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INTRODUCTION

The following chapter provides general background information about
RNA and its diverse functions, synthetic engineering of RNA and com-
putational design of RNA-based gene regulators as well as a short

overview about machine learning.

1.1 FROM RNA TO RIBOREGULATORS

Nucleic acids, which include deoxyribonucleic acid (DNA) and RNA,
are essential for all known forms of life. DNA carries the genetic infor-
mation, while RNA was primarily seen as an intermediate information
carrier from DNA to protein, since the central dogma of molecular biology
was proposed in 1958 by Francis Crick [1].

The information from DNA is transcribed into a so called messenger
RNA (mRNA) and serves as a template for the protein synthesis in the
ribosome. transfer RNA (tRNA) molecules transport amino acids in
the ribosome to the growing amino acid chain until the entire mRNA
sequence is translated into a protein. Ribosomal RNA (rRNA) is re-
sponsible for the formation of the peptide bond [2] and it takes part
in the decoding of the mRNA. Together, rRNA and protein constitute
the ribosome. Over 40 years ago the idea was introduced that RNA
was the primordial molecule of life and RNA-based evolution existed
before protein synthesis [3—5]. The RNA world [6] hypothesis was sup-
ported by the discovery of ribozymes, RNAs with catalytic functions [7,
8]. Over the last decades it turned out that RNA serves various func-
tions besides their transitory role in protein synthesis. In prokaryotes
these RNAs are prevalently termed small RNAs (sRNAs), while they
are commonly referred to as noncoding RNAs (ncRNAs) in eukary-
otes [9]. The functions of these RNAs - which do not code for proteins
- range from genome organization to gene expression and catalytic
functions [10].

REGULATORY FUNCTIONS OF RNA In eukaryotes, it has been shown
that RNA-based catalysis takes place at the spliceosome. These eukary-
otic ncRNAs belong to the subclass of small nuclear RNAs (snRNAs) [11].
Other ncRNAs, the small nucleolar RNAs (snoRNAs) are involved in
chemical modifications of rRNAs, tRNAs and sRNAs that turned out
to be needed for ribosomal and cellular function [10]. These snoRNAs
are found in the nucleolus and guide methylation and pseudouridy-
lation [10, 12]. microRNAs (miRNAs) are RNAs (~ 22 nucleotides) that
inhibit translation and thereby repress gene expression. miRNAs were
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first identified in Caenorhabditis elegans, but in the meanwhile they
have been identified in many species [10]. Small interefering RNAs
(siRNAs) are of similar size as miRNAs and also inhibit gene expres-
sion. They are involved in a process called RNA interference (RNAi),
a gene silencing mechanism [13].

In bacteria many small regulatory RNAs have been found, which
execute diverse adaptive responses [10, 14]). Some sRNAs show intrin-
sic activity such as RNase P, or support a ribonucleoprotein. Further,
protein-binding sRNAs exist that control proteins by imitation of the
interacting protein’s nucleic acid structure. Thereby, the activity of a
protein is regulated [14]. But the majority of identified sRNAs controls
gene expression by pairing with complementary regions in mRNAs
and usually they tune a mRNA’s translation and stability. These sRNAs
are either encoded in cis or in trans [14]. Cis-encoded RNAs are en-
coded on the same DNA sequence as their target RNA (but on the op-
posite strand), thus having extended complementary regions to the
target. The two RNAs react in trans. Trans-encoded RNAs are placed in
a different region on the chromosome and have limited complemen-
tary to their target. The majority of the cis-encoded antisense sRNAs
expressed from plasmids, bacteriophage, and transposons serves to
control the number of mobile genetic elements. [14-16] Other groups
function as antitoxins or regulate the gene expression in an operon.

Most of the trans-encoded base pairing sRNAs inhibit translation,
lead to degradation of mRNA, or both, thereby effectively repressing
protein levels. Some of the trans-encoded base pairing sRNAs have
dual function(s) - besides the base pairing with a target mRNA they
encode proteins. Another class of RNA regulators are riboswitches,
which are part of the mRNA they regulate, they act in cis. Upon the
binding of small molecules by the so-called aptamer region a struc-
tural change is induced in the RNA, resulting in altered transcription
or translation [14]. The latest discovery of regulatory RNAs are the
guide RNAs (gRNAs) from the clustered regularly interspaced short
palindromic repeats (CRISPR)/ CRISPR associated proteins (Cas) sys-
tem that detects viral DNA or RNA and degrades it [10].

Frequently the function of RNA-based regulation of gene expres-
sion in bacteria relies on the formation of RNA secondary structures
(see Section 1.2.1). Intrinsic terminator hairpins can control transcrip-
tion elongation, for instance, or secondary structures that mask the
ribosome binding site (RBS) can hinder translation initiation (see Fig-
ure 1). Those structures operate on gene expression in cis. Interactions
with trans-acting sRNAs can as well control the formation of these cis-
acting structures. Thereby, switches that flip at the RNA level can be
created [17].
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Figure 1: RNA-based gene regulation often involves RNA secondary struc-
tures. The dashed boxes show examples of RNA-based transcrip-
tion and translation regulation mechanisms that operate in cis
and in trans in bacteria. Premature transcription elongation can be
achieved through the formation of co-transcriptional intrinsic tran-
scription terminator hairpins in the 5" untranslated regions (UTRs)
of mRNAs (gene expression OFF; shown in the left dashed box).
Alternatively, hairpins can occlude the RBS, and thus block the
ribosome binding and the translation initiation (gene expression
OFF; shown in the right dashed box). The formation of these cis-
acting RNA structures can be controlled through interactions with
trans-acting sRNAs. Therefore, RNA switches can be employed to
control gene expression, based on sRNAs that flip RNA switches [17].
Graphic taken from [17].

1.2 RNA IN SYNTHETIC BIOLOGY

In general, synthetic biology can be characterized as the "Engineering
of biology”’ [18]. It focuses on generating new biological systems or
altering the existing functionality of such systems [18, 19]. Therefore
synthetic biology seeks to apply principles from engineering disci-
plines like mechanical and electrical engineering [20] and computer
science [21]. Principles as standardization, modularity and modeling
accelerate the development of biological modules and devices [21, 22].
As reviewed in [19] there have already been modules like oscillators,
switches, logic formulas, and pulse generators. In contrast to electri-

3
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cal or mechanical engineering, where elements can be electrically and
spatially separated from one another, it is not possible to combine bi-
ological components in this manner. Within the cell biological parts
can interact with each other and crosstalk between the components
can influence the sought behaviour. If components are used, which
are based on existing natural ones, it can come to interference, due
to divergent environmental conditions than that in which they were
described [19—22]. The composition of more complex circuits that
function in vivo struggles with the limited number and orthogonality
(non-crossreactivity) of available biological elements. Therefore, new
regulatory biological parts have to show a broad and dynamic range
and low system crosstalk, additionally modularity is required to al-
low flexible design of new biological devices [19, 22]. Those aspects
have to be improved in order to make use of the potential of synthetic
biology, since engineered biological systems possess a great capacity
in developing applications to many (societal/global) challenges like
environmental remediation, therapeutics and pharmaceuticals, and
sustainability (e.g biofuels) [22, 23]. By using the cell’s inherent capa-
bilities, and to sense and react to changing environments. The under-
lying mechanism is a regulatory network of molecules that control the
expression of certain genes as reply to environmental signals, there-
fore the competence to design (synthetic) biological systems is tightly
connected to the ability to direct gene expression [17]. Most of the
engineered systems worked on the transcriptional level using protein-
based regulators. [19]. But many protein regulators show a peculiar
behaviour thereby hindering their use in biological circuits. [24] Due
to the various models of natural RNA regulators there is increasing
interest in using RNA to set up synthetic biological systems. [23]

1.2.1  Advantages of RNA in Synthetic Biology

Additionally to the variety of mechanisms by which RNA can oper-
ate (see Section 1.1), RNA shows properties attractive for designing
synthetic biology systems. RNA as well as DNA are biopolymers as-
sembled from nucleotide monomers. The nucleotides consist of a 5-
carbon (pentose) sugar, a phosphate group and a nitrogen base. In
RNA the sugar is a ribose and in DNA it is a deoxyribose. DNA uses
the four bases adenine (A), guanine (G), cytosine (C) and thymine (T),
while RNA uses uracil (U) instead of T. The interactions of the four
bases are well-determined through the effects of hydrogen bonds,
base-stacking, and electrostatic interactions [23]. Watson-Crick base
pairs connect two bases by hydrogen bonds, G-C and A-U. But also G-
U base pairs - so-called wobble base pairs - can occur. G-C pairs form
three hydrogen bonds, while A-T and wobble pairs form two. There-
fore, the G-C pairs are stronger than the other base pairs. In contrast
to DNA, RNA exists predominantly single stranded and folds back



1.2 RNA IN SYNTHETIC BIOLOGY

onto itself. Segments of intramolecular base pairs form helical struc-
tures (also termed stems) with unpaired sections in between that form
loops. Those arrangements of helices and loops are the secondary struc-
ture of the molecule. Further, non-covalent interactions can be caused
through spatial proximity of secondary structure parts. In contrast to
Watson-Crick base pairs the non-covalent interactions are frequently
energetically less advantageous [25]. The secondary structure of RNA
mostly prescribes its folding, whereas protein folding is in large parts
based on tertiary structures [23]. Unlike for proteins RNA secondary
structures seem to form previous to tertiary structures and to provide
a scaffold for the formation of tertiary structures [26, 27]. Therefore
it is reasonable to consider secondary structure prediction as a proxy
for the actual tertiary structure. Furthermore, it has turned out that
the secondary structures of RNA are sufficient to describe many as-
pects of RNA molecules for practical applications including thermo-
dynamic(s), kinetic(s), and evolutionary properties/features [20].

Models that predict the secondary structure of a given RNA se-
quence have been established which depend on the optimization of
energies caused by the Watson-Crick basepairs and the wobble pair [23].
The most applied approach is minimzation of free energy. NUPACK [28],
RNAstructure [29], Vienna RNA Package [25], SFold [30], Foldalign/-
FoldalignM [31], CentroidFold [32], RAF [33], RNAshapes [34] and
MC-Fold [35] are programs for secondary structure prediction. For
a non-exhaustive overview of the former mentioned RNA secondary
structure prediction methods see [36].

Computational RNA design tools usually present a good starting
point for rational design of RNAs [17]. RNA inverse folding tools pre-
dict RNA sequences that fold into a prescribed structure [37]. RNAin-
verse [25], NUPACK [28], RNAdesign [38, 39] and RNAblueprint [40]
are such tools that can be used to design RNA sequences. For a com-
parison of RNA inverse folding tools see [37].



INTRODUCTION

Figure 2 illustrates a future workflow of RNA design. Using fluo-
rescent reporter assays and chemical probing the suggested RNA se-
quences are analysed for their cellular functionality and structure.
The resulting probe reactivity maps can be integrated to improve
the RNA folding algorithms by adjusting underlying models of RNA
folding in the cell. Thereby the RNA structure-to-function-relationship
can be analysed and further improvement of RNA design algorithms
can be obtained by integrating the newly discovered design princi-

ples [17].

RNA Design Cycle Design Cycle Iterations
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Figure 2: Workflow of (future) RNA design cycle; computational design al-
gorithms can propose possible RNA sequences that fold into the
desired RNA structure. In the next step the cellular functionality
and structure of these sequences can be analysed using fluorescent
reporter assays and chemical probing. To examine the structure-to-
function relationship of RNA chemical probing can be used. The
resulting probe reactivity maps may be used to improve the RNA
folding algorithms by adapting the underlying models of RNA fold-
ing in the cell. Thereby RNA structure and RNA function can be
linked and further improvement of RNA design algorithms can
be achieved by integrating the newly discovered design princi-
ples [17]. Graphic taken from [17]

In comparison to protein-dependent regulators RNA regulators are
less expensive for the cell. They do not need translation [14, 23, 41],
therefore they are less costly in concerns of energetic and resource as-
pects [23]. Due to their length of only ~100 — 200 nucleotides RNA reg-
ulators enable a faster production. For example 1000 nucleotides are
required for the average Escherichia coli protein of ~350 amino acids.
Additionally, the effects of RNA-based regulators themselves can be
fast. In the case of cis-acting riboswitches the direct connection of the
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sensor domain to the mRNA makes it possible for the cell to react very
fast and sensitive [14]. Furthermore, the scheduling of coupled con-
trol processes is of interest for synthetic biology, post-transcriptional
systems based on RNA regulators will commonly operate faster than
transcription based ones [23]. The transfer of such single-step RNA
regulatory elements to other organisms is simpler than the transfer
of transcription-based regulators. And it allows a modular combina-
tion with other elements [41].

Compared to protein-based regulators RNA-based regulators com-
monly exhibited a lower dynamic range and generated fewer orthog-
onal (non-corssreacting) regulators [17, 42]. But, new design ideas
for RNA-based regulators have proved comparable functionality as re-
viewed in [17]. For examples of RNA-based regulators see Section 1.2.2.

1.2.2  Examples of Engineered RNA-Based Gene Regulators

Natural RNA-based elements exist that function at the transcriptional
and post-transcriptional level [43, 44]. Based on these natural sys-
tems engineered RNA regulatory elements have been developed, e.g.
riboregulators that regulate translation and transcription as reaction
to RNA itself. But there are also de novo rational designed RNA ele-
ments.

Isaacs et al. developed riboregulators that allow post-transcriptional
gene regulation. This regulation system depends on an RNA secondary
structure that occludes the RBS. Therefore they inserted a complemen-
tary sequence to the RBS in cis directly upstream of the RBS. This
results in the formation of a hairpin structure including the RBS at the
5’-UTR of the mRNA (which they termed cis-repressed mRNA (crRNA)).
In this manner the RBS can not be recognized by the ribosome and
thereby translation is inhibited. Upon binding of the so called trans-
activating RNA (taRNA) (which is transcribed from a second pro-
moter) to the hairpin loop of the crRNA gene activation is induced. The
riboreguators exhibited dynamic ranges up to 19-fold [45]. Callura et
al. used riboregulators from Isaacs et al. [45] as basis for their genetic
switchboard. Their metabolism switchboard integrates four synthetic
riboregulators and enables independent control of different genes in
parallel. The results of this metabolism switchboard over multiple
biological levels (RNA, protein, and metabolome scales) demonstrate
the capability of such a higher-order control system. For activation,
riboregulators induced fold changes in fluorenscene up to 200-fold
increase [46].

Lucks et al. engineered the natural transcriptional attenuator from
Staphylococcus aureus plasmid pT181 which is mediated by antisense-
RNA. Through mutations orthogonal variants of the transcriptional
attenuator were generated that control different targets in the same
cell. Additionally, they showed that attenuators can be arranged in
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tandem on the same transcript and react to multiple antisense RNA
signals. Finally, they used an attenuator to control the transcription
of anitisense RNAs which were further used in an RNA-mediated tran-
scriptional cascade [47].

Mutalik et al. rationally designed orthogonal RNA-based transla-
tion regulators. The pairs of orthogonal regulators were built from
the RNA-IN-RNA-OUT antisense RNA-mediated translation system.
Therefore, they build a model from numerous in vivo reporter assays.
Based on the model they predicted the performance of further regu-
lator pairs and validated these predictions by experiments. Thereby,
they engineered two RNA pairs exhibiting predictable performances.
They observed changes in dynamic range up to ten-fold for their tar-
get repression [48].

Rodrigo et al. computationally de novo designed RNA riboregula-
tors based on a physicochemical model. New sequences were gen-
erated by searching the possible sequence space for sequences that
are consistent with specified structures. The resulting riboregulators
did not show significant similarity to any familiar ncRNA sequence.
Further, their devices operate separately and can be used to build
combinatorial logic gates [49].

Chappel et al. developed small transcription activating RNAs (STARs)
small transcription activating RNAs using a completely artificial mode
of regulation. The STAR regulators interfere with the formation of a(n
intrinsic) terminator hairpin, thereby enabling transcription. Employ-
ing this mechanism they constructed a set of four highly orthogonal
STARs, one exhibiting 94-fold activation. Further analysis led to design
rules for STAR function. These STARs demonstrated high orthogonality
to each other and to a library of RNA transcriptional repressors, fur-
thermore they are composable. Thereby, making it possible to build
novel RNA-only transcriptional logic gates that were inaccessible be-
fore [50].

The so-called CRISPR interference system only needs two molecules,
a Casg protein that is catalytically inactive and a small guide RNA
(sgRNA). The dCasg:sgRNA complex works by RNA-guided DNA bind-
ing. The sgRNA functions as DNA recognition platform that binds to
DNA targets by Watson-Crick base pairs. With this system up to 300-
fold transcription repression was achieved [51]. In this manner repur-
posed CRISPR systems combine the simplicity of RNA design and the
good dynamic ranges of protein regulators [17].

Overall, new designs of RNA-based regulators can compete with
previous protein-based regulators and at the same time make use
of RNAs” designability and versatility [17]. Protein-based regulators
showed dynamic ranges over 350-fold for a commonly used inducible
promoter [52] and up to 480-fold for sigma factors and cognate pro-
moters [53]. New design ideas for RNA-based regulators have proved
comparable functionality exceeding averge fold changes in fluores-
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cence of 400 [54] and up to 300-fold transcription repression [51]. In
this thesis Green’s toehold switch designs are used for further analy-
sis, for more details of the toehold switch designs see Section 1.4

1.3 COMPUTATIONAL DESIGN OF RNA-BASED GENE REGULATORS

RNA-based gene regulation frequently requires the formation of spe-
cific secondary structures. Therefore, algorithms for RNA secondary
structure prediction can be applied for designing RNA-based gene
regulators [55]. Commonly RNA inverse folding has been used to de-
sign RNAs [37]. Due to the simplicity of the RNA secondary structure
model (see Section 1.2.1), accurate predictions can be computed effi-
ciently [25].

1.3.1  RNA Inverse Folding

The inverse folding problem seeks to compute sequences which adopt
a given target structure [20, 56], while the folding problem is to com-
pute the secondary structure (or native structure) 0 into which the
sequence x (of same length) folds [20, 56]. Folding algorithms predict
the secondary structure ¢(x) in ground state of a given RNA sequence
x and the corresponding folding (free) energy g(x) := mingg(6, x) [20].
The minimum free energy (MFE) structure is a secondary structure
exhibiting the highest probability at equilibrium, but it is not neces-
sarily only one structure [57]. In contrast, inverse folding algorithms
predict for a given secondary structure 1 the set S(\) := {x|p(x) =1}
of sequences which have 1 as ground state structure [20].

There are efficient and exact algorithms to solve the folding prob-
lem x — @(x), but none to solve the inverse folding problem. Thus,
heuristic algorithms have to be applied [20, 56]. Usually the problem
is transformed into an optimization problem. The goal is to find a
sequence x with a ground state structure @(x) that minimizes the
distance to the target structure {, d(x) := d(¢(x),P) — min, where
the length of sequence x and target structure \» are equal. Further,
S() = {x|d(x) = 0} [20]. Different measures have been formulated
to determine distances between RNA secondary structures. The base
pair distance d(0,1)) = [(6\ ) U (P \ 0)| is the simplest and most
applied measurement, it enumerates the number of base pairs exist-
ing in only one of the structures, but not in the other one. The base
pairing rules give a simple test whether a sequence x can possibly
adopt the secondary structure 1, since all base pairs of the target
structure \ have to match to pairs of nucleotides in sequence x that
are either Watson-Crick or wobble pairs [20]. If this is true sequence
x is consistent with structure 1 (x € C[(p]). Obviously, solutions of /to
the inverse folding problem must be searched within C[ip]. Thus the
simplest inverse folding algorithms - adaptive walk like heuristics -
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initially select a random structure xo € C[ip] and try to improve xo,
either by point mutations or by the exchange of base pairs. If the mu-
tated sequence x’ satisfies d(x’) < d(xo) it is accepted, otherwise an-
other modification of xg is tried [20, 58]. If no mutation can be found
that reduces the cost function, the inverse folding algorithm stops and
restarts with another initial sequence [58]. As a result of the charac-
teristic sequence-to-structure map of RNA [59-61], often such simple
heuristics are successful even for longer sequences [20].

The set of sequences with 1 as the ground-state termed neutral net-
work of  is approximately uniformly (and also densely for naturally
occurring structure densely) embedded in C[i].

Due to the computational inefficiency of the adaptive walk other
approaches for example employ a divide-and-conquer strategy like
RNAinverse, RNA-SSD, INFO-RNA, DSS-OPT [20]. Starting from a
seed sequences a local search is applied to mutate the former se-
quences and repeatedly solve the RNA folding problem by energy
minimization [37]. Near to the seed sequences a sequence with the
specified structure can be found. Evolutionary algorithms can be an
improvement to this problem [62]. Further approaches are different
sampling strategies like global sampling as used in RNA-ensign or
weighted sampling in IncaRNAtion. CPdesign (which is part of the
RNAiFold framework) makes use of exact constraint programming.
That allows to compute all possible sequences that fold into a spe-
cific structure. But this is accompanied by high computational de-
mand. Therefore, in LNSdesign the same authors applied a neigh-
borhood search heuristic. In another approach, the input is a prede-
fined shape not a complete predefined structure, as implemented in
RNAexinv [20, 37].

But RNA sequences do not only adopt a single structure, they pro-
duce an ensemble @ consisting of secondary structures. Every struc-
ture 0 in this ensemble ®(x) that is consistent with x, x € CI[0], oc-
curs with relative frequency p(x,0) = exp(—g(x, 0)/RT)/Z, with the
partition function Z := ) 4 exp(—g(x,0)). This knowledge enables re-
fining of inverse folding heuristics: now there are two design princi-
ples, rather than a simple optimization. The positive design principle
requires to enrich the desired structure \ and the negative design
principle to deplete all undesirable structures & from the ensemble.
An interpretation of the negative design rule could be, that alterna-
tive structures & are discouraged more rigorously the larger the dif-
ference to VP (d(&,1)) becomes. If the entire Boltzmann ensemble of
sequence x is considered, the minimization of the ensemble defect
v(x, ) = ) 5d(6,P)p(x,0) is common [20]. The ensemble defect
computes the average number of incorrectly paired nucleotides rela-
tive to the target secondary structure at equilibrium. The evaluation
is carried out over the Boltzmann-weighted ensemble of unpseudo-
knotted secondary structures [57]. Based on the base pairing prob-
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ability matrix of x the ensemble defect can be calculated [20]. The
computation of the ensemble defect is implemented in NUPACK [57].
NUPACK is a software suite with focus on analysis and design of
(nucleic acid) secondary structures. The sequence design algorithm is
defined as an optimization problem with the objective of decreasing
the ensemble defect below a user-defined value.

1.3.2 Modeling External Triggers

RNA can react to a variety of external triggers. From a computational
perspective, a change in temperature may be the simplest external
trigger to which an RNA may respond. For example, in the Vien-
naRNA package [25] enthalpies and entropies are tabularized sepa-
rately, thus temperature is an explicit parameter. Therefore it is pos-
sible to use design functions like d(YT/(x), $T') + d(WT"(x), bT") to
determine sequences x showing a switching behaviour from a ground
state structure P T’ to another ground state PpT"” as a result to a tem-
perature change from T’ to T” [20].

As stated in [20], de novo designed RNA thermometers have been

shown to work in vivo at physiological temperatures. Further, computer-

based rational design combined with basic in vivo screening led to
RNA thermometers exhibiting performance comparable to natural ex-
isting ones. Also naturally components like an RNA thermometer and
the hammerhead ribozyme were combined to construct self-cleaving
RNA molecules with temperature sensitivity [63].

In theory pH sensors [64] and RNA thermometers are very alike.
But, due to the absence of ready-to-use parameters that describe how
RNA folding energies are influenced by pH, yet it is not possible to
computational design pH sensors [20]. However, it is possible to com-
putationally design switches that react to a nucleic acid trigger. Com-
bining software for RNA design and target prediction enables design-
ing such switches [20]. RNAcofold [65] and RNAup [66] from the
ViennaRNA package [25] can be used for this task. The former men-
tioned software suite NUPACK [28] and RNAiFold [67] already allow
multi-strand design of nucleic acids. MultiSrch/StochSrchMulti [68]
applies a similar strategy. The great advantage of nucleic acid triggers
is the opportunity to model the entire system in silico [20].

One example is the RAJ11 system designed by Rodrigo et al. [49].
In contrast, riboswitches are triggered by small molecules, that usu-
ally are metabolite ligands. At the moment ligand binding can not
be directly integrated into RNA folding algorithms. A workaround is
to imitate the ligand bound state of the so-called aptamer region by
using structural constraints. RNA folding algorithms offer the possi-
bility to specify a set « of unpaired and paired bases representing the
ligands” structure, that will then be enforced during structure calcu-
lation.

11
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@(x|et) is the most stable structure under constraint a, and g(x|x)
its associated folding energy. Both can be efficiently computed with
RNAfold -C. (@(x)) is the unconstrained ground state and g(x) its en-
ergy. It is important to notice that the unconstrained ground state
structure @(x) must not display the aptamer structure with ligand
bound. In the ideal case, all aptamer base pairs are completely ex-
cluded from the unconstrained secondary structure. In this case, ¢(x) \
o = () is set as negative design goal. By design, the unconstrained
ground state energy g(x) < g(x|«). The ligand binding energy e; < 0
stabilizes @(x|x) in presence of the ligand. It needs to be sufficietly
high, making the ligand-bound state the ground state. e; can be ex-
plicitly calculated for nucleic acid ligands, for small molecule ligands
(metabolites) one has to resort to values from literature or estimates
for e . If a design shall comprise a structural change which is induced
by ligand binding, the ligand-bound state has to be the ground state.
This leads to the following inequalities g(x|x) +er < g(x) < g(x|«).
A general method to formulate this as a design objective is to set
g(x) — g(xla) ~ er/2, i.e. g(x) should be roughly halfway between
g(x|lx) 4+ e and g(x|x). Currently available design tools do not incor-
porate this constraint folding frame-work in a very systematic way.
Therefore, the energetic contributions of ligand binding have to be
integrated manually, leaving room for discrepancies between model
and experimental setup [20].

1.4 GREEN’S TOEHOLD SWITCHES

In 2014 Green et al. [54] published de novo designed riboregulators
using new design principles. The design is shown in Figure 3, col-
ored regions are pre-determined and therefore the same in all de-
vices. These riboregulators make use of linear-linear interactions that
are mediated by a toehold, and are termed toehold switches. These
devices involve two single stranded RNAs, a switch and a trigger. At
the 5" end of the switch is a single-stranded toehold region (domain
a), which enables initial binding of the trigger RNA. Immediately ad-
jacent to the toehold region resides a hairpin-based processing unit,
which contains a strong RBS and the start codon. The repressing do-
main b (the stem at the 5-end) and domain a together form the
binding site. The switch contains the coding sequence of the gene
intended to be regulated. A common 21 nucleotide linker sequence
and the gene of interest are located downstream of the hairpin. The
linker sequence encodes low-molecular-weight amino acids. The trig-
ger incorporates a stretched single-stranded region. Region a* in the
trigger is complementary to region a in the switch, and b* in the
trigger to b in the switch. After the trigger binds to the toehold, it un-
winds the hairpin, which leads to exposition of the RBS and the start
codon, thereby translation is initiated. In the absence of the trigger
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RNA the hairpin processing module works as a translation repressor.
The RBS sequence stays unpaired within the loop of the hairpin.

C Detailed toehold switch design schematics

i First-generation toehold switches
Toehold switch RNA Trigger RNA

8-nls

-]
=
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Figure 3: First-generation toehold switch design. The toehold switch RNA
(shown left) contains a 12 nucleotide long toehold sequence (re-
gion a), followed by a hairpin that sequesters the hairpin and
the start codon. Adjacent to the hairpin is a common linker se-
quence and the coding sequence of the gene of interest. Region
a and b together form the binding site for the trigger. The trig-
ger RNA (shown right) contains a complementary region a* to the
toehold region in the switch, and also a complementary region
b*. The regions illustrated in colour are pre-determined. Graphic
taken from [54].

1.4.1 Design Principles

In general, the activation of gene expression by a riboregulator re-
quires switching from a translation repressing structure to an active
secondary structure. The formation of the translation promoting sec-
ondary structure is induced through interaction with a trans-acting
RNA. Drawing conclusions from Kudla et al. [69] and [70] Green et
al. assured that the toehold switches isolate the domain around the
start codon to prevent translation, instead of binding to the RBS or
the start codon [54]. According to [69] secondary structures around
the start codon may be important for translation activation, besides
the Shine-Dalgarno sequence. Additionally they referred to [70] who
found that there is a trend towards reduced mRNA folding nearby
the translation start, i.e. the start codon of mRNAs. Previous engi-
neered riboregulators (Figure 4) of translation relied on base pair-
ings to the RBS to inhibit ribosome binding, thus blocking translation.
For examples see Section 1.2.2. Therefore, triggers designed to acti-
vate translation have to incorporate an RBS sequence that removes
the repressing sequence. These sequence constraints minimize the
potential sequence space. Further constraints arise from the use of
U-turn loop structures - that occur in natural systems - that promote
loop-loop and loop-linear interactions. Even though loop interactions
are favoured evolutionary in nature, alternative approaches using
linear-linear interactions are easily controlled through rational engi-
neering, thereby providing advantageous reaction kinetics and ther-
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modynamic behaviour [54]. Therefore Green’s toehold switches use
toehold-mediated linear-linear interactions to start RNA-RNA strand
displacement. This toehold-mediated interactions were developed in
vitro before [71]. Additionally, the adjacent bases to the start codon
form base pairs of 6 and g base pairs, which build the stem of the
hairpin, while the start codon stays unpaired. This results in a bulge
(3 nucleotides) near the midpoint of the stem. Since the repressing
domain b is not complementary to the start codon potential trigger
sequences are not limited by the need to include start codon bases.

Conventional Riboregulator
crRNA taRNA

Sequence constraints

RBS

Loop-linear
interaction

Repressed ’
AUG gene

Sequence constraints . . .

—L Active

Figure 4: Conventional riboregulator: This design achieves repression by
formation of an RNA hairpin structure that prevents translation
by sequestering the RBS (cis repression). The corresponding mRNA
is termed crRNA. A non-coding, trans-acting RNA, referred to as
taRNA activates the gene expression through a linear-loop interac-
tion with the «rRNA. Previous designs obtained repression through
binding/acting of certain molecules [45]. Graphic taken from [54].

1.4.2 In Silico Design and In Vivo Validation of Toehold Switches

At first the design specifications of the toehold switches were defined
involving the secondary structure of switch and trigger, conserved
sequences, and the size of interaction domains. The secondary struc-
tures are shown in Figure 3. The conserved sequences correspond
to the colored domains, namely the RBS of the mRNA, the transcrip-
tional terminator of T7 RNA polymerase, the linker sequence and the
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coding sequence of the regulated gene, and a leader sequence (GGG)
required by T7 RNA polymerase.

The software NUPACK was used to generate the RNA sequences
according to the design requirements. In the beginning 24 toehold
switches were designed to estimate the performance in vivo. After-
wards they expanded their library consisting of orthogonal elements
chosen for low crosstalk with the remaining library: they designed
646 unique toehold switches and simulated all 417.316 pairwise in-
teractions to assess crosstalk interactions. Using a Monte Carlo algo-
rithm they identified a subset of 144 switches with the lowest crosstalk
level. Crosstalk is the ratio of the Green fluorescence protein (GFP)
fluorescence from a switch with a non-cognate trigger and the flu-
orescence of the switch with a cognate trigger (switch in triggered
state). This resulted in a library of 168 toehold switches, encompass-
ing the initial 24 toehold switches and the subset of 144. These toe-
hold switches allow to regulate translation independently in vivo.
Further, the switch sequences are sufficiently distinct, therefore se-
quence dependent effects can be discerned. These 168 toehold switches
are referred to as first generation switches.

E. coli BL21 Star DE3 was used for testing. The switch sequences
were expressed from medium copy plasmids, while the trigger se-
quences were expressed using separate high copy plasmids. Isopropyl-
beta-D-thiogalactopyranoside (IPTG) was used to induce the expres-
sion of both strands through T7 RNA polymerase. The switch output
performance was analysed via flow cytometry using GFP. GFP fluo-
rescence was measured from cells in ON state (expressing both the
switch and its cognate trigger) and from cells in OFF state (express-
ing the switch and a non-cognate trigger. The ON/OFF fluorescence
ratios were calculated from the histograms showing the mode fluo-
rescence intensity. The ON/OFF ratios then are used to describe the
activity of the toehold switches [54]. For validation Green et al. com-
pared their toehold switch designs with the engineered riboregulators
10 and 12 from Isaacs et al. [45] which showed ON/OFF ratios of 11
+2 and 13 +4. On average the 168 first-generation toehold switches
showed an ON/OFF ratio of 43. 20 switches showed ON/OFF ratios
exceeding 100, and 87 had ratios between 10-and 100, altogether al-
most 2/3 (0.64%) showed ON/OFF ratios greater than 10.

The in silico designed first-generation switches failed at the goal
to create high-performance switches enabling faster generation of
new genetic circuits, they exhibited a wide range of ON/OFF ratios.
Therefore, Green et al. analysed the first-generation switches to de-
termine design features that resulted in high-performance switches.
The insights were incorporated into the second-generation toehold
switches.

15



16

INTRODUCTION

1.4.3 Applications of Toehold Switch Designs

Already in [54], they showed that toehold switches can be triggered
by mRNAs and endogenous RNAs. Some modifications to the high-
performance switch 1 from the first generation were made, such as
extending the toehold region and adaption of a programmed RNA re-
folding mechanism. They designed sensors to detect mCherry mRNA
and the endogenous E. coli sRNA RyhB. Further, they showed that toe-
hold switches can be functional when inserted into the E. coli genome
and can regulate translation of different endogenous genes such as
uidA, lacZ and cheY. The strain lacZ::Switch C needs lactose/IPTG and
trigger RNA C to start expression, resulting in a genetic AND circuit.
They also documented that multiplexed regulation is possible with
the toehold switches and demonstrated a functional 4-input AND
circuit with integrated toehold switches [54]. The toehold switches
were also successfully tested on a paper-based platform. Pardee et al.
presented a method that allows embedding synthetic gene networks
into paper (and also other porous materials). These paper-based toe-
hold switches lead to induction greater than 20-fold up to 350-fold
of synthetic gene networks [72]. Although a large library of toehold
switches with high-performance existed, a scalable strategy to use the
high-performance toehold switch parts in biological circuits was miss-
ing[73]. In [74], Green et al. demonstrate a method to construct RNA-
only nanodevices for complex cellular logic computation, where all
main circuit operations were converted into RNA-RNA interactions
[73]. These "ribocomputing’ systems were built of de-novo designed
parts and use RNAs as input and protein as output signal. A gate RNA
is responsible for signal processing. The sensing domains of the gate
RNA used in the ribocomputing devices are toehold switches. They
showed that ribocomputing devices in E. coli are capable of evaluat-
ing multi-input computations such as four-input AND, six-input OR
up to a 12-input expression ((A1 AND A2 AND NOT A1*) OR (B1
AND B2 AND NOT B2*) OR (C1 AND C2) OR (D1 AND D2) OR
(E1 AND E2)) [74]. In [24], Kim et al. de-novo-designed two riboreg-
ulators for translational repression by employing toehold-mediated
strand-displacement reactions. Their design is inspired by the toehold
switches resulting in two types of repressors: the toehold repressor
and the three-way junctions repressor. The repressors have sensing
and logic capabilities and achieve repression up to 300-fold, which
is comparable ro protein-based repressors. These selected examples
already demonstrate the capabilities of the toehold switch design.

1.5 MACHINE LEARNING

The aim of this thesis is to define numerical features that describe
individual RNA sequence designs in numerical manner and to evalu-
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ate the predictive performance of the defined features using machine
learning algorithms. Therefore, a short general overview about ma-
chine learning is given.

Machine learning comprises various techniques that enable mak-
ing predictions about unseen data from observed one. Learning can
be understood as inferring computational models from training data.
Based on a training set the parameters of an adaptive model are
tuned [75]. The models” complexity can vary from simple and inflex-
ible classic statistical linear regression models to more complex and
flexible such as neural networks [76]. Learning can be categorized
into supervised learning, unsupervised learning and reinforcement
learning. The methods differ in the type of learning signal or given
feedback to the learning system [77]. In supervised learning the train-
ing data is provided with their output variables/target vector. Tasks,
in which each input vector is assigned to one discrete category of a
finite number are called classification. If the asked output is one or
more continuous variables it is called regression [75]. In contrast, in
unsupervised learning the training data does not include output values,
only input values. In reinforcement learning (or learning with a critic) no
output variable is provided. The output variables have to be inferred
from a feedback whether the potential category is right or wrong.
Owerfitting describes the case when the model is too closely fit on
the training data enabling perfect predictions for them, but performs
weak on unknown data [78].

1.5.1 Feature Selection

Feature selection is of interest in research areas where data sets with
many feature variables are available. Feature selection tries to find
a subset of predictor variables that is as small as possible, and at
the same time optimizes the prediction performance on new data.
Possible benefits of feature selection may be an improvement of the
prediction performance. That could be achieved by excluding irrel-
evant noisy features and/or by lessen the issue of overfitting by a
dimensionality reduction, because irrelevant features may result in
overfitting. Another point may be increased effectiveness, due to re-
duced memory usage, less learning time and processing time due to
a smaller feature set. Additionally, an improved understanding of the
data and the underlying process, to recognize relevant features to a
target may be achieved [79, 80]. There are different methods to the
feature selection problem.

1.5.2 Cross-Validation

In order to find the model with the best predictive power on new
data the performance of the prediction should be tested on an inde-
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pendent data set (also called validation set). If there is enough data
then some of the available data can be used to train a single model or
a set of models, while other data can be used as a test set to evaluate
the predictive performance. The model with the best predictive per-
formance can be chosen. Often only limited training and test data is
available, but to build good models as much as possible of the data
is needed for training. A small test set will only result in a noisy es-
timate of predictive performance. Crossvalidation is a solution to this
dilemma. In S-fold cross-validation the data is split into S groups. For
the training of the model(s) S — 1 of the groups are considered, the
evaluation then is performed on the remaining group. This procedure
is applied for all S choices for the held-out group. Afterwards the per-
formance measures from the S runs are averaged. In cases where the
data is specially rare a useful approach may be to set S = N, with
N as total number of data points. This is the so-called leave-one-out
method [75].

1.6 FOCUS OF THIS THESIS

Functional non-coding RNAs play an important regulatory role in cells
of all kingdoms of life. These regulatory functions can be mediated
through various different mechanisms, e.g. translational gene regula-
tion due to a small RNA input. Such a system was artificially designed
in a publication by Green et al. [54]. This publication provides an ex-
tensive data set of de novo designed sequences including quantitative
data of verification experiments, mainly fluorescence readout of gene
reporter assays. The aim of this thesis is to define features that de-
scribe individual sequence designs in numerical manner. This should
enable to predict the functionality of such sequence designs compu-
tationally in advance, before analysis in the laboratory. The features
were determined by a knowledge-based approach and calculated us-
ing several RNA related tools. To evaluate the predictive performance
of the defined features machine learning algorithms were applied.
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In this chapter the analysed data and applied methods are described
and summarized.

2.1 DATASET

RNA sequences designed by Green et al. [54] and corresponding per-
formance measures, i.e. GFP fluorescence data, are the underlying
data basis of this thesis. The fluorescence measurements combined
with the RNA sequences were used for further analysis and valida-
tion of the informative value of the defined features (Section 3.1). The
design process of the used RNA sequences is summarized in in Sec-
tion 1.4. For further details see the original publication and supple-
mental information [54].

The used data consists of 168 first generation switch and trigger RNA
sequences and the corresponding fluorescence data. GFP fluorescence
was measured from cells in ON state (expressing both the switch and
its cognate trigger) and from cells in OFF state (expressing the switch
and a non-cognate trigger. The ON/OFF fluorescence ratios were cal-
culated from the histograms showing the mode fluorescence intensity.
The ON/OFF ratios then are used to measure the performance by [54],
in this analysis the focus was set on the ON state fluorescence.

2.2 FEATURE SELECTION, GENERATION AND COMPUTATION

Some features from Green et al. [54] were adopted, as well as further
numerical features were created in this thesis by a knowledge-based
approach. Thermodynamic features were chosen that might be impor-
tant for the desired folding and unfolding of the toehold switches and
the accessibility of the RBS and the start codon. Most of the features
were calculated using the python interface (v3.0 API) to the RNAlib
(version 2.3.3) [25, 81]. Only the ensemble defect was calculated us-
ing a python interface to NUPACK 3.0 [82]. In order to calculate the
selected features python scripts were written.

2.3 DATA ANALYSIS - DESCRIPTIVE STATISTICS AND VISUALIZA-
TION

The computed features were analysed using R [83] (version 4.1.2) for

descriptive statistics and visualizations of the distribution of the in-
dividual features. The dimensions of the dataset were reported us-

19



MATERIAL AND METHODS

ing dim(switch_designs. sapply(switch_designs,class) was used
to list the data types of each variable and check if there are any
missing values. In order to compute the distribution of each variable
summary (switch_designs) was used.

The plots shown in Section 3.2 were created with

hist(switch_designs[,i],main=names(switch_designs)[i]) for the
histograms of the input features,

plot(density(switch_designs[,i]),main=names(switch_designs)
[1]) for the density plots and

boxplot(switch_designs[,i], main=names (switch_designs)[i]) for
the boxplots.

2.4 CORRELATIONS

The correlation coefficients R for the correlation of the individual fea-
tures with the output variables (log(ON mode), log(OFF mode) and
log(ON/OFF mode)) were computed with the cor function from the
basic R Stats Package of R [83] version 4.1.2, cor(switch_designs[, 1:
11, log_on_mode). The coefficient of determination R? was computed

by squaring the correlation coefficient R. R?=(R)?.

2.5 FEATURE P_SW_ACC_RBS_LINKER - STRUCTURE AND ACCES-
SIBILITY

The single stranded switch RNA secondary structures were computed
with the RNAfold command from the Vienna RNA package [25, 84],
version 2.5.1., with the following command line call

RNAfold -p -d2 --nolLP < swl.fa > swl.out. The centroid struc-
ture drawings were made and annotated using the RNAplot com-
mand, rotated using the rotate_ss.pl script and colored using the
relplot.pl script from the same package with the command line call

relplot.pl -p swl_ss.ps swl_dp.ps > swl_ss_col.ps. The plots
are used for structure analysis.

RNAcofold from the same package was used to predict the sec-
ondary structures of the single stranded switch and trigger RNA upon
duplex formation. The following command line call was used

RNAcofold -a -d2 --noLP < swl_trl.seq > swl_trl.out. The sec-
ondary structures of the duplexes are used for structure analysis.

The sequences were used corresponding to Green et al. [54]. The
switch RNA ranges from the GGG leader sequence up to 29 nucleotides
of of the GFPmut3b and the trigger RNA from the GGG leader, includ-
ing the 5" hairpin, up to the transcriptional terminator.
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2.6 MACHINE LEARNING ALGORITHMS

For the task of functionality/activity prediction supervised regres-
sion algorithms were used. Different algorithms were used to build
predictive models based on thermodynamic features (described in Sec-
tion 3.1). The models were built in R [83] (version 4.1.2) using the
package caret. The package offers a unified interface to various mod-
eling functions [85].

2.6.1  Data preparation

Due to their distribution some features were logarithmically trans-
formed. For basic insight default parameters were used for the algo-
rithms unless otherwise stated. During the first phase, features were
used without highly correlated and linear combinations. Highly cor-
related features were removed using carets findCorrelation. This
function takes a correlation matrix and returns the set with the small-
est number of predictors that can be discard, in order that pairwise
correlations are below a specified threshold [85]. 0.75 was used as
cutoff. Some models, such as linear models and neural networks may
produce unstable solutions or show poor performance if there is mul-
ticolinearity. While models, such as classification or regression tree
might be unsusceptible to highly correlated features. But, the inter-
pretability of the model may be complicated due to multicolinearity.
A classification tree may show good performance despite highly cor-
related features, but the selection of the features to be in the model is
random. If it is necessary to remove highly correlated features mod-
els that are unaffected to multicolinearity can be used (e.g. partial
least squares) or principal component analysis can be used. Another
option may be to determine high correlation predictors and remove
them [85] as it was done in this work. In this way, problematic pre-
dictors were removed the same way for all models. Linear combina-
tions were removed using carets findLinearCombos. Since the predic-
tor that can be expressed through a linear combinations of other pre-
dictors not only is redundant, but also results in arbitrary estimated
slopes in the regression model.

Since the features have different units of measure the data was cen-
tered and scaled via train’s argument
preprocess(preProc=c("center, scale") prior to model building. Due
to non-normal distribution of some variables a log-transformation
was performed on these features. Features computing probabilities
were log-transformed. Data preparation was performed excluding the
output variable log(ON mode).
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2.6.2 Predictive Modeling

Via the function train different tuning parameters can be specified
that are used in model building, the model performance is calcu-
lated based on resampling [85]. The function trainControl enables
to specify the resampling method, the number of folds and further
arguments of the train function. Listing 1 shows an example of the
methods train used with the function trainControl. Via method in
train the different models can be specified. Seed was set to 100 for
reproducable results. For further information on the package caret
see [86].

Listing 1: Example of function trainControl and method train from caret
used for predictive modeling

set.seed(100)

ctrl <- trainControl(method = "repeatedcv",
repeats = 5,
number = 10,

preProcOptions= list (cutoff=cor_cutoff),
returnResamp = "final",
savePredictions="all")

set.seed(100)
Ilm <- train(depVar~., data=data_switch_design,

method = "1m",
trControl = ctrl,

preProc = c("center", "scale"))

From a statistical point of view the most efficient way to use the
available data is to use all of it in model training and apply a resam-
pling method like cross-validation or bootstrap to evaluate the model
performance. Therefore all data was used in model training and re-
peated cross-validation was used as resampling with 5 repeats and 10
folds trainControl(method="repeatedcv", repeats=5, number=10).
Using a numeric output variable, data is split based on percentiles
into groups sections [85]. Using k-fold crossvalidation it ensures that
the test sets are independent since each sample is included only once
in a fold [87].

In order to find out which algorithms could work well on the
problem, a set of different methods was tried using the the pack-
age caret in R. The linear regression models linear regression (Im)
and partial least squares (pls), further the penalized regression model
elastic net (enet), and for non-linear regression support vector machine
with radial basis function kernel (svmRadial) and some ensemble meth-
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ods as bagged tree (treebag), random forest (rf) and stochastic gradient
boosting (gbm) were tried.

To compare the performance of the different algorithms RMSE was
computed for all algorithms. The different machine learning algo-
rithms were evaluted by comparaing against the performance of a
baseline model. Therefore, the mean value of the output variable
log(ON mode) of each training set was calculated and assumed as
predicted value. Then, the RMSE between this predicted value and the
true values of the current test set was calculated, this procedure is per-
formed k times. These values were used as baseline to evaluate the
performance of the tested algorithms. Additionally R? was calculated.
A good model hast to outperform the baseline. In order to determine
whether the differences between two models are statistically signifi-
cant a paired t-test was performed.

In order to access if there are problems with overfitting the training
set error was computed. Therefore no resampling was performed (set
method="none’ in trainControl) and predictions were made on the
training set, i.e. on the same set as the model was trained. Then, re-
peated cross-validation was performed with the basic feature set. In
a next step a best subset regression was performed using regsubsets
from the leaps package [88], the best subset by sequential replace-
ment for a regression model was computed (when correlated and lin-
ear combinations are removed). This subset was used for model build-
ing. Finally, models were built with the single feature e_RBS_linker.
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RESULTS AND DISCUSSION

This chapter summarizes the results and discussions of the analysis
of first generation toehold switches designed by Green et al. [54]. The
first generation library consists of 168 switches and triggers. The toe-
hold switches are labelled according to their fluorescence ON/OFF
ratio in descending order, meaning switch 1 - trigger 1 pair showed
the highest fluorescence ON/OFF ratio and switch 168 - trigger 168
the lowest.

Prior to using the selected features (Section 3.1) in several machine
learning algorithms (Section 3.5), the computed features were anal-
ysed regarding their descriptive statistics in Section 3.2. Additionally,
the correlations between the features and the three possible depen-
dent variables were further examined in Section 3.3. Because of its
unexpected correlation properties the feature P_sw_acc_RBS_linker
was examined in more detail in Section 3.4.

3.1 FEATURE SELECTION AND COMPUTATION
3.1.1  Prior Work / Context

Green et al. already performed an extensive analysis to determine
thermodynamic parameters that are related to the ON/OFF ratio
of the fluorescence output of the toehold switches. They used the
ON/OFF ratio, since there was relatively little variation for OFF state
fluorescence levels in comparison to the ON state levels. Thus, they
argue, ON/OFF ratio essentially measures the ON state fluorescence
(supplemental information of [54]). They used 48 thermodynamic pa-
rameters (list of parameters in Appendix A (Figure 25)) that were
computed using NUPACK [28]. Since they found out that thermo-
dynamic parameters calculated using Mathews et al. [89] experimen-
tally determined energy parameters resulted in stronger correlations
than using Serra and Turner [9o] energy parameters they used Math-
ews et al. energy parameters for their analysis. They performed a
linear regression analysis between log190ON/OFF ratios and each of
the thermodynamic features. Significant correlations were only de-
tected within subsets (that satisfied certain sequence criteria) of the
first-generation switches (supplemental information of [54]). Only a
single parameter, AGrps—_tinker, €xhibited a correlation for the sub-
set of 68 switches with a closing A-U base pair at top of the hairpin
stem. AGrBs_tlinker is the free energy of the RNA sequence ranging
from the RBS up to the end of the linker. A linear fit of this sub-
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set of AGrBs_linker to the corresponding logioON/OFF ratios re-
sulted in a coefficient of determination R? = 0.40. Green et al. also
forward-engineered their switches, a linear fit of AGrps—_tinker Of
these switches to the ON/OFF ratios showed a much stronger cor-
relation, RZ = 0.79. They determined that AGres_tinker could best
explain the switch performance [54].

3.1.2  Adopted and Newly Created Features

In this study, some features were adopted from Green et al. and ad-
ditional were created. Table 1 shows an overview of all these features
and their computation. In the following sections (Section 3.1.3, Sec-
tion 3.1.4 and Section 3.1.5), their computation is described in detail.

C Detailed toehold switch design schematics

i First-generation toehold switches
Toehold switch RNA Trigger RNA

6-nts
(N

10—n151

3-nts  18-nts  12-nis 3-nis

linkar = GFP-ASV terminator
12-ntz 21-ntz 783-nts 47-nts

Reproduction of Figure 3 from Section 1.4 to recall the definition of
the toehold switch regions used for the feature computation in this
section: Toehold switch design by Green et al. [54].

Unless otherwise noted, the switch RNA ranges from the GGG
leader sequence up to 29 nucleotides of the GFPmut3b and the trig-
ger RNA from the GGG leader, 5" hairpin, up to the transcriptional
terminator (corresponding with Green et al. used sequences).

The following features are adopted from Green et al.: e_RBS_linker
corresponds to Greens” AGrBs—_tinker, €_tr_sw_toe corresponds to
AG toehold binding, e_tr_sw_bs corresponds to AG trigger binding
and e_net_complex corresponds to AG complex. ON/OFF ratios of
the fluorescence, ON state fluorescence and OFF state fluorescence
were used as output variables.
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Feature

Description Switch Trigger
a b RBS linker a* b*

e_RBS_linker® Ensemble free energy of the RBS-linker . 5 X

e_tr_sw_toe® Ensemble free energy of the toehold re-

e_tr_sw_bs®

e_net_complex® Ensemble free energy of the trigger-

region in switch RNA

gion (a-a*) in the duplex formed by
switch and trigger RNA
Ensemble free energy of the binding site
(a-a* b -b*) in the duplex formed by
switch and trigger RNA

switch-RNA duplex minus energy of the
single-stranded trigger RNA and energy
of the single-stranded switch RNA.

Xspecific_structure x

P_sw_acc_RBS_linker Probability that the RBS-linker region is . . X

P_sw_acc_tos

P_sw_acc_RBS_linker_bs_b Probability that the RBS-linker region

accessible (stays unpaired) in the switch
RNA.

e Probability that the 12 nt toehold region
(a) is accessible (stays unpaired) in the
switch RNA.

at+b
is accessible (stays unpaired) when the
binding site (a+b) is bound in the switch

RNA.
P_sw_hairpin Probability that the switch RNA forms the . hairpin 5 -
hairpin.
P_tr_acc_bs Probability that the binding site (a*-b*) is
accessible (stays unpaired) in the trigger
RNA.
P_tr_acc_toe Probability that the reverse complement

P_tr_sw_acc_RBS_linker_bs_b  Probability that the RBS-linker region is

to the toehold region (a*) is accessible
(stays unpaired) in the trigger RNA.

accessible (stays unpaired) in the trigger-
switch-duplex, when/after the binding
site in the switch is bound by the trigger.

defect_dup Ensemble defect of trigger-switch du-
plex RNA sequence and the target trigger-
switch secondary structure.
defect_sw Ensemble defect of switch RNA sequence
and the target toehold switch RNA sec-
ondary structure.
defect_tr Ensemble defect of trigger RNA sequence
and the target trigger RNA secondary
structure.
defect_avg Average of ensemble defect of de- - X .
fect_dup, defect_sw and defect_tr.
ON mode ON state fluorescence.
OFF mode OFF state fluorescence.
ON/OFF mode OF/OFF ratio of fluorescence.
Table 1: Overview of defined features: Description of features and annota-

tion of used regions for computation. The column "Feature’ shows
the names of the defined features. There are three categories of
features: ensemble free energy features, secondary structure prob-
ability features and ensemble defect features. The column "Descrip-
tion” gives a short description of each feature. The columns "Switch’
and 'Trigger’ illustrate which part(s) of the toehold switches were
used for compuation. The coloring of the regions is in accordance
with the graphic of the toehold switch design (Figure 3 and the
reproduction above). ‘S’ marks that the ensemble free energy fea-
tures are adopted from Green et al. For the ensemble free energy
features an 'x” marks the used regions for computation, ’.” the re-
gion is not used for computation. For the secondary structure fea-
tures Xspecific_structure’ 18 the first constraint for the compuation
and "X’ the second constraint, which is mostly unconstrained and
marked with ’-". Only the feature P_sw_acc_RBS_linker_bs_b uses
the region "a+b’ of the switch as second constraint. For these fea-
tures "x” marks that the region is constrained to stay unpaired, while
’(" and ")’ mark constraints to enforce basepairs. For the ensmble de-
fect features 'x’ marks the used regions. For detailed formula and
input listings see Section 3.1.3 for the ensemble free energy features,
Section 3.1.4 for the secondary structure probability features and
Section 3.1.5 for the ensemble defect features. The constraints for
the probability features are listed in the Appendix A (Section A.1.2).
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3.1.3 Ensemble Free Energy Features

As mentioned before Green et al. used NUPACK [28] with Mathews
et al. energy parameters for their calculations, whereas in this analy-
sis the RNAlib (version 2.3.3) was used which uses Turner 2004 en-
ergy parameters [91] as energy model [25]. More precisely, python
bindings were used to access the functions of the RNAlib.

To compute the energy of single stranded molecules the function
pf() from the RNAlib was used. This function computes the partition
function Z for a given RNA sequence, therefore it returns the Gibbs
free energy (G = —RT * log(Q)) of the ensemble in kcal/mol. RNAlib
python objects of type fold_compound have pf() attached as method.
Thus, to compute the partition function of an RNA sequence using
RNAlibs” python bindings works as described in Listing 2.

Listing 2: Example of partition function computation of an RNA sequence
using RNAlibs’” python bindings

import RNA

sequence = "CGCAGGGAUACCCGCG"

# create new fold_compound object
fc = RNA.fold_compound(sequence)

# compute partition function
fc = RNA.fold_compound(sequence)
(pp, pf) = fc.pf() # pp pairing propensity, pf partition function

# print result
print(pp, pf)

pf () was used for the calculation of the energy of the single stranded
RBS-linker region e_RBS_linker. The switch RNA sequence ranges from
the first base of the loop up to the last base of the 21 nucleotide linker
sequence.

The energy of double stranded molecules was computed with the
partition function for dimers pf_dimer (), therefore the two sequences
have to be linked with an ampersand (&). Otherwise the calculation
follows the same procedure as for single stranded sequences. The
features e_tr_sw_bs and e_tr_sw_toe were directly calculated using
pf_dimer(). e_tr_sw_toe is the ensemble free energy of the 12 nu-
cleotide long toehold region (region a) and its reverse complement
(a*) in the duplex of switch and trigger RNA. e_tr_sw_bs is the ensem-
ble free energy of the entire binding site, 30 nucleotides long (a - a*,
b - b*) region, in the duplex.

The net complex energy was computed as the energy of the du-
plex of switch and trigger sequences minus the energy of the sin-
gle stranded trigger and switch sequences (Net AG duplex = AG du-
plex - AG switch - AG trigger). The energy of the duplex was calcu-
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lated with pf_dimer() and the energies of the single stranded RNAs
each with pf() resulting in the energy of the feature e_net_complex.
e_net_complex is the net free interaction energy between the switch
and trigger RNA to build the activated switch complex.

3.1.4 (Constrained) Secondary Structure Probability Features

The next 7 features describe probabilities that certain secondary struc-
tures in the switch RNA, respectively the duplex of switch and trigger
RNA are formed. The probability that a certain (sub)sequence folds
into the desired structure (Pspecific_structure) iS calculated by the
fraction of the constrained (Zx,, .. sic ciructure) and the unconstrained
partition function (Z) (or another constrained partition function).

Gx

Gx o —
szpecifi.cfstructure spemftcf;t_lructure

Pspecificfstructure = 7 =
x

where R is the gas constant with 1.98717kcal and T is the temper-
ature in K. The calculations were performed using a temperature of
310.15K(37°C). The required structural constraints were set as hard
constraint. (Therefore the required energies of the structures were cal-
culated in advance.) The following features are based on the probabili-
ties that certain structures form: P_sw_acc_RBS_linker, P_sw_acc_toe,
P_sw_acc_linker_bs_b, P_sw_hairpin, P_tr_acc_bs, P_tr_acc_toe and
P_tr_sw_acc_RBS_linker_bs_b. P_sw_acc_RBS_linker is the probabil-
ity that the region starting from the RBS up to the end of the linker
(RBS-linker region) stays unpaired in the switch RNA. P_sw_acc_toe
is the probability that the 12 nucleotides long region a (the toehold)
stays unpaired in the switch RNA. P_sw_acc_linker_bs_b is the proba-
bility that the RBS-linker region stays unpaired (and the binding site),
when the binding site stays unpaired. P_sw_hairpin is the probabil-
ity that the switch RNA forms the hairpin. P_tr_acc_bs is the proba-
bility that the binding site (a*-b*) stays unpaired in the trigger RNA.
P_tr_acc_toe is the probability that the region a* stays unpaired in the
trigger RNA. P_tr_sw_acc_RBS_linker_bs_b is the probability that the
RBS-linker region stays unpaired in the trigger-switch-duplex, when
the binding site in the switch and trigger basepairs. For further infor-
mation on the used constraints see Appendix A (Section A.1.2).

3.1.5 Ensemble Defect Features

Green et al. used the ensemble defect as a stop condition for the op-
timization of the toehold switches with NUPACK. Therefore, also in
this study the ensemble defect is used as a feature. It is calculated
using a python interface to NUPACK 3.0 [82]. The ensemble defect is
calculated for the duplex of switch and trigger (defect_dup), switch
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and trigger alone (defect_sw and defect_tr) and the mean of the en-
semble defect of the duplex, the switch and the trigger (defect_avg).
Defect_dup is the ensemble defect calculated with each trigger-switch
duplex RNA sequence and the target trigger-switch secondary struc-
ture as input. The ensemble defect of def_sw is calculated with the
switch RNA sequence and the target toehold switch RNA secondary
structure and def_tr with the trigger RNA sequence and the target
trigger RNA secondary structure as input. defect_avg is the sum of
def_dup, def_sw and def_tr dividey by three.

3.2 DATA ANALYSIS - DESCRIPTIVE STATISTICS AND VISUALIZA-
TION

3.2.1 Independent Variables (Features)

The created features were analysed using descriptive statistics and
visualization. Plots of the distribution or spread of features can help
identify outliers or if a data transformation may be required. Features
that might be redundant can be found by plots of the relationship
between features and by computing the correlation coefficient R.

DATASET METRICS The dimensions of the dataset were accessed
via dim(switch_designs). For the toehold switches there are 168 in-
stances with 18 attributes, 15 features and the 3 output variables
(ON mode, OFF mode, ON/OFF mode). The data types of each variable
can be listed with sapply(switch_designs, class), all variables are
numeric. The summary function also returns if there are missing val-
ues: in the dataset there are no missing values. Since there are no
missing values no impuatation is necessary.

DATA DISTRIBUTION In order to access the distribution of each
variable the summary(switch_designs) function was used. The nu-
meric values are shown in the Appendix A (Table 10). There are listed
the minimum value, value of 1st quartile, median value, mean value,
value of 3rd quartile and maximum value. In this section, univariate
visualizations of each feature variable were plotted to analyse and
show the distribution, central tendency and spread. The distribution
of the data is visualized in combined histograms and density plots of
each feature (Figure 5). Additionally the mean and median are shown
as lines for each feature the mean is red and median blue. The red
line shows the mean value and the blue line the median.

The mean was greater than the median for: P_sw_acc_RBS_linker,
P_sw_acc_toe, P_sw_acc_RBS_linker bs_b, P_tr_sw_acc_RBS_linker-
_bs_b, and minimally higher for defect_sw, defect_tr and defect_avg
which indicates a right skew of the distribution of the data (see Fig-
ure 5a-g). Similar mean and median indicate the data are symmet-
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ric. A mean less than the median indicates that the distribution of
the data is skewed to the left. The mean is less than the median for
e_RBS_linker, e_tr_sw_bs, e_net_complex, P_sw_hairpin, P_tr_acc_bs,
P_tr_acc_toe and defect_dup (see Figure sh-n), but overall the differ-
ences between the mean and the median are not that high as for the
right skewed data.

For e_tr_sw_bs, e_net_complex, P_sw_hairpin and P_tr_acc_bs and
defect_dup the skew is very small, they can be assumed as unimodal
normally distributed. The feature e_tr_sw_toe has a multimodal dis-
tribution (see Figure 50).
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Figure 5: Univariate visualization of each feature: For each feature a com-
bined histogram and density plot is shown. The red line shows
the mean value for each individual feature and the blue line the
median. a-g: mean greater than the median. h-n: mean less than

the median. o: mean and median coincide.

Figure 6 shows the box plot of each feature. A boxplot is a visu-
alization of the five-number summary. The box ranges from the first
quartile to the third. Minimum and maximum are at the end of the
whiskers. The median is the line in the box. Dots outside the whiskers
are potential outliers. Here, the boxplots are used for outlier detection.
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Probability features P_sw_acc_RBS_linker, P_sw_acc_RBS_linker_bs_b,
P_tr_acc_toe and P_tr_sw_acc_RBS_linker_bs_b have many potential
outliers indicated by the dots outside of the whiskers, also defect_avg
has many potential outliers. e_RBS_linker, e_tr_sw_bs, e_tr_sw_toe,
P_sw_hairpin, defect_sw and defect_tr have potential outliers but
much less than the former mentioned features.

The probability features with many potential outliers have upper
outliers, P_sw_hairpin and P_tr_acc_toe have much less potential out-
liers, P_sw_hairpin just one, and those are lower ones.

The energies e_RBS_linker, e_tr_sw_bs and e_tr_sw_toe have only
lower potential outliers. The ensemble defect features defect_sw, de-
fect_tr and defect_avg have just upper outliers.
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Figure 6: Box plot of each feature: A boxplot is a visualization of the five-
number summary. The box ranges from the first quartile to the
third. Minimum and maximum are at the end of the whiskers.
The median is the line in the box. Dots outside the whiskers are
potential outliers.

FEATURE-FEATURE CORRELATIONS Computing feature-feature cor-
relations, the following features had a correlation above 0.75:
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P_tr_acc_toe and P_tr_acc_bs show a strong positive correlation with

R =0.77.P_sw_acc_RBS linker bs band P_tr sw_acc_RBS linker bs b

show a strong correlation with R = 0.96. Some models, which are later
on trained for predictive modeling, can be affected by correlated fea-
tures. Linear models produce unstable solutions or show poor perfor-
mance, while other models such as regression trees are unsusceptible
to highly correlated features, but multicolinearity can complicate in-
terpretability. Therefore, correlated features with a value greater than
0.75 were removed.

3.2.2  Dependent Variable ON Mode

A histogram of the dependent variable ON mode is shown in Fig-
ure 7a. ON mode is strong right skewed and all values are posi-
tive, therefore ON mode was logarithmically transformed to reduce
right skewness and achieve a nearly normal distribution. Figure 7b
shows the histogram of the logarithmically transformed ON mode.
The predictive models built in (Section 3.5) were trained to predict the
log(ON mode), since the correlation analysis (see Section 3.3) showed
higher correlations of the features to the log(ON mode) fluorescence
than to the other output variables. ON/OFF fluorescence and OFF
state fluorescence also show a right skew and therefore are logarith-
mically transformed for the correlation analysis.
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Figure 7: Histograms of dependent variable (ON mode): (a) non-
transformed ON mode (b) log-transformed ON mode

3.2.3 Conclusion

Concerning the distributions of the features, all features that compute
probabilities were logarithmically transformed (most of them showed
a right skew and therefore will also be nearly normally distributed)
and a logarithmic transformation will maintain the probabilities posi-
tive. The dependent variable ON mode was also logarithmically trans-
formed. Features with a correlation coefficient R greater than o.75
were removed for the predictive models.
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3.3 CORRELATION

To gain further insights into possible, respectively expected relation-
ships between the developed individual features (in Section 3.1) and
the output variables (ON mode, OFF mode, ON/OFF mode), all pair-
wise correlations were calculated for the first generation toehold swit-
ches. Due to the right skewed distribution of all output variables
they were logarithmically transformed. Additionally, all probability
features were logarithmically transformed: P_sw_acc_RBS_linker,
P_sw_acc_toe, P_sw_acc_linker_bs_b, P_sw_hairpin, P_tr_acc_bs,
P_tr_acc_toe and P_tr_sw_acc_RBS_linker_bs_b. In the further anal-
ysis, the logarithmically transformed output variables and the log-
arithmically transformed probability features are used. Table 11 in
the Appendix A shows the numerical values of the correlations of
the individual features with the log(dependent variables), sorted by
decreasing R of the feature correlations with log(ON mode). In the
further analysis mainly the correlations between log(ON mode) and
log(OFF mode) fluorescence will be discussed, since the relation be-
tween log(ON) and log(OFF mode) and the individual features can
be easier understood, than the relation to log(ON/OFF). Therefore,
in this section Figure 8 is used to illustrate the correlation coefficient
R with log(ON mode) and log(OFF mode). The height of the bars rep-
resents R, red bars show the correlation of the log(OFF mode) and
blue of log(ON mode) with the individual features. The coefficient of
determination R? of each feature with the output variables is listed
beside the bars. The features are ordered from top to bottom by de-
creasing absolute value of R of log(ON mode) with each feature.
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Figure 8: Graphical representation of pairwise correlation coefficients R of
log(ON mode) and each individual feature, and log(OFF mode)
with each individual feature. Barplot of R of log(OFF mode) with
each feature is shown in red, R of log(ON mode) with each feature
in blue. Coefficient of determination R? between each feature and
log(OFF mode), respectively log(ON mode) is listed beside each
feature. The features are ordered from top to bottom by decreasing
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absolute value of R of log(ON mode) with each feature.
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Figure 9 shows a scatter plot of the individual features with the
log(ON mode) to display the relationships, which will be discussed
in the following section. The red line shows the regression line of
each feature with log(ON mode).
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Figure g9: Correlation scatter plot of the individual features with log-
transformed dependent variable (ON mode) (and log transformed
probability features). The red line shows the linear regression line
for each feature pair.

3.3.1 Correlations between independent variables (features) and dependent
variable (output variable)

Green et al. found the highest correlation between AGrps—_tinker
and the log190ON/OFF ratio, they report R?=0.40 [54]. Also in this
correlation analysis the log(ON/OFF) state correlates highest with
e_RBS_linker. For the log(ON/OFF) ratio R=0.38 and R?=0.15 ( Ap-
pendix A, Table 11). For the log(ON mode) the correlation is mini-
mal higher R=0.39, R2=0.15 and it also correlates highest with the
log(ON). For the log(OFF mode) R=0.05 and R>=0.00 (11th ranked).
e_RBS_linker describes the state when the trigger is bound and the
RBS is accessible, by only calculating the ensemble free energy of the
loop in the hairpin with the RBS up to the linker. When the trigger is
bound the remaining sequence (in 3" direction) is unstructured and
AG gets higher. The more unstructured the RBS-linker region thus
the higher the free energy of this region and therefore the higher
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the log(ON mode) (see Figure 9), respectively the log(ON/OFF). As
expected e_RBS_linker correlates strongly with the log(ON mode), re-
spectively the log(ON/OFF). There is no correlation with the log(OFF
mode).

P_sw_acc_RBS_linker correlates at the same level as e_RBS_linker
with the log(ON mode), R=0.39 and R?=0.15. P_sw_acc_RBS_linker
correlates with the log(OFF mode) with R=0.23 and R?=0.05 and has
the highest correlation between an individual feature and the log(OFF
mode). Since this feature computes the probability that the RBS-linker
region stays unpaired in absence of the trigger this feature should
stronger correlate with the log(OFF mode) than the log(ON mode).
But P_sw_acc_RBS_linker correlates positive with either state and
even higher with the log(ON mode) (see Figure g for positive log(ON
mode) correlation). It could be possible that the designs form such a
strong hairpin that there is no base fluorescence in the log(OFF mode).
Furthermore the hairpin could be so stable, that it even does not open
in the presence of the trigger and there is no switching to the log(ON
mode). In order to gain further insights in the relationship between
this feature and the log(ON mode) some switch designs were further
analysed regarding their secondary structure (see Section 3.4).

P_tr_sw_acc_RBS_linker_bs_b computes the probability that the RBS-
linker region stays unpaired in the duplex of switch and trigger RNA
when the binding site is paired. Therefore this feature should corre-
late stronger with the log(ON mode). P_tr_sw_acc_RBS_linker_bs_b
correlates with the log(ON mode) with R=0.30 and R?=0.09 and with
the log(OFF mode) with R=0.04 and R?>=0.00. As expected there is
a quite strong correlation with the log(ON mode) and no correlation
with the log(OFF mode).

P_sw_acc_RBS_linker_bs_b computes the probability that the RBS-
linker region and the binding site stays unpaired in the switch RNA
when the binding site is constrained to stay unpaired. The trigger is
absent. The RBS would then be accessible if the hairpin opens spon-
taneously, but this is no reaction that is targeted. This feature corre-
lates at similar level as P_tr_sw_acc_RBS_linker_bs_b strong with the
log(ON mode) R=0.29 and R?=0.09 and very low with the log(OFF
mode) R=0.04 and R?=0.00. In absence of the trigger this feature
should show a stronger correlation to the log(OFF mode).

P_sw_acc_toe computes the probability that the complete 12 nu-
cleotide long toehold region a stays unpaired. A good toehold sup-
ports the switching behaviour in the switch, therefore we would ex-
pext a relationship with the log(ON) mode rather than the log(OFF)
mode. But in this context the feature is not informative, the correla-
tions are very low. The correlation is very low with the log(ON mode)
is R=—0.02 and R?=0.00 and with the log(OFF mode) R=— 0.07 and
R?=0.00.
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P_sw_hairpin computes the probability that the hairpin forms in
the switch, therefore the probability should be near 1, if the switch
forms as designed. According to the non-logarithmically transformed
data (see Table 10), the probabilities range from 0.6368 to 0.9736 with
a mean of 0.8474. All designs have a high probability that the hairpin
forms. The hairpin module in the switch functions as a translation
repressor. When the hairpin unwinds, translation can take place, by
making the RBS and start codon accessible. P_sw_hairpin correlates
negatively with the log(ON mode), R=—0.23 and R?=0.06 (see Fig-
ure 9). The more unlikely the hairpin forms, the higher the log(ON
mode). The feature correlates, as expected, rather high negatively
with the log(ON mode) and rather low with the log(OFF mode),
R=—0.07 and R?=0.00.

The next two features compute accessibilities in the trigger RNA:
P_tr_acc_toe computes the probability that region a* is accessible
and P_tr_acc_bs that the entire binding site, consisting of a* and
b*, is accessible. We would expect that these features correlate with
the log(ON mode), since there is no trigger available in the log(OFF
mode). Both features show weak correlation with the log(ON mode),
while P_tr_acc_bs shows weak correlation with the log(OFF mode),
and P_tr_acc_toe a very weak correlation.

The feature defect_dup computes the ensemble defect of the duplex
of switch and trigger RNA. The closer the duplex structure to the tar-
get the smaller is the ensemble defect. Therefore a small ensemble de-
fect (near o) should correlate with the log(ON mode). Defect_dup cor-
relates with the log(ON mode) with R=— 0.28 and R?=0.08, whereas
there is virtually no correlation with the log(OFF mode), R=— 0.04
and R2=0.00.

e_tr_sw_bs is the free energy of the 30 nucleotide long binding site
in the duplex formed by switch and trigger RNA. It computes the free
energy of a designed duplex, which should (almost) perfectly match.
Indirectly, this feature describes the GC-content. The positive correla-
tion for the log(ON mode) is R=0.24, R2=0.06, for the log(OFF mode)
R=0.20, R2=0.04 and for the log(ON/OFF) state R=0.20, R2=0.04. The
higher the free energy the higher all output variables get, whereas
correlation is highest for the log(ON mode). This feature correlates
rather similar with all states, the higher the free energy the higher
each of the output variables. The reasons are unclear.

defect_avg correlates negatively to all output state, at similar level
to log(ON) (R=—0.18) and log(OFF) (R=—0.17), and to log(ON/OFF)
with R=—0.13.

e_net_complex correlates with R=0.12 and R?=0.02 with the log(ON
mode). e_net_complex is the net free interaction energy between the
switch and trigger RNA to build the activated switch complex. The
activated complex correlates to the log(ON mode), the higher the en-
ergy, the higher the log(ON mode).



3.4 FEATURE P_SW_ACC_RBS_LINKER - STRUCTURE AND ACCESSIBILITY

3.3.2 Conclusion

As expected, e_RBS_linker correlates strongly with the log(ON mode),
respectively the log(ON/OFF) ratio. The features P_tr_sw_acc_RBS_-
linker_bs_b and P_sw_hairpin correlate as expected with the output
variable.

P_sw_acc_RBS_linker, P_sw_acc_RBS_linker_bs_b and e_tr_sw_bs ex-

hibit unexpected correlations to the log(ON mode). P_sw_acc_RBS_linker

unexpectedly correlates highest with all output variables and was
therefore selected for further analysis. In the next section (Section 3.4)
some secondary structures were analysed in an attempt to under-
stand the correlation behaviour of this feature. For other features
such as P_sw_acc_toe the correlations are very low and are not in-
formative.

3.4 FEATURE P_SW_ACC_RBS_LINKER - STRUCTURE AND ACCES-
SIBILITY

The feature P_sw_acc_RBS_linker was chosen for further analysis due
to the strong correlation to all output variables (ON mode R=0.39 and
log(OFF) mode R=0.23, see Section 3.3.1). Therefore, the secondary
structures of some toehold switches were predicted in order to exam-
ine if there is a structure-dependent explanation for the correlation
to all output variables. As explained P_sw_acc_RBS_linker computes
the probability that the RBS-linker region stays unpaired in the switch
RNA in absence of the trigger, therefore the switch does not get acti-
vated and there should be no log(ON mode) fluorescence and thus
no correlation to the log(ON mode). But, the feature should correlate
with the log(OFF) mode fluorescence as it does. But the correlation is
higher to the log(ON mode) fluorescence. The translation repressing
hairpin could be so strong that there is no base fluorescence in the
log(OFF mode) and no switching behaviour in the switch in presence
of the trigger resulting in the unusual correlation.

At first secondary structures of switch RNAs alone were analysed,
then some switch RNAs were analysed with their cognate trigger,
since there were no obvious structures from the switch RNAs alone
that explain the correlations to all output variables. Figure 10 shows
the scatter plot of log(P_sw_acc_RBS_linker) and log(ON mode). The
further analysed switches are colored and labeled with their num-
ber (according to their ON/OFF performance in decreasing order).
Switches with low accessibility and low log(ON mode) are red col-
ored (switches 161, 141, 140 and 164). Switch 17 exhibits the minimum
accessibility (but high log(ON mode)) dark red colored. Switches
with best/worst log(ON/OFF) are blue colored (switches 1, 2 and
168). Switches with lowest and highest log(ON mode) are orange col-
ored (switch 165 and 5). Switches with low accessibility and moderate
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log(ON mode) are green colored (switches 66 and 84). The secondary
structures of the following switches with their cognate triggers were
also computed: 1, 17, 141, 164, 165 und 168.
In the following, these switches are discussed. For more detailed
structure analysis see Appendix A (Section A.4 and Section A.5).
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Figure 10: Scatter plot of log(P_sw_acc_RBS_linker) and log(ON mode),
switches with low accessibility and low log(ON mode) (red cir-
cle), minimum accessibility (but high log(ON mode)) (dark red
circle), best/worst log(ON/OFF) (blue circle), lowest and high-
est log(ON mode) (orange circle), low accessibility and moderate

log(ON mode) (green circle)

Table 2 shows the summary of the secondary structure prediction.
Important positions that were analysed are the region a (toehold),
which ranges from nucleotide 4 - 15, region b, which is at the bottom
of the hairpin stem and ranges from nucleotide 16 - 33. The RBS starts
at position 37 and ranges up to 44. The startcodon is at position 51.

The linker region starts at 63.
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Switch Monomer Duplex Comment

a b RBSun- AUG  alteration
paired un-
paired

161 last nt pairs with 1nt  elon- NC low access.
linker gated

141 x X - - X low access.

140 X x NC low access.

164 last nt pairs with 1nt  elon- + - X low access.
linker gated

17 pairs with linker x - X X minimal access.
region

1 folds back onto elongated + X X best ON/OFF
linker, truncated

2 X X NC second ON/OFF

168 X X - - - worst ON/OFF
folds back onto x X X X lowest ON mode,
linker high access.
truncated elongated NC highest ON

mode, moderate
access.

66 truncated elongated NC low access., mod-
erate ON

84 X X NC low access., mod-
erate ON

Table 2: Summary of secondary structure analysis. For the switch monomer
there are the categories ‘a” and 'b’. Since RBS and start codon were
always at designed positions, they are not listed. For the duplex of
switch and trigger RNA the regions ‘RBS” and ’start codon” are listed,
and the column “alteration” marks if there are additional structure
modifications. The last column ‘comment’ explains what is distinc-
tive for the chosen switches. NC marks that the secondary structure
was not calculated. A "x” marks that the designed target structure
is formed, a "~ that there are alterations or there is a further expla-
nation. NC (not computed) marks that the secondary structure was
not calculated.
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3.4.1  Low accessibility of RBS-linker region and low log(ON mode)

First some switches with low accessibility and low log(ON mode)
were chosen for single stranded RNA secondary structure prediction:
the secondary structures of the switches 161, 141, 140, 164 were in-
vestigated. The switches 141 (Figure 11a) and 140 (Figure 11c) form
the target structure, whereas switches 164 (Figure 12a) and 161 (Fig-
ure 12¢) do not. In the dimer secondary structure of switch 141 (Fig-
ure 11b) neither the RBS nor the AUG are unpaired, whereas in switch
164 (Figure 12b) at least the RBS is unpaired, but not the start codon.
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Figure 11: Centroid structures of switches 141 and 140: Both switches have
a low RBS-linker region accessibility and low log(ON mode).
(a) Secondary structure of switch monomer 141 (b) Secondary
structure of switch-trigger duplex 141 (c) Secondary structure of
switch monomer 140
Some positions are labelled for orientation: "1’ ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start” the start codon is at nt 51. '63 linker” the linker
region starts at nt 63.
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&
(switch) 1

51 start

Figure 12: Centroid structures of switches 164 and 161: Both switches have a
low accessibility and low log(ON mode). (a) Secondary structure
of switch monomer 164 (b) Secondary structure of switch-trigger
duplex 164 (c) Secondary structure of switch monomer 161
Some positions are labelled for orientation: "1 ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start’ the start codon is at nt 51. ‘63 linker” the linker
region starts at nt 63.
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3.4.2  Minimal accessibility of RBS-linker region and high log(ON mode)

Switch 17 (Figure 13a) was also analysed, since this switch has the
lowest accessibility overall, although it has a high log(ON mode).
The secondary structure of switch 17 in absence of the trigger does
not form the target structure. According to the secondary structure
of switch 17 the toehold region forms unintended basepairs, which
might result in a bad accessibility for the trigger, whereas the RBS and
the startcodon are accessible as intended. And, the overall function-
ality of the switch is good. In the predicted secondary structure of
switch 17 with its trigger (Figure 13b) the RBS is not unpaired (7 of 8
nucleotides are paired), but the start codon is unpaired.

o4

stem 16 63 linker

51 start

RBS 37

(a) swiy (b) sw+tr1y

Figure 13: Centroid structures of switch 17: This switch has minimal acces-
sibility but high log(ON mode). (a) Secondary structure of switch
monomer 17 (b) Secondary structure of switch-trigger duplex 17
Some positions are labelled for orientation: "1’ ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start’ the start codon is at nt 51. ‘63 linker” the linker
region starts at nt 63.
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3.4.3 Lowest and highest log(ON/OFF mode)

Additionally, some switches with distinguishing charcteristics were
analysed. Switch 1 and switch 2 were chosen for their overall best
log(ON/OFF) and switch 168 for the worst log(ON/OFF). According
to the structure prediction of switch 1 without trigger it does not
form the target structure (Figure 14a). But in the dimer structure the
RBS and the start codon are unpaired (Figure 14b). Switch 2 forms
the target structure when only the switch RNAs secondary structure
is predicted (Figure 14c). The single stranded secondary structure of
the switch 168 forms the target structure, but in the duplex neither
the RBS nor the start codon are unpaired (Figure 15a and Figure 15b).
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Figure 14: Centroid structures of switches 1 and 2: Switch 1 has the
best (highest) log(ON/OFF) and switch 2 the second best
log(ON/OFF) (a) Secondary structure of switch monomer 1 (b)
Secondary structure of switch-trigger duplex 1 (c) Secondary
structure of switch monomer 2
Some positions are labelled for orientation: "1’ ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start” the start codon is at nt 51. '63 linker” the linker
region starts at nt 63.
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(switch) 1

63 linker

(a) sw168 (b) sw+tr168

Figure 15: Centroid structures of switch 168: This switch has the worst (low-
est) log(ON/OFF). (a) Secondary structure of switch monomer
168 (b) Secondary structure of switch-trigger duplex 168
Some positions are labelled for orientation: "1 ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. 'stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37" the RBS starts at
nt 37. ‘51 start’ the start codon is at nt 51. ‘63 linker’ the linker
region starts at nt 63.
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3.4.4 Lowest and highest log(ON mode)

Switch 165 has the lowest log(ON mode) (but high accessibility) and
switch 5 has the highest log(ON mode) and a mediocre accessibil-
ity. Switch 165 alone does not form the target structure (Figure 16a),
but in the dimer (Figure 16b) the RBS and the start codon are un-
paired. Switch 5 without trigger does not form the target structure
(Figure 16¢).
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(a) sw16s (b) sw+tr165

(c) sws

Figure 16: Centroid structures of switches 165 and 5: Switch 165 has the low-
est log(ON mode) and high accessibility. Switch 5 has the highest
log(ON mode) (and moderate accessibility). (a) Secondary struc-
ture of switch monomer 165 (b) Secondary structure of switch-
trigger duplex 165 (c) Secondary structure of switch monomer 5
Some positions are labelled for orientation: "1’ ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start” the start codon is at nt 51. '63 linker” the linker
region starts at nt 63.
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3.4.5 Low accessibility and mediocre log(ON mode)

Switches 66 and 84 were also analysed due to their low accessibil-
ity and mediocre log(ON mode) fluorescence. Switch 66 (Figure 17b)
without trigger does not form the target structure, wheres switch 84
does (Figure 17a).

63 linker

stem 16 63 linker

51 start

RBS 37

(a) sw84 (b) sw66

Figure 17: Centroid structures switches 84 und 66: Both switches have a low
accessibility and mediocre log(ON mode). (a) Secondary struc-
ture of switch monomer 84 (b) Secondary structure of switch
monomer 66
Some positions are labelled for orientation: "1’ ist the first nt. The
other numbers label the intended positions of certain domains,
which can differ from the actual secondary structure. ‘stem 16’
the stem of the hairpin starts at nt 16. 'RBS 37’ the RBS starts at
nt 37. ‘51 start” the start codon is at nt 51. '63 linker” the linker
region starts at nt 63.

3.4.6  Conclusion

Due to the examined switch RNA secondary structures it is not obvi-
ous why the feature P_sw_acc_RBS_linker shows a strong correlation
with the log(ON mode). There are switches with low accessibility as
switch 141 and 164, but according to their secondary structure pre-
diction in absence of their triggers, 141 forms the target structure,
while switch 164 does not, the region a forms a basepair with the
linker. Switch 1 has the best log(ON/OFF) fluorescene and does not
form the target structure in absence of the trigger. But in the dimer
RBS and start codon are accessible. Switch 165 has one of the low-
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est log(ON/OFF) fluorescences but shows same secondary structure
properties. Switch-trigger 17 which shows a good fluorescence has
an almost completly paired RBS in the duplex, but has a high fluores-
cence level, and the switch alone does not form the target structure.
According to the secondary structures it is not obvious why some of
the duplexes show a high fluorescence level while the others do not.
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3.5 MACHINE LEARNING - BUILDING PREDICTIVE MODELS

Based on the the created thermodynamic features (see Table 1) dif-
ferent algorithms were trained to build models that predict the fluo-
rescence level of an RNA sequence design. Data pre-processing before
model building can be required depending on the type of model used
for prediction, or improve predictions. Some models as linear regres-
sion are sensitive to characteristics of the predictor data, while tree-
based methods are not [92]. Due to the gained insights from explo-
ration and visualization of the data (see Section 3.2) pre-processing
of the data was performed: based on the plot (Figure 5) the features
that compute probabilities were logarithmically transformed (as for
the correlation analysis Section 3.3). Further, correlated features were
removed, a cutoff of 0.75 was used and linear combinations were re-
moved. The data was also centered and scaled to standardize the fea-
tures. RMSE was used for optimization in the model training process.
RMSE has the advantage that it has the same unit as the dependent
variable. Therefore a baseline RMSE was computed, the mean value of
the output variables of log(ON mode) of each training set was calcu-
lated and assumed as predicted value. Then, the RMSE between this
predicted (mean) values and the true values of the current test set
were calculated; this procedure is performed k times. These values
were used as baseline to evaluate the performance of the tested algo-
rithms. A good model has to outperform the baseline. In order to de-
termine whether the differences between two models are statistically
significant a paired t-test was performed. The t-test was computed
for the pairs of the k folds between the baseline and the different
algorithms (significance level o = 0.05).

PREDICTING LOG(ON MODE) Models were trained with different
feature sets to predict the log(ON mode). log(ON mode) fluorescence
was used since the correlations between the single features and the
log(ON mode) were higher than those for the log(ON/OFF) fluores-
cence. Furthermore it is easier to interprete the influence of features
on the log(ON mode) rather than a ratio.

3.5.1 Training set error

In order to find out if there are potential problems with overfitting
the training set error was calculated. Therefore all data was used to
train models, and predictions were made on the same data set. As
metrics RMSE and R? were calculated (listed in Table 3). The RMSE is
used to compare the models. Random forest and bagged tree have
the lowest RMSEs, when the training set error is calculated. The RMSE
for random forest is 0.63 (R? 0.93), for bagged tree RMSE is 1.00 (R?
0.68). The metrics for the linear regression model are also reported
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here, since it showed one of the best performances of all tried algo-
rithms in all settings. RMSE of the linear model is 1.30 and R? 0.31.
If we now consider the R?, which is a measure for how much of the
variance is explained, random forest can explain 93% of the variation,
bagged tree 66% and the linear model can only explain 31% of the
variation. But compared to the results, when k-fold cross-validation
without further tuning is applied (see Table 4), both random forest
and bagged tree algorithms have the highest RMSE with 1.4666 and
1.4683, respectively, and the lowest R? (0,1704 and 0.1807). The linear
regression model has an RMSE of 1.3802 and R? of 0.2653, the training
set error and the test set error are much closer than those for random
forest and bagged tree. Random forest and bagged tree perform well
when predictions are made on the trained data again, but do not pre-
dict well on new data, whereas the linear model has similar estimates
for the training set error and the test set error computed by using
k-fold cross-validation. In general, more complex models such as ran-
dom forest and bagged tree can have high variance, which causes
over-fitting. In contrast simpler models as linear regression models
can have high bias, they have a tendency to under-fit due to unflexi-
bility. The model can not capture the true relationship [92]. But, when
comparing the results using k-fold crossvalidation, the linear model
seems to predict quite well.

RMSE R?
Im 1.3014 0.3144

pls 1.4119 0.1930
enet 1.4986 0.2098

svmRadial 1.3087 0.3860
treebag  1.0124 0.6619

f 0.6286 0.9298

gbm 1.2711 0.3731

Table 3: Evaluation metrics of training set: RMSE and R? of different models
predicting log(ON mode) using all data for training (removed cor-
related features and linear combinations, centered and scaled)

The following plots (Figure 18) were made to visualize and evalu-
ate the predictions on the training set: A plot showing the actual and
predicted log(ON mode) fluorescence sorted by index, a plot showing
the log(observed) and log(predicted) values and a plot of the residu-
als for the log(predicted) values.

RANDOM FOREST  The plots are shown for the random forest model,
which had the lowest RMSE (0.63) when predictions are made on the
training set. Compared to the RMSE from the k-fold cross-validation
(RMSE 1.4521) it is obviously low. On the basis of predictions using
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resampling, the train error for random forest is optimistic. The pre-
dicted versus actual values sorted by the index (Figure 18a), and the
actual versus predicted values (Figure 18b) show that the predicted
values and the actual values are not uniformly accurate. The model
tends to overpredict low values, while it underpredicts high values.
The residuals for the predicted values (see Figure 18c) do not show
random scatter around 0, but this can be due to discretization and
random noise.
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Index log(ON mode): predicted

(a) actual vs. predicted log(ON) (b) actual vs. predicted log(ON)
sorted by index

Fitted

(c) residuals vs. fitted log(ON)

Figure 18: Diagnostic plots of training set error for random forest to evalu-
ate and visualize the performance of the model: (a) actual vs. pre-
dicted log(ON) sorted by index (b) actual vs. predicted log(ON)
(c) residuals vs. fitted log(ON)
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LINEAR MODEL The plots are also shown for the linear model
which had a good performance, according to the RMSE, with all fea-
tures, best subset and single feature, and the RMSE in-sample is also
lower as for the cross-validation. Comparing the actual and predicted
log(ON) sorted by index from random forest (Figure 18a) and linear
model (Figure 19a), it is noticeable that the predictions from random
forest do not scatter that far away from the actual values as those of
the linear model. This is also apparent in the actual versus predicted
plots. As well, the linear model has a tendency to overpredict low
values and underpredict high values, but the predicted values spread
in an almost horizontal band around the observed values. Figure 18b
shows the plot for random forest and Figure 19b for the linear model.
The fitted versus residuals plots for the linear model (Figure 19c) ap-
pears more randomly scattered around o than the plot for random
forest (Figure 18c). Random forest shows constant variance, but not
randomly scattered around o, it is shifted around o. For the linear
model, the variance increases with fitted values to a certain point and
then decreases again. Again, this pattern can be an artefact from dis-
cretization and random noise of the experimental data.
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actual (blue) vs. predicted (red)
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Figure 19: Diagnostic plots of training set error for linear model to evaluate
and visualize the performance of the model: (a) actual vs. pre-
dicted log(ON) sorted by index (b) actual vs. predicted log(ON)

(c) residuals vs. fitted log(ON)
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3.5.2 All Features - k-fold cross-validation

In order to access the performance of the different machine learning
algorithms on new data repeated cross-validation was performed. Re-
peated cross-validation was used as resampling with 5 repeats and 10
folds. Using a numeric output variable in caret [85], data is split based
on percentiles into groups sections. Using k-fold cross-validation it
ensures that the test sets are independent since each sample is in-
cluded only once in a fold. To compare the performance of the differ-
ent algorithms RMSE was computed for all algorithms. Due to the use
of identically resampled data sets, a paired t-test was used to evalu-
ate if the differences between the tested models are statistically sig-
nificant [92]. The RMSE for predicting the log(ON mode) fluorescence
of the toehold switch designs, when correlated features are removed
(there were no linear combinations), are shown in Table 4. The fea-
tures P_sw_acc_RBS_linker _bs b, P_tr sw_acc_RBS_linker bs_b, de-
fect_ sw and P_tr_acc_toe were removed to avoid highly correlated
features (cutoff 0.75).

RMSE R?
Im 1.3802 0.2653

pls  1.4012 0.2445
enet 1.3772 0.2635

svmRadial 1.4211 0.2334
treebag  1.4666 0.1704

rf  1.4474 0.1883
gbm 1.4683 0.1807

Table 4: k-fold cross-validation: RMSE and R? of different models predicting
log(ON mode) using basic feature set (removed correlated and lin-
ear combinations, centered and scaled)

The baseline for log(ON mode) was 1.5579 (as reported in Table 5).
The mean RMSE is smaller than the baseline for all tested algorithms.
An asterisk marks that the RMSEs of an algorithm are significantly
better than the baseline RMSEs. Using the mean RMSE for evaluation,
all algorithms perform better than the baseline algorithm. Elastic-
net has the lowest RMSE with 1.3772 and R? is 0.2635 the second
best algorithm is a linear model with 1.3802 and R? is 0.2653. All
other allgorithms have RMSE higher than 1.4. Elasticnet and the lin-
ear model explain 26-27% of the variation in the predicted value, and
their RMSEs are at similar level. Further, the diagnostic plots resem-
ble each other for all algorithms. Thus, for further analysis the lin-
ear model is shown, since linear models are good to understand and
interprete. One drawback of the interpretability of linear regression
models is, that the interpretation/increase of one feature forces all
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other features to stay the same. It may be unrealistic that the increase
of one feature is isolated from the increase of another feature.

baseline RMSE RMSE t-value p-value significance
Im 15579 1.3802 4.8678  o0.0000 *
pls 1.5579 1.4012 4.0827  0.0001 *
enet 1.5579 1.3772 4.8229  0.0000 *
svmRadial 1.5579 1.4211 3.7746  0.0002 *
treebag 1.5579 1.4666 2.7634  0.0040 *
rf 1.5579 1.4474 3.2735  0.0010 *
gbm 1.5579 1.4683 2.4504 0.0089 *

Table 5: Statistical significance

test of predictions with k-fold cross-
validation with basic feature set: Paired t-test. An asterisk marks
that a model is statistically significant better (significance level
o = 0.05) than the baseline algorithm
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Evaluating the performance of the models based on the RMSE, as
mentioned before, all models outperform the baseline. To further eval-
uate and visualize diagnostic plots are made for the linear model. Fig-
ure 20a shows the actual and predicted log(ON) sorted by index. Most
of the predicted values concentrate between 7 and 9, there are values
predicted between 6 and 10, though the actual values are between 5
and 11. The model does underpredict high values and overpredict
low values. This is also apparent from Figure 20b. The residuals ver-
sus fit plot (Figure 20c) does not show random scatter around o, the
variance increases with fitted values to a certain point and then de-
creases again.

erved testdata

actual (blue) vs. predicted (red)

10g(ON mode): obs:

0 200 400 600 800 0 2 4 6 8 10

Index Iog(ON mode): predicted

(a) actual vs. predicted log(ON) (b) actual vs. predicted log(ON)
sorted by index

Fitted

(c) residuals vs. fitted log(ON)

Figure 20: Diagnostic plots of linear model k-fold cross-validation with ba-
sic feature set to evaluate and visualize the performance of the
model: (a) actual vs. predicted log(ON) sorted by index (b) actual
vs. predicted 1log(ON) (c) residuals vs. fitted log(ON)

The linear regression model predicts the output variable log(ON
mode) as a weighted sum of the input features. Figure 21 shows the
variable importance for the linear model and Listing 3 the coefficients
of the linear model (this are the same results as for the model of the
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training set prediction). The variable importance for the linear models
is the absoulte value of the t-statistics for each feature. The features
are ordered by decreasing importance: the most significant features
are e_net_complex (***) and e_RBS_linker (***), P_sw_acc_toe (*) and
e_tr_sw_bs (*) and P_sw_hairpin (*). The other features have no signif-
icance code, because p > 0.05 for the other features. The high feature
importance of e_RBS_linker is in accordance with the former results
of the correlation analysis. e_net_complex has the highest feature im-
portance, since this feature is the net free interaction energy of the
activated complex it is reasonable that this feature is important to
predict log(ON mode). Since the toehold region should facilitate the
binding of the trigger, the probability that the toehold is accessible
(P_sw_acc_toe) it is plausible that this is an important feature. As for
the correlation analysis the underlying mechanismus why e_tr_sw_bs
is a relevant feature is unclear. P_sw_hairpin has a high importance
for the mode, according to the purpose of the hairpin, it is an transla-
tion repressor in absence of the trigger, which is an essential part in
the regulation of the toehold switches. The interpretation of a feature
is, e. g., if the e_RBS_linker increases by 1 kcal/mol the predicted flu-
orescence increases by 0.5883, while all other features stay constant.
Whereas, when the feature e_net_complex increases, the fluorescence
decreases by 0.9350, while all other features stay the same.
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e_net_complex *

e_RBS_linker °

P_sw_acc_toe *

e_tr_sw_bs

P_sw_hairpin

defect_avg *
defect_tr *
P_sw_acc_RBS_linker —————————
e_tr_sw_toe —
defect_dup o
P_tr_acc_bs p
T T T T
0 1 2 3 4
Importance

Figure 21: Linear model: Variable importance (k-fold cross-validation with
basic feature set)
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Listing 3: Coefficients of linear model using basic feature set

Call:
Im(formula = .outcome ~ ., data = dat)
Residuals:

Min 1Q Median 3Q Max

-4.2025 -0.9007 0.1757 0.9568 2.5504

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) 8.138154 0.104195 78.105 < 2e-16 *x*x
e_RBS_linker 0.588304 0.154366 3.811 0.000199 xxx
e tr_sw_bs 0.504093 0.236394 2.132 0.034537 *
e_tr_sw_toe 0.122770 0.177134 0.693 0.489283
e_net_complex -0.935092 0.225804 -4.141 5.64e-05 *x*x*
P_sw_acc RBS linker 0.202215 0.162842 1.242 0.216179
P_sw_acc_toe -0.556977 0.223818 -2.489 0.013878 *
P_sw_hairpin -0.225574 0.113289 -1.991 0.048211 =*
P_tr_acc_bs -0.001109 0.170012 -0.007 0.994803
defect_dup -0.141894 0.232827 -0.609 0.543120
defect_tr 0.417355 0.267097 1.563 0.120183
defect _avg -0.480098 0.295127 -1.627 0.105809
Signif. codes: 0 ’sxx’ 0.001 'sx’ 0.01 '’ 0.05 '." 0.1 " ' 1

Residual standard error: 1.351 on 156 degrees of freedom
Multiple R-squared: 0.3144, Adjusted R-squared: 0.266
F-statistic: 6.503 on 11 and 156 DF, p-value: 7.45e-09

3.5.3 Best subset - k-fold cross-validation

Using regsubsets from the leaps package [88] the best subset by
sequential replacement for a regression model was computed (when
correlated and linear combinations are removed). Using the CP-criterion
a model with 8 features is the best subset: e RBS linker, e tr sw_bs,
e_net_complex, P_sw_acc_RBS_linker, P_sw_acc_toe, P_sw_hairpin,
defect_tr, defect_avg. Compared to the single feature correlation with
the log(ON mode) (see Table 11) 5 of the features with the high-
est correlation to the log(ON mode) are within the set of 8 features.
e_RBS_linker is the first feature included in the best subset, e_RBS_linker
also has the highest correlation to the output variable.

Table 6 shows the RMSE and R? of the different trained algorithms
with the best subset features. Elasticnet and the linear model per-
form best according to the RMSE (1.3543, R? is 0.2890), the second best
is a partial least squares model with RMSE 1.3817 and R? is 0.2625.
This three algorithms improved their performance according to their
RMSEs and R2. Furthermore, support vector machine with radial basis
function kernel improved, all other algorithm got worse.
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RMSE R2

Im 1.3543 0.2890

pls 1.3817 0.2625

enet 1.3543 0.2890
svmRadial 1.4412 0.2043
treebag  1.4796 0.1663

rf  1.4621 0.1752

gbm 1.4768 0.1769

Table 6: k-fold cross-validation: RMSE and R? of different models predicting
log(ON mode) using best subset feature set (removed correlated
and linear combinations, centered and scaled)

Table 7 shows the results of the t-test for the algorithms trained
with the 8 features from the best subset. Again, all algorithms, though
some got worse, outperform the baseline.

baseline RMSE RMSE t-value p-value significance
Im 1.5579 1.3543 5.5408  0.0000 *
pls 1.5579 1.3817 4.5927  0.0000 *
enet 1.5579 1.3543 5.5413  0.0000 *
svmRadial 1.5579 1.4412 3.3219  0.0008 *
treebag 1.5579 1.4796 2.2404  0.0148 *
rf 1.5579 1.4621 2.7662  0.0040 *
gbm 1.5579 1.4768 2.2673  0.0139 *

Table 7: Statistical significance test of predictions with k-fold cross-
validation with best subset feature set: Paired t-test, an asterisk
marks that a model is statistically significant better (significance
level o« = 0.05) than the baseline algorihm
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The diagnostic plots for the linear model are evaluated. Although
the RMSE showed an (minor) improvement from 1.3802 to 1.3543 and
R? 0.2927 to 0.2890 the plots from the linear model with the best
subset features resemble those of the full feature set. Figure 22a shows
the actual and predicted log(ON mode) sorted by index. As for the
full feature set (Figure 20a), there are predicted values between 6 and
10, but most of the predicted values concentrate between 7 and 9. The
actual values are between 5 and 11. The model does underpredict
high values and overpredict low values, which can also be seen in
Figure 22b. Figure 22c (the residual versus fit plot) does not show
random scatter around o.
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Figure 22: Diagnostic plots of linear model k-fold cross-validation with best
subset feature set to evaluate and visualize the performance of
the model: (a) actual vs. predicted log(ON) sorted by index (b)
actual vs. predicted log(ON) (c) residuals vs. fitted log(ON)

The variable importance for the best subset features using a lin-
ear model are shown in Figure 23. Listing 4 shows the summary
of the linear model. The features ordered by decreasing importance:
e_RBS_linker (***) and e_net_complex (***) are the most significant
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features again, but in this setting e_RBS_linker has a minimal higher
significance. All features except P_sw_acc_RBS_linker are statistically
significant. Former in this thesis, this feature was analysed in more de-
tail, due to its unexpected correlation high correlation to the log(ON
mode) and the log(OFF mode), respectively.

Multiple R? for the whole feature set (R*? = 0.3144) and the best
subset feature set (R? = 0.31) are almost the same. But the adjusted
R? differ more, adjusted R-squared for best subset is 0.2753 and 0.266
for the full feature set. Therefore, the bestsubset linear model is min-
imal better. The adjusted R? takes into account the number of added
variables, while R? increases as more variables are added. In contrast
to the feature importance with all features, here also defect_tr and
defect_avg are statistically significant for the model.

e_RBS_linker

e_net_complex

P_sw_acc_toe

e_tr_sw_bs

defect_avg

defect_tr

P_sw_hairpin

P_sw_acc_RBS_linker —

T T T T T T
15 2.0 25 3.0 3.5 4.0

Importance

Figure 23: Linear model: Variable importance (k-fold cross-validation with
best subset feature set)
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Listing 4: Coefficients of linear model using best subset feature set

Call:
Im(formula = .outcome ~ ., data = dat)
Residuals:

Min 1Q Median 3Q Max

-4.1394 -0.9545 0.1541 0.9457 2.6368

Coefficients:

Estimate Std. Error t value Pr(>]|t]|)
(Intercept) 8.1382 0.1035 78.602 < 2e-16 *x*x*
e RBS linker 0.6138 0.1431 4.289 3.10e-05 xx*x
e tr_sw_bs 0.5380 0.1927 2.792 0.00587 xx
e_net_complex -0.8380 0.1976 -4.242 3.75e-05 *x*x
P_sw acc RBS linker 0.1845 0.1500 1.230 0.22070
P_sw_acc_toe -0.5469 0.1886 -2.900 0.00426 *x
P_sw_hairpin -0.2271 0.1082 -2.099 0.03736 *
defect tr 0.4764 0.2144  2.222 0.02768 *
defect_avg -0.5613 0.2263 -2.480 0.01416 *
Signif. codes: 0 'xxx’ 0.001 '+x' 0.01 'x’" 0.05 '.’ 0.1 " ' 1

Residual standard error: 1.342 on 159 degrees of freedom
Multiple R-squared: 0.31, Adjusted R-squared: 0.2753
F-statistic: 8.929 on 8 and 159 DF, p-value: 4.516e-10

3.5.4 Single feature: e_RBS_linker

Since the feature e_RBS_linker seems to have a high impact on the

functionality of the toehold switch designs (as already Green et al.

stated and also this work confirms), and it is one of the features with
the highest correlation to the log(ON mode), models were built with
only this single feature. The metrics for the build models are shown
in Table 8. The linear model has the lowest RMSE with 1.4454 and R?
with 0.1921. These values are the worst results for any tried linear
model. Using the full feature set (after pre-processing) results in a
RMSE of 1.3802 and R? of 0.2653, with the best subset feature set the
RMSE is 1.3543 and R? 0.2890 and in-sample the RMSE is 1.30 and R?
0.31.

But as the results of the paired t-test in Table 9 show the linear
model and boosted tree still outperform the baseline, but support
vector machine with radial basis function kernel and bagged tree do
not anymore.

Figure 24a shows the actual and predicted log(ON mode) of the
linear model sorted by index of the models build with the single
feature e_RBS_linker. The linear model only predicts values between
6 and 9, whereas most of the values concentrate around 7 to 9. The
actual values vary between 5 and 11. In contrast to the former models
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RMSE R2

Im 1.4454 0.1921
svmRadial 1.5349 0.1062
treebag 1.5573 0.1032
gbm 1.4877 0.1536

Table 8: k-fold cross-validation: RMSE and R? of different models predict-
ing log(ON mode) using single feature e_RBS_linker (centered and

scaled)
baseline RMSE RMSE t-value p-value significance
Im 1.5579 1.4454 3.3341  0.0008 *
svmRadial 1.5579 1.5349 0.7471 0.2203 -
treebag 1.5579 1.5573 0.0155  0.4938 -
gbm 1.5579 1.4877 2.1726  0.0173 *

Table 9: Statistical significance test of predictions with k-fold cross-
validation with single feature e_RBS_linker: Paired t-test, an aster-
isk marks that a model is statistically significant better (significance
level « = 0.05) than the baseline algorihm

with more features, this model predicts values in a narrower band.
The other linear models with all features or best subset predict values
between 6 and 10. From Figure 24b, actual versus predicted log(ON
mode) plot, it can be seen that the model underpredicts high values.
The residuals versus fit plot (Figure 24c) shows non-constant scatter
around o. The variance increases with fitted values to a certain point

and then decreases.
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Figure 24: Diagnostic plots of linear model k-fold cross-validation with sin-
gle feature e_RBS_linker set to evaluate and visualize the per-
formance of the model: (a) actual vs. predicted log(ON) sorted
by index (b) actual vs. predicted log(ON) (c) residuals vs. fitted
log(ON)
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3.5.5 Conclusion

Just evaluating the performance of the models based on the RMSE
all models, except support vector machine with radial basis function
kernel and bagged tree with the single feature e_RBS_linker (Table 9),
perform significantly better than the baseline algorithm. But these im-
provements in the prediction evaluated on the RMSE are minimal. In
general, experimental raw data can have random noise, which masks
patterns in the data. Further, the discretization of raw data can hide
important information. Furthermore, it is possible that the used fea-
tures do not capture enough important information to make good
predictions. As the predictions with the single feature e_RBS_linker
only predict values in a smaller range than the other feature sets, it
is obvious that there should be a focus on good feature selection. It
is possible that another feature selection already would improve the
predictions. Above all, since all toehold switch designs base on one
optimized design and have certain fixed sequences, all designs can
be actually good, but the features can not distinguish between these,
resulting in minimal predictive power of the models.



APPENDIX

A.1 FEATURE SELECTION AND COMPUTATION

A.1.1  Prior features by Green et al.

C. Definitions of thermodynamic par

Class

Name of thermodynamic term

Description

Free energy of

Free energy of the longer switch RNA including the GGG

IAG switch leader sequence and the first 29-nts of GFPmut3b
following the linker
IAG trigger Free energy of the entire trigger RNA including the GGG
99 leader, 5’ hairpin, and transcriptional terminator
IAG complex Free energy of the bimolecular complex formed by the

switch and trigger RNAs used for AG switch and AG trigger]

RNAs

IAG min. switch

Free energy of the minimal switch RNA element from the
GGG leader to the last base of the stem (immediately
before linker sequence)

IAG min. trigger

Free energy of the minimal 30-nt trigger sequence

IAG min. complex

Freeenergy of the bimotecutar comptex formed-by the
switch and trigger RNAs used for AG min. switch and AG

min-trigger

Deviation from
ideal secondary
structures

Dev. AG switch

The difference in free energies between the ideal
secondary structure and the actual secondary structure
for the longer switch RNA sequence

Dev. AG trigger

IThe difference in free energies between the ideal
secondary structure and the actual secondary structure
for the complete trigger RNA sequence

Dev. AG complex

IThe difference in free energies between the ideal
secondary structure and the actual secondary structure
for the bimolecular complex formed between the longer
switch RNA and the complete trigger RNA sequence

Dev. AG min. switch

IThe difference in free energies between the ideal
secondary structure and the actual secondary structure
ifor the minimal switch RNA sequence

Dev. AG min. trigger

IThe difference in free energies between the ideal
secondary structure and the actual secondary structure
ifor the minimal trigger RNA sequence

Dev. AG min. complex

IThe difference in free energies between the ideal
secondary structure and the actual secondary structure
for the bimolecular complex formed between the minimal
switch RNA and trigger RNA sequence

Net reaction free
lenergies

IAG toehold binding

The free energy of the n-base pair duplex formed by the
binding of the n-nt toehold to its reverse complement

IAG trigger binding

IThe free energy of the 30-base pair duplex formed by the
binding of the 30-nt minimal trigger RNA to its reverse
complement

Net AG complex

IThe net free energy of the interaction between the longer
switch RNA and complete trigger RNA to form the
activated switch complex (i.e. Net AG complex = AG
complex - AG switch - AG trigger)

Net AG min. complex

IThe net free energy of the interaction between the
minimal switch RNA and trigger RNA to form the minimal
activated switch complex

RBS/mRNA
secondary
structure

IAG(RBS to GFP) or AG,

RBS-GFP

IThe free energy of the RNA sequence starting from the
first base of the loop of the switch RNA to the 29* base of
the GFPmut3b sequence

IAG(RBS to linker) or AG,

'RBS-finker

IThe free energy of the RNA sequence starting from the
first base of the loop of the switch RNA to the last base of
the 21-nt linker sequence

IAG(AUG to GFP) or AG

AUG-GFP

IThe free energy of the RNA sequence starting from the
first base of the AUG start codon in the switch stem to the
29 base of the GFPmut3b sequence

IAG(RBS to AUG) or AGg e

IThe free energy of the RNA sequence starting from the
first base of the loop of the switch RNA to the last base of
the AUG start codon

Stability of top
of toehold switch|
stem region

IAG stem top n (with1 = n < 16)

IThe free energy calculated for the sequence running from
the n-th base from the bottom of the switch RNA stem,
through the loop, to its counterpart (also n-bases from the
stem bottom) on the other side of the stem

Stability of
bottom of

t switch
stem region

IAG stem bot. n (with 1 < n < 16)

'The free energy of the sequence consisting of the bottom
In-bases on each side of the switch stem, joined using a
loop with the sequence (A),,

Figure 25: Thermodynamic features from Green et al. [54]
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A.1.2  Structure constraints used for secondary structure probability fea-
tures

P i o specific_structure
specific_structure — Z -
X

ZX stpecificfstructureiGX
= RT

Xspecific_structure refers to the 1. constraint
x refers to 2. constraint here.

A.1.2.1 P _sw_acc_RBS_linker

1. constraint:

XXXKXXXKXXXKXXXKXXXKXXKXXKXXXK + o v v v vnenaanennesnnsnsnnnnes
0 20 40 60
x: RBS-linker region constrained to stay unpaired

2.constraint: unconstrained

A.1.2.2 P_sw_acc_toe

1. constraint:
e XXXXXXX XXX XX 4t e e e e e v vt e et ettt a e

0 20 40 60
x: region a (toehold) constrained

2.constraint: unconstrained

A.1.2.3 P_sw_acc_RBS_linker_bs_b

1. constraint:

e XXOXRXXXXXX XXX XXX XXX XKKXXXXKXXXXK 2+ o XXXXXXXX XX XXX XXX XXX XXX X

XXXXXKXXXXXXXXXKXXXXKXXXXXK 2 2 v v v wnevnnennmnnnmnnsnneens

0 20 40 60
c o XXX . XXXXXXX. ..t binding site and RBS-linker region
constrained to stay unpaired

2. constraint
e XXX XXX XXX XXXXXXXXXXXXXXX « 0 0t e v nanne e s nneeennnnnns

0 20 40 60
X: binding site constrained to stay unpaired

A.1.2.4 P_sw_hairpin

1. constraint:

............... CCCCCOCCC e (Ui DN )



A.1 FEATURE SELECTION AND COMPUTATION

0 20 40 60
(: hairpin constrained to basepair

2. constraint: unconstrained

A.1.2.5 P_tr_acc_bs

1. constraint:

0 20 40 60
x: binding site constrained to stay unpaired

2. constraint: unconstrained

A.1.2.6 P_tr_acc_toe

1. constraint:

0 20 40 60
X: region a (toehold) constrained to stay unpaired

2. constraint: unconstrained

A.1.2.7 P_tr_sw_acc_RBS_linker_bs_b

1. constraint:
................................ ceecccccccccccccccccceeeecd
P &...))
1))))))NNNDDDIDDDD))D))))) ) ) XXXXXXXXXXXXXKXXXKXXXXXKXXXKXKXXXXX
XXXXXKXXXXXXXXXKXXXX + 2 v e v v wnennnnnnnnnnnnnssnnns
0 20 40 60
&: removed for computation but for clarity to distinguish
trigger (1. sequence in constraint) and switch
(2. sequence in constraint)
(): constraint for basepairing between switch and trigger
binding site
x: RBS-linker region to stay unpaired

2. constraint: unconstrained
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Min. 1st Qu. Median Mean 3rd Qu. Max.
e_RBS_linker -1.18E+01 -7.57E+00 -6.28E+00 -6.64E+00 -548E+00 -4.45E+00

e_tr_sw_bs -6.10E+01 -5.12E+01 -4.82E+01 -4.85E+01 -4.59E+01 -4.13E+o01

e_tr sw_toe -2.18E+o1 -1.39E+01 -1.31E+01 -1.31E+01 -1.14E+01 -9.60E+00
e_net_complex -4.43E+o1 -3.81E+o1 -3.51E+0o1 -3.54E+01 -3.26E+01 -2.75E+o01
P_sw_acc_RBS_linker  1.16E-21  535E-19  4.73E-18  5.55E-16  7.56E-17  1.62E-14
P_sw_acc_toe  5.88E-05 1.93E-02  8.85E-02 1.81E-01  3.50E-01  7.00E-01
P_sw_acc_RBS_linker_bs_b  7.60E-13  1.05E-09  1.78E-08  1.19E-07  8.21E-08  1.62E-06
P_sw_hairpin  6.37E-01  8.07E-01  8.48E-01  847E-01  8.96E-01  9.74E-01

P_tr_acc_bs  8.32E-04 224E-01  3.95E-01 3.83E-01 5.21E-01 8.87E-01

P_tr_acc_toe  2.22E-03  6.10E-01  7.82E-01  6.99E-01  8.66E-01  9.71E-01
P_tr_sw_acc_RBS_linker_bs b  542E-14  6.11E-10  1.03E-08  7.78E-08  4.91E-08  1.20E-06
defect_dup  1.20E-01  1.40E-01  1.54E-01  1.53E-01  1.65E-01  1.94E-01

defect_sw  1.88E-01  1.97E-01  2.06E-01  2.11E-01  2.22E-01  2.68E-01

defect_tr  4.54E-02  5.75E-02  6.69E-02  6.93E-02  7.72E-02  1.18E-01

defect_avg  1.29E-01 1.39E-01  1.43E-01 1.45B-01  1.49E-01  1.77E-01

on_mode 1.46E+02 1.25E+03 4.01E+03 9.01E+03 1.00E+04 5.39E+04

off mode 1.01E+02 1.62E+02 1.85E+02 2.74E+02 2.45E+02  2.74E+03
fold_change_mode  5.98E-o1 5.88E+o0 1.84E+o1 4.11E+01 4.30E+o1  2.92E+02

Table 10: Summary statistics for each feature: minimum value, value of 1st
quartile, median value, value of 3rd quartile and maximum value

A.2 DATA ANALYSIS - DESCRIPTIVE STATISTICS AND VISUALIZA-
TION

A.2.1  Independent Variables (Features)

Table 10 shows the numeric values of the summary statistics of each
feature, as calculated in Section 3.2.
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ON mode OFFmode ON/OFF
R R? R R? R R?

e_RBS_linker 0.39 0.15 0.05 0.00 0.38 0.15
P_sw_acc_RBS_linker 0.39 0.15 0.23 0.05 0.33 O0.11
P_tr_sw_acc_RBS_linker bs b 030 0.09 0.04 0.00 0.29 0.09
P_sw_acc_RBS_linker_bs_b 0.29 0.09 0.04 0.00 0.29 0.08
defect_dup -0.28 0.08 -0.04 0.00 -0.28 0.08
e_tr_sw_bs 0.24 0.06 0.20 0.04 0.18 0.03
P_sw_hairpin -0.23 0.05 -0.07 0.00 -0.21 0.04
defect_avg -0.18 0.03 -0.17 0.03 -0.13 0.02
e_net_complex 0.12 0.02 -0.03 0.00 0.14 0.02
e_tr_sw_toe 0.03 0.00 0.06 0.00 0.01 0.00
defect_tr -0.02 0.00 -0.14 0.02 0.03 0.00
P_sw_acc_toe -0.02 0.00 0.07 0.00 -0.04 0.00
P_tr_acc_bs 0.02 0.00 0.15 0.02 -0.03 0.00
defect_sw -0.01 0.00 -0.10 0.01 0.02 0.00
P_tr_acc_toe 0.00 0.00 0.09 0.01 -0.04 0.00

Table 11: R and R? of each feature with log(ON mode), ordered by decreas-
ing absolute value of R of log(ON mode)

A.3 CORRELATION

Table 11 is a compact summary of R and R? numeric values of the
features, as calculated in Section 3.3. Figure 8 is a graphical represen-
tation of this data.
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A.4 SINGLE STRAND ANALYSIS - RNAFOLD

A.4.1  Switches with low accessibility of RBS-linker region and low ON
mode

Both switch 161 and switch 141 have a low probability for the ac-
cessibility of the RBS-linker region. The structures of switch 140 (Fig-
ure 11¢) and switch 141 (Figure 11a) form the target structure, whereas
switches 161 (Figure 12c) and 164 (Figure 12a) have a shortened toe-
hold region a (in the centroid structure). The region a is one nu-
cleotide shortened, therefore the bottom of the stem of the hairpin
is elongated by one nucleotide. This one nucleotide basepairs with
the first nucleotide of the linker. There are minimal changes in the
design, which affect the toehold and the stem, but the RBS and the
start codon are not affeced thereby and are formed as designed. The
MFEs for those four switches are also similar, for switch 140 -28.60
kcal/mol, switch 141 29.40 kcal/mol, switch 161 -29.40 kcal/mol and
switch 164 -28.40 kcal/mol.

A.4.2  Minimal accessibility of RBS-linker region and high ON mode

Examining the structure of switch 17 (see Figure 13a), it stands out
that there are single basepairs upstream to the hairpin. The 3rd nu-
cleotide of the leader sequence and toehold region a basepair with
the linker region at 3 positions, but the hairpin forms as designed.
Therefore the RBS and the startcodon also form the target structure.
The MFE of switch 17 is -31.40 kcal/mol.

A.4.3  Lowest and highest ON/OFF mode

Switch 1 does not form the target structure (Figure 14a), while the sec-
ond best switch 2 (Figure 14c) and the worst switch 168 (Figure 15a)
do.

A.4.4 Lowest and highest ON mode

The secondary structure of the switches with the highest and the low-
est on mode were analyzed. Switch 5 has the highest ON mode and
a moderate accessibility. The structure is shown in Figure 16c. MFE is
-28.90 kcal/mol. The GGG leader sequence plus the first nucleotide
of the toehold fold back onto the linker region. This results in a trun-
cated toehold, it is 10 instead of 12 nucleotides long. The stem of the
hairpin starts one nucleotide more upstream. Also part b of the bind-
ing site is truncated, it is 9 nucleotides instead of 18 nucleotides long.
The bulge, RBS and startcodon at the designed positions.



A4. SINGLE STRAND ANALYSIS - RNAFOLD

Switch 165 has the lowest on mode and a high accessibility. The
structure is shown in Figure 16a. MFE is -26.20 kcal/mol. Also the
toehold region of switch 165 folds back onto the linker region, nu-
cleotides 5 to 7 basepair with the linker region. Therefore the toehold
is truncated, it is 7 nucelotides long not 12. The stem starts one nu-
cleotide earlier. The bulge, RBS and the startcodon are again at the
designed positions.

A.4.5 Low accessibility and mediocre ON mode

The secondary structures of the switches 84 and 66 were also ana-
lyzed, since these switches also have a low accessibility. But their on
mode is moderate. Switch 84 forms the designed secondary struc-
ture (Figure 17a), but switch 66 has some alterations (Figure 17b).
In switch 66 the toehold is only 9 nucleotides long, not 12. There-
fore the stem starts at nucleotide 13 not 16, and there is an unpaired
nucleotide in the stem. Therefore region b of the binding site is 20
nucleotides long, not 18. The RBS and the startcodon are at the target
positions, but the unpaired linker region starts 4 nucleotides more
downstream. The MFE of switch 66 is -32.20 kcal/mol and of switch
84 -32.00 kcal/mol.
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A.5 RNACOFOLD - DIMER STRUCTURE PREDICTION, RNA-RNA
INTERACTION

The following dimer interactions were computed: Switch 1 and trig-
ger 1 which have the highest ON/OFF fluorescence are shown in
Figure 14b. Switch 168 and trigger 168 with the lowest on/off fluores-
cence are shown in Figure 15b.

Switch 1 and trigger 1 show the highest on/off fluorescence. Switch
and trigger form the designed 30 nucleotide long binding site, but the
leader sequence basepairs with the terminator of the switch. The RBS
and the startcodon stay unpaired.

Switch 168 and trigger 168 show the lowest on/off fluorescence.
In contrast to switch-trigger1 the leader sequence does not fold back
onto the terminator of the trigger. The 30 nucleotide long binding site
forms as designed. The RBS is not unpaired it basepairs with the linker
region. Additionally, the UG of the startcodon also form basepairs
with nucleotides of the linker region.

Switch 17 which has the overall lowest accessibility, but a good
performance regarding the ON mode and the ON/OFFE. The last G
of the leader sequence basepairs with the trigger (but this time not
with the terminator of the trigger). The binding site is one nucleotide
elongated in the switch-trigger duplex. 7 of the 8 nucleotides from the
RBS form basepairs with parts of the linker region, but the startcodon
is unpaired.

The dimer structure of switch 164 and trigger 164 shows that only
the first G of the leader sequence stays unpaired, the other to basepair
with the trigger. The binding site with the trigger is longer. The RBS
is unpaired, but the G of the startcodon forms a basepair.

The dimer of switch 141 and trigger 141 forms basepairs already
at the 2 first Gs of the leader sequence. But the binding site starts as
designed at nucleotide 4 of the switch and is 30 nucleotides long. The
RBS is not free, it forms baepiar with the linker region. Only the A of
the startcodon is free UG form basepairs with other nucleotides.

Switch 165, which has the lowest on mode, but a high accessibility.
The dimer structure of switch 165 and trigger 165 shows that the third
G of the leader basepairs with the trigger, therefore the binding site
is 31 nucleotides long. The RBS is unpaired and the starcodon also.

To sum up, there are again duplexes of switch and trigger as switch-
trigger 165 which have an accessible RBS and starcodon, but show a
low fluorescence, while switch and trigger 1 also have an accessible
RBS and starcodon and show a good fluorescence. Switch 17 which
shows a good fluorescence has an almost complety paired RBS in the
duplex but has a high fluorescence level. According to the secondary
structures it is not obvious why some of the duplexes show a high
fluorescence level while the others do not.



ABSTRACT

The aim of this thesis is to define numerical features that describe
individual RNA sequence designs in numerical manner. This should
enable to predict the functionality of such sequence designs compu-
tationally in advance, before analysis in the laboratory. The features
were determined by a knowledge-based approach and calculated us-
ing several RNA related tools. To evaluate the predictive performance
of the defined features machine learning algorithms were applied.
The underlying data are de novo designed toehold switch RNA se-
quences with corresponding fluorescence measurements from veri-
fication experiments from Green et al. [54]. The main part of this
thesis covers the computation and description of the features, and
a correlation analysis of the defined features with the ON state flu-
orescence of the RNA sequence designs. Due to some unexpected
correlations one feature was chosen for further analysis. The feature
P sw_acc RBS linker was chosen, in order to examine if there is a
structure-dependent explanation for the correlation of this feature
with the output variable. Based on some specified characteristics some
RNA switches were chosen and further analysed. Therefore, secondary
structures of individual single stranded switches were computed, and
secondary structures were predicted with their cognate trigger RNA.
Finally, the defined features were used to build predictive models
that enable to compute the functionality of the RNA switches. Most
of the models outperformed the baseline model (significance level
o = 0.05).
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ZUSAMMENFASSUNG

Das Ziel dieser Arbeit ist es, numerische Features zu definieren, die
individuelle RNA-Sequenzdesigns auf numerische Art beschreiben.
Dadurch soll es ermoglicht werden, die Funktionalitdt solcher Se-
quenzdesigns im Vorhinein zu berechnen, bevor sie im Labor ana-
lysiert werden. Die Features wurden anhand eines wissensbasierten
Ansatzes bestimmt und mit verschiedenen RNA-bezogenen Tools be-
rechnet. Um die Vorhersagekraft der definierten Features zu beurtei-
len, wurden verschiedene Algorithmen des maschinellen Lernens ein-
gesetzt. Die zugrundeliegenden Daten sind de novo designte toehold
switch RNA-Sequenzen mit den zugehorigen Fluoreszenzmessungen
aus Verifikationsexperimenten von Green et al. [54]. Der Hauptteil
dieser Arbeit umfasst die Berechnung und Beschreibung der Featu-
res, sowie eine Korrelationsanalyse der definierten Features mit der
ON-State-Fluoreszenz der RNA-Sequenzdesigns. Aufgrund mehrerer
unerwarteter Korrelationen wurde ein Feature ausgewdhlt, das naher
untersucht wurde. Das Feature P_sw_acc_RBS_linker wurde ausge-
wahlt, um eine mogliche strukturbedingte Erklarung fiir die Korrela-
tion des Features mit der Outputvariable zu untersuchen. Einige RNA-
Switch-Designs wurden aufgrund bestimmter Charakteristika ausge-
wihlt und weiter analysiert. Dafiir wurden die Sekundérstrukturen
fiir individuelle einzelstrangige Switches berechnet und fiir einige
wurden die Sekundérstrukturen mit der zugehorigen Trigger-RNA be-
rechnet. Abschlieflend wurden die definierten Features verwendet,
um pradikative Modelle zu bauen, die es ermoglichen die Funktio-
nalitdt der RNA-Switches zu berechnen. Die meisten Modelle waren
statistisch signifikant (Signifikanzniveau o = 0.05) besser als das Ba-
selinemodell.
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