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Abstract

Nanotechnology based on DNA and RNA as building blocks has been advancing with an
increasing number of applications using devices at the nanoscale, nding use cases across
many elds of research such as Photonics, Molecular Payloads and Enzymatic Reactions.
There is a large potential in the eld of Synthetic Biology to apply such structures due to the
use of nucleic acid building blocks to create customised compatible structures. The use of
Scaffolded Nucleic Acid Origami is a relatively cheap and fast method of producing a "scaf-
fold" strand that combines with shorter sequence oligomer "staples” to form nanostructures,
rationally programming these to produce designed structures. The structures produced are
DNA/RNA origami folded nanostructures enabled by the addressability and complementary
pairing of bases in oligonucleotide strands. The Scaffolded Nucleic Acid Origami technique
has shown promise but still has challenges for widespread use. These include the yield of
nucleic acid origami nanostructures, the scalability of the technique and the complexity of
the Nucleic Acid Origami structures created.

This thesis aims to address these challenges in three parts. First, we curate a database
of nucleic acid origami structures from literature to gain insights and store information for
future projects. Second, we use machine learning to discover patterns and design suitable lab
protocols for origami production. Finally, we create a multi-objective optimisation algorithm
to generate optimal scaffold and staple sequences for improved yield of nucleic acid origami
nanostructures.
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Glossary

Nucleic Acid A complex organic molecule composed of nucleotide chains, such as DNA or
RNA, that carries genetic information (an umbrella term for the group of molecules
such as DNA or RNA).

Scaffold (In DNA origami) A long, single-strand of DNA used as the backbone to fold into
a desired shape with the help of the staple strands.

Staple Short single-stranded DNA oligomers that bind to speci c regions on the scaffold
strand to fold it into a desired nanostructure.

Oligomer A molecule composed of a small number of monomer units. An oligomer is often
a short single-stranded DNA or RNA sequence.

Nanostructure A structure with dimensions at the nanometre scale, typically ranging from
1 to 100 nanometres.

Hydrogen bonds A type of chemical bond involving a hydrogen atom bound to an elec-
tronegative atom, such as oxygen or nitrogen, which is attracted to another electroneg-
ative atom.

Electronegative Electronegativity is a fundamental concept in chemistry, which is a measure
of the tendency of an atom to attract a bonding pair of electrons. An element's
electronegativity provides an indication of how strongly an atom of that element will
attract electrons when bonded to another atom.

Nuclei The plural of nucleus, which is a membrane-bound organelle within eukaryaotic cells
containing the cell's genetic material.

Nucleotides The basic building blocks of nucleic acids, composed of a nitrogenous base, a
sugar (deoxyribose in DNA or ribose in RNA), and a phosphate group.

Deoxyribonucleic acid (DNA) A double-stranded nucleic acid molecule that carries ge-
netic information in cells, composed of deoxyribose sugars, phosphate groups, and
nitrogenous bases.

Deoxyribose A ve-carbon sugar that is a key component of DNA, forming the sugar-
phosphate backbone.

Phosphate group A negatively charged chemical group consisting of a phosphorus atom
bonded to four oxygen atoms. It forms part of the sugar-phosphate backbone in DNA.
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Nitrogenous basesThe organic molecules adenine, guanine, cytosine, thymine (in DNA)
and uracil (in RNA). These create the ladder-like structure of DNA and RNA by
hydrogen bond pairing.

RNA (ribonucleic acid) A single-stranded nucleic acid molecule involved in cellular pro-
cesses. RNA is composed of ribose sugars, phosphate groups, and nitrogenous bases.

DNA (deoxyribonucleic acid) See "Deoxyribonucleic acid" de nition above.

Genetic information The encoded information within DNA or RNA molecules that de-
termines the characteristics of an organism and its functions, as well as directs the
synthesis of proteins.

Oligonucleotide A short, single-stranded nucleic acid fragment, typically composed of few
(10-30) nucleotides, used as staple strands in DNA origami but also as primers or
probes.

Major / Minor Grooves in DNA The two alternating grooves in the DNA double helix,
formed by the twisting of the sugar-phosphate backbone. The major groove is wider
than the minor groove. Both grooves provide sites for binding and interactions.

Toehold-mediated strand displacementA mechanism that utilises a short unpaired region
(toehold) on an RNA or DNA single strand, which then binds to a complementary
target sequence, displacing another strand that was originally hybridised with the
target.

Addressability The ability to target and manipulate speci ¢ individual locations of a given
system. An example is the de ned locations of staple strands along a DNA origami
scaffold.

Complementarity The characteristic of nucleic acid sequences in which speci ¢ nucleotide
bases (adenine with thymine or uracil, and cytosine with guanine) form hydrogen
bonds to create a stable double-stranded structure.

Cooperativity A phenomenon in which the binding of one staple to the scaffold strand,
in uences the binding of subsequent staple strands, often enhancing the overall binding
af nity or the rate of binding.

DeBruijn A term often referred to in this thesis with relation to DeBruijn Sequences, in
which every unique arrangement of a certain size of nucleotides appears just once.
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Thermal annealing A process involving the gradual cooling of a heated solution to allow
the controlled formation of stable structures.

lonic salt A salt composed of ions, which are charged particles formed by the gain or loss
of electrons. lonic salts are important as they can in uence the stability of nucleic acid
structures by shielding negative charges on the phosphate groups.

Thermal pro le A temperature schedule applied during thermal annealing. The thermal pro-
le is the heating and cooling steps to control nucleic acid nanostructure hybridisation
of sequences and subsequently the overall folding success.

Buffer solution (folding buffer) A solution containing salts, ions, or other compounds and
additives that help maintain a stable pH and ionic environment to promote the proper
folding and stability of the nucleic acid nanostructures.

lonic strength A measure of the concentration of ions in a solution, which can in uence the
folding and stability of nucleic acid structures.

Solution A homogeneous mixture of two or more substances, where a substance (referred
to as a solute) is uniformly distributed in another substance (referred to as a solvent).

Step-wise ramp Annealing A thermal annealing process (thermal pro le) in which the
temperature is gradually decreased in discrete steps to allow for controlled folding of
nucleic acid nanostructures.

Isothermal Annealing A thermal annealing process (thermal pro le) in which the tempera-
ture is held constant throughout the procedure (such as at 20 degrees centigrade) to
allow for controlled folding of nucleic acid nanostructures.

Isothermal Annealing with Initial Denaturation A thermal annealing process (thermal
pro le) that begins with an initial denaturation step to melt (separate double-stranded
nucleic acid strands), followed by a constant temperature to promote controlled hy-
bridisation of strands and subsequent nucleic acid nanostructure folding.

Denaturation The process in which the hydrogen bonds between complementary nucleotide
bases between double-stranded nucleic acid strands are broken, resulting in the separa-
tion of the strands.

One-Pot Annealing An annealing (construction) process in which all the components re-
quired for nucleic acid nanostructure folding are combined in a single reaction mixture
before being subjected to a temperature schedule (thermal pro le).
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Multi-Step Annealing An annealing (construction) process with multiple separated heating
and cooling steps, designed to promote the formation of speci ¢ nucleic acid structures
or hybridisation events (such as adding functional strands or several origami structures
together).

Molarity A unit of concentration representing the number of moles of solute per litre of
solution.

Gel electrophoresisA laboratory technique which is used to separate nucleic acids or
proteins by size and charge. This is achieved through the application of an electric
eld to a gel matrix.

UV Melt A technique that measures how much ultraviolet light is absorbed (absorbance)
by a nucleic acid strand solution at various temperatures to determine the melting
temperature (Tm) and thermodynamic properties of the nucleic acid nanostructures.

gPCR (quantitative PCR) A laboratory technique that uses real-time uorescence mea-
surements to monitor the ampli cation of speci ¢ DNA sequences during polymerase
chain reaction (PCR) cycles, allowing for the quanti cation of target DNA molecules.

RT-PCR (reverse transcription PCR) A laboratory technique that allows for the detection
and quanti cation of speci c RNA molecules. It achieves this by turning RNA into
complementary DNA which can be ampli ed (increased in quantity) using polymerase
chain reaction (PCR).

AFM (atomic force microscopy) A high-resolution imaging technique that uses a can-
tilever with a sharp tip to scan the surface of a sample. This generates a topographical
map at the nanometre scale (which can capture nanostructures such as nucleic acid
origami).

TEM (transmission electron microscopy) An imaging technique that uses electron beams
to visualise a sample at high resolution. It can generate a two-dimensional projection
image of nanostructures.

SEM (scanning electron microscopy)A high-resolution imaging technique that uses a
focused beam of electrons to scan the surface of a sample. It can generate three-
dimensional images of nanostructures.
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Cryo-Electron Microscope A type of transmission electron microscopy (TEM) that in-
volves rapidly freezing samples to preserve their structure and imaging them at cryo-
genic temperatures. It can generate high-resolution images of 3D nucleic acid origami
nanostructures.

FluorescenceThe emission of light by a molecule after it has absorbed light or other
electromagnetic radiation.

Fluorophore A uorescent molecule that absorbs light at a speci ¢ wavelength and emits
light at a longer wavelength. It is often used for labelling biological structures and
for detecting strand incorporation (binding) into or onto larger structures in detection
assay experiments.

Off-target binding The non-speci ¢ binding of molecules, such as nucleic acid strands, to
unintended targets, which can lead to unwanted effects.

Thermodynamics The study of relationships between energy, work and heat, often used to
describe the folding of nucleic acid origami nanostructures. Researchers can measure
the thermodynamic properties of nanostructures.

Kinetics The study of the rates and mechanisms of chemical reactions. Can often be used to
describe the binding and dissociation of strands in nucleic acid origami nanostructures.

NanoscaleA size range at the nanometre scale, typically between 1 and 100 nanometres.

Monomer A single molecular unit that can bind with other similar units to form a larger
structure.

Dimer A complex formed by the association of two speci c monomers.
Trimer A complex formed by the association of three speci c monomers.

Array An ordered arrangement of monomers or structural units in a regular pattern. Patterns
can include lattices or grids.

Sequence linkersShort nucleic acid sequences that join two or more other nucleic acid
sequences, allowing for the formation of larger or more complex structures.

"Blunt-end stacking” The interaction between the unpaired ends of adjacent DNA helices
(where the end of strand base pairs stack on top of each other). This can provide
additional stability to the overall structure.
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Poly-ACGT staples Staple strands that have Poly (multiple) repeated nucleotides within
the staple nucleotide sequence. For example, over 4 repeating thymine nucleotides on
either end of a staple, would be referred to as "Poly-T".

DNAzyme A DNA molecule capable of facilitating speci ¢c chemical reactions. Examples of
these chemical reactions include cleavage (cutting) or ligation (glue) of target nucleic
acid sequences.

Double helicesThe twisted ladder-like structure of two complementary strands of DNA or
RNA.

Holliday Junction A four-stranded cross-like structure, where two double-stranded DNA
molecules are connected by single-stranded regions. Holliday Junctions can be used in
the design of complex DNA nanostructures.

DNA Origami A technique in which a long, single-stranded DNA molecule (scaffold) is
folded into a predetermined shape by using multiple short "staple" strands to direct the
folding process.

RNA Origami A technique similar to DNA Origami, but using RNA molecules instead of
DNA. In RNA Origami, a single-stranded RNA molecule (scaffold) is folded into a
predetermined shape with the help of short RNA "staple" strands.

DNA/RNA Origami Hybrids Nanostructures created by combining elements of both DNA
Origami and RNA Origami techniques.

Twist Strain Twist strain refers to the stress experienced by a DNA molecule when its
natural helical twist is altered or disrupted. For reference, natural or standard DNA
(referred to as B-DNA) is approximately 10.5 base pairs per turn.
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Chapter 1. Introduction

1.1 Motivation

DNA Nanotechnology has advanced rapidly in recent years, with one of the most promi-
nent techniques called Nucleic Acid Origanii,[ utilising nucleic acid (ribonucleic or
deoxyribonucleic acid) strands as units to build more complex structures at the nanoscale.
Nanotechnology created using DNA and RNA as building blocks has been advancing with
an increasing number of applications using devices at the nanoscale, nding use cases across
many elds of research such as Photonit][ Molecular Payloads12] and Enzymatic
Reactions. There is a large potential in the eld of Synthetic Biology to apply such structures
due to the use of nucleic acid building blocks to create customised compatible structures. The
use of Scaffolded Nucleic Acid Origami is a relatively cheap and fast method of producing

a "scaffold" strand that combines with shorter sequence oligomer "staples" to form nanos-
tructures, rationally programming these to produce designed structures. Thus far Arti cial
Intelligence techniques such as Machine Learnit®) 14] have successfully been applied to
solve problems broadly in many elds, including materials science and biology, but have not
been applied thus far to solve problems relating to increasing the structural yield, scalability
and complexity of Nucleic Acid Origami.

1.2 Problem Statement

It is challenging to explore and optimise the techniques used to produce Nucleic Acid
Origami because the wet lab tasks involved in creating the structures take varying amounts of
time and manual effort to run experiments. This process starts with the design of structures
before ordering the sequences and producing the nanostructure in the lab using lab protocols
and is completed with a characterisation of the nanostructure using gel electrophoresis,
ultra-violet uorescence, or microscope techniques (atomic force microscopes, transmission
electron microscopes). It takes weeks to run a single Nucleic Acid Origami end-to-end
experiment which leads to a gap in the literature exploring the methods to increase yield
and adequately assess and quantify the number of well-formed origami nanostructures
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produced by laboratory methods. There is also a lack of shared formal minimal representation
of Nucleic Acid Origami Nanostructures which could be easily utilised by downstream
computational techniques. The Scaffolded Nucleic Acid Origami technique has shown
promise but still has challenges for widespread use. These include improving the use of
scaffolded Nucleic Acid Origami technique through increasing the yield, the scalability of
this process and the complexity of the Nucleic Acid Origami structures created.

The problems can be summated into the following:

* 1) The length of time spent quantifying lab protocols for certain origami designs is too
long.

» 2) There is currently no standard minimal representation of Nucleic Acid Origami for
Downstream Computational Tasks.

» 3) There is a lack of accurate metrics for the quanti cation of yield and characterisation
of Origami Nanostructures.

* 4) Staple and scaffold sequences that comprise Nucleic Acid Origami Nanostructures
are not optimised.

If these problems cannot be addressed, it will be very dif cult to improve the characteris-
tics that enable higher yield of more complex and larger scale Nucleic Acid Origami. The
reason for this is that there is a vast landscape of potential sequences, characteristics of these
sequences and potential lab protocols to produce a folded Nucleic Acid Origami. There will
be a far greater quantity of structures that do not fold well, versus those that fold well, given
the materials and lab protocols to produce them.

The existing body of literature contains the lab protocols for the production of these
nanostructure instances. Meta-data and experimental protocols contained within these papers
do not yet exist in a representative format for computational analysis. It is also unknown
if protocols can be predicted and improved through technigues such as Machine Learning,
where prior data from nanostructures as instances can be used to provide predictions on
future instances, and used further in the laboratory. It was also previously unknown whether
it is possible to use metrics to improve the generation of sequences.

1.3 Central Hypothesis of Thesis

The central premise of this thesis posits that achieving high yields in Scaffolded DNA
origami production is hindered by sub-optimal protocols, scaffolds, and staple sequences.
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1.4 Aims and Objectives

Although explicit examples or studies demonstrating these challenges may be scarce in
current literature, the scienti c community acknowledges the intricacies involved in devising
and implementing effective protocols, selecting appropriate scaffolds, and designing ef cient
staple sequences. Various forms of evidence and observations collectively substantiate this
assertion.

Across the literature researchers often report low yields when producing the desired
DNA origami structures, which indicates a need for improvements. The seminal paper by
Rothemund J] reports on the yield of origami acquired, which varies from structure to
structure with varying structural designs. Comparative studies that assess the performance
of different protocols, scaffold types, or staple sequences suggest that there are certain
approaches that can increase yield with higher success rates in forming well-folded origami
nanostructures. The scienti c community is interested in yield of well-folded origami
structures, with one paper showing a tool for calculating yield for a speci c strucidte [

With regard to quantity of cations in solution there also exist literature papers addressing
optimisation of quantities used . Experiments have also been performéd] [where

the assembly process was viewed with a nucleic acid origami nanostructure at several steps
of temperatures for set amounts of time. This suggests the optimisation of temperature
ramps in an important challenge for the folding of structures. A literature paper exists which
investigates enrichment methods and how these can affect experiments, all of which make
it dif cult to compare nucleic acid origami literature experiments across papers, even for
the same structurd §]. With regard to sequence and staple optimisation, further literature
exists suggesting that sequence and sequence length are important for the complexity and
size of assembled DNA origami nanostructurgg].[ In terms of generated sequences,
algorithmic tools have been created to aid with the creation of improved synthetic scaffolds
[20]. Evaluation of synthetic sequences for nucleic acid origami production exist in literature
[21, 22]. These are speci ¢ examples from the literature that show there have been attempts
to improve the protocols, sequence type and sequence length (and staples therein), indicating
the presence of existing challenges, with literature papers aimed at addressing them.

1.4 Aims and Objectives

The overall aim of the thesis is to develop strategies driven by arti cial intelligence techniques,
to assist the design of Nucleic Acid Origami sequences and experimental protocols.
Research Objectives:
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» ROL1: Create a curated corpus of literature data suitable for Data Science to address
questions informing Nucleic Acid Origami experiments.

* RO2: Explore the feasibility of creating techniques for the automated quanti cation of
the success of Nucleic Acid Origami experiments.

* RO3: Design machine learning techniques to provide actionable knowledge that can
lead to informed Nucleic Acid Origami experiments.

* RO4: Evaluate the use of genetic algorithm optimisation techniques for Nucleic Acid
Origami scaffold and staple generation.

1.5 Dissertation Structure

The dissertation will be structured as follows: Chapter 1 contains an introduction to the thesis
to give background and context to the thesis and research therein. Chapter 2 introduces the
background of the Nucleic Acid Origami Nanotechnology methods and Arti cial Intelligence
strategies and techniques therein (Machine Learning, Deep Learning, Multi-Objective Opti-
misation). A literature review allows the reader to get a base understanding of the concepts
to follow and form the rationale and groundwork of the research within the other chapters.
Chapter 3 describes the process of obtaining the data for the machine learning models to
inform lab protocols. We collected 100 papers and from these found papers that contained
varied nucleic acid origami instances and used these literature details for initial machine
learning experiments and to form the initial structure of the data base we would curate. We
then collected a further 1803 papers and combined with the initial 100, extracted useful detail
from over 550 papers containing nucleic acid origami unique instances. We then produced a
prototype mark-down language tool to assist researchers and provide the minimum informa-
tion required for nucleic acid origami computational experiments. We explored the concept
of Yield of nanostructures as a metric of folding success for downstream experiments, and
explore this in Section 3.2. In Section 3.3 we explore the possibility of creating techniques for
the automated quanti cation of the success of Nucleic Acid Origami experiments. Chapter 4
describes the process of using the data obtained in Chapter 3 to produce machine-learning
predictive models to inform lab protocols. We proceeded to use data sets and subsets of data
derived from the literate data to perform machine learning experiments to try and predict
useful lab protocols to inform lab experiments. This chapter will explore how we produced
the machine learning models to predict and inform lab protocols, ne-tuned the models, and
evaluated them and the results therein. Chapter 5 will describe the inclusion and creation
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1.6 My Main Contributions

of RevNano features. The RevNano tob0] allows the reverse engineering of nucleic

acid origami designs from provided scaffold and staple sequences, allowing the production
of potentially representative graph features. This chapter will explore the production of
further machine-learning predictive models to inform lab protocols with the inclusion of
these graph features and the results therein. In Chapter 6 we explored the use of negative
design metrics with a heuristic search algorithm (Genetic Algorithms) to generate optimised
synthetic scaffold and staple sequences. This chapter will describe the methods used to
constrain and produce optimal sequences for nucleic acid origami. In Chapter 7 we will
draw conclusions about the work across all chapters. The chapter will describe our progress
against the research questions, including the challenges, limitations and prospects of the
research performed throughout this thesis.

1.6 My Main Contributions

1.6.1 Database and Minimal Representation

Computational techniques are applied to many elds to inform and provide solutions to
important unanswered questions within research domains. Yet, Machine learning techniques
have not been used in the eld of nucleic acid origami nanostructures and have not been
used to assist designs and inform lab protocol. Due to this, there is little in the way of
data sharing and data exchange, with data sets being limited in the domain and siloed
within literature papers. These literature papers on the design and application of nucleic
acid origami nanostructures amongst various elds contain rich literature data detailing
experimental protocols and structures. To help formulate and answer further research
guestions this literature data requires the application of data mining techniques to allow the
use of relevant data for further downstream computational tasks. Once we have produced a
correct minimal representation of nucleic acid origami, through the construction of a database,
we can address further questions. A major contribution to the work throughout this thesis was
the construction of a literature database of Nucleic acid origami nanostructures, containing
experimental protocols and sequences. The importance of this contribution is to allow
researchers to obtain a minimal format that represents a nucleic acid origami experiment and
design. This is outlined and showcased in Chapter 3 of this thesis.
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1.6.2 Feasibility study of Automated quanti cation of the success of Nucleic Acid
Origami experiments

We proceeded to use the database to attempt a feasibility study into automating the quan-
ti cation of nucleic acid origami folding after characterisation, using the literature paper
microscope images taken of the nanostructures. This is to measure and inform the successful
folding of origami nanostructures. A contribution in the form of an exploration of the litera-
ture surrounding characterisation of nanostructure folding, followed by a feasibility study
involving atomic force microscope images in a pipeline. This was produced and showcased
with examples in Chapter 3 of this thesis. Yet again, the future importance of this would
be to reduce the time spent devising and running lab experiment analysis, reduce bias and
introduce concrete metrics for quantifying successfully folded nanostructures, which can be
used downstream as a predictor or variable in computational models.

1.6.3 Predictive models to inform lab protocols

This allows us to solve research problems such as a reduction in the length of time spent
guantifying lab protocols for certain designs. A further contribution was produced through
the production of predictive models of lab protocols. This is outlined and showcased in
Chapter 4 of this thesis. The importance of this contribution is to further understand why
nucleic acid origami is well-folded and to create informed lab protocols that reduce the
amount of time and effort required by a wet lab bionanotechnologist whilst devising and
running lab experiments.

1.6.4 Multi-objective optimisation for generation of nucleic acid origami sequences

A further research objective we addressed is whether we can improve the properties of staple
and scaffold sequences of speci ¢ nucleic acid origami designs. A major contribution of
this thesis was to create a multi-objective optimisation algorithm which works to minimise
negative design heuristics. This was provided via an energy model devised by Dr Shirt-Ediss.
We can apply optimisation of several negative design heuristics (metrics). These metrics
are factors that theoretically increase the likelihood of poor folding, so we can attempt to
produce sequences which produce a higher yield of well-folded designs, by minimising these
factors. This contribution allows the ability to produce sequences that are improved from
random, with potential constraints applied to the optimisation process, enabling researchers
to potentially improve the nal yield of their designs.



1.7 Research Outputs

In summary, we have four research objectives, which | have major contributions towards
throughout this thesis, with the goal of utilising arti cial intelligence techniques to assist and
inform the lab protocols of nucleic acid origami experiments and designs. Further contribu-
tions from the outcomes of work on the research objectives include the enabling improved
data exchange for improved replication and sharing of experiments, understanding and prob-
lem formulation regarding the quantitative yield of nucleic acid origami nanostructures and
further potential pipelines and avenues of prospective research.

1.7 Research Outputs

The research outputs written below are the outputs of the research thus far

» Output 1) Shirt-Ediss B, Elezgaray J, Connolly J, Torelli E, Krasnogor N. REVNANO:
An Algorithm to Reverse Engineer Scaffolded DNA/RNA Origami Designs from
Sequence Information Only. In: 26th International Conference on DNA Computing
and Molecular Programming. 2020, [online] Available at: https://cdn.eventsforce.net/
les/ef-qbvmtsg56tk6/website/1383/ nal_abstract_book.pdf

* Output 2) Connolly J, Shirt-Ediss B, Torelli E, Hobbs L, Bacardit J, Krasnogor N.
NAOMEE: Nucleic Acid Origami Minimal Exchange Format. In: Unconventional
Computation and Natural Computation Conference 21, UCNC21. 2021, Aalto Univer-
sity, Espoo, Finland. [online] Available at: DOI: 10.5281/zenodo.7871658.

» Output 3) Shirt-Ediss B, Connolly J, Torelli E, Navarro S, Elezgaray J, Bacardit J,
Krasnogor N. Multi-Objective Sequence Selection for Scaffolded Origami Nanos-
tructures. In: 28th International Conference on DNA Computing and Molecular
Programming. 2022, University of New Mexico in Albuquerque, NM, USA. [online]
Available at: https://dna28.cs.unm.edu/assets/other/DNA28_Abstract _Book.pdf

* Output 4) Connolly J, Shirt-Ediss B, Torelli E, Bacardit J, Krasnogor N. Arti cial
Intelligence techniques for Nucleic Acid Origami experiments. In: Synthetic Biol-
ogy UK 2022, Newcastle University in Newcastle, UK. [online] Available at: DOI:
10.5281/zeno0do.7872646.

» Output 5) Connolly J, Shirt-Ediss B, Torelli E, Bacardit J, Krasnogor N. Challenges
and Prospects of Machine Learning applied to Nucleic Acid Origami. In: Interna-
tional Conference of Systems Biology. 2022, Berlin, DE. (Workshop Talk and Main
Conference Poster). [online] Available at: DOI: 10.5281/zenodo.7872678.
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» Output 6) Produced a curated literature database for Nucleic Acid Origami: A database
of Nucleic Acid Origami experiment data that is manually curated from 1903 research
papers, with over 550 of those containing at least a single useful nanostructure for
downstream computational tasks.

This is an additional summary statement of my contribution to each research outcome. |
played a role in Output 1 by conducting a comprehensive questionnaire across a dataset of
100 research papers. This was to support the hypothesis that reverse-engineering of sequences
is useful. I also helped by proof-reading the work and use of the algorithm implementation.
For Output 3 the work performed in Chapter 6 of the thesis was used to contribute towards
testing and iterating on the algorithm implementation. For Outputs 2, 4, 5 (posters) | was the
main contributor and constructed the posters based on results and concepts found throughout
this thesis. For Output 6 | was the main contributor, constructing and curating the database
(referred to heavily in Chapter 3), with guidance and checking by collaborators during work.

Below are the papers in preparation from thesis work.

» Expect to Publish a joint- rst author paper on Multi-Objective Optimisation Models
for Scaffolds and Sequences: | have successfully produced heuristic search algorithms
to assess the tness of sequences of scaffolds and staples and explore the space of
sequences. This work will be lab veri ed.

The code resources created for this thesis are available through the link provided below:

* https://github.com/JordanConnolly/Al-Strategies-for-Nucleic-Acid-Origami-experiments/



Chapter 2. Background material

This chapter will provide the reader with a thorough guide through the de nitions, concepts
and background required to understand the work undertaken throughout the thesis. The
information in the initial section is with regards to the biological components of the work
such as scaffolded nucleic acid origami, a summation of the speci cs of the historical and
important work carried out as it relates to this thesis, and simpler biological concepts as they
apply to scaffolded nucleic acid origami. The latter section of this chapter is a guide through
arti cial intelligence techniques, strategies and also the computational techniques or tools
currently available. This includes an explanation of these techniques and how they relate to
the work throughout the subsequent chapters and work in similar adjacent elds.

2.1 Scaffolded Nucleic Acid Origami Nanostructures

The manufacture and design of structures can be performed by "Top-down" assembly. This
is where structures are assembled by an external machine with instructions to perform
addition, and subtraction, to reach a nal structure or design. "Bottom-up" assembly is
where the components themselves will self-assemble to the information or design of a
nal structure, given an adequate amount of time or appropriate conditions. Examples of
this are protein polypeptide chains, but this is also seen with methods of manufacture for
nucleic acid nanostructures. Nucleic Acid Nanostructures have many potential applications
such as molecular payload nanorobdtg [ origami-based photonic4 1], origami-based
plasmonic devices for molecular circuitr®3] and as a bio-computing interfac24]. This
nanotechnology can be commonly referred to as Nucleic Acid Origami. Potential applications
are increasingly shown in the literature, enabled by the advent of scaffolded DNA origami, a
technique proposed by Paul W. K. Rothemuff] {o allow rational programming of short
oligonucleotide staples to fold a nucleic acid scaffold into the desired shape. The Nucleic
Acid Origami is currently constructed using staples and scaffolds using nucleotide bases. The
nucleotide bases (adenine, guanine, thymine, cytosine, and uracil) can be joined together to
form short or long strands such as staples or scaffolds. These staples then bind to the scaffold
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Fig. 2.1 Shows a variety of nucleic acid origami nanostructures designed by Paul W. K.
Rothemund in his seminal 2006 pap#&} §nd characterised under Transmission Electron
Microscope.

to hold the scaffold in place. This technique has shown promise but still has challenges for
widespread use. These include:

1) Where the technique can be applied
 2) The scalability of the technique
» 3) The complexity of the Nucleic Acid Origami structures created

Nucleic Acid Origami is a technique that uses long strands of nucleotide bases (possibly
synthetically derived but most often derived from bacterio-phage DNA; I.E: m13mp18, of
7249 nucleotides in length) and a set of oligonucleotide “staples” (for example 32 nucleotides
long, complementary to a section of the scaffold) in a mixture to form DNA / RNA based
nanostructures. They do this by being complementary to each other, whereby Aand T or G
and C can form hydrogen bonds, and with enough staples binding to the scaffold, can begin
to form a structure or shape (I.E: 2D or 3D triangles, squares, rods, tubes).

2.1.1 The Structure of DNA: A Foundation for DNA Nanotechnology

Understanding the structure of DNA has been crucial for the development of DNA nan-
otechnology. DNA, or deoxyribonucleic acid, is a molecule composed of two strands of
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2.1 Scaffolded Nucleic Acid Origami Nanostructures

nucleotides, which are themselves composed of a sugar (deoxyribose), a phosphate group,
and one of four nitrogenous bases: adenine (A), guanine (G), cytosine (C), and thymine (T).
The strands are arranged in a double helix structure, with the sugar-phosphate backbone on
the outside and the nitrogenous bases forming hydrogen bonds between them on the inside
[25].

The discovery of DNA structure and function has been marked by several important
milestones, enabling modern DNA/RNA nanotechnology methods. In 1869, Friedrich
Miescher isolated DNA for the rst time by extracting a substance called "nuclein” from
white blood cell nuclei2g]. In 1889, Richard Altmann identi ed a similar substance in yeast
cells and coined the term "nucleic acid27]. Phoebus Levene conducted extensive studies
on nucleic acids in the early 1900s, identifying their basic components (sugar, phosphate,
and nitrogenous bases) and developing the concept of nucleotides. In 1929, Levene and his
colleagues discovered deoxyribose, the sugar component of R88(]. Adenine, guanine,
cytosine, and thymine are the bases found in DNA, while uracil is present in RNA. DNA
bases are noted as "A", "G", "C", and "T" in shorthand.

In 1944, Avery, MacLeod, and McCarty discovered that DNA carries genetic information
in bacteria B1]. Rosalind Franklin, Raymond Gosling and Maurice Wilkins amongst others
used X-ray analyses to demonstrate that DNA has a regularly repeating helical structure
in 1953 B2, 33]. Franklin's critical contributions to the discovery included differentiating
the A and B forms of DNA, which was a signi cant insight in understanding the structure
of DNA [34]. In the same year, Watson and Crick discovered the double helix structure
of DNA, revolutionising our understanding of the molecule’'s structure and func@gn [

The nucleotide bases in DNA form hydrogen bonds with each other to create a chain
(oligonucleotide, oligomer, or strand), with two bonds between A and T and three between G
and C. Oligonucleotides are short DNA or RNA molecules (strands of nucleotide chains in
solution). For example, a pentamer is an oligonucleotide of ve nucleotides (abbreviated to
"nt"), and a "24-mer" is composed of 24 nucleotides. Respective matching oligonucleotides
are complementary, and this complementarity allows oligonucleotide strands to bind to their
complementary sequence, a key mechanism used in DNA and RNA nanotechnology. The
discovery of the major and minor grooves of the DNA double helix structure has enabled
researchers to design and assemble DNA nanostructures by targeting speci c regions of the
DNA molecule using designed oligonucleotides. These grooves provide speci ¢ regions of
the DNA molecule where other molecules can interact, allowing for the targeted design and
assembly of DNA nanostructures. Research into the structure and function of DNA and RNA
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Fig. 2.2 This illustration depicts the DNA double helix structure, where the two anti-parallel
strands are held together by hydrogen bonds between base pairs: guanine (G, purple) with
cytosine (C, blue) and adenine (A, green) with thymine (T, red). Base pairs are separated by
0.34 nm, with sugar rings connected by phosphate groups (P) providing structural support.
Each strand's direction is de ned by carbon atoms in the sugar connected to the phosphate
group (5'-C and 3'-C). The 2 nm wide helix completes a full turn every 3.4 nm, with major
and minor grooves that create distinct wide and narrow indentations in the structure. Modi ed
from [2].

has led to signi cant advances in biotechnology, medicine, and genetic engineering, enabling
the development of novel therapies, diagnostic tools, and DNA-based nanotechnology.

2.1.2 The Advent of DNA / RNA Nanotechnology

Richard Feynman rst introduced the concept of nanotechnology in 1959 during a lecture
given to the American Physical Society titled "There's Plenty of Room at the Bottom"
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2.1 Scaffolded Nucleic Acid Origami Nanostructures

[35]. Feynman described a vision of using machines to construct smaller machines down to
molecular levels. The seminal work and development of the concept of DNA nanotechnology
was Nadrian Seeman's 1982 paper, "Nucleic Acid Junctions and Latti8€s"The paper
describes the creation of branched DNA molecules called DNA junctions, which are created
by annealing three or four complementary DNA oligomers. These then are used to create
DNA lattices, consisting of repeating unit cells formed from the DNA junctions. These DNA
junctions are formed by the base-pairing of single-stranded overhangs to result in a branched
DNA molecule. The paper also describes rules for preferential annealing (speci ¢ pairing)
and immobility (lack of migration of sequences) which can be summarised as making sure
sequences lack homology to reduce undesired pairing or migration across junctions.

In 1991, Seeman'’s laboratory constructed the rst three-dimensional nanoscale object—a
cube made of DNA37]. To enable the production of extended three-dimensional lattices of
repeating sub-units formed from DNA junctions, the DNA junctions at the vertices needed to
be more rigid and less exible38]. As a result, in 1998, Seeman’s lab developed a more
rigid double-crossover structural motif, which led to the construction of a two-dimensional
lattice of DX tiles in collaboration with Erik Winfree3p). In 1999, Seeman et al. created the
rst DNA nanomachine, a DNA motif that changes its structure in response to ingjts [

In 2000, Bernard Yurke et al. advanced this concept further by developing the rst nucleic
acid device to utilise toehold-mediated strand displacement (TM&I)) This method of
strand displacement allows auxiliary strands of DNA to serve as a "fuel" or input, enabling
the modi cation of a nucleic acid structure device through strand dissociation.

2.1.3 The Advent of Scaffolded DNA Origami

In 2006, Paul W. K. Rothemund published the scaffold nucleic acid origami paper, in which
he demonstrated a groundbreaking method for folding long, single-stranded DNA molecules
into complex shapes by using hundreds of short "staple” strands to help guide the folding
process I]. This technique is known as scaffolded DNA origami and revolutionised the
eld of DNA nanotechnology by enabling the creation of intricate, custom nanostructures.
The most important concepts explained in the 2006 Rothemund paper were crossovers, the
geometric folding model and path, the minimisation of twist strain (crossover positioning)
and strengthening the structures through merging adjacent staple strands.
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2.1.4 Crossovers

Crossovers are an essential component of nucleic acid origami structure, as they are the points
at which DNA strands from adjacent helices (neighbouring side-by-side scaffold strands
when twisted into a shape) switch and continue on another helix. These crossovers can occur
periodically at regular intervals along the helices or at the point at which a scaffold turns on
itself. At a crossover position, the backbones of the two DNA strands (from adjacent helices)
are close together. This allows the staple strands to form base pairs with each other. This
exchange results in the formation of an anti-parallel double helix structure at the crossover
position. To further visualise this, one would see two DNA helices running parallel to each
other, and at the crossover point, the strands from one helix would "jump" to the adjacent
helix and continue along that helix.

Fig. 2.3 An illustration for the concept of crossovers in Nucleic Acid Origami nanostructures.
A design schematic is shown, with generic staples in blue and scaffold in grey. At the point
where the staple bridges to the adjacent helix, an anti-parallel double helix structure forms,
creating a crossover. These help to pin the scaffold into place and to form a stable shape
similar to the desired design.

2.1.5 Geometric model and folding path

Rothemund then proceeds to describe creating a desired design (geometric model) using
parallel DNA double helices. A folding path for the scaffold strand is then determined with
crossovers at adjacent helices. Adjacent helices refer to the DNA double helices that are
positioned next to each other in the DNA origami structure. Adjusting the positions of
crossovers helps to minimise and balance the twist strain between them. The twist strain is
calculated by how different the base pairs per turn are for the nanostructure design versus for
standard DNA. The crossover positions are shifted by a set number of bases across the design.
The strain can be balanced by arranging crossovers with minor grooves facing alternating
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2.1 Scaffolded Nucleic Acid Origami Nanostructures

directions in alternating columns of periodic crossovers across the design (referred to as
"Glide symmetry" in the Rothemund papédi)l Once the crossover positions have been
adjusted, the sequences of the staple strands are computed to be complementary and match
the size of the crossover positions. Finally, to further strengthen the structure and improve
binding speci city, adjacent staple strands can be merged to create longer strands with larger
binding domains.

Because the strands used for constructing nucleic acid origami are created from nu-
cleotides, which are complementary to one another when creating nanostructures formed
from nucleic acid base strands (oligonucleotide staples) this allows “addressability” of the
structures. This is where the staples have de ned locations along the scaffold, even at very
small scales. This is useful considering that oligonucleotides are used for applications,
so the staple sequences of origami nanostructures can be “modi ed” from their “core” or
unmodi ed use.

2.1.6 Scaffold and Staple Sequences

Scaffolds are usually longer sequences of nucleotides, used to form the literal scaffold
upon which nucleic acid origami nanostructures are built. Various Scaffolds can be chosen,
of varying lengths, which are derived from nature (e.g., m13mpl18 bacteriophage) or are
synthetic (e.g., de Bruijn sequences, random nucleotides). Staples are strands of nucleotides
(short oligonucleotides) that are used to bind to a scaffold (of varying length), where the
nucleotides are complementary to the scaffold. They vary in length from as small as 4 to
8 nt's, all the way to very long oligonucleotides (100+ nt's). Staples can be used to form
the structure of origami but can also be modi ed from their “core” or “unmodi ed” purpose
(used structurally) to be used in applications by being functionalised.

2.1.7 Origami Self-Assembly (Folding) in the laboratory

To produce a nucleic acid origami nanostructure, the oligonucleotide staples are mixed with

the longer RNA/DNA scaffold in a folding buffer. The folding buffer varies from experiment

to experiment, with a thermal annealing protocol applied. The nanostructures begin to

fold and take shape in solution, folding over a few hours to several days. The success of
this folding is based on several factors. These include the constituents used in the folding
buffer (such as ionic salts, like magnesium ions, to rotate and stabilise the backbone of the
nucleotide strands), the thermal pro le used, such as temperature ramp and time taken to
fold. Another factor that could be considered is the properties of the scaffold sequence.
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Fig. 2.4 A diagram demonstrating the steps to folding a nucleic acid origami, where A) refers
to the complementary base pairing (A to T and G to C). B) shows the staple strands and
scaffold strand prior to assembly, C) shows a rough example of the staple strands "pinning"
or moving over the scaffold strand, with D) showing a nal design schematic of staples and
scaffolds forming a square origami nanostructure through complementary base pairing. This
design schematic is a type of connectivity map, showing where the staples speci cally are
routed and bound to the scaffold to form the nal folded structure.

Folding Buffers are used to help anneal the origami structure. These are used in applica-
tions relating to DNA technology generally to avoid nucleases degrading nucleotide strands.
They are often comprised of Tris, acetic acid and EDTA alongside an ionic salt of varying
concentrations such as magnesium or sodium (Mg2+ derived from magnesium acetate or
magnesium chloride and Na+ derived from sodium chloride). They are often abbreviated to
TAE-Mg2+ Buffer in papers, describing the quantities used to produce them. They are also
described as a nal concentration, such as 1x amount of a 10x buffer solution (diluted from
10x down to 1x buffer, for example, 400 mM Tris at 10x, down to 40 mM Tris at 1x buffer
concentration). Regarding the folding buffer ionic strength or the concentration of ions in the
solution, the folding mixture often contains Magnesium ions but has also been shown in the
literature to work with sodium ions only [16].

Thermal Annealing is where the mixture of staples, scaffold, and a folding buffer is left
to fold. There are several different protocols described in the literature. They generally fall
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2.1 Scaffolded Nucleic Acid Origami Nanostructures

Fig. 2.5 A graph showing visual examples of the most common thermal pro le types used in
Nucleic Acid Origami experiments.

into a few categories based on the type of temperature gradient used and on how many steps
it takes.
Temperature gradient categories include:

* 1) Isothermal Annealing (without Initial Denaturation); whereby the temperature is
maintained at a constant temperature.

» 2) Step-wise Ramp Annealing; whereby the temperature is increased to denature or
separate the strands, then reduce the temperature over several steps, where at each step
the temperature is held, for example, 600C for 3 minutes, then decreased by 0.010C
per 10 seconds to 500C, then held at 500C, until stored at 40C.

 3) Isothermal Annealing (with Initial Denaturation); whereby the temperature is rst
increased to between 650C and 1000C (initial denaturation) before being quenched
(cooled) and held at a lower temperature.

Steps taken categories include:
* 1) One-pot annealing (mixed and annealed in one experiment)

 2) Two-step or Multi-step annealing (mixed and annealed over several experiments).
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The assembly is generally performed with an excess of staples (Staple Molarity (nM))
relative to the Scaffold Molarity (nM) used to ensure enough staples are available for binding
in solution. The folding buffer is thermally annealed using a set temperature (gradient or
ramp) for a set time ranging from an hour to several days. This could be discerned through
trial and error as is shown in some papers but this systematic experimentation is not always
shared in explicit detail across papers in the literature. It was discovered that high-temperature
annealing steps could be used as a denaturing step and could be followed by an isothermal
step, rather than step-wise ramp anneal#f.[Isothermal assembly could be performed
with the use of chemical denaturing steps such as through the use of formamide and urea
[43], but can now be used with a range of designs where the optimal temperature can be
used for speci ¢ designs without the use of chemical denaturing. The literature regarding
thermal annealing protocols describes methods, where isothermal assembly can be performed
at low temperatures (below 600C) and can be performed at room temperature with the use of
bio-compatible betaineid] or through the use of the denaturing chemical formamddg [

The use of no-chemical isothermal folding is possible through the effect of cooperativity
between staples and the scaffold and is in uenced by the choice of sequence, strand length
and chain topology.

2.1.8 Characterisation Post-Assembly

Characterisation is referring to the various methods used by nanobiotechnologists for the
analysis of folding protocols and methods and how successful these methods were in pro-
ducing the expected nal structure. When trying to categorise the various Characterisation
methods there are groups of methods of Characterisation which include:

1) Gel Electrophoresis

» 2) Microscope Techniques

When characterising origami nanostructures, the nanobiotechnologists in the lab will
often run gel electrophoresis with varying folding buffers and a concentration of Magnesium
(mM) within a set range (for example 8 mM to 20 mM) to discern the optimal quantity
of Magnesium to use. This segment of folded structures that runs through the gel will be
nanostructures that are folded to varying degrees of quality. This is used with a measure of
the uorescence of the band of origami nanostructures to give a yield (%) from the largest

uorescence band suggesting the most folded nanostructures (well-folded or otherwise).
This is then often used in conjunction with a microscope technique such as Atomic Force
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Microscope (AFM) to show that there are several well-folded structures.

The most commonly used microscope techniques involve the use of the atomic force micro-
scope (AFM) or the tunnelling electron microscope (TEM). There is also Scanning Electron
Microscopy (SEM). Alternatives to these techniques are the Cryo-Electron Microscope which
takes 3D slices of structures and is, therefore, useful for the imaging of 3D nanostructures
as compared to the top-down approach of AFM and TEB) 47]. This is advantageous

as it doesn't cause direct contact damage to the structures like in the case of AFM where
the needle that allows the resolving of structures doesn't sweep across the structures. This
is particularly useful for 3D structures which may be resolved poorly by AFM and TEM
techniques. There are also alternative techniques such as Con-focal Microscopy used in
conjunction with uorophores and techniques such as total internal re ection uorescence
microscopy (TIRF). Fluorescence is useful as with the use of intercalating dyes you can view
where double-stranded DNA has formed as these dyes will uoresce more ef ciently where
the staple to scaffold double-stranded DNA strands form. There are also non- uorophore
microscopy techniques often used for small biological components (20 nm) such as Di-
rect stochastic optical reconstruction microscopy (dSTORM). To determine the number of
well-folded structures, a nanobiotechnologist will view the number of structures that they
determine in their opinion is well-folded, count these structures and divide the value against
the count of poorly folded structures. This is averaged across many images taken by the
microscope technique and provided as a yield (%) in the literature as a method of characteri-
sation. DNA-PAINT is a technique that has recently been devised to resolve components
of biological structures in further detail. These are not characterisations speci c to Nucleic
Acid Origami structures but rather biological structures in general. This is included simply
as a related microscope technique [48-50].

The assembly process has been characterised more rarely using UV melting techniques or
techniques that give more in-depth information about what occurs during the melting and
annealing of structures. The overall assembly is performed using UV absorbance. UV Melt-
ing can be performed using Forster resonance energy transfer (FRET) probes with speci c
staples. This allows characterisation in more detail as probes on staples which hybridise can
be viewed in more detail. Incorporation of these techniques correctly added into the current
work ows of experiments related to Nucleic Acid Origami could improve the quantitative
characterisation of structures by identifying the incorporation of staple strands to the nal
idealised structure.
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2.1.9 Work ow for Creation of Nucleic Acid Origami Nanostructures

Throughout the thesis | will refer back to the time-consuming process of creating nucleic
acid origami nanostructure, so this sub-section of the background is useful to summarise the
general step-by-step process, from envisioned design to physical nanostructure.

1.

Design The use specialised design software tools, such as caDN#hd¢ design

the scaffold and staple strands required for the desired nanostructure. The design
process should consider the sequence speci city and intended functionality of the
nanostructure.

. Order of Reagents Reagents used in the mixing process are ordered or mixed from

lab supplies, such as the quantities of Magnesium (mM), buffer solution (such as
Tris-acetate-EDTA) and additives (such as salts or pH stabilising agents).

. Scaffold and staple strand synthesisThe use of Solid-phase synthesis methods to

synthesise sequences or alternatively order the sequences from a provider of customised
staple and scaffold sequences (such as Integrated DNA Technologies or New England
Biolabs).

. Puri cation of synthesised strands further puri cation is necessary to ensure the

delity of the nucleic acid strands. The use of high-performance liquid chromatography
(HPLC) or polyacrylamide gel electrophoresis (PAGE) is used to remove erroneous,
incomplete, or truncated sequences from the synthesised strands.

. Mixing scaffold and staple strands Combine the puri ed scaffold strand with equal

guantities (equimolar) or excess quantity of each staple strand in a buffered solution.
Pipettes, micro-centrifuge tubes, and a vortex mixer are used to create a gently mixed
solution for the hybridisation of the strands.

. Annealing and self-assemblyTo enable the hybridisation and self-assembly of the

scaffold and staple strands into the designed nanostructure, the mixture is subjected to a
thermal annealing process. The use of a thermal-cycler or programmable temperature-
controlled bath is used with a speci ed thermal ramp protocol.

. Puri cation of assembled nanostructures To isolate the correctly assembled nanos-

tructures from excess staple strands, misfolded structures, and other impurities, gel
electrophoresis, density gradient ultra-centrifugation, or high-performance liquid chro-
matography (HPLC) is used.
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8. Veri cation of assembly (Characterisation): The successful folding and assembly of
the nanostructure is con rmed generally by visualising it with atomic force microscopy
(AFM), transmission electron microscopy (TEM), or cryo-electron microscopy (cryo-
EM). These techniques also allow the assessment of the structural characteristics and
overall quality of a batch of nanostructures.

9. Functionalisation (if required): If the nanostructure requires speci ¢ functionalities
or properties, functional groups, biomolecules, or nanoparticles, such as enzymes,
uorophores, or drug molecules, these are attached through use of mixing functional
strands via pipettes, micro-centrifuge tubes, and vortex mixers.

10. Veri cation of functionalised nanostructures (if required) : Verify the successful
attachment of functional groups or bio-molecules and evaluate the performance of the
functionalised nanostructures in their intended application using techniques such as
spectroscopy, uorescence microscopy, or other relevant assays. Often an applied yield
(%) of structures that were successful for the intended application are calculated in
literature.

This work ow presents a comprehensive and clear overview of the construction of
nucleic acid origami nanostructures. Speci c details may vary depending on the type of
nanostructure, the intended application, and the experimental conditions.

2.1.10 Cooperativity and Folding Kinetics

Nucleic Acid Origami nanostructures fold with inherent information given about where a
given staple binds respectively on the scaffold due to the addressability properties of the
nucleic acid strands (Figure 2.6). As staples bind to this scaffold, it reduces the number of
available places another staple can fail to bind to the scaffold, which increases the likelihood
of the next staple correctly binding elsewhere. An exception to this is when there are too
many excess staples at which point the staples can cause staple blocking of binding sites and
off-target binding to occur [52]. The formation of these prior bonded staples to the scaffold
domains allows the next staple to bind to a structure that is already folding. A model for this
[53] regarding the role of neighbouring staples aiding the folding of subsequent staples is
shown where the folding of each staple is strongly dependent on the existence of a nearby
cluster of folded staples, with cooperativity between staples being critical to quantitatively
explain the folding process of nucleic acid origami (Figure 2.7). Cooperativity-based design

21



Background material

rules and decisions have already been implemented alongside the use of nucleic acid nan-
otechnology CAD tools to improve designs [54].

Fig. 2.6 An illustration for the concept of addressability in Nucleic Acid Origami nanos-
tructures. A design schematic is shown, with generic staples in blue and scaffold in grey.
The green staple strand has complementary bases in its sequence. These bind to the scaffold
sequence strand at speci cally designed locations. This enables binding to speci ¢ domains
across of the scaffold, at a speci ¢ location in the overall nanostructure. This is useful when
designing an origami with functionality (functionalised staples such as aptamers).

The folding process and cooperativity of staples are tied to conditions such as the thermal
ramp rates and the temperature kinetics. Experiments exploring the effect of temperature
on the annealing and melting of structures have supported the idea that for nucleic origami
structures, as one increases the complexity of the structure (such as going from 2D structures
to 3D structures), annealing occurs at a lower temperature than mé&shd his suggests
that melting is faster than assembly for some designs. Experiments have also been performed
[17] where the assembly process was viewed with a nucleic acid origami nanostructure at
several steps of temperatures for set amounts of time. At each step, these structures were
viewed using the AFM, to determine the effect of melting and annealing on each structure
and design. These experiments show that the melting and annealing of these nanostructure
designs were at temperature inverse to each other suggesting that for the designs they used
they saw a thermodynamically controlled process for the unfolding (melting) at increased
temperatures and folding (annealing) at decreasing temperature for the origami designs. This
tie between the thermal protocol assembly conditions and the cooperativity of staples via
empirical design rules is shown by a paper in which an origami was created with multiple
possible con guration outcomes from the initial desig®|. These fully assembled designs
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Fig. 2.7 An illustration for the concept of cooperativity in Nucleic Acid Origami nanostruc-

tures. A design schematic is shown, with generic staples in blue and scaffold in grey. The
orange staples on the left have yet to bind. As staples continue to bind, they aid the folding
process by reducing the conformational freedom of the scaffold, making it easier for the
other staple strands (in red for example) to locate and bind to their target scaffold domains.

were all stable and equal over a range of factors that were changed during the folding self-
assembly reactions. The pathways that would lead to a speci cally con gured tile could be
obtained by changing certain parameters of the assembly conditions. Then, the assembly
conditions could be kept the same but instead, the empirical design rules for the staples
were modi ed to change the stability of the intermediate partially folded structures. They
achieved alternative outcomes towards desired structures through rational design decisions
and protocol changes. This is a strong argument for the assembly of nucleic acid origami
being a highly cooperative process and for showing an optimised thermal pro le and correct
rational design rules and decisions allowing recovery from misfolding during self-assembly
to increase desired outcome nanostructure yields. A more recent paper has shown in detalil
the sequence of events during folding for a single fully folded DNA origami objedjt A
comprehensive data set of the kinetics of a multi-layer DNA origami folding was captured
by measuring of folding kinetics of every staple strand during isothermal, or constant,
temperature assembly. They performed this by performing an intra-strand folding assay,
with complementary assays produced sensitive to the same strand and two different strands
(end to end) incorporated into the scaffold. These sensitive assays using FRET allowed the
calculation of the folding kinetics of every staple strand during isothermal incorporation into
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the scaffold during self-assembly. They discovered that incorporation time (the time taken
to fold) weakly depended on sequence but chain connectivity (cooperativity) of staples was
important.

2.2 Types of Nucleic Acid Origami Structures

2.2.1 Shapes: Structural Shape or Monomer

The purpose of nucleic acid origami is to produce nanoscale structures (nanostructures) that
have certain properties. There is general literature where the purpose of the paper is to be able
to fold an origami nanostructure just for the sake of producing a shape or nanoscale object.
These will be used for a purpose but often are just comprised of “core” unmodi ed staples that
allow the structural shape to fold and form. These include shapes such as heX&go8% [
triangles p0-62], squares$3, 64], rectangles$5, 4, 66, 67], helix bundles 43, 61, 16], rods

and or tubes [68—70], rhombus [71], pentagons [72, 73] amongst others.

2.2.2 Mixtures: Dimers, Trimers and Arrays

They can further form larger structures by being thermally annealed in a two-or-more-step
reaction for creating larger structures (mixtures of monomers to create dimers, trimers,
and array structures). Dimers are created from two monomers binding and Trimers are
created from three monomers bindingl] 75]. In certain applications, the dimerisation
and trimerisation of structures can be controlled by DNAzyniésgr can be made to be
sensitive to pH changegT, 78] Arrays are created from many monomers forming together,
such as cross-shaped origami forming a lattice, or 2D Crystallisation of DNA Origami
forming sheets or lattices of many structures bound together [3, 79, 80].

To achieve this in origami one can functionalise the staples with “linkers” that are aptamer
(oligonucleotides that bind speci cally to other oligonucleotides) staples that link two or
more monomers together. This is often referred to as Tile Assembly. An example of this
is where Hexagon monomers with linkers are mixed in a two-step reaction to form larger
structures (dimers, trimers or array8g], or jigsaw piece monomers are used to form a
larger “jigsaw” origami made of a set number of monomers [4].

2.2.3 Modi ed Structures: Modi ed Staples

These structures will then be further functionalised by modi cation of staples to allow them
to be used for other purposes. Because Nucleic Acid Origami structures have uniquely
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Fig. 2.8 A diagram showing cross shaped scaffolded nucleic acid origami monomers. The
cross shaped monomers have complementary sequences on adjacent monomers to enable
the hybridisation of cross-shaped monomers into larger stable structures. These can form
dimers and trimers as shown in the diagram, where two to three monomers can bind. They
can further be designed to form arrays such as the larger crystalline array of cross shaped
origami seen in literature papers [3].

Fig. 2.9 An image showing jigsaw piece monomers used to form a self-assembling larger
array of DNA origami jigsaw pieces [4].

addressable locations for staples across their domains on the scaffold strand, the origami
system can be used as a platform for other structures through individually functionalised
staples. They are modi ed for a certain purpose or function by extending the staple sequence
or modifying the staple sequence by the addition of extra bases. The nucleic acid origami
can also be modi ed by the removal of sections of staples (create holes in the origami
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structure for use in templates). This is useful considering that oligonucleotides are used for
applications such as probes for other speci ¢ sequences of DNA or RNA, such as when used
for micro-array systems[l], or as aptamers for binding or linking to compounds (such as
gold for photonic applicationsBp—84], for chemical sensing3s), for creation of logic-gates
[86-89), for targeted drug delivery90-92] and for creating larger structures (mixtures of
monomers to create dimers, trimers, array structures).

Modi cations can be made to unmodi ed or core staples to create modi ed staples.
These staples can have additional components added onto them such as multiple adenine
nucleotides to create a “tail” (such as a Poly-A tail, comprised of a various number of adenine
bases). In the literature, this can be denoted as “5-3' Poly-A (6)” to represent there are 6
adenine nucleotides to the ends of staples (in 5 to 3 prime order) that are outlined.

In this example, the Poly-A tails are used to prevent “blunt-end stacking” of the Origami
nanostructures. This refers to when the edges of the origami nanostructures bind to one
another to form undesirable aggregation and co-folding of structures. The Modi ed staple
consists of a combination of the core staple and a Poly-A modi cation. The A's do not bind

to the scaffold and therefore | would call this a “Non-Binding Nucleotide” modi cation. This

is because similar modi cations use any nucleotides for not binding to a complementary
location along the scaffold, such as using Poly-T or Poly-GC or Poly-ACGT for example.
Usually, in the literature, the core or unmodi ed staple is “replaced” and not used in the
mixture, whilst the modi ed staple is used instead.

2.2.4 Modi ed Structures: Omission of Staples

Nucleic acid origami can also be structurally modi ed through omission or removal of
original staples from designs, to create structures with holes in them, which can be used for
certain purposes. An example of this is the smiley face origami nanostructure produced by
Rothemund where staples are omitted to produce a “smiley fa¢eThis also includes
removing staples from the centre of rectangles and placing several modi ed aptamer staples
facing the centre of the structure to create a “frame” whereby objects can be bound and
analysed, for example, DNAzymes [76].

2.2.5 Alternative Nucleic Acid Nanoscale Structures

The DNA origami method J] allows staples and scaffolds to bind to each other, with
double helices forming to create rigid connections, providing mechanical strength to the
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Fig. 2.10 A design diagram depicting a schematic in which there is an omission of staples
to produce a functional DNA origami to be used for controlling stoichiometry and strand
polarity of a tetramolecular G-quadruplex structure [5].

nanostructure. The points at which helices are connected by staple strands are referred
to as crossovers. These are sections called Holliday Junc®6hsvhich are four-way
connections. These junctions are capable of being exible or rigid depending on the design
of the nanostructure leading to nucleic acid origami that can be twisted, curved or more solid
and rigid. Nucleic acid origami is termed scaffolded because it requires the use of a long
(longer than the staples used) nucleotide strand scaffold. There are examples in the literature
where scaffolds are not required to form a structure and short strands of oligonucleotides bind
together to form nanostructures. There are also cases where several small oligonucleotide
structures can be scaffolded with many scaffold strands to create large arrays.

Nucleic acid origami alternatives include but are not limited to:

» Wireframe (Non-scaffolded)
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» Tiles

* Bricks

Seeds for Nanorods

Framework Nucleic Acids (FNA'S)

Low Scaffold / Oligonucleotide Scaffold Structures

DNA bricks are multiple copies of a structural motif (a brick) used to assemble into
super-structures where each brick has a uniquely addressable lo@&0][ Wireframe
nucleic acid origami are 2D and 3D nanostructures that are produced without a scaffold
(scaffold-free), comprised of only synthetic nucleic acid staple stra®]s[P9]. Seeds
for Nanorods are nucleic acid origami tiles used to initiate the construction of Nanorods
[100. Framework Nucleic Acids are a variant of Nucleic Acid Origami Nanostructure that
use a no-scaffold mixture of oligomer staples that fold together to produce a nanostructure.
Framework Nucleic Acid is an umbrella term which also encompasses Wireframe origami.
Often in literature FNAS refer to small framework nucleic acid structures such as tetrahedrons
as a cage used in applications as a cage or transport for moletQs [Low Scaffold
Structures are nanostructures that have been built using several short scaffolds rather than a
singular long scaffold such as the M13mp18 bacteriophage Scaffold [102].

2.3 Software for Design and Development of Nucleic Acid Nanostructures

Design and Simulation software is often used in the eld of DNA Nanotechnology to help aid
the design of structures and to understand the underlying mechanics involved. The following
section involves a brief overview of design and simulation software used in the design of
Scaffolded DNA Origami.

caDNAno was rst described and used as a software package in 2009 from a paper titled
"Rapid prototyping of 3D DNA-origami shapes with caDNAn&1]. This software reduces

the amount of effort required to design Nucleic Acid Origami structures by providing an
intuitive graphical user interface which removes many of the tedious error-prone tasks such
as the design of sequence content and location across the scaffold domains. This software
package has been utilised and produced honeycomb and square lattice designs which can be
shared and used by researchers across subsequent d&3ei9f]. Further developments

have been made more recently to produce a script-able version of caDNAnNo called scadnano.
This is a script-based online tool which is directly used in the browser but can also be
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Fig. 2.11 An example of the caDNANo 2.5 tool being used to design an origami tile.

downloaded for use on personal machines useful for the design of scaffolded DNA origami
structures. Alternative design tools to aid in the design of nucleic acid nanostructures
exist such as Tiamat.p5, vHelix [106, DAEDALUS, PERDIX, METIS, ATHENA [107],
oxView [108, Adenita [L09. Tiamat allows the free-form design of structures. vHelix
converts polyhedral mesh designs into nucleic acid origami wireframe structures. Athena
provides a user interface for the command-line design tools PERDIX, DAEDALUS and
METIS, allowing 3D wireframes to be converted into nucleic acid origami wireframe designs.
oxView is a visual editor and design tool that allows origami designs to be imported and
quickly relaxed (set up prior to use in simulation tools) but can also be used to edit designs.
There are also useful tools to aid the use and conversion of designs and formats between
different software package41(. Review papers can be used to gain a more in-depth
appreciation of the use of these design tools and the situations in which they are Li$#ful |
Simulations that model nucleic acid origami exist at different resolutions with various
caveats and trade-offs. These range from coarse models where there is less detail available
and the time scale required for computation is far less, to ne-grained atomistic models
where computational requirements are far greater but the detail is also greater.

» Coarse Grained Models
* |n-between Models

» Atomistic Models
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Coarse models include mrDNALLZ and CanDO 113. Within these models, an
origami is represented as mechanical objects (extremely low resolution; one particle single
strands, duplexes, junctions). CanDO is tuned for geometry optimisation and scanning of the
conformational landscape of idealised DNA origami designs at the expense of atomistic and
single-nucleotide details. Of interest to our problem, CanDO does not consider the in uence
of temperature and salt concentration on the DNA origami self-assembly ef ciency, and
therefore will not aid us in creating data for these areas or predictions.

Modelling tools such as oxDNAL[L4] sit in the middle of simulations of nucleic acid
nanostructures. Modelling tools exist that incorporate an atomistic approach to simulating
origami nanostructures, which are more computationally expensive but are parameterised
with cations in an aqueous solvent, leading to more accurate simulatidfslfl§. One of
these papersl[Lg describes the use of an atomistic model that uses all-atom, implicit solvent
ENRG-MD methods. These methods are very computationally expensive in comparison
to the prior in-between or coarse-grained modelling tools. There is potential for the use
of simulation and modelling tools throughout the thesis for a range of applications. These
include simulations to create synthetic data in the form of images for automated quanti cation
of successful folding (Chapter 3), to bolster features for certain predictors of interest for
machine learning models such as Magnesium simulations (Chapter 4, Chapter 5), and for
improved design sharing and representation (Chapter 3).

2.4 Atrti cial Intelligence Techniques

The following sections contain the background information required to understand the eld
of arti cial intelligence (machine learning, deep learning, and optimisation) as it is applied
to nucleic acid origami experiments throughout this thesis alongside examples from adjacent
elds where it is used to solve problems like those seen in this thesis. We also explain the
concepts and tools underlying the historical and state-of-the-art simulation and design tools
used for nucleic acid origami construction. The concepts in this section are used throughout
the thesis, with simulation, design tools and a potential deep learning feature extraction
pipeline being discussed in Chapter 3, machine learning techniques applied in Chapter 4,
Chapter 5 and multi-objective optimisation techniques applied in Chapter 6.

2.4.1 What are the learning paradigms?

The methods or paradigms of learning are broadly split into different categories based on
the type of problem the machine learning practitioner is facing. These are supet8ged [
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semi-supervisedl[l 7], unsupervised]18 and reinforcement learnind19. Supervised
learning is a learning paradigm where we know what we are predicting and is often referred
to as classic machine learning. Because we know what we are predicting we can calculate
evaluation metrics and evaluate the model on subsets of known answers (predictions) to
evaluate how well the model is performing. Semi-supervised is a learning paradigm where
we train the model with unlabelled data and make predictions on a smaller set of labelled
or known data to allow evaluations to be made on the correctness of predictions made.
Unsupervised learning is a learning paradigm where we have unlabelled data as input to
models, and the model must try and extract features and patterns between the data without
answers to guide predictions. More recently Deep Learning Techniques that use unsupervised
methods applied to large quantities of data can extract features and patterns to produce results
often greater than manually extracted features. This is of course limited by data quality
and quantity with the unsupervised deep learning techniques often requiring a vast number
of input data instances (thousands of rows of relevant data). Reinforcement learning is a
learning paradigm where the model is referred to as an agent, which learns to make its
decisions by interacting in an environment, receiving rewards and penalties in return for
actions taken. The goal of the agent is to learn a policy. This policy is a function that maps
the observations in the environment to a series of actions that the agent should take (which
action should the agent perform given a state) that maximises the cumulative reward provided
over time.

There are many Machine Learning algorithms (explained further in Section 2.4.2 that
can be applied to a variety of domains and formulated problems. When using models for
supervised and semi-supervised problems, useful tool kits exist such as sci-kitl2drn [
which contains many different models as a library, to be selected and tuned appropriately for
a problem. Machine learning algorithms have different strengths and weaknesses and can be
suitable for different tasks. A useful method to classify machine learning problems or tasks
is based on the type of output target variable or predictor, that we are trying to predict.

There are often two main types of prediction problems. These are Regression problems or
Classi cation problems. Regression problems involve predicting a continuous variable such
as a concentration of a chemical, or a price, where the aim is to nd the line of best t through
the data that describes the relationship between the independent variables and the dependent
variable. An example of this is linear models like Linear Regression and Ridge Regression
[121] which are good for simple, linear relationships between variables. Decision-based
models like Random Forestg|[and Extra Treesq] are better for more complex, non-linear
relationships and are suitable and can be used for either classi cation or regression problems.
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Fig. 2.12 An diagram that explains the differences between different learning methods and
paradigms of Machine Learning Techniques.

Classi cation problems involve predicting a discrete target variable. These are usually
called a label, a category, or a class. The goal is to nd within the data a boundary that
separates different classes in the data. Treating a prediction problem as a classi cation
problem would involve creating categories, such as if a picture included a dog, or did not
include a dog. This would be a binary classi cation problem. Classi cation problems can be
extended to include multiple classes or categories for prediction, such as if a product is likely
to be rated 1 star, up to 5 stars (1, 2, 3, 4, 5).

2.4.2 Machine Learning Techniques

The following subsection includes explanations of the concepts underlying Machine Learning
models which are used in Chapter 4 and Chapter 5 of this thesis. Arti cial Intelligence is
an umbrella term which encompasses the use of Machine Learning TechriGu#4]| [and

Deep Learning Technique&22 therein but is not synonymous with these techniques. This

is because although a lot of the Arti cial Intelligence sub- elds utilise Machine Learning
techniques and are comprised of these techniques, it also includes elds of research such as
Reasoning]23, Planning [L24], Natural Language Processint?h, Computer vision126,
Optimisation L27] amongst many others which use varying algorithms. Such algorithms
include Genetic algorithmd P8 which are used to solve optimisation problems, which are
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the focus of a later section within this thesis (Chapter 6) and explained later in this chapter
(Section 2.5). The problems in Chapter 4 and Chapter 5 of this thesis focus on the use of
Machine Learning techniques. Machine Learning is a broad eld that involves techniques
applied to data in many different forms (spatial, temporal, sequential, numerical, categorical
amongst others) as input to statistical models that can learn patterns and make predictions
(outputs) based upon this input data. The input data must be transformed into a format that
the machine (computer or algorithm) can understand and learn from. The data that is used as
input is often called training data, data set, or input data. An algorithm that is trained on this
input data is often referred to as a predictive model, machine learning model, and trained
model. This trained model can be then used to make predictions on further data, making
predictions by inferring from prior data it has been trained on.

Regarding the use of data sets as input to machine learning models, each row in the data
set can be referred to as an instance for prediction, with each column being described as a
feature variable. Pre-processing techniques allow this data to be transformed to be useful
as input. This is also why the features and input data that are fed into the machine learning
model are important to analyse and be further understood using explainability techniques.
False and nonsensical interpretations of input data correlating strongly to output predictions
made regarding a phenomenon of interest (predictor, or the thing one wants to predict) could
easily be made but can be dif cult to disentangle, especially as the dimensionality (number
of features or columns for each instance in the data set) increases. This is often referred to as
the curse of dimensionality [129].

2.4.3 Supervised Learning Algorithms

Frequently applied Supervised Learning models include Linear models, Decision-based
models and Neural Network models. Linear models are a subset of supervised learning
algorithms that are often used for regression models. Linear Regression is a model that
assumes that there is a linear relationship between variables, and it tries to nd the best line
of tthrough the data. The line of best t can be represented by the equatiem(x+ b),

where y is the dependent variabiejs the slope of the lines is the independent variable,
andb is the y-intercept.

Several extensions to Linear Regression exist that utilise regularisation methods, otherwise
known as penalty terms or cost functions. An example of this is the Ridge Regression
algorithm [L21]. It is like Linear Regression but includes a penalty term called L2 regulari-
sation which acts as a cost function to prevent over- tting (prevents tting to noise rather
than underlying pattern or signal). This is useful when the data has correlated independent
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variables that would usually cause high variance. Another alternative algorithm is Lasso
Regression]3(0 which uses L1 regularisation as a cost function that prevents over- tting
and also performs feature selection. It is therefore useful when many variables or features are
included as input to the model, as it will shrink the coef cients of unimportant variables to
zero (thus removing them from the nal model). Another common alternative called Elastic
Net [131] combines both Ridge and Lasso Regression penalties (L1 and L2 regularisation).
Decision-based models are algorithms that make predictions by creating a series of decisions
based on the input data. Often these algorithms are structured with decisions represented
as a tree, with nodes being a threshold for one of the input variables, where branches are
possible outcomes from this threshold being met or not. An example of this would be a
yes or no question applied to a criteria such as if a person was male or female, with further
guestions beyond this representing further nodes. A popular Decision-based algorithm is a
Decision tree [132]. The Decision tree recursively partitions input data into smaller regions
which correspond with a different class. This is performed by using a threshold value to
separate the different classes in the data applied to the input variable selected, with the best
threshold value being determined by criterion. These criteria include Information gain and
Gini impurity. Information gain is a measure of impurity when splits are made, checking if
the split of data results in more similar or homogeneous subgroups of data. Gini impurity
is a measure of the probability of a randomly chosen instance or sample of data belonging
to the wrong class determined by summing the square of each probability of each class in a
selected group. A split that has a low Gini impurity measure will have a low probability of a
randomly selected instance belonging to the wrong class. Both of these criteria are useful
measures of the quality of a split in a Decision-based model.

With recent advancements, Decision-based models include using multiple decision trees to
create a forest of trees. Decision-based models have also been improved using Ensemble
Learning techniques such as “bagging and boostih83f135. Examples utilising these
include Random Forests and Extra Trees algorithms. Random Forests and Extra Trees
algorithms work by creating an initial Decision tree from a valuable feature in the training
data, where the best two subsets are generated, summated, and classi ed. A conditional
expression allows data to be classi ed, where it is then split based upon a threshold (per
speci ¢ variable). Bagging (bootstrap aggregating) is a technique from a group of techniques
called Ensemble Learning techniques. This is utilised in Random Forest algorithms to take
subsets of training data and randomly sample the subsets. The model is t to the smaller
sampled data subsets and the predictions made by the decision trees are aggregated. Many
instances can be used to train the forest repeatedly in a random manner and random forest
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algorithms apply this to the feature space (the space of X variables) by sampling elements
of a feature randomly instead of the best feature for prediction (otherwise called feature
bagging). Extra trees algorithms are differentiated from Random Forest algorithms because

it randomises the threshold of feature element selection by splitting the decision trees created
based upon random samples to create both random branches and nodes. This trades variance
for bias and increases the training speed of the algorithr8][ Neural Network based

models are models that are useful to model the complex underlying relationships between
the inputs and the outputs. They achieve this by training many interconnected nodes (also
called Neurons). | explain this method and useful architectures in further detail in Section
2.4.5 of this Chapter.

2.4.4 Unsupervised Learning Algorithms

Frequently applied Unsupervised Learning models include primarily Clustering algorithms
and Dimensionality reduction algorithms. Dimensionality reduction algorithms are useful for
mapping data to a lower-dimensional representation and compression of input data. These
include Principle Component Analysis (PCA)36, Singular Value Decomposition (SVD)

[137], and Auto-Encoder Neural Network$3g. Commonly used Clustering algorithms
include K-means Clusterind. B9, Hierarchical Clustering]4(Q and t-Distributed Stochastic
Neighbour Embedding (t-SNE})#1] algorithms. Clustering algorithms group similar data
points together.

2.4.5 Deep Learning Techniques

The following sections include explanations of terms and concepts involved in Deep Learning
[122, with the understanding of these concepts such as Style-Tradgfdr (Generative Ad-
versarial Networks143 and Segmentatiorild4. A research question was posed regarding

the feasibility of microscope image data to produce improved quanti cation of successful
folding of nucleic acid origami experiments and is explored further in Chapter 3 of this
Thesis. As mentioned previously Unsupervised learning involves the use of unlabelled data
to extract features and patterns to make predictive outputs. The distinction made between
classical machine learning techniques and deep learning techniques is that deep learning
techniques are a subdivision under the umbrella of machine learning techniques that use
neural networks. Neural networks are a type of machine learning model consisting of nodes
or "neurons”, with nodes capable of performing computational operations on input data,
which are organised in progressive layers to extract increasingly higher levels of features

35






	Table of Contents
	List of figures
	List of tables
	Glossary
	1 Introduction
	1.1 Motivation
	1.2 Problem Statement
	1.3 Central Hypothesis of Thesis
	1.4 Aims and Objectives
	1.5 Dissertation Structure
	1.6 My Main Contributions
	1.6.1 Database and Minimal Representation
	1.6.2 Feasibility study of Automated quantification of the success of Nucleic Acid Origami experiments
	1.6.3 Predictive models to inform lab protocols
	1.6.4 Multi-objective optimisation for generation of nucleic acid origami sequences

	1.7 Research Outputs

	2 Background material
	2.1 Scaffolded Nucleic Acid Origami Nanostructures
	2.1.1 The Structure of DNA: A Foundation for DNA Nanotechnology
	2.1.2 The Advent of DNA / RNA Nanotechnology
	2.1.3 The Advent of Scaffolded DNA Origami
	2.1.4 Crossovers
	2.1.5 Geometric model and folding path
	2.1.6 Scaffold and Staple Sequences
	2.1.7 Origami Self-Assembly (Folding) in the laboratory
	2.1.8 Characterisation Post-Assembly
	2.1.9 Workflow for Creation of Nucleic Acid Origami Nanostructures
	2.1.10 Cooperativity and Folding Kinetics

	2.2 Types of Nucleic Acid Origami Structures
	2.2.1 Shapes: Structural Shape or Monomer
	2.2.2 Mixtures: Dimers, Trimers and Arrays
	2.2.3 Modified Structures: Modified Staples
	2.2.4 Modified Structures: Omission of Staples
	2.2.5 Alternative Nucleic Acid Nanoscale Structures

	2.3 Software for Design and Development of Nucleic Acid Nanostructures
	2.4 Artificial Intelligence Techniques
	2.4.1 What are the learning paradigms?
	2.4.2 Machine Learning Techniques
	2.4.3 Supervised Learning Algorithms
	2.4.4 Unsupervised Learning Algorithms
	2.4.5 Deep Learning Techniques
	2.4.6 Deep Learning algorithm architectures
	2.4.7 Machine Learning Model Evaluation Metrics
	2.4.8 Cross-validation
	2.4.9 Explainability of Models

	2.5 Multi-Objective Optimisation Techniques
	2.5.1 Genetic Algorithm
	2.5.2 Pareto Dominance
	2.5.3 Selection of best individuals

	2.6 Conclusions

	3 Creation of an AI-ready database from Origami literature
	3.1 Literature Data-Mining Process
	3.1.1 Initial One-Hundred Paper Database
	3.1.2 Description of collected data, columns and features
	3.1.3 Bolstering the Database by addition of Papers
	3.1.4 Machine Learning Subsets Derived
	3.1.5 Exploratory Data Analysis of the Curated Data
	3.1.6 Design details available from initial paper search
	3.1.7 Minimal Representation Format for Nucleic Acid Origami
	3.1.8 Nucleic Acid Origami Minimal Exchange Format (NAOMEE)

	3.2 Yield of nanostructure as a metric of folding success
	3.2.1 Yield and Characterisation of Origami in Literature
	3.2.2 Ideal Machine Learning Data Collection for Origami Structures
	3.2.3 Ground Truth and Experimental Errors
	3.2.4 Reaction Volumes and Expected Quantity of Origami
	3.2.5 Quality of Microscope Results
	3.2.6 Varying Enrichment Methods
	3.2.7 Further supporting literature

	3.3 Feasibility of automated quantification of successful folding
	3.3.1 Methods used for Feasibility Study
	3.3.2 Determining number of principal components in PCA
	3.3.3 Results of the Feasibility Study

	3.4 Conclusions

	4 Informing lab protocols using predictive machine learning models
	4.1 Creation of predictive machine learning models of lab protocols
	4.1.1 Why improvement of lab protocols is important
	4.1.2 Improving and Informing Lab Protocols

	4.2 Experimentation Pipeline: Initial Model Exploration
	4.2.1 Finding the appropriate machine learning algorithm
	4.2.2 Increasing number of repetitions
	4.2.3 Improving and changing the data subsets
	4.2.4 Initial model experiments and Protocols of Importance

	4.3 Final Machine Learning Model, Data set and Methods
	4.3.1 Over-view of Predictive Machine Learning Models Results

	4.4 Magnesium (mM) predictive model
	4.4.1 Computation Experiment Results for Magnesium (mM) prediction
	4.4.2 Explainability of Magnesium (mM) Predictive Models
	4.4.3 Permutation Experiments for validation of Magnesium (mM) Predictive Models
	4.4.4 Interpretation of Magnesium (mM) Predictive Models

	4.5 Staple Molarity (nM) predictive model
	4.5.1 Computation Experiment Results for Staple Molarity (nM) prediction
	4.5.2 Explainability of Staple Molarity (nM) Predictive Models
	4.5.3 Permutation Experiments for validation of Staple Molarity (nM) Predictive Models
	4.5.4 Interpretation of Staple Molarity (nM) Predictive Models

	4.6 Thermal Profile (Binary) predictive model
	4.6.1 Computation Experiment Results for Thermal Profile (Binary) prediction
	4.6.2 Explainability of Thermal Profile (Binary) Predictive Models
	4.6.3 Permutation Experiments for validation of Thermal Profile (Binary) Predictive Models
	4.6.4 Interpretation of Thermal Profile (Binary) Predictive Models

	4.7 Yield predictive model
	4.8 Predictive Model Conclusions

	5 Further Predictive machine learning models with RevNano features
	5.1 RevNano Feature Experiments
	5.1.1 What are RevNano Features
	5.1.2 Comparing Predictive models with and without RevNano Features
	5.1.3 Magnesium (mM) RevNano vs Non-RevNano Model Results
	5.1.4 Interpretation of Magnesium (mM) Predictive Models
	5.1.5 Staple Molarity (nM) RevNano vs Non-RevNano Model Results
	5.1.6 Interpretation of Staple Molarity (nM) Predictive Models
	5.1.7 Thermal Profile (Binary) RevNano vs Non-RevNano Model Results
	5.1.8 Interpretation of Thermal Profile (Binary) Predictive Models
	5.1.9 Usefulness and Discussion of RevNano Features

	5.2 Conclusions about Predictive models with RevNano Features

	6 Genetic Algorithm techniques for optimisation of Nucleic Acid Origami sequences
	6.1 Why does optimisation of sequences matter
	6.1.1 Sequence Generation
	6.1.2 Negative Design Criteria for use as multiple objectives

	6.2 Genetic Algorithm Evaluations using Negative Design Criteria
	6.3 Initial computational experiment sweep of three metrics
	6.3.1 Computational Experiments

	6.4 Computational experiment sweep of four metrics
	6.4.1 Nucleic Acid Origami Benchmark Subsets
	6.4.2 Prototype energy model computational experiments
	6.4.3 Final energy model and metrics genetic algorithm results

	6.5 Initialising genetic algorithms with de Bruijn sequences
	6.5.1 Computational Experiment Sweep of initial population of de Bruijn sequences

	6.6 Conclusions for Multi-Objective Optimisation of Nucleic Acid Origami Sequences

	7 Conclusions and further work
	7.1 Findings of the Research
	7.2 Challenges and Limitations of the Research
	7.3 Prospects of the Research
	7.3.1 Advancing Quantitative Yield Characterisation for Nucleic Acid Origami
	7.3.2 Exploring the Potential of Simulations to Enhance Nucleic Acid Origami Nanostructures Instances

	7.4 Concluding Statements

	References

