and has been indispensable for the generation of these
results.
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Many hold the view that the folding process of RNA is hierarchical, that
primary sequence first defines secondary structure, and that tertiary structure
subsequently forms as a consequence of secondary structure. If this is the
case, analyses of such systems as are described here can be carried out on
each level independently, and maintain validity. However, full understanding
of a system is only possible with the integration of analyses on all three
levels. Thus, future directions with the GA should include an increase in its
ability to consider the contributions of tertiary structure, as well as the
analysis of GA-generated data by methods designed for tertiary structure
analysis.
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Chapter 2

Introduction to Self-Assembling DNA
Nanostructures for Computation and

Nanofabrication

Thomas H. LaBean

2.1 Introduction

DNA, well-known as the predominant chemical for duplication and
storage of genetic information in biology, has also recently been shown to be
highly useful as an engineering material for construction of special purpose
computers and micron-scale objects with nanometer-scale feature resolution.
Properly designed synthetic DNA can be thought of as a programmable glue
which, via specific hybridization of complementary sequences, will reliably
self-organize to form desired structures and superstructures. Such engineered
structures are inherently information-rich and are suitable for use directly as
computers or as templates for imposing specific patterns on various other
materials. In theory, DNA can be used to create any desired pattern in two or
three dimensions and simultaneously to guide the assembly of a wide variety
of other materials into any desired patterned structure. Given diverse
mechanical, chemical, catalytic, and electronic properties of these specifically
patterned materials, DNA self-assembly techniques hold great promise for
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bottom-up nanofabrication in a large number of potential applications in wide
ranging fields of technology. Starting with background for understanding
why the physical, chemical, and biological properties of DNA make it
extremely useful as a “smart” material for nanoengineering projects, this
chapter traces the historic development of DNA-based nanofabrication,
outlines its major successes, and presents some possible future applications in
fields as diverse as electronics, combinatorial chemistry, nano-robotics, and
gene therapy.

DNA-based nanoengineering as a field is related to computational
biology, bioinformatics, and genome informatics rather tangentially; it is
more closely allied with biomolecular computation (BMC) — the engineering
of Dbiological macromolecules for production of artificial information
processing systems. Rather than using binary, electronic computers for
analyzing information extracted from biological systems, BMC seeks to
utilize biomolecules directly as active parts of engineered computers. The
concluding section of this chapter contains some speculation into the
possibility of coming full circle and applying BMC and DNA-based
nanoengineering principles and systems to the extraction and processing of
information directly from biological DNA, that is, the possible use of natural
DNA molecules as inputs for artificial DNA-based machines.

2.2 Background

Chemistry and Biology of DNA

DNA (deoxyribonucleic acid) is a linear polymer whose monomeric
residues are made up of one sugar group (deoxyribose), one phosphate group,
and one nitrogenous base (either adenine, cytosine, guanine, or thymine;
designated A, C, G, and T, respectively). Details of the structure are
available in any biochemistry or molecular biology textbook, but a few
pertinent points will be mentioned here. First, neighboring residues are
joined by a chemical bond between the n™ phosphate and the (n+1)™ sugar
group such that a polymeric backbone is formed of alternating sugar and
phosphate groups. The backbone has chemical directionality due to
asymmetry in the placement of phosphate groups on the sugar, with each
sugar having one phosphate bound to its 5’ carbon and one phosphate bound
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to its 3’ carbon. This asymmetry gives the entire polynucleotide chain two
distinct ends — the 5’ and the 3°, as shown in Figure 1. Two DNA strands
hybridize (form hydrogen bonds) to one another in anti-parallel fashion, thus
the 5’ end of one strand points toward the 3’ end of its complementary strand
in the famous Watson-Crick double-stranded form (or double helix).

The second pertinent point regarding the chemical nature of DNA is that
the nitrogenous bases (or simply bases) form hydrogen bonded pairs in
tongue-and-groove fashion providing specificity of annealing. The base
groups decorate the sugar-phosphate backbone with regular spacings and
provide the physico-chemical energy which zips the DNA together in its
predictable helical structure. In double-helical DNA (or double-strand DNA,
abbreviated to dsDNA), G bases pair specifically with C residues and A
bases pair with T bases. G and C are said to be complementary, as are A and
T. DNA strands of exact Watson-Crick complementarity will form stable
hydrogen-bonded structures under standard temperature and solution
conditions (see Figures 1 and 2). Some alternative base pairings have been
found to form fairly stable hydrogen bonding (see for example [Peyret et al.,
1999] ), however, careful design of the sequences, as well as very slow
annealing protocols, can successfully avoid alternative pairings and ensure
that perfectly complementary strand matchings are highly favored. The third
important point stems directly from the exceptional stability and specificity
of dsDNA. If a short segment of single-strand (ssDNA) is appended to a
longer strand which participates in a double-helical domain, the ssDNA will
act as a “smart glue”, binding specifically to a complementary ssDNA
segment located on another ds-domain. These ssDNA segments are known
as sticky-ends. Complementary sticky-end pairs therefore act as address
labels and can be used to specify which dsDNA domains are allowed to
anneal to one another.

Finally, the “folding rules” which dictate the three-dimensional (3D)
structure of DNA in solution are simple compared to other biological
macromolecules, making DNA a more salutary engineering material than
proteins, for example, whose folding rules have yet to be completely
understood. Given proper pH and cation concentration, dsDNA will reliably
adopt standard B-form helical structure with predictable dimensions as
shown in Figure 1. In summary, important points of DNA chemistry include:
anti-parallel alignment of backbones in hybridized strands, base-pairing
specificity for high-fidelity annealing of sequences to their complements, and
annealing by heating and slow cooling for double helix formation.

The task of engineering specific physical structures from DNA benefits
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Figure 1. Double-stranded DNA shown in the standard, right-handed, B-form double
helix with four base ssDNA sticky-ends appended to the 3’ ends of both strands.
Strand backbones are highlighted with colored ribbons; bases (light gray) are viewed
edgewise and can be seen to point toward their hydrogen bonding partner on the
opposite strand. One full turn of DNA has a length of 3.4 nm along the vertical helix
axis and contains on average 10.5 bases; the helix diameter is approximately 2 nm,
The concave faces of the helix are known as the major and minor grooves; they are
geometrically distinct and can be used to identify strand polarity -- for. example,
when looking into the minor groove, the strand on the bottom (in this orientation)
always has its 3’ end pointing down (toward the bottom of the page). Understanding
the geometric constraints of DNA structure is essential to successful design of DNA-
based objects and materials.
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Figure 2. Representations of unbranched, 3-branched, and 4-branched DNA. Fully
base-paired, anti-parallel DNA can take on various forms depending upon the lengths
and connectivities of the annealed strands. Normal double-helical DNA (left)
involves two strands in a single helical domain. A 3-branched junction (center)
involves four strands and three helical domains; it is a structural analog of a
replication fork observed in biology. The 4-branched junction (right), involving four
strands and four helical domains, is a structural analog of the Holliday junction used
by biological systems in genetic recombination. Note that, in the branched structures
shown, alternative base-pairings are available due to sequence symmetry around the
branch point which will allow the junction to migrate up and down the helices.
Properly designed sequences avoid such migration. 4-branch junctions have been
used most extensively in engineered tile structures. Their four helical domains tend to
stack into two domains in which two strands exchange between helices (as explained
further in the next figure).

from the tools evolved during the eons of biological evolution on Earth and
especially from those now thoroughly researched and commercialized during
the more recent biotechnological revolution. Enzymes can be purchased
which perform highly specific chemical reactions upon DNA molecules. For
example, phosphatases and kinases remove, add, and exchange
phosphategroups from the ends of DNA backbones; ligases stitch together
breaks in the backbone to form a single chemical strand from two or more
shorter strands; and restriction endonucleases cleave the backbone at specific
sites dictated by local base sequence. In addition, chemical synthesis
methods for the production of DNA have advanced to the point where DNA
strands of any desired sequence can be ordered on-line from commercial
production companies and shipped the next day for less than a dollar per
residue.
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DNA as a Structural Material

Since the publication of the 3D structure of dsDNA half a century ago
[Watson and Crick, 1953], the vast majority of research on DNA structure
has centered around DNA as it relates to known biological systems.
However, twenty years ago Nadrian Seeman recognized the inherent
potential of DNA as an engineering material and proposed visionary new
uses for the polymer [Seeman, 1982]. Seeman’s pioneering work originally
focused on the creation of regular 3D lattices of DNA which could be used as
scaffolding for the rapid, orderly binding of proteins to speed the formation
of suitable crystals for 3D protein structure elucidation in x-ray diffraction
studies.

Seeman noted that linear dsDNA can interact with only two other double-
helices since it can display at most two sticky-ends, i.e. its maximum valence
is two. Construction materials with valence = 2 are only really useful for
making linear superstructures like railroad cars connected in a long train. A
larger variety of substructures and an ability to interact with a greater number
of neighboring components is required in order to advance even modest
fabrication goals. Seeman pointed out that DNA in biological systems can
exhibit structures with increased valence including replication forks (valence
= 3) and Holliday junctions found in genetic recombination (valence = 4) as
shown in Figure 2. One problem with these natural multivalent structures is
that they involve repeated base sequences, so base-pairing partners are not
perfectly specified and the junctions are mobile. The junctions, or strand
crossover points, between the dsDNA domains are free to migrate up or
down the helices by swapping one perfect sequence match for another perfect
sequence match (see the right-hand drawing in Figure 2, if the top helix is
pulled up while the bottom helix is pulled down, the left and right helices will
become shorter as the top and bottom helices become longer). Seeman
worked out a sequence symmetry minimization strategy in order to form, for
the first time, immobile junctions - - branch points in the dsDNA which are
unable to migrate up and down the helix. Note that the oligonucleotides are
still normal, linear DNA polymers; the branch junctions occur in the
arrangement of strand exchange crossovers between the double helical arms.
Seeman has pioneered the use of branched DNA structures for the
construction of geometric objects, knots, and Borromean rings [Chen et al.,
1989; Chen and Seeman, 1991; Du and Seeman, 1994; Zhang and Seeman,
1994]. These early construction projects yielded many important technical
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developments including the use of oligonucleotide assemblies bound to
insoluble resin beads for control of construction.

One problem with many early DNA constructs was that the structural
flexibility of the branched DNA complexes allowed undesired circular
products to be formed during assembly of large superstructures from stable
substructures. Again, innovation from Seeman’s lab solved the problem by
producing double-crossover (DX) complexes [Fu and Seeman, 1993] which
act as rigid structural components for assembly of larger superstructures. The
concept has now been extended further to produce more complex structures
including triple-crossovers (TX) [LaBean et al., 2000b] as shown in Figure 3.
This class of DNA objects, often referred to as ‘tiles’, contain multiple
oligonucleotide strands (ssDNA) which base-pair along parallel, coplanar
helix axes. The helices are connected by exchange of two strands at each
crossover point (crossovers are structural analogs of Holliday junctions).
Rigid and thermally stable, these multi-helix tiles carry multiple,
programmable sticky-ends for encoding neighbor relations to dictate tile-to-
tile interactions used in specific assembly of patterned superstructures. DNA
tiles are formed by heating an equimolar solution of linear oligonucleotides
above 90° C to melt out base-paired structures, then slowly cooling the
solution to allow specific annealing to form the desired structure. Tiles are
stabilized in solution by the presence of magnesium counter ions (Mg'")
which allow close helix packing by shielding the negative charges on the
DNA backbones from one another. Design of DNA tiles and superstructures
requires two separate phases: first, geometric design and second, chemical or
sequence design. The geometric design phase involves modeling and
examination of strand topology (paths of the oligonucleotides through the
tiles), spacing of crossover points to ensure proper orientation of neighboring
helical domains (for example, to ensure flatness of two-dimensional (2D)
lattices), lengths of sticky-ends, and overall internal compatibility of
components with each other and the superstructure design. Once the
geometric constraints of the target structure are established, specific base
sequences can be designed which guarantee formation of the desired
structure.

Design of Base Sequences for DNA Nanoconstruction

To properly design base sequences of DNA for nanoassemblies, one must
consider positive as well as negative design constraints: a sequence must not
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DAO

Figure 3. Example DX and TX tiles drawn as an idealized projection of 3D helices
onto the plane of the page with helix axes lying horizontal on the page. Strands are
shaded for ease of tracing individual oligonucleotides through the complexes. Each
straight strand segment represents a half-turn around the helix. Vertical segments of
strands indicate strand exchange (junction) sites where strands cross over from one
helix to another. Note that two strands are exchanged at each crossover point.
Arrowheads indicate 3' ends of strands. Thin vertical hashes indicate base-pairing
between strands. Unpaired segments on 5' ends represent sticky-ends. The top
complex is a DAO double-crossover, so called because of its Double (two) ds-
helices, Anti-paralle] strand exchange points, and Odd number of helical half-turns
between junctions. The bottom complex is a TAE (Triple, Anti-parallel, Even
number of half-turns between crossovers). Anti-parallel crossovers cause strands to
reverse their direction of propagation through the complex upon exchanging helices.
For example, the lightest gray strand in the DAO begins in the right-hand side of the
top helix; it propagates left until it crosses over to the bottom helix, then it continues
back to the right until it reaches the right-hand end of the tile. The effect of spacing
between crossover points can be seen by comparing the strand trace of the DAO with
that of the TAE. The TAE contains three strands (black) which span the entire width
of the tile; they are the non-exchanging strands at each of the crossover points. With
an odd number of half-turns between crossovers (see DAQ), no strands span the
width of the tile. Many other strand topologies are possible; these shown and several
others have been experimentally tested. Note that the figure also shows how the
minor groove of one helix is designed to pack into the major groove of neighboring
helices.
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only match its desired hybridization site, but it must also hold no
significant complementarity to any other DNA segment, thus avoiding
formation of undesired alternative structures. Many approaches and
strategies for sequence design have been pursued (see for example, [Seeman,
1990; Baum, 1996; Decaton et al., 1996; Marathe er al., 2000; Reif et al.,
2001]). Primary among design constraints is Hamming distance: no
sequence can be included which contains more than some threshold number
of exact matches with any other sequence or the complement of any sequence
already contained in the set. Thresholds are chosen based on the lengths of
sequences required and known limitations from hybridization experiments.
An example constraint might require at least three mismatches between every
pair of subsequences of length eight. For longer strands, a sliding window is
used to tabulate all subsequences of a given sequence. Such search and
design problems require the use of electronic computers to keep track of the
huge number of possibilities; therefore, custom software has been developed
by several research groups to find good solutions to combinatorial
optimization of sequence design. Besides Hamming distance, other design
criteria include exclusion of certain undesired subsequences for example,
palindromes which may form undesired hairpins, long stretches of G and C
which, due to stronger base stacking interactions may distort the structure
away from standard B-form double helix. Often, homogenization of base
composition within and between strands is desirable in order to increase the
likelihood of isothermal annealing. If individual regions of the structure have
similar base composition they will have similar melting temperatures and
formation of all parts of a tile will occur nearly simultancously during the
cooling process. Careful sequence design is critical for successful assembly
of complex objects from synthetic DNA oligonucleotides since base-pair
formation is the driving force of the self-organization process.

2.3 Experiments and Applications

DNA-based Computation

The first experimental proof of the feasibility of DNA-based computing
came from Adleman, when he used DNA to encode and solve a simple
instance of a hard combinatorial search problem [Adleman, 1994]. He
demonstrated the use of artificial DNA to generate all possible solutions to a
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Hamiltonian path problem (given a set of nodes connected by a set of one-
way edges, answer the question of whether or not there exists a path which
goes through each node once and only once). For large graphs, the problem
can be very difficult for an electronic computer to solve since there are an
astronomical number of possible paths and there is no known algorithm
(other than complete enumeration) for finding the correct answer. Adleman’s
approach was to assign a 20-base DNA sequence to each node in an example
graph, then to synthesize edge strands containing the complement to the 3’
half of a starting node fused with the complement to the 5° half of the ending
node for each valid edge in the graph. The sets of oligonucleotides encoding
nodes and edges were annealed and ligated, thereby generating long DNA
strands representing all possible paths through the graph. Non-Hamiltonian
paths were then discarded from the DNA pool, first by size separation of the
path DNA (discard strands greater than or less than the length of a
Hamiltonian path, which is equal to the product of the number of nodes times
the length of the node sequence), and second by a series of sequence-based
separation steps involving DNA probes complementary to each node
sequence (discard path sequences if they failed to contain any one of the
required nodes). By this experimental protocol, Adleman was able to recover
DNA strands encoding the Hamiltonian path through the example graph.

The primary contributions of Adleman’s seminal paper were the
revolutionary concepts that synthetic DNA could be made to carry
information in non-biological ways and that the inherent massive parallelism
of molecular biology operations could be harnessed to solve computationally
hard problems. His experiment showed that DNA could be used as an
integral part of a functioning computer. Some limits have been noted on the
size of combinatorial search problems which can be implemented in DNA
because of the exponential growth of search spaces and the volume
constraints on wet computing techniques [Reif, 1998]. In addition to volume
constraints, Adleman’s original algorithm involved rather inefficient and
tedious laboratory steps, the total number of which increased at least linearly
with problem size. These concerns have been sidestepped by more recent
theoretical and experimental advances including the development of
computation by self-assembly.

Algorithmic Self-Assembly

Another fundamental insight which has shaped understanding of DNA-
based computing and nanoengineering was made by Winfree when he
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realized that DNA annealing by itself and, specifically, annealings between
DNA complexes being developed by Seeman were capable of carrying out
computation [Winfree, 1998; Winfree ef al., 1998b]. This line of reasoning,
developed theoretically and experimentally by Winfree in collaboration with
Seeman and others, follows a theoretical model of computing known as
Wang tiling [Wang, 1961]. In the Wang tiling model, unit square tiles are
labeled with symbols on each edge such that tiles are allowed to associate
only if their edge symbols match. Tiling models have been designed which
successfully simulate single-tape Turing Machines and are therefore capable
of universal computation [Berger, 1966; Robinson, 1971; Wang, 1975]. The
recognition that DNA tiles, exemplified by DX and TX complexes (see
Figure 3), could represent Wang tiles in a physical system, where edge
symbols are incarnated as sticky-ends, led to proofs that DNA tilings are
capable of universal computation.

Computation by self-assembly of DNA tiles is a significant advance over
earlier DNA-based computing schemes because self-assembly involves only
a single-step in which the computation occurs during the annealing of
carefully designed oligonucleotides. Contrast this with Adleman’s
experiment in which the annealing step generated all possible solutions and
where a long series of laboratory steps was required to winnow the set by
discarding incorrect answers. Self-assembly without errors will theoretically
only allow formation of valid solutions during the annealing step, thereby
eliminating the laborious phase involving a large number of laboratory steps.
The first report of a successful computation by DNA self-assembly
demonstrated example XOR calculations [Mao et al, 2000]. XOR, an
addition operation without the carry-bit, was performed using tiles carrying
binary values (1 or 0) designed to specifically assemble an input layer which
then acted as a foundation upon which output tiles assembled based on the
values encoded on the input tiles. The prototypes also demonstrated the use
of readout from a reporter strand which was formed by ligation of strands
carrying single bit-values from each tile in the superstructure. The scheme is
currently being extended to harness the massively parallel nature of the
annealing reaction by allowing random assembly of the input layers,
followed by specific assembly of the output layers in order to simultaneously
compute the entire lookup table for pairwise XOR (and eventually addition)
up to some modest input length (perhaps 20 bits) (details described in
[LaBean et al., 2000a] ).
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Patterned DNA Nanostructures

Programmed self-assembly of DNA objects promises further advances
not only in biomolecular computation but also in nanofabrication as a means
of creating complex, patterned structures for use as templates or scaffolds for
imposing desired structures on other materials. Simple, periodic patterns
have been successfully implemented and observed on superstructures formed
from a variety of different DNA tiles including DX tiles [Winfree et al.,
1998a], TX tiles [LaBean et al., 2000b], triangular tiles [Yang et al., 1998],
and rhombus-like tiles [Mao et al, 1999]. Figure 4 shows 2D lattice
constructed from two types of TX tiles, A and B*, where the B* tiles display
two extra dsDNA stem-loops (hairpins) protruding out of the tile plane, one
each on the top and bottom faces of the tile. Sticky-ends on the four corners
of each tile program neighbor relations such that A tiles only bind to B* tiles
and vice versa resulting in the observed stripe pattern. Large lattice
superstructures formed by such systems have been observed -(at least 10
microns by 3 or 4 microns and containing hundreds of thousands of tiles).
Larger tiles sets with more complicated association rules are currently being
developed for the assembly of aperiodic patterns which will be used in the
fabrication of patterned objects useful for nanotechnology applications
(examples are given in Figure 5). 2D tile arrays can be thought of as
molecular fabric or tapestry which contain a large number of addressable
pixels. Individual tiles can carry one or more pixels depending upon the
placement of observable features or binding sites. Overall connectivity can
be programmed either with unique sticky-ends defined for each tile in the
array or by assembly of crossover junctions which specifically stitch together
distant segments of a single long scaffold strand as shown in Figure 6.

Computer simulations and theoretical analysis of self-assembly processes
have pointed to some potential difficulties including the possibility of
assembly errors leading to trapping of incorrectly formed structures [Reif,
1998; Winfree, 1998; Rothemund, 2000]. An experimentally observed error
rate of 2-5%, encompassing annealing and ligation errors, was noted in the
XOR computational complex [Mao et al., 2000]. Several approaches exist to
address such issues including more complicated annealing schedules,
variable length sticky-ends for non-isothermal tile associations, and stepwise
assembly controlled by time-stepped addition of critical oligonucleotide
components. Readout methods which sample an ensemble of reporter strands
as well as error-tolerant designs for the overall system are also being
developed.
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Figure 4. TX tile lattices formed by annealing eight strands and visualized by atomic
force microscopy (AFM -- panel a) and transmission electron microscopy (TEM --
panel b). Lattice displaying periodic patterns (stripes in this case) was designed
using two types of TX tile, A and B¥*. The B* tiles contained an extra hairpin of
DNA projected out of the lattice plane on each side of the tile. A tiles bind only to
B* tiles and vice versa by virtue of properly coded sticky-ends at the four corners of
each tile. The hairpins impart distinct features which can be microscopically
observed. The TEM sample (panel b) was prepared by platinum rotary shadowing
resulting in the B* tiles' extra hairpin causing them to take on a darker color than the
A tiles.
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Figure 5. Examples of simple and complex aperiodic structures as possible
fabrication targets for DNA-based self-assembly. A relatively simple aperiodic
structure such as writing a word in addressable pixels on a DNA tile array (top)
would help improve methods for eventual assembly of very complex structures such
as entire circuit layouts (bottom).

Patterned Immobilization of Other Materials on DNA Arrays

Implicit in the preceding discussion of DNA self-assemblies as templates
for specific patterning of other materials is the need for attachment
chemistries capable of immobilizing these materials onto DNA arrays.

Materials of interest might include metal nanoparticles, peptides,
proteins, other nucleic acids, and carbon nanotubes among others. A variety
of strategies and chemistries are being developed including thiols (-SH), free
amine groups, biotin-avidin association, and annealing of pre-labeled
complementary DNA. Oligonucleotides, chemically labeled with a thiol
group on either the 5' or 3' end readily bind to gold and have already been
used via simple complementary DNA annealing to impart 3D ordering on
gold nanospheres [Alivisatos ef al., 1996; Mirkin et al., 1996; Mucic et al.,
1998] and gold nanorods [Mbindyo ez al., 2001]. In those studies, gold was
labeled with multiple copies of a single DNA sequence, then linear dsDNA
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Figure 6. Schematic of a grid structure formed by annealing specific short
oligonucleotides (gray) onto a preexisting long ssDNA (black). 2D arrays might be
assembled not only from short synthetic strands but also making use of the larger-
scale connectivity information available in long strands of ssDNA. Pixels on such a
lattice would be individually addressable by virtue of their specific ordering along
the large scaffold strand. Assembly of multi-tile superstructures around input
scaffold strands of moderate size has been demonstrated [LaBean et al., 1999]. The
possibility of using very long ssDNA from biological sources is currently being
investigated.

was formed between complementary strands attached to adjacent gold
particles. More specific chemistries are available including nanogold
reagents which make use of 1.4 nm diameter gold clusters, each
functionalized with a single chemical moiety for specific reaction with a thiol
or a free amino group (Nanoprobes, Inc., Yaphank, NY). These reagents
have been used to target the binding of single gold nanoparticles to specific
locations on DNA nanoassemblies. Figure 7 shows preliminary results of
targeted binding of nanogold to a filamentous DNA tile superstructure,
followed by deposition of silver onto bound gold for the fabrication of
nanometer scale (~50 nm diameter) metallic wires. A similar technique has
been reported for construction of a conducting silver wire on a length of
ssDNA [Braun ef al., 1998]. Ongoing studies focus on formation of smaller
(~10 nm diameter) metal wires laid out in specific patterns on 2D tile lattices.
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Figure 7. Targeted metallization of a complex DNA superstructure. a). Filaments of
DNA lattice constructed from AB* tiles as in Figure 4 but with the addition of two
thiol (-SH) groups to the dsDNA stem protruding from one side of the B* tile and
one amino group on the end of the dsDNA stem protruding from the other side of the
tile. It appears that the thiol sulfurs associate with one another causing the lattice to
curve and form tubes of quite uniform diameter. Experiments are ongoing to further
clarify details of the structure. b). Same as a) with addition of 1.4 nm nanogold
targeted to the amino groups on the protruding DNA stem. c¢). Same as b) with
addition of 2 minute development with a silver enhancement procedure which
deposits silver upon existing bound gold particles. d). Same as b) but with 5 minute
silver enhancement. Progressive build-up of metal atoms is observed, with perhaps a
few more minutes of silver binding required to form a complete, conductive wire.
Note that these DNA filaments still have sticky-ends available at both ends which
can be used for orienting the entire filament prior to metal binding.

The long-term goal of these metalization studies is the self-assembly of
electronic components and circuits at length scales below those available by
lithography techniques.
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A novel approach to targeted binding which has yet to be experimentally
tested is the display of “aptamer” domains, which have been artificially
evolved for specific binding of antibodies (immunoglobulin proteins) to
DNA or RNA [Tsai et al., 1992]. Techniques have been developed for in
vitro selection of specific nucleic acid/antibody pairs. The antibody can be
utilized as an adapter molecule, binding not only to its DNA epitope
displayed on a 2D lattice but also to another protein of interest (this scheme
will be further developed below). The well-known association between biotin
and avidin has also been shown to be useful for targeted binding of the
streptavidin protein to DNA lattice carrying an oligonucleotide labeled with
the small biotin molecule [Winfree et al., 1998a]. The development of these
and other attachment strategies has just begun. Many advances and new
insights can be expected.

2.4 Summary and Future Directions

The field of self-assembling DNA nanofabrication has already yielded
successes on several fronts including binary computation, periodic tilings in
two dimensions; and targeted immobilization of metallic nanoparticles. DNA
has been shown to be well-suited for programmed construction of micron-
scale objects with nanometer-scale feature resolution. Eventually, DNA-
based self-assemblies may serve a critical role in the pattern formation step of
electronic circuit fabrication, outperforming lithography by creating
thousands or millions of copies of a desired structure simultaneously and at
length-scales unavailable with current production techniques. Known
hurdles which must be overcome include reduction of the error rate of strand
hybridization, positioning of DNA objects relative to macroscopic contacts,
and successful construction of complex, aperiodic patterns by algorithmic
assembly.

Alternative chemistries should also be explored for backbone and bases.
For example, inosine, which is able to pair with any of the four standard
bases, might be useful for promiscuous annealing in some applications. Also,
artificial bases with specific pairing partners could be incorporated in order to
increase the information density of the polymers [Tae et al., 2001]. More
stable backbone variants might be investigated such as PNA, which contains
the normal DNA bases linked via peptide backbone chemistry and readily
forms DNA-like double helix (see for example [Hanvey et al., 1992] ). DNA
has been exploited primarily because techniques for very specific
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manipulations of its base sequence and backbone connectivity have been
perfected for use in recombinant molecular genetics for biotechnology
applications. However, other polymers with programmable interactions
might be more suitable in the long-run for some nanofabrication applications.

Possible Future Applications

Some possible fields of application for future DNA nanotechnologies
might include electronic circuit lay-out, organization of materials for batteries
or flat panel displays, macromolecular patterned catalysts for chemical
assembly lines, combinatorial chemistry, sensorless sorting of nanometer-
scale objects, DNA sequence comparison, and perhaps gene therapy.

* Electronics and Chemistry. DNA self-assemblies may find uses not
only in templating nanometer scale electronic circuits alluded to in preceding
sections but also in preparation of patterned catalyst arrays. For example,
nanoparticulate metals used to catalyze the formation of single-walled carbon
nanotubes have previously been used when randomly distributed in aerogels
[Su et al., 2000]. If attachment chemistries can be adapted for the binding of
such nanoparticles to DNA tile lattices, then coordinated synthesis of ordered
arrays of carbon nanotubes might be possible. Such ordered nanotube arrays
might be useful in advanced electrical storage batteries, flat panel displays
with ultra-fine pixel density, or very strong, multi-tube fibers and cables.
This approach is especially attractive because current synthesis methods
generally yield tangled masses of nanotubes which have been difficult to sort
and organize. Other target catalysts include protein enzymes or surface
catalysts which, when ordered in series, could act as macromolecular
chemical assembly-lines. Patterned stripes of catalysts could act sequentially
to carry out a sequence of specific reactions or even repeated cycles of
reactions on a stream of substrate flowing past. -

* Combinatorial Chemistry.  Brenner and Lerner proposed the use of
DNA for tagging chemical compounds with specific labels for use in
combinatorial chemistry [Brenner and Lerner, 1992]. They suggested that
DNA labels could be decoded to reveal the identity of active molecules
drawn by a screening assay from a vast pool of candidate chemicals. It is
possible that DNA tile structures could be used further to hold chemical
reactants close together in space, thereby facilitating their reaction. The
product of the reaction would remain bound to the tile, decoding of each
strand of the tile would reveal the identity of each reactant used in the
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formation of active compounds. Encoding labels for reactants rather than
final compounds would decrease the number of specific labels required.

* Sensorless Sorting. DNA tile lattices specifically decorated with
protein rotary motors or environmentally responsive peptides might prove
useful for sensorless sorting of poorly soluble nano-scale objects such as
“buckyballs” or fragmented carbon nanotubes. Sensorless sorting involves
an array of effectors capable of repetitive motion which act to organize
objects into specific orientations and move them along a path comparable to a
conveyor belt. Carbon nanotubes might be an interesting target object for
sorting because they are poorly soluble in aqueous solution and they are
difficult to purify and sort yet they are objects of intense study due to their
unique structural and electronic properties. A possible scenario might
involve a DNA array acting to organize a set of protein rotary motors which
then provide a sweeping motion to coax nanotubes into alignment and feed
them down a channel. Such an elaborate system could prove useful for
simultaneously orienting large numbers of carbon nanotube into position for
use as wires in a circuit, for example.

* General Nanofabrication. = Self-assembling DNA-based structures also
hold great potential in “seeding” for the autonomous growth of complex
structures by bottom-up nano-fabrication. A molecular machine built of and
fueled by DNA has been demonstrated experimentally [Yurke et al., 2000].
The technique introduces the possibility of setting up a cascade of annealing
reactions which, once begun, run sequentially without further intervention,
and result in formation of a complex structure inaccessible by simple
annealing procedures.

* Gene Sequence Comparisons. DNA is also the perfect molecule for
comparison of a set of related DNA sequences. If a family of genes (e.g.
analogous genes from different organisms) are annealed together with
synthetic strands designed to bridge between related sequences, then the
existence or the morphology of the resulting superstructure might convey
information about the extent of sequence similarity in the gene set.

* Gene Therapy. It is difficult to imagine any better material for the
construction of a therapeutic agent targeted toward DNA than DNA itself.
Target sequence specificity is readily programmable, complex structures
which bring together fairly distant regions of a long strand may be possible,
stability at physiologic-like temperature and solution conditions, and the
ability to organize non-DNA materials may contribute to the usefulness of
DNA tiles as therapeutics. As is the case with conventional gene therapy
agents, delivery may be the key limiting factor. Experiments are planned
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which will test the encoding of complete DNA tiles on a single cloning
vector. This will not only increase the yield and decrease the cost of tiles, but
it may mitigate the problem of delivery of multiple strands to a target
location. A self-assembling DNA tile structure for gene therapy could make
use of the fact that participation in crossover complexes increases resistance
to nuclease enzymes over that of standard dsDNA. A properly delivered
complex which specifically hybridizes with a target site on cellular DNA or
mRNA may act to sequester the bound nucleic acids and turn off an
undesired cellular response. Alternatively, if distant regions of the cellular
nucleic acid were held close together within a DNA crossover complex it
might be possible to activate a cellular repair mechanism and cause the
excision of some portion of a faulty gene or perhaps the delivery of a
corrected copy. It also might be possible to design DNA assemblies which
act as diagnostics to probe for multiple mutations or multiple, specific alleles
simultaneously.

Acknowledgments

Funding for some of the research described here was provided by
DARPA and NSF in grants to John Reif who has been invaluable to the
progress of this research. Thanks also go to Wolfgang Frey who performed
the AFM shown in Figure 4, David Anderson, who performed the rotary
shadowing for the sample shown in Figure 4, and Dage Liu who did the
experiments summarized in Figure 7. Thanks also to Hao Yan and Lizbeth
Videau for critical reading of the manuscript.

References

Adleman, LM. (1994) “Molecular computation of solutions to combinatoria
problems.” Science 266, 1021-1023.

Alivisatos, A.P., Johnsson, K.P., Peng, X., Wilson, T.E., Loweth, C.J., Bruchez, M.P
Jr. and Schultz, P.G. (1996) “Organization of 'manocrystal molecules' using
DNA.” Nature 382, 609-611.

Baum, E. B. (1996) “DNA sequences useful for computation.” In L.F. Landwebe:
and E.B. Baum, editors. DNA Based Computers II: DIMACS Workshop
(Princeton University, June 1996) American Mathematical Society.



Introduction to Self-Assembling DNA Nanostructures 55

Braun, E., Eichen, Y., Sivan, U. and Ben-Yoseph, G. (1998) “DNA-templated
assembly and electrode attachment of a conducting silver wire.” Nature 391,
775-778.

Brenner, S. and Lerner, R.A. (1992) “Encoded combinatorial chemistry.” Proc. Nat.
Acad. Sci. USA 89, 5381-5383.

Chen, J-H., Kallenbach, N.R. and Seeman, N.C. (1989) “A specific quadrilateral
synthesized from DNA branched junctions.” J. Am. Chem. Soc. 111, 6402-6407.

Chen, J-H. and Seeman, N.C. (1991) “The synthesis from DNA of a molecule with
the connectivity of a cube.” Nature 350, 631-633.

Deaton, R., Murphy, R.C., Garzon, M., Franceschetti, D.R. and Stevens, S.E. Jr.
(1996) “Good encodings for DNA-based solutions to combinatorial problems.”
In L.F. Landweber and E.B. Baum, editors. DNA Based Computers I1I: DIMACS
Workshop, (Princeton University, June 1996) American Mathematical Society.

Du, S.M. and Seeman, N.C. (1994) “The construction of a trefoil knot from a DNA
branched junction motif.” Biopolymers 34, 31-37.

Fu, T.-J. and Seeman, N.C. (1993) “DNA double-crossover molecules.”
Biochemistry 32, 3211-3220.

Hanvey, 1.C., Peffer, N.J., Bisi, J.E., Thomson, S.A., Cadilla, R., Josey, J.A., Ricca,
D.J., Hassman, C.F.,, Bonham, M.A. and Au, K.G. (1992) “Antisense and
antigene properties of peptide nucleic acids.” Science 258, 1481-1485.

LaBean, T.H., Winfree, E. and Reif, J.H. (2000a) “Experimental progress in
computation by self-assembly of DNA tilings.” In E. Winfree and D.K. Gifford,
editors. DNA Computers V: DIMACS Workshop June 14-15, 1999, volume 54 of
DIMACS: Series in Discrete Mathematics and Theoretical Computer Science,
American Mathematical Society, 2000.

LaBean, T. H., Yan, H., Kopatsch, J., Liu, F., Winfree, E., Reif, J.H. and Seeman,
N.C. (2000b) “The construction, analysis, ligation and self-assembly of DNA
triple crossover complexes.” J. Am. Chem. Soc. 122, 1848-1860.

Liu, F., Sha, R. and Seeman, N.C. (1999) “Modifying the surface features of two-
dimensional DNA crystals.” J. Am. Chem. Soc. 121, 917-922.



56 T. H. LaBean

Mao, C., LaBean, T.H., Reif, J.H. and Seeman, N.C. (2000) “Logical computation
using algorithmic self-assembly of DNA triple-crossover molecules.” Nature
407, 493-496.

Mao, C., Sun, W. and Seeman, N.C. (1999) “Designed two-dinesional DNA Holliday
junction arrays visualized by atomic force microscopy.” J. Am. Chem. Soc. 121,
5437-5443.

Mao, C., Sun, W., Shen, Z. and Seeman, N.C. (1999) “A DNA nanomechanical
device based on the B-Z transition.” Nature 397, 144-146.

Marathe, A., Condon, A.E. and Corn, R.M. (2000) “On combinatorial DNA word
design.” In E. Winfree and D.K. Gifford, editors. DNA Computers V: DIMACS
Workshop June 14-15, 1999, volume 54 of DIMACS: Series in Discrete
Mathematics and Theoretical Computer Science, American Mathematical
Society, 2000, 75-90.

Mbindyo, J.LK.N., Reiss, B.D., Martin, B.R., Keating, C.D., Natan, M.J. and Mallouk,
T.E. (2001) Advanced Materials 13, 249-254.

Mirkin, C.A., Letsinger, R.L., Mucic, R.C. and Storhoff, J.J. (1996) “A DNA-based
method for rationally assembling nanoparticles into macroscopic materials.”
Nature 382, 607-609.

Mucic, R.C., Storhoff, J.J., Mirkin, C. A. and Letsinger, R. L. (1998) “DNA-directed
synthesis of binary nanoparticle network materials.” J. Am. Chem. Soc. 120,
12674-12675.

Peyret, N., Seneviratne, P. A., Allawi, H.T. and SantaLucia, J. Jr. (1999) “Nearest-
neighbor thermodynamics and NMR of DNA sequences with A-A, C-C, G-G,
and T-T mismatches.” Biochemistry 38, 3468.

Reif, J.H. (1998) “Paradigms for biomolecular computation.” In Proceedings of First
International Conference on Unconventional Models of Computation, Auckland,
New Zealand, January 1998. Published in Unconventional Models of
Computation, edited by C.S. Calude, J. Casti, and M.J. Dinneen, Springer
Publishers, 72-93.

Reif, J.H., LaBean, T.H., Pirrung, M., Rana, V.S., Guo, B., Kingsford, C. and
Wickham, G.S. (2001) “Experimental construction of very large scale DNA
databases with associative search capability.” In Proceedings of The 7"
International Meeting on DNA Based Computers, University of South Florida,
June 10-13, 2001, editors N. Jonoska and N.C. Seeman.



Introduction to Self-Assembling DNA Nanostructures 57

Rothemund, P.W.K. (2000) “Using lateral capillary forces to compute by self-
assembly.” Proc. Nat. Acad. Sci. 97, 984-989. .

Seeman, N.C. (1982) “Nucleic acid junctions and lattices.” J. Theor. Biol. 99, 237-
247.

Seeman, N.C. (1990) “De novo design of sequences for nucleic acid structural
engineering.” Journal of Biomolecular Structure and Dynamics 8, 573-581.

Su, M., Zheng, B. and Liu, J. (2000) “A scélable CVD method for the synthesis of
single walled carbon nanotubes with high catalyst productivity.” Chem. Phys.
Letts 322, 321-326.

Tae, EL., Wu, Y., Xia, G., Schultz, P.G. and Romesberg, F.E. (2001) “Efforts
toward expansion of the genetic alphabet: replication of DNA with three base
pairs.” J. Am. Chem. Soc. 123.

Tsai, D.E., Kenan, D.J. and Keene, J.D. (1992) “In vitro selection of an RNA epitope
immunologically cross-reactive with a peptide.” Proc. Nat. Acad. Sci., U.S.A. 89,
8864-8368.

Watson, J.D. and Crick, FH.C. (1953) “Molecular structure of nucleic acids: a
structure for deoxyribose nucleic acid.” Nature 171, 737-738.

Winfree, E. (1998) Algorithmic self-assembly of DNA. Ph.D. Thesis, Caltech.

Winfree, E., Liu, F., Wenzler, L.A. and Seeman, N.C. (1998b) “Design and self-
assembly of two-dimensional DNA crystals.” Nature 394, 539-544.

Winfree, E., Yang, X. and Seeman, N.C. (1998a) “Universal computation via self-
assembly of DNA: Some theory and experiments.” In L.F. Landweber and E.B.
Baum, editors. DNA Based Computers 1I: DIMACS Workshop, (Princeton
University, June 1996) American Mathematical Society.

Yang, X., Wenzler, L.A., Qi, J., Li, X. and Seeman, N.C. (1998) “Ligation of DNA
triangle containing double crossover molecules.” J. Am. Chem. Soc. 120, 9779-
9786.

Yurke, B., Turberfield, A.J., Mills, A.P., Simmel, F.C. and Neumann, J.E. (2000) “A
DNA-fuelled molecular machine made of DNA.” Nature 406, 605-608.

Zhang, Y. and Seeman, N.C. (1994) “The construction of a DNA truncated
octahedron.” J. Am. Chem. Soc. 116, 1661-1669.



58 T. H. LaBean

Author’s Address

Thomas H. LaBean, Department of Computer Science, Duke University,
USA. Email: th1@cs.duke.edu.



Chapter 3

Mapping Sequence to Rice FPC

Carol Soderlund, Fred Engler, James Hatfield, Steven Blundy,
Mingsheng Chen, Yeisoo Yu and Rod Wing

3.1 Introduction

In the late 1990’s, there were discussions on whether to build physical
maps to select clones for sequencing [Green, 1997] or to use a whole genome
shotgun strategy [Weber and Myers, 1997]. A draft sequence of the human
genome was published by the International Sequencing Consortium [2001]
which was based on the human FPC (FingerPrinted Contig) map by the
International Mapping Consortium [2001], and a draft sequence was
published by Celera which was based on the whole genome shotgun strategy
and included the draft sequence from the public consortium [Venter et al.,
2001]. The current general attitude is that the best approach is a combination
of the two. Regardless as to whether a map is essential for sequencing, it
provides a mechanism for tying together information gathered over the years,
i.e. genetic, physical and sequence information. It provides a tremendous
amount of locational and comparative information without having to
sequence. Many large genomes will not be sequenced anytime soon as the
cost is still prohibitive, yet the cost of mapping is acceptable. Currently, the
price of sequencing a genome is about 3 cents per base, so approximately
$4500 for a 150 kb clone, whereas fingerprinting a BAC clone is
approximately $5. If an organism has a physical map with landmarks such as
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