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Abstract

Synthetic biology is an interdisciplinary field that pursues the engineering of biological
systems. The design, build, test, learn (DBTL) cycle is at the core of engineering disciplines
and is iterated until a desired goal is achieved. Synthetic biology is still defining abstractions,
standards and developing a software ecosystem to iterate the DBTL cycle.

The aim is to work in a similar way as other engineering disciplines, making designs
with a computational aided design (CAD) tool that can simulate the expected behaviour
of the designed biological system, and that can communicate to build tools to create a
physical implementation of the biological system. After the biological system is built, it is
tested by taking measurements of its behaviour. The test has to be automated, calibrated
and standardised to get high quantity and quality data that can inform the learn stage
properly. Given the diversity of synthetic biology and its applications the DBTL cycle could
have different needs when the researcher needs to engineer a genetic network, a metabolic
pathways, a strain or a protein, among others. The focus of this work is in creating DBTL
cycle workflows for engineering synthetic genetic network dynamics, because it allows to
control the logic of a system and how that logic state is reached and maintained over time with
direct applications in biochemical production, drug dosage, and the study of pattern formation
and developmental biology. Existing tools for engineering genetic network dynamics do not
cover the whole DBTL cycle and lack connections, leaving several gaps. Most tools do not
use standardised inputs and outputs hindering the connectivity between tools and slowing the
research process.

To iterate faster through the DBTL cycle it has to be closed and automated by leveraging
software tools and liquid handling robots. Software tools have to be compatible with standards
to make them useful and accessible for the community, promoting the use of best practices.
The workflow has to be flexible to accommodate different needs and resources, to be used for
researchers without a wetlab, with non-automated wetlab and with lab automation. Here 1
have created a set of software tools tackling different DBTL cycle stages that are modular and
leverage standards to connect and automate the DBTL cycle for genetic network engineering.
The workflows developed in this work provides novel teaching and research tools available

for different needs.
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1.1 Watson and Crick proposed the double helix model for DNA. (A) The sugar-
phosphate backbones are on the outside of the double helix and purines and
pyrimidines form the "rungs" of the DNA helix ladder. (B) The two DNA
strands are antiparallel to each other. (C) The direction of each strand is
identified by numbering the carbons (1 through 5) in each sugar molecule.
The 5’ end is the one where carbon 5 is not bound to another nucleotide; the
3’ end is the one where carbon 3 is not bound to another nucleotide and has

a free hydroxyl group. Extracted from penStax-CNX. . . . . ... ... ..



Xvi List of figures

1.2 Bacterial transcription. (A) Bacterial RNA polymerase (RNAP) is a multi-
subunit enzyme. The core RNAP is composed of five subunits: &2 (cyan
bubbles), f and B’ (grey) and @ (black). The core RNAP contains the ac-
tive site that catalyses the formation of the phosphodiester bond of nascent
RNA. The RNAP « subunits interact with the upstream promoter (UP) el-
ement, which consists of two distinct subsites located upstream of the 35
element [53]. The RNAP core enzyme interacts in a sequence-specific man-
ner with the template-strand positions —4 to +2, which constitute the core
recognition element (CRE) (navy blue) [200]. To form the holoenzyme (Eo),
RNAP is associated with a o factor. The 670-related factors contain up to
four functional domains (0 1-4; the spirals represent linkers between the
domains). The 02 domain recognizes and interacts with the 10 element,
and the 04 domain interacts with the 35 element. The extended 10 element
interacts with ¢3; this interaction is crucial in promoters whose 35 and 10
elements show a poor match to consensus sequences [85]. Some promoters
have a discriminator (DISC), which is recognized and interacts with the ¢2
domain [73, 83]. The 670 factor bound to the non-template strand captures
the 10 region in an open complex and allows the single-strand template DNA
to enter the active site. (B) The RNAP holoenzyme (R) and promoter DNA
(P) interact to form the closed complex (RPc). The duplex DNA around the
transcription start site is separated (represented by a ‘bubble’ in the DNA that
is bound by the Eo) in order to form the open complex (RPo). The initiating
complex (RPinit) is formed and begins synthesis of the RNA chain (shown
as a small red line), directed by the DNA template strand. In initiation of the
synthesis of RNA, a phosphodiester bond is formed between the initiating
and adjacent phosphodiester nucleoside triphosphates (NTPs). The final
stage of transcription initiation is elongation. In the elongation phase, the
RNA chain length increases, shown as a solid red line. Part a adapted from
ref. [146], CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). Part b
adapted from ref. [22], Springer Nature Limited. Illustration adapted from
ref. [114]. . . . . . . e 7
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Translation complex. A cognate aminoacyl-tRNA bound to EF-Tu binds
to its cognate codon of the mRNA in the ribosome at the acceptor site (A
site), adjacent to the tRNA in the peptidyl site (P site), which is bound to the
nascent polypeptide (1). Decoding occurs on the 30S subunit of the ribosome,
GTP is hydrolysed by EF-Tu, which leads to release of aminoacyl-tRNA into
the A site if there is correct codon—anticodon pairing. Subsequent peptide
bond formation between the nascent polypeptide in the P site and the amino
acid attached to the tRNA in the A site results in a peptidyl-tRNA in the A
site that is one amino acid longer (2). After translocation of the ribosome,
the tRNA attached to the nascent polypeptide is moved to the P site and a

new aminoacyl-tRNA is delivered to the empty A site (3). Extracted from [18]

Flapjack’s data model. The basic unit of data is the measurement, which is
the readout of a reporter or biomass signal in time. A measurement refers to a
specific sample, which can be a well in a plate-reader experiment or a colony
in a Petri dish time-lapse. Samples are grouped in a specific assay, which
corresponds to a single kinetic procedure. Assays belong to a particular study
that aims to answer a scientific question or project. Along with signal data,
each measurement is described in terms of its context through experimental
metadata, mainly composed of the media substrate, the host strain, the DNA
which the host is transformed with, and inducer chemicals to study stress
or other regulation behaviours of the system. It is important to mention that
some metadata could not be present, such as strain in Cell-free assays or
DNA in control samples, to name a few. PK is the primary key, FK is foreign
key, and MM is a many-to-many relation. From Flapjack publication [196].
Graphical abstract. . . . . . . .. ...

Genetic device design abstraction. SBOL is used to represent a genetic
device that senses and input and produces an output. . . . . .. ... ...
Transcriptional unit design. (A) Example of a trivial transcriptional unit using
SBOL Visual. (B) Representation of the transcriptional unit design with
collapsed parts using SBOL Visual. (C) Representation of the transcriptional
unit design parts using SBOL Visual. (D) Assembly strategy using the
Phytobricks syntax for degradation tag combinatorial design. (E) Assembly

strategy using the Phytobricks syntax for trivial transcriptional units.
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Functional synthetic biology. Diagram of the flow of structural and functional
information under the functional synthetic biology paradigm. The functional
loop, related to the Design stage, is on the left side. In the example we
have the CDS glyph representing the function "Green Fluorescent Protein
coding sequence". When an interface is specified the function becomes a
device. Then, devices can be composed using that interface to form systems.
If the system has a higher level function (i.e. if x is sensed, produce green
fluorescence) it can circle back and interfaces can be added to form a new
device. The structural loop, related to the Build stage, is on the right side.
In the example we have fragment of the coding sequence for GFPmut3.
When an interface is specified the sequence becomes a part, such as adding
MoClo fusion sites C and D flanking the sequence. Then, parts can be
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Chapter 1

Introduction



2 Introduction

1.1 Synthetic Biology

Synthetic Biology also known as Engineering Biology is an interdisciplinary field that aims to
apply the engineering method in biological systems. To this aim foundations for engineering
biology like modelling, standardisation and abstraction have to be developed [51], as well
as a set of tools that professionals of this area will use. The start of the field can be tracked
to two foundational papers in 2000, the "repressilator” [50] and the toggle-switch [58]. The
"repressilator” paper describes a synthetic oscillatory network in which three transcriptional
regulators repress each other in a ring fashion [50]. The toggle switch paper describes a
synthetic bi-stable network in which two transcriptional regulators mutually repress each
other [58]. These papers addressed key concepts of computing and electronics using biology,
oscillators can keep track of time and toggle switches can work as memory units.

Genetic regulatory mechanisms seen as logic elements were explored by Francois Jacob
and Jacques Monod [126, 79], and later on by Ron Weiss and Frances Arnold in 2002 [199],
among others. In 2010 Alvin Tamsir, Jeffrey Tabor and Christopher Voigt developed NOR
gates encoded in tandem repressible promoters [168]. This was a major breakthrough given
that NOR and NAND gates are unique because they are functionally complete, therefore
any logic can be created by a combination of NOR gates. The same group in 2016 used
combinations of NOR and NOT gates to create a genetic circuit design automation tool,
where a Verilog input and a constraint file were used to create circuit diagrams, assign gates,
balance constraints to build genetic code, and simulate its performance [123]. These advances
motivated more researchers to perform computing in a biological substrate using similar
biological logic gates to create genetic circuits. Amazing genetic circuits have been created,
for example: perfect adaptation [87], band detector [81], half adder [194], full adder[106],
digital display [159] among others.

The main abstraction analogy used in synthetic biology has been the electrical engineering
abstraction. One problem that this way of thinking has, is that gene sequence and function are
coupled. Synthetic biology can also be thought-out with a software engineering abstraction
analogy where gene sequence and function are decoupled. The international genetically
engineered machine (iIGEM) engineering committee is pushing forward this way of thinking
about synthetic biology that could allow the construction of larger genetic networks and
provide a framework for a more collaborative work.

Synthetic biology has departed from being a pure academic endeavour and big enterprises
have been created around this technology, some examples are Ginkgo, Asimov, IDT, and
Twist. Pharmaceuticals like Pfizer and Moderna have used this technology to create vaccines
to tackle the coronavirus disease 2019 (COVID-19), a major pandemic that halted societies
around the world and killed millions of people caused by the virus SARS-CoV-2. The
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synthetic biology global market size was estimated around 10 billions of united states dollar

(USD) and is estimated to grow one order of magnitude in 10 years.

1.2 Molecular genetics

To understand synthetic biology, a better understanding of the molecular mechanisms under-
lying gene expression is needed. In this section, a definition and description of fundamental

biological entities and processes is provided.

1.2.1 Gene

The gene is considered the basic unit of inheritance. Genes are made up of deoxyribonucleic
acid (DNA) passed down from parents to offspring and contain the information needed
to specify physical and biological traits. Most genes encode specific proteins, segments
of proteins, or non coding ribonucleic acid (RNA) with a certain function or interaction.
An important distinction between genotype and phenotype, the genotype is the collection
of inherited DNA molecules, while the phenotype is the expression of a genotype given a
biochemical context or environment [140]. Other ways of inheritance such as setting the

initial biochemical context [139, 57] are out of the scope of this work.

1.2.2 Deoxyribonucleic Acid

The DNA is formed by 4 nitrogenous bases of two types: adenine (A) and guanine (G) are
purines (two ring heterocyclic compound), and cytosine (C) and thymine (T) are pyrimidines
(one ring heterocyclic compound). Two nitrogenous bases can form a phosphodiester bond
between the 5’ carbon of the sugar from one nitrogenous base and the 3’ carbon on the other
base. In 1948 Erwin Chargaft found that the ratio of purines and pyrimidines is 1:1 in double
stranded DNA molecules [182]. This discovery contributed to determining the molecular
structure of DNA by James Watson and Francis Crick in 1953 [189]. They reported that DNA
is a right-handed double strand helix, with the two strands connected in an antiparallel way
by hydrogen bonds (Figure 1.3 A). The A bases always pair with Ts, and Cs always pair with
Gs, forming base pairs (bp) consistent with Chargaff’s rules [31, 105] (Figure 1.3 B,C). Our
knowledge about DNA has been growing over time, and although most DNA found in nature
corresponds to the Watson and Crick structure other structures and alternative base pairing
have been described, increasing our understanding about DNA structure and function [174].
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Fig. 1.1 Watson and Crick proposed the double helix model for DNA. (A) The sugar-
phosphate backbones are on the outside of the double helix and purines and pyrimidines
form the "rungs" of the DNA helix ladder. (B) The two DNA strands are antiparallel to each
other. (C) The direction of each strand is identified by numbering the carbons (1 through
5) in each sugar molecule. The 5’ end is the one where carbon 5 is not bound to another
nucleotide; the 3’ end is the one where carbon 3 is not bound to another nucleotide and has a
free hydroxyl group. Extracted from penStax-CNX.

1.2.3 Replication

New DNA molecules can be produced in cells by a process called replication which is
different for prokaryotic [108] and eukaryotic [13] cells. Replication in prokaryotic cells can
be divided into 3 stages: initiation, elongation, and arrest. Initiation in E. coli chromosomal
DNA replication starts bidirectionally at a specific sequence oriC. The minimal oriC is 245
bp and is highly conserved among enterobacteriaceae with two main features. It contains
four copies of the same sequence in the form of two inverted repeats denoted R1-R4 that
binds DnaA and directly upstream a series of three 13mers with a high A-T content for
localised denaturation, forming an initial complex. In the presence of adenosine triphosphate
(ATP), DnaA forms an open complex leaving the A-T rich zone sensitive to cleavage by
the P1 endonuclease. Then, DnaA guides the DnaB-DnaC complex in solution to its place
between the strands of the denaturation bubble, forming the prepriming complex. If provided
with single-strand binding protein (SSB) and DNA gyrase the DnaB will act to unwind
the DNA template. In addition, DnaG and DNA Pol II holoenzyme are added, and the
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complete replication fork is formed. Elongation occurs at the replication fork where the
DNA polymerase is engaged to the leading strand and its counterpart is engaged in the
lagging-strand. The enzyme responsible for the unwinding is the DNA helicase and for
priming the primase, which attract each other, forming the primosome complex. One RNA
primer is needed for the leading strand as the DNA polymerase has a 5°-3” activity. On
the other strand RNA primers, called Okazaki-fragments, have to be constantly synthesised.
Once the replication fork enters the terminus region it is arrested and destabilised. This
zone is located at approximately 180 degrees from the oriC and has six terminus region sites
symmetrically positioned, although the requirements for the in vivo termination mechanism
are not clear, cells without the terminus region are viable but produce many nonviable cells
and exhibit filamentation. In plasmids the origin of replication is a DNA sequence that

controls its replication and therefore plasmid copy number.

1.2.4 Transcription

Transcription is the process where DNA is used as a template to synthesise RNA. RNA is
similar to the DNA as both ribonucleases differ just in an oxygen group. RNA is generally
formed by 4 nitrogenous bases of two types: A and G are purines, and C and uracil (U) are
pyrimidines. In E. coli, RNA is synthesised by the RNA polymerase (RNAP), RNA can have
different functions, the messenger RNA (mRNA) is a transcript that encodes instructions for
protein synthesis.

The first step of transcription in prokaryotes is the initiation, characterised by the forma-
tion of the RNAP holoenzyme (Eo’), a molecular complex composed of the core RNAP plus
a o factor, which is capable of initiating gene transcription at specific DNA positions[22].
The o factor interacts with different promoter elements to position the Ec close to the
transcription start site (T'SS) to unwind the DNA. In general bacteria rely on different o
factors to guide the Ec to different groups of promoters in response to changes in the envi-
ronment. [103] The o factors are classified in two families, 6% and 6°*. The ¢4 family
has one member and the 670 has several. The promoter is the contiguous DNA sequence
essential for the specific initiation of transcription at a defined location in a DNA molecule,
although this location might not be one single base. It is recognized by a specific Ec, and
this recognition is not necessarily autonomous.

The second step is elongation, a process where the RNAP in the transcription bubble
moves from 5’ to 3’ synthesising RNA with a copy of the information in DNA [98].

The last step is termination, in bacteria termination can be Rho dependent or Rho
independent (intrinsic) [2]. Rho dependent termination relies on the binding of a transcription
termination factor like Rho, Tau or nusA for example. Rho independent termination relies on
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the RNA structure to destabilise the RNAP. The terminator is a contiguous DNA sequence
essential for transcription termination.

The transcriptional unit is the contiguous DNA sequence that ranges from the promoter to
the terminator and has the capability to transcribe a defined RNA. The TSS and transcription
termination site (TTS) vary in the same transcriptional unit producing a population of
similar genetic products. When the transcription rate is just affected by the properties of the
promoter itself and not by components outside of the normal transcription machinery we call
it a constitutive promoter and the produced RNA/protein is under constitutive expression
When the transcription rate is affected by external factors it is referred to as regulated
expression. The regulation of gene expression in bacteria occurs predominantly at the level
of transcription. The o factors acts as transcriptional regulators by changing the affinity of
the Eo to the promoter. In addition to o factors, different families of regulatory proteins
are involved in the regulation of gene expression at the transcriptional level. Negative
regulators (repressors) usually bind to promoters and block the access of the RNAP to initiate
transcription. On the other hand, positive regulators (activators) usually bind in the upstream
regions of promoters and allow efficient transcriptional activation upon association with
RNAP [96].

1.2.5 Translation

Translation is the process where RNA is used as a template to synthesise a protein. Proteins
are polymers composed of aminoacids, although there are more than 500 of them, essentially
20 are usually incorporated into proteins [34]. Proteins are synthesised by the ribosome,
a macromolecule formed by ribosomal RNA(rRNA) and proteins. The translation mecha-
nisms vary from eukaryotic to prokaryotic organisms [44, 142]. In prokaryotes like E. coli,
translation has 3 steps, initiation, elongation and termination [142].

The first step in translation is initiation, where the ribosome 50S and 30S subunits are
separated by IF3 which binds to the 30s subunit increasing its affinity for IF1, initiator tRNA
(transfer RNA) with IF2, and for RNA [62]. The activated ribosome 30s subunit can bind
to the RNA directly in a site specific manner in the start codons close to a Shine-Dalgarno
sequence and then recruit the IF1 and the initiator tRNA or recruit IF1 and the initiator tRNA
and then bind to the RNA in the same sequence. Once this complex is bound to the RNA it
performs a conformational change that binds the ribosome 50S subunit removing IF1 and
IF3. Finally, IF2 catalysed the guanosine triphosphate (GTP) and is released leaving the
ribosome assembled with the initiator tRNA.

The second step is elongation. The ribosome has three tRNA binding sites, the aminoacyl
site (site A) and the peptidyl site (site P) and the exit site (site E), and one factor binding



1.2 Molecular genetics 7

Binding

Initiation

Fig. 1.2 Bacterial transcription. (A) Bacterial RNA polymerase (RNAP) is a multisubunit
enzyme. The core RNAP is composed of five subunits: o2 (cyan bubbles), § and B’ (grey)
and @ (black). The core RNAP contains the active site that catalyses the formation of the
phosphodiester bond of nascent RNA. The RNAP « subunits interact with the upstream
promoter (UP) element, which consists of two distinct subsites located upstream of the 35
element [53]. The RNAP core enzyme interacts in a sequence-specific manner with the
template-strand positions —4 to +2, which constitute the core recognition element (CRE)
(navy blue) [200]. To form the holoenzyme (Ec), RNAP is associated with a ¢ factor. The
o70-related factors contain up to four functional domains (o 1-4; the spirals represent linkers
between the domains). The 62 domain recognizes and interacts with the 10 element, and the
o4 domain interacts with the 35 element. The extended 10 element interacts with ¢3; this
interaction is crucial in promoters whose 35 and 10 elements show a poor match to consensus
sequences [85]. Some promoters have a discriminator (DISC), which is recognized and
interacts with the 62 domain [73, 83]. The 670 factor bound to the non-template strand
captures the 10 region in an open complex and allows the single-strand template DNA to
enter the active site. (B) The RNAP holoenzyme (R) and promoter DNA (P) interact to form
the closed complex (RPc). The duplex DNA around the transcription start site is separated
(represented by a ‘bubble’ in the DNA that is bound by the Ec) in order to form the open
complex (RPo). The initiating complex (RPinit) is formed and begins synthesis of the RNA
chain (shown as a small red line), directed by the DNA template strand. In initiation of
the synthesis of RNA, a phosphodiester bond is formed between the initiating and adjacent
phosphodiester nucleoside triphosphates (NTPs). The final stage of transcription initiation is
elongation. In the elongation phase, the RNA chain length increases, shown as a solid red line.
Part a adapted from ref. [146], CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
Part b adapted from ref. [22], Springer Nature Limited. Illustration adapted from ref. [114].
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site (site F) [138]. From the RNA perspective from 5’ to 3’ the sites are located in the
order site E,P,A,F. Starting in the position where the ribosome has a tRNA bound to the
nascent peptide in the site P, a new amino acid can be bound in the site A. The EF1A recruits
a tRNA and binds to the site F, then catalyses GTP undergoing a conformational change
that places the tRNA in the site A and unbinds from the site F to recruit a new tRNA. The
peptidyl transfer is the process where the new amino acid from the tRNA in the site A attacks
the nascent polypeptide C-terminal stabilised by the ribosome large subunit adenine which
provides the hydrogen to create a hydroxyl end in the tRNA on site P leaving the nascent
polypeptide in bound to the tRNA on site A. Then, EF2 binds to the site F and undergoes a
conformational change that pushes the tRNAs translocating the ribosome, leaving the empty
tRNA 1in the site E and the tRNA with the nascent polypeptide on site P. Then EF2 catalysed
GTP undergoing a conformational change that releases the tRNA on site E and unbinds from
the site F. Now the ribosome is in the same condition as it started and this process repeats
during the elongation.

The last step is termination. Although the scientific community agrees that during the
termination the ribosome unbinds from the RNA there are two proposed mechanisms [119].
In the first, when a ribosome reaches a stop codon, it binds RF1, then recruits RF3, which
catalyses GTP and the ribosome unbinds being separated the subunits by EF-G and RF4. In
the second, the only difference is that the ribosome unbinds as a whole instead as separated
subunits. After termination the protein is released and matures to obtain its 3D conformation.

Proteins are the main functional and structural macromolecules in cells.

1.3 Foundational technologies

As the name of the field suggest the name synthetic biology is related to the capacity to create
synthetic DNA. In this section I describe the major technologies that allows to write, read,

copy and paste DNA, as well as how to insert it into a host and measure its function.

1.3.1 Synthesis

Synthesis is the ability to write DNA, this means to produce arbitrary DNA fragments.
Chemical DNA synthesis using phosphoramidite was developed by Marvin Caruthers in
the 1970s where protected 2’-deoxynucleoside phosphoramidites with different bases are
concatenated to a 3’ to 5’ nascent DNA strand in sequence [28]. Because these bases are
chemically protected only one nucleotide can be added each time, then the last added base

needs to be deprotected or activated to continue with the reaction [29]. This technique is the
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Fig. 1.3 Translation complex. A cognate aminoacyl-tRNA bound to EF-Tu binds to its
cognate codon of the mRNA in the ribosome at the acceptor site (A site), adjacent to the
tRNA in the peptidyl site (P site), which is bound to the nascent polypeptide (1). Decoding
occurs on the 30S subunit of the ribosome, GTP is hydrolysed by EF-Tu, which leads
to release of aminoacyl-tRNA into the A site if there is correct codon—anticodon pairing.
Subsequent peptide bond formation between the nascent polypeptide in the P site and the
amino acid attached to the tRNA in the A site results in a peptidyl-tRNA in the A site that
is one amino acid longer (2). After translocation of the ribosome, the tRNA attached to the
nascent polypeptide is moved to the P site and a new aminoacyl-tRNA is delivered to the
empty A site (3). Extracted from [18]
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most used by DNA synthesis companies like IDT Technologies and Twist Bioscience. In
this work we use this technique through IDT Technologies to create double stranded DNA
fragments or gBlocks.

1.3.2 Amplification

Amplification is the ability to copy DNA, this means to produce millions to billions copies of
a determined segment of DNA.

In 1955, Arthur Kornberg and associates isolated DNA polymerase, an enzyme with
many functions including DNA replication and repair, and was awarded with the Nobel prize
in 1959 [97, 100]. Later on, in the early 1960’s Gobind Khorana explored the use of synthetic
oligonucleotides as primers for the DNA polymerase, earning the Nobel prize in 1968 [88]. A
few years later in 1971 Kjell Kleppe, part of Khorana’s group, reported the repair replication
of a specific sequence of DNA using a system with two primers, and described primer
properties needed for this process. [90]. Using these principles Kary Mullis invented in 1983
an in vitro technique to replicate and amplify DNA sequences and called it polymerase chain
reaction (PCR) [118]. The PCR reaction consists of 3 basic steps that can be looped. First in
the denaturation step, the templates of double-stranded DNA (dsDNA) are separated by heat
into two single-stranded DNAs (ssDNA) around 95 Celsius degrees. Then in the annealing
step, temperature is reduced approximately 5 Celsius degrees below the melting temperature
(Tm), to allow primers to bind to the sSDNA. The Tm is the temperature at which half of the
DNA fragments are dissociated and depends on the GC content on the sequence. Finally in
the extension step, temperature is raised again to approximately 72 Celsius degrees which is
optimum for the DNA polymerase activity. The DNA polymerase binds to primer-template
complexes extending the template and creating two dsDNA. This process can be looped
creating an exponential increase in the amount of DNA copies. Although at the beginning
on each cycle more DNA polymerase was added on each step as it was denatured with the
DNA, this hindrance was overcomed by using a thermo stable DNA polymerases coming

from extremophiles like Thermus aquaticus that resisted this process [35].

1.3.3 Sequencing

Sequencing is the ability to read DNA, this means to know the nitrogenous bases sequence
that composes a DNA fragment.

In 1976, Allan Maxam and Walter Gilbert developed a chemical method for sequencing
up to 100 bp based on radioactive labels, selective cleavage, and electrophoresis of DNA

fragments [109]. One year later in 1977, Frederick Sanger developed a chain termination
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method for sequencing approximately 600 bp, based on the random incorporation of fluores-
cent labelled dideoxynucleotides that inhibit elongation during DNA replication and posterior
electrophoresis of these DNA fragments [151]. Sanger sequencing is still used and was used
in this work for sequencing inserts, showing its relevance in the field. In the mid 1990s new
technologies for sequencing were developed, for example Roche developed pyrosequencing
and Illumina reversible dye terminator [48, 14]. All these new technologies had in common
that they are massive parallel sequencing, and were called next generation sequencing (NGS)
or second generation sequencing [64, 102]. They did not increase the read length, but they
parallelized and automated the process allowing sequencing on the scale of 1000 Gbp per
run.

Finally, since 2008-2009 a new set of technologies are being developed, for example
Pacific Biosciences developed Single Molecule, Real-Time (SMRT) [141] sequencing and
Oxford developed nanopore [186]. They focused on increasing the read length, and were
called long-read sequencing or third generation sequencing. Oxford Nanopore measures
changes in the electrical field surrounding a pore as DNA passes through it, enabling it to
produce reads in the order of 10 Gbp and sequencing about 14 Tbp per run [80]. Oxford
Nanopore was used in this work for whole plasmid sequencing.

1.3.4 Assembly

Assembly is the ability to paste DNA, this means to concatenate DNA sequences in a
determined order.

Restriction enzyme assembly is a method based on type II restriction enzymes where the
enzymes cut on its recognition site, therefore two DNAs digested by the same restriction
enzyme can be joined. To simplify this assembly BioBricks was proposed [93]. In BioBricks
the DNA parts, such as promoter and CDS are flanked by specific restriction enzymes.
Although this method is still used, it is not widely adopted as it needs the use of too many
restriction enzymes. Gibson assembly is a method based in PCR where blunt DNA fragments
share a sequence on their flanking regions allowing a 5’ exonuclease to digests both 5’ ends
leaving complementary base pairs or sticky ends [59]. These sticky ends anneal and work as
primers for PCR completing the missing bases and then a ligase merges the DNA fragments.
To simplify Gibson assembly a set of unique nucleotide sequences (UNSs) were developed to
flank and join DNA parts [173]. Although this method does not produce assembly scars, PCR
based methods can produce mutations. These mutations can be useful for directed evolution
but bad for normal rational design of DNA sequences. Golden gate is a method based on
type IIS restriction enzymes where these enzymes cut a few bases downstream from their
recognition site, allowing for the engineering of the fusion sites [52]. Fragments with base
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complementarity anneal and a ligase close the nicks. Several assembly standard syntaxes,
conventions on flanking fusion sites, have been created exploiting the fact that the fusion site
can be an arbitrary sequence. Examples of assembly standard syntaxes are: Modular Cloning
(MoClo) [78], PhytoBricks [26] and Loop [135]. In this work I use a combination of these
three standards.

pOdd receivers

O

PhytoBricks

o GOOOOOOEE:

GoldenBraid parts
b A~ N\ ~ N
N 0[0]OJOINOICIOJONENOIOIOK ololojt

Odd receivers Even receivers Odd receivers Even receivers

o AR

LO parts 1 TU per plasmid 4 TUs per plasmid 16 TUs per plasmid

Fig. 1.4 Overview of Loop assembly. (a) Loop assembly workflow. L0 parts are assembled
to L1 transcription units (TUs) into one pOdd receiver by Bsal-mediated Type IIS assembly.
L1 TUs are assembled to L2 multi-TUs into one pEven receiver by Sapl-mediated Type IIS
assembly. This workflow is then repeated for higher level assemblies. Only four odd level
and four even level receiver plasmids are required for Loop assembly. (b) Combinatorial and
exponential assembly. LO parts can be assembled to L1 TUs into any of the four positions of
odd receivers. Genetic modules can easily be swapped in each TU arrangement and receiver
position. L1 TUs can then be assembled into L2 multi-TUs with variable combinations of
the L1 TUs, also into any of the four positions of the even receivers. Each round of assembly
generates four assembled plasmids, and consequent rounds of assembly increase the number

of TUs by a factor of four, leading to an exponential increase in TU number. Extracted from
ref. [134].
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1.3.5 Transformation

Transformation is the ability to install DNA in a chassis, this means to introduce DNA
into a host organism and set it up as a stable genetic component. Transformation was first
reported by Fred Griffith in 1928 [66] and is one of the multiple ways in which a bacteria
can incorporate foreign DNA, where transformation is the incorporation of DNA from the
environment, conjugation is the incorporation of DNA from another bacteria and transduction
is the incorporation of DNA from a virus. An organism is considered competent if it is
capable of incorporating and maintaining external DNA. In 1972, Akira Taketo reported
that the competence of calcium treated Escerichia coli (E. coli) was increased[167]. The
physicochemical process of chemical transformation of E. coli using divalent cations and heat
shock was developed by Roy Curtis III in his research to construct safer bacterial host strains
for recombinant DNA research [38]. Over time this method has been refined and became a
standard in molecular biology and was used in this work. Another chemical transformation
method using polyethylene glycol (PEG) was developed by Robert Klebe in 1983 for bacteria
and yeast [89]. Then in 1988 William J. Dower developed electroporation for E. coli [45].

This allowed the transformation of organisms where chemical transformation does not work.

1.3.6 Reporters

Reporters of gene expression are a source of information for analysis, as they produce a
measurable signal. One of the classic reporters is the use of the E. coli LacZ gene which
produces a blue product by the -galactosidase enzyme cleaving X-gal [24]. Fluorescent
proteins are proteins or genetic products that emit fluorescence when excited with light at a
certain wavelength [157, 37]. Fluorescent components were first noticed in Aequorea victoria
jellyfish by Davenport and Nicol in 1955 [41]. Later on, Osamu Shimomura realised that
the fluorophore was indeed a protein and isolated it in 1962. The complete sequence of 238
amino acids of the A. victoria green fluorescent protein (GFP) was reported by Prasher in
1992 [137]. This led to the recombinant expression of GFP in E. coli by Inouye and Tsuji in
1994, and in plants by Haseloff in 1995 [77, 71]. Chromoproteins on the other hand express
a colour that can be seen and detected by the naked eye on white light [101]. Other than

proteins, aptamers are RNAs that produce fluorescence [163, 110].

1.3.7 Cloning

The term cloning describes a number of different processes that can be used to produce
genetically identical copies of a biological entity [148]. The copied material, which has the
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same genetic material as the original, is referred to as a clone. Researchers have cloned a wide
range of biological materials, including genes, cells, tissues and even entire organisms, such
as a sheep [84]. In nature, some plants and single cell organisms, such as bacteria, produce
genetically identical offspring through asexual reproduction [43]. In asexual reproduction,
a new individual is generated from a copy of a single or group of cells from the parent
organism. Researchers routinely use cloning techniques to make copies of genes that they
wish to study. The procedure consists of inserting a gene from one organism, often referred
to as "foreign DNA," into the genetic material of a carrier called a vector [115]. Examples of
vectors include bacteria, yeast cells, viruses or plasmids, which are small DNA circles carried
by bacteria [195]. After the gene is inserted, the vector is placed in laboratory conditions
that prompt it to multiply, resulting in the gene being copied many times over. In synthetic
biology cloning techniques are used to assemble DNA with a new synthesised part then
transform it into a bacterial vector and select colonies with the right assembly by production
of a reporter or DNA sequencing [15]. When the DNA sequence on the colony is confirmed it
can be grown and stored as stock. These stocks are then used to grow the bacteria containing

the designed DNA and extract it for its use in another assembly.

1.4 Genetic network engineering

1.4.1 Genetic networks

Genetic networks are composed of genetic elements like genes or transcriptional units (TU)
as nodes. TUs are DNA fragments that can transcribe a segment of their sequence into
RNA which in turn can be translated into proteins. Gene expression is the number of RNA
molecules produced by a DNA fragment, in a determined context and time. Depending on
the organism context, RNA is translated into proteins which can be enzymes or fluorescent
proteins. Enzymes can produce chemicals that can be measured using colorimetric assays
and fluorescent proteins emits light that can be measured using fluorescence assays. Both
assays can be used as a proxy of gene expression as the amount of signal depends on the
number of proteins and the number of proteins depends on the number of mRNAs. RNA and
proteins produced by TUs can be transcriptional regulators and regulate their own or another
TU creating edges between TU nodes.

These networks control the production rate of molecules over time and together with
the degradation machinery constitute the basis for the control of the dynamics of these
molecules. Controlling the concentration of biochemical products over time is important in

many areas of biotechnology and bioindustry. This approach has been used for metabolic
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engineering, which looks for the improvement and design of cells, focused on the use of new
substrates, production of novel compounds, increased productivity and increased cellular
robustness [124]. Control theory has been used to engineer genetic networks to create, for
example, controllers for robust perfect adaptation and dynamic performance [54].

The study of genetic networks dynamics is relevant to understanding spatio-temporal
pattern formation. It has been demonstrated that temporal oscillations in single cells can lead
to the formation of ring patterns in bacterial colonies [136, 197]. Genetic network dynamics,
for example oscillators and feedback loops, can produce perturbations, such as symmetry-
breaking, driving morphogenetic processes that determine key steps in embryogenesis [184].
Applications of synthetic genetic networks have been used for drug delivery, and a better
understanding of their dynamics could lead to better dosage systems, and avoid errors in its

function, such as logic "glitches" [32, 55].

1.4.2 Abstraction

Abstraction is a good tool to deal with complexity and what is more complex than a biological
system. In synthetic biology the first abstraction emerged from the registry of standard
biological parts, which linked DNA sequences to functions, that can be inside a TU, i.e.
promoter, ribosome binding site (RBS), coding sequence (CDS) and terminator or parts
composed of one or more TUs, i.e. composite and inverter [51]. To represent one or more
TUs synthetic biologists have adopted an abstraction based on electrical engineering. Using
this design abstraction, a repressible TU can be abstracted as a NOT gate where the repressor
concentration is the input and the output is the protein production. A composition of one or
more of these parts based on TUs creates a genetic circuit.

1.4.3 Standardisation

In engineering, standards are developed by experts and published at the international organi-
zation for standardization (ISO) and can be thought of as a formula that describes the best way
of doing something. They could be about making a product, managing a process, delivering
a service or supplying materials, covering a huge range of activities. Some ISO examples
are: ISO/IEC 27000 family for information security management, ISO 8601 for date and
time format, ISO 4015:2022 for hexagon head bolts. Standards are the distilled wisdom of
people with expertise in their subject matter and who know the needs of the organisations
they represent such as manufacturers, sellers, buyers, customers, trade associations, users or
regulators. Standards in synthetic biology are the agreement of the community in a design

abstraction, assembly method or parts basic features. Sequence features were adopted from
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the registry of standard biological parts [51]. After standardising the parts, or sequence fea-
tures, synthetic biologists had to standardise the way to join these parts. Assembly methods
like Biobrick and Golden Gate were used in segments of DNA that can be joined together
in a specific way and order dictated by annealing of DNA strands created on digestion. As
with type IIS restriction enzymes a 4 bp overhang is created independent of the recognition
site, these can be chosen arbitrarily or engineered and standardised to contain certain DNA
sequence features. One of those standards is Phytobricks that created an assembly standard
for plants and bacteria parts [26] which is compatible with MoClo [190] both used at iGEM
and therefore with lots of described parts. Loop assembly is compatible with Phytobricks

and enables the hierarchical assembly of parts into TUs and then composing TUs iteratively.

1.4.4 Decoupling

Abstraction and standardisation enables the decoupling between different levels of work.
Decoupling allows researchers to work and specialise at one of these levels with basic
understanding of the others. The use of sequence features to describe DNA parts and the
capability of composing them through assembly or synthesis enabled the decoupling of tasks.
This decoupling would be for example between; scientists doing research about the DNA
function and structure with the expertise to create DNA parts, and the scientists composing
those parts to control gene expression creating TUs and composing TUs to create genetic
circuits. The first proposed abstraction hierarchy has 4 levels [51]. The DNA level is in
charge of creating DNA, i.e. by synthesis or assembly. The Part level is in charge of designing
parts or sequences of DNA, i.e. creating a repressible promoter or a CDS that expresses a
protein that binds to a specific site. The Device level is in charge of composing parts design
TUs where with polymerases per second (PoPS) as input and output, i.e. a NOT encoded in a
repressible TU or a source encoded in a constitutive TU [5]. The Systems level is in charge
of composing devices to create systems like a repressilator, a set of 3 NOT gates repressing
each other in a ring fashion. A set of standardised interfaces would allow the decoupling of

tasks, advancing synthetic biology towards a mature engineering discipline.

1.5 Synthetic biology open language

The abstraction developed by the registry of standard biological parts [5S1] evolved creating
the synthetic biology open language (SBOL) to describe biological designs [112, 23]. The
synthetic biology community created SBOL to work as a standard among synthetic biologists

and related areas to represent genetic designs. SBOL is a standardised format for the
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electronic exchange of information on the structural and functional aspects of biological
designs. SBOL has two main components, SBOL visual and SBOL data model. These two
standards are entangled, SBOL visual focuses in represent sequences as glyphs to be used
for informal DNA design in a whiteboard or for its communication in a scientific journal [6];
SBOL data standard focuses on metadata capture in a machine readable format. Although
SBOL visual has been adopted by most synthetic biologists (Table 1.1), the data standard is
not widely adopted by the community making it difficult to collaborate, reproduce results
and to build knowledge collectively. A possible cause is the steep learning curve needed to
represent systems properly. Although the first tools of the SBOL community were focused
on libraries for developers and tools that facilitate the use of SBOL, now the community is
consolidating developers tools and directing the efforts to produce software tools that uses
SBOL under the hood.

1.6 Engineering method

The design-build-test-learn (DBTL) cycle is central to engineering disciplines and each phase
requires appropriate tools, standards, and workflows, which are still in development.

Software tools that cover different stages of the DBTL cycle have been developed
automating and formalizing it [94, 120, 150]. Tool boxes with software covering multiple
stages of the DBTL cycle, have been developed as well [95, 17]. The lack of standardization
in these tools renders them incompatible with other tools and difficult to connect.

SBOL is an open standard for the representation of in-silico biological designs that
covers the DBTL cycle and has attracted a community of developers that have produced an
ecosystem of software tools tackling different parts of the DBTL cycle [112, 170, 72, 188].

There is still a need for software tools covering dynamic systems, model parametrization
from raw data, data management, programmatic design and protocol automation [74].

1.6.1 Design

The design stage is the process throughout which a researcher encodes a feature or function
in a sequence of DNA. Depending on the abstraction level, designing could involve the
selection of parts to be used or the general genetic network architecture. Modelling is key to
the DBTL cycle and is essential to the design and learning stages, given that a model states
a well-defined hypothesis about the system operation. This hypothesis or engineering goal
shapes the rest of the cycle stages build, test and learn to improve future designs. Abstraction

enables the construction and analysis of models based on components, devices, and systems
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that can be used to compose genetic networks and derive their DNA sequences. It is the
basis for genetic design automation (GDA), which can accelerate and automate the genetic
network design process by compiling models into DNA sequences. In general there are
two main modelling methods, deterministic and stochastic methods. Ordinary differential
equations (ODE) are used to model dynamical systems in a deterministic fashion. These
equations depend on a single variable and the unknowns could be one or more functions
and involve the derivative of those functions. Stochastic simulation algorithms (SSA) are
used to model dynamical systems in a stochastic fashion. The Gillespie algorithm is an
SSA to simulate chemical reactions [60, 61]. In order for GDA to proceed in a rational way,
the abstract elements of genetic networks must be accessible to characterization, allowing
parameterization of models of their operation and interactions. Data driven modelling,
which is based on artificial intelligence (Al) and machine learning (ML) methods, requires
characterization data from genetic networks to predict the characterization data of novel
genetic networks [162]. Some examples of data driven approaches are: neural networks

(NNs), deep learning (DL), fuzzy rule-based systems and genetic algorithms.

1.6.2 Build

The build stage is the process through which a researcher takes a design encoded in a
sequence and creates a physical implementation of that DNA. In this stage DNA synthesis
and assembly are key, synthesis is usually provided as a service and assembly can be done
manually at a lab with Containment Level 1 (Biosafety Level 1), and molecular biology
equipment and reagents. Once a DNA is in a plasmid it can be inserted into a host organism
through transformation creating a genetically engineered organism (GMO). Liquid handling
robots can be used to automate protocols such as assembly and transformation to standardise

it as a series of robot liquid movement steps.

1.6.3 Test

The test stage is the process through which a researcher tests the designed function or
feature. This usually involves the creation of samples containing the GMO and obtaining
measurements from it. The four most used test devices in synthetic biology are the plate
reader, flow cytometer, microscope and DNA sequencing. Plate readers as can be inferred
from its name obtain measurements from a plate, the plate can differ on material and number
of wells, i.e. flat glass bottom 96 well plate. The measurements obtained may vary but
it usually includes absorbance and fluorescence. It can obtain kinetic measurements of a

population of cells, as its readings are non destructive and have to be performed on the whole
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sample with low effects on its constitution. Flow cytometers obtain data taking samples with
cells that can be in a tube or in a well plate and passing them inside channels which at some
point arrange them to pass one by one though lasers to take individual cell measurements,
giving information about the distribution of the behaviour across the population. Microscopes
obtain images providing spatial resolution, microscopy can be set with different setups
capturing for example fluorescence or taking images of cells in microfluidic devices over
time. DNA sequencing can also be used on cDNA to test RNA levels giving information
about how much genes are transcribed. Calibration is essential in engineering disciplines,
improving the reproducibility of results and collaboration. The common practice in science
of sharing data in arbitrary units is a hindrance to the engineering method. Fluorescence from
green fluorescent proteins produced by bacteria can be calibrated with fluorescein fluorescent
dye to obtain molecules of equivalent fluorescein (MEFL)[10]. This approach was expanded
to red and blue using sulforhodamine 101 and cascade blue respectively [11]. Recently,
another alternative for calibration using fluorescent protein absolute quantification [36] has
been proposed and is being developed by the iGEM engineering committee. Absorbance has
been calibrated using silica microspheres, to obtain measurements in particle units [9]. This
increases reproducibility and use of published data in further analysis.

1.6.4 Learn

The learn stage is the process through which a researcher uses the data produced at the test
stage to gain insights about the designed biological system. During learning the experimental
data and the meta data are combined to perform analysis. These analyses can involve gene
expression rate calculation or model parameterization for example.

In the prototypical case, data from the test stage is in Excel format, or in an instrument
related format. The data is copy pasted or imported into a software tool where the analysis is
performed. Software tools have mainly two User Interfaces (UI) a graphical user interface
(GUI) or a programmatic interface. Using a GUI the user can copy and paste, drag and drop
and edit input fields for example, this approach is optimised to be used by a human. Using a
programmatic user interface allows the automation of tasks through code, this approach is
optimised to be used by machines and enables the management of large volumes of data.

Programming languages offer automation, processing and visualisation tools that are
useful for synthetic biologists. Python is a high-level, general-purpose and dynamic pro-
gramming language that emphasizes code readability. It is open-source, is the most popular
programming language in the popularity of programming languages (PYPL) index and it
is usually taught to engineering students due to its simplicity. A lot of the apps that people
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frequently use depend on Python, such as Netflix, Google, Facebook, Amazon, PayPal and
Uber, even NASA uses it.

Given that it is open-source, communities built packages targeted to their needs. Python
has a comprehensive set of packages to handle data science tasks in synthetic biology.
Numerical operations are improved using NumPy [70], work with tabular data is aided with
Pandas [111] and scientific and technical computing can be performed with SciPy [181].
Visualization tools such as Matplotlib [75] and Seaborn[187] provide a lot of ways to inspect
data. NetworkX library is used for the creation, manipulation, and study of the structure,
dynamics, and functions of complex networks [68]. ML algorithms can be used from
scikit-learn [130] and tensor manipulation for DL can be performed with TensorFlow[1],
PyTorch[128] and Keras[33] for example. These tools with others from the Python ecosystem
are used for data analysis at research labs.

Flapjack is a data management and analysis tool that connects the Test and Learn
stages [196]. It works as a database accessible through an application programming interface
(AP]) in the back-end, that connects to a front-end with a GUIL. The back-end can also
be accessed and operated using the pyFlapjack Python package. This tool combines the
simplicity of using a GUI with the automation provided by accessing data with programming
languages. Experimental data in Flapjack is stored in a tidy format which allows it to be
easily manipulated, modelled and visualised in a programmatic fashion [192].

In this work, I used and contributed to the development of Flapjack [183]. Its data model
stores relevant metadata for plate reader experiments and can be connected with SynBioHub,
a synthetic biology design repository, through URIs.

1.7 Software

1.7.1 Computation

Computation had a huge impact on humanity, its development started the Information Age.
The information age marked a shift from traditional industries to economies centered on
information technologies. To perform computation a combination of two components is
needed. The hardware is the physical instance or device that performs the computation mean-
while the software is the set of instructions that controls what and how the hardware behaves,
and computation is performed. The software can be divided into Operating System (OS) the
software that communicates with the hardware and Application Software which interfaces
the user and the OS. Programming languages are systems of notation for writing computer

programs. They can be low level, closer to the hardware interface, for example assembly
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Fig. 1.5 Flapjack’s data model. The basic unit of data is the measurement, which is the
readout of a reporter or biomass signal in time. A measurement refers to a specific sample,
which can be a well in a plate-reader experiment or a colony in a Petri dish time-lapse.
Samples are grouped in a specific assay, which corresponds to a single kinetic procedure.
Assays belong to a particular study that aims to answer a scientific question or project. Along
with signal data, each measurement is described in terms of its context through experimental
metadata, mainly composed of the media substrate, the host strain, the DNA which the host
is transformed with, and inducer chemicals to study stress or other regulation behaviours of
the system. It is important to mention that some metadata could not be present, such as strain
in Cell-free assays or DNA in control samples, to name a few. PK is the primary key, FK is
foreign key, and MM is a many-to-many relation. From Flapjack publication [196].

language has a strong correspondence to the computer machine language instructions and
is translated into it using an assembler. High level programming languages are closer to
the user interface, being closer to natural languages than machine languages, for example
Python language has a strong correspondence to English natural language, emphasising code

readability. Software tools have been developed and used to deliver a man on the moon,
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control cars, automate processes, create intelligent systems [175], perform mathematical

calculations and to analyse data, being a valuable tool for researchers.

1.7.2 Biocomputation

Computation can be also done in biological devices, biocomputation uses bioengineering
to build systems that perform computation. In biology the hardware can be mapped to the
host cell and its biochemical composition, and the software can be mapped to the DNA
and its sequence. Logic gates are encoded inside chips and can be encoded in cells as
well [123, 168, 65]. The genetic circuit idea has implicit the idea of performing computation
in a biological substrate, but also constrains its behaviour to logic functions and uses the
electrical engineering abstraction [67]. The genetic network idea includes the genetic circuit
but also any other behaviours that can be encoded in a graph and uses a software engineering
abstraction. Graph theory can be used to analyse genetic networks, where nodes are DNA
fragments and edges are interactions between them, to operate the system mathematically
and use tools from dynamical systems like linear stability analysis.

1.7.3 Computational biology

Computational biology is the use of computation to solve problems from biological sciences.
It mainly involves the use of software to model and analyze biological systems. Software
is integrated in biological research, storing and managing experimental results, performing
analysis and running measurement hardware. Although software tools are well integrated in
punctual stages, it is difficult to connect different tools to close the DBTL cycle, and useful
metadata is often lost. In this work I used software to run simulations and analyse data. More
over, [ developed software to control liquid handling robots affecting the physical experiment.
I process and analyse simulated data and experimental data using the same methods, so I will

make a clear distinction between them.

1.8 Laboratory automation

Laboratories can be divided into wet labs and dry labs. Wet labs are where physical exper-
iments are performed. These laboratories have facilities for liquid handling, i.e. pipettes,
micro-pipettes, tubes, burette and micro-fluidic devices. Dry labs are laboratories without
facilities for liquid handling, therefore focused in the mathematical or computational aspect
of research, i.e. computers and high performance computers (HPC). The regular work in wet

labs is highly manual, samples lack traceability and protocols can be interpreted differently
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by different researchers. The lack of standards for sequence representation and metadata
capture, among other practices, have contributed to a reproducibility crisis in synthetic
biology hindering the velocity of scientific discoveries [129]. Software and robots have been
used to improve the traceability and reproducibility in protocol execution. The biological
industry and clinical laboratories have successfully implemented high levels of automation.
Lab automation tools are usually expensive and require a high use to be cost effective which
can be difficult to achieve for small wetlabs. Liquid handling robots are one of the main tools
for lab automation. Opentrons have developed an Open-Source and relatively inexpensive
liquid handling robot, making more accessible lab automation for wet labs. The Opentrons
OT-2 is a liquid handling robot used in this work as a lab automation tool. The scientific
community has developed software to run protocols in OT-2 robots for DNA assembly,
PyLabRobot [193] and DNA-BOT [166] for example.

1.9 iGEM

The international Genetic Engineered Machine (iGEM) is a synthetic biology competition
initially aimed for undergraduate students organised at the Massachusetts Institute of Tech-
nology (MIT) since 2003. This competition is at the core of synthetic biology and rapidly
evolved in an independent organisation, the iGEM foundation that holds this competition,
the "IGEM Jamboree". The iGEM Engineering Committee was formed with the aim to set
standards and best practices to advance in the "engineerability" of biological systems. Fur-
thermore, iGEM has one of the biggest repositories of biological parts, and characterization
data available at the moment making it one of the key resources for the advance of synthetic
biology [180, 161].

1.10 Aim

As an engineering discipline, the DBTL cycle is at the core of synthetic biology research and
development. The field of synthetic biology is in a maturation process developing standards
and software tools to automate and connect the different DBTL cycle stages. The aim of this
thesis is to develop workflows that automate and connect the DBTL cycle for engineering
genetic networks.

This would accelerate scientific discovery, improve reproducibility and the collective
construction of knowledge in the field. To achieve this, it is imperative to develop standards,
a design abstraction, DNA parts, DNA assembly strategies, protocols and software tools that
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tackle different DBTL stages, or connections between them, that work in a modular fashion

to be part of the framework.
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Fig. 1.6 Graphical abstract.

1.11 Objectives

1.11.1 Objective A. Create a design tool for synthetic genetic networks.

In order to engineer synthetic genetic networks, it is necessary to abstract them to use them
as parts iteratively to create larger and larger networks and an appropriate software tool to
aid in the design of such networks. The objective is to create a design abstraction compatible
with modular assembly and use it to develop a synthetic genetic network design tool. This
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software tool will produce a standardised representation of the design and use kinetic plate

reader data to characterise their gene expression.

1.11.2 Objective B. Automate the build stage with software and robotics.

To connect the design and build stages a software capable of reading standardised design
instruction is needed. The objective is to contribute to the build plan standardisation and its
codification in SBOL3 to use it as input in a software tool for build automation. The build
automation tool provides the protocol information to the user and produces instructions for

the Opentrons OT-2 liquid handling robot.

1.11.3 Objective C. Develop and implement a method for characterising

genetic networks to connect Learn and Design stages.

To improve the parameter estimation and the information provided by characterizations new
methods where required as existing ones are difficult to replicate, to interpret and to use.
The objective is to develop an algorithm for kinetic data characterization to obtain gene
expression rate and growth rate from populations of bacteria and implement it as a method in
my GDA software tool. The algorithms are compared to state of the art methods and used to
characterise gene expression from a set of transcriptional units in a plasmid with an in vivo

reference.

1.11.4 Objective D. Demonstrate DBTL workflows.

To create automated DBTL workflows. The objective is to use the tools developed throughout
this work to create different DBTL workflows, including a simulated DBTL workflow, a
DBTL workflow with manual DNA assembly and a DBTL workflow with automated DNA

assembly.

1.12 Structure of the thesis

The structure of the thesis is as follows. In Chapter 2, I create a design abstraction for
transcriptional units compatible with modular assembly and functional synthetic biology,
controlling key parts for modelling. In Chapter 3, I build upon the previous design abstraction
to develop LOICA, a programmatic tool for genetic network design, simulation and character-
ization. LOICA uses an object oriented design abstraction to design genetic networks. These

networks can be simulated using deterministic and stochastic approaches. The designs can be



26 Introduction

exported using the SBOL standard. In Chapter 4, I describe a standardised representation of
build plans and software to create them and simulate the assembly using Python. SBOL out-
puts from LOICA can be formatted with the build plan representation which works as build
instructions for PUDU. PUDU is a software tool that can use standard build plans to simulate
and create instructions for a liquid handling robot and a human to perform the assembly,
connecting Design and Build, similar protocols were implemented for transformation, plate
setup and calibration. In Chapter 5, I describe and benchmark a characterization method for
growth rate and gene expression rate from kinetic measurements obtained from a plate reader.
This method was implemented in Flapjack and used to parameterize LOICA gene expression
models. In Chapter 6, I combined the tools developed in this work to create automated DBTL
workflows for different engineering needs: dry lab, with wet lab and with automated wet lab.
In Chapter 7, I provide my conclusions. In Chapter 8, I discuss my work, and provide my
perspective about its implications and future steps.

1.13 Contribution of the thesis

In this work I have created a framework for engineering synthetic genetic networks that lever-
ages standards to close and automate the DBTL cycle. The framework includes standards,
design abstractions, DNA parts, DNA assembly strategy, protocols and software tools that

tackle different DBTL stages, or connections between them, and work in a modular fashion.

* Paper 1: Yainez Felid, G., Vidal, G., Mufoz Silva, M., Rudge, T. J. (2020). Novel
tunable spatio-temporal patterns from a simple genetic oscillator circuit. Frontiers in
Bioengineering and Biotechnology, 8, 893.

* Paper 2: Yanez Feliu, G., Earle Gomez, B., Codoceo Berrocal, V., Munoz Silva, M.,
Nuifiez, I. N., Matute, T. F., ... Rudge, T. J. (2020). Flapjack: Data management and
analysis for genetic circuit characterization. ACS Synthetic Biology, 10(1), 183-191.

» Paper 3: Vidal, G., Vidal-Céspedes, C., Munoz Silva, M., Castillo-Passi, C., Yéafiez
Feliu, G., Federici, F., Rudge, T. J. (2022). Accurate characterization of dynamic
microbial gene expression and growth rate profiles. Synthetic Biology, 7(1), ysac020.

» Paper 4: Vidal, G., Vitalis, C., Rudge, T.J. (2022). LOICA: Integrating models with
data for genetic network design automation. ACS Synthetic Biology, 11(5), 1984-1990.

* Paper 5: Rudge, T. J., Vidal, G. (2022). Phase-based genetic logic circuits. bioRxiv,
2022-12. (Pre-print)
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* Paper 6: Aldulijan, L., Beal, J., Billerbeck, S., Bouffard, J., Chambonnier, G., Ntelkis,
N., ... Vignoni, A. (2023). Functional synthetic biology. Synthetic Biology, 8(1),
ysad006.

* Paper 7: Samineni, S. P., Vidal, G., Vitalis, C., Felid, G. Y., Rudge, T. J., Myers, C.
J., Mante, J. (2023). Experimental data connector (XDC): integrating the capture of
experimental data and metadata using standard formats and digital repositories. ACS
Synthetic Biology, 12(4), 1364-1370.

* Paper 8: Buecherl, L., Mitchell, T., Scott-Brown, J., Vaidyanathan, P., Vidal, G., Baig,
H., ... Myers, C. (2023). Synthetic biology open language (SBOL) version 3.1. O.
Journal of Integrative Bioinformatics, 20(1), 20220058.

* Paper 9: Beal, J., Selvarajah, V., Chambonnier, G., Haddock, T., Vignoni, A., Vidal,
G., Roehner, N. (2023). Standardized Representation of Parts and Assembly for Build
Planning. ACS Synthetic Biology, 12(12), 3646-3655.

* Paper 10: Macuada, J., Molina-Riquelme, 1., Vidal, G., Pérez-Bravo, N., Vasquez-
Trincado, C., Aedo, G., ... Eisner, V. (2024). OPA1 and disease-causing mutants
perturb mitochondrial nucleoid distribution. Cell Death Disease, 15(11), 870.

» Software 1: LOICA, Programmatic genetic design software tool. https://github.com/
RudgeLab/LOICA

» Software 2: PUDU, Liquid handling robot control on synthetic biology workflows.
https://github.com/RudgeL.ab/PUDU

» Software 3: Excel2flapjack, Generalized excel interface to upload data to Flapjack.
https://github.com/SynBioDex/Excel-to-Flapjack

» Software 4: XDC, Generalized excel interface to upload data to SynBioHub and
Flapjack connecting metadata to experimental data. https://github.com/SynBioDex/
Xperimental-Data-Connector

 Software contribution 1: Inverse method for bacterial growth and expression rate char-
acterization was contributed to Flapjack. https://github.com/flapjacksynbio/pyFlapjack

» Software contribution 2: Standardized representation of build plans and experimen-
tal components was contributed to SBOL utilities. https://github.com/SynBioDex/
SBOL-utilities
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* Book chapter 1: Vitalis, C. et al. (2024). Flapjack: Data Management and Analysis for
Genetic Circuit Characterization. In: Braman, J.C. (eds) Synthetic Biology. Methods
in Molecular Biology, vol 2760. Humana, New York, NY. https://doi.org/10.1007/
978-1-0716-3658-9_23

* Book chapter 2: Vidal, G., Vitalis, C., Matite, T., Nufez, 1., Federici, F., Rudge, T.J.
(2024). Genetic Network Design Automation with LOICA. In: Braman, J.C. (eds)
Synthetic Biology. Methods in Molecular Biology, vol 2760. Humana, New York, NY.
https://doi.org/10.1007/978-1-0716-3658-9_22

* Book chapter 3: Vidal, G., Vitalis, C., Guillén, J. (2024). Standardized Golden Gate
Assembly Metadata Representation Using SBOL. In Golden Gate Cloning: Methods
and Protocols (pp. 89-104). New York, NY: Springer US. https://doi.org/10.1007/
978-1-0716-4220-7_6

Software tools created in this work were used in combination with existing tools in the
field to develop three workflows that target different research lab needs, from dry labs to wet
labs with or without lab automation.

These workflows are highly automated reducing the time that researchers dedicate to
experimental tasks and accelerating scientific discoveries. They support the generation of
high quality data in a standardised format so it can be reused and combined with more data
generated in the same way to build knowledge in a truly incremental and collective fashion.
Although one of the goals is to promote the adoption of the SBOL standard on the field,
the tools can be used without them but offer more functions when it is used to help in this
transition. The workflows facilitates the production of calibrated data and the use of liquid

handling robots to reduce human error, improving reproducibility.
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Description

N

Promoter

RBS

Ribonuclease site

Coding sequence

Protein stability element

Terminator

Assembly scar

Circular plasmid

Omitted detail

Engineered region

Simple chemical

Protein

Table 1.1 SBOL visual glyphs used in this work.
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2.1 Introduction

Synthetic biology poses a new mindset where scientists are not constrained to existing
natural DNA and now have the freedom to design and synthesise almost any DNA sequence.
Although in future DNA synthesis will be trivial and inexpensive, for now DNA assembly is
the most convenient way for the physical implementation of DNA. Also, physicochemical
constraints in DNA synthesis do not allow for the synthesis of complex DNA sequences, so
assembly techniques are complementary to DNA synthesis allowing for the concatenation
of synthesized sequences. Interesting and useful genetic parts and networks have been
constructed, but most of the scientific endeavour is not reusable by other practitioners [107].
Assembly standard syntaxes 1.3.4 allow the reuse of DNA parts across different laboratories.
Parts implemented with one assembly syntax are compatible within it, but they might not be
compatible with parts in another assembly syntax. This is why the selection of the assembly
strategy to use is key for part acquisition and collaboration. Although final plasmids are
shared on repositories like Addgene, the parts to build them are not shared and therefore
it is difficult to modify them to adjust for other practitioner needs. Having repositories of
DNA parts and characterised TUs will provide new resources to analyse gene expression
mechanisms in a collective way driving new discoveries in molecular biology and applications
such as biosensors [127] or fuel production [191].

In this chapter, I describe a design abstraction to construct genetic devices, composing
parts into TUs and composing TUs into genetic networks. The assembly strategy incorporates
parts to control production and degradation of proteins, and is compatible with assembly
strategies to build trivial TUs using the Phytobrics assembly syntax. Furthermore, TUs can
be readily used to compose genetic networks when inserted in Loop Odd receivers. The DNA
parts were updated with new insulation technologies to reduce compositional context of parts
in TUs and of TUs in genetic networks. Finally, functional synthetic biology, a proposal
of a functional paradigm compatible with the design abstraction and assembly strategy, is

described as a theoretical framework.

2.2 Results

2.2.1 Design Abstraction for genetic devices

The design choice is to use SBOL to represent genetic devices, the rational is as follows. The
gene is a sequence of DNA that produces an RNA that may be translated into a protein. In
this work genes correspond to TUs, entirely engineered and composed of parts. Parts are

DNA sequences with the appropriate interface for it to be integrated into a composite in the
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context of a build plan. For example, inside an assembly plan by designing the part flanking
fusion sites its position and orientation is decided. Devices are biological functions with the
appropriate interface for it to be integrated into a system in a biological context. Let’s define
a device as a unit of gene expression, a black box that with certain inputs retrieves an output
(Figure 2.1). The output can be a characteristic gene expression profile in a determined
biological context, being the simplest a TU, up to an entire repressilator and more complex
genetic networks. To be more specific I defined four biological contexts: (1) The short-range
sequence context, relates to the interaction of parts inside a TU, i.e. How changes in the
promoter or CDS sequence affects the gene expression? It is an analog to cis-regulation
but the short-range sequence context only refer to effects inside a TU not the whole DNA
molecule, for example the effect of the origin of replication on a TU in the same plasmid
would be cis-regulation but not a short-range sequence context effect. How the expression
rate or the gene product of a gene changes when the sequence of that gene changes. (2)
Long-range sequence context, relates to the interactions between TUs and other DNA in
the host, including plasmids, the genome and their genetic products with direct effect on
expression, i.e. How does gene products from other DNA regions affect my designed TU?
How does the origin of replication of the plasmid where the TU is inserted affect its gene
expression? How does the expression rate or gene product of a gene change when other genes
or genetic material sequences change? Similar to trans-regulation, but long-range sequence
context includes regulation of TUs in the same plasmid. For example a TU expressing Lacl
that represses a promoter in the same plasmid is considered long-range sequence context
but not trans-regulation. (3) Organism context, relates to the intrinsic biochemical and
biophysical state of an organism which is host to the designed DNA. Includes all interactions
with genetic products and chemicals with indirect effect on expression, i.e. pH, codon usage,
ribosome architecture, RNAP. (4) Environmental context, relates to the extrinsic biochemical
and physical state of the environment that surrounds the organism hosting the designed TU,
1.e. 1s the media carbon source glycerol or glucose? Is the viscous drag high or low?

SBOL can capture the sequence and function of a TU. Following the SBOL standard
DNA sequences can be associated with a sequence feature or function. One or more sequence
features can be a part inside a TU that has a function that affects the expression rate or the
genetic product. A clear distinction between a sequence feature and a part has to be made, the
former relates to the function or feature of a DNA sequence in the context of a biochemical
environment and the latter relates to a position and direction of a DNA sequence in the
context of a build plan. The trivial TU is composed of promoter, RBS, CDS and terminator;
these sequence features that can correspond to parts need to be in a determined order (Figure

2.2 A). The sequence compilation of the parts inside a TU does not follow the commutative
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law, therefore the order of the parts affects the product. An ordered composite of parts can be
seen as a vector given its directionality which is imposed by how the RNAP transcribes the
DNA, from 5’ to 3°. The vector of parts is an abstract design that is useful for simulations,
but needs more information to be constructed, like defining a backbone for the composite.
Once the sequence is fully defined, its physical implementation can be built through DNA
synthesis or DNA assembly.

The design abstraction to build genetic devices follows the SBOL standard and is com-
posed of a vector or parts similar to the trivial TU design. The first goal is that parts inside a
TU can be swapped with other parts following a compatible assembly syntax, although the
interaction between sequence features in those parts might not be linear, general trends can
be extrapolated. For example the promoter sequence feature can be synthesised to be a part
that goes at the beginning of a TU. By swapping the promoter, in the context of the same TU
expressing a reporter, its "strength" can be measured and characterised to be i.e. low, medium,
or high. When using this promoter in another TU the raw "strength" will change but their
relative "strength" will be conserved if there are no complex interactions with the short-range
context or organism context. The second goal is that TUs inside a genetic network can be
swapped or their order in the composition changed, maintaining their expression profiles or
that it changes in a predictable manner. For this TUs needs to have appropriate isolation and
interfaces to be assembled and rearranged in the insertion site. For example two contiguous
TUs in a design should maintain their profile expression if there are no complex interactions

with the long-range sequence context or organism context interactions.

Input Output
i 1

Fig. 2.1 Genetic device design abstraction. SBOL is used to represent a genetic device that
senses and input and produces an output.
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Fig. 2.2 Transcriptional unit design. (A) Example of a trivial transcriptional unit using SBOL
Visual. (B) Representation of the transcriptional unit design with collapsed parts using SBOL
Visual. (C) Representation of the transcriptional unit design parts using SBOL Visual. (D)
Assembly strategy using the Phytobricks syntax for degradation tag combinatorial design.
(E) Assembly strategy using the Phytobricks syntax for trivial transcriptional units.

2.2.2 Part architecture and transcriptional unit design

The idea of composing a TU using parts is now common practice in synthetic biology.
Usually parts in an assembly have a one to one correspondence with sequence features. For
example, the trivial TU (Figure 2.2 A) is usually assembled in synthetic biology practicals
and competitions. Although it is a very useful set of parts, first it does not allow for the
tuning of degradation and second new technologies on part isolation have been developed. To
allow the control of degradation a fusion part was added to the trivial TU to create a design
compatible with the trivial TU (Figure 2.2 B). To implement this the CDS were modified
removing the stop codon and adding two bp so a 4 bp scar reconstitutes the reading frame
Jjust adding 2 amino acids. In this case this scar GGAGCC were engineered to code for two
of the smallest amino acids glycine and alanine in that order.

The promoters were engineered by implementing new technologies in isolation (Figure
2.2 C). The promoter part starts in 5’ with a terminator, reducing the probabilities of trailing

RNAPs that can influence the transcription initiation of the promoter, increasing expression
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and noise. For example if I concatenate 2 simple TUs composed of a Pro, RBS, CDS and
Ter, the expression of the upstream TU will produce a flow of RNAPs that can reach the
promoter of the downstream TU, increasing its transcription rate and producing artifacts
in its gene expression rate. In between this terminator and the promoter sequence features
an upstream element were added. It has been demonstrated that the 36 bp upstream of the
promoter changes its expression [27]. Between the terminator with 51 bp and the upstream
element with 15 bp a total of 66 bp upstream of the promoter are maintained constant. For
example, when using a promoter sequence feature as the first part in an assembly, changes
in the upstream sequence of the promoter are produced by changing the plasmid where the
TU is inserted. After the promoter a ribozyme was added to cleave the RNA just before the
RBS [104]. This removes the sequence of the promoter or other upstream sequence that
may affect the translation process. For example if I express the same GFP protein with the
promoter J23101 or J23100 the RNAs will be different because of the different promoter
sequences that are transcribed after the TSS. The ribozyme cleaves sequences leaving the
same RNA product when using different promoters and therefore the translation process
is more comparable. Finally, to reduce the production of trailing RNAPs a terminator part

composed of two terminator sequence features was used.

2.2.3 Assembly strategy to compose genetic devices

In order to compose genetic devices incrementally I took the design choice of using two
compatible assemblies Phytobricks and Loop for my assembly strategy. Phytobricks was
chosen because it is used by iGEM, it is compatible with MoClo and has a syntax for fusion
proteins. Because, its syntax requires a linker and a fusion protein, but I just needed to
add one part I used the prefix of the linker and the suffix of the fusion protein to make it
compatible with other designs [26]. Furthermore, the strategy for assembling TUs with
controlled degradation (Figure 2.2 D) is compatible with the strategy to assemble the trivial
TU (Figure 2.2 E). Then, Loop was chosen because it is compatible with Phytobricks and
just involves the use of Loop receiver vectors [135]. The assembly strategy to compose TUs
into genetic networks follows the Loop syntax for bacteria. Loop is not widely used, but to
adopt it the user just needs a minimum of 8 receiver plasmids, 4 Odd receivers and 4 Even
receivers. The complete kit has Odd and Even receivers with multiple origins of replication
allowing for plasmid copy number control.

The workflow for this assembly strategy is as follows. The first step is domestication or
level 0 assembly, in this step a proper interface is added to a DNA sequence to work as a part.
Domestication was performed from synthetic dsDNA fragments inserted into the universal
acceptor backbone. The second step is level 1 (Odd) assembly, in this step TUs are assembled
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and a proper interface is added to them. Level 1 assembly was performed composing
domesticated parts using the Phytobrics strategy in an Odd receiver which provides the
interface for that TU to be used in an Even assembly. The third step is level 2 (Even)
assembly, in this step genetic networks of up to 4 TUs are assembled and a proper interface
is added to it. Level 2 assembly were performed composing TUs in Odd receivers following
the Loop strategy in an Even receiver which provides the interface for the genetic network to
be used in an Odd assembly. If the design uses less parts than 4, spacers can be used in any
position. More complex designs can be done in level 3 (Odd) assembly composing 16 TUs

and level 4 (Even) assembly composing a maximum of 64 TUs.

2.2.4 Functional synthetic biology

Note: The work presented in this section was carried out in collaboration with Ibrahim
Aldulijan, Jacob Beal, Sonja Billerbeck, Jeff Bouffard, Gaél Chambonnier, Nikolaos Ntelkis,
Isaac Guerreiro, Martin Holub, Paul Ross, Vinoo Selvarajah, Noah Sprent and Alejandro
Vignoni, and some of it was published in reference [3]. This is my perspective on this work
and may not represent the vision of all authors.

Combining the abstraction of genetic devices with its assembly strategy it creates a good
basis to implement functional synthetic biology. The idea of functional synthetic biology
is to change the actual sequence-based paradigm to a function-based paradigm. In the
sequence-based paradigm the function of a part is linked to its sequence, and the function
is omitted or captured as description. This paradigm obstructs the decoupling between the
knowledge of how to create a TU device to how to compose devices to create a function. In
the function-based paradigm the function of a part is not necessarily linked to its sequence,
and the function is informed to the user in a standardised and machine readable way (Figure
2.3). Therefore, compatible parts can be swapped or updated without modifying the overall
function of a device.

Following the assembly strategy, sequence feature parts can be composed into TUs using
the Phytobricks syntax in a Loop Odd receiver. That TU can encode a device and because it
is inserted in an Odd receptor it has the interface to be a part in further assemblies. A set of
four TU parts can be joined in a Loop Even receptor to create a system of four TU devices or
a genetic network. That genetic network is composed of up to four TUs because it is inserted
in a Even receptor it has the interface to be a part. In a subsequent step up to four genetic
network devices can be composed to build a system or genetic network of up to 16 TUs,
and up to 64 TUs in the next level. The paradigm works in a recursive way allowing the

implementation of bigger and bigger systems.
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Fig. 2.3 Functional synthetic biology. Diagram of the flow of structural and functional
information under the functional synthetic biology paradigm. The functional loop, related
to the Design stage, is on the left side. In the example we have the CDS glyph representing
the function "Green Fluorescent Protein coding sequence". When an interface is specified
the function becomes a device. Then, devices can be composed using that interface to
form systems. If the system has a higher level function (i.e. if x is sensed, produce green
fluorescence) it can circle back and interfaces can be added to form a new device. The
structural loop, related to the Build stage, is on the right side. In the example we have
fragment of the coding sequence for GFPmut3. When an interface is specified the sequence
becomes a part, such as adding MoClo fusion sites C and D flanking the sequence. Then,
parts can be compose using the interfaces to form composites. Because composite are just
larger sequence they can circle back and become a part if interfaces are added. There is no
direct relationship between a function and a part, as in the structural paradigm. The functions
can be fulfilled by different parts, allowing for more adaptability on the build stage and
working as a base for device versioning, an analogy to software engineering.

2.3 Discussion and conclusions

In this chapter I developed a design abstraction for genetic devices compatible with modular
assembly and with a functional synthetic biology paradigm.

The functional synthetic biology paradigm is compatible with a software engineering
design abstraction. Genetic devices are similar to functions imported from packages with
libraries of genetic devices that can be swapped and updated, implementing for example new
technologies in insulation. Then users could run tests to see how this change can affect the
design and choose the version of the device to use. Although there are still many challenges
to implement it, the iGEM engineering committee is working to make functional synthetic
biology a reality, developing package systems for biological designs in SBOL.

The assembly strategy developed in this chapter is compatible with the functional syn-

thetic biology paradigm where new parts just have to follow the proposed Phytobrics syntax
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and then follow the same Loop assembly steps to update a genetic device. It also has the
capability to include more TUs in a recursive way that exceeds the number of TUs used in
common genetic networks. Furthermore, having too many TUs in one cell might impose a
huge burden and the metabolic limit might be way below 64 TUs posing challenges for the
construction of big genetic networks. This hindrance has been acknowledged in the field and
systems distributed across many strains in a consortium are one of the possible solutions and

the assembly strategy developed from this chapter is compatible with it [20].
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3.1 Introduction

Genetic design is the process of designing genes or genetic elements with certain structure or
function. Traditional engineering disciplines have developed, decades ago, software tools to
aid the design process, for example mechanical engineering and electrical engineering have
autoCAD and autoCAD electrical respectively from Autodesk. Synthetic biology is at an
early stage of development of such tools.

Modelling is at the core of synthetic biology. The two foundational papers the repres-
silator [50] and the toggle switch [58] stand out for their mathematical modelling of the
biochemical processes. Design tools need these models to define relevant parameters to
consider and to increase the chances to get a successful product.

iBioSim was one of the firsts tools for genetic network design. It uses SBOL as the
abstraction level, this provides a detailed customization but a very steep learning curve.
Characterization then needs information at the part level, although there are tools to calculate
RBS [147] and promoter strength [99, 185] they are in different formats, not compatible
or not experimentally accessible. Structural and functional information has to be specified
separately so users also need to learn how to represent models in iBioSim and connect them
to the structural information. Simulations are performed at the cell level so can only be
comparable to single cell data which is difficult to acquire. This approach has enabled the
design of relatively small genetic networks [50, 58, 40], however for large-scale genetic
network design higher-level abstractions are required.

Cellular Logic (Cello) [123] is a CAD tool that accepts an input from the user in Verilog
and user constraints files (UCF) to compile the DNA sequence to build a genetic circuit
implementing that logic. Designs are created in an analogous way to electronic circuits, based
on the required discrete logical truth table, however this specification requires knowledge
of the domain-specific programming language Verilog [171]. It uses logic gates as the
abstraction level, this provides a high-level understanding of the circuit built, but little
information of the genetic parts. This issue has been partially solved in a newer version,
Cello 2.0 [82] that implements the SBOL export of the files. Despite its academic relevance
and apparent utility, Cello did not have an impact in how synthetic biologists work. Some
reasons for this could be that, as an academic software it lacks support and reliability,
and one of its inputs is Verilog, a low-level language very rare among the life sciences,
increasing the entry barrier. Despite the discrete logical design formalism, these genetic
networks are dynamical systems and can have autonomous, continuous non-steady-state
dynamics, displaying complex and rich behaviours from bi-stability to oscillations and even
chaos [50, 58, 188]. Furthermore, typical operating conditions for engineered networks

like colonies, bioreactors or microbiomes are time varying, which can lead to complex
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behaviours from even simple genetic networks [131]. To design genetic networks, we
therefore require kinetic gene expression data generated at the test phase. This data must be
integrated with models to enable characterization of abstracted parts, devices, and systems,
as well as metadata, including the DNA part composition and sequence, to enable automated
design. Thus, there is a need for software design tools that integrate abstract network designs,
dynamical models, kinetic gene expression data, DNA part composition, and sequence via
common exchange standards in a user-friendly and accessible fashion.

Here I present LOICA, a Python package for the programmatic design, modelling,
parameterization and sequence compilation of synthetic genetic networks. LOICA was
implemented in Python given its readability and because it is among the most used program-
ming languages, usually taught to engineering students. LOICA provides a high-level design
abstraction that simplifies the design process by representing networks as combinations of
components accessible to parameterization. This parameterization of genetic network models
is done using plate reader measurements and enabled by direct connection to experimental
data via Flapjack [183], which also provides a platform for publishing and sharing simulation
results. Furthermore, while LOICA abstracts genetic networks at a higher level, designs
can be represented using the latest SBOL3 standard for biological design representation.
While perhaps not as accessible as a graphical user interface, this approach is more flexible,

extensible, and amenable to automation.

3.2 Results

Note: The work presented in this chapter was carried out in collaboration with Carolus
Vitalis (CV), and some of it was published in reference [178]. All simulations and analysis
presented below were performed by GV, except where explicitly noted as the work of CV.

3.2.1 Design Abstraction for Genetic Networks

Genetic networks can be abstracted as a network composed of a set of TUs as nodes, and
their interaction as edges. TUs can be represented as a composition of SBOL Components
containing features that describe individual parts and their DNA sequences. These parts can
vary a lot within TUs, being the most simple the ordered combination of a Pro, RBS, CDS
and Ter but can be more complex by adding insulators like ribozymes and protein stability
elements. Although TUs can be abstracted in their standard SBOL parts, this captures more
complexity than is necessary for decoupling sequence engineering from genetic network

engineering.
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Fig. 3.1 LOICA classes. Encapsulation relation of classes in LOICA design abstraction.

In LOICA, transcriptional units or genes were abstracted in two classes, Operator and
GeneProduct. The Operator represents a DNA fragment that regulates gene expression
and the GeneProduct represents the molecular species that is expressed. Operators change
their expression rate which modulates GeneProducts production. GeneProducts have a
concentration and a degradation rate that modulates GeneProduct degradation or destruction.
The Regulator is a GeneProduct that represents a molecular species that can regulate gene
expression. The Reporter is a GeneProduct that represents a molecular species that can
be measured or emits a signal. The GeneticNetwork class encapsulates Operators and
GeneProducts. GeneticNetworks represents a graph where the nodes are Operators and
GeneProducts, and the edges are the relations of production and control between them.
The Supplement class represents an externally controllable molecule that is the input of a
Receiver.

The simulation setup is done by adding context information related to the metabolism of
the bacteria running the genetic network and sample composition. The Metabolism class
represents chassis or host conditions through the biomass and growth rate information. The
Sample class encapsulates GeneticNetwork, Metabolism and Supplements and defines
the experimental unit. The Assay class encapsulates Samples. Assay represents a set of
samples in an experimental design and define simulation conditions for them such as number
of measurements and interval between them. The Colony class represents a bacterial colony

growing expressing a genetic circuit. Similar to an Assay with one Sample that is the colony.
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The basic classes and their relation is shown in figure 3.1 and the full class diagram is in
figure 3.7.

3.2.2 Model generation and simulation

The interactions between the Operators and the Regulators encode models for genetic
network temporal dynamics, which can be simulated with ODE or SSA (Figure 3.2 A).
Operators input or profile parameter defines its expression rate, inputs can be Regulators
or Supplements. The profile is a time-series that is used to represent gene expression and
growth rate over time. The output parameter, what is being produced or expressed, outputs
must be GeneProducts. The system of ODEs is thus:

.
<2 =W(Fn (1) ~TF - u(1)p, (3.1)
W) =) (7,0), (3.2)

k

where p = (po,p1,...pny—1)! is the vector of GeneProducts, which includes different
Regulators (F = (rg,71,...7m—1)7) and Reporters (5 = (so,51,...sv—am—1)7). The non-
linear operator ¥ maps Regulator concentrations to GeneProduct synthesis rates. 1) is a
function of time that modifies W to create a profile or time-series. I' is a diagonal matrix
of GeneProduct degradation rates ¥, and p(¢) is the instantaneous growth rate of the cells.
Equation 3.1 shows the overall system where ¥ encodes the whole network and consists of
a sum of individual LOICA Operators ®; (Equation 3.2).

In the stochastic simulation approach, these Operators encode the GeneProduct pro-
duction reactions (x — p;), with propensities a; given by the sum of Operator synthesis

rates,

m:Z@m, (3.3)
J

where the sum is over all Operators that synthesise GeneProduct i. The degradation rate ¥;
and growth rate p(¢) determine the propensities b; of the GeneProduct extinction reactions
(pi = #),

bi =7+ u(t). (3.4)

The Operator is the set of genetic parts that regulate gene expression (Figure 3.2 A).
At its core is a promoter containing repressor or activator binding sites, such that the input
Regulator either increases or decreases transcription and thus the gene expression rate
(Figure 3.2 B).
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Fig. 3.2 Relation between the mathematical and computational model. (A) In the equation
il—f is the dynamics of the p vector of proteins over time, W¥(7) is the protein synthesis

rate or expression rate linked to the Operator and may depend in regulator proteins from
the vector of regulators 7. 1(¢) is a function of time that adjust gene expression for time
and context creating a profile or time-series. I'p is the vector of degradation rates of p
linked to GeneProducts. u(z)p is the growth rate effect on the dilution of proteins from
the vector of proteins p linked to Metabolism. (B) Diagrammatic representation of the
computational model used in LOICA. TUs can be splitted and represented by an Operator
and a GeneProduct, both are encapsulated by GeneticNetwork and Metabolism sets the
context where the genes are expressed. Both are encapsulated by Sample to run simulations.

Logical Operators can thus be instantiated as genetic devices that are regulated by input
Regulators and output GeneProduct synthesis rates or gene expression rates. As well as

the 1-input and 2-input Operators described below,

Source Operator

The Source is an Operator that represents constitutive expression. Source synthesis rate
follows an input profile of gene expression rate over time. The input profile can be synthetic

or characterised from experimental data.
20 (3.5)

Where @ is the gene expression rate, and t is time.
An implementation example is the constitutive promoter J23101 from the Anderson
collection in the iGEM distribution (Figure 3.3).
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— m)(; 1

J23101 BOO3AJLEOO4O B0015

Operator GeneProduct

Fig. 3.3 SBOL visual diagram of a TU containing the promoter J23101. The SBOL com-
ponents contained in the Operator and GeneProduct are in the green and brown boxes
respectively.

Receiver Operator

The Receiver is an Operator that represents externally controlled expression through
chemical supplementation. Receiver expression rate follows a Hill equation as a transfer

function that maps Supplement concentration to GeneProduct expression rate.

_wta(z)
‘I’(S)—H—(I%)Ifa

Where @ is the gene expression rate, ¢ is the unregulated or basal expression rate,

(3.6)

ap is the regulated expression rate scalar, s is the Supplement concentration, K is the
concentration of Supplement needed for half expression rate or switching concentration and
n is the cooperativity degree.

An implementation example is the LuxR and HSL regulated promoter BBa_R0062, also
known as pLux, from the iGEM distribution (Figure 3.4).

(- O

LuxR C6-HSL

~S

pLux B0034){E0040 B0015

Operator GeneProduct

Fig. 3.4 SBOL visual diagram of a TU containing the HSL regulated promoter pLux. The
SBOL components contained in the Operator, GeneProduct and Supplement are in the
green, brown and yellow boxes respectively.
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Hilll Operator

The Hill1l is an Operator that represents internally controlled expression through one
transcriptional regulator. Hi111 expression rate follows a Hill equation as a transfer function

that maps Regulator concentration to GeneProduct expression rate.

_ ot ()
q’(’)—T%)ﬁ

Where & is the gene expression rate, o is the unregulated or basal expression rate, o is

3.7

the regulated expression rate scalar, s is the Regulator concentration, K is the concentration
of Regulator needed for half expression rate or switching concentration and n is the
cooperativity degree. Depending on the parameters ¢ and ¢ this Operator may encode
NOT logic (0p > o) or a Buffer (o < o).

An implementation example is the Lacl regulated promoter RO010, also known as pLac,
from the iGEM distribution (Figure 3.5).

DT GeneProduct

B0034){E0040 B0015

Operator GeneProduct

pLac

Fig. 3.5 SBOL visual diagram of a TU containing the repressible promoter pLac. The SBOL
components contained in the Operator and GeneProduct are in the green and brown boxes
respectively.

Hill2 Operator

The Hill2 is an Operator that represents internally controlled expression through two
transcriptional regulators. Hi112 expression rate follows a two input modification of the
Hill equation as transfer function that maps Regulator concentration to GeneProduct
expression rate. Depending on the parameters ¢, 01, 0, and 03 the Operator may encode

a range of logic, including the NOR operation when oy > o, 02, Q3.

, n p np r nj r ny
i) o) v (e) (2

n ny ny ny
(@) (8) (&) (&)

q)(r17r2) =

(3.8)
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An implementation example is the NOR gate, tandem promoters Pr,. and Ppy;r from the
Cello collection [123](Figure 3.6).

— [ C) GeneProducts
Lacl

PhiF

o8 g

pTac pPhiF BOOBJLEOO4O B0015

Operator GeneProduct

Fig. 3.6 SBOL visual diagram of a TU containing the tandem promoter Pr,. and Ppp;r. The
SBOL components contained in the Operator and GeneProduct are in the green and brown
boxes respectively.

The characterization for any Operator can be done automatically using LOICA char-
acterise method which uses its two-way communication with Flapjack to get experimental
data.

LOICA currently cannot represent networks with nodes with more than two inputs, but
all Operators can drive multiple outputs GeneProducts. However, note that LOICA can be
used to define an Operator as any operation that maps from input Regulator concentration
to output synthesis rate, which may correspond to different genetic implementations than
those described here. Thus, by expanding the range of Operator classes, in future LOICA

could be extended to represent a larger range of genetic networks.

3.2.3 Software design and architecture

LOICA was developed in Python 3 as a package distributed through the Python package
index (PyPI). Python is one of the most popular programming languages and is well known
by engineers and scientists. The development was done using Git following the best practices
for open source developers. The repository is publicly available at https://github.com/
RudgeLab/LOICA under MIT license and the contributor covenant code of conduct. The
docstrings were written following the NumPy style over reStructuredText and Google because
its format is more amenable and readable, displaying information about input name, type
and description. The documentation were built with Sphinx and is publicly available on
https://loica.readthedocs.io/

The Operator and GeneProduct are abstract classes . Operators change their expres-
sion rate which modulates GeneProducts production. The Source is an Operator that

changes its gene expression according to a profile of constitutive expression. The Receiver


https://github.com/RudgeLab/LOICA
https://github.com/RudgeLab/LOICA
https://loica.readthedocs.io/
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is an Operator that changes its gene expression according to an input Supplement fol-
lowing a transfer function. The Hilll is an Operator that changes its gene expression
according to an input Regulator following a transfer function. The Hil12 is an Operator
that changes its gene expression according to two inputs Regulators following a trans-
fer function. GeneProducts have a fixed degradation rate that modulates GeneProduct
degradation or destruction. The Regulator is a GeneProduct that can be the input of an
Operator. The Reporter is a GeneProduct that can be measured or emits a signal. The
GeneticNetwork class encapsulates Operators and GeneProducts. GeneticNetworks
generate graph representations using NetworkX and SBOL representations using pySBOL3.
It can also plot the graphs using NetworkX [68] visualisation tools in a full or contracted
way. Default parameters for network visualisation were set by CV.

The Supplement is an experimentally controllable class that is the input of a Receiver.
The Metabolism class changes the biomass and growth rate over time. The Sample class
encapsulates GeneticNetwork, Metabolism and Supplements. The Assay class encap-
sulates Samples. Assay has two simulation algorithms, a deterministic simulation using
ODE:s with noise and a stochastic simulation using the Gillespie algorithm. The Colony class
encapsulates GeneticNetwork. Similar to an Assay with one Sample it runs deterministic
simulations of the spatio-temporal pattern of a growing colony using PDE:s.

Furthermore, LOICA optionally can be connected to SBOL and therefore to SynBioHub.
Operators and GeneProducts have an optional argument to add a SBOL3 Component
GeneticNetwork can be converted to SBOL3 compiling TUs sequences from Operators
and GeneProducts. Interactions and models are added to the SBOL document. Moreover,
LOICA optionally can be connected to Flapjack. Reporter has an argument for Signal
Flapjack ID. GeneticNetwork has an argument for Vector Flapjack ID. Assay, Sample
and Supplement have an argument for their counterparts in Flapjack connected through IDs

as well.

3.2.4 Encoding designs in SBOL3

LOICA generates a SBOL standardised representation of the designed genetic network. The
SBOL representation is created using pySBOL3 and can append the created objects to an
existing SBOL Document or create a new one. The only condition for this method is that all
the Operators and GeneProducts contained in the GeneticNetwork must have a SBOL
Component attribute. As the SBOL Components needed for Operators and GeneProducts
are composites, builder functions were developed to facilitate and make it more intuitive

creating them.
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Fig. 3.7 Objects relationship. Diagram of an Assay encapsulating a Sample which in turn
encapsulates Metabolism, Supplement, and GeneticNetwork. GeneticNetwork encap-

sulates the Operator and Regulator which generate a model through their interactions. On
the right side the different interactions with the Flapjack and SBOL models are shown.

GeneticNetwork has the method to generate the SBOL representation. The whole
genetic network is represented with a SBOL Component of type SBO DNA and role SO
ENGINEERED REGION. For each Operator a TU SBOL Component of type SBO DNA and
role SO ENGINEERED REGION is instantiated. The SBOL Components encapsulated by the
Operator and the output GeneProducts are used to create SBOL SubComponents that are
appended to the TU Component features. Then the order of the Operator followed by the
GeneProducts is fixed. For each GeneProduct a molecular representation Component of
type SBO PROTEIN or SBO RNA is created.

GeneProducts can be either a Regulator with the role SO TRANSCRIPTION FACTOR
or a Reporter with the role NCIT MEASURABLE. Then a Participation of role SBO
TEMPLATE is created with the SubComponents representing the GeneProduct DNA and
a Participation of role SBO PRODUCT is created with the SubComponents representing
the GeneProduct RNA or Protein. These two Participations are part of a Interaction
of type SBO GENETIC PRODUCTION that is appended to the TU Component interactions.
Then for each Operator input, its molecular representation is is used as participant of a
Participation of role SBO INHIBITOR or Operator and the depending on the alpha pa-
rameter and the Operator DNA representation is used as the corresponding Participation
of role SBO INHIBITED or SBO STIMULATED. An appropriate Interaction of type SBO
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Attributes

+ samples: list
+ n_measurements: int
+ interval: int
+ name: str
+ description: str
+ biomass_signal_id: int
Operations
+ run()
+ upload()
Attributes
+ genetic_network: GeneticNetwork
+ metabolism: Metabolism
+ uri: str
+ media: int
+ strain: int
- supplements: Supplements
- assay: Assay
Operations
- initialize()
+ set_supplement()
+ set_regulator()
+ set_reporter()
+ step() I
Supplement GeneticNetwork Metabolism
Attributes
Attributes Attributes Attributes A + biomass: function
+ name: str + operators: list + name: str + growth_rate:
+ pubchemid: str + regulators: list function
+ supplier_id: str + reporters: list
+ sbol_comp: sbol3.Component + vector: int
+ color: str
~ s Operations
concentration: int + addoperator() Attributes
+ add_regulator() + fy: .Class
i + add_reporter() + medui: str
Attributes —_— + to_graph() \__ + strain: str
+ input: . + vector: str
Supplement Attributes . ;(rz;:lt()gtracted_graph() + biomass_signal: str
+ rate: float
+ to_sbol() Operations
o Operations I - step() + biomass()
+ characterize() - substep_stochastic() + growth_rate()
Attributes - - expression_rate() - step_stochastic()
+ input: Regulator - forward_model()
- residuals()
Attributes JE— Attributes Operator GeneProduct Regulator
+ input: Regulator + input: GeneProduct/Supplement Attributes Attributes
+ alpha: list + name: str + name: str
+ k: float + output: GeneProduct + init_concentration: float _
N N Regulator
. —» + n: float ——» + uri: str + degradation_rate: float
. + sbol_comp: sbol3.Component + uri: str Attributes
Attributes - Operations . + color: str + sbol_comp: sbol3.Component + signal_id: int
+ input: Supplement * charact?rlze() . + color: str
- expression_rate() Operations + type: str
- forward_model() + expression_rate() + color: str
“ - residuals() - expression_rate: float
- concentration: float
+ input: Regulator Operations
Attributes - initialize()
+ input: GeneProduct/Supplement - express()
+ alpha: list - step()
Attributes — + n: float —
+ input: Regulator Operations

+ characterize()

- expression_rate()
- forward_model()
- residuals()

Fig. 3.7 Class Diagram. Purple boxes represent Abstract Class entities and blue boxes
represent Class entities. Diamond end arrows represents composition relationships, and
triangular end arrows represents inheritance relationships.
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INHIBITION or SBO STIMULATION is created with these Participations and appended to
the TU Component interactions.

Finally, a Model is created indicating the source, language and framework and appended
to the TU Component models. All the TU Components are added as SubComponent to the

genetic network Component and its position is fixed.

3.2.5 Genetic network design and simulation examples
Source

The simplest genetic network is one gene with constitutive expression. To design a genetic

network of a constitutive TU a Genetic Network were instantiated. Then, a GFP Reporter

was created and added to the Genetic Network. This component allows for the tracking of

the molecular species concentration for visualisation. Finally, a Source was created, with the

GFP Reporter as output, and added to the Genetic Network. This forms a TU that pro-

duces GFP in a constitutive fashion. Here is an example code, the full notebook is in https://
github.com/Gonzal 0V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networl
tree/main/notebooks

A B

GEP P —— SRC GEP P —— SRC

Fig. 3.8 Source genetic network. (A) Full genetic network diagram. (B) Contracted genetic
network diagram. As Operators and Reporters are shown in the both, the visualzation is
the same.

src = lc.GeneticNetwork(vector=vector.id[0])


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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gfp_rep = lc.Reporter(name='GFP', degradation_rate=1,
signal_id=gfp.id[0], sbol_comp=gp_gfp,
color='green')

src.add_reporter (gfp_rep)

j23101_src_gfp = lc.Source(output=gfp_rep, rate=10, sbol_comp=op_j23101)
src.add_operator(j23101_source_gfp)

src.draw()

The draw method plots the network representation of the graph generated by the GeneticNetwork
(Figure 3.8 A) and has an argument to plot the contracted version of the graph (Figure 3.8 B).

To setup the assay for simulations of a well with bacteria a SimulatedMetabolism
was created using the Gompertz growth model that describes the dynamics of a popula-
tion of bacteria over time. Then, a Sample was created, containing the GenenticNetwork,
Metabolism. Finally, an Assay was created containing the Sample, and defining the number
of measurements and interval between them. Simulations were performed using the run
method with defaults values (Figure 3.9 A) and using with NSR 1073 (Figure 3.9 B). Single
cell simulations were performed using a SimulatedMetabolism with growth rate 0 and
biomass 1. Then, a Sample was created, containing the GenenticNetwork and Metabolism.
Finally, an Assay was created containing the Sample, and defining the number of measure-
ments and interval between them. Simulations were performed using the run method with
stochastic equal True (Figure 3.9 C). Here is an example code, the full notebook is in https://
github.com/Gonzal0V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/

tree/main/notebooks

metab = lc.SimulatedMetabolism(name='LOICA metab',

biomass=biomass, growth_rate=growth_rate)

sample = lc.Sample(genetic_network=src,
metabolism=metab,
media=media.id[0],
strain=strain.id[0]
)
assay = lc.Assay([sample],
n_measurements=100,

interval=0.25,


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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Fig. 3.9 Source simulations. (A) Source GFP and biomass profiles simulated with LOICA
using Gompertz metabolism and ODEs. (B) Source GFP and biomass profiles simulated with
LOICA using Gompertz metabolism and ODE NSR 1073, (C) Source GFP profile simulated
with LOICA using growth rate 0, biomass 1 and the Gillespie algorithm.

name='LOICA Source (SRC) simulation',
description='Simulated constitutive expression',
biomass_signal_id=biomass_signal.id[0]

)

assay.run()

Receiver

A useful genetic network is a receiver, a gene that senses an experimentally accessible chemi-
cal and changes its gene expression in response. In this example the higher the concentration
of the external chemical, the higher the gene expression of the receiver. To design a genetic

network of areceiver TU a Genetic Network were instantiated. Then, a GFP Reporter was



56 Programmatic genetic network design automation

created and added to the Genetic Network. This component allows for the tracking of the

molecular species concentration for visualisation. An AHL inducer Supplement was created

as the external chemical. Finally, a Receiver was created, with AHL Supplement as input

and GFP Reporter as output, and added to the Genetic Network. This forms a TU that pro-

duces GFP in response to AHL. Here is an example code, the full notebook is in https://github.
com/GonzalO0V/Automated-design-build-test-learn-workflows-to-engineer-synthetic- genetic-networks/
tree/main/notebooks

A B

AHL

REC

GFP

Fig. 3.10 Receiver genetic network.(A) Full genetic network diagram. (B) Contracted genetic
network diagram. As Operators and Reporters are shown in the contracted network the
only difference is the Supplement.

rec = lc.GeneticNetwork(vector=vector.id[0])

gfp_rep = lc.Reporter(name='GFP', degradation_rate=1,
signal_id=gfp.id[0], sbol_comp=gp_gfp,
color='green')

rec.add_reporter(gfp_rep)
ahll = lc.Supplement (name='AHL', sbol_comp=hsl_c4)
ahl1l_REC_gfp = lc.Receiver(input=ahll, output=gfp_rep,

alpha=[100,0], K=1, n=2, sbol_comp=op_prhl)
rec.add_operator(ahll_REC_gfp)


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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rec.draw()

The draw method plots the network representation of the graph generated by the GeneticNetwork
(Figure 3.10 A) and has an argument to plot the contracted version of the graph (Figure 3.10
B).

To setup the assay for simulations of a well with bacteria a SimulatedMetabolism was
created using the Gompertz growth model that describes the dynamics of a population of
bacteria over time. Then, a list of Samples were created, containing the GeneticNetwork,
Metabolism and Supplement at different concentrations. Finally, an Assay was created
containing the set of Samples, and defining the number of measurements and interval be-
tween them. Simulations were performed using the run method with default values (Figures
3.11 and 3.12 A). Variants of the Receiver were done by changing their parameters and
following the steps described before. The alpha parameters were changed from [0,100]
to [20,200], this changed and extended the values for ON and OFF (Figure 3.12 B). The
K parameter was changed from 1 to 10, this moves the response curve to the right as
the switching point is at a higher concentration (Figure 3.12 C). The n parameter was
changed from 2 to 4, this makes the transition between states to be faster or sharper (Figure
3.12 D). Here is an example code, the full notebook is in https://github.com/GonzalOV/
Automated-design-build-test-learn-workflows-to-engineer-synthetic- genetic-networks/tree/
main/notebooks

100 1 sample

80 4

60 7

40

Measurement

209

T T T T T T
0 5 10 15 20 25
Time

Fig. 3.11 Receiver expression profiles. Receiver GFP profiles simulated with LOICA using
Gompertz metabolism and ODEs over different concentrations of inducer.

metab = lc.SimulatedMetabolism(name='L0OICA metab',

biomass=biomass, growth_rate=growth_rate)


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks

58 Programmatic genetic network design automation

samples = []
for concl in np.logspace(-3, 3, 12):
sample = lc.Sample(genetic_network=rec, metabolism=metab,
media=media.id[0], strain=strain.id[0])
sample.set_supplement (ahll, concl)
samples.append (sample)

assay = lc.Assay(samples,
n_measurements=100,
interval=0.25,
name='LOICA Source (REC) simulation',
description='Simulated Receiver generated by LOICA',

biomass_signal_id=biomass_signal.id[0]

assay.run()

Inverter

An inverter or NOT gate implements the logical negation. An inverter genetic network is a
gene that senses an internal molecule and changes its gene expression in response. In this
example the higher the concentration of the internal molecule, the lower the gene expression
of the inverter. To design a genetic network of an inverter a Genetic Network were instan-
tiated. An AHL inducer Supplement was created as the external chemical. Then, GFP and
RFP Reporters were created and added to the Genetic Network. This component allows
for the tracking of the molecular species concentration for visualisation. A Receiver were
created, with AHL Supplement as input, and GFP Reporter and Lacl Regulator as output.
Both were added to the Genetic Network. This forms a TU that produces GFP and Lacl in a
bicistronic fashion induced by the AHL. Finally, a Hil11 was created, with Lacl Regulator
as input and RFP Reporter as output. This forms a TU that produces RFP constitutively
and gets repressed by Lacl following the NOT logic. The Receiver and Hi111 were added
to the Genetic Network. Here is an example code, the full notebook is in https://github.com/
GonzalOV/Automated-design-build-test-learn-workflows-to-engineer-synthetic- genetic-networks/
tree/main/notebooks

inv = lc.GeneticNetwork(vector=vector.id[0])


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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Fig. 3.12 Receiver transfer curves. Average MEFL over profile expression at simulated

samples with different concentration of inducer. (A) Parameters used in the Receiver: alpha
=[0,100], K =1, n = 2. (B) Parameters used in the Receiver: alpha =[20,200], K=1,n

= 2. (C) Parameters used in the Receiver: alpha = [0,100], K = 10, n = 2. (D) Parameters
used in the Receiver: alpha = [0,100], K=1,n=4.

lc.Supplement (name="'AHL', sbol_comp=hsl_c4)

ahll =
gfp_rep = lc.Reporter(name='GFP', degradation_rate=1, signal_id=gfp.id[0],

sbol_comp=gp_gfp, color='green')
rfp_rep = lc.Reporter(name='RFP', degradation_rate=1, signal_id=rfp.id[0],

sbol_comp=gp_rfp, color='red')

inv.add_reporter([gfp_rep, rfp_repl)
laci_reg = lc.Regulator(name='LacI', degradation_rate=1, init_concentration=5,

sbol_comp=gp_laci)
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Fig. 3.13 Inverter genetic network. (A) Full genetic network diagram. (B) Contracted genetic
network diagram.

inv.add_regulator(laci_reg)

ahll_REC_laci_gfp = lc.Receiver(input=ahll, output=[laci_reg, gfp_rep],
alpha=[0,100], K=1, n=2, sbol_comp=op_prhl)

laci_NOT_rfp = lc.Hilll(name='NOT', input=laci_reg, output=rfp_rep,
alpha=[100,0], K=1, n=2, sbol_comp=op_plac)

inv.add_operator([ahll_REC_laci_gfp, laci_NOT_rfp])

inv.draw()

The draw method plots the network representation of the graph generated by the GeneticNetwork
(Figure 3.13 A) and has an argument to plot the contracted version of the graph (Figure 3.13
B).

To setup the assay for simulations of a well with bacteria a SimulatedMetabolism was
created using the Gompertz growth model that describes the dynamics of a population of
bacteria over time. Then, a list of Samples were created, containing the GeneticNetwork,
Metabolism and Supplement at different concentrations. Finally, an Assay was created
containing the set of Samples, and defining the number of measurements and interval be-
tween them. Simulations were performed using the run method with default values (Figures
3.14 A,B and 3.15 A). The Receiver were the same across all the simulations, and variants

of the Hill1l were done by changing their parameters and following the steps described



3.2 Results 61

before. The alpha parameters were changed from [0,100] to [20,200], this changed and
extended the values for ON and OFF (Figure 3.15 B). The K parameter was changed from
1 to 10, this moves the response curve to the right as the switching point is at a higher
concentration (Figure 3.15 C). The n parameter was changed from 2 to 4, this makes the
transition between states to be faster or sharper, decreasing the dynamic range (Figure
3.15 D). Here is an example code, the full notebook is in https://github.com/Gonzal0V/
Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/
main/notebooks

A B
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100 1 sample
80 1

80 - 4

60 60

Measurement
Measurement

40 40

20 A 20 1

0 5 10 15 20 25 0 5 10 15 20 25
Time Time

Fig. 3.14 Inverter expression profiles. (A). Receiver GFP profiles simulated with LOICA
using Gompertz metabolism and ODEs over different concentrations of inducer. (B) Inverter
RFP profiles simulated with LOICA using Gompertz metabolism and ODEs over different
concentrations of inducer.

metab = lc.SimulatedMetabolism(name='LOICA metab', biomass=biomass, growth_rate=grc

samples = []
for concl in np.logspace(-3, 3, 12):
sample = lc.Sample(genetic_network=inv, metabolism=metab,
media=media.id[0], strain=strain.id[0])
sample.set_supplement(ahll, concl)
samples.append (sample)

assay = lc.Assay(samples,
n_measurements=100,
interval=0.25,

name='L0OICA Inverter simulation',


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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description='Simulated Inverter generated by LOICA',

biomass_signal_id=biomass_signal.id[0]

assay.run()
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Fig. 3.15 Inverter transfer curves. Average green and red fluorescence profile expression at
simulated samples with different concentrations of inducer. In this simulation a Receiver
represents a TU that senses a biochemical signal and produces a the Regulator Lacl and
the Reporter GFP. The Hill1l represents a TU that senses the Regulator Lacl and in turn
express the Reporter RFP. The Receiver parameters are fixed alpha = [0,100], K=1, n
= 2. (A) Parameters used in the Hil11: alpha = [0,100], K = 1, n = 2. (B) Parameters used
in the Hi111: alpha = [20,200], K = 1, n = 2. (C) Parameters used in the Hi11l1: alpha =
[0,100], K =10, n = 2. (D) Parameters used in the Hi111: alpha = [0,100], K=1,n=4.



3.2 Results 63

Toggle switch

A toggle switch is a bistable genetic network formed by two mutually repressing genes. A
toggle switch genetic network remains in a state after a pulse stimulus which can be changed
with another pulse encoding a memory module. To design a bistable genetic network a
Genetic Network were instantiated. Two Regulators were created TetR and Lacl, and
added to the Genetic Network. For symmetry breaking the initial concentration of Lacl
was set to 5. Then, GFP and RFP Reporters were created and added to the Genetic
Network. This component allows for the tracking of the molecular species concentration
for visualisation. A Hilll encoding the NOT logic was created, with Lacl Regulator as
input, and TetR Regulator and GFP Reporter as output. This forms a TU that produces
TetR and GFP constitutively in a bicistronic fashion, and gets repressed by Lacl following
the NOT logic. A Hilll encoding the NOT logic was created, with TetR Regulator as
input, and Lacl Regulator and RFP Reporter as output. This forms a TU that produces
Lacl and RFP constitutively in a bicistronic fashion, and gets repressed by TetR following
the NOT logic. Here is an example code, the full notebook is in https://github.com/Gonzal0V/
Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/

main/notebooks
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NOT1
/ NOT1
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NOT2
NOT2

/ .

RFP RFP

Fig. 3.16 Oscillator genetic network. (A) Full genetic network diagram. (B) Contracted
genetic network diagram.

tgl = lc.GeneticNetwork(vector=vector.id[0])


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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tetr_reg = lc.Regulator(name='TetR', degradation_rate=1,
sbol_comp=geneproducts[0])

laci_reg = lc.Regulator(name='LacI', degradation_rate=1,

init_concentration=5, sbol_comp=geneproducts[1])

tgl.add_regulator([tetr_reg, laci_reg])

gfp_rep = lc.Reporter(name='GFP', degradation_rate=1, signal_id=gfp.id[0],

sbol_comp=geneproducts[2], color='green')

rfp_rep = lc.Reporter(name='RFP', degradation_rate=1, signal_id=rfp.id[0],
sbol_comp=geneproducts[3], color='red')

tgl.add_reporter([gfp_rep, rfp_repl)

laci_not_tetr_gfp = 1lc.Hilll(name='NOT1', input=laci_reg,

output=[tetr_reg, gfp_repl, alpha=[10,0.01], K=1, n=2, sbol_comp=op_plac)
tetr_not_laci_rfp = lc.Hilll(name='NOT2', input=tetr_reg,

output=[laci_reg, rfp_repl], alpha=[10,0.01], K=1, n=2, sbol_comp=op_ptet)
tgl.add_operator([laci_not_tetr_gfp, tetr_not_laci_rfp])

tgl.draw()

The draw method plots the network representation of the graph generated by the GeneticNetwork
(Figure 3.16 A) and has an argument to plot the contracted version of the graph (Figure 3.16
B).

To setup the assay for simulations of a well with bacteria a SimulatedMetabolism
was created using the Gompertz growth model that describes the dynamics of a popula-
tion of bacteria over time. Then a Sample was created, containing GenenticNetwork and
Metabolism. Finally, an Assay was created containing the Sample, and defining the number
of measurements and interval between them. Simulations were performed using the run
method with defaults values. Two genetic networks were constructed, one with Lacl initial
concentration set to 5 (Figure 3.17 A) and another with TetR initial concentration set to 5 (Fig-
ure 3.17 A). Here is an example code, the full notebook is in https://github.com/Gonzal0V/
Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/

main/notebooks

metab = lc.SimulatedMetabolism(name='LOICA metab',

biomass=biomass, growth_rate=growth_rate)


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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Fig. 3.17 Bistable genetic network simulations. (A) Bistable genetic network, simulated with
Lacl set to 5 as initial concentration. (B) Bistable genetic network, simulated with TetR set
to 5 as initial concentration.

sample = lc.Sample(genetic_network=tgl,
metabolism=metab,
media=media.id[0],
strain=strain.id[0]
)
assay = lc.Assay([sample],
n_measurements=100,
interval=0.25,
name='LOICA toggle switch simulation',
description='Simulated bistable genetic network generated by LOICA',
biomass_signal_id=biomass_signal.id[0]

assay.run()

Repressilator

A repressilator is a genetic network formed by three genes repressing each other in a ring
fashion. A genetic network encoding a genetic ring oscillator similar to the repressilator
can be done with three Operators repressed in a ring fashion. To design a genetic net-
work of a ring oscillator a Genetic Network were instantiated. Three Regulators were
created TetR, CI and Lacl, and added to the Genetic Network. For symmetry breaking
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the initial concentration of Lacl was set to 5. Then, a GFP Reporter was created and
added to the Genetic Network. This component allows for the tracking of the molecular
species concentration for visualisation. A Hill1 encoding the NOT logic was created, with
TetR Regulator as input, and CI Regulator as output. This forms a TU that produces
CI constitutively and gets repressed by TetR following the NOT logic. A Hill1l encoding
the NOT logic was created, with CI Regulator as input, and Lacl Regulator as output.
This forms a TU that produces CI constitutively and gets repressed by Lacl following the
NOT logic. A Hilll encoding the Lacl NOT TetR logic was created, with Lacl as in-
put, and GFP Reporter and TetR Regulator as output. This forms a TU that produces
TetR and GFP constitutively in a bicistronic fashion, and gets repressed by Lacl following
the NOT logic. Here is an example code, the full notebook is in https://github.com/Gonzal0V/
Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/
main/notebooks

A B

GFP GFP

NOT1

NOTZ
TetR

NOT1
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\ ; /NOTz

Fig. 3.18 Oscillator genetic network. (A) Full genetic network diagram. (B) Contracted
genetic network diagram.

NOT3

rep = lc.GeneticNetwork(vector=vector.id[0])

|

tetr_reg = lc.Regulator(name='TetR', degradation_rate=1,

sbol_comp=geneproducts[1])

laci_reg = lc.Regulator(name='LacI', degradation_rate=1,
init_concentration=5, sbol_comp=geneproducts[2])

ci_reg = lc.Regulator(name='cI', degradation_rate=1,


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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sbol_comp=geneproducts[3])

rep.add_regulator([tetr_reg, laci_reg, ci_reg])

gfp_rep = lc.Reporter(name='GFP', degradation_rate=1, signal_id=gfp.id[0],
sbol_comp=geneproducts[0], color='green')

rep.add_reporter(gfp_rep)

tetr_not_ci = 1lc.Hilll(name='NOT1', input=tetr_reg, output=ci_reg,
alpha=[100,0], K=1, n=2, sbol_comp=op_ptet)
ci_not_laci = 1lc.Hilll(name='NOT2', input=ci_reg, output=laci_reg,
alpha=[100,0], K=1, n=2, sbol_comp=op_plam)
laci_not_tetr_gfp = lc.Hilll(name='NOT3', input=laci_reg,
output=[tetr_reg, gfp_rep], alpha=[100,0], K=1, n=2, sbol_comp=op_plac)

rep.add_operator([laci_not_tetr_gfp, ci_not_laci, tetr_not_ci])

rep.draw()

The draw method plots the network representation of the graph generated by the GeneticNetwork
(Figure 3.18 A) and has an argument to plot the contracted version of the graph (Figure 3.18
B).

To setup the assay for simulations of a well with bacteria a SimulatedMetabolism was
created using the Gompertz growth model that describes the dynamics of a population of bac-
teria over time. Then, a Sample was created, containing the GeneticNetwork, Metabolism.
Finally, an Assay was created containing the Sample, and defining the number of measure-
ments and interval between them. Simulations were performed using the run method with
default values (Figure 3.19 A) and using NSR 1073 (Figure 3.19 B). Single cell simulations
were performed using a SimulatedMetabolism with growth rate 0 and biomass 1. Then, a
Sample was created, containing the GeneticNetwork and Metabolism. Finally, an Assay
was created containing the Sample, and defining the number of measurements and interval
between them. Simulations were performed using the run method with stochastic equal
True (Figure 3.19 C). Here is an example code, the full notebook is in https://github.com/
GonzalOV/Automated-design-build-test-learn-workflows-to-engineer-synthetic- genetic-networks/

tree/main/notebooks

metab = lc.SimulatedMetabolism(name='LOICA metab',

biomass=biomass, growth_rate=growth_rate)


https://github.com/Gonza10V/Automated-design-build-test-learn-workflows-to-engineer-synthetic-genetic-networks/tree/main/notebooks
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Fig. 3.19 Genetic oscillator simulations. (A) Oscillator GFP and biomass profiles simulated
with LOICA using Gompertz metabolism and ODE:s. (B) Oscillator GFP and biomass profiles
simulated with LOICA using Gompertz metabolism and ODE NSR 1073, (C) Oscillator GFP
profile simulated with LOICA using growth rate 0, biomass 1 and the Gillespie algorithm.

sample = lc.Sample(genetic_network=rep,
metabolism=metab,
media=media.id[0],
strain=strain.id[0]
)
assay = lc.Assay([sample],
n_measurements=100,
interval=0.25,
name='LOICA genetic oscillator simulation',
description='Simulated genetic oscillator generated by LOICA',

biomass_signal_id=biomass_signal.id[0]
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assay.run()

3.2.6 Operator model parameterization

To parameterize an Operator LOICA finds the values for the gene expression and growth
rate models that better resemble experimental results using the characterise method. The
characterise method is enabled by the two-way communication with Flapjack to access
experimental data and analysis tools.

Instead of selecting the values for a profile, alpha, K and n, these can be extracted from
the data using the characterise method. The Receiver characterise method uses information
about the Flapjack instance, vector, media, strain, signal and biomass signal to request the
data. It gets two DataFrames with background correction, the expression dataframe for the
signal and the biomass dataframe for the biomass signal. These DataFrames are used as
input for the residuals method that creates a function of a vector with the values for alpha0,
alphal, K and n for each Sample. Inside this loop the residuals method calls the forward
model method creating an array of simulated data that is subtracted from an array with the
experimental data and appended as residual. The residuals are used in the final part of the
characterise method that uses least squares to obtain the alpha, K and n that better resembles
the data.

The Hill1 characterise method uses information about the Flapjack instance, Receiver
vector, Hill1 vector, media, strain, signal and biomass signal to request the data. It gets two
DataFrames with background correction, the expression dataframe for the signal and the
biomass dataframe for the biomass signal, and characterises a Receiver. These DataFrames
and Receiver gene expression model values are used as input for the residuals method that
creates a function of a vector with the values for alpha0, alphal, K and n for each Sample.
Inside this loop the residuals method calls the forward model method creating an array of
simulated data that is subtracted from an array with the experimental data and appended as
residual. The residuals are used in the final part of the characterise method that uses least
squares to obtain the alpha, K and n that better resembles the data.

The Hil12 characterise method uses information about the Flapjack instance, Receiver
vector 1, Receiver vector 2, chemical 1, chemical 2, Hi112 vector, media, strain, signal,
gamma and biomass signal to request the data. It gets two DataFrames with background
correction, the expression dataframe for the signal and the biomass dataframe for the biomass
signal and characterises both Receivers. These dataframes, Receivers gene expression
model values and gamma are used as input for the residuals method that creates a function of
a vector with the values for alpha0, alphal, K and n for each chemical and Sample. Inside
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this loop the residuals method calls the forward model method creating an array of simulated
data that is subtracted from an array with the experimental data and appended as residual.
The residuals are used in the final part of the characterise method that uses least squares to
obtain the alpha, K and n that better resembles the data.

I exemplify this process for a two-input Operator using simulated data (see example
notebook https://github.com/RudgeLab/LLOICA/blob/master/notebooks/Hill2.ipynb)

In order to characterise the two-input Operator, three auxiliary genetic networks are
required. Two receiver GeneticNetwork composed of a Receiver with a Supplement as
input, in this case C4 and C6 HSL respectively and a both with a GFP Reporter as output
measurable signal. The last network includes the two previously described Receivers
but now with a Regulator as output, instead of the GFP Reporter. In the example the
Receiver whose input is C4 HSL outputs Lacl and the Receiver which input is C6 HSL
outputs TetR. These two Regulators are the input for the NOR Hill2 which output is a
GFP Reporter (Figure 3.20 A). LOICA were used to generate simulated kinetic, time-series
data (Figure 3.20 B). Then, the simulated data were uploaded to Flapjack (Figure 3.20
C). Finally, the characterise method of the NOR Hill2 were run, which in turn run the
characterise method on each of the Receivers to parameterize its gene expression model
(Figure 3.20 D). In Chapter 5 I develop a mathematical method to characterise microbial

gene expression and growth rates.

3.3 Methods

3.3.1 Software development

LOICA was developed in Python 3, its dependencies are Numpy [70], Scipy [181], Net-
workX [68], Pandas [111], pySBOL3 [117], Tyto [8], tgdm [39]. Software source code is
publicly available under MIT licence at https://github.com/RudgeL.ab/LOICA. The documen-
tation is available at https://loica.readthedocs.io and the package is distributed through PyPI
https://pypi.org/project/loica. Designs and simulations were performed on a Apple MacBook
Pro 15-inch, 2019, with a 2,6 GHz 6-Core Intel Core 17 processor, Radeon Pro 555X 4 GB
and Intel UHD Graphics 630 1536 MB GPUs, and 16 GB 2400 MHz DDR4 RAM.

3.3.2 Noise in Kinetic Gene Expression and Biomass Simulations

Noise and background were added according to the following equations with B’ = 0.1 and
/
y =0.1,


https://github.com/RudgeLab/LOICA/blob/master/notebooks/Hill2.ipynb
https://github.com/RudgeLab/LOICA
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where & and {; are uncorrelated white noise with variance 02, due to the measurement
process. Simulated measurements were generated using LOICA [178] then uploaded to

Flapjack [196], and analyzed using the API via Python.

3.4 Discussion and conclusions

In this chapter I developed a software tool to design synthetic genetic networks based on
abstraction from Chapter 2. Standardised the output of the software tool from using SBOL3.
Connected the software tool from to experimental data for characterization.

LOICA is a programmatic genetic network design tool, implemented as a Python package
that generates network representations, simulations using ODE, ODE with noise and SSA, and
can characterise genetic components from experimental data. LOICA makes accessible the
genetic design to students and researchers with low to intermediate Python knowledge. This
language is used by most biologists and engineers, for data analysis or software development,
tackling the two most common backgrounds in synthetic biology and more. There is a good
set of tools in Python on the SBOL ecosystem, like pySBOL3, sbol-utilities and TYTO and
Flapjack has a Python package to access its API. This facilitates the development of new
features or the maintenance of the software tools. Python is one of the most popular languages
and has some of the most popular Al packages such as tensorflow and pytorch. Although
LOICA alone is not a GDA tool it becomes one when used inside the Python environment
in combination with other tools as demonstrated in 6.2.1. It’s programmatic nature make
it compatible with HPC, and has been used in this setup allowing for the simulation of
many designs in parallel [145], in this case used to simulate parallel SSA for Monte Carlo
simulations on more complex genetic networks. The designs includes genetic networks to
perform phase-based arithmetic such as a majority gate, a full adder and a 4-bit phase-based
genetic ripple adder [145].

LOICA is already impacting synthetic biology, presented in several conferences as poster
and workshop. LOICA has been used for teaching synthetic biology modules at Pontifical
Catholic University of Chile and Newcastle University. LOICA is already being extended
by the community. A master student implemented diffusible signals and a new release is
pending. Examples of the use of LOICA for genetic network design automation are available
in Synthetic Biology Methods and Protocols [179].

As future work, I would like to connect LOICA to CellModeller to provide an easy
way to access IBM for genetic network designs. With these capabilities, spatio-temporal
patterns and emergent properties could be better studied. Also, I want to make more accurate

predictions of expression profiles from sequence by studying effects of CDS swapping on
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gene expression using techniques from Al. This would improve the assumption that gene
expression remains the same after a reporter is swapped with our protein of interest. This
can be analysed using LOICA characterization on a dataset of experimental data of swapped
CDSs and LOICA could even be used for data augmentation. Furthermore, develop a GUI
for LOICA to allow students and researchers without code experience to use it. I also worked
in a Julia implementation of LOICA, but due to lack of time I had to put it in the back burner.
The development of a connection between LOICA implementations in Python and Julia
would cover one of the major problems in Python which is speed and would allow the use of
stochastic rate parameter inference using the cross-entropy method (SPICE) for stochastic
model parameterization [164]. The export of designs in SBOL does not just connect LOICA
to the synthetic biology community but as SBOL can be converted into the Systems Biology
Markup Language (SBML) [122] it connects LOICA to the systems biology community

widening its impact.






Chapter 4

Standardizing and automating build
planning
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4.1 Introduction

When discussing build planning, synthetic biologists usually refer to different DNA sequences
when referring to a part, it could be for example, a design for a part, that same design with
fusion sites or that same design in a plasmid. A standard that serves as common language
would help researchers to communicate effectively their assembly strategy or build plan and
would help software tools to process these build plans in a reproducible manner. The build
plan standardisation is a collaborative work where I participated as a member of the iGEM
Engineering Committee. It was proposed as the SBOL Enhancement Proposal (SEP) 055 —
Representation of Parts and Devices for Build Planning. This SEP was rejected because it
does not modify the SBOL specification but was implemented as a Best Practice (BEP) 011 —
Representation of Parts and Devices for Build Planning.

Lab automation tools have the capability to increase scientific throughput by reducing the
time that researchers spend in the lab, reducing pipetting errors and its standard deviation,
and increasing metadata capture, traceability and reproducibility. One of the first barriers for
lab automation is the cost of liquid handling robots. This has been addressed by companies
like Opentrons that have substantially reduced the cost of liquid handling robotics by making
them open source. Although a lot of liquid handling robotics have been implemented in
research and industrial laboratories there is still a challenge in the training of new users and
the creation of new protocols. PUDU is a Python package for liquid handling robot control
in synthetic biology workflows. It is composed of a set of classes that represent different
common protocols from cloning such as DNA assembly, transformation, test plate setup and
even calibration. These protocols are easy to modify and to adapt to different laboratory
needs, reducing the barrier for new students and researchers to use the OT-2. Furthermore,
PUDU connects to standards by accepting SBOL build designs as input and generating SBOL

files of the protocol products as output.

4.2 Results

4.2.1 Encoding building plans in SBOL3

Note: The work presented in this section was carried out in collaboration with Vinoo
Salvaraja, Gael Chambonnier, Traci Haddock-Angelli, Alejandro Vignoni, Nicholas Roehner
and Jacob Beal from iGEM and the iGEM Engineering Committee.

The development of the terminology for build planning considered common diges-
tion/ligation build workflows, for the "classic" restriction enzyme cloning and the Golden

Gate assembly [52]. BioBricks [158] were considered as assembly standard for restriction
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enzyme cloning, and MoClo [190], GoldenBraid [152] and PhytoBricks [26] were considered
assembly standards for Golden Gate. Terms were developed with the aim of representing
them as closely as possible to pre-existing jargon and patterns in descriptions and discussions
of "parts" , "backbones" and "assembly" amongst practitioners, with adjustments to eliminate
ambiguity. This terminology was circulated to collect feedback from other synthetic biology
practitioners, privately in a first instance and then publicly and adjusted iteratively to address
issues raised in comments.

The resulting terminology focused on the three main concepts of part (Table 4.1), back-
bone (Table 4.2), and assembly (Table 4.3). This terminology is compatible with functional
synthetic biology [3] (Chapter 2) representing the build part of it. To make this terminology
more concrete two common workflows that were used in this work are described.

In the domestication process a part recently designed or modified is inserted into a
backbone compatible with an assembly method. In this example the design starts with a
Fart core that represents a new GFP CDS without stop codon, 4 bp where added as prefix
AATG to join a CDS and as sufix AGCC to join a degradation tag to create a Part insert
because now has a defined interface in an assembly. Along these sequences Sapl Restriction
enzyme recognition sites to create a Part in backbone which can be synthesised as double
stranded linear DNA. These linear Parts in backbone can be used with the universal
acceptor in an assembly. During the assembly the double stranded DNA is digested creating
a Part extract and the universal acceptor is digested creating an Open backbone. The
Part extract and Open backbone fusion sites or interfaces align by base complementarity
and are ligated producing a Part in backbone that now is in a circular backbone and that

can be used as level 0 part in Phytobrics and MoClo.

4.2.2 Implementing building plans using Python

Note: This work was conducted as part of a SBOL Industrial internship supported by the
BioDesign Automation Consortium (BDAC), and supervised by Jacob Beal.

The concepts captured by the terminology in section 4.2.1, were explicitly represented in
SBOL3 [112] using pySBOLS3, sbol-utilities and pyDNA. This enables the development and
use of software tools for working with parts and assembly plans in-silico. The BPO11(see
Figure 4.3) was implemented in sbol-utilities, components modules, as a set of functions and
objects for build planning.

The ed restriction enzyme uses a name to build an ExternallyDefined with type
SBO PROTEIN. The name must follow the standard restriction enzyme nomenclature, i.e.
"Bsal’ to be used to construct a rebase URI that links to the canonical definition external to
SBOL.
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Terminology Definition

Part Design for a single contiguous linear DNA construct with a completely
specified sequence.

Part Core Any part that is not designed with reference to an assembly. In many cases
a part core may also be a device with a function that can be defined simply
(e.g., promoter, CDS, terminator), but part cores can potentially also be more
complex devices, such as a whole functional unit or even an entire gene
cluster (this is why "core" is used rather than "basic"). The distinction is in
whether an assembly is referenced in the design (i.e., a composite part can
be transformed into a part core by stripping associated assembly informa-
tion).

Composite A part that is designed as the composition of two or more other parts

Part through an assembly. Note that samples of a composite part need not ac-
tually be produced by its designated assembly process: for example, the part
might be implemented directly via synthesis, including the scars that would
have been formed as part of assembly.

Assembled A part, plus any 5° or 3’ flanking scars, within the post-assembly context of
Part a composite part.

Scar A sequence that is produced by the combination of flanking sequences in an
assembly.

Table 4.1 Part related terminology.

The backbone uses an identity, sequence, dropout location, fusion site length and a
boolean to inform if it is linear or not to build a backbone Component and Sequence. To do
this, first it builds a dna component with sequence using the identity and sequence pro-
vided and appends the role SO DOUBLE STRANDED to represent the backbone. Then, it creates
two SequenceFeatures, one representing the dropout sequence with a role SO.deletion
and another representing the insertion sites with a role SO insertion site. The last
SequenceFeature to add is the open backbone and it is calculated differently depending if
the backbone is linear or circular. If the backbone is linear the sequence from the beginning
up to the start of the dropout sequence and after the dropout sequence up to the end are
used to create the open backbone SequenceFeature these 2 segments have order 1 and 3
respectively to convey that there is something in between them. If the backbone is circular
the sequence from the beginning up to the start of the dropout sequence and after the dropout
sequence up to the end are used to create the open backbone SequenceFeature these 2
segments have order 2 and 1 respectively to convey that there is a continuity between them.
Finally, the three SequenceFeatures are added as features to the backbone Component
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Terminology Definition

Backbone A DNA construct into which parts are intended to be inserted at one or more
designated insertion sites, in order to meet the requirements of an assembly.
Precisely one part can be inserted at any given insertion site. In many cases,
a backbone will be a circular plasmid with precisely one insertion site, but
other types of vector are possible as well, such as linear plasmids, viral
replicons, or non-replicating flanking adapters.

Drop-Out A portion of a backbone at an insertion site that is removed when a part is
Sequence inserted at that site. Some backbones include drop-out parts while others do
not.

Open A portion of a backbone that after a digestion processes is the complement

Backbone  of drop-out sequence. In most cases the open backbone will be a transient
state during assembly which is the result of digesting a backbone. Open
backbones can be ligated with extracted parts and is commonly the longest
of the digested products carrying features such as antibiotic resistance and
origin of replication.

Open Part in A portion of a backbone that after a digestion processes is the complement
Backbone  of drop-out sequence in backbones that contains multiple insertions sites and
others has been occupied by a part insert already.

Part Insert A part, plus any 5’ and 3’ flanking sequences, that is placed into a desig-
nated insertion site of a backbone.

Part in A backbone with at least one insertion site occupied by a part insert.
Backbone

Part Extract A part, plus any 5 or 3’ flanking sequences, that has been extracted from a
part in backbone as part of an assembly process. Note that the same extract
can be produced from a backbone with flanking sequences and an insert
without or a backbone without flanking sequences and an insert that includes
them.

Table 4.2 Backbone related terminology

created at the beginning and a meet Constraint using the dropout sequence as subject and
the open backbone as object is appended.

The backbone from sbol uses an identity, SBOL Component, dropout location, fusion
site length and a boolean to inform if is linear or not to build a backbone Component and
Sequence.

The part in backbone uses an identity, part core SBOL Component, backbone SBOL

Component and a boolean to inform if is linear or not to build a part in backbone Component
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Terminology Definition

Assembly A plan for combining a set of input parts in order to produce an output of
either a single composite part or a library of composite parts. The inputs and
output may or may not include backbones, depending on the specifics of
the assembly. An assembly plan can be executed by appropriate laboratory
protocols.

Table 4.3 Assembly terminology.

and Sequence. To do this, first it computes the two open backbone sequences before and
after the dropout and extracts the part core sequence. If it is linear, the part in backbone
sequence is compiled by adding the open backbone before the dropout sequence, the part core
sequence and the open backbone after the dropout sequence. Also the topology type is set to
S0 LINEAR. If it is circular, the part in backbone sequence is compiled by adding the part
core sequence, the open backbone after the dropout sequence and the open backbone before
the dropout sequence. Also the topology type is set to SO CIRCULAR. Then, using the part
in backbone sequence it builds a dna component with sequence with role SO plasmid
vector and the topology type to represent the part in backbone. Finally, it creates a part core
SubComponent with role SO.engineered insert and a backbone SubComponent and add
them as features to the part in backbone Component.

The part in backbone from sbol uses an identity, SBOL Component, part location,
part features, fusion site length and a boolean to inform if is linear or not to build a part
in backbone Component and Sequence. To do this, first depending if the identity is a
string or None it builds a new dna component with sequence using the using the iden-
tity and the sequence from the input Component or writes in top of the input Component
maintaining its identity. Then, it appends the role SO DOUBLE STRANDED and creates two
SequenceFeatures one for the part with role SO.engineered insert and other for the
insertion sites with role SO.insertion site. If the part in backbone is linear the sequence
from the beginning up to the start of the dropout sequence and after the dropout sequence up
to the end are used to create the open backbone SequenceFeature these 2 segments have
order 1 and 3 respectively to convey that there is something in between them. Also the topol-
ogy type SO LINEAR and the role SO ENGINEERED REGION are appended. If the backbone
is circular, the sequence from the beginning up to the start of the dropout sequence and after
the dropout sequence up to the end are used to create the open backbone SequenceFeature.
These 2 segments have order 2 and 1 respectively to convey that there is a continuity between
them. Also the topology type SO CIRCULAR and the role SO plasmid vector are appended.

Finally, the three SequenceFeatures are added as features to the backbone Component
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created at the beginning and a meet Constraint using the dropout sequence as subject and
the open backbone as object is appended.

The digestion uses a reactant, a restriction enzyme and an assembly plan to create
Extracted partsand Open backbones and a cleavage interaction. Reactants can be either
aPart in backbone or a Backbone, enzyme can be an externally defined enzyme and the
assembly plan is the component that stores the products and interactions.

The ligation uses a list of reactants and an assembly plan to create a Composite part
and a ligation interaction. Reactants can be Part extracts and Open backbones and the
assembly plan is the component that stores the products and interactions.

The Assembly plan composite in backbone single enzyme is a class to orches-
trate an assembly plan that produces a composite part in backbone using a single enzyme.
The attribute part in backbone stores all parts in backbones to be used during the assembly.
The attribute acceptor backbone stores all the backbones to be used during the assembly. The
attribute restriction enzyme stores the restriction enzyme to be used during the assembly.
This class is constrained to one restriction enzyme per reaction. The document stores the
SBOL document that will contain all the components and interactions produced during the
assembly. These classes can be used to format SBOL files created with LOICA, see Chapter 3

4.2.3 Creating build metadata in SBOL3

Recurrent reagents were recognized by iterating cloning and test setup. These recurrent
reagents were abstracted and organised as a metadata model (Figure 4.1). The metadata
model includes: DNA, Strain, Chemical, Media, GMO, Supplement, Sample and Assay.
DNA represents any DNA with a sequence that is a plasmid like circular Backbones and
Part in backbones from section 4.2.1. Strain represents any strain with its genome in a
public repository like KEGG and may have a model. Chemical represents any chemical with
ChEBI or PubChem ID. Media represents any media with a name and recipe. GMO represents
any organism or Strain transformed with DNA. Supplement represents any Chemical that
1s used to supplement, or that is added to a Sample. Sample represents one well in a 96 well
plate with a mix of Media, GMO and Supplement. Assay represents a loaded 96 well plate.
All these abstracted parts from the metadata model interact in the physical world through
implementations. Implementations can be more specific and store specific information to
track location, provider and reference information. A Chemical implementation can be an
IPTG (CHEBI:61448) inducer solution in a -20 freezer. A Media implementation can be a
Duran Schott bottle with LB media on shelf 1. A Strain implementation can be a DHS« in
a cryogenic tube in a cryogenic box in a -80 freezer. A GMO implementation can be a DH5 ¢,
transformed with a plasmid, in a cryogenic tube in a cryogenic box in a -80 freezer. A 96
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well plate implementation can be a loaded 96 well plate ready to be measured. DNA can be
in different forms during the Build stage. Usually researchers get DNA from bacteria stabs
transformed with a plasmid (an Addgene order for example), having to perform culturing
and extraction to get Extracted DNA, this process is the same for GMO created in situ at
the laboratory. Another form in which DNA is obtained is as a synthesis product with an
informed concentration, mass or moles (an IDT order for example). This synthesis product
can be represented with Diluted DNA, which also can be used to represent dilutions made
from Extracted DNA produced in the laboratory. Finally, DNA can be assembled at the lab
and represented with Assembled DNA. DNA in any physical implementation can be used to
produce new GMOs (Figure 4.1)

The metadata backbone proposed in this work can be customised to other laboratory
needs. For this I created a set of functions to create components to track metadata that can be
used along with the workflow.

* dna component with sequence uses an identity and a sequence to build a Sequence
with encoding TUPAC DNA ENCODING and a Component of type SBO DNA.

* rna component with sequence uses an identity and a sequence to build a Sequence
with encoding TUPAC RNA ENCODING and a Component of type SBO RNA.

* protein component with sequence uses an identity and a sequence to build a
Sequence with encoding TUPAC PROTEIN ENCODING and a Component of type SBO
PROTEIN.

* functional component uses an identity to build a Component of type SBO FUNCTIONAL
ENTITY.

* promoter uses an identity and sequence to build a dna component with sequence
and append the role SO PROMOTER.

* rbs uses an identity and sequence to build a dna component with sequence and
append the role SO RBS.

* cds uses an identity and sequence to build a dna component with sequence and
append the role SO CDS.

* terminator uses an identity and sequence to build adna component with sequence
and append the role SO TERMINATOR.

e protein stability element uses an identity and sequence to build a dna component

with sequence and append the role SO protein stability element.
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* gene uses an identity and sequence to build a dna component with sequence and
append the role SO GENE.

* operator uses an identity and sequence to build a dna component with sequence
and append the role SO OPERATOR.

* engineered region uses an identity and features as Component or SubComponent
to build a Component of type SBO DNA and append the role SO ENGINEERED REGION
and the features. SubComponents are added directly and Components are converted
to SubComponents and then added. Features are added in the order of the input list

and is fixed using Constraints.

* mrna uses an identity and sequence to build a rna component with sequence and
append the role SO MRNA.

* transcription factor uses an identity and sequence to build a protein component
with sequence and append the role SO TRANSCRIPTION FACTOR.

* media uses an identity and a recipe to build a functional component and append
the role NCIT Media. The recipe is a dictionary having as key a Component of the

ingredient and a Measure of the added amount.

* strain uses an identity and a recipe to build a functional component and append
the role NCIT Strain.

* ed simple chemical uses a definition, a URI that links to a canonical definition
external to SBOL (recommended repositories are ChEBI and PubChem) to build an
ExternallyDefined with type SBO SIMPLE CHEMICAL.

* ed protein uses a definition, a URI that links to a canonical definition external to
SBOL (the recommended repository is UniProt) to build an ExternallyDefined with
type SBO PROTEIN.
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+ provider:str + provider: str + provider: str
+ A260_A280: SBOL measure + A260_A280: SBOL measure + A260_A280: SBOL measure
+ A260_A230: SBOL measure + A260_A230: SBOL measure + A260_A230: SBOL measure
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Fig. 4.1 Metadata representation flow diagram. SBOL Components (Blue) and representation
of their physical implementation (Purple) used to represent the metadata produced at Build
stage. The abstract elements DNA and Strain are encapsulated by GMO, Chemical is encap-
sulated by Supplement. Media, GMO and Supplement are encapsulated by Sample which
in turn is encapsulated into Assay. The metadata from the physical implementations of these
elements to prepare a test, such as sample design which includes Chemical, Strain, Media
and GMO. In this context DNA implementations can be found in three forms, Extracted
DNA represents DNA that has been extracted from a GMO through miniprep for example.
Diluted DNA represents a DNA with a known concentration that can be product of diluting
an Extracted DNA or synthesis product, it can be in fmol/uL and used for assemblies.
Assembled DNA represents assembly products. All three can be used with a Strain to
create new GMO and optionally have quality and sequencing information.
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4.2.4 Automating build using Opentrons OT-2 liquid handling robot

Note: The work presented in this section was carried out in collaboration with David
Markham (DM) and Matt Burridge (MB) from ICOS. All experiments and coding presented
below were performed by GV, except where explicitly noted as the work of a collaborator.

Protocol Unified Design Unit (PUDU) provides a high-level abstraction for liquid han-
dling robot control using a simple object-oriented programming approach in Python. Each
object corresponds to a protocol template that can be easily customised changing its attributes.
This allows the user to change the samples, volumes, pipette position, labware and more, but
the protocol remains the same. To create a new class, or protocol template, users can inherit
from existing ones and build on top of them making this process more straightforward, easy
to update and reducing errors. For example, let’s define a protocol as the series of steps that
the human and the machine have to follow to achieve a goal. This goal can be to obtain a
sequence of DNA, transform a cell or calibrate a plate reader. Then inside a protocol there are
steps that a human has to perform and steps that the machine has to perform. The steps that
the human has to perform are encoded in text. The steps that the machine has to perform are
encoded in the script. To define a script, or OT-2 protocol, you need to create a run function
that encodes the labware type and position, as well as the liquid transfers. PUDU simplifies
this process of making and using scripts to just two lines of code. Inside the script’s run
function, the user needs to instantiate a PUDU class and then call its own run method.

For a typical PUDU protocol, the user creates a script and simulates it. The simulation
will output a dictionary in the command line with information about reagent position. Then,
the user can load the script into the Opentrons App and get information to set up the OT-2
deck and run the script. These scripts automate different stages of the cloning process, the
test setup and calibration (Figure 4.2). All the code, protocols, examples and documentation
are publicly available at https://github.com/RudgeLab/PUDU


https://github.com/RudgeLab/PUDU
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Fig. 4.2 PUDU workflow diagram. Synthetic biology workflow automated using PUDU. The
DNA Assembly class automates domestication and the assembly using a design in SBOL
or a list of parts using Loop. This process can be automated using a a DNA Assembly
script. Then, the Transformation class automates the transformation of bacteria with the
assembled DNA. Finally, the Test Setup class automates the setup of a 96 well plate with
the transformed bacteria under different conditions. Furthermore, The Calibration class
automates the preparation of a 96 well plate to obtain calibrated data.
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DNA Assembly

The DNA Assembly class has three child classes, SBOL DNA Assembly, Domestication
and Loop DNA Assembly. The DNA Assembly class is intended to be a template for default
values and structure of other assembly classes, therefore it does not have a run method.
The SBOL DNA Assembly class takes an assembly plan as input in SBOL format. This
assembly plan must follow the representation of parts and devices for build planning best
practice (https://github.com/SynBioDex/SBOL-examples/tree/main/SBOL/best-practices/
BPO11). This input provides the parts to mix and the restriction enzyme(s) to use. LOICA’s
SBOL output can be formatted with build plan best practices to connect Design and Build
stages, see Chapter 3.

The Domestication class takes two inputs as either strings or SBOL Components.
The first input is a list or dictionary of parts and the second is the acceptor backbone. It
is designed to insert DNA parts from linear fragments (e.g. gBlocks) into plasmids (e.g.
universal acceptor backbone pSB1C00) assuming the use of Sapl.

Design Part insert
D — 5D
Part core I Synthesis
'I * Digestion Assembly

Part in backbone (linear)

Part extract |
" _I_I-D_I_I_ " ):IC —__D_—_ Ligation  part jn backbone (circular)

I Restriction —'D-—
Backbone enzyme
|
|
|

Open backbone

o R ngase
[Fan R ]

Fig. 4.3 Standard build plan representation of a Loop domestication. The design process
starts with a new part core, in this example a new green CDS. Then its position on the
assembly is decided and flanking regions are added to the design creating a part insert. The
part insert then can be synthesised as a part in the linear backbone with the restriction enzyme
recognition sites for part extraction. The backbone represents the universal acceptor. The part
in the linear backbone and the backbone are digested using a restriction enzyme producing a
part extract and an open backbone. These two digestion products then are ligated using a
ligase to create a circular part in backbone that represents a level O part for Loop assembly.

The Loop DNA Assembly class takes a list of dictionaries as an input. Each dictionary
describes the assembly of a combinatorial derivation of parts, for example: {"promoter" :
["j23101", "j23100"], "rbs" : "B0034", "cds" : "GFP", "terminator” : "B0015", "receiver"
: "Odd 1"}. In this example the code takes the Cartesian product of values per each key,


https://github.com/SynBioDex/SBOL-examples/tree/main/SBOL/best-practices/BP011
https://github.com/SynBioDex/SBOL-examples/tree/main/SBOL/best-practices/BP011
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building two transcriptional units, where the only difference between them is that one has
J23101 and the other has J23100. Dictionary keys or roles can be defined by the user apart
from the receiver, which always needs to be included. The receivers must start with Odd
or Even to define the restriction enzyme to use in each assembly. All the DNA Assembly
protocols can be performed with a p20 (Figure 4.5). The protocols were dry tested, using

just tips and wet tested using food dyes.

-
Assembly

Part in backbone

! Digestion Part extract

[
e
| ¢ =L

Part in backbone Restriction

! -D- enzyme Part extract
(") ==

(@)

Restriction

Part in backbone

Backbone Open backbone

e

Fig. 4.4 Standard build plan representation of a level 1 Loop assembly. On the top left
two parts in backbone are represented, one containing a promoter and other containing a
green CDS. On the bottom left a backbone is represented containing a red CDS. These three
plasmids are digested using a restriction enzyme, producing part extracts from the parts in
backbone and an open backbone from the backbone. The three digestion products are then
ligated using a ligase, producing a part in backbone where the part is a composite part of the
two parts extract.

The DNA Assembly protocols use a tip rack, temperature module and thermocycler
module. The tip rack is for a p20 pipette for liquid manipulation. Microcentrifuge tubes
(1.5 mL or 2.0 mL) placed on the temperature module contain diluted plasmids, restriction

enzyme, ligase and ligase buffer that are mixed in a set of wells on the thermocycler plate.
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Fig. 4.5 OT-2 deck setup for running DNA Assembly. The temperature module with a 24
well aluminum block was placed in the slot 1. The p20 tip rack was placed in the slot 9. The
thermocycler module was placed in the slots 7,8,10 and 11. The place of the reagents in the
aluminum block and of products in the thermocycler is generated during the simulation and
informed as a dictionary in the terminal.

Transformation

The Transformation class has one child class, Chemical Transformation. The Chemical
Transformation class takes DNA and strain as needed inputs, but has several default values
that can be changed if needed. This protocol starts by calculating the number of transfor-
mations to be done, multiplying the length of the provided list of DNAs by the number of
replicates. The code assumes that you have enough DNA in each tube and uses a volume dna
of 2 uL per transformation. Then the number of transformations per tube is calculated divid-
ing the volume competent cell per tube by the volume competent cell to addto
inform the user how many tubes the protocol will need. By default the volume competent
cell per tube is considered to be 100 i L and the volume competent cell to add
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per transformation is 20 p L. The number of transformations per media tube are also calcu-
lated dividing the volume recovery media per tube by volume recovery media to
use per transformation. All these reagents are assumed to be in a 1.5 mL tube (Figure 4.6).

The DNA and competent cells are mixed in a 200 p L well on the PCR well plate placed
in the thermocycler module. Then a cold incubation profile is executed in the thermocycler,
by default it starts with a cold incubation at 4° C for 30 minutes, followed by a heat shock at
42° C for 1 minute, and a second cold incubation at 4° C for 2 minutes. The thermocycler
opens its lid and dispenses recovery media into the wells where transformation is being
executed. The thermocycler closes its lid and starts executing a recovery incubation profile
with incubation at 37° C for 60 minutes. At this point the researcher has to go to the OT-2
liquid handling robot to plate them. This class was implemented with the help of MB. The
protocols were dry tested, using just tips and wet tested with food dyes.
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Fig. 4.6 OT-2 deck setup for running Chemical Transformation. The temperature module
with a 24 well aluminum block was placed in the slot 1.The p200 tip rack was placed in the
slot 6. The p20 tip rack was placed in the slot 9. The thermocycler module was placed in the
slots 7,8,10 and 11. The place of the reagents in the aluminum block and of products in the
thermocycler is generated during the simulation and informed as a dictionary in the terminal.
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Test Setup

The Test Setup class has two child classes, Plate Samples and Plate Supplement
Setup. The Plate Samples class takes the samples and dispenses them in a 96 well plate.
The samples are 1.5 centrifuge tubes on the aluminium block with or without temperature
module. By default it aspirates 200 uL from the sample and dispenses it in a well, this
process is repeated 4 times creating 4 biological replicates of each well. Important samples
to have are the Media control and the Strain control to inform the Learn stage for background
correction and analysis (Figure 4.7).

The Plate Supplement Setup class takes the sample, inducer, initial mix inducer
volume, initial mix sample volume, serial dilution volume and serial dilution steps. The
samples are 1.5 mL centrifuge tubes, filled with 1.5 mL of liquid, on the aluminium block
with or without temperature module. The protocol uses one tube of inducer and a variable
amount of sample tubes. Inducer and sample information are used to store metadata and
to inform the user during OT-2 desk setup. Starting from the second column, a number of
wells with 200 uL of sample equal to serial dilution steps are prepared. It uses one row by
serial dilution and starts at the first position with the initial mix, which is a combination of
sample and inducer that will be used to start a serial dilution. The serial dilution proceeds
by aspirating the serial dilution volume from the initial mix and dispensing it in the next
well, from which it will take the same volume and dispense it in the next one maintaining its
volume. This process repeats until the last well where the aspirated volume is dispensed in
the initial mix well, which is used as a bin. Some optional attributes help to use it multiple
times in the same plate are starting row and replicates. The protocols were dry tested, using
just tips and wet tested with food dyes.
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Fig. 4.7 OT-2 deck setup for running Plate Samples. The 24 well aluminum block was
placed in the slot 4. The 96 well plate for test was placed in slot 7. The p200 tip rack was
places in slot 9. The place of the reagents in the aluminum block and of samples in the 96
well plate is generated during the simulation and informed as a dictionary in the terminal.
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Calibration

The Calibration class has two child classes, iGEM GFP 0D and iGEM RGB. iGEM GFP 0D
is used to prepare a plate for calibration of green fluorescence [10] and the cell count from
OD [9]. iGEM RGB 0D is used to prepare a plate for calibration of red, green and blue
fluorescence [11] and cell count from OD [9] (Figure 4.8). The calibration protocol was
tested by GV and DM. The data obtained was processed using the iGEM calibration template
from 2019 interlab obtaining a mean of 2,27 % 10® particles per OD 600 absorbance and
a mean of 2,46 x 10° molecules of fluorescein per AU. This factors were used to calibrate

measurements during this work.

00000000000

o}
o

Fig. 4.8 OT-2 deck setup for running iGEM RGB 0D. The 24 well aluminum block was placed
in the slot 1. The 96 well plate for test was placed in slot 7. The p200 tip rack was places in
slot 9. The place of reagents in the aluminum block is informed in a protocol.
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4.3 Methods

4.3.1 Software development

PUDU were developed in Python 3, its dependencies are Opentrons API v2, pySBOL3 [117],
xlsxwriter. Software source code is publicly available under MIT licence at https://github.
com/RudgeLLab/PUDU. The documentation is available at https://loica.readthedocs.io and
the package is distributed through PyPI https://pypi.org/project/pudupy. Contributions
to sbol-utilities were developed in Python 3. Software source code is publicly available
under MIT licence at https://github.com/SynBioDex/SBOL-utilities. The documentation is
available at https://sbol-utilities.readthedocs.io and the package is distributed through PyPI
https://pypi.org/project/sbol-utilities.

Build plans and simulations were performed on a Apple MacBook Pro 15-inch, 2019,
with a 2,6 GHz 6-Core Intel Core 17 processor, Radeon Pro 555X 4 GB and Intel UHD
Graphics 630 1536 MB GPUs, and 16 GB 2400 MHz DDR4 RAM.

4.4 Discussion and conclusions

In this chapter I developed a standardised build plan representation and implemented them
in SBOL3. I developed a set of functions to create experimental metadata using SBOL3.
I developed a software tool that uses standardised build plans to automate build protocols
using liquid handling robots.

In the future I would like to improve the connection with Design tools such as LOICA [178]
and SynBioSuite [156]. This can be done by creating a function that takes a SBOL Document
as input and formats it using BPO11. I would also like to improve the connection to Learn
tools by capturing more and better metadata in an semi-automated way. Although this process
is difficult to fully automate as users will always be the ones that know what samples and
reagents are provided, I think that creating better interfaces would better facilitate the process
of metadata acquisition and standardisation. I would like to add chained actions such as
creating an SBOL file, capturing metadata in a machine readable format, and/or adding the
creation of a xlIsx file, capturing relevant information for deck setup, position of reagents and
products in a more amenable human readable format.

I collaborated with the Genetic Logic Lab to develop the experimental data connector
(XDC) a software for experimental data and meta data standardization, upload and connection
across SynBioHub and Flapjack [149]. This software tools uses an Excel workbook, one
of the favorites GUI for wetlab researchers, to capture metadata and experimental data in a

standardized format.
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I aim to generate a digital plate, ready to be connected to tools like Flapjack [196] and
SynBioHub [113]. Compared to other tools such as PyL.abRobot [193] or the Opentrons
API that help users to create protocols, PUDU has a set of protocols defined as classes
where their arguments are required inputs from the user or small modifications, and PUDU
captures metadata in a standardised format. For now just the SBOL DNA Assembly is the
only function that can create metadata when the protocols is simulated or run in the OT-2. The
only problem to implement PUDU with SBOL metadata capture capabilities is a dependency
issue that does not allow for the installation of pySBOL3 and sbol-utilities in the OT-2
Raspberry Pi. Finally, I want to generalise the liquid handling control generating protocols
in the Laboratory Open Protocol (LabOP) standard and expand the calibration scripts using
absolute protein quantification [36].

I would like to continue working to extend PUDU capabilities including user friendliness,
adding more protocols and making them more intuitive. The libre scripts allows wetlab users
to try protocols without any installation. Although this is a good feature for adoption the
intended use of PUDU is by installing the package in the controlling computer and the robot
so it can use larger libraries such as pySBOL3 [117] to capture the metadata at the moment
of the production of new physical entities. The functions to capture metadata from this work
can be included in PUDU’s workflow. Once the OT-2 gets updated to install pySBOL3 the
SBOL DNA Assembly and updated functions capturing data with SBOL will be developed.
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Assembly Domestication

Attributes Attributes
volume_total_reaction: float + parts: List
volume_part: float —— + acceptor_backbone: str
volume_restriction_enzyme: float
volume_t4_dna_ligase: float Operations
volume_t4_dna_ligase_buffer: float + run()

replicates: int + get_xlsx_output()

+
+

+

+

+

+

+ thermocycler_starting_well: int
+ thermocycler_labware: str

+ thermocycler_slots: list
+
+
+
+
+
+
+
+

—_

Loop_assembly

temperature_module_labware: str Attributes
temperature_module_slot: int + assemblies: List[Dict]
tiprack_labware: str —>
tiprack_slot: int Operations
pipette_type: str + run()
pipette_mount: str + get_xlsx_output()
aspiration_rate: float
dispense_rate: float

SBOL_assembly

Attributes
+ assembly_plan: sbol3.Component
\ » y-p p

Transformation .
Operations

Attributes + run()

+ list_of_dnas: List + get_xlsx_output()

+ competent_cells: str

+ replicates: int

+ thermocycler_starting_well: int
+ thermocycler_labware: str Attributes

+ thermocycler_slots: list + volume_dna: int

+ temperature_module_labware: str + volume_competent_cell_to_add: int

+ temperature_module_slot: int + volume_competent_cell_per_tube: int
+ tiprack_p2@_labware: str + volume_recovery_media_to_add: int

+ tiprack_p2@_position: int + volume_recovery_media_per_tube: int
+ tiprack_p300_labware: str + cold_incubationl: Dict

+ tiprack_p3@@_position: int + heat_shock: Dict

+ t%prBCK-SIOt: int + cold_incubation2: Dict

+ p}pette_type: str + recovery_incubation: Dict

+ pipette_mount: str

+ aspiration_rate: float Operations

+ dispense_rate: float + run()

+ get_xlsx_output()

Test_setup Plate_setup

Attributes Attributes

+ test_labware: str + sample_tube_volume: float
+ test_position: int + sample_well_volume: float
+ aspiration_rate: float + tube_rack_labware: str
+ dispense_rate: float + tube_rack_position: int
+ tiprack_labware: str
+ tiprack_position: int
+ pipette: str
+ pipette_position: str
Operations
Attributes + run()

+ calibration_plate_labware: str + get_xlsx_output()
+ calibration_plate_position: int
+ use_temperature_module: bool
+ tube_rack_labware: str
+ tube_rack_position: int .
+ falcon_tube_rack_labware: str —_—D Attributes
+ falcon_tube_rack_position: int Operations
+ replicates: int + run()
+ tiprack_labware: str
+ tiprack_slot: int
+ pipette_mount: str .
+ aspiration_rate: float ——p Attributes
+ dispense_rate: float Operations
+ run()

Fig. 4.9 Class Diagram. Purple boxes represent Abstract Class entities and blue boxes
represent Class entities. Triangular end arrows represent inheritance relationships.
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5.1 Introduction

Genetic networks are subject to variability due to stochastic events and the exposure to
different contexts. Cells face changing internal state, the organism context, and environments,
the environmental context, to which they sense and respond by changing their gene expression
and growth rates. Furthermore, each gene in a genetic network operates in a composition of
genes which may interact with each other and the host cell in complex ways. Short-range
and long-range contexts can vary depending on composition of parts or TUs respectively.
The context of genetic networks can therefore change gene expression and growth rates,
and measuring their dynamics is essential to understanding natural and synthetic regulatory
networks that give rise to functional phenotypes and traits. However, reconstruction of
microbial gene expression and growth rate profiles from typical noisy measurements of cell
populations is difficult due to the effects of noise at low cell densities after background
correction among other factors. Here I describe a new mathematical method and a software
implementation to estimate dynamic microbial gene expression rates and growth rates from
noisy measurement data. Compared to the current state-of-the-art, our method significantly
reduced the mean squared error of reconstructions from simulated data of growth and gene
expression rates, improving the estimation of timing and magnitude of relevant profile shapes.
The method was applied to characterise a triple-reporter plasmid library combining TUs in

multiple compositions over different organism and environmental contexts in E. coli.

5.2 Results

Note: The work presented in this section was carried out in collaboration with, Macarena
Muiioz Silva (MMS), Carlos Castillo-Passi (CCP) and some of it was published in refer-
ence [177]. All simulations and analysis presented below were performed by GV, except
where explicitly noted as the work of MMS or CCP.

5.2.1 Gene Expression and Growth Dynamics

Genetic networks are composed by genes or TUs that interact with each other changing
its gene expression rate through genetic products, i.e. RNA, proteins. The rate at which a
protein is synthesised by a genetic network or circuit varies over time giving rise to dynamic
gene expression rate profiles, which may include rich behaviours such as bistability [58] and
oscillations [49]. To see the importance of measuring these gene expression rate profiles,
consider a genetic network composed of TUs interacting through regulatory proteins. In the
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typical case of short half-life mRNAs, assuming quasi-steady state and,

dp _

L —w(im() -5 - u)p. 5.1)

for a genetic network with 5 = (pg, p1,...pny—1)7 is the vector of GeneProducts, which in-
cludes different Regulators (7= (rg,71,...ry—1)" ) and Reporters (5= (5o, 51, ...s8—m—1)7 ).
The non-linear operator ¥ maps Regulator concentrations to GeneProduct synthesis rates.
n is a function of time that modifies W to create a profile or time-series. I is a diagonal
matrix of GeneProduct degradation rates %;, and (t(z) is the instantaneous growth rate of
the cells. Equation 3.1 shows the overall system where ¥ encodes the whole network and
consists of a sum of individual LOICA Operators ®; (Equation 3.2), see Chapter 3. It is
therefore essential to analysis of genetic network operation to estimate the gene expression
rate profiles ¢; and growth rate profile i, allowing parameterization of models such as those
in equation 5.1.

The simplest genetic network consists of a single constitutive TU, in which case ®;(7) is
only a function of time. To model the growth and reporter gene expression measurements

from such a genetic network in a population of cells, the following equations were used:

dB

i u(r)B (5.2)
B B0 -1 53
dt 1 (R4 .

where B is a measure of sample biomass, (i(¢) is the instantaneous relative growth rate, y;
is the intensity of reporter, ¢;(¢) is the instantaneous expression rate, and ¥ is the reporter
degradation rate for TU i. Assuming that reporter intensity y; = Bp;, with p; the protein
concentration per biomass. While this is a reasonable assumption in constant conditions [121],
this relationship may not always hold leading to inaccuracy in reconstructed profiles, which is
a general problem with gene expression reporters. More complex measurement models might
be constructed given sufficient information about the transformation of gene expression level
into reporter intensity. This is out of the scope of this work. From these equations the aim is
to accurately and robustly estimate the growth rate (t(¢) and the expression rates @;(¢), given
an estimate of the reporter degradation rates ;. Typically, reporter proteins are stable so it’s
reasonable to assume y; = 0 [4].

Note that the expression rate ¢(z) is different from the rate of change of fluorescence
dy/dt, and from the rate of change of fluorescence concentration d(y/B)/dt, which both
depend on protein degradation and dilution due to growth (and may be negative). What is

being estimated in this work is the underlying fluorescent protein synthesis rate ®(z) (strictly
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positive), which is independent of dilution and degradation processes, and which is assumed

to be proportional to the underlying cellular gene expression rate.

5.2.2 Dynamics Estimation as an Inverse Problem

Reconstructing the functions pt(¢) and ¢(¢) represents an inverse problem, which is underde-
termined and ill-posed [12]. In order to reduce the dimensionality of the inverse problem,
prior knowledge of the functions p(¢) and ¢ (7) were exploited to construct a simple basis
as follows. Expression rates and growth rates may be reasonably assumed to be strictly
positive, and smooth on typical time scales of transcription and translation. The following

approximation is proposed, given a function f(¢) that meets our assumptions,

n—1
f0) =Y fiG(t), (5.4)
k=0
with
—(t—kA 2
Gi(t) = exp (—(I = ) ) (5.5)

which represents a sum of n Gaussian curves Gy, with weight f;, variance A and regularly
spaced over time ¢ at intervals A. Here A determines the time scale of variation or smoothness
of the representation of the function f(z). Since the algorithm is intended to be used for bulk
culture experiments, gene expression bursting and noise in growth cannot be observed, and
the relevant time scales are the gene expression reporter half-life and the culture doubling
time, typically less than one hour. Choosing A greater than the sampling interval of the data
makes the system overdetermined and regularised in the sense that it is constrained to be
smooth. In this case A = 1 hour was used, the typical time scale of protein synthesis, which
is larger than the usual sampling interval of 10-15 minutes (see Methods). Examples of
reconstructed growth rate and gene expression rate profiles in turquoise and the function to
be fitted in dashed black in Figure 5.1A, B. The effect of this approximate Gaussian basis
can be seen from the dependence on A of the maximum slope of the basis functions Gy (),
which scales as 1/4/A. This means that the sharpest change in expression rate and growth
rate profiles that can be reconstructed by the method is determined by A.

The model given in equations 5.2 and 5.3 combined with the approximation of equations
5.4 and 5.5 represents the forward models of the inverse problems for reconstruction of
u(t) =~ Y, kGi(¢) and ¢ (1) ~ Y Gy (). In practice the measurements used to estimate B
and y are discrete, will contain background signal, and are subject to noise. The background

signals B’ and y’ are typically estimated by measuring appropriate control samples containing
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Fig. 5.1 Algorithm overview. A, B Growth and gene expression rates approximation using
Gaussian basis. The light green curves are individual Gaussian curves that compose the basis.
The turquoise line represents the sum of the Gaussian basis. The black dashed line represents
the growth rate profile (A) or gene expression rate profile (B) to be fitted. C Inverse problem
algorithm diagram. Once an experiment is performed, biomass data (B) and fluorescence data
(¥) are collected. These data are input to the models, where the biomass model requires only
biomass as input and the fluorescence model requires both biomass and fluorescence. Finally,
Growth rate (u(r)) and Expression rate (¢ (¢)) profiles are generated from the biomass and
fluorescence models, respectively. The gray arrows indicate inputs and black arrows indicate

outputs.
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no cells (B’) and cells with no reporter expression (') (see Methods). After subtracting
these background measurements, the noisy estimates B and y are obtained. The the aim is
to parameterize the forward models given by equations 5.2 and 5.3 such that ||y — /|3 and
|B— B3 are minimized.

Note that while this approach uses a smooth basis to represent the reconstructed profiles,
it does not filter or smooth the input data as in the indirect method. This method approximates
the growth and gene expression rate profiles using a superposition of Gaussian functions to
represent a continuous function as a discrete vector of parameters. The measurements and
the estimated parameters are inputs of the forward model. The forward model then generates
simulated measurements using different estimated parameters, and the algorithm computes

the ones that minimise the difference between the measurements and the model.

5.2.3 Accurate Estimation of Growth Rate Dynamics

The inverse problem for reconstruction of the growth rate () can be stated as,

min IB—F(©)3+1]0]3 (5.6)
with,
B
@=|"°1. (5.7)
1)

It minimises the difference between noisy estimates of Biomass B and the result of the
forward model F(®). Since this problem is ill-posed the Tikhonov penalty term A was used
for regularisation. © is the vector of parameters to optimise, containing the initial biomass By
and the Gaussian basis weights fI; to represent (i (z) ~ Zz;é Gy (t). The hyperparameter A
were chosen to minimise error within a reasonable range of values.

This problem is a nonlinear least squares optimization, which was solved using the trust
region reflective algorithm [19]. Simulated data from equations 5.2 and 5.3 were generated
using 100 randomly parameterized Gompertz growth models [202], and three different
levels of measurement noise. The growth rate was characterised from these simulations
using the inverse, direct and indirect methods. Hyperparameters for each method were
optimised to minimise error within a reasonable range of values. A comparison between the
results of the inverse method to the direct linear inversion method shows that the inverse
method approach reduces mean squared error by more than 29-fold (p < 1073, Welch’s
T-test) (Figure 5.2A).Then a comparison to the indirect method show that the inverse method
reduced the mean squared error by more than 2-fold (p < 107>, Welch’s T-test) Figure

5.2A). Finally a comparison to a different indirect method that uses an anti-causal zero-
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Fig. 5.2 Method comparison on growth rate simulations. A The errors corresponding to
the inverse, direct and indirect methods are presented, the error of the inverse method were
almost 30-fold lower than the direct method and two-fold lower than the indirect method,
error bars represent 95% confidence interval. B Error of the initial growth rate over all noise
levels. Growth rate, due to its nature, has a peak, which is not easily identified with the
direct method. Since the initial growth rate should be low, the direct method overestimates
and the indirect method underestimates the initial growth rate, showing that the inverse
method is more accurate at low biomass. Error calculated for growth rate values at time
0 compared to the true profile. C Examples of accurate growth rate reconstructions from
simulated data. Gompertz profiles are characterized using the inverse, direct and indirect
methods (blue, red, and yellow lines respectively) compared to the true profile (black dashed
line). D Examples of inaccurate growth rate reconstructions from simulated data. Gompertz
profiles are characterized using the inverse, direct and indirect methods (blue, red, and yellow
lines respectively) compared to the true profile (black dashed line). (n=100)
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phase digital filter were performed and show that the inverse method reduced the mean
squared error by more than a thousand fold. The indirect method that uses an anti-causal
zero-phase digital filter were coded by CC in Matlab. The inverse method maintained the
best performance at high noise levels. Further, the inverse method is more robust to noise in
early biomass measurements, where the direct method overestimates the initial values and the
indirect produces noisy reconstructions that usually goes below zero at the beginning (Figure
5.2B). The inverse method correctly reconstructed the lag phase, which is missing from the
linear inversion solution. Our method also reconstructed the growth rate peak, effectively

distinguishing between lag, exponential and stationary growth phases (Figure 5.2C,D).

5.2.4 Accurate Estimation of Gene Expression Rate Dynamics

In a similar way to growth rate, the aim is to find the optimal parameters,

®=

Yo
o (5.8)
;

where O is the vector of parameters to optimise, containing the initial reporter intensity yo
and the Gaussian basis with weights ¢, and the forward model G(©,B). The problem is

again a nonlinear least squares optimization,
min [[5—G(©,B)[3+4[0]3 (5.9)

which were solved using the same numerical procedure as for growth rate (See previous
chapter). To test this approach, 100 random gene expression rate profiles were generated
from smoothed lognormal random walks, with random Gompertz models for the biomass,
and three measurement noise levels (see Methods). Again, the inverse method to the direct
linear inversion method were compared and show that the mean squared error is more than
four-fold lower (p < 10719, Welch’s T-test) and close to three-fold lower than the indirect
method (p < 107 Welch’s T-test) (Figure 5.3A). Finally the inverse method was compared
to a different indirect method that uses an anti-causal zero-phase digital filter and showed that
the inverse method reduced the mean squared error by more than a hundred fold. The gene
expression simulations are not constrained to start with low values or to have an initial peak
which make the three methods have similar initial errors (Figure 5.3B). The direct method
does not correctly reconstruct early peaks in gene expression rate profiles, and the indirect
method produces extremely noisy solutions (Figure 5.3C,D). The inverse method is the best

performer capturing the shape of the expression rate profile, although this method suffers with
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Fig. 5.3 Method comparison on gene expression rate simulations. A The errors corresponding
to the inverse, the direct and the indirect method are presented; the inverse method has been
shown to be four-fold better than the direct method and close to three-fold better than the
indirect method, error bars represent 95% confidence interval. B Error at initial time. Since
the initial gene expression rate simulations were not restricted to be low at the beginning
the three methods show similar errors. Error calculated for expression rate values at time
0 compared to the true profile. C Representative examples of accurate gene expression
reconstructions from simulated data. Random profiles characterised using the inverse,
direct and indirect methods (blue, red, and yellow lines respectively) compared to the true
profile (black dashed line). D representative examples of inaccurate gene expression rate
reconstructions from simulated data. Random profiles characterised using the inverse, direct
and indirect methods (blue, red, and yellow lines respectively) compared to the true profile
(black dashed line). (n=100)
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sharp changes due to its dependance with A (Figure 5.3C,D). The inverse method requires
knowledge of the timescale of the process that you want to measure to set the hyperparameter
A.

5.2.5 Characterizing Growth and Gene Expression Rate Dynamics in

Escherichia coli

Using the inverse, direct and indirect methods growth and gene expression dynamics were
reconstructed from experimental data of E. coli carrying a synthetic triple TU plasmid pAAA
(Figure 5.4A, B). This plasmid contains three TUs with the same synthetic 07 constitutive
promoter J23101 [76] in different long-range DNA contexts determined by its position on
the plasmid and in different short-range DNA contexts TU determined by different sets of
promoter downstream elements RBS-CDS-Terminator (Figure 5.4A). Each CDS encoded a
different fluorescent protein as a reporter. Assays were performed using a 96-well microplate
reader to measure fluorescence in each reporter channel as a proxy for protein concentration
and optical density as a proxy for biomass (see Methods). To assess the effects of organism
context on growth and gene expression dynamics two strains of E. coli carrying the pAAA
plasmid were measured, and to assess the effects of environmental context they were grown
on two different carbon sources [196] (Figure 5.4B-E).

The inverse method captured the shape of the growth and gene expression rate profiles in a
smooth way, consistent with population averages on the time-scale of protein synthesis, while
the direct and indirect methods produced noisy solutions. The inverse method reconstructed
a peak in growth rate consistent with the transition between lag, exponential, and stationary
phase, as in the Gompertz growth model [63]. Furthermore, it captured a peak in the
expression rate coincident with the growth rate peak, which is consistent with promoter
dependence on 079 and the abundance of this factor, as well as ribosomes, during peak
growth (Figures 5.4B-E) [91, 155].

The gene expression rate profiles were different for TUs in the same plasmid under
the control of the same promoter due to both different organism and long-range DNA
contexts (Figures 5.4B-E). While in all cases peak gene expression rate coincided with peak
growth rate, in some contexts multiple peaks were observed. The environmental (carbon
source), organism context (strain) as well as the compositional context (promoter downstream
elements, position and orientation in the plasmid), clearly change gene expression and growth
dynamics, leading to different peak timing and overall shape. All growth rates characterised
using the inverse method exhibited clear lag, exponential and stationary phases which are not
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apparent with the direct method (Figures 5.4B-E). The timing of growth phase transitions

were different in each organism context (Figures 5.4B-E).

5.2.6 Characterization of Gene Expression Rate Dynamics Relative to

in vivo Reference

Gene expression magnitude has been characterised relative to a standard in vivo reference
containing promoter J23101, in order to normalise for organism context [86]. Plasmid
PAAA provides such a reference, with three TUs containing the same J23101 promoter
in different compositional contexts. The hypothesis is that the reference plasmid could be
used to characterise the dynamics of gene expression in a standardised fashion. Each TU
in the pAAA plasmid presents a standard reference for a particular compositional context
- the promoter downstream elements, position and orientation in the plasmid. The aim is
to characterise TUs with arbitrary promoters relative to these reference TUs, allowing us
to describe their dynamics in a concise way. In order to compare gene expression rate
dynamics from different experiments, profiles were synchronised and normalised each one
by subtracting its mean and dividing by its standard deviation. The timing of growth phase
transitions is variable due to differences in initial conditions and experimental variability,
which leads to differences in the timing of gene expression rate profiles. In order to correct
for these differences, the reconstructed growth rate peak time 7o was used to synchronise the
expression rate profiles, shifting time to T =t —tg, such that 7 = 0 is the time of peak growth
rate.

This approach was tested on a collection of 14 combinatorial three-reporter plasmids,
combining 10 different TUs which were each driven by one of seven promoters [160]. Each
plasmid contained three TUs producing RFP, YFP and CFP, containing the same promoter
downstream elements as the corresponding reference TU. The promoter downstream elements
RBS, CDS and terminator for each reporter were maintained constant and referred using
the reporter name. The CFP TU were maintained the same in all plasmids, to serve as a
control [86, 143]. This collection of plasmids presented a variety of promoters in different
TU compositional contexts, that is, with different promoter downstream elements. Each
TU was assembled into multiple plasmid compositional contexts, that is, in the presence of
different upstream or downstream TUs.

Three of the TUs in the collection contained a promoter from a family of constitutive
promoters created by mutating a consensus sequence [76], which includes the reference TU
promoter, J23101. The RFP reference TU matched the gene expression rate profile shape of
the RFP TU with the constitutive promoter J23106 over different downstream TU contexts
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(Figure 5.5A). The YFP reference TU matched the gene expression profile shape of the YFP
TU with the constitutive promoters J23107 (Figure 5.5B) and J23101 over different upstream
TU contexts. The CFP TU were consistent across all compositional contexts. These results
suggest that the dynamics are not affected by the tested plasmid compositional contexts.

Two of the TUs contained promoters that are repressible by a transcription regulating
protein that binds to the promoter. In the case of the TetR responsive TU (containing
promoter R0040), the RFP reference TU matched the gene expression rate profile over
different downstream TU contexts, and over different organism contexts (Figure 5.5C). This
is in spite of the fact that the genome of the strain MG1655z1 contains a constitutive TetR
gene, while Top10 does not produce the protein. This result suggests that the dynamics of
the TetR repressible TU are not affected by the action of the repressor.

The other repressible TU contained promoter RO011, regulated by Lacl. Lacl is produced
by both strains and partly regulated by cAMP in Top10 [47]. The YFP reference TU matched
the Lacl repressible YFP TU gene expression rate profiles in M9-glycerol but did not match
them in M9-glucose (Figure 5.5D). In MG1655z1 growing on glucose gene expression rates
became negatively correlated with growth rate, and in Top10 on glucose they exhibited a
second peak. These results suggest that transcription regulation can significantly affect the
dynamics of gene expression compared to constitutive expression profiles.

The remaining two TUs contained promoters activated by different one-component
signalling systems, measured in the absence of signal and regulator to study their basal
expression. The RFP TU responsive to C6 homoserine lactone, containing promoter pLux76,
were consistent with the constitutive reference TU in all contexts. However, for the YFP TU
responsive to C12 homoserine lactone, containing promoter pLas81, the gene expression
rate profile inverted its correlation with growth rate when downstream of the TU containing
promoter R0040 and growing on glucose in strain MG1655z1. These results show the
uncertainty that can be introduced in gene expression rate dynamics due to changing long-

range sequence and organism context.

5.3 Methods

5.3.1 Software development

The inverse characterization method was developed in Python 3, its dependencies are
Numpy [70], Scipy [181], Pandas [111]. Software source code is publicly available un-
der MIT licence at https://github.com/RudgelLab/Inverse_Characterization.The method was

integrated into Flapjack and is one of the standard analyses. Designs and simulations were
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performed on a Apple MacBook Pro 15-inch, 2019, with a 2,6 GHz 6-Core Intel Core 17
processor, Radeon Pro 555X 4 GB and Intel UHD Graphics 630 1536 MB GPUs, and 16 GB
2400 MHz DDR4 RAM.

5.3.2 Kinetic Gene Expression and Growth Assays

Kinetic gene expression and growth assays were made culturing triple reporter plasmid
PAAA containing bacteria (Figure 5.4A) using two different strains as well as two different
carbon sources.

Monoclonal colonies of E. coli strain TOP10 or MG1655z1 transformed with plasmid
DNA were picked and cultured for 14-15 hours overnight in M9 media with 50 ug/ml
kanamycin, 0.2% w/v casaminoacids and 0.4% w/v glucose or 0.4% w/v glycerol. Overnight
cultures were diluted 1000 times in 2 ml tubes. All the tubes were filled with 1996 pl of fresh
M9 media, 2 pl of kanamycin and 2 pl of the bacteria liquid culture obtaining a final volume
of 2 ml. In each well of a 96 well plate were added 200 pl, 4 wells with M9 media with the
proper carbon source and kanamycin, 4 wells with non-transformed bacteria of the same
strain and 10 wells of bacteria transformed with the appropriate plasmid to analyse from the
previously prepared 2 mL tubes. Optical density and fluorescence in three channels (RFP,
YFP and CFP) were measured approximately every 15 minutes for 24 hours in a Synergy
HTX plate reader with Gen5 software. Each assay was repeated on 3 different days, with 10
replicates on each day, and each 96 well plate contained experiments with the same carbon

source and strain. This method was performed by MMS.

5.3.3 Computational Methods

Computational methods were performed using Flapjack [196], Python [176], Numpy [70],
Scipy [181], Pandas [111], Matplotlib [75], Plotly [133], Jupyter [92], Google Colaboratory
[16], and Matlab. The direct methods were computed using the WellFARE package [201].
The indirect method with anti-causal zero-phase digital filters was computed using the Matlab
function butter [25] by CC.

5.3.4 Web-based Software Implementation

Flapjack [196] (http://flapjack.rudge-lab.org) were extended to compute gene expression
rate and growth rate profiles using the methods described above, using the WellFARE
package [201] for the direct method. The indirect method is computed by Flapjack by filtering
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the measured signals (biomass and reporter levels) using a Savitzky-Golay filter [153] and
then differentiating the resulting smooth polynomial interpolation.

Flapjack is a systems and synthetic biology data storage and analysis tool, built as a
web app that provides a user-friendly web interface and a REST and web socket API. The
system allows upload of kinetic gene expression data from a variety of sources, and links
it to metadata about experimental conditions. These data may then be queried and filtered
and used to reconstruct gene expression and growth rates. Flapjack automatically subtracts
background signal from both reporter and biomass measurements, taking the average of

control samples (untransformed cells or media with no cells) at each time point.

5.3.5 Random Profile Generation

In order to generate a range of gene expression rate profiles for method comparison, with

minimal assumptions about their form, lognormal random walks were generated,

o(1) = I_L(I)éi (5.10)

with log(&;) ~ N(0,62), and 6% = 0.25. The profiles ¢, were then smoothed using a second
order Savitzky-Golay filter [153] with window size 21, and normalised to [0, 1]. To generate

random growth rate profiles, the Gompertz equation were used,

log (%) =Aexp (—exp (u;e(/l—t)+l>) (5.11)

with u* the maximal growth rate uniformly distributed on [0.5, 1] per hour, A the lag phase

length uniformly distributed in [0,4] hours, A = log(B*/By), where the maximal biomass
B* =1 and minimum biomass By = 0.01. The growth rate profile implied by this equation is

given by,

W(t) = urexp W — exp (W—i— 1) +2} : (5.12)

5.3.6 Simulation of Kinetic Gene Expression and Biomass Data

Equations 5.2 and 5.3 were solved using the forward Euler integration scheme with time step
At = 2.4 x 1072 hours for a period of 24 hours. Noise and background were added according
to the following equations with B’ = 0.1 and y/ = 0.1,

B,=(B(t)+B)(1+¢&) (5.13)
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yi= ) +Y)(1+8), (5.14)

where & and ; are uncorrelated white noise with variance o2, due to the measurement
process. Simulated measurements were generated using LOICA [178] then uploaded to

Flapjack [196], and analyzed using the API via Python.

5.3.7 Choice of hyperparameters

Each of the methods tested in the main text is dependent on one or more hyperparameters. In
the case of the direct method this is the so-called insignificant value &7 [201], for the indirect
method it is the Savitzky-Golay filter window size, and for the inverse method they are A
and A. For reconstructions of simulated data these parameters were optimised by scanning
a range of reasonable values and choosing the parameter that minimised the mean squared
error. For experimental data, the value of A were chosen using the L-curve method [69],
g were taken from the original paper [201], the value of A were fixed at 1 hour, and the
Savitzky-Golay window size fixed at 11. For the anti-causal zero-phase digital filter, a second

order Butterworth filter [25] with cutoff frequency 4/33 were used.

5.4 Discussion and conclusions

In this chapter, I created an algorithm for time-series estimation from plate reader typical
fluorescence and absorbance measurements. Implemented the algorithm as a method for char-
acterization on Flapjack data management tool that is available for LOICA (from Chapter 3)
for model parameterization. Benchmarked the algorithm to previously described algorithms
using synthetic data created with LOICA. Used the algorithm to characterise gene expression
rate relative to an in vivo reference.

Accurate characterization of dynamic gene expression and growth rate profiles is essential
for characterization of genetic circuits and inference of gene regulatory interactions in natural
networks [172, 30, 7]. We have demonstrated an inverse problem approach to reconstructing
dynamic gene expression rate and growth rate profiles from noisy kinetic measurement
data. We compared our method to the current state-of-the-art algorithms, direct linear
inversion [201], and indirect smoothing and differentiation [42]. Our approach reduced
the mean squared error of reconstructions from simulated data of growth rate by almost
thirty-fold and gene expression rate by more than four-fold with respect to the direct method.

The comparison showed that the direct method often fails to capture peaks at the beginning
of the profiles. Indirect methods, even after filtering the noise, fail to reconstruct early stages

of growth. This is likely because the biomass can have very low and even negative values
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after background correction and dividing by these values can result in amplification of noise.
This highlights that particular attention should be paid to reducing noise from experimental
procedures and measurement techniques since all methods attain lower reconstruction errors
with less noise. Surprisingly, our indirect method often performed better than the direct
method, but our inverse problems approach improved on the indirect method by almost
three-fold for gene expression rates, and more than two-fold for growth rate. Further, we
were able to reconstruct features of both growth rate and gene expression rate profiles, such
as exponential phase and peak growth, that were not apparent from the direct linear inversion
method nor the indirect method. The growth rate peak is an important feature captured better
with our method, allowing synchronisation of gene expression rate profiles.

While in terms of computation time our method is relatively slow, it is most intuitive to
adjust by estimating the time-scale of dynamics to obtain A. The indirect methods require
knowledge of the signal processing filters used, and the direct method requires tuning the
"insignificant value" which is rather obscure.

Using our method we showed that the dynamic form of gene expression rates, not only
their magnitude, is determined both by organism and compositional contexts. We examined
two types of compositional context. Firstly, the short-range DNA context, corresponing to
the composition of parts within a TU, not only the sequence of the promoter, determined the
dynamics of gene expression rates. Secondly, the long-range DNA context, gene expression
rate profiles were largely independent of the context in which the TU was placed, that is the
upstream and downstream TUs. In most cases gene expression rates peaked in the exponential
growth phase, with some promoters exhibiting a second peak in the stationary phase. This
may be an effect of the abundance of different sigma factors in each growth phase and the
sensitivity of the promoter to them. It is known that the binding sites for 079, most abundant
in exponential growth phase, and o5, most abundant in stationary growth phase, are very
similar [56]. Therefore a promoter with peaks in both exponential and stationary phases
may be activated by both 07¢ and oy to different extents and the peaks caused by variations
in the sigma factor abundance in each growth phase. In some cases gene expression rate
profiles inverted their correlation with growth rate, highlighting the uncertainty introduced
by changing circuit composition. This uncertainty may be due to various mechanisms that
modulate gene expression at sequence level such as DNA supercoiling [198].

Furthermore, our results also showed that the organism context, that is media and strain,
changed dynamic gene expression and growth rate profiles. Our results suggest that while
dynamic characterization for TUs under constitutive or leaky expression relative to an in vivo
reference could be useful, uncertainty due to compositional and organism context must be

taken into account. This highlights the need for strategies to mitigate compositional context
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effects, such as gene expression load [116], five prime untranslated region [104], as well as
techniques to predict interactions of genetic elements at sequence level [123, 165, 27].

Typically, measurements of promoter-reporter fusions are used as a proxy for transcription
rates under various levels of transcription factors, external signals, and other determinants of
gene expression [123, 169, 143, 159]. However, applying our method to multiple reporter
TUs with the same promoter, we showed that gene expression rate profiles should not be
taken as indicative of intrinsic characteristics of promoters, since they are affected by both
the promoter and downstream genetic elements, gene position and orientation, and external
factors such as carbon source and host strain.

Synthetic biology aims to design novel genetic networks or circuits from compositions
of transcription units. It relies heavily on characterization of the functions of these TUs.
Fundamentally, gene expression rates must be reconstructed from noisy measurement data in
a range of conditions, including concentrations of inducer chemicals. The function of the
circuit may then be mathematically modelled as in equation 5.1. Methods such as ours will
enable such approaches for dynamical systems [49, 58] where the dynamic profile of gene
expression rates is essential to the operation of the circuit.

In order to model circuit operation in this way, calibration of the fluorescence and
biomass signals with respect to standard references [10, 9], or the use of relative (ratiometric)
quantification [123, 143] are necessary, and can be easily incorporated into our workflow.
Our results show that profiles for constitutive gene expression were consistent across a range
of promoters in a range of contexts suggesting that an in vivo reference gene may be used to
infer the expression profiles of other genes in a circuit without directly measuring them. The
inverse problems approach provides a framework that could be extended easily to fit more
complex models of gene expression and also for regulatory parameters (e.g. Hill functions)
as well as dynamic profiles, providing an accurate and flexible characterization method for
synthetic biology.
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Fig. 6.1 DBTL workflows with increasing levels of connection and automation. (A) A
virtual DBTL workflow with simulated data. (B) A DBTL workflow with manual build stage
automated with software. (C) A DBTL workflow using lab automation and software.

6.1 Introduction

The software tool ecosystem in synthetic biology is still very new with a lot of dead software
tools created by graduated students. Also, most tools read and produce data in incompatible
formats making difficult the connection between tools and leaving an open DBTL cycle.
Workflows are orchestrated repeatable patterns that allows for the systematic organization
of resources into processes. Here I combined tools developed during this work with stable
tools from the SBOL ecosystem that form modular parts of different DBTL workflows. 1
describe three DBTL workflows with increasing levels of connection and automation: a
virtual workflow with simulated build and test (Figure 6.1 A), a workflow with manual build

(Figure 6.1 B) and a workflow with automated build stage (Figure 6.1 C).

6.2 Results

6.2.1 Genetic design automation exploring the design space with simu-
lated DBTL cycles

LOICA were used to generate repressilators given a set of NOT gate parameters. Hill
function parameters were collected from the literature [159]. These parameters were used to
create 18 Operators. Permutations of three Operators were instantiated to design 4896
oscillatory genetic networks. The inputs of each Operator were selected as the Regulator
that represent the repressor of the promoter associated with that Operator. The output of

each Operator were selected as the Regulator that represent the repressor of the promoter
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Fig. 6.2 Simulated DBTL workflow diagram. LOICA is used at the design stage, then the
output from LOICA is formatted using sbol-utilities which works as input for PUDU. PUDU
simulates the build and generates metadata. Simulated data from LOICA is uploaded to
Flapjack where it can be processed and analysed.
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associated with the next Operator of the permutation and a fluorescent protein Reporter
to keep track of its expression. Deterministic simulations without noise were run using the

Gompertz SimulatedMetabolism, with one Sample per Assay.
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Fig. 6.3 Repressilator generator simulations. (A) Functional oscillatory GeneticNetwork
diagram (B) Functional oscillatory GeneticNetwork simulation. (C) Non functional oscilla-
tory GeneticNetwork diagram (D) Non functional oscillatory GeneticNetwork simulation.

A functional oscillator exhibits multiple peaks (Figure 6.3 A,B) in contrast to a non
functional oscillator with no peaks (Figure 6.3 C, D). The fluorescence profiles of each
Reporter were analysed looking for peaks. If a design has a number of peaks greater than 2
in the simulations the GeneticNetwork were stored as a likely functional genetic oscillator.
With this the design space was reduced from 4896 to 2271 designs which have the desired
behavior and can proceed to test. More examples of functional and non functional genetic
oscillators along the code to design and simulate them are in https://github.com/Gonzal0V/
Automated-design-build-test-learn-workflows-to-engineer-synthetic- genetic-networks/tree/
main/notebooks.

A simulated DBTL cycle can be iterated using the software tools for design, build and
learn stages (Figure 6.5). In this workflow characterization data was obtained from the bibli-

ography and used to generate LOICA simulations with different noise levels between what is
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Fig. 6.4 Analysis on the count of number of peaks and frequency on simulated repressilators.
(A) Count of peaks over samples and signals. (B) Count of frquencies over samples and
signals.

common for typical plate reader data [159]. Then the simulated data were uploaded to Flap-
jack and LOICA were used to characterise their values (Figure 6.5). Designs assembly was
simulated with PUDU 4.2.4 using SBOL DNA Assembly. Then, characterised Operators
were used to simulate combinations to look in the design space for combinations of parts
to form a functional repressilator. Finally, I calculated the frequency of each repressilator

creating a dataset that links genetic designs with functional features.

g LOICA h Flapjack § LOICA

Network 1 ' Source
Model Parameters

GFP Measurements
Fig. 6.5 Workflow execution with simulated build. LOICA was used to generate simulations
from parameters from the literature. Simulated data from LOICA was uploaded to Flapjack.
Data was analysed, looking for peaks to identify functional repressilators and calculate
frequency.
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6.2.2 Automating the DBTL cycle with manual build to characterise
constitutive gene expression
A DBTL cycle with manual build were iterated using just software tools to automate the

design and learn stages(Figure 6.6). The goal is to compare the constitutive expression of
GFP with different degradation tags. The experimental design consists in building TUs
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Fig. 6.6 Manual build workflow diagram. LOICA is used at the design stage, then the
output from LOICA is formatted using sbol-utilities which works as input for PUDU. PUDU
simulates the build and generates metadata. The build stage, which includes the final
definition of the sequence to construct, the construction of DNA and the transformation of an
organism with that DNA is done manually. Experimental data is uploaded to Flapjack where
it can be processed and analysed.
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composed of the standard promoter J23100, the standard RBS B0034, double terminator
B0015 and a combination of GFPmut3 or stGFP with 3 degradation tags. The degradation
tags consisted in one with just a stop codon at the beginning or position 1, one with a random
sequence and a stop codon at position 33, and the M0050 degradation tag with stop codon
at position 33. The sequence design for the new DNA parts, GFP CDSs and degradation
tags, were done in Benchling adding fusion sites for the MoClo universal acceptor pSB1C00
and Sapl restriction enzyme recognition sites, following the assembly standard selected at
Chapter 1, more details can be found in Methods. The DNA sequences were exported in
GenBank format and used to order double stranded DNA fragments. The same GeneBank
was used to create a virtual representation compliant with the SBOL data standard and best
practices for build representation from Chapter 4. DNA sequences in SBOL were handled
using pySBOL to create simple components for Operators and GeneProducts.

The Source were linked to a SBOL composition of J23100 the standard promoter from
the Anderson collection and B0034 the standard RBS from Elowitz (Table 6.1) to create a

standard expression Source (Table 6.2).

Glyph Description

| Promoter J23100

O

RBS B0034

Table 6.1 Parts for Operators for manual build workflow.

Glyph Description

Co

Standard Operator

Table 6.2 Operators for manual build workflow.

The Reporters were linked to a SBOL composition of different GFP CDSs with a fusion
sequence either a inert sequence or a degradation tag and the same terminator BOO15 across
all of them (Figure 6.3) to create 7 different Reporters (Table 6.4).

These components are an optional input in LOICA that is used to compose them into

TUs and generate the SBOL representation of the whole genetic network. The genetic
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Description

sfGFP non stop

GFPmut3 non stop

Dummy degradation tag with random srquence and stop codon at position
33

Degradation tag M0050 with stop codon at position 33

Glyph
g Dummy degradation tag with stop codon at position 1

- Terminator BO0O15

Table 6.3 Parts for Reporters on manual build workflow.

network SBOL representation can be exported and uploaded to SynBioHub to store the
design metadata.

Then at the build stage, synthesised double stranded DNA fragments were domesti-
cated using the universal acceptor pSB1CO00 following the assembly strategy from Chap-
ter 2. All the experimental work was performed manually which includes but is not limited
to: assembly, transformation, colony selection and plate setup. The designs were manu-
ally assembled into the Odd1 Loop receiver. A digital representation of this process was
created using sbol-utilities Assembly plan composite in backbone single enzyme
from Chapter 4. The assembled DNA was manually introduced into E. coli DH5 o using
the manual transformation protocol. Colony selection was performed in plates with LB
containing 50 ug/ulL kanamycin looking for colonies with green fluorescence. Selected
colonies were grown overnight, from each tube 500 uLL were used to make stocks stored at
-80 C and the rest 4.5 mL were used for DNA extraction. DNA was quantified using a nan-
odrop spectrophotometer and the elution buffer was used as blank, obtaining measurements
of concentration and quality. Extracted and quantified DNA were diluted for sequencing.
Upon sequence confirmation stocks were grown overnight and samples were prepared and
distributed in a 96 well plate for measurement. All the build metadata can be captured in
SBOL format using the functions from Chapter 4 and uploaded to SynBioHub.



6.2 Results 127

Glyph Description

sfGFP, dum0 and BOO15 Reporter

sfGFP, dum33 and BOO15 Reporter

sfGFP, M0050 and BOO15 Reporter

GFPmut3, dum0O and BOO15 Reporter

GFPmut3, dum33 and BOO15 Reporter

EhERER

GFPmut3, M0050 and BOO15 Reporter

Table 6.4 Reporters for manual build workflow.

The 96 well plates with samples produced at build were then introduced in a BMG
Clariostar Plus plate reader to get measurements every 10 minutes over 25 hours. The
measurements were acquired using a protocol to obtain OD600 absorbance and green
fluorescence over time ( more details in Methods). Then measurements obtained in a plate
were used to fill the Flapjack Excel template to upload experimental data and metadata. The
raw output from the plate reader was copied using one tab per measurement type, in this case
one for OD and one for fluorescence. The metadata captured in this experiment were DNA,
media and strain. After completing the Flapjack Excel template the data were uploaded to
Flapjack using the BMG parser, one of the built-in Flapjack parsers. The data in Flapjack
were queried, visualised and inspected using the front-end web app and the Python package
pyFlapjack to communicate with the API in an programmatic way. After checking that there
are no problems with the data, LOICA characterization method was used, see Chapter 3.
Characterised Sources are represented by its expression rate profile which can be used in
future GeneticNetwork designs.

Flapjack front-end was used to visualise the data and perform preliminary visualization
of the raw data (Figure 6.7 A). The fluorescence is similar for all samples with some minor
differences for GD0O006 and GDO0009 which are the ones with the M0050 degradation tag,
the major difference can be seen in the OD where they grew slower (Figure 6.8). LOICA
objects previously created were characterised and got an expression profile (Figure 6.7 B).
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Fig. 6.7 Degradation tags characterization data and analysis on manual build workflow. (A)
Experimental data points of green fluorescence and OD 600. (B) Gene expression rate and
growth rate from experimental data.

The gene expression rate profiles of GD0006 and GD0009 are notably different from the rest
suggesting that degradation tags have an effect on gene expression. More notable is that the
growth rate peak is delayed and smaller in TUs with degradation tags compared to TUs with
stop codons with or without random sequence. The expression profile then can be used in

other simulations informing the design stage and closing the DBTL cycle (Figure 6.9).

6.2.3 Connecting software tools and liquid handling robots to automate
the DBTL cycle

A DBTL cycle with automated build were iterated using the software tool to automate the
design, build and learn stages and liquid handling robots at the build stage(Figure 6.10).
The framework starts using LOICA at the design stage 6 TUs were defined combining 6
Source Operator with the Reporter sfGFP to create 6 simple GeneticNetworks. These
GeneticNetworks were exported to SBOL and used to create standardised build plans with
sbol-utilities.

The Source were linked to a SBOL composition of each promoter with the BO034
standard RBS from Elowitz (Table 6.1) to create a promoter working constitutively as a
Source in the absence of its repressor.

The Reporter was linked to a SBOL composition of a sfGFP CDS with the BOO15
terminator (Figure 6.3). This Reporter is combined with all the different Sources.
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Fig. 6.8 Mean expression and biomass over different Reporters on manual build
workflow from experimental data, bars represent SD, N=3. (A) Mean expression
rate in MEFL, calibrated units. (B) Mean biomass in particles, calibrated units.

Source

Model Parameters

SRC

S hFIapjack
Manual Clonning ' ' Network 1
000000000 GFP Measurements

Fig. 6.9 Workflow with manual build execution. LOICA were used to generate simulations
from parameters from the literature. Build were simulated using PUDU and performed
manually. Experimental data were uploaded to Flapjack. Data were visualised and analysed
in Flapjack.
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Fig. 6.10 Automated build workflow diagram. LOICA is used at the design stage, then
the output from LOICA is formatted using sbol-utilities which works as input for PUDU.
PUDU simulates the build and generates metadata. Build is done using PUDU to control

lab automation. Experimental data is uploaded to Flapjack where it can be processed and
analyzed.
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Glyph Description

TrX

Promoter GVP0O08, AmeR repressible
T X .
Promoter GVP0010, Betl repressible
Promoter GVP0012, BM3R1 repressible
Promoter GVP0013, HlylIR repressible
Promoter GVP0016, SrpR repressible

Promoter GVP0017, LitR repressible

RBS B0034

Table 6.5 Parts for Operators for automated build workflow.

Then, at the build stage PUDU were used to create an automated protocol to aid the
cloning process. Loop DNA Assembly was used in its libre version to generate human and
robot instructions to perform Golden Gate assembly. To use Loop DNA Assembly the user

just need to provide the assemblies as a dictionary of parts per role.

assemblies = {"promoter":["GVP0O008", "GVPOO10", "GVP0OO12",
"GVPO013" "GVP0OO15", "GVP0016"],
"rbs":"B0034", "cds":"sfGFP", "terminator":"B0015",

"receiver":"0dd_1"}

def run(protocol= protocol_api.ProtocolContext):

pudu_loop_assembly = Loop_assembly(assemblies=[assemblies])

pudu_loop_assembly.run(protocol)

The user instructions printed in the command line where used to set up the deck and for

labeling the assembles Composites.



132 Automated workflows to engineer synthetic genetic networks

Glyph Description

D
T

sfGFP

Terminator BOO15

Table 6.6 Parts for Reporters for automated build workflow.

Parts and reagents in temp_module

{'dd_h20': 'Al', 't4_dna_ligase': 'A2', 't4_dna_ligase_buffer': 'A3',
'Bsal': 'A4', 'Odd_1': 'Ab', 'GVP0OO12': 'A6', 'GVPOO10': 'B1',
'sfGFP': 'B2', 'GVPOO13': 'B3', 'GVP0O008': 'B4', 'GVPOO17': 'B5',
'BO034': 'B6', 'BOO15': 'C1l', 'GVPOO16': 'C2'}

Assembled parts in thermocycler_module

{('GVP0O008', 'B0034', 'sfGFP', 'B0015', 'Odd_1'): 'A1l',
('GVP0010', 'B0034', 'sfGFP', 'BO015', 'Odd_1'): 'A2',
('GVP0012', 'B0034', 'sfGFP', 'BO015', 'Odd_1'): 'A3',
('GVP0013', 'B0034', 'sfGFP', 'BO015', 'Odd_1'): 'A4',
('GVPO0O16', 'B0034', 'sfGFP', 'B0015', 'Odd_1'): 'A5',
('GVPOO17', 'B0034', 'sfGFP', 'B0O015', 'Odd_1'): 'A6'}

The assembled DNA was then used to set up a Chemical Transformation to generate
human and robot instructions to perform automated transformation. The devices assembled
were GVDO0O011 composed of CGVP0008’, ’B0034’, *stGFP’, ’B0015°, °0Odd 1°), GVD0013
composed of CGVP0010’, ’B0034’, *sftGFP’, "B0015’, °Odd 1’), GVDO0015 composed of
(CGVP0012’,°B0034°, ’sfGFP’, ’B0015°, Odd 1), GVDO0016 composed of CGVP0013’,
’B0034’, ’stGFP’, ’B0015°,’0Odd 1°), GVD0019 composed of CGVP0016’, ’B0034°, *sfGFP”’,
’B0015°, ’0Odd 1°), and GVD0020 composed of CGVP0017’, "B0034’, *stGFP’, "B0015°,
’0Odd 1’). To use Chemical Transformation the user just need to provide a list of DNAs
and competent cells to use.

def run(protocol= protocol_api.ProtocolContext):

pudu_transformation = Chemical_transformation(list_of_dnas=['GVD0011',
'GVD0013', 'GVD0015', 'GVD00O16', 'GVD0019', 'GVD0020'],
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competent_cells = 'DHbalpha')

pudu_transformation.run(protocol)

The user instructions printed in the command line where used to set up the deck and for
labeling the GMOs.

Strain and media tube in temp_mod

{'GvD00O11': 'A1', 'GVDO0O13': 'A2', 'GVDO0O15': 'A3', 'GVD0OO16': 'A4’',
'GVD0019': 'AB', 'GVD0020': 'A6', 'Competent_cells_tube_O': 'B1l',
'Competent_cells_tube_1': 'B2', 'Competent_cells_tube_2': 'B3',
'Media_tube_0': 'B4'}

Genetically modified organisms in thermocycler

{'Competent_cells_tube_O0': ['Al', 'A2', 'A3', 'A4', 'Ab'],
'Competent_cells_tube_1': ['A6', 'A7', 'A8', 'A9', 'A10'],
'Competent_cells_tube_2': ['A11', 'A12'], 'GVDOO11': ['A1', 'A7'],
'GVD0O013': ['A2', 'A8'], 'GVDOO15': ['A3', 'A9'], 'GVDOO16': ['A4', 'A10'],
'GVD0019': ['A5', 'A11'], 'GVD0020': ['A6', 'A12'],

'Media_tube_0': ['A1l', 'A2', 'A3', 'A4', 'A5', 'A6',

'A7', 'A8', 'A9', 'A10', 'A11', 'A12']}

Transformed bacteria were manually plated into Petri dishes. The replicate was stored as
a liquid sample.

Then, GMOs and culture media were used as input for Simple Plate Setup to generate
human and robot instructions to distribute samples into a 96 well plate and a metadata
containing a virtual representation of the plate which is added to the SBOL Document. To
use Simple Plate Setup the user just needs to provide a list of samples that will be placed
in 1.5 ml centrifuge tubes. The attribute starting slot allows for this code to be used to plate
different sets of sample or to use a 96 well plate multiple times.

def run(protocol= protocol_api.ProtocolContext):

pudu_plate_samples = Plate_samples(
samples=['s1', 's2','s3"', 's4', 'sb', 's6'], starting_slot=13)
pudu_plate_samples.run(protocol)

The user instructions printed in the command line where used to set up the deck and for
labeling samples.
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Fig. 6.11 Repressible promoter characterization data and analysis. (A) Fluorescence of
GFP and OD raw experimental data. (B) Mean gene expression rate and growth rate of
experimental data.

Samples in tube rack
{'s1': 'A1', 's2': 'A2', 's3': 'A3', 's4': 'A4', 'sb': 'Ab', 's6': 'A6'}

Samples in plate

{'s1': ['E4', 'F4',6 'G4', 'H4'], 's2': ['E6', 'Fb', 'GH', 'H5'],
's3': ['E6', 'F6', 'G6', 'H6'], 's4': ['E7', 'F7', 'GT', 'H7'],
'sb': ['E8', 'F8', 'G8', 'H8'], 's6': ['E9', 'F9', 'G9', 'H9']}

The 96 well plates were placed into the plate reader to take absorbance and fluorescence
measurement each 10 minutes for 25 hours. Then the measurements were exported as an
Excel file and used in combination with the metadata to upload it into Flapjack using the BMG
parser. Finally, at the learning stage I used Flapjack visualisation and analysis tools to inspect
the raw data (Figure 6.11 A) and the data analysed using the inverse characterization method
(Figure 6.11 B). I used Flapjack to get the mean expression and biomass of the devices, where
the difference in fluorescence is related to the difference in biomass Figure 6.12). Then, I

used LOICA to characterise Source Operators, closing the cycle (Figure 6.13).
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Fig. 6.13 Workflow execution with automated build. LOICA were used to generate simula-
tions from parameters from the literature. Build were simulated using PUDU and performed
with the help of lab automation tools. Experimental data were uploaded to Flapjack. Data
were visualised and analysed in Flapjack.
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6.3 Methods

6.3.1 Software Development

This framework was tested in Python 3, its dependencies are loica, pysbol3, sbol-utilities,
pudupy and pyflapjack. Software source code is publicly available under MIT licence at
https://github.com/Rudgelab. The packages are distributed through PyPI https://pypi.org.
Tests and simulations were performed on an Apple MacBook Pro 15-inch, 2019, with a 2,6
GHz 6-Core Intel Core 17 processor, Radeon Pro 555X 4 GB and Intel UHD Graphics 630
1536 MB GPUs, and 16 GB 2400 MHz DDR4 RAM.

6.3.2 dsDNA design

To order dsDNA, that may be in the form of gBlocks, part cores were flanked with appropriate
fusion sites (4 bp), a sequence with Sapl recognition sites (30 bp) and optionally sequences
to reduce complexity score allowing the synthesis (30 bp). The promoters designed have the
following format: pre/extra30-prefix-partcore-suffix-suf/extra30 The CDSs designed have
the following format: prefix-partcore-suffix. An outlier is the CDS Lacl which has an extra
sequence for complexity issues: pre/extra30-prefix-partcore-suffix (see Appendix for more

information about the sequences)

6.3.3 Supplemented M9 media preparation

In a 50 ml Falcon tube, dispense: Sml of 5X M9 media, 0.85 ml of Thiamine, 0.25 ml of
glucose 40% w/v, 0.5 ml of cas amino acids solution 10%, 50ul of MgSO4, 2.5 ul CaCl2.
Then add 13.575 ml or fill up to 25 ml.

6.3.4 Transformation solution 1

Chemical for 1L for 200 mL
Potassium chloride (or rubidium chloride) 7.4 g 148 g

Potassium acetate 295¢ 0.59¢

Calcium chloride dihydrate 15¢g 03¢g

Glycerol 150 g 30 g,25 mL

Table 6.7 Transformation solution 1 recipe.


https://github.com/RudgeLab
https://pypi.org
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Make up the above (Table 6.7) to a final volume of 950 ml (for the 1L recipe) or 190
ml (for the 200 mL recipe). Adjust pH to 6.4 using acetic acid, dispense into 10 aliquots of
95 mL, and autoclave. Allow the solution to cool and then add 5 mL (per each 95 mL of
solution) of 1M Manganese chloride tetrahydrate filter sterilised stock (19.8 g in 100 mL)

6.3.5 Transformation solution 2

Chemical for 1L for 200 mL
Potassium chloride (or rubidium chloride) 0.74 g 0.148 g

Calcium chloride dihydrate I1g 22¢g

Glycerol 150 g 30 g, 25 mL

Table 6.8 Transformation solution 2 recipe.

Make up the above (Table 6.8) to a final volume of 980 ml (for the 1L recipe) or 196
ml (for the 200 mL recipe). Dispense into 10 aliquots of 98 mL, and autoclave. Allow the
solution to cool and then add 2 mL (per each 98 mL of solution) of 0.5M MOPS buffer (10.47
g in 100 mL). Adjust pH to 6.8 using SM KOH and filter sterilise.

6.3.6 Competent cell preparation

Scrape a few cells from an E.coli glycerol stock (i.e. DH5 ) straight from the —80°C freezer
onto a marked space on an L.B-agar plate (without antibiotics). Streak out three times with
a wire or combi loop and grow overnight at 37°C. Alternatively plate out 50 mL from an
aliquot of previously made competent cells onto an LB-agar plate. Inoculate 5 mL LB, in
a 50 mL Falcon tube with one colony and incubate overnight at 37°C in an orbital shaker
at 200 rpm. Inoculate 40 mL of LB in a 250 mL conical flask with 1 mL of the overnight
culture. Grow at 37°C in an orbital shaker at 200 rpm. Check OD an hour after and until it
reaches ODg around 0.4 and 0.5. Transfer the culture to a 50 mL Falcon tube and harvest
by centrifugation at 5,000 rpm for 10 minutes at 4°C. Drain the pellet and re-suspend cells
into 8 mL of transformation buffer, TF-1. Place on ice for 15 minutes and then centrifuge at
5,000 rpm for 10 minutes, as above. Thoroughly drain the pellet and re-suspend in 4 mL of
transformation buffer, TF-2. Create 100 uL aliquots in 2 mL. Eppendorfs and immediately
freeze in liquid nitrogen. Store aliquots in a labelled box in a —80°C freezer.
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6.3.7 DNA extraction

DNA extraction was performed using the mini prep Monarch kit (NEB).

6.3.8 DNA assembly

All plasmids were constructed by Golden Gate using T4 ligase and its buffer (NEB) and
a restriction enzyme either Bsal v2 (NEB) or Sapl (NEB) depending on the level of the
assembly. Domestications were constructed by Golden Gate, where a part is extracted from
a gBlock and inserted in the universal acceptor pSB1C00. This methods were performed
mixing 1ul of T4 buffer, 1ul of T4 ligase, 1ul of Sapl, 0.5ul of the gBlock at 20 fmol/pul,
0.5 ul of extracted universal acceptor at 20 fmol/ul and 61 of milli-Q water. In level Odd
assemblies, domesticated parts are composed into a TU in an Odd receiver. These methods
were performed mixing 1ul of T4 buffer, 1ul of T4 ligase, 1ul of Bsal, 0.5u1 of each part in
backbone at 20 fmol/ul, 0.5 ul of Odd receiver at 20 fmol/ul and milli-Q water to complete
10ul of reaction volume. In level Even assemblies, TUs are composed into networks in an
Even receiver. This methods were performed mixing 1ul of T4 buffer, 1ul of T4 ligase, 11l
of Sapl, 0.5ul of each part in backbone at 20 fmol/ul, 0.5 ul of Even receiver at 20 fmol/ul

and milli-Q water to complete 10ul of reaction volume.

6.3.9 Transformation

Eppendorf 2 ml tubes with 100 ul of competent bacteria E. coli DH5 ¢ stored at -80 °C were
thawed in ice, then 5 ul of assembly reaction or 2 ul of extracted plasmid were added in the
tube with competent bacteria and leave in cold incubation in ice for 30 min. After the cold
incubation a heat shock was performed, the tubes were placed in a water bath at 42 °C for 1
minute and returned to the ice for 2 min. Then, 200 ul LB media without antibiotics were
added to the tube with competent cells and incubated at 37 °C in an orbital shaker for 1 hour
for their recovery. After the recovery incubation, 100 ul were plated in a plate with solid LB
and the appropriate antibiotic resistance using S0mg/ml for kanamycin and 100mg/ml for

ampicillin.

6.3.10 Automated DNA assembly

Automated DNA assembly implemented the same method used in DNA assembly, but
automated using an OT-2. The instructions for deck setup were generated by PUDU as well

as the script used to run the protocol.
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6.3.11 Automated Transformation

Automated transformation implemented the similar method used in transformation, but
automated using an OT-2. The instructions for deck setup were generated by PUDU as well

as the script used to run the protocol.

6.3.12 Automated test setup

Automated test setup was used to prepare 96 well plates for experiments. Samples in 2 ml
Eppendorf tubes were distributed in 4 wells in a 96 well plate. The instructions for deck

setup were generated by PUDU as well as the script used to run the protocol.

6.3.13 Calibration

Calibrations were performed following iGEM technology multicolor fluorescence per particle
calibration protocol, described in [11]. The fluorescence calibrants used were fluorescein,
sulforamide 101 and cascade blue at an initial concentration of 10 uM. The particle calibrant
used was silica microspheres 0.961 pm at 3 108 initial particles per well. The calibrants at
initial concentration were placed in two wells, fluorescein in A1 and B1, sulforamide 101
in C1 and D1, cascade blue in E1 and F1, and silica microspheres in G1 and H1. From the
initial concentrations the calibrants were diluted in half on the well to the right until the
column 11. Fluorescein and sulforamide 101 were diluted in PBS, and cascade blue and
silica beads were diluted in water. Column 12 was used for water and PBS, 4 wells each.
The analysis was performed using the iGEM interlab 2019 template.

6.3.14 Kinetic gene expression and growth assays

Kinetic gene expression and growth assays were made culturing bacteria with the appropriate
plasmid. Monoclonal colonies of E. coli strain DH5 transformed with plasmid DNA
were picked and cultured for 14-16 hours overnight in LB media with 50 pg/ml kanamycin.
Overnight cultures were diluted 1000 times in 2 ml tubes with supplemented M9 media. All
the tubes were filled with 1998 pl of fresh supplemented M9 media with 50 ug/ml kanamycin
and 2 pl of the bacteria liquid culture obtaining a final volume of 2 ml. From each 2 ml
tube, 4 samples of 200 ul were distributed, one in each well of a 96 well plate. 4 wells with
non-transformed bacteria of the same strain and 4 wells of bacteria transformed with the
appropriate plasmid to analyse from the previously prepared 2 mL tubes. Optical density and

fluorescence in three channels (RFP, GFP and CFP) were measured approximately every 10
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minutes for 25 h in a BMG Clariostar Plus plate reader with Mars software. Each assay was

repeated on 3 different days, with 4 replicates on each day.

6.4 Discussion and conclusions

In this chapter three different DBTL workflows were developed, connected and exercised.
The simulated framework can be used as a teaching tool and to plan assemblies as the only
difference between the simulated and automated framework is simulated data versus real
data produced with lab automation.

The communication between the design and build stages is a key feature of the automated
framework and this work not just provides tools for design and build that can be connected
but also an interface for the easy integration of other software tools to the framework.
The connection between the GDA and the liquid handling robot can play a major role in
democratizing synthetic biology as the Design stage is less expensive. Laboratories with less
resources can dedicate their efforts to design and collaborators or cloud labs can perform the
build stage.

The workflow with manual build is what most synthetic biology labs can implement. The
main advantage is the connection between the design and learning stages. As well as the easy
upload of data and metadata to be used by the learn tool.

The workflow with automated build is the most reproducible and automated. Although
lab automation tools are expensive, the liquid handling robot used in this work is in the
10,000 USD range being available to a large number of researchers. The automation of the
physical process and meta data capturing at Build stage helps to generate more reproducible
experiments, and better quality data and metadata.

The framework is modular and compatible with the SBOL ecosystem, providing value
for the community as the tools can be used in other workflows or can be adapted by swapping
tools 6.14.
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Fig. 6.14 Extended framework diagram. The framework developed in this work can be easily
extended with tools connected to standards.
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In this work, in objective A: Create a design tool for synthetic genetic networks. I have
created a design abstraction compatible with functional synthetic biology and the Loop
hierarchical assembly. I developed LOICA, a Design software tool that uses genetic devices
to create genetic networks. Genetic networks were visualised and simulated in different
contexts, single cells, bulk cultures and growing colonies. Designs with the desired function
were exported as SBOL files. Then, in objective B: Automate the build stage with software
and robotics. LOICA SBOL output were formatted as standard build plans using the builders
that I contributed to the sbol-utilities package. I developed PUDU, a Build software tool
that uses SBOL files to create automated protocols. Standard build plans were used to
create assembly instructions as liquid handling robot script and human readable protocol
information. Automated and manual protocols were used to insert the assembled DNA
into hosts creating genetically modified organisms and to arrange samples containing those
organisms into well plates to test its behaviour. Also, calibration plates were made to calibrate
plate readers and obtain data in units of fluorescence per particle. Experimental data and
related metadata were uploaded to Flapjack. I contributed to Flapjack, a Learn software with
data management, visualisation and analysis tools. In objective C: Develop and implement a
method for characterising genetic networks to connect Learn and Design stages. I developed
a method that uses inverse problems to characterise gene expression and growth rate, and
implemented it in Flapjack. LOICA can fetch data and use analysis algorithms from Flapjack
to characterise genetic networks to be used in new designs, closing the cycle.

Finally in objective D: Demonstrate DBTL workflows. I exercised three workflows to
design and characterise small genetic networks in Escherichia coli with simulated, manual
and automated build. The workflows developed in this work provides novel teaching and
research tools available for different needs. The software tools developed in this work are
modular allowing for its combination with other tools from the SBOL ecosystem creating
multiple possible workflows. The software is open source and freely available for its use
with an MIT license, providing an useful resource for researchers studying gene expression
that is already used in labs at the UK, US, Europe and South America.
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The workflows developed in this thesis are just an example of the many different work-
flows that can be made leveraging standards. Using standards inside the different stages of
the DBTL cycle and agreeing in standardized interfaces more tools can be added in a plug and
play fashion (Figure 6.14). This will enable the addition of more tools by other researchers
and its adaptation for its use in different laboratories and for diverse experiments. Although
this work is oriented to synthetic biologists and related disciplines with the ability to code,
its continuation may produce better user interfaces. A GUI would make the workflows even
more accessible widening the impact of these software tools, standards and mathematical
methods. Also, programming languages are more and more frequent in the formation of
scientists, being Python and R one of the most used tools for data analysis. Scientific break-
throughs like large language models (LLMs) will make coding easier or unnecessary, as code
might be produced through natural language.

As future work I would like to exercise this workflow in different laboratories and
characterise inverters to run the repressilator generator script with the data of my NOT gates
so I would be able to build the repressilators. Functional repressilators can be tested imaging
the colony and looking for expression rings [197]. Then, repressilators can be characterised
and used as basis to synthesis functions in an analog way to Fourier synthesis. I would like to
use optogenetic promoters as Receivers, changing the expression level using light intensity
and duration for stimulation. It will also be capable of synthesising any other Operator
profile or response function and will diminish the expenses in chemical inducers or time to
load them into the samples. Although these workflows were developed with the bacterial
model in mind and tested with E. coli, they could be easily adapted to use yeast or other
unicellular organisms being the design tool the most challenging to adapt. I would like to
extend the workflows to support the work with fungi and plant. With this it will be fun
to research beneficial associations between bacteria, fungi and plants to develop plants to
make them more resilient, adapted better to new environments in earth, space and mars, that
produces more food or air, among others.

Functional synthetic biology and the assembly strategies from this work will enable the
use of a software engineering abstraction on synthetic biology. This will allow for the use of
genetic parts, devices and systems as objects from a package that can be tested and updated
decoupling sequence from function.

The GDA tools developed in this work, LOICA, is also compatible with this abstraction,
but still needs a pipeline with more functionalities to update the sequence with a new
characterization data. Quality controls and curation are also needed in this pipeline to
reduce the risk of using bad characterization data. LOICA holds a great potential to aid

in the design of genetic networks and its simulation, as its parameters are experimentally
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accesible improving the connection between Test, Learn and Design. In version 1 LOICA
included the features to use ODE and SSA for simulations and in version 1.2 incorporated
partial differential equations (PDE) for spatio-temporal behaviours. With this LOICA covers
the simulation of single cells with SSA, bulk cultures with ODE and growing bacterial
colonies with PDE. The simulation of bacterial colonies is still not validated experimentally
but previous theoretical work points that it would work in small monolayer colonies [197].
Advances in the incorporation of proteins and production of chemicals have been proposed
but needs to be reviewed to be merged in a new version. A major point for this version
is to create a clear interface between LOICA and the systems biology markup language
(SBML). This connection would allow the simulation of biochemical networks using the
plethora of tools already available on the SBML ecosystem to simulate Petri nets [21], flux
balance analysis [125] and parameter estimation [154]. Another feature that I would like to
develop is the connection between LOICA and CellModeller [144] to provide an easy way to
access IBM for genetic network designs. LOICA would provide the design and simulation
functionalities and CellModeller would provide a biophysics model that is implemented
for bacteria [144] and plants [46]. A recent advantage of connecting to CellModeller is
that recently it released a web platform to run simulations in a remote computer server,
reducing the hardware needs from the user [132]. With these capabilities spatio-temporal
patterns and emergent properties could be better studied. LOICA’s programmatic nature
make it compatible with HPC, and has been used in this setup allowing for the simulation
of many designs in parallel [145], and has been used to simulate parallel SSA for Monte
Carlo simulations on complex genetic networks. The designs includes genetic networks to
perform phase-based arithmetic such as a majority gate, a full adder and a 4-bit phase-based
genetic ripple adder [145]. Moreover, the extension of LOICA and the whole workflow
to host organisms of other life kingdoms is an evident need. It’s adaptation to be used in
fungi and plants are in the development road map as well as its work for cell-free protein
expression systems.

The liquid handling robot control tool developed in this work, PUDU, provides a good
starting point for automating cloning. PUDU still needs some changes on the Opentrons
software to provide support for the creation of SBOL metadata. This would allow an auto-
mated production of metadata following best practices improving its quality and removing
this burden from the experimentalist. I aim to generate a digital plate, ready to be connected
to tools like Flapjack [196] and SynBioHub [113]. Compared to other tools such as Py-
LabRobot [193] or the Opentrons API that help users to create protocols, PUDU has a set
of protocols defined as classes where their arguments are required inputs from the user or

small modifications, and PUDU captures metadata in a standardised format. For now just
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the SBOL DNA Assembly is the only function that can create metadata when the protocols is
simulated or run in the OT-2. The only problem to implement PUDU with SBOL metadata
capture capabilities is a dependency issue that does not allow for the installation of pySBOL3
and sbol-utilities in the OT-2 Raspberry Pi. Finally, I want to generalise the liquid handling
control generating protocols in the Laboratory Open Protocol (LabOP) standard and expand
the calibration scripts using absolute protein quantification [36].

To improve Flapjack capabilities its development road map includes the modification
of the data objects. For example a sample design object would allow for a simplified way
to inform sample metadata, the change on strains to have a many-to-many relationship will
allow for the storage of consortia data. Also, the separation of the back-end between data
repository and analysis tool would simplify Flapjack’s operation. The analysis tools would
be organized in a Python package where the characterization method based inverse problems
developed in this work can be included.

As synthetic biology aims to design novel genetic networks or circuits from compositions
of transcription units, it relies heavily on characterization of the functions of these TUs.
Fundamentally, gene expression rates must be reconstructed from noisy measurement data
in a range of conditions, including concentrations of inducer chemicals. The function of
the network may then be mathematically modelled as in equation 5.1. Methods such as this
will enable such approaches for dynamical systems [49, 58] where the dynamic profile of
gene expression rates is essential to the operation of the network. I would like to improve
the assumption that the expression profile is maintained when the CDS is swapped using
deep learning algorithms. This can be analysed using LOICA characterization on a dataset of
experimental data of swapped CDSs and LOICA could even be used for data augmentation.

Finally, in this maturation period synthetic biology is defining abstractions, standards and
how to decouple the work at different levels. Following the idea of abstraction hierarchy that
supports the engineering of integrated genetic system, the decoupling of the work in synthetic
biology can be defined. At the sequence level, Sequence engineering tackles DNA structure
and function to build genetic parts. For example a bioinformatician can build a promoter
and a protein engineer a CDS. Expression engineering knows how these parts interact with
each other to create compositions of parts or small genetic devices, tuning expression of
one protein by changing the RBS for example. At the organism level, Genetic Network
Engineering uses genetic devices to compose genetic regulatory networks, genetic circuits or
metabolic pathways to create the "software" for genetically modified organisms. For example,
this area will tune protein expression, modify the amplitude and frequency of oscillatory
networks and use blue light to control an optogenetic promoter. Host engineering modifies

the host organism, its genome and media or cell free reaction to create the "hardware" for
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genetically modified organisms. This area will modify or create organisms for determined
uses, for example with synthetic genomes, adding new genome insertions or creating new
cell-free extracts. At the ecosystem level, Ecosystem engineering creates artificial ecosystems
to modify natural ones in a defined geographical location. This area will create consortia,
place a set of organisms in a greenhouse for food production or deploy predators to make
an ecosystem more robust. Planet engineering combines ecosystems to create or modify
the biosphere of a planet, satellite or other cosmic object. This area will be in charge of
planet sustainability, colonisation and terraforming. For now planets are the biggest units
of life and long term colonisation of other planets will require humans with this expertise.
Planet engineering is still in its early stages, with significant challenges to overcome before it
becomes a reality. Synthetic biology can play a crucial role in planet engineering by offering
innovative solutions to some of these challenges. In bioremediation, synthetic organisms can
be engineered to clean up pollutants and toxins, making environments more habitable. In
atmospheric modification, engineered microbes could be used to produce gases that alter
the atmosphere, potentially making it more suitable for human life. In resource production,
synthetic biology can help create sustainable sources of food, fuel, and materials, essential for
long-term habitation. In climate control, synthetic organisms could be designed to regulate
temperature and weather patterns, aiding in climate stabilization. Although, this work dont
tackle these in specific, it looks for automating and advancing synthetic biology to speed up
scientific discovery and engineering.

In this work I hope I contributed with my little grain of sand and my vision towards using
the engineering method in synthetic biology even though I’m not an engineer myself, 'm

just a humble biochemist.
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Designed DNA sequences

Part name Sequence

L3S2P11-  cactagctcagattcagtagaccgcetgttgtgccegctttccagtcggggctcttcatcggg agetcggtac-

UPA20- caaattccagaaaagagacgctttcgagcgtcttttttcgttitggtcecgtg cctactctggaaaatcttect-

Prhl- gtgaaatctggcagttaccgttagctticgaattggctaaa aagtgttcagcgctcaacgggtgtgcttce-

RiboJ10 cgttctgatgagtccgtgaggacgaaagcgec tctacaaataattttgtttaatactcgagagaagagcecacg-
tagtgggccatcgccagetgt cagcactactaacttgecggtcagt

L3S2P21-  cactagctcagattcagtagaccgetgttgtgcececgcetttccagtcggggcetcttcatcggg ageteggtac-

UPA20- caaattccagaaaagaggcctcccgaaaggggggcctttittcgtittggte cgtgectactctggaaaate-

Plux-RiboJ tacctgtaggatcgtacaggtttacgcaagaaaatggtttgt tatagtcgaataaaagetgtcaccggatgt-
gctttccggtctgatgagtccgtgaggacgaa acagectctacaaataattttgtttaatactcgagagaa-
gagccacgtagtgggccatcgec agctgtcagcactactaacttgeggtcagt

L3S1P13- cactagctcagattcagtagaccgcetgttgtgccegctttccagtcggggctcttcatcggg aggacgaa-

UPA20- caataaggcctccctaacgggggeccttttttattgataacaaaagtgcectact ctggaaaatctgcacgt-

Ptra-RiboJ  gcagatctgcacatttacgcaagaaaatggtttgttatagtcgaa tatagctgtcaccggatgtgctttccg-

gtctgatgagtccgtgaggacgaaacagcectctac aaataattttgtttaatactcgagagaagagecacg-
tagtgggccatcgccagetgtcagea ctactaacttgcggtcagt

Table A.1 Receiver receptor promoters 1.
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Part name Sequence

L3S2P11-  cactagctcagattcagtagaccgetgttgtgeeccgcetttccagtcggggcteticatcggg agetcggtac-

UPA20- caaattccagaaaagagacgctttcgagcgtcttttttcgttttggtccgtg cctactctggaaaatctectttec-
Plas- gaaacgaaacaagttggattttgcacctaccagaactg gtagttctgacctgtggctatcttcgaaggceatc-
RiboJ10 gatattatgcacattggaactcttcatg acataacgccgagagcgctcaacgggtgtgcttccegttctgat-

gagtccgtgaggacgaaa gegectctacaaataattttgtttaatactcgagagaagagecacgtagtggoc-
catcgcca gctgtcagcactactaacttgeggtcagt

L3S1P13-  cactagctcagattcagtagaccgcetgttgtgeecgcetttccagtcggggcetcttcatcggg aggacgaa-

UPA20- caataaggcctccctaacggggggccttttttattgataacaaaagtgectact ctggaaaatctgggggcc-
Pcin- tatctgagggaatttacttccctatcagtgatagagatactgag cacatccctatcagtgatagagatagtagt-
RiboJ51 caccggctgtgcttgecggtctgatgagectg tgaaggcgaaactacctctacaaataattttgtttaatacte-

gagagaagagccacgtagtg ggccatcgecagetgtcageactactaacttgeggtcagt
L3S2P21-  cactagctcagattcagtagaccgcetgttgtgccegctticcagtcggggctcttcatcggg agetcggtac-

UPA20- caaattccagaaaagaggcctcccgaaaggggggccttttttcgttttggtc cgtgectactctggaaaatct-
Prpa- gcacctgtccgatcggacagtattacgcaagaaaatggttt gttatagtcgaatatagtagtcaccggcetgt-
RiboJ51 gcttgecggtetgatgagectgtgaaggcega aactacctctacaaataattttgtttaatactcgagagaa-

gagccacgtagtgggccatcge cagetgtcageactactaacttgeggteagt

Table A.2 Receiver receptor promoters 2.
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Part name

Sequence

CinR

LasR

LuxR

tgceegctttccagtcggggctcttcatcgaatgattgagaatacctatagcgaaaagttcg agtccgegtte-
gaacagatcaaggcggcggccaacgtggatgccgecatcegtattctccag gecggtatataacctce-
gatttcgtcacctaccatctcgeccagacgatcgcgagceaagatcga tccgeecttcgtgegeac-
cacctatccggatgectgggtttccegetacctectcaacaget atgtgaaggtcgatcegatcgt-
caagcagggcttcgaacgccagcetgeccticgactggage gaggtcgaaccgacgecggaggcc-
tatgccatgctggtcgacgcecccagaaacacggceatcgg tggcaatggctactccatccecgtegecga-
caaggcgcagegecgegecectgetgtegetga atgeccgtataccggecgacgaatggaccgagettgt-
gegecgetgecgeaacgagtggate gagatcgeccatctgatccaccgcaaggecgtctatgagetg-
catggcgaaaacgatccggt gecggeattgtecgecgegegagatcgagtgtctgeactggaccegec-
ctcggcaaggattaca aggatatttcggtcatcctgggceatatcagagcataccacacgcgattacctgaa-
gaccgcec cgcttcaagetcggcetgcgecacgatctcggecgeegegtegegggctgttcaattgegeat
catcaatcccggagcccgagagaagagcecacgtagtgggccatcgec

tgccegetttccagtcggggctettcatcgaatggecttggttgacggttticttgagetgg aacgctcaagtg-
gaaaattggagtggagcgccatcctccagaagatggcgagegaccttgga ttctcgaagatcctgttcgge-
ctgttgcctaaggacagccaggactacgagaacgcectteat cgtcggecaactacecggecgectggege-
gagcattacgaccgggctggctacgecgegggtcg acccgacggtcagtcactgtacccagagegtact-
gccgattttctgggaaccgtccatctac cagacgegaaagceagcacgagticttcgaggaagectcggc-
cgeeggectggtgtatgggct gaccatgecgetgeatggtgctcgeggegaactcggegegcetgage-
ctcagcgtggaagcgg aaaaccgggcecgaggecaaccgtitcatagagtcggtectgecgaccectgtg-
gatgctcaag gactacgcactgcaaageggtgccggactggecttcgaacatccggtcagcaaaccg-
gtggt tetgaccagecgggagaaggaagtgttgcagtggtgcgecatcggcaagacecagttgggaga
tatcggttatctgcaactgctcggaagccaatgtgaacttccatatgggaaatattcggegg aagttcggt-
gtgacctceecgecgegtageggcecattatggecgttaatttgggtcttattac tctcggageccgagagaa-
gagccacgtagtgggccatcgee

tgceegcetttccagtcggggctcticatcgaatgaaaaacataaatgeccgacgacacataca gaataat-
taataaaattaaagcttgtagaagcaataatgatattaatcaatgcttatctgat atgactaaaatggtacattgt-
gaatattatttactcgcgatcatttatcctcattctatggt taaatctgatatttcaatcctagataattaccc-
taaaaaatggaggcaatattatgatgacg ctaatttaataaaatatgatcctatagtagattattctaactc-
caatcattcaccaattaat tggaatatatttgaaaacaatgctgtaaataaaaaatctccaaatgtaattaaa-
gaagcgaa aacatcaggtcttatcactgggtttagtttccctattcatacggctaacaatggeticggaa
tgcttagttttgcacatticagaaaaagacaactatatagatagtttatttttacatgcgtgt atgaacataccat-
taattgttccttctctagttgataattatcgaaaaataaatatagcaaa taataaatcaaacaacgatttaac-
caaaagagaaaaagaatgtttagcgtgggcatgcgaag gaaaaagctcttgggatatttcaaaaatattag-
gttgcagtgagcgtactgtcactttccat ttaaccaatgcgcaaatgaaactcaatacaacaaaccgctge-
caaagtatttctaaagcaat tttaacaggagcaattgattgcccatactttaaaaatggagcccgagagaa-
gagccacgtag tgggccatcgee

Table A.3 Receiver receptor CDS 1.
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Part name

Sequence

RpaR

TraR

tgceegcetttccagteggggctcttcatcgaatgatcgteggegaagatcagetttggggac ggegt-
gecgcetggagttcgtecgattccgtcgaacggetcgaggegecggegetgatcageegg ttcgaatcget-
gatcgcgagctgcggatttaccgectacatcatggecggectgecgtegeg caatgecggactaccg-
gagctgacgctggecaatggctggccgegagactggticgatctgt atgtcagcgaaaacttcagegeg-
gtcgatccggtgecgegecacggegcetaccacggttcat cctttcgtatggtccgatgeaccctac-
gaccgegaccgtgatecggecgeccaccgggteat gaccecgggeggeggagttcggactggte-
gagggttactgcattccgctgcactacgacgacg gtagegecgegatcageatggecggcaaggatce-
cggacctcagececggeegegegeggcgceg atgcagcetggtcageatctacgecgeatagtcgect-
gegegeactcagecggecaaagecgat ccggegeaaccggcetcacgecgegegagtgcgagatectg-
caatgggcagcgcagggcaaga ccgectgggaaatctcggtaatcetctgeatcaccgaacgeacggt-
gaaattccatctgatc gaagcecgeccgceaagetcgacgeegecaaccgeaccgeggeggttgccaag-
geattgacgcet cggattgatccgtttgggageecgagagaagagecacgtagtgggecatcgec

tgceegctttccagtcggggctcttcatcgaatgcageactggetggacaagcetgactgate ttgecge-
gatcgaaggcgatgagtgcatcctgaagaccgggctggcggacatcgecgaccat ttcggettcaccg-
gctatgcectaccttcatatccagcacaggcacatcaccgecgttaccaa ctatcaccgcecaatggcaat-
caacctacttcgacaagaagttcgaagcgctcgatccggtcg tcaaacgcgegaggtcecggaagea-
catcttcacctggtcgggegagcacgageggecgacg ctgtcgaaggacgagegtgecttctatgac-
cacgcatccgatttcggcatccgcetccggceat cacaatacccatcaagaccgecaacggctttatgtcgat-
gttcacgatggcatcggacaagc cggtgatcgatctcgatcgggagatcgatgcagtcgecagecgetg-
caaccatcgggcagatc catgcccgceatctcattccttcgcaccaccectaccgeggaagatgecgeatg-
gctcgatce gaaggaggcecacctatctgagatggattgecegtcggcaagacgatgtgggagatcgec-
gacg tcgaaggggtcaagtacaacagegtcecgegtcaagetacgegaagecatgaagegceticgac
gtccgeagcaaggceccatcttaccgegetegecateccggeggaaactcatcggageccgaga gaa-
gagccacgtagtgggccatcgec

Table A.4 Receiver receptor CDS 2.
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Part name

Sequence

Cinl

Lasl

LuxI

RhlI

tgceegcetttccagtcggggctcttcatcgaatgcageactggctggacaagetgactgate ttgecge-
gatcgaaggcgatgagtgcatcctgaagaccgggetggcggacatcgecgaccat tteggettcaccg-
gctatgcctaccttcatatccagcacaggcacatcaccgecgttaccaa ctatcaccgccaatggcaat-
caacctacttcgacaagaagttcgaagcgctcgatccggteg tcaaacgcgcgaggteccggaagea-
catcttcacctggtcgggcgagcacgageggccgacg ctgtcgaaggacgagegtgecttctatgac-
cacgcatccgatttcggcatccgctccggeat cacaatacccatcaagaccgcecaacggctttatgtegat-
gttcacgatggcatcggacaagce cggtgatcgatctcgatcgggagatcgatgcagtcgcageegetg-
caaccatcgggcagatc catgcccgcatctcattccttcgcaccacccctaccgeggaagatgecgeatg-
gctecgatce gaaggaggccacctatctgagatggattgecgtcggcaagacgatgtgggagatcgece-
gacg tcgaaggggtcaagtacaacagcegtccgegtcaagetacgegaagcecatgaagegettcgac
gtccgeagcaaggcccatcttaccgegetecgecatccggeggaaactcatcggageccgaga gaa-
gagccacgtagtgggccatcgee

tgceegcetttccagteggggctcttcatcgaatgategttcagatcggtegtcgtgaagagt tcga-
caaaaaactgctgggtgaaatgcacaaactgegtgctcaggttttcaaagaacgtaaa ggttgggacgtttc-
cgttatcgacgaaatggaaatcgacggttacgacgctctgtcccegta ctacatgctgatccaggaaga-
caccccggaagctcaggttttcggttgctggegtatettcg acaccaccggtecgtacatgectgaaaaacac-
ctteccggaactgetgecacggtaaagaagcet ccgtgetccecgeacatctgggaactgtecegtttcgetat-
caactccggtcagaaaggttc cctgggtttctccgactgcaccetggaagetatgegtgctctggetegt-
tactccttgcaga acgacatccagaccctggttaccgttaccaccgttggtgttgaaaaaatgatgatccgt-
gct ggtetggacgtticecgtticggtccgeacctgaaaatcggtatcgaacgtgctgttgctct gegtate-
gaactgaacgctaaaacccagatcgctctgtacggtggtgttctggttgaacage gtctggctgtttccg-
gagcccgagagaagagccacgtagtgggcecatcgec

tgceegcetttccagtcggggctcticatcgaatgactataatgataaaaaaatcggattttt tggcaattc-
catcggaggagtataaaggtattctaagtcttcgttatcaagtgtitaagcaa agacttgagtgggact-
tagttgtagaaaataaccttgaatcagatgagtatgataactcaaa tgcagaatatatttatgcttgtgatgat-
actgaaaatgtaagtggatgctggcgtttattac ctacaacaggtgattatatgctgaaaagtgtttttc-
ctgaattgcttggtcaacagagtgct cccaaagatcctaatatagtcgaattaagtcgttttgctgtag-
gtaaaaatagctcaaagat aaataactctgctagtgaaattacaatgaaactatttgaagctatatataaa-
cacgctgtta gtcaaggtattacagaatatgtaacagtaacatcaacagcaatagagcgatttttaaagegt
attaaagttccttgtcatcgtattggagacaaagaaattcatgtattaggtgatactaaatc ggttgtattgtc-
tatgcctattaatgaacagtttaaaaaagcagtcttaaatggagcccgag agaagagccacgtagtgggc-
catcgcce

tgceecgctttccagtcggggctcticatcgaatgatcgaactgetgtccgaatecectggaag gtetgteceget-
gctatgatcgcetgaactgggtcgttaccgtcaccaggttttcatcgaaaaa ctgggttgggacgttgtttccac-
ctcecgtgttcgtgaccaggagttcgaccagttcgacca cccgecagaccegttacatcgttgetatgtee-
cgtcagggtatctgeggttgcgetegtetge tgecgaccaccgacgcettacctgetgaaagacgttttcget-
tacctgtgctccgaaaccecg ccgtecgaccegtecgtitgggaactgtecegttacgetgetteccgetgcet-
gacgacccgca getggcetatgaaaatcttctggtcectecctecagtgegettggtacctgggtecttecteeg
ttgttgctgttaccaccaccgctatggaacgttacttcgticgtaacggtgttatcctccag cgtetgggteege-
cgcagaaagttaaaggtgaaaccctggttgetatctecttcecggetta ccaggaacgtggtetggaaat-
gctgetgegttaccacccggaatggcetccagggtgttccge tgtccatggetgttggageccgagagaa-
gagccacgtagtgggccatcgcee

Table A.5 Receiver sender CDS.
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Part name Sequence

L3S1P13-  cactagctcagattcagtagaccgetgtigtgeecgctttccagtcggggctcttcatcggg aggacgaa-

UPA20- caataaggcctcecctaacggggggccttttttattgataacaaaagtgectact ctggaaaatctcecgecge-

plambda- cctagacctagctgcaggtcgaggataaatatctaacaccgtge gtgttgactattttacctetggeggt-

RiboJ51 gataatggttgcatgtactagaattcattagtagtc accggctgtgcttgecggtetgatgagectgtgaag-
gcgaaactacctctacaaataatttt gtttaatactcgagagaagagccacgtagtgggccatcgccagcet-
gtcagcactactaactt gcggtcagt

L3S1P13-  cactagctcagattcagtagaccgetgtigtgeecgctttccagtcggggctcttcatcggg aggacgaa-

UPV1- caataaggcctcectaacggggggccttttttattgataacaaaatcgtcacta gagggcegatagtga-

pAmeR- caaacttgacaactcatcacttcctaggtataatgctagcagtagtca ccggetgtgettgccggtctgat-

Riboj51 gagccetgtgaaggcegaaactacctctacaaataattttg tttaatactcgagagaagagecacgtagtggge-
catcgccagctgtcagcactactaacttg cggtcagt

L3S1P13-  cactagctcagattcagtagaccgcetgttgtgeecgcetttccagtcggggcetcttcatcggg aggac-

UPV2- gaacaataaggcctccctaacggggggccttttttattgataacaaaacttgtccaa ccaaatagcgct-

pAmtR- caacgggtgtgcttcecegttctgatgagtecgtgaggacgaaagegecte tacaaataattttgtttaatacte-

RiboJ10 gagagaagagccacgtagtgggccatcgec

L3S1P13-  cactagctcagattcagtagaccgetgttgtgcccgetttccagtcggggctcttcatcggg aggacgaa-

UPV3- caataaggcctccctaacggggggccttttttattgataacaaaaagecgegggt gagagggattcgttac-

pBetl-RiboJ

L3S2P11-
UPA20-
pLac-
RiboJ10

L3S2P11-
UPV4-
pBM3R1-
RiboJ51

caattgacaattgattggacgttcaatataatgctagcagctgtca ccggatgtgctttccggtctgatgagte-
cgtgaggacgaaacagcctctacaaataattttg tttaatactcgagagaagagccacgtagtgggc-
catcgccagctgtcagcactactaacttg cggtcagt

cactagctcagattcagtagaccgcetgttgtgecegcetttccagtcggggctcticatcggg agetcg-
gtaccaaattccagaaaagagacgctttcgagcgtcttttttcgttttggtccgtg cctactctggaaaatcte-
ctttcgtcttcacctcgagaattgtgagcggataacaattgaca ttgtgagcggataacaagatactgagca-
catcagcaggacgcactgaccgaattcattagcg ctcaacgggtgtgcttcccgtictgatgagtccgtgag-
gacgaaagcgcectctacaaataat tttgtttaatactcgagagaagagecacgtagtgggccatcgecagct-
gtcagcactactaa cttgcggtcagt

cactagctcagattcagtagaccgetgttgtgcccgcetttccagtcggggctcttcatcggg agetcggtac-
caaattccagaaaagagacgctttcgagcgtcttttttcgttttggtccaat ccgecgtgataggtctgattcgt-
taccaattgacggaatgaacgttcattccgataatgctag cagtagtcaccggcetgtgcttgecggtcetgat-
gagcctgtgaaggcgaaactacctctacaa ataattttgtttaatactcgagagaagagecacgtagtggec-
catcgccagctgtcageact actaacttgcggtcagt

Table A.6 Repressible promoters 1.
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Part name Sequence

L3S2P11-  cactagctcagattcagtagaccgetgttgtgcecgcetttccagtcggggcetcttcatcggg ageteggtac-

UPV5- caaattccagaaaagagacgctttcgagcgtcttttttcgttttggtccacc aggaatctgaacgattcgt-

pHIylIR- taccaattgacatatttaaaattcttgtttaaaatgctagcag ctgtcaccggatgtgctttccggtctgat-

RiboJ gagtccgtgaggacgaaacagectctacaaata attttgtttaatactcgagagaagagcecacgtagtggge-
catcgccagctgtcagcactact aacttgcggtcagt

L3S2P21-  cactagctcagattcagtagaccgcetgttgtgeecgcetttccagtcggggcetcettcatcggg ageteg-

UPA20- gtaccaaattccagaaaagaggcctcccgaaaggggggaccttttttcgttttggtc cgtgece-

pTetR- tactctggaaaatcttccctatcagtgatagagattgacatccctatcagtgatag agatactgagcea-

RiboJ catcagcaggacgcactgaccagctgtcaccggatgtgctttccggtctg atgagtccgtgaggac-
gaaacagcctctacaaataattttgtttaatactcgagagaagagc cacgtagtgggcecatcgecagct-
gtcagcactactaacttgcggtcagt

L3S2P21-  cactagctcagattcagtagaccgetgttgtgceccgcetttccagtcggggcetcticatcggg ageteggtac-

UPV6- caaattccagaaaagaggcctcccgaaaggggggccttttttcgtittggtc ccgacgtacggtggaatct-

pPhiF- gattcgttaccaattgacatgatacgaaacgtaccgtatcgtt aaggtagtagtcaccggcetgtgcttgeeg-

RiboJ51 gtctgatgagectgtgaaggcgaaactacetct acaaataattttgtttaatactcgagagaagagcecacg-
tagtgggccatcgecagcetgtcag cactactaacttgeggtcagt

L3S2P21-  cactagctcagattcagtagaccgetgttgtgcccgetttccagtcggggctcttcatcggg agetcg-

UPV7- gtaccaaattccagaaaagaggcctcccgaaaggggggccttttttcgttttggtc ctctatgattggtcca-

pSrpR- gattcgttaccaattgacagctagctcagtcctaggtatatacata catgcetitgtttgtttgtaaacagegct-

RiboJ10 caacgggtgtgcttcccgttctgatgagtcegtga ggacgaaagegectctacaaataattttgtttaatacte-
gagagaagagccacgtagtggec catcgecagetgtcageactactaacttgeggtcagt

L3S2P21-  cactagctcagattcagtagaccgctgttgtgccegctticcagtcggggctcttcatcggg ageteg-

UPV8- gtaccaaattccagaaaagaggcctcccgaaaggggggccttttttcgttttggtc ccgagegtagagct-

pLitR- tagattcgttaccaattgacaaatttataaattgtcagtataatgcta gcagcgctcaacgggtgtgcttce-

RiboJ10 cgttctgatgagtccgtgaggacgaaagegectcetaca aataattttgtttaatactcgagagaagagcecacg-

tagtgggccatcgecagetgtcageac tactaacttgeggtcagt

Table A.7 Repressible promoters 2.
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Part name

Sequence

AmeR

AmtR

tgceecgctttccagtcggggctctticatcgaatgaacaaaaccattgatcaggtgcgt aaaggtgatcg-
taaaagcgatctgceggttcgtegtecgteccgegtegtagtgecgaaga aaccegtcgtgatattetg-
gcaaaagccgaagaactgtttcgtgaacgtggttttaatgca gttgccattgcagatattgcaagegeact-
gaatatgagtccgg caaatgtgtttaaacattttagcagcaaaaacgcactggttgatgcaattggtettg-
gtcag attggtgtttttgaacgtcagatttgt ccgctggataaaagecatgcaccgetggatcgtetgegt-
catctggcacgtaatctgatgga acagcatcatcaggatcatttcaaacacatacgggtttttattcagatc-
ctgatgaccgcca aacaggatatgaaatgtggcgattattacaaaagcgtgattgcaaaactgetggc-
cgaaatt attcgtgatggtgttgaagcaggtctgtatattgcaaccgatattccggttctggcagaaac
cgttctgcatgcactgaccagcegttattcatccggttctgattgcacaagaagatattggta atctggcaacc-
cgttgtgatcagctggttgatctgattgatgcaggtctgegtaatccgetg gcaaaaggageccgagagaa-
gagccacgtagtgggccatcgee

tgceegctttccagtcggggctcttcatcgaatggecaggegeagttggtcgteccgegtegta gtg-
caccgcgtcgtgcaggtaaaaatccgegtgaagaaattctggatgcaagcgcagaactg tttace-
cgtcagggttttgcaaccaccagtacccatcagattgcagatgcagttggtattcg tcaggcaagect-
gtattatcattttccgagcaaaaccgaaatctttctgaccctgctgaaaa gecaccgttgaaccgageac-
cgttctggcagaagatctgagcaccectggatgcaggtccggaa atgegtctgtgggcaattgttgcaage-
gaagttcgtctgetgctgagecaccaaatggaatgt tggtcgtctgtatcagetgecgattgttggtagegaa-
gaatttgcagaatatcatagccage gtgaagcactgaccaatgtttttcgtgatctggcaaccgaaattgttg-
gtgatgatccgegt gcagaactgecgtttcatattaccatgagegttattgaaatgegtcgcaatgatg-
gtaaaat tccgagtccgetgagegeagatagectgecggaaaccgceaattatgctggcagatgcaagec
tggcagttctgggtgcaccgetgectgecagatcgtgttgaaaaaaccctggaactgattaaa caggcagat-
gcaaaaggagccecgagagaagagecacgtagtgggecatcgec

Table A.8 Repressor CDS 1.
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Part name

Sequence

Betl

BM3R1

tgcecgctttccagtcggggctcttcatcgaatgecgaaactgggtatgcagagcattcgte gtegtcaget-
gattgatgcaaccctggaagcaattaatgaagttggtatgcatgatgcaacc attgcacagattgcacgtcgt-
geeggtgttagcaccggtattattagecattatttccgega taaaaacggtctgetggaagcaaccatgegt-
gatattaccagccagctgcgtgatgcagtic tgaatcgtctgecatgcactgececgecagggtagegea-
gaacagcgtctgcaggcaattgttggt ggtaattttgatgaaacccaggttagcagcgcagcaat-
gaaagcatggctggcattttgggc aagcagcatgcatcagccgatgcetgtatcgtctgcagcaggt-
tagcagtcgtcgtctgetga gecaatctggttagegaatttcgtcgtgaactgectcgtgaacaggcacaa-
gaggcaggttat ggtctggcagcactgattgatggtctgtggctgegtgcageactgageggtaaac-
cgctgga taaaacccgtgcaaatagectgacccgteattttatcacccageatctgecgaccgatggag
cccgagagaagagecacgtagtgggccatcgee

tgceegctttccagtcggggctcttcatcgaatggaaagcaccccgaccaaacagaaagceaa tttet-
tagcgcaagcectgctgcetgtttgcagaacgtggttttgatgcaaccaccatgecgatg attgcagaaaat-
gcaaaagttggtgcaggcaccatttatcgctatttcaaaaacaaagaaag cctggtgaacgaact-
gtttcagcagcatgttaatgaatttctgcagtgtattgaaageggtc tggcaaatgaacgtgatggttatcgt-
gatggctttcatcacatttttgaaggtatggtgacc tttaccaaaaatcatccgcgtgcactgggttttat-
caaaacccatagccagggcacctttct gaccgaagaaagccgtctggcatatcagaaactggttgaatttgt-
gtgcaccttttttcgtg aaggtcagaaacagggtgtgaticgtaatctgccggaaaatgcactgattg-
caattctgttt ggcagctttatggaagtgtatgaaatgatcgagaacgattatctgagectgaccgatgaact
gctgaccggtgttgaagaaagectgtgggcageactgagecgtcagageggageccgagaga agage-
cacgtagtgggccatcgcc

Table A.9 Repressor CDS 2.
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Part name

Sequence

HlylIR

Lacl

tgccegctttccagtcgggectcttcatcgaatgaaatacatcetgtitgaggtgtgcgaaa tgggtaaaage-
cgtgaacagaccatggaaaatatictgaaagcagccaaaaagaaattcggc gaacgtggttatgaag-
gcaccagcattcaagaaattaccaaagaagccaaagttaacgttge aatggccagctattactttaatg-
gcaaagagaacctgtactacgaggtgttcaaaaaatacg gtctggcaaatgaactgccgaactttetg-
gaaaaaaaccagtttaatccgattaatgccctg cgtgaatatctgaccgtttttaccacccacattaaa-
gaaaatccggaaattggcaccctgge ctatgaagaaattatcaaagaaagcgcacgectggaaaaaat-
caaaccgtattttatcggca gcttcgaacagctgaaagaaattctgcaagagggtgaaaaacagggtet-
gtttcactttttt agcatcaaccataccatccattggattaccagcattgttctgtttccgaaattcaaaaaatt
catcgatagcctgggtccgaatgaaaccaatgataccaatcatgaatggatgecggaagate tggttage-
cgtattattagcgcactgaccgataaaccgaacattggageccgagagaagage cacgtagtgggc-
catcgcce

cactagctcagattcagagtcggggctcttcatcgaatggtgaatgtgaaaccagtaacgtt atacgat-
gtcgcagagtatgccggtgtctcttatcagacegtttccegegtggtgaaccagg ccagecacgtttct-
gcgaaaacgcgggaaaaagtggaageggcgatggeggagetgaattac attcccaaccgegtggca-
caacaactggcgggcaaacagtegttgctgattggegttgecac ctccagtetggecctgeacgege-
cgtcgcaaattgtcgcggegattaaatctcgegecgate aactgggtgccagegtggtggtgtcgatggta-
gaacgaagcggcgtcgaagectgtaaageg gecggtgcacaatcttctcgegecaacgegtcagtgggct-
gatcattaactatccgctggatga ccaggatgecattgctgtggaagetgcctgecactaatgttccg-
gegttatttcttgatgtct ctgaccagacacccatcaacagtattattttctcccatgaagacggtacgce-
gactgggegtg gagcatctggtcgeattgggtcaccagcaaatcgegetgttagecgggeccat-
taagttctgt ctcggegegtetgegtetggetggctggcataaatatctcactcgcaatcaaattcage-
cgatagcggaacgggaaggcgactggagtgccatgtccggttitcaacaaaccatgcaaatgcetg aat-
gaggecatcgttcccactgcgatgetggttgccaacgatcagatggegetgggcgcaat gecgegecat-
taccgagtccgggctgegegttggtgcggatatctcggtagtgggatacgacg ataccgaagacagcet-
catgttatatcccgecgttaaccaccatcaaacaggattttcgectg ctggggcaaaccagegtggac-
cgcttgetgcaactctctcagggcecaggeggtgaagggcaa tcagetgttgeccgtetcactggtgaaaa-
gaaaaaccaccctggegeccaatacgcaaaccg cctctcececgegegttggecgattcattaatgcagetg-
gcacgacaggtttcccgactggaa agcgggcagggageccgagagaagagecacgtatagaccgct-
gttge

Table A.10 Repressor CDS 3.
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Part name

Sequence

Lacl

CI

cactagctcagattcagagtcggggctcttcatcgaatggtgaatgtgaaaccagtaacgtt atacgat-
gtcgcagagtatgecggtgtctcttatcagaccgtttcccgegtggtgaaccagg ccagecacgtttct-
gcgaaaacgcgggaaaaagtggaageggcgatggeggagetgaattac attcccaaccgegtggcea-
caacaactggcgggcaaacagtegttgetgattggegttgecac ctecagtetggecctgeacgege-
cgtcgcaaattgtcgcggegattaaatctcgegecgate aactgggtgccagegtggtggtgtcgatggta-
gaacgaagcggcgtcgaagectgtaaageg gecggtgcacaatcttctcgegecaacgegtcagtgggct-
gatcattaactatccgctggatga ccaggatgccattgetgtggaagetgectgeactaatgttccg-
gegttatttcttgatgtct ctgaccagacacccatcaacagtattattttctcccatgaagacggtacgce-
gactgggegtg gagcatctggtcgeattgggtcaccagcaaatcgegetgttagecgggeccat-
taagttctgt ctcggegegtetgegtetggetggctggcataaatatctcactcgcaatcaaattcage-
cgatagcggaacgggaaggcgactggagtgccatgtccggttitcaacaaaccatgcaaatgcetg aat-
gagggcatcgttcccactgcgatgetggttgccaacgatcagatggegetgggcgceaat gecgegecat-
taccgagtccgggctgegegttggtgcggatatctcggtagtgggatacgacg ataccgaagacagcet-
catgttatatcccgecgttaaccaccatcaaacaggattttcgectg ctggggcaaaccagegtggac-
cgcttgetgcaactctctcagggecaggeggtgaagggcaa tcagetgttgecegtctcactggtgaaaa-
gaaaaaccaccctggcegeccaatacgcaaaccg ccteteceecgegegttggecgattcattaatgcagetg-
gcacgacaggtttcccgactggaa agcgggcagggageccgagagaagagecacgtatagaccgct-
gttgc

tgceegcetttccagtcggggctcttcatcgaatgagcacaaaaaagaaaccattaacacaag
agcagcttgaggacgcacgtcgecttaaagcaatttatgaaaaaaagaaaaatgaacttggc ttatc-
ccaggaatctgtcgcagacaagatggggatgggecagtcaggcgttggtgctttatt taatggcat-
caatgcattaaatgcttataacgccgcattgcttgcaaaaattctcaaagtta gcgttgaagaatttagec-
cttcaatcgccagagaaatctacgagatgtatgaagcggttagt atgcagecgtcacttagaagtgag-
tatgagtaccctgttttttctcatgttcaggcagggat gttctcacctgagcttagaacctttaccaaaggt-
gatgcggagagatgggtaagcacaacca aaaaagccagtgattctgeattctggettgaggtigaag-
gtaattccatgaccgcaccaaca ggetccaagecaagcetttcctgacggaatgttaattctegttgac-
cctgagcaggctgttga geccaggtgatttctgcatageccagacttgggggtgatgagtttaccttcaa-
gaaactgatca gggatagcggtcaggtgtttttacaaccactaaacccacagtacccaatgatcccatgcaat
gagagttgttccgttgtggggaaagttatcgctagtcagtggcctgaagagacgtttggcgg ageeccgaga-
gaagagccacgtagtgggccatcgee

Table A.11 Repressor CDS 4.
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Part name

Sequence

LitR

PhiF

tgcecgctttccagtcggggctcttcatcgaatggataccattcagaaacgtccgegtaccce gtetgagte-
cggaaaaacgtaaagaacagctgctggatattgccattgaagtttttagccag cgtggtattggtcgtg-
gtggtcatgcagatattgcagaaattgcacaggttagegttgcaac cgtgtttaactattttccgacccgt-
gaagatctggttgatgatgttctgaacaaagtggaaa acgagtttcaccagttcatcaataacagcattage-
ctggatctggatgttcgtagcaatctg aataccctgetgctgaacattattgatagegttcagaccggcaa-
caaatggattaaagtttg gtttgaatggtcaaccagcacccgtgatgaagtttggcctctgtttctgagcac-
ccatagca ataccaatcaggtgatcaaaaccatgtttgaagagggtattgaacgcaatgaagtgtgcaat
gatcatacaccggaaaatctgaccaaaatgctgcatggtatttgctatagegtgtttattca ggccaatcg-
taatagcagcagcgaagaaatggaagaaaccgcaaattgctttctgaatatge tgtgcatctacaaag-
gagcccgagagaagagecacgtagtgggccatcgee

tgceegctttccagtcggggctcttcatcgaatggcacgtaccccgagecgtagecageattg gtage-
ctgcgtagtccgcatacccataaagcaattctgaccagcaccattgaaatcctgaaa gaatgtggt-
tatagcggtctgagcattgaaagegttgcacgtcgtgccggtgcaagcaaacc gaccatttatcgttg-
gtggaccaataaagcagcactgattgccgaagtgtatgaaaatgaaa gcgaacaggtgegtaaatttc-
cggatctgggtagctttaaagccgatctggattttctgetg cgtaatctgtggaaagtitggcgtgaaac-
catttgtggtgaagcatttcgttgtgttattge agaagcacagctggaccctgcaaccctgacccagcetgaaa-
gatcagtttatggaacgtcgtc gtgagatgccgaaaaaactggttgaaaatgecattagcaatggtgaact-
gccgaaagatacc aatcgtgaactgcetgetggatatgatttttggtetttgttggtatcgectgetgaccgaaca
gctgaccgttgaacaggatattgaagaatttaccttcctgetgattaatggtgtitgtccgg gtacacagegtg-
gagcccgagagaagagecacgtagtgggecatcgec

Table A.12 Repressor CDS 5.
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Part name

Sequence

SrpR

TetR

tgceegcetttccagtcggggctcttcatcgaatggecacgtaaaaccgecagcagaagcagaag aaacc-
cgtcagcgtattattgatgcagcactggaagtttttgttgcacagggtgttagtgat gcaaccctggatca-
gattgcacgtaaagccggtgttacccgtggtgcagtttattggcattt taatggtaaactggaagttct-
gcaggcagttctggcaagecgtcageatccgetggaactgg attttacaccggatctgggtattgaacg-
tagctgggaagcagttgtigttgcaatgctggat gecagttcatagtccgecagagceaaacagtttage-
gaaattctgatttatcagggtctggatga aagcggtctgattcataatcgtatggttcaggcaagce-
gatcgttttctgcagtatattcatc aggttctgcgtcatgcagttacccagggtgaactgeccgattaatctg-
gatctgcagaccagc attggtgtttttaaaggtctgattaccggtctgctgtatgaaggtctgecgtagcaaa-
gatca gcaggcacagattatcaaagttgcactgggtagcettttgggcactgctgegtgaaccgecte
gttttctgetgtgtgaagaagcacagattaaacaggtgaaatccttcgaaggageecgagag aagagce-
cacgtagtgggccatcgec

tgccegcetttccagtcggggctcttcatcgaatgtccagattagataaaagtaaagtgatta acageg-
cattagagctgcttaatgaggtcggaatcgaaggtttaacaacccgtaaactcgec cagaagctaggtg-
tagagcagcctacattgtattggcatgtaaaaaataagcgggctttgct cgacgccttagecattgagat-
gttagataggcaccatactcacttttgccctttagaagggg aaagctggcaagattttttacgtaataacgce-
taaaagttttagatgtgctttactaagtcat cgcgatggagcaaaagtacatttaggtacacggectaca-
gaaaaacagtatgaaactctcga aaatcaattagcctttttatgccaacaaggtttttcactagagaatgcat-
tatatgcactca gcgcetgtggggcattttactttaggttgcgtattggaagatcaagagcatcaagtcgctaaa
gaagaaagggaaacacctactactgatagtatgccgecattattacgacaagctatcgaatt atttgatcac-
caaggtgcagagccagccttcttattcggcecttgaattgatcatatgeggat tagaaaaacaacttaaatgt-

gaaagtgggtctggageccgagagaagagecacgtagtgggc catcgec

Table A.13 Repressor CDS 6.
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Part name

Sequence

GFP mut3
non stop

sfGFP non
stop

cactagctcagattcagtagaccgcetgttgtgcecgcetttccagtcggggctcttcatcgaa tgegtaaagga-
gaagaacttttcactggagttgtcccaattcttgttgaattagatggtgat gttaatgggcacaaattttct-
gtcagtggagagggtgaaggtgatgcaacatacggaaaact tacccttaaatttatttgcactactg-
gaaaactacctgttccatggccaacacttgtcacta ctttcggttatggtgttcaatgctttgcgagatac-
ccagatcatatgaaacagcatgacttt ttcaagagtgccatgcccgaaggttatgtacaggaaagaac-
tatatttttcaaagatgacgg gaactacaagacacgtgctgaagtcaagtitgaaggtgataccettgttaata-
gaatcgagt taaaaggtattgattttaaagaagatggaaacattcttggacacaaattggaatacaactat
aactcacacaatgtatacatcatggcagacaaacaaaagaatggaatcaaagttaacttcaa aattagaca-
caacattgaagatggaagcgttcaactagcagaccattatcaacaaaatactc caattggcgatggccct-
gtccttttaccagacaaccattacctgtccacacaatctgecctt tcgaaagatcccaacgaaaagcegegac-
cacatggtccttcttgagtttgtaacagetgetgg gattacacatggceatggatgaactatacaaaggagecc-
gagagaagagccacgtagtgggcc atcgeccaacageggtctactgaatctgagetagtg

tgccegcetttccagtcggggctcttcatcgaatgegtaaaggecgaggaactgttcactggtg tcgtee-
ctattctggtggaactggatggtgatgtcaacggtcataagttttccgtgecgtgec gagggtgaaggt-
gacgcaactaatggtaaactgacgctgaagttcatctgtactactggtaa actgccggtaccttggec-
gactctggtaacgacgctgacttatggtgticagtgctttgete gttatccggaccatatgaagcagceat-
gacttcttcaagtccgecatgecggaaggctatgtg caggaacgceacgatttcctitaaggatgacg-
gcacgtacaaaacgcgtgcggaagtgaaatt tgaaggcgataccctggtaaaccgeattgagetgaaag-
gcattgactttaaagaagacggca atatcctgggccataagctggaatacaattttaacagccacaatgtt-
tacatcaccgccgat aaacaaaaaaatggcattaaagcgaattttaaaattcgccacaacgtggaggatg-
gcagcgt gcagctggctgatcactaccagcaaaacactccaatcggtgatggtectgttctgetgecag
acaatcactatctgagcacgcaaagcgttctgtctaaagatccgaacgagaaacgegatcat atggttct-
getggagttcgtaaccgcagegggceatcacgcatggtatggatgaactgtacaa aggageccgagagaa-
gagccacgtagtgggccatcgec

Table A.14 Reporters 1.
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Part name

Sequence

RFP non
stop

YFP non
stop

CFP non
stop

tgcecgctttccagtcggggctcttcatcgaatggcettcctccgaggatgttatcaaagagt tcat-
gcgtttcaaagttcgtatggaaggttccgttaacggtcacgagttcgaaatcgaaggt gaaggt-
gaaggtcgtccgtacgaaggtacccagaccgctaaactgaaagttaccaaaggtgg teccgetge-
cgttegettgggacatcctgtceccgeagttccagtacggticcaaagettacg ttaaacacccggct-
gacatcccggactacctgaaactgtccttcccggaaggtttcaaatgg gaacgtgttatgaacttcgaagatg-
gtggtottgttaccgttacccaggactcctecectgea agacggtgagttcatctacaaagttaaactgegtg-
gtaccaacttccegtccgacggtcegg ttatgcagaaaaaaaccatgggttgggaagcettccaccgaacg-
tatgtacccggaggatggt gctctgaaaggtgaaatcaaaatgegtctgaaactgaaagacggtggtcac-
tacgacgctga agttaaaaccacctacatggctaaaaaaccggttcagctgecgggtgcttacaaaac-
cgaca tcaaactggacatcacctcccacaacgaggactacaccatcgttgaacagtacgaacgtgct
gaaggtcgtcactccaccggtgctggageccgagagaagagecacgtagtgggccatcgee

tgcecgctttccagtcggggctcttcatcgaatggtgagcaagggcgaggagetgticaccg gggte-
gtgcccatectggtegagetggacggcgacgtaaacggecacaagttcagegtgtee ggecgagggc-
gagggcgatgccacctacggcaagcetgaccetgaagttcatctgecaccaccgg caagetgeccgtge-
cctggeccaccetegtgaccaccttcggetacggectgeaatgetteg ccecgetacccegaccacat-
gaagctgcacgacttcttcaagtccgccatgeccgaaggcetac gtccaggagegcaccatcttcttcaag-
gacgacggcaactacaagacccgegecgaggtgaa gttcgagggcgacaccctggtgaaccgeatc-
gagctgaagggcatcgacttcaaggaggacg gcaacatcctggggcacaagetggagtacaacta-
caacagccacaacgtctatatcatggec gacaagcagaagaacggcatcaaggtgaacttcaagatccge-
cacaacatcgaggacggcag cgtgcagetcgecgaccactaccagcagaacacccecatcggegacg-
gceeegtgetgetge ccgacaaccactacctgagetaccagtccgecctgagcaaagaccccaacga-
gaagcgcgat cacatggtectgetggagttcgtgaccgecgecgggatcactctcggeatggacgagcet-
gta caagggagcccgagagaagagecacgtagtgggcecatcgec

tgceegcetttccagtcggggctcttcatcgaatggtgagcaagggcgaggagetgtticaceg gggtg-
gtgcccatectggtegagetggacggegacgtgaacggecacaagttcagegtgtcegge gagggc-
gagggcgatgccacctacggcaagcetgaccetgaagttcatctgecaccaccggceaaget geecgtge-
cctggeccacccetcgtgaccaccctgacctggggcegtgcagtgcttcagecgcetace ccgaccacat-
gaagcagcacgacttcttcaagtccgccatgecccgaaggcetacgtccaggagcegea ccatcttcttcaag-
gacgacggcaactacaagacccgegecgaggtgaagttcgagggcgacacce tggtgaaccgeatc-
gagctgaagggcatcgacticaaggaggacggcaacatcctggggcacaage tggagtacaacta-
catcagccacaacgtctatatcaccgecgacaagcagaagaacggcatcaagg ccaacttcaagatccge-
cacaacatcgaggacggcagcgtgcagcetcgecgaccactaccagcaga acacccccatcggegacg-
gceecgtgetgetgeccgacaaccactacctgageacccagtccgecce tgagcaaagaccccaacga-
gaagcgcgatcacatggtectgetggagticgtgaccgecgecggga tecactctcggeatggacgagetg-
tacaagggagcccgagagaagagcecacgtagtgggcecatcgec

Table A.15 Reporters 2.
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