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Summary
Allosterically regulated transcription factor-based biosensors can play a key
role in engineering yeast cell factories by providing new tools for the selection of
designs with improved characteristics. The recent drop in the cost of DNA synthesis,
combined with the advent of CRISPR-based technologies allow for fast and efficient
construction of very large combinatorial libraries. The research performed during my
PhD was therefore motivated by the necessity of accelerating the speed at which we
are able to develop new screening systems to match the pace at which we are
currently able to construct such libraries and to improve the performance of already
established engineered strains.
The first manuscript reviews the recent advances in biosensor engineering
efforts and its applications in developing improved yeast cell factories. In this review
the parameters characterizing the biosensors’ dose-response curve are described, as
well as the common engineering strategies applied to improve them.
The second manuscript in this thesis focuses on gaining deeper understanding
of the rules regulating ligand specificity and promiscuity. In this study VanR from
Caulobacter crescentus was engineered to lose the specificity towards vanillic acid,
its main ligand, without hindering the ability to detect vanillin, a secondary ligand
recognized at higher concentrations and with lower affinity.
The third manuscript explores the effect of the position of the transcription
factor binding site, also referred to as operator site, in biosensor reporter promoters.
Although biosensors founded on allosterically regulated transcription factors are
well-established tools for sensing small molecules in yeast, we noticed a lack of
information regarding reporter promoter engineering, even though it has been
previously shown it can dramatically influence the final biosensor output. To
investigate this topic, we constructed libraries for two activators and one repressor
covering more than 300 operator designs. After screening by flow cytometry we were
able to observe promoter regions with high and low dynamic range areas for the
operator positioning of the transcriptional repressor and, more importantly, we
observed that transcriptional activators require specific operator positions in order to
function. From this study we were able to provide a platform reporter promoter and
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design guidelines on how to introduce allosterically regulated transcriptional
repressors and activators from prokaryotes into Saccharomyces cerevisiae.
The fourth study tackles the issue of the loss of productivity in prolonged
cultivations by enabling a biosensor-mediated stabilization of product formation in
S. cerevisiae. The introduction of a heterologous biosynthetic pathway for the
production of valuable chemicals often comes with a fitness cost which can
compromise the growth rate of engineered strains. Eventually, the evolutionary
pressure will select for mutations that increase the growth rate at the expenses of
product formation, which in turn lowers the final yield of a fermentation process. To
tackle this issue, we coupled allosterically regulated transcription factors to the
expression of essential genes in order to try to avoid the evolution- driven escape
mechanism. By doing so, we were able to construct a stabilized strain that in a fedbatch setup was able to produce 6 times higher amounts of vanillin related
metabolites compared to a non-stabilized strain.
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Dansk sammenfatning
Biosensorer baseret på allosterisk regulerede transskriptionsfaktorer kan komme til
at spille en nøglerolle i konstruktionen af gærcellefabrikker som værktøjer til at
udvælge stammedesigns med forbedrede egenskaber. Det nylige prisfald på DNAsyntese kombineret med fremkomsten af CRISPR-baserede teknologier muliggør
hurtig og effektiv konstruktion af meget store kombinatoriske biblioteker af
forskellige stammedesigns. Derfor er forskningen udført under min ph.d. motiveret
af nødvendigheden af at fremskynde udviklingen af screeningssystemer for at holde
trit med konstruktionen af nye kombinatoriske biblioteker samt forbedre allerede
eksisterende stammer.
Det første manuskript gennemgår nylige fremskridt inden for biosensor-området og
biosensorers forskellige anvendelser i udviklingen af gærcellefabrikker med
forbedrede egenskaber. I manuskriptet beskrives de parametre, der kendetegner
biosensorers dosis-respons-kurve, samt almindelige forbedringsstrategier.
Det andet manuskript i afhandlingen fokuserer på at opnå en dybere forståelse af de
regler, der regulerer en biosensors ligandspecificitet og -promiskuitet. I denne
undersøgelse blev VanR fra Caulobacter crescentus manipuleret til at miste
specificiteten over for vanillinsyre, dens primære ligand, uden at forstyrre dens evne
til at påvise dens sekundære ligand vanillin, der detekteres ved højere
koncentrationer og med lavere affinitet.
Det tredje manuskript undersøger effekten af placeringen af
transkriptionsfaktorbindingsstedet, også kaldet operator sitet, i promotorer for
biosensorreportere. Selvom biosensorer, der er baseret på allosterisk regulerede
transkriptionsfaktorer, er veletablerede værktøjer til at detektere små molekyler i
gær, fandt vi en mangel på viden omkring konstruktion af reporterpromotorer, også
selvom det tidligere er påvist, at det kan påvirke det endelige biosensoroutput
drastisk. For at undersøge dette konstruerede vi biblioteker for to aktivatorer og én
repressor omfattende mere end 300 operator designs. Efter screening med
flowcytometri observerede vi promotorregioner hvor placering af operator sitet gav
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enten en høj eller lav dynamisk spændvidde for den transkriptionelle repressor, og
endnu vigtigere observerede vi, at transkriptionelle aktivatorer kræver helt specifikke
operator site positioner for at virke. Fra dette studie var vi i stand til at konstruere en
basal reporterpromotor samt designretningslinjer for, hvordan allosterisk regulerede
transkriptionelle repressorer og aktivatorer fra prokaryoter introduceres i
Saccharomyces cerevisiae.
Det fjerde studie tackler udfordringen vedrørende produktivitetstab under langvarige
kultiveringer via biosensormedieret stabilisering af produktdannelse i S. cerevisiae.
Introduktion af en heterolog biosyntetisk syntesevej til produktion af værdifulde
kemikalier følges ofte af et fitness tab, der kan kompromittere væksthastigheden af
de konstruerede produktionsstammer. Med tiden vil det evolutionære pres selektere
for mutationer, der øger væksthastigheden på bekostning af produktdannelse, hvilket
sænker det endelige udbytte af gæringsprocessen. I et forsøg på at omgå denne
evolutionsdrevne flugtmekanisme koblede vi transkriptionen af essentielle gener til
allosterisk regulerede transkriptionsfaktorer. På den måde var vi i stand til at
stabilisere en produktionsstamme, som i en fed-batch kultivering opnåede seks
gange højere produktion af vanillinrelaterede metabolitter sammenlignet med en
ikke-stabiliseret stamme.
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1.

Introduction
1.1.

Yeast Cell Factories

For thousands of years people have been relying on yeast for the production of
bread, wine and beer1. This has made yeast one of the most popular cell factories of
ancient times. However, modern society requires new products ranging from jet fuels
to nutraceutical compounds, and therefore it is only natural that the applications of
yeast cell factories have evolved as well.
Since its isolation, Saccharomyces cerevisiae (S. cerevisiae), also known as
Baker’s yeast, became a workhorse for laboratory research and quickly established
itself as the predominant model organism for yeast research, mostly because of its
extensive utilisation in fermentation, rapid growth and genetic tractability. Moreover,
conserved biological processes, such as secretion, intracellular trafficking, protein
folding and stress responses makes S. cerevisiae an ideal model for the study of human
cell biology and different diseases ranging from diabetes and neurodegenerative
diseases2–6. Being a Crabtree positive organism, S. cerevisiae is able to ferment glucose
to produce two molecules of ethanol without oxidizing them to CO2. It can therefore
accumulate ethanol as a byproduct of cell growth. This, in combination with being
tolerant to a wide range of pH, resistant to high ethanol concentration and having an
acidic optimum pH for ethanol production makes S. cerevisiae a suitable organism for
large scale bioethanol production7,8. In fact, each year almost 100 billion liters of
bioethanol are being produced globally1. Moreover, thanks to its GRAS (generally
recognised as safe) status, S. cerevisiae has been engineered to produce a wide range
of products, ranging from nutraceuticals, such as vanillin, ergothioneine, naringenin,
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resveratrol and other valuable compounds9–11 such as to cis,cis-muconic acid (CCM),
an important precursor for bioplastics12.
Even though yeast cell factory engineering shows great potential for the
transition towards a more sustainable economy, the development of an engineered
strain towards the production of a compound of interest remains time consuming and
costly13. This is mainly because of the many iterations of the Design-Build-Test-Learn
(DBTL) cycle required to develop a high producing strain14. This cycle, as the name
suggests, is composed of four steps: Design, Build, Test and Learn. In the Design step
the host is selected and the pathway is assembled in silico. In the next step, the
pathway is inserted into the chosen organism. The productivity assessment is
performed in the Test step. The outcome is evaluated in the Learn part of the cycle,
from which designs are recommended for the next DBTL cycle. Next, another iteration
of the cycle will begin, where the experimental design will evolve based on the results
from the previous cycle.
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Figure 1: Schematic representation of the Design-Build-Test-Learn cycle

In the last decade, the advent of CRISPR based technologies and the
diminishing cost of DNA synthesis greatly increased the speed of the Build step of the
cycle. However, the speed at which we are able to test newly generated libraries is
lagging behind, hindering the whole biomanufacturing process 15. There is therefore a
need for new screening tools that would allow us to close the gap between the rate at
which we are able to generate new strains and the one at which we are able to screen
them. This can be achieved by employing genetically encoded biosensors to develop
new high throughput screening tools. Even though different systems, such as FRETbased methods, GPCR and riboswitches have been successfully implemented in S.
cerevisiae as biosensors, for the purposes of this this thesis the following chapters will
focus on allosterically regulated transcription factors as biosensors. However, for
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further information on other established biosensor systems we refer the reader to
recently published works covering those systems16–18.

1.2.

Allosterically Regulated Transcription Factors

Allosterically regulated transcription factors (aTFs) are one-component systems
widely used by prokaryotes in order to detect and quickly adapt to a change in the
environment or in their metabolism19–21. As the name suggests, their activity is
regulated through allostery, which is the process of signaling the binding of a ligand at
a site to secondary site eliciting a function, through a structural rearrangement22,23.
Bacterial aTFs are able to detect a variety of small molecules that can be either
beneficial or detrimental and regulate the transcription of the appropriate genes in
order to comply with the change in the environment. These one-component systems
are broadly distributed among prokaryotes and they differentiate from twocomponent systems by possessing both the input and output domain required to detect
and relay a signal. Two-component systems rely instead on other proteins, such as
kinases, to pass on the information. Allosterically regulated transcription factors
require therefore a domain that is able to interact with the DNA and another one that
can detect the small metabolite. These domains are defined as DNA-binding domain
(DBD) and effector-binding domain (EBD), respectively.
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Figure 2: Schematic representation of an allosterically regulated transcription factor.
Effector-binding domain (EBD) in blue, DNA-binding domain in red, and ligand(s) in
yellow. Adapted from De Paepe et al., 2016

Because of its highly specific role in DNA binding, the DBD is conserved among
different prokaryotes. The DBD is required for the recognition and localisation of the
transcription factor to its binding site, also referred to as operator sequence. The most
common feature, represented in more than 80% of prokaryotic DNA-binding domains
is the Helix Turn Helix (HTH) domain20,21. Moreover, this feature is also conserved
among eukaryotic transcriptional regulators and is composed of three core helices,
where the third helix is generally found in the DNA-protein interface and is therefore
referred to as the recognition helix24. There are, however, some variations of this motif,
such as the winged HTH or the less common ribbon helix helix domain20. In contrast
with the high degree of conservation found in the DNA-binding domain, the EBD
shows a higher sequence diversity and structural variability20. This is because of the
variability of the molecules for which aTFs have evolved to recognise. However EBDs
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from the same protein family can also show high structural similarity. The role of the
EBD is therefore to recognise a small metabolite and to transfer the information to the
DNA binding domain through a conformational change, which in turn mediates the
positive or negative regulation of the transcription of the target gene.

1.3.

Prokaryotic Transcriptional Regulation

As previously stated, transcription factors can either promote or repress the
transcription of a target gene. Moreover, multiple modes of action have been described
for both activators and repressors25. Transcriptional activators can positively promote
the transcription of a gene by interacting with the α-subunit of the RNA polymerase
(class I activators), by binding a region adjacent to the core promoter to allow 𝝈-factor
binding (class II activators), by DNA bending and exposing a binding site of the 𝝈factor or by removing the effect of a transcriptional repressor25–27. Similarly,
transcriptional repressors can negatively influence transcription by obstructing access
to regulatory sequences within the promoter, by blocking transcription elongation, by
reshaping the DNA, by preventing access to the promoter or by masking an activator
binding site 25.

LTTR family of transcriptional regulators
The most prominent example of transcriptional activators is the LysR-Type of
Transcriptional Regulators (LTTR) which constitute the largest family of
transcriptional regulators in bacteria20,28. Members of this family are characterised by
a dual function. They activate the transcription of genes connected to a specific
metabolic pathway while simultaneously repressing their own transcription20,27,28.
Members of this family act as tetramers and bind to two binding sites defined as
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Regulatory binding site (RBS) and Activating binding site (ABS). The formation of the
tetrameric structure causes a bend in the DNA, which in turn hides a sequence
recognised by the α-subunit of the RNA polymerase. In the presence of the ligand the
tetramer changes conformation, detaches from the initial ABS sequence and binds a
secondary ABS. This shift in ABS allows a relaxation in the DNA bend which reveals
the binding site for the α-subunit of the RNA polymerase, promoting the
transcription20,28. However, it has been reported that numerous LTTRs, such as cis,cismuconic acid-binding BenM, require a direct interaction with the α-subunit of the
RNA polymerase to activate the transcription12,27,29.

Figure 3: Example of LTTR mode of action. Adapted from Bundy et al. 2002

TetR family of transcriptional regulators
One of the best characterised families of transcriptional repressors is the TetR
family of transcriptional regulators20,30–33. Proteins from this family regulate a wide
range of metabolic functions, from the transcription of antibiotic resistance genes to
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amino-acid metabolism and metal homeostasis31. Members of this family generally act
as dimers and in the absence of the ligand, they are positioned on the operator
sequence and block transcription of target genes. However, upon binding the ligand, a
conformational change prevents DNA binding and allows transcription31.
The prime example of this type of regulation comes from the transcriptional
repressor TetR from E. coli32. In the absence of tetracycline, TetR represses the
transcription of the tetracycline efflux pump encoded by tetA. When tetracycline is
present, it interacts with the EBD and causes a conformational change that prevents
the interaction of TetR with the DNA, allowing the transcription of tetA. Tetracycline
is then excreted from the cell and the TetR binds to the tetA promoter once again
repressing the transcription. Other transcriptional repressors however can have
different modes of action. For example, TrpR from E. coli only localises on the
promoter of the reporter gene hindering the transcription only in the presence of
tryptophan34.
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Figure 4: Schematic representation of TetR working mechanism. TetR dimer is
represented in blue while tetracycline (ligand) is represented as yellow circles. Adapted
from Cuthbertson and Nodwell 2013.

1.4.

Allosterically Regulated Transcription Factors as
Biosensors

Because of their intrinsic ability to sense the presence of small molecules as an
input and regulate the transcription as an output, aTFs can be defined as protein-based
biosensors. When coupled to fluorescence proteins they provide a readable output. Its
intensity can be proportional to the concentration of their target metabolite, providing
a valuable tool for metabolic engineering efforts. Each biosensor system requires a
detection module, composed of the transcription factor itself, and a reporter module,
which provides a measurable output such as fluorescence or cell proliferation. These
systems are characterised by four key parameters that assess the performance of the
developed biosensor design: operational range, dynamic range, specificity and
sensitivity15. The operational range is the range of concentration at which it is possible
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to observe a difference in the output in response to the ligand. It is essential that the
production titers of engineered strains are comparable to the ligand concentrations
detected by the sensor. The dynamic range is defined as the ratio between the
maximum output of the sensor (also referred as ON state) and the output in the
absence of any ligand (OFF state). The higher the dynamic range, the higher the
resolution in the output between different ligand concentrations. Specificity is another
key parameter when applying biosensors to cell factories. The sensor is often sought
to be highly specific for the molecule of interest since a higher degree of promiscuity
would increase the rate of false positives due to other molecules activating the sensor.
Finally, the sensitivity determines the slope of the response of the biosensor response
curve. Depending on the application, both analog or digital transcriptional regulation
can be preferred. Analog responses allow precise regulation of the expression of the
reporter gene in response to the ligand concentration. This proves very powerful when
constructing circuits that can adjust the amount of an enzyme in response to the
precursor’s availability35,36. On the other hand, digital responses are preferred when
developing diagnostic tests for diseases or pregnancy, where a yes/no response is
required37.
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Figure 5: Exemplification of biosensor parameters. A) Higher specificity is exemplified
by thicker arrow. B) Biosensor dose response curve with slope, dynamic range and
operational range annotated. Adapted from De Paepe et al., 2016 and from D’Ambrosio
and Jensen 2017

When employed as biosensors, aTFs are a powerful tool that can drastically
reduce the time required to engineer cell factories to produce valuable metabolites.
Due to their orthogonality, the wide range of targets and because many transcriptional
regulators in S. cerevisiae are modular and require the interaction of independent
subunits, numerous prokaryotic aTFs have been employed as biosensors in S.
cerevisiae12,36,38–43. When doing so, one or more of the above-mentioned parameters
often need to be adjusted to fit the user’s needs. There are several approaches that can
be used to maximize a biosensor’s potential and in the next paragraph I will briefly
discuss the common engineering approaches employed to improve biosensor
characteristics. For further information on biosensor prospecting and engineering
please refer to chapter 2 to our previously published review: Lighting up yeast cell
factories by transcription factor-based biosensors15.
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1.5.

Biosensor Engineering

For the purpose of this thesis and to introduce the readers to the approaches
presented in chapters 3 and 4, this section will discuss the topic of biosensor
engineering through directed evolution and reporter promoter engineering. Further
engineering methods, such as the tuning of the expression level of both the aTF and
the reporter promoter, the introduction of nuclear localisation signals and activator
domains and computational aided biosensor engineering will be subsequently
described in chapter 2 of this thesis.
Directed evolution is an extremely powerful technique applied to engineer the
biosensor response curve12,44–46. A great example of biosensor engineering through
directed evolution comes from Snoek and colleagues45. In this study the authors used
error-prone PCR to construct a BenM mutant library. Next, they developed a toggleselection system to screen the library by fluorescence-activated cell sorting (FACS)
that allowed them to isolate variants with increased dynamic range, shifted
operational range, change in specificity and inversion of function. Similarly, by
employing directed evolution approaches, Xiong and colleagues engineered the TtgR
transcription factor from Pseudomonas putida to respond to resveratrol. This allowed
them to screen a random mutagenesis library of the 4CL1 enzyme encoding the pcoumarate:CoA ligase for variants that produced higher amounts of resveratrol47.
Both these studies perfectly exemplify both the versatility of protein-based
biosensors and the power of directed evolution as an engineering tool. Moreover,
chapter 3 of this thesis will cover directed evolution of VanR from Caulobacter
crescentus to evolve its specificity from vanillic acid, its main ligand, to vanillin, a
secondary ligand with lower binding energy.
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Another engineering strategy commonly applied to improve biosensor
performance is the engineering of the reporter promoter by varying the number and
position of the operator sequence12,40,48. A key example comes from Wang and coworkers, where they efficaciously describe the critical role of the operator site in
determining both the operational and dynamic range of the sensor48. In this study, the
authors tested three different operator sites and demonstrated that by shifting the
position of the operator sequence, the operational range can be extended by almost
10-fold, while the dynamic range can be increased more than 4-fold. Inspired by these
results and by the large engineering space allowed by the reporter promoter, we
decided to scan the effect of the operator position on a single base level to provide a
deeper understanding on the optimal operator site position. The results of this study
are reported in chapter 4 of this thesis.

1.6.

Biosensor applications in S. cerevisiae

aTF-biosensor reporter systems
As previously stated, the advent of CRISPR-based technologies and the
diminishing cost of the DNA synthesis, enabled the assembly of large libraries.
Therefore, biosensors have become a powerful tool to develop new screening systems
to identify best performing cell factory designs. One such example comes from
Dabirian and co-workers where they applied FadR from E. coli to screen a gene
overexpression library for genes enhancing the Fatty Acyl-CoA pools in yeast. By
screening the library by FACS they were able to identify 3 gene targets that allow a
significant increase in fatty alcohol production49. A similar approach was used by Li
and colleagues. By employed FapR from Bacillus subtilis to regulate the transcription
of the fluorescence protein tdTomato in response to Malonyl-CoA, they were able to
13

screen a genome-wide overexpression cDNA library to identify two gene targets
increasing the production of 3-Hydroxypropionic Acid50.
However, biosensor applicability is not limited to the field of cell factory
engineering. Biosensors can be also employed to detect environmental pollutants as
exemplified by Moser and co-workers. In this study, the authors developed a biosensor
system, based on the E. coli Ada protein, that is able to detect methyl iodide, a fumigant
used in agriculture.

aTF-biosensor selection systems
As previously described, aTF-based biosensors coupled to a fluorescent output
proved a valuable tool for metabolic engineering efforts. However, screening based on
fluorescence requires expensive instruments. Moreover, because of the metabolic
burden frequently associated with higher productivity, low producing designs might
be over-represented51,52. Alternatively, biosensors can be coupled to genes providing
resistance to an antibiotic marker or reverting an auxotrophy to select for strains with
higher productivity.
This method was successfully applied by Snoek and co-workers42. Here, by
coupling the cis,cis-muconic acid-binding BenM to the expression of an antibiotic
resistance gene, the authors were able to develop a system that couples the production
of CCM to the expression of the KanMX gene. This allowed the authors to enrich for
high producing variants from a random multicopy integration library. Similarly, Feng
and co-workers developed a biosensor system detecting progesterone which was then
coupled to the expression of the HIS3 gene53. The sensor was then used in combination
with a 3β-HSD mutant library to identify mutant variants allowing higher
progesterone titers. To do so, they supplemented the transformation plates with a
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His3-inhibitor and selected the clones that were able to survive in the presence of the
inhibitor.

aTF-biosensors as actuators
Finally, biosensor systems are not only relevant for screening and selection
purposes, but they can also be applied to exert real-time control over the biosynthetic
pathway. By coupling the sensor to a pathway-related enzyme it is possible to link the
expression of the enzyme to the availability of the target metabolite. By employing
FapR, a Malonyl-CoA biosensor, coupled to the expression of Malonyl-CoA reductase
(MCRCa) from Chloroflexus aurantiacus, David and co-workers were able to link the
expression of the MCRCa to the availability of Malonyl-CoA. By doing so they were able
to mitigate the effect of metabolic imbalances and increase the productivity of 3hydroxypropionic acid by almost 10-fold36.
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Figure 6: Applications of aTF biosensors in S. cerevisiae. The reporter promoter can be
coupled to a fluorescent protein, a selector or to an enzyme of the biosynthetic pathway.
Adapted from D’Ambrosio and Jensen 2017

Moreover, biosensors can also be applied to maintain the productivity of engineered
strains over longer cultivations. Chapter 5 in this thesis describes our efforts to couple
the growth of a vanillin glucoside producing strain to the availability of protocatechuic
acid, the first intermediate of the pathway.
For further information regarding both biosensor engineering in yeast and the
application of aTF in yeast cell factories engineering, we refer the readers to chapter 2
of this thesis.
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ABSTRACT
Our ability to rewire cellular metabolism for the sustainable production of chemicals, fuels and therapeutics based on
microbial cell factories has advanced rapidly during the last two decades. Especially the speed and precision by which
microbial genomes can be engineered now allow for more advanced designs to be implemented and tested. However,
compared to the methods developed for engineering cell factories, the methods developed for testing the performance
of newly engineered cell factories in high throughput are lagging far behind, which consequently impacts the overall
biomanufacturing process. For this purpose, there is a need to develop new techniques for screening and selection of
best-performing cell factory designs in multiplex. Here we review the current status of the sourcing, design and engineering
of biosensors derived from allosterically regulated transcription factors applied to the biotechnology work-horse budding
yeast Saccharomyces cerevisiae. We conclude by providing a perspective on the most important challenges and opportunities
lying ahead in order to harness the full potential of biosensor development for increasing both the throughput of cell
factory development and robustness of overall bioprocesses.
Keywords: synthetic biology; transcription factor; allosteric regulation; transfer function

INTRODUCTION
Biotechnology has flourished in the last two decades as a
manufacturing discipline for the future by engineering living
cells to convert renewable carbon sources into products related
to health, food and transportation (Peralta-Yahya et al. 2012;
Galanie et al. 2015; Zhou et al. 2016). Notwithstanding, there is
enormous interest to further expand both the production portfolio and the productivity of the organismal hosts used for production, collectively referred to as cell factories (Van Dien 2013).
The most commonly used organisms that have been established as cell factories include the gram-negative bacteria Escherichia coli and the budding yeast Saccharomyces cerevisiae. For
both of these chassis, the accumulation of the genetic tools and

model-guided efforts derived from genome-scale models have
enabled the engineering of these chassis for the industrial
production of fuels, platform chemicals and pharmaceuticals
(Zhang, Jensen and Keasling 2015). Additionally, therapeutic
products like opioids and penicillin have been refactored in
microbial chassis (Galanie et al. 2015; Awan et al. 2017). These
achievements highlight the versatility and importance of microbial biobased production.
Irrespective of host organisms, in order to replace current
petrochemical pipelines for production of commodity and fine
chemicals with biobased production using renewable carbon
sources, it is critical that cell factories can be constructed in
a cost-effective manner and that the cell factories perform at
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diagnosis of human gut microbiota, evolution-guided optimisation of biosynthetic pathways in E. coli and synthetic cell–cell
communication devices (Kotula et al. 2014; Raman et al. 2014;
Chen et al. 2015).
Although most of the recently reported characterisations
and applications using these naturally occurring biosensors
based on aTFs have focused on their transplantation into other
prokaryotic hosts, examples of on-boarding aTFs as biosensors
for monitoring, selection and therapy in eukaryotic cells are expanding. In this review, we provide an overview of the aTFs,
which have been successfully used in yeast. We put special attention to sourcing of aTFs, their molecular design and their applications in yeast. This review also highlights the various engineering efforts, which have been performed to optimize the
performance of biosensors in order to make them applicable as
small-molecule biosensors. Finally, we provide a perspective on
future directions for further proof of principles and industrial
applications using biosensors.

BIOSENSOR CHARACTERISATION AND
IDENTIFICATION
Characteristics of aTF-based biosensors
Before introducing the design and engineering of aTF-based
biosensors, it is important first to introduce the main structural components and the functional characteristics associated
with aTF biosensor performance. The most frequent structural
characteristics of aTFs remain the DNA-binding domain (DBD)
and the effector-binding domain (EBD), linked by a flexible loopregion, allowing for complex interdomain allostery in relation to
binding of either ligand and/or DNA (Werten et al. 2016). Also, it
is important to highlight that monomeric aTFs exert a high degree of di- or oligomerisation (Fernandez-López et al. 2015). The
structure and propensity for oligomerisation together determine
the two main characteristics of aTF functionality, namely (i) the
ligand specificity and (ii) the transfer function describing the correlation between ligand concentration (input) and the biosensor
output signal (Fig. 1a)(De Paepe et al. 2017). The specificity of a
biosensor describes the strength of the binding between ligand
and aTF or the difference in biosensor output in relation to a target ligand compared to the output observed when introducing
other potential ligands of interest. Inevitably, defining the specificity of a biosensor is of primary importance when the biosensor
is expected to provide high signal-to-noise ratios within a complex cellular environment in which the aTF is exposed to several
potential ligands (De Paepe et al. 2017). The transfer function of
a biosensor describes its quantitative performance (Fig. 1a). This
includes the operational range, in which a significant change in
biosensor output can be measured in relation to ligand concentration. Likewise, the dynamic output range refers to the maximum output, which can be obtained compared to the output observed in the absence of ligand binding. This is also referred to as
the ON and OFF states, respectively, of the biosensor (Moser et al.
2013). From these parameters, the sensitivity of the biosensor
can be inferred as the difference in output of ON and OFF states
divided by the difference in inducer concentration at the detection threshold and the maximum output, also referred to as
the Hill’s coefficient (Dietrich, McKee and Keasling 2010; Moser
et al. 2013). Sensitivity is largely dependent on the cooperativity between aTF monomer oligomerisation and ligand binding
(Stefan and Le Novère 2013). It should also be mentioned that
transfer functions can have qualitative differences depending
on the mode of action of the biosensor, i.e. negative vs positive
correlations between biosensor output and ligand concentration
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scale in relation to titres, rates and yields (Van Dien 2013).
To support this, the ongoing sampling and parsing of biochemical and omics data continuously improve the ability of metabolic
engineers to rationally perturb endogenous metabolism for
the overproduction of metabolites, as well as the introduction
of heterologous biosynthetic pathways for production of nonnative compounds (Borodina and Nielsen 2014). Likewise, the
decrease in cost of DNA sequencing and synthesis as well as
the emergence of synthetic biology tools aims to support the
rational engineering of cell factories by focusing on parts characterisation and standardized methods which are host-agnostic
and can be used broadly to speed the engineering and selection
of cell factory designs (Canton, Labno and Endy 2008). This includes advances in diversity generation of cell factory designs
accommodated by genome engineering tools, such as the recent
advances in CRISPR-derived genome engineering technologies,
which allows unprecedented speed and targeted multiplexing of
strain building procedures for an expanding number of chassis
(Wang et al. 2009; Garst et al. 2016).
Despite these scientific advancements, there are still significant challenges to overcome in order to develop viable cell factories that enable economically feasible bioprocesses. Given the
size ranges of genomes, numbers of metabolites and enzymatic
reactions annotated for most commonly used production hosts,
even targeting relatively narrow solution spaces in order to improve cell factory productivity, remains a daunting challenge by
the sheer number of individual cell lines and microbial strains
that must be screened in order to identify the best performing
cell factory (Rogers and Church 2016). While in some cases visible phenotypes or growth-coupled production can support highthroughput screening of cell factory designs, testing cell factory performance often relies on analytical methods like mass
spectrometry and chromatographic techniques for the identification and quantification of products of interest. Even for wellequipped research laboratories these methods have a maximum throughput in the range of thousands of samples per day,
thus creating a costly, laborious and ineffective route to identify best-producing cells. As such there is a need to develop
methods, which can enable testing of single cell factory designs
in multiplex.
In recent years, the development, characterisation and application of metabolite biosensors from prokaryotes have spurred
significant interest. Often used classes of biosensors rely on
fluorescence resonance energy transfer, RNA-based aptamers
or simple reporter assays (Dahl et al. 2013; Ravasio et al.
2014; Strachan et al. 2014). Another class of biosensors applied for metabolic engineering includes allosterically regulated
transcription factors (aTFs) which are abundantly present in
prokaryotes (Fernandez-López et al. 2015). In prokaryotes, these
one-component protein-based biosensors are able to bind a
target metabolite, and upon binding provide a conformational
change allowing a change in the expression from a target promoter. In native hosts, this results in the actuation of a cellular
response in relation to changing environmental cues (i.e. carbon source availability). Such a sensing-actuation mechanism is
naturally abundant in prokaryotic signalling pathways as bacteria continuously exchange, receive and respond to both intraand extracellular cues in order to coordinate cellular decision
making. One particularly well-studied aTF is the tetracyclinresponsive transcriptional repressor TetR (Gossen and Bujard
1992). TetR has been widely adopted for controlling inducible expression perturbations for almost three decades (Gossen et al.
1995; Guet et al. 2002; Stanton et al. 2013). Other more recent examples of the successful development and application
of TF-based biosensors from prokaryotes include the in situ
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(Fig. 1b and c) (see also section ‘Classes of aTF-based biosensors:
repressors vs activators’ and ‘Engineering new specificities and
improving performances in existing aTFs’).
Knowledge about specificity and the transfer function is crucial in order to rationally engineer biosensors. In the remainder
of the section ‘Biosensor characterisation and identification’, we
review the basic components of aTF-based biosensors sourced
from prokaryotes and the engineering strategies adopted for onboarding these in yeast.
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Figure 1. The biosensor transfer function and design. (a) The transfer function of a biosensor enables the quantitative characterisation of biosensors showing the
correlation between input effector concentration and the biosensor output. Transfer functions thereby provide information on product sensitivity, the operational
range of detection and the dynamic output range as defined by the difference between minimum (OFF) and maximum (ON) biosensor outputs. (b) Expression of
the allosterically regulated transcriptional repressor TrpRRep controls the expression of a gene of interest (GOI) by tryptophan-dependent binding to the promoter
harbouring four TrpR binding sites (4xtrpO). To the right a schematic transfer function of TrpR output in relation to tryptophan concentration is illustrated. (c) Expression
of the allosterically regulated transcriptional activator BenMAct controls the expression of a GOI by cis,cis-muconic acid-dependent binding to the promoter harbouring
three BenM binding sites (3xbenO). To the right a schematic transfer function of BenM output in relation to cis,cis-muconic concentration is illustrated. AU; arbitrary
units.

Classes of aTF-based biosensors: repressors vs
activators
Allosterically regulated TF-based biosensors can be divided
in two groups: transcriptional activators and transcriptional repressors. The aTF regulates the transcription of
the reporter gene in a ligand-dependent manner by localising on the operator site and sterically preventing the
transcription, or by supporting the accessibility of the
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Biosensor prospecting
In the last three decades, a great number of interactions between
TFs and genes have been discovered, especially from studies of
adaptation of microorganisms to different environmental conditions by sensing the presence/absence of metabolites, toxic
compounds or other chemicals (Junker, Kiewitz and Cook 1997;
Brzostowicz et al. 2003). Such studies have allowed for the development of different predictive tools and databases, which can be
used for identifying an aTF suitable for user-defined purposes.
In order to mine publicly available literature for new aTFs to
be tested and characterized for use as biosensors in yeast, a minimum amount of information should be considered as a starting
point, including if the gene sequence and the operator of the aTF
are known. Also, the chemistry of the effector needs to be taken
into account: (i) is the effector toxic; (ii) can it be internalised at a
pH that is compatible with yeast growth during biosensor characterisation; (iii) does it need any complementary genes, such as
transporters (Skjoedt et al. 2016).
In addition to literature mining for known aTFs, public
databases are available for browsing the genomes of a vast number of prokaryotes (e.g. www.pseudomonas.com). Here the approach to identify new aTFs can harness the fact that in prokaryotes, aTFs are often encoded divergently and in close genomic
proximity of the genes, which they are regulating (Collier et al.
1998). Additionally, as DBDs from major aTF families are often

conserved, this enables searching genome sequence databases
for conserved regions of annotated genes (Maddocks and
Oyston 2008; Jain 2015). Ideally, in accordance with the divergent
expression of genes encoding the aTF and their target operon,
the operator site can be inferred from mining the genomic sequence upstream of the aTF expression cassette. Such a method
can enable the search for any sequence that is homologous to
known aTF domains (DBD or EBD), which are encoded in proximity of the genes connected to the metabolic reactions of the
candidate ligand. Hence, by way of such in silico approach, new
biosensor candidates can be prospected.
Complementary to the in silico approach, expression
databases
(e.g.
https://www.ebi.ac.uk/arrayexpress/help/
GEO data.html) can be used to search for differentially expressed genes in relation to environmental cues or chemical
stimuli of interest, as both genes encoding aTFs and the genes
of divergently expressed operons can enable the shortlisting of
both candidate aTFs and potentially their operators (Strachan
et al. 2014).
Alternatively, it is also possible to use different predictive tools and databases for transcriptional regulation in order to identify aTFs of interest. One example is RegulonDB
(http://regulondb.ccg.unam.mx), which contains a list of TFs in
E. coli with information on operator sequences, and the genes
regulated by the TF (Gama-Castro et al. 2016). RegulonDB also allows querying for a known metabolite, gene or TF, and visualise
the connected regulatory systems. Another data mining tool,
named SensiPath, allows searching sensing-enabling metabolic
pathways (http://sensipath.micalis.fr/)(Delépine et al. 2016). This
tool enables the linking of a specific metabolite, which otherwise
has no known target aTF, to a chemical that is a maximum of two
enzymatic steps away from the candidate compound which can
be detected by an annotated aTF. Beyond the identification of a
proxy for high-throughput screening of your metabolite of interest, this method is also useful as a mean to relieve potential toxicity of your metabolite of interest, by identification of enzymatic
steps enabling the conversion of it to a non-toxic chemical.
In general, querying any of these databases can be very useful, but in order to identify robust starting points for biosensor
design based on aTF and operator sequences it is advisable to
perform a combination of approaches, and search through several of the mentioned databases.

BIOSENSOR DESIGN ENGINEERING
Once an aTF has been selected, the next step is the design of
a functional transcriptional unit with an optimal transfer function. To accomplish this, several factors must be considered. In
this section, we review the basic principles of engineering aTFs
with focus on designs in eukaryotes, especially yeasts.

aTF selection and aTF expression tuning
Selection of the aTF is a natural first step in the design of a
biosensor. This can include the need for discriminating between
seemingly close homologues and tuning the strength of the promoter controlling the expression of the aTF (Teo, Hee and Chang
2013; Teo and Chang 2015; Wang, Li and Zhao 2016).
One example highlighting the importance of aTF selection
has been reported by Teo et al. (2013). In this study, two variants of FadR from E. coli and Vibrio cholera were tested in yeast
in order to develop a fatty acid biosensor. While both repressors were unable to sufficiently repress the transcription of
the reporter when cloned under the control of the weak CYC1
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transcriptional machinery to the transcription start site
(Fig. 1b and c).
The most prominent example of the repressing mechanism
is the TetR repressor from E. coli which blocks the transcription of
the tetA gene, encoding the tetracycline efflux pump (Hillen and
Berens 1994; Møller et al. 2016). By binding directly to TetR, tetracycline is able to induce a conformational switch, which prevents DNA binding and therefore allows the transcription of tetA.
Subsequently, tetracycline is secreted from the cell and TetR is
once again able to bind to the operator site and block the transcription of tetA (Hillen and Berens 1994). This system has been
successfully transferred to mammalian and yeast cells in order
to control gene expression by tetracycline and analogs thereof
(Gossen and Bujard 1992; Garı́et al. 1997). Another mode of action
for repressors is illustrated by tryptophan-binding TrpR from
E. coli (Arvidson, Bruce and Gunsalus 1986; Jeeves et al. 1999).
Here, TrpR binds the co-repressing ligand Trp before binding
its cognate DNA operator site, and thereby regulates aromatic
amino acid metabolism (Fig. 1b)(Zhao et al. 2015). However, corepressors have so far not been adopted as biosensors in yeast.
In addition to repressors, recent studies have also highlighted successful transfer of aTF-based transcriptional activators into yeast. This was recently illustrated by Skjoedt et al.
(2016), who employed BenM from Acinetobacter sp. ADP1, which
is able to induce the transcription synergistically upon the detection of benzoate and cis,cis-muconic acid (CCM) (Craven et al.
2009). In addition to BenM, Skjoedt et al. were able to show
that several other activators from diverse bacterial species were
able to function as aTF-based biosensors in yeast, allowing in
vivo sensing of malonate, L-arginine and naringenin, in addition to CCM (Fig. 1c, Table 1). Interestingly, none of the biosensor
designs required the expression of auxiliary transcription machineries (e.g. sigma factors). As such, it is now possible to engineer both prokaryotic transcriptional activators and repressors
in eukaryotes, and the choice of aTF type ideally only relies on
the biosensor design and the availability of biosensors for the
effector of interest.
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Table 1. Examples of effector molecules and their aTF-based biosensors engineered in yeast.
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promoter, expressing them under the control of the strong constitutive TEF1 promoter enabled repression of the reporter gene
controlled by each of the two FadR variant, albeit with significant
difference in the level of repression. While strong expression of
the E. coli FadR enabled repression of the reporter fluorescence
by almost 90%, FadR from V. cholerae was only able to reduce expression by 50% compared to a reference strain without FapR.
As such, the promoter driving the expression of the aTF can
impact the OFF state of the biosensor. Additionally, the operational range can be influenced by the choice of promoter driving
the expression of the gene encoding the aTF. In fact, a weaker
promoter controlling the aTF was shown to enable a change in
the operational range, with lower expression driving the operational range towards lower concentrations of the effector and
stronger promoter driving the operational range towards higher
effector concentrations (Teo, Hee and Chang 2013) (Fig. 2a and
b). Still, strong expression is generally the first choice for controlling the expression of genes encoding repressor-based aTFs
in order to support lower OFF states (Teo, Hee and Chang 2013; Li
et al. 2015; David, Nielsen and Siewers 2016; Hector and Mertens
2017) Complementary to this, when transcriptional activators
are employed, a weaker promoter driving the expression of the
aTF may be preferred since a strong promoter can lead to a high
OFF state expression of the reporter gene or prolonged lag phase
during growth (Teo and Chang 2015; Skjoedt et al. 2016). As such,
the promoter controlling the aTF should be chosen carefully in
order to ensure control of both OFF state, operational range and
potential growth effects.

Engineering the reporter promoter
The architecture of the promoter controlling the output of the
biosensor is another essential engineering target. While native
promoters are often well characterised and therefore can be advantageous to use for control over biosensor output over nonnative ones, it is important to take into consideration the na-

tive regulation of the promoter. Several groups have engineered
native yeast promoters for the design of biosensors. A common strategy has been to insert aTF operator sites (see section ‘Operator sequence’) into a native yeast promoter chassis
in which upstream activation sequences or upstream repression
sequences have been deleted whenever present, in order to minimise the complexity of native regulation (Ikushima, Zhao and
Boeke 2015; Li et al. 2015; Skjoedt et al. 2016; Wang, Li and Zhao
2016; Ikushima and Boeke 2017). In the example by Skjoedt et al.
(2016) engineering of the promoter driving the reporter gene included testing of four different ‘crippled’ variants of the CYC1
promoter and identified the shortest variant (209 bp) to be the
one allowing for the lowest OFF state, while still maintaining
approximately 4-fold dynamic output range in the presence of
CCM. In general, the reporter promoter should be strong enough
to allow for a detectable output but, overexpressing the reporter
gene can cause ‘leaky’ expression, which is of particular importance when the biosensor is to be coupled to selection. In
addition to controlling ON and OFF states, when carefully engineered, the reporter promoter design can also tune both the
dynamic output range and the operational range (Fig. 2b and
c)(McIsaac et al. 2014; Skjoedt et al. 2016).

Operator sequence
The operator is a DNA sequence that is recognised by the DBD of
the aTF. Its presence is essential for aTF binding to DNA, and it
impacts both the dynamic and operational range. Adding operator sequences to a native or truncated promoter intended to control the biosensor output has generally proved to have a negative
impact on the basal expression (Li et al. 2015; David, Nielsen and
Siewers 2016; Skjoedt et al. 2016; Hector and Mertens 2017). Likewise, the position of the operator is important, and due to the
difficulty predicting the effect operator positioning will have on
the reporter gene, several groups have mined different designs
in order to find the best positions. In one example, Hector and
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Figure 2. Engineering the biosensor transfer function of allosterically regulated transcription factors. (a) The transfer function of a reference biosensor. (b) The operational range can be engineered by (i) changing the affinity of the interaction between the aTF and DNA, (ii) changing the number of operators bound by the cognate aTF,
(iii) addition of an transcription activation domain and (iv) tuning the expression of the gene encoding the aTF. (c) The dynamic range of a biosensor can be engineered
by (i) mutating the aTF followed by selection, (ii) addition of transcription activation domains, (iii) changing the number of operators bound by the aTF and (iv) tuning
the expression of the gene encoding the aTF. (d) The effector specificity of an aTF towards new ligands can be changed by mutating the aTF followed by selection,
(e) A logic gate with a positive correlation between input and output (YES) can be turned into a NOT gate by addition of an activation domain. In (a–e), all black lines
correspond to the transfer function of the reference biosensor, whereas red lines indicate transfer function of engineered biosensors.
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Nuclear localisation signal
The transport of molecules between the nucleus and cytoplasm
is made possible by the nuclear pore complex (NPC). NPCs function as canals and allow free diffusion of molecules and small
proteins in and out of the nucleus. Even though the NPCs are
large enough to allow free diffusion of macromolecules smaller
than 50 kDa, they function as a barrier by preventing the diffusion of larger proteins to the nucleus, unless a nuclear localisation signal (NLS) is encoded in their primary structure (Hahn
et al. 2008). A common choice of NLS to support nuclear localisation of aTFs is the simian virus 40 (SV40) NLS (Feng et al.
2015; Ikushima, Zhao and Boeke 2015; Li et al. 2015; Garst et al.
2016; Hector and Mertens 2017; Ikushima and Boeke 2017), and
it has been shown that the absence of the NLS can lead to a
non-functional biosensor (Li et al. 2015). Specifically, Li and coworkers compared the ability of FapR from B. subtilis to repress
the transcription of the reporter gene when expressed in presence or absence of the NLS and showed that the strain harbouring FapR with NLS showed 30% of the fluorescence intensity of
the control strain not expressing FapR, while the strain harbouring the repressor without the NLS showed fluorescence comparable to the strain without the repressor. Yet, the presence of
the NLS does not seem strictly necessary when employing aTFs,
which have a molecular mass lower or comparable to the nuclear pore diffusion limit (Teo, Hee and Chang 2013; Ikushima,
Zhao and Boeke 2015; Skjoedt et al. 2016), but NLS should indeed
be considered a design parameter when engineering aTF-based
biosensors in yeast.

Module transferability
The simple road-block of RNA polymerase progression provided by DNA-bound aTF repressors in the absence of effectors

allows engineering of transcriptional activation by addition of
one or several activator domains. Here, the strategy is to add
single or multiple VP16 activation domain(s) from herpes simplex virus to the repressor (Gion et al. 2009; Ottoz, Rudolf and
Stelling 2014; Feng et al. 2015; Ikushima, Zhao and Boeke 2015;
Ikushima and Boeke 2017) (Table 1). In the seminal study on TetR,
a TetR-dependent expression system was developed in mammalian cells in which the aTF was converted from a repressor to
an activator by fusing a VP16 activator domain on the C-terminal
of TetR (Gossen and Bujard 1992) (Fig. 2e). This system, referred
to as Tet-Off, relies on the ability of the TF to bind a synthetic
promoter, where seven operator sequences were linked to a minimal promoter fragment derived from the CMV promoter, and
thereby induce the transcription of the reporter gene in the absence of effectors. The activity of the aTF can then be relieved
by tetracyclin or doxycycline administration (Loew et al. 2010).
Another variant, referred to as Tet-On, where transcription of
the reporter by TetR fused to VP16 is only achieved in the presence of tetracycline or doxycycline, was later developed through
random mutagenesis (Gossen et al. 1995) (Fig. 2e). Both these systems were employed in yeast in order to control gene expression
without perturbing the cellular metabolism, as in the case of
galactose or methionine addition (Bellı́et al. 1998; Urlinger et al.
2000; Giuraniuc, MacPherson and Saka 2013; Roney et al. 2016).
The activator domain is not the only module that can be
added to aTFs. As shown by several groups, both DBDs and
whole proteins can be added (Chou and Keasling 2013; Moser
et al. 2013). Moser et al. (2013), while developing a sensor for
strong methylating compounds, exploited the characteristic of
the Ada protein from E. coli to detect methyl groups on DNA and
to transfer them to a cysteine residue on its amino acidic sequence, which then leads to its activation as an aTF in yeast. To
accomplish this, they fused the N-terminal domain of the Ada
protein, which is the region that allows for both DNA binding
and methyltransferase activity, to the Gal4 transactivation domain (Gal4-AD) in order to induce transcriptional activation in
yeast upon detection of methyl groups (Moser et al. 2013).
In another study, Feng et al. (2015) fused the DBD of Gal4
to a synthetic EBD and to a VP16 module to create sensors for
digoxin, which they later rationally engineered to induce a specificity switch towards progesterone (Fig. 2d). Both sensors could
induce the transcription of the reporter gene by 60-fold upon the
detection of the ligand (Table 1).
Finally, another hybrid biosensor design has been reported by
Chou and Keasling (2013) illustrating the flexibility supported by
the modular transferability of TF protein domains. Here, the authors exploited the ability of an isopentenyl diphosphate (IPP)
isomerase (idi) to dimerise in order to create an IPP sensor in
yeast (Chou and Keasling 2013). To do so, they first created two
chimeric proteins: the first one consisted of the Gal4 DBD fused
to the IPP isomerase, while the second chimeric protein was IPP
isomerase fused to the Gal4 AD. The sensor then relied on the
ability of the IPP isomerase dimer to bring the two Gal4 domains
into close proximity to activate transcription of a reporter gene
controlled by a GAL promoter. After validating the sensor, they
replaced the IPP isomerase module with IPP-binding Erg20 to further improve the dynamic range of the IPP biosensor in yeast
(Chou and Keasling 2013).
In summary, the addition of new modules can allow for the
creation of new biosensors when naturally occurring ones for
a specific target are unknown. By adding a DBD to a synthetically designed EBD, or by adding an AD, it is possible to induce
a stronger response upon the detection of the ligand, since the
de-repression level allowed by repressor-based aTFs is generally
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Mertens (2017) tested three different operator designs: (i) one operator sequence immediately downstream of the TATA element,
(ii) two operators after the TATA element and (iii) two operators flanking the TATA sequence. The addition of the first operator immediately downstream of the TATA sequence decreased
the promoter basal activity by almost 50%, and allowed for a 4fold de-repression when the effector was added. The addition
of a second operator downstream of the TATA sequence caused
an even further decrease in the promoter activity by stronger
repression. Finally, the best performing design, two operators
flanking the TATA element, had a basal expression comparable
to the promoter with only one operator, but allowed for approximately 8-fold de-repression. This is a clear example of how the
same number of operators can have significantly different outputs when positioned differently. However, the position of operator(s) is not the only design parameter impacting reporter
promoter output. Wang et al. (2016) showed that different operator sequences can also perturb the operational range of biosensors. This was particularly exemplified by exchanging the operator site of XylR from Staphylococcus xylosus with the operator
sequence of the homologous from Bacillus subtilis. Swapping between these two operators changed the operational range from
0 to 20 g L−1 of xylose, to be saturated at <5 g L−1 (Table 1)(Wang,
Li and Zhao 2016). By designing a degenerate operator sequence,
the authors identified several operational ranges, and were also
able to achieve an increase in dynamic range. This behaviour
brings new importance to the interaction between the aTF DBD
and the operator of choice, and provides additional means to
developing biosensors with sought-for transfer function characteristics.
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lower than the induction of aTFs fused with activation domains
(Table 1). Also, by testing different modules, such as different
ADs or EBDs, it is possible to improve the sensor’s response,
leading to an improved dynamic range (Chou and Keasling 2013;
Ottoz, Rudolf and Stelling 2014) (Fig. 2c).

Engineering new specificities and improving
performances in existing aTFs

APPLICATIONS OF TF-BASED BIOSENSORS IN
YEAST
TF-based biosensors described in section ‘Biosensor design engineering’ have been implemented in yeast for different applications that range from the detection of pollutants to actuators
on native yeast metabolism to improve overall cell factory performances. In this section, we review applications of aTF biosensors in yeast, while a list of aTF biosensors currently known to
have been employed in yeast is found in Table 1.

aTF biosensor-reporter systems in yeast
Industrially relevant organisms like Sa. cerevisiae are able to
metabolise glucose, which is the most abundant sugar in the
lignocellulosic biomass. However, in order to bring down cost
of biobased production from yeast, it is important to improve its
feedstock utilisation. In addition to glucose, xylose represents an
important fraction of available sugars in lignocellulosic biomass
(Hector and Mertens 2017). In order to create a sensor that could
allow for protein expression or gene circuits development induced by xylose, various groups have developed xylose biosensors based on XylR, a xylose-responsive transcriptional regulator found in bacteria (Table 1) (Teo and Chang 2015; Wang, Li and
Zhao 2016; Hector and Mertens 2017).
Wang et al. (2016) developed a xylose-dependent biosensor
based on S. xylosus XylR, which is characterised by a broad operational range (Table 1). To demonstrate the utility of the sensor, the authors used directed evolution to improve the xylose
transportation capacity of hexose transporter HXT14 from Sa.
cerevisiae. Here, a mutant library of the gene encoding HXT14
was created via epPCR and the library was introduced in the
strain already containing the xylose biosensor. After the addition of xylose, cells with higher fluorescence were selected by
FACS, thereby allowing the identification of a xylose transporter
with a 6.5-fold higher transportation capacity (Fig. 3a).
Another example of biosensor used as a screening system
comes from Li et al. (2015) where authors used an aTF-based
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Many aTFs have been identified based on traditional forward engineering (Shamanna and Sanderson 1979; Neidle, Hartnett and
Ornston 1989). However, it still remains a challenge to infer ligand specificity of an aTF from such studies. Even after exhaustive database mining, it may still not be possible to correlate
an aTF to a specific compound of interest (see section ‘Biosensor prospecting’). In such cases, it may be necessary to engineer
a preexisting aTF with new ligand specificity of interest. However, one of the challenges researchers are facing when aiming
to engineer new specificities into existing aTF-based biosensors
is the need to simultaneously maintain critical properties like
DNA binding, allosteric signal transduction, dimerisation and
general protein structure, as all of these functionalities are crucial for ligand-induced transcriptional regulation (Raman et al.
2014). However, learning from nature’s rich diversity of aTFs,
several studies have shown that both rational and directed evolution approaches can be used to successfully engineer new ligand specificities into existing aTF-based biosensors (Fig. 2d).
As for directed evolution, several examples have been reported in bacteria using random mutagenesis based on errorprone PCR (epPCR) coupled with ligand-specific selection in order to affinity-mature aTFs for new ligand specificities (Cebolla,
Sousa and De Lorenzo 1997; Collins, Arnold and Leadbetter 2005;
Taylor et al. 2015; Xiong et al. 2017). While most of these examples refer to studies in bacteria, a few studies highlight the power
of directed evolution for improving the biosensor performance
of aTFs when engineer in yeast. In relation to ligand specificity,
Chockalingam et al. (2005) adopted directed evolution to alter
the specificity of the human estrogen receptor alpha (hER-alpha)
from 17-beta estradiol to 4,4′ -dihydrobenzyl (DHB) by site saturation mutagenesis on ligand contacting residues, and epPCR
on the whole receptor. Library variants with improved response
to DHB relative to parental hER-alpha were selected based on
growth of the host yeast cells in medium containing an appropriate concentration of DHB. Taken together, these studies have
demonstrated that mutating residues involved in the binding
site can change ligand specificity without affecting allosteric
function. However, it should be noted that the specific residues
that give rise to allostery are generally unknown and do not tend
to be localised in certain parts of the protein (Süel et al. 2003).
Furthermore, mutations in EBD tend to alter allosteric communication with the DBD and mutations can have far-reaching effects (Raman et al. 2014; Taylor et al. 2015).
In addition to studies related to changes in specificity, directed evolution can also be used to improve the transfer function of an existing aTF. By increasing aTFs specificity and sensitivity towards the ligand and altering the binding affinity to
the operator sequence, it is possible to modify most of the
characteristics of the transfer function exemplified in Fig. 2.
For instance, Skjoedt et al. (2016) showed that directed evolution on BenM’s EBD via epPCR, yeast plasmid gap repair and
fluorescence-activated cell sorting (FACS) enabled the identification of aTF variants with >10-fold increase in reporter gene
output upon the presence of CCM, while wild-type BenM was

only able to induce 4-fold (Fig. 2c). In another example, yet performed in bacteria, Richards et al. (2017) recently showed that
by random mutagenesis it is possible to induce a YES/NOT logic
gate inversion in a LacI variant which was previously made insensitive to the ligand by removing the allosteric communication between the EBD and the DBD (Fig. 2e). These variants, generated via epPCR and transformed in E. coli, also show different
responses to increasing concentrations of the effector and different operational ranges.
In addition to random mutagenesis, computational approaches are also being developed and have been employed to
create sensors with new specificities. An example that clearly
states the potential of this method comes from De Los Santos
et al. (2016), where the authors were able to induce a vanillin
response into QacR from S. aureus by computational design, an
aTF that is induced by a broad range of structurally dissimilar
compounds. Similarly, Taylor et al. (2015) adopted both random
epPCR-based and Rosetta-guided mutagenesis to change ligand
specificity of LacI.
To summarise, by using a combination of computational,
random and site saturation mutagenesis methods, coupled with
adequate selection, it is possible to create sensors with improved
or novel characteristics, and therefore allow a broadening of the
range of applications where aTFs can be employed.
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biosensor to screen a genome-wide overexpression cDNA library
to identify enzymes that could improve 3-hydroxypropionic acid
(3-HP)(Fig. 3a). The sensor is based on FapR (Table 1) from B. subtilis, a TF that is able to detect malonyl-CoA, a key intermediate
for the biosynthesis of several industrially relevant compounds
such as 3-HP, an attractive value-added chemical. This approach
allowed them to identify two enzymes, PMP1 and TPI1, which
lead to higher GFP de-repression. The first gene encodes for a
plasma membrane that regulates a plasma membrane proton
ATPase, while the latter encodes a triose phosphate isomerase.
The overexpression of these two genes singularly lead to a 116%
and 120% increase in 3-HP production respectively, compared to
the control strain. Interestingly, the overexpression of both enzymes simultaneously led to lower titres, comparable to the control strain (Li et al. 2015).
More recently, BenM from Acinetobacter sp. ADP1 and FdeR
from Herbaspirillum seropedicae (Table 1) were used to screen cell
factories in order to identify best-performing pathway designs
for naringenin and CCM, the latter being an important precursor for bioplastic production (Curran et al. 2013; Skjoedt et al.
2016). Subsequently, the production strains were tested by HPLC
and flow cytometry. Here, the authors observed a strong correlation (r = 0.98) between the fluorescence intensity and biobased
production of CCM and narigenin, demonstrating the ability
of these biosensor as orthogonal screening systems for highproducing strains (Fig. 3a)(Skjoedt et al. 2016).
Biosensors can be employed outside the field of cell factory
design, and can be used as tools to screen for environmental
contaminants found in water and soil. One of the earliest examples of applying aTFs as environmental screening tools is
founded on the human estrogen receptor alpha (Sanseverino
et al. 2005). This biosensor allowed the detection of chemicals
with estrogenic activity, which are able to damage the endocrine
system in vertebrates. To detect those chemicals Sanseverino
et al. (2005) developed a biosensor based on hER-alpha and the
bacterial lux cassette (luxCDABE)(Table 1), which allowed for fast
and easy detection of estrogenic compounds within hours of
sampling (Fig. 3b). Apart from the almost real-time monitoring
potential, this system allows for, there are still different limitations, the most important of which is that yeast cells respond
differently when subjected to different estrogenic molecules
and may not be able to detect specific estrogenic compounds
(Sanseverino et al. 2005).

Another class of toxic molecules that are common both in
industry and in agriculture is represented by methylating chemicals, and in order to detect the presence of these compounds in
the environment, Moser et al. (2013) developed a system that relies on the E. coli Ada protein to be directly methylated and/or to
detect DNA methylation, and to transduce a quantifiable signal
via a fluorescent output. This sensor is particularly interesting
because it is able to detect methyl iodide (MeI) which is used in
agriculture as a controversial fumigant. To validate the sensor,
the authors added an aqueous solution of MeI to a soil sample
and monitored fluorescence as a proxy for MeI levels over time
using the biosensor (Fig. 3b)(Moser et al. 2013)

aTF biosensor selection in yeast
Biosensors as a tool to screen libraries based on fluorescence
have proved very useful. However, screening large libraries
based on their fluorescence levels requires expensive instrumentation and, in order to screen for even larger libraries, the
coupling of the biosensor to a selection assay has proved very
useful (Dietrich, McKee and Keasling 2010). Two such examples
come from Umeyama, Okada and Ito (2013) and Feng et al. (2015).
The first example relies on the MetJ repressor fused to a B42 activation domain to induce the transcription of HIS3 LEU2 and
Venus genes in the presence of S-adenosylmethionine (SAM).
Additionally, the system is repressed by the Dox-responsive repressor TetR to allow for further tuning of the sensor-selector
system (Fig 3a). By this dual-input system, GAL11 was identified as an enhancer of SAM accumulation. In the second example, the authors developed a system where a hybrid synthetic TF
based on the DBD of Gal4, an evolved progesterone-responsive
EBD and a VP16 module was used to control progesteronedependent expression of HIS3 (Fig. 3a). This is particularly interesting because yeast-based platforms for the biosynthesis
progesterone have already been developed (Duport et al. 1998).
Progesterone is synthesised by the conversion of pregnenolone
to progesterone by the enzyme 3β-hydroxysteroid dehydrogenase (3β-HSD). To develop a selection assay, they added a His3inhibitor to plates supplemented with pregnenolone, so that the
cells harbouring the wild-type 3β-HSD were not able to produce enough progesterone to complement the histidine auxotrophy. Next, they mutagenised the 3β-HSD by epPCR and selected clones that could grow on the selective medium. Two of
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Figure 3. Applications of aTF-based biosensors in yeast. (a) Biosensors based on aTFs have allowed the screening of cDNA libraries, protein variants and combinatorial
pathway designs in high throughput, by coupling accumulation of carbon sources and metabolites with expression of reporters, selectors or actuators. Such efforts
have allowed the screening of cell factories with improved carbon source uptake and productivity of various chemicals. (b) Environmental biosensing using aTF-based
biosensors in yeast has been applied for monitoring of hazardous methylating and estrogenic compounds.
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the surviving clones, harbouring a single amino acid mutation,
were analysed for progesterone production by gas chromatography and mass spectroscopy. Both the clones were able to produce twice as much progesterone compared to the cells with the
wild-type enzyme (Feng et al. 2015).

aTF biosensor actuation in yeast

CONCLUSIONS AND PERSPECTIVES
In order to improve the applicability of biosensors, it is critical
to expand the chemical space that biosensors are able to detect, or can be engineered to detect (Delépine et al. 2016). From
the studies performed on biosensor development, it is clear that
achieving an optimal tuning between the elements composing
the biosensor can indeed be performed by both rational and
randomised approaches, as demonstrated using targeted engineering of modular domains and directed evolution, respectively (Fig. 2). However, forward engineering of aTFs with novel
specificities and enhanced transfer functions is generally not
feasible to date. In terms of transfer function, the goal is to gain
enough understanding to design a functional biosensor by correlating the level of expression of the aTF to the synthetic promoter, containing a specific operator design, and operator variants that have different strengths, controlling the reporter gene,
allowing for both relevant dynamic and operational ranges. Similarly, this also applies to engineering of new specificities at the
aTF level. Here a deeper understanding of the structure to function knowledge is needed as not only operational and dynamic
ranges depend on the aTF protein structure but also the specificity. Gathering more data focusing on the structure to function relationships of allostery is a prominent path towards increasing our understanding of aTF functionality and the underlying design principles (Taylor et al. 2015; Richards, Meyer and
Wilson 2017). Emerging and future studies based on laboratory evolution coupled with next-generation sequencing are expected to enable the build-up of data-sets supporting the construction of machine-learning algorithms with predictive power
on aTF biosensor designs in relation to both transfer function
and ligand specificity.
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Abstract
Allosterically regulated transcription factors (aTFs) based biosensors from prokaryotes have
been widely used to screen large gene libraries, stabilize engineered microbes from evolutionary
drifting, and for detection of soil pollutants, among many other applications. However, even though
aTF-based biosensors have been established as successful tools for bioengineering and remediation,
rational engineering of aTF small molecule-specificity have so far not been demonstrated,
highlighting the need for a deeper understanding of the sequence-function relationships that govern
aTF allostery. Here, by combining directed evolution of a naïve library of VanR, a vanillic acid
transcriptional regulator from Caulobacter crescentus in yeast, followed by saturation mutagenesis
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of selected positions we identify residues required for vanillic acid responsiveness, while at the
same time maintaining responsiveness to vanillin. Selected single-position VanR mutants show
both complete repression of transcription in the absence of any ligand, complete loss of vanillic acid
responsiveness, while still maintaining high derepression in the presence of vanillin. By
computational ligand docking analyses we also discuss the structure-function relationship single
mutations can have on aTF specificity, an attribute potentially accounting for the wide-spread arise
of aTF members belonging to the GntR superfamily of transcriptional regulators.

1. Introduction
Advances in the field of genetic engineering supports the construction of large
combinatorial libraries where we can simultaneously swap homologous genes from different
organisms, promoters, and other regulatory sequences at high precision and efficiencies.1 These
advances have been fueled by the advent of CRISPR/Cas9, combined with a drop in DNA synthesis
costs.2 However, as the precision and efficiency by which new genetically-encoded designs can be
engineered, the means to prototype genetically encoded library information has become a
bottleneck, and the development of screening systems adjusted to user-specific requirements, both
in terms of input specificity and dynamic output signals, are thus in high demand.3
Allosterically regulated transcription factors (aTFs) are a well-established class of
biosensors which has been developed and applied for high-throughput screening and directed
evolution of

enzymes,4 bioremediation,5,6 and for building and characterising population

dynamics.7 While aTFs are almost exclusively found in the prokaryotic kingdom, the diverse
environmental cues and metabolic perturbations perceived in vivo by aTFs has made them
engineering hotspots for the synthetic biology community focusing on the design and
implementation of small molecule-inducible logics controls across all kingdoms of life. Indeed,
allosterically regulated biosensors have been successfully employed for biotechnological purposes
in yeast, bacterial cells,8–11,12 and in mammals in order to control gene expression for clinical
applications.13,14
Mechanistically, being transcription factors, aTF functionality is constituted by a DNAbinding domain (DBD) and a effector-binding domain (EBD), with the DBD being conserved
among aTF-family members.15 In prokaryotes, aTFs are abundantly present, where they via
sequence-diverse effector-binding domains (EBDs) detect perturbations in specific metabolite
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abundances, and in response to such perturbations regulate target gene expression via allosterically
regulated binding or release to operator sequences through conserved DNA-binding domains
(DBD).16,171617 The most prominent example of aTF-mediated control of gene expression is
exemplified by

the transcriptional repressor TetR from Escherichia coli, which blocks the

transcription of the tetA gene, encoding the tetracycline efflux pump, in the absence of intracellular
tetracycline

18

. Beyond TetR, and TetR family of aTF repressors, several other families encode

aTFs with specificity towards a broad range of metabolites, using diverse modes-of-action to
control gene expression.19
While several successful applications of aTFs have been exemplified, rational engineering
of aTF EBDs for user-defined small molecule-specificity have so far not been demonstrated. This is
largely due to lack of mechanistic and sequence-function understanding of aTF allostery itself.
Hence, unless a biosensor for the candidate metabolite already exists in nature, the ability to
engineer and develop aTFs with high specificity for metabolites of interest constitutes a high gain
endeavour of synthetic biology. To this end, several studies have highlighted the power of
evolution-guided engineering of biosensor specificity, including key residues involved in aTF
response curves and ligand specificity.20–23 Furthermore, aTF ligand promiscuity is acknowledged
in a number of examples.24–26
Here we present the development of a biosensor based on the aTF VanR from Caulobacter
crescentus for the detection of vanillic acid and vanillin in baker’s yeast Saccharomyces cerevisiae.
From an initial successful design of a vanillic acid biosensor, we adopt directed evolution of the
VanR EBD to identify mutations involved in VanR responsiveness towards vanillin only. From
this, we deep-scan the mutational space using targeted NNK/NNS mutagenesis and domain-docking
analyses, in order to search for mutations related to the sensing of vanillic acid and vanillin in
VanR, and based on this we identify single-residue changes diminishing the responsiveness of
VanR to its native ligand, vanillic acid, while maintaining responsiveness to vanillin.

2. Method and materials
2.1 Strains, chemicals and media.
Saccharomyces cerevisiae CEN.PK113-11C (MATa MAL2-8C SUC2 ura3-52 his3∆) strain
was obtained from P. Kötter (Johann Wolfgang Goethe University, Frankfurt, Germany) and was
used as the background strain in this study. The complete list of yeast strains used in this study can
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be found in Supplementary Table 1. The chemicals used in this study were obtained from SigmaAldrich, unless otherwise specified. S. cerevisiae strains were grown at 30°C, 250rpm in Minimal
medium, Synthetic Complete medium and YP medium. Synthetic complete (SC) medium and YP
medium were purchased from Sigma-Aldrich, while mineral medium was prepared according to
previous publications.27 The pH of the Mineral medium was adjusted to 4 for applications involving
vanillic acid while a pH of 6 was used for medium supplemented with vanillin.
2.2 Synthetic genes and oligonucleotides.
Oligonucleotides and synthetic genes were commercially synthesized by Integrated DNA
Technologies, Inc. Sequences of promoters and synthetic genes used in this study can be found in
Supplementary Table 2.
2.3 Plasmids, strains and library construction.
The complete list of plasmids used in this study can be found in supplementary information
(Supplementary Table 3). The episomal plasmids used in this study were assembled by USER
cloning as previously decribed.28

The All-in-one backbone plasmid used for marker-free

integration of TEF1p_2xVanO:GFP in the XI-3 site was assembled as follows: first, Cas9 was
amplified from plasmid (p414-TEF1p-Cas9-CYC1t; Addgene id: 43802) with primers TJOS-9F and
TJOS-160, there is RNR2 promoter was amplified from CEN.PK genome with primers MeLS062-F
and MeLS063-R. Amplified parts were treated with USER enzyme (NEB) and cloned to USER
cloning ready vector (pTAJAK-96)29,30 to constitute plasmid pRNR2-Cas9-CYC1t. Due to cloning
compatibility issues the PvuII site in Cas9 and AsiSI in RNR2 promoter was mutated by first,
amplifying the pRNR2-Cas9-CYC1t plasmid with TJOS-104F and TJOS-104R, and re-ligating to
silently mutate PvuII site; second amplifying plasmid again with primers TJOS-105F and TJOS105R, and re-ligating to mutate AsiSI restriction site. Finally, pRNR2-Cas9-CYC1t construct, with
PvuII and AsiSI sites mutated, was amplified with TJOS-169F and TJOS-169R, and USER
treated/cloned with pTAJAK-7231 previously amplified with TJOS-170F and TJOS-170R, and
resulting plasmid was named pTAJAK-168. The marker in pTAJAK-168 from KanMX to NatMX
was replaced as described by Jessop-Fabre and co-workers for construction of pTAJAK-7132. The
resulting plasmid with NatMX marker carrying USER cloning site and expressing Cas9 from RNR2
promoter was named pTAJAK-177. Escherichia coli strain DH5α was used as a host for cloning
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and plasmid propagation. E. coli strains were grown at 37 °C in Luria-Bertani (LB) medium where
100 µg/mL ampicillin was added.
All the genes used in this study were codon optimised for expression in yeast and, unless
otherwise stated, the plasmids were assembled by USER cloning. The USER tails were amplified
by PCR. All yeast transformations were carried with the lithium acetate/polyethylene glycol/single
carrier DNA method described by Gietz and coworkers.33 The transformants were then selected on
the appropriate drop-out medium plates or supplemented with the appropriate antibiotic.

2.4 VanR mutagenesis
In order to optimise VanR, three steps of error prone PCR (epPCR) were performed on the
predicted effector binding site (position 243-719). The GeneMorph II kit was used for this purpose,
according to manufacturer's description (Agilent Technologies).
Homologous tails were then introduced by PCR and the insert was introduced in a S.
cerevisiae strain carrying a yeast enhanced GFP gene under the control of the TEF1 promoter
containing the operator sequence by gap-repair.34 Similarly, NNK/NNS libraries were prepared by
introducing random nucleotides (NNS or NNK) instead of the codon encoding the amino acid to be
randomised.35 Primers carrying the randomized nucleotides were used to amplify the full plasmid,
which was then introduced in S. cerevisiae by gap-repair.34 Single colonies were then selected
randomly for screening purposes.
2.5 Fluorescence-activated cell sorting
The VanR mutant library was inoculated in mineral medium without ligand and were
incubated at 30 °C for 24 hours. Next, the cells were diluted 1:50 in fresh mineral medium, with
and without the inducer, depending on the sorting step, and incubated for 24 hours at 30 °C. The
cells were then diluted in PBS and the GFP intensity of individual cells was measured using a BD
Biosciences Aria (Becton Dickinson) with a blue laser (488 nm). The yeast strains were then
collected depending on the desired phenotype by setting tight gates, as exemplified in Fig. 2A. The
gates were drawn on the FITC-A vs FSC-A plot, to avoid any bias related to the cell size. The cells
were then rescued in SC-Histidine and grown overnight at 30°C at 250rpm. For each sorting step
10,000 cells were collected in 2 mL SC-Histidine medium.
2.6 Flow cytometry measurements and data analysis
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For vanillic acid assays, yeast cells were cultivated overnight at 30°C hours in mineral medium at
pH4. The next day, the cells were diluted 1:50 into fresh mineral medium with and without the
inducer. The cells were then grown for 16h and the fluorescence was then analysed by flow
cytometry using a Fortessa flow cytometer (Becton Dickinson) with a blue laser (488 nm), for
validation of single strains. For each strain 10,000 single-cell events were recorded. The
fluorescence arithmetic mean of the total population was calculated and the fold change, determined
as the ratio between the induced and non-induced state. Similarly, for vanillin applications, the cells
were grown over-night 30°C hours in mineral medium at pH6. The next day, the cells were diluted
1:50 into fresh mineral medium with and without the inducer. The cells were then grown for 16h
and the fluorescence was then analysed by flow cytometry. Unless otherwise stated, the data is
represented by an average of three biological replicates and the error bars represent the standard
deviation between these measurements.
The IC50 values were determined by polynomial fitting the dose-response curves. The
equations were then solved for the ligand concentration corresponding to 50% of the maximum derepression.
2.7 Structure modelling and computational analysis
The sequence of VanR (WP_010920250.1) consists of 244 amino acids (AAs), was
retrieved

from

the

National

Center

for

Biotechnology

Information

(NCBI)

at

http://www.ncbi.nlm.nih.gov/protein (sequence is provided in Supplementary Table 2). Protein
BLAST analysis against Protein Data Bank (PDB) database showed that 3D protein structure of
VanR is not available experimentally. Full length sequence of VanR (244 AAs) was used for 3D
protein structure modeling using YASARA Structure Version 17.1.28.36 Quality of model structures
were evaluated according to statistical parameters on YASARA protocol36 to select the best model
for molecular docking studies. The structure of VanR variants (F165V, F165R) was generated using
the FoldX method36–38 implemented in the YASARA Structure Version 17.1.28.37

A FoldX

mutation run including rotamer search, exploring alternative conformations (3 independent runs) of
substitutions (F165V, F165R) and the surrounding side chains below 6 Å distance from F165
residue was performed during the FoldX energy minimization employing a probability-based
rotamer library.39–41
Chemical structures of vanillin and vanillic acid were retrieved from NCBI-PubChem
database (https://pubchem.ncbi.nlm.nih.gov/). Structures were checked and cleaned up using

43

ChemDraw v16.0. Molecular docking of vanillin and vanillic acid with VanR WT and variants
was performed using AutoDock implemented in the YASARA software package.36 The protein
residues were treated using the AMBER ff99.42 The ligand atoms were treated using GAFF43,44 with
AM1-BCC partial charges45 employing particle mesh Ewald46 for long-range electrostatic
interactions and a direct force cutoff of 10.5 Å. Twenty five docking runs were performed and the
obtained docking poses were clustered by applying a root mean square deviation (RMSD) cutoff
of 1.0 Å with the default settings implemented within the YASARA dock_run macro file.36
Docking poses were analyzed in YASARA Structure Version 17.1.2836 and graphics were prepared
in PyMOL.47

3. Results
3.1 Design and characterization of VanR in yeast
While an AraC mutant with responsiveness to vanillin in E. coli has recently been
published,23 VanR from Caulobacter crescentus was selected for this study, motivated by the
previous implementation of VanR as a vanillic acid biosensor in mammalian cells, and the
relevance of vanillic acid in the yeast-based biosynthesis of vanillin commercially from a
biotechnological point of view.48–50 Furthermore, VanR is a transcription factor belonging to the
GntR family of transcriptional regulators, a large aTF family found in different bacteria, known to
regulate several metabolic responses, including amino-acid metabolism and ABC transporter
systems, under various environmental conditions.51,52
In order to engineer VanR as a vanillic acid biosensor in yeast, nine different biosensor
designs were initially tested (Fig. 1A, B). Specifically, for the reporter output promoter, two copies
of the operator sequence (VanO; ATTGGATCCAAT) recognized by the DBD of VanR, were
inserted into three different yeast promoters (TEF1p, CYC1p, and a truncated pCYC1 (209bpCYC1p) covering approx. two orders of magnitude in expression levels.10,53 The two operator
copies were separated by the Eco47III restriction site, as previously shown by Gitzinger and coworkers.13 For all three reporter promoters, the two copies of VanO separated by the Eco47III
restriction site were inserted 7 bp downstream the TATA elements (Supplementary Table 2).
Similarly, VanR was cloned under the control of two different promoters, namely weak REV1p,
and strong TEF1p, also covering approximately two orders of magnitude in expression levels (Fig.
1B).54 Additionally, the three different reporter promoters were characterized in cells without
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expression of VanR. Next, the GFP reporter expression for all nine designs were tested on the
microtiter plate reader in the absence of any ligand, in order to first assess the ability of VanR to
repress the transcription of the reporter gene (Fig. 1B). From this experiment, the biosensor design
with both VanR and GFP under the control of pTEF1 resulted in approx. 6-fold repression
compared to strain designs without expression of VanR, whereas a maximum of 2-fold repression
was observed for the other designs (Fig. 1B).
Having established a functional repressive design, the VanR system expressing
TEF1p2xVanO:GFP and TEF1p:VanR was next tested more thoroughly in terms of dynamic output
and operational ranges upon feeding vanillic acid to the cultivation medium. For dynamic output
range the fluorescence increased up to 3.7-fold when vanillic acid was fed, while an operational
range of more than two orders of magnitude, from 16µM up to 4mM, was observed (Fig. 1C).
Moreover, when feeding vanillin, the reduced form of vanillic acid and a natural aroma compound,
it was observed that VanR also responds to vanillin at concentrations above 2 mM (Fig. 1C).
3.2 Directed evolution of VanR ligand specificity
In order to investigate and identify residues related to the observed ligand promiscuity of
VanR between vanillic acid and vanillin, we carried out directed evolution using mutagenesis and
toggled selection.55 More specifically, we initially carried out three rounds of error-prone PCR
(epPCR) of the predicted EBD of wild-type VanR, and next pooled the amplicons for construction
of a VanR EBD-variant library expressed from a centromeric plasmid through plasmid gap repair
(Fig. 2A).10,34 The library of estimated 30,000 VanR-EBD variants was introduced into a platform
TEF1p_2xVanO:GFP reporter strain and screened through a three-step selection method using
fluorescence-activated cell sorting (FACS)(Fig. 2A). For the first sorting, the library was cultivated
in the absence of ligands to select the functional VanR variants maintaining repression of GFP
expression controlled by TEF1p_2xVanO in the apo-form (no ligand bound). This first sorting
enabled selection of approx. 10% of the initial library. In the second selection step, cells expressing
the VanR library were grown in the presence of 0.8 mM vanillic acid, and FACS was used to
remove VanR variants with vanillic acid-mediated depreression of GFP expression. From this
selection approx. 2.5% of the VanR EBD-variant sublibrary from the first sorting was selected.
Following recovery of the second sub-population, 191 clones (approx 2.5x coverage of sublibrary)
were tested in the presence and absence of 4 mM vanillin (Fig. 2A). Based on fold-changes in
reporter gene outputs, top-three best performing variants, herein labelled VanR-F9, VanR-D10 and
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VanR-E3

were

isolated,

re-transformed

into

a

clean

platform

reporter

strain

(i.e.

TEF1p_2xVanO:GFP), and validated by flow cytometry (Fig. 2B).
Among the three variants, we discarded the VanR-F9 and VanR-D10 variants from further
analysis, focusing on the VanR-E3 variant with a relatively low OFF state and five mutations
spanning residues 123-193 central to the VanR EBD (Supplementary Figure 1). This quintuple
VanR EBD-variant (G123W, D131G, F165L, Q191L, Q193L), had a 2.8-fold induction upon
feeding 4 mM vanillin, yet without responsiveness to vanillic acid (Fig. 2B, Supplementary Figure
1).
Next, in order to investigate the minimal mutational space enabling ligand-specificity of
VanR to only vanillin, we constructed an NNK/NNS library for each of the five mutated singlepositions in the VanR-E3 variant (Fig. 3A). In total 84 randomly picked colonies from each singleposition library (5 x 84) were first tested in the absence of ligands in order to assess OFF states of
the VanR mutants. While most variants showed wild-type-like repression across all five positions, a
few variants at positions 123, 165 and 191 showed high GFP expression, indicating that DNAbinding could be abolished for these variants (Supplementary Figure 2). Next, out of the functional
repressors, the response of the library variants to vanillic acid and vanillin was assessed. From this
screen, different single-position mutants of VanR were observed to impact differently on reporter
gene expression (Fig. 3B). More specifically, we observed that mutants at positions 131, 165, and
191 contain mutants which can either increase, decrease or maintain a comparable response to that
of the VanR wild-type for both ligands, whereas mutants at position 123 showed lowered, or VanR
wild type-like, responses to both inducers. Surprisingly, mutants in position 193 showed an
increased response to both the ligands compared to the wild type VanR. Taken together this
analysis indicate that mutations in positions 123 and 193 are largely dispensable for the sought-for
vanillin-only biosensor phenotype of the parental VanR-E3 variant.
3.3 Single-residue resolution of vanillin-specific VanR mutants
In order to further identify and select for single-position vanillin-specific VanR mutants, we
filtered the libraries by selection for mutants that showed no response to vanillic acid, and no less
than a 1.7-fold derepression in the presence of vanillin, as determined by the 25th percentile of
VanR-E3 replicate samples (Fig. 3B). From deep-scanning the mutational hotspots for specificity
derived from directed evolution and toggled selection, we identified seventeen F165 and eight Q191
mutants that were able to detect vanillin but had lost the native VanR wild-type vanillic acid
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response (Fig. 3B). From sequencing of 25 selected variants, 16 unique mutants were identified, 10
for position F165 and 6 for position Q191 (Supplementary Table 4). These mutants were retransformed into clean TEF1p_2xVanO:GFP reporter strains and validated (Fig. 3C). Indeed, we
observed that none of the mutants responded to vanillic acid (Supplementary Figure 3), while
enabling a response to vanillin from 2.5-3.3 fold and 2-2.5 fold for positions F165 and Q191,
respectively (Fig. 3C). Notably, the best-performing single-position VanR variants (F165R/V) show
vanillin-induced de-repression of reporter gene expression comparable or even higher than VanR
wild-type and the previously selected VanR-E3 variant (Fig. 3C).
3.4 Structure-function relationship for VanR vanillin-specificity
According to previous reports of GntR transcriptional regulators, and the model structure of
VanR based on PDB ID 3SXY (resolution 1.65 Å), it is expected that VanR wild-type constitutes
dimeric form (Supplementary Table 5).56,57 Indeed, the model structure has the canonical domain
architecture of the GntR family, with an N-terminal winged helix–turn–helix (WH) DNA-binding
domain and a C-terminal all-α-helical regulatory ligand-binding domain (Fig. 3D, Supplementary
Figure 4).56 The C-terminal domain contains six α-helices (A1-A6), which is a characteristic feature
of VanR family protein while the N-terminal contains the winged-helix DNA-binding domain,
which is the hallmark of the GntR family, and is composed of a canonical order of secondarystructure elements: three α-helices (i.e. α1, α2, α3) and two antiparallel β-sheets (i.e. β1, β2)(Fig.
3D).
In order to elucidate the structure-function relationship of vanillin-specific VanR variants
F165V and F165R compared to VanR wild-type, molecular docking studies of vanillic acid and
vanillin were performed. The docking analyses were analysed to identify the binding modes of the
vanillic acid and vanillin as well as crucial interactions and structural properties that are governing
the binding affinity. It was observed that vanillic acid and vanillin majorly interact at the dimeric
interface F165 of VanR (Fig. 3E). Moreover, vanillic acid exerts higher binding affinity towards
F165 of VanR wild-type compared to vanillin (binding energy -5.02 kcal/mol vs -4.67 kcal/mol)
(Fig. 3E, Supplementary Fig. 5). Vanillic acid interacts with both F165 residues at the dimer
interface of VanR through hydrophobic interactions, whereas vanillin is predicted to interact only
with F165 in chain A at the VanR dimeric interface (Supplementary Figure 4). Additionally,
vanillic acid is predicted to form a H-bond with the P164 residue (Fig. 3E). In the case of variant
F165V, the binding affinity for vanillin (-4.59 kcal/mol) is comparable to VanR wild-type (-4.67
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kcal/mol), whereas F165V has decreased binding affinity for vanillic acid (-4.26 kcal/mol) and a
different binding orientation, compared to the VanR wild-type (Fig. 3F). Similarly, variant F165R is
predicted to have both decreased binding affinity of vanillic acid (-4.28 kcal/mol) as well as
different binding orientation compared to VanR wild-type (-5.02 kcal/mol). However, comparable
interaction was observed for vanillin with F165R (-4.73 kcal/mol) to VanR wild-type (-4.67
kcal/mol) (Fig. 3G, Supplementary Figure 5). For comparison, similar changes in binding energies
was observed to result in 26-fold changes in activity of Candida parapsilosis alcohol
dehydrogenase 5.58 Taken together, the molecular docking studies reveal that the two singlesubstitution VanR variants F165R and F165V presumably lost responsiveness to vanillic acid due
to decreased ligand affinity as well as, in the case of F165R, strengthened interaction with vanillin.

4. Discussion
In this study we have characterized the VanR-based vanillic acid and vanillin biosensor
systems in S. cerevisiae, a well-established model organism and biotechnology workhorse. By
employing directed evolution in combination with toggled selection we were able to evolve the
specificity of the VanR wild-type biosensor towards vanillin, a secondary ligand with a
significantly lower binding affinity towards the effector binding domain (Fig. 3D-F). Moreover, by
deep-scanning the mutation landscape of mutant VanR-E3, a mutational hotspot required for the
specificity evolution, namely position F165, was identified. Mutations in this position lead to the
identification of variants with an improved response to vanillin compared to both VanR wild-type
and the parental VanR-E3 variant, highlighting deep-mutational scanning and meticulous
phenotypic characterization (dose-response curves) to enable identification of sequence-function
relationships useful for the scientific community to build up a much-needed knowledge base for
future predictive engineering of biosensor characteristics. Furthermore, comparing the dynamic
output ranges of the best-performing AraC-derived vanillin biosensor reported in E. coli (35x, 2
mM vanillin) with the one obtained from this study (3x, 4 mM vanillin),23 it is evident that it would
be relevant to further investigate vanillin biosensor engineering in yeast.
The knowledge generated during this study is considered useful as a steppingstone to further
improvement of other structurally similar GntR-type biosensors. One such example could be the
fatty acid-responsive transcription factor FadR, which was successfully employed in yeast as a
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functional biosensor.24 Most importantly, FadR presents several structural similarities with VanR,
and respond promiscuously to fatty acids of different lengths.
In conclusion, in this study we have used directed evolution to identify VanR variants with
user-defined changes in biosensor specificity. From this, we have identified a vanillin-specific
biosensor in S. cerevisiae, which should be relevant for both the biotech industry and synthetic
biology community as a new logic gate.
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Figure legends
Figure 1. VanR characterisation
(A) Schematic overview of the combination of different promoters tested in this study. (B)
Repression strength of different promoter combinations. Mean yeGFP fluorescence values are
expressed in arbitrary units and were measured on the microtiter plate reader. The values are
represented as mean ± s.d. from three (n = 3) biological replicate experiments. (C) Dose-response
function for VanR upon vanillic acid and vanillin feeding at concentrations of, 16µM, 64µM,
256µM, 512µM, 1mM, 2mM and 4mM and in the absence of the ligand. Mean fluorescence values
represented in arbitrary units were measured on flow cytometer. The values are represented as mean
± s.d. from three (n = 3) biological replicate experiments.
Figure 2. Schematic overview of VanR directed evolution approach and isolated strains
(A) Schematic overview of the directed evolution strategy. VanR-EBD was used as a template for 3
rounds of epPCR. The library was then introduced in S. cerevisiae by exploiting the yeast homology
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recombination machinery. Next, sub-populations were collected by fluorescence-activated cell in a
2-step selection where the gates were drawn to first select for functional repressors and then to
select for variants that could not respond to vanillic acid. Next, 191 single colonies were tested for
their response to 4mM vanillin. Responses lower than WT-VanR (orange) are highlighted in green
while stronger are highlighted in grey. (B) Characterisation of the GFP-Fold induction in response
to vanillic acid and vanillin of three selected variants from the 3-step toggled selection. The
fluorescence was evaluated in the absence of the ligands and at 800µM for vanillic acid and at
concentrations of 250µM, 500µM, 1mM, 2mM and 4mM for vanillin. The values represent the
average yeGFP fold induction of the strains when grown in the presence or absence of vanillic acid
and vanillin, respectively. The values are represented as mean ± s.d. from two (n = 2) biological
replicate experiments.
Figure 3. NNK/NNS library generation and screening
(A) Schematic representation of the mutations in VanR-E3 and the NNK/NNS library generation
strategy. For each mutated residue in the VanR-E3 variant, a wild type VanR* gene was
constructed, carrying three random nucleotides at that specific location. The 5 different libraries
were then transformed into yeast by gap-repair, next 84 colonies from each library were selected
and tested for their response to vanillic acid and vanillin (B) GFP fold induction of the NNK/NNS
library in the presence or absence of vanillic acid and vanillin, respectively. Dashed lines represent
lower and upper cut-offs. (C) Validation of 16 unique mutations identified from the NNK/NNS
library screening. Yeast strains were grown in the presence or absence of 4mM vanillin. The values
are represented as mean ± s.d. from three (n = 3) biological replicate experiments. (D) Predicted 3D
structure for wild type VanR. (E-G) Ligand docking simulation with binding energy for vanillic
acid for wild type VanR, VanR(F165V) and VanR(F165R), respectively.
Supplementary Figure 1. Sequences and functional characterization of epPCR-derived VanR
variants. (A) Sequence alignment of the 3 selected variants compared to wild-type VanR. (B)
Mean fluorescence intensity and yeGFP fold-change of the 3 selected VanR variants from epPCR
compared to wild-type VanR. The values represent the average yeGFP and yeGFP fold-change in
response to 0, 0.8, 1.6, 2.4, 3.2, 4.0 mM vanillic acid. The values are represented as mean ± s.d.
from two (n = 3) biological replicate experiments. au = arbitrary units. (C) Estimates of IC50 values
and maximum fold-changes (FCmax) based on vanillic acid and vanillin responses of the 3 selected
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variants compared to wild-type VanR.
Supplementary Figure 2. MFI of the NNK/NNS library in the absence of any ligand
Mean fluorescence intensity of GFP of the NNK/NNS library tested strains when cultivated in the
absence of the ligand.
Supplementary Figure 3. GFP fold induction of selected mutants in the presence of vanillic
acid
GFP fold induction in response to vanillic acid of 16 unique mutations identified from the
NNK/NNS library screening compared to the VanR_E3 and wild type VanR. Yeast strains were
grown in the presence or absence 0.8 mM vanillic acid. The values are represented as mean ± s.d.
from three (n = 3) biological replicate experiments.
Supplementary Figure 4. Ligand docking simulation for vanillin
Binding of vanillin at the dimer interface of wild type VanR (Chain A is green and Chain B is
orange)
Supplementary Figure 5. Ligand docking simulation for vanillin
Ligand docking with binding energy for vanillin for wild-type VanR, VanR(F165V) and
VanR(F165R), respectively.
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Supplementary Figure 1. Sequences and functional characterization of epPCR-derived
VanR variants. (A) Sequence alignment of the 3 selected variants compared to wild-type
VanR. (B) Mean fluorescence intensity and yeGFP fold-change of the 3 selected VanR variants
from epPCR compared to wild-type VanR. The values represent the average yeGFP and yeGFP
fold-change in response to 0, 0.8, 1.6, 2.4, 3.2, 4.0 mM vanillic acid. The values are represented
as mean ± s.d. from two (n = 3) biological replicate experiments. au = arbitrary units. (C)
Estimates of IC50 values and maximum fold-changes (FCmax) based on vanillic acid and vanillin
responses of the 3 selected variants compared to wild-type VanR.
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Supplementary Figure 2. MFI of the NNK/NNS library in the absence of any ligand. Mean
fluorescence intensity of yeGFP of the NNK/NNS library tested strains when cultivated in the
absence of the ligand.
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Supplementary Figure 3. GFP fold induction of selected mutants in the presence of
vanillic acid. yeGFP fold-induction in response to vanillic acid of 16 unique mutations
identified from the NNK/NNS library screening compared to the VanR_E3 and wild type
VanR. Yeast strains were grown in the presence or absence 0.8 mM vanillic acid. The values
are represented as mean ± s.d. from three (n = 3) biological replicate experiments.
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Supplementary Figure 4. Ligand docking simulation for vanillin. Binding of vanillin at the
dimer interface of wild type VanR (Chain A is green and Chain B is orange)

Supplementary Figure 5. Ligand docking simulation for vanillin. Ligand docking with
binding energy for vanillin for wild-type VanR, VanR(F165V) and VanR(F165R),
respectively.
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Supplementay Table 1: List of S. cerevisiae strain used in this study
Strain name

parent strain

CEN.PK113-11C

genotype
/

Plasmid

mat a ura3 his3

yVD_03

CEN.PK113-11C

XI-3(491bp_pCYC1::yeGFP(2xVanO)

yVD_04

CEN.PK113-11C

XI-3(209bp_pCYC1::yeGFP(2xVanO)

yVD_05

CEN.PK113-11C

XI-3(pTEF1::yeGFP(2xVanO)

yVD_09

yVD_03

XI-3(491bp_pCYC1::yeGFP(2xVanO)

pVD_01

yVD_10

yVD_03

XI-3(491bp_pCYC1::yeGFP(2xVanO)

pVD_02

yVD_11

yVD_04

XI-3(209bp_pCYC1::yeGFP(2xVanO)

pVD_01

yVD_12

yVD_04

XI-3(209bp_pCYC1::yeGFP(2xVanO)

pVD_02

yVD_13

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pVD_01

yVD_14

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pVD_02

yVD_15

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pRS416U

yVD_30

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pVD_07

yVD_131

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165I

yVD_132

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165S

yVD_133

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165G

yVD_134

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165Q

yVD_135

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165R

yVD_136

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165V

yVD_137

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165H

yVD_138

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165K

yVD_139

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165T

yVD_140

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_F165N

yVD_141

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191F

yVD_142

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191R

yVD_143

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191W

yVD_144

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191K

yVD_145

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191L

yVD_146

yVD_05

XI-3(pTEF1::yeGFP(2xVanO)

pMut_Q191M
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Supplementay Table 2: List of promoters and genes used in this study
Name

Sequence

pTEF1

GCACACACCATAGCTTCAAAATGTTTCTACTC
CTTTTTTACTCTTCCAGATTTTCTCGGACTCC
GCGCATCGCCGTACCACTTCAAAACACCCAA
GCACAGCATACTAAATTTCCCCTCTTTCTTCC
TCTAGGGTGTCGTTAATTACCCGTACTAAAG
GTTTGGAAAAGAAAAAAGAGACCGCCTCGTT
TCTTTTTCTTCGTCGAAAAAGGCAATAAAAA
TTTTTATCACGTTTCTTTTTCTTGAAAATTTTT
TTTTTTGATTTTTTTCTCTTTCGATGACCTCCC
ATTGATATTTAAGTTAATAAACGGTCTTCAAT
TTCTCAAGTTTCAGTTTCATTTTTCTTGTTCTA
TTACAACTTTTTTTACTTCTTGCTCATTAGAA
AGAAAGCATAGCAATCTAATCTAAGTTTTAA
TTACAA

pREV1

TTCTTAGGCACAACAATATTTATAAAAGAAG
AATGTAAGTATGACGACGAAAACGAAAAGA
CTAATAGTTTCATATAATACTAAACGATTTCA
ATTTTCGTTTTATATCCTTCCTATTCATAAATT
TTATTTCGCTATGCCAATAATGAGTGGATGTA
TAGTTGATATCTGTTTCGATAATTTTAAAGTA
GATAGTAAAATCTTACTGACATGAATAATCC
GTCCAAAACTAGATTACTGTATACAAGCATA
TTTAAAAAAATAATGAAACTATGATCAAAAA
ACTGTGCTACTACAGCGGTGTTGTTATCCGAT
ACAACCGGATATTTTTCTTTTAATGAGTCTAA
ACCGTGATAGCTTCAGGTTAATACAATCAAA
AAAAGCTCAAATATTCTTTTAATGCCGCGTTC
ACAGATTCCAATTGAATACAACTAGGTAGTT
CATTATATGAAGCCTTTGCTACTATTTTTCAC
TATAGTCTGCCTTCACCTTAATGCAGACATCC
ACATATTTTAATCACTTTAAAATAAAAAGGA
AGATATATTAGAAGCTATGATCCAATCTGTA
AGCCAGATTAAAATTCACGAACTCTTCTTTCA
TTTGAATTGAATGCTTTGAGTTGGGGTAGATT
ATCGCAAATTACTCATCACATTTATTGACTAC
GAACTTGCTGATGTCCTTTTTTTATTTATATTT
TTCTTCAGTGAAGCGATTTTTTTTTTACACAG
ACCAAGACGGAAAAAAGTAGCTAAGGAAGA
AAACAAAATCATGAAAAAAATGTGAAGTGA
TCATGCACATCGCATCAACTTAAACATTGGC
TTAGAGATATATAGAGTTAGAGTTTACGGCA
ACCTTTAAGCACCAATACCTTTTGGCATAGTC
TAAAGACCTGGTTCTTAATTTTAAACAAATTT
AACTAAAGATTTCCCTATCAAAGAAGTAACG
AGTTGACAGATTTTCTCAAAATAAATCGATA
CTGCATTTCTAGGCATATCCAGCG

p491_CYC1(2xVanO)

GGAAAACCAAGAAATGAATTATATTTCCGTG
TGAGACGACATCGTCGAATATGATTCAGGGT
AACAGTATTGATGTAATCAATTTCCTACCTGA
ATCTAAAATTCCCGGGAGCAAGATCAAGATG
TTTTCACCGATCTTTCCGGTCTCTTTGGCCGG
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GGTTTACGGACGATGGCAGAAGACCAAAGC
GCCAGTTCATTTGGCGAGCGTTGGTTGGTGG
ATCAAGCCCACGCGTAGGCAATCCTCGAGCA
GATCCGCCAGGCGTGTATATATAGCGTGGAT
GGCCAGGCAACTTTAGTGCTGACACATACAG
GCATATATATATGTGTGCGACGACACATGAT
CATATGGCATGCATGTGCTCTGTATGTATATA
AAACTCTTGTATTGGATCCAATagcgctATTGGA
TCCAATATACATTAGGACCTTTGCAGCATAA
ATTACTATACTTCTATAGACACACAAACACA
AATACACACACTAAATTAATA
p209_CYC1(2xVanO)

CCAGGCAACTTTAGTGCTGACACATACAGGC
ATATATATATGTGTGCGACGACACATGATCA
TATGGCATGCATGTGCTCTGTATGTATATAAA
ACTCTTGTATTGGATCCAATagcgctATTGGATC
CAATATACATTAGGACCTTTGCAGCATAAAT
TACTATACTTCTATAGACACACAAACACAAA
TACACACACTAAATTAATA

pTEF1(2xVanO)

CCACACACCATAGCTTCAAAATGTTTCTACTC
CTTTTTTACTCTTCCAGATTTTCTCGGACTCC
GCGCATCGCCGTACCACTTCAAAACACCCAA
GCACAGCATACTAAATTTCCCCTCTTTCTTCC
TCTAGGGTGTCGTTAATTACCCGTACTAAAG
GTTTGGAAAAGAAAAAAGAGACCGCCTCGTT
TCTTTTTCTTCGTCGAAAAAGGCAATAAAAA
TTTTTATCACGTTTCTTTTTCTTGAAAATTTTT
TTTTTTGATTTTTTTCTCTTTCGATGACCTCCC
ATTGATATTTAAGTTAATAAATTGGATCCAAT
agcgctATTGGATCCAATACGGTCTTCAATTTCT
CAAGTTTCAGTTTCATTTTTCTTGTTCTATTAC
AACTTTTTTTACTTCTTGCTCATTAGAAAGAA
AGCATAGCAATCTAATCTAAGTTTTAATTAC
AA

yeGFP

ATGTCTAAAGGTGAAGAATTATTCACTGGTG
TTGTCCCAATTTTGGTTGAATTAGATGGTGAT
GTTAATGGTCACAAATTTTCTGTCTCCGGTGA
AGGTGAAGGTGATGCTACTTACGGTAAATTG
ACCTTAAAATTTATTTGTACTACTGGTAAATT
GCCAGTTCCATGGCCAACCTTAGTCACTACTT
TCGGTTATGGTGTTCAATGTTTTGCGAGATAC
CCAGATCATATGAAACAACATGACTTTTTCA
AGTCTGCCATGCCAGAAGGTTATGTTCAAGA
AAGAACTATTTTTTTCAAAGATGACGGTAAC
TACAAGACCAGAGCTGAAGTCAAGTTTGAAG
GTGATACCTTAGTTAATAGAATCGAATTAAA
AGGTATTGATTTTAAAGAAGATGGTAACATT
TTAGGTCACAAATTGGAATACAACTATAACT
CTCACAATGTTTACATCATGGCTGACAAACA
AAAGAATGGTATCAAAGTTAACTTCAAAATT
AGACACAACATTGAAGATGGTTCTGTTCAAT
TAGCTGACCATTATCAACAAAATACTCCAAT
TGGTGATGGTCCAGTCTTGTTACCAGACAAC
CATTACTTATCCACTCAATCTGCCTTATCCAA
AGATCCAAACGAAAAGAGAGACCACATGGT
CTTGTTAGAATTTGTTACTGCTGCTGGTATTA
CCCATGGTATGGATGAATTGTACAAATAA
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VanR

ATGGACATGCCGAGAATCAAACCCGGTCAGA
GGGTTATGATGGCGTTGCGTAAGATGATCGC
TAGTGGGGAAATCAAATCCGGCGAAAGGATT
GCAGAGATCCCAACCGCAGCCGCACTGGGGG
TTTCCAGGATGCCAGTCCGTACAGCATTGCG
TAGTTTGGAACAAGAGGGATTGGTGGTTCGT
TTGGGCGCCAGAGGTTACGCGGCTCGTGGTG
TCAGCAGCGACCAAATAAGAGACGCGATCG
AAGTTAGGGGAGTACTGGAAGGGTTCGCTGC
CAGGCGTTTAGCTGAGCGTGGGATGACAGCG
GAAACCCATGCCCGTTTTGTAGCTCTAATTGC
TGAGGGAGAGGCTTTATTTGCAGCAGGGCGT
CTAAACGGAGAGGATCTTGACAGGTATGCTG
CGTACAACCAAGCATTTCACGACACCCTTGT
GTCCGCGGCAGGCAATGGCGCGGTAGAGTCC
GCCCTTGCGCGTAACGGCTTCGAGCCCTTCG
CCGCTGCTGGAGCATTAGCACTTGACCTAAT
GGACTTGCCAGCGGAGTATGAACACCTGCTG
GCGGCCCACAGACAGCATCAAGCCGTATTGG
ATGCGGTGTCATGTGGCGATGCAGAGGGAGC
AGAGAGAATCATGAGGGACCACGCTCTTGCG
GCGATCCGTAACGCAAAAGTTTTTGAAGCTG
CTGCTTCCGCTGGGGCTCCGCTAGGTGCGGC
CTGGAGTATAAGAGCAGACTGA

E3_VanR

ATGGACATGCCGAGAATCAAACCCGGTCAGA
GGGTTATGATGGCGTTGCGTAAGATGATCGC
TAGTGGGGAAATCAAATCCGGCGAAAGGATT
GCAGAGATCCCAACCGCAGCCGCACTGGGGG
TTTCCAGGATGCCAGTCCGTACAGCATTGCG
TAGTTTGGAACAAGAGGGATTGGTGGTTCGT
TTGGGCGCCAGAGGTTACGCGGCTCGTGGTG
TCAGCAGCGACCAAATAAGAGACGCGATCG
AAGTCAGGGGAGTACTGGAAGGGTTCGCTGC
CAGGCGTTTAGCTGAGCGTGGGATGACAGCG
GAAACCCATGCCCGTTTTGTAGCTCTAATTGC
TGAGGGAGAGGCTTTATTTGCAGCATGGCGT
TTAAACGGAGAGGATCTTGGCAGGTATGCTG
CGTACAACCAAGCATTTCACGACACCCTTGT
GTCCGCGGCAGGCAATGGAGCGGTAGAGTCC
GCCCTTGCGCGTAACGGCTTCGAGCCCCTCG
CCGCAGCTGGAGCATTAGCACTTGACCTAAT
GGACTTGCCGGCGGAGTATGAACACCTGCTG
GCAGCCCACAGACTGCATCTAGCCGTATTGG
ATGCGGTGTCATGTGGCGATGCAGAGGGAGC
AGAGAGAATCATGAGGGACCACGCTCTTGCG
GCGATCCGTAACGCAAAAGTTTTTGAAGCTG
CTGCTTCCGCTGGGGCTCCGCTAGGTGCGGC
CTGGAGTATAAGAGCAGACTGA

VanR_D10

ATGGACATGCCGAGAATCAAACCCGGTCAGA
GGGTTATGATGGCGTTGCGTAAGATGATCGC
TAGTGGGGAAATCAAATCCGGCGAAAGGATT
GCAGAGATCCCAACCGCAGCCGCACTGGGGG
TTTCCAGGATGCCAGTCCGTACAGCATTGCG
TAGTTTGGAACAAGAGGGATTGGTGGTTCGT
TTGGGCGCCAGAGGTTACGCGGCTCGTGGTG
TCAGCAGCGACCAAATAAGAGACGCGATCG
AAGTTAGGGGAGTACTGGAAGGGTTCGCTGC
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CAGGCGTTTAGCTGAGCGTTGGATGACAGCG
GAAACCCATGCCCGTTTTGTAGCTCTAATTGC
TGAGGGAGAGGCTTTATTAGCAGCAGGGCGT
CTAAACGGAGAGGATCTTGACAGGTATGCTG
CGTACAACCAAGCATTTCACGACACCCTTGT
GTCCGCGGCAGGCAATGGCGCGGTAGAGTCC
GCCCTTGCGCGTAACGGCTTCGAGCCCTCCG
CCGCTGCTGGAGCATTAGCACTTGACCTAAT
GGACTTGCCAGCGGAGTATGAACACCTGCTG
GCGGCCCACAGACAGCATCAAGCCGTATTGG
ATGCGGTGTCATGCGGCGATGCAGAGGGAGC
AGAGAGAATCATGAGGGACCACGCTCTTGCG
GCGATCCGTAACGCAGAAGTTTTTGAAGCTG
CTGCTTCCGCTGGGGCTCCGCTAGGTGCGGC
CTGGAGTATAAGAGCAGACTGA
VanR_F9

ATGGACATGCCGAGAATCAAACCCGGTCAGA
GGGTTATGATGGCGTTGCGTAAGATGATCGC
TAGTGGGGAAATCAAATCCGGCGAAAGGATT
GCAGAGATCCCAACCGCAGCCGCACTGGGGG
TTTCCAGGATGCCAGTCCGTACAGCATTGCG
TAGTTTGGAACAAGAGGGATTGGTGGTTCGT
TTGGGCGCCAGAGGTTACGCGGCTCGTGGTG
TCAGCAGCGACCAAATAAGAGACGCGATCG
AAGTTAGGGGAGTACTGGAAGGGTTCGCTGC
CAGGCGTTTAGCTGAGCGTGGGACGACAGCG
GAAACCCATGCCCGTTTTGTAGCTCTAATTGC
TGAGGGAGAGGCTTTATTTGCAGCATGGCGT
CTAAACGGAGAGGATCTTGACAGGTGTGCTG
CGTACAACCAAGCATTTCATGACACCCTAGT
GTCCGCGGCAGGCAGTGGCGCGGTAGAGTCC
GCCCTTGCGCGTAACGGCTTCGAGCCCTTCG
CCGCTGTTGGAGCATTAGCACTTGACCTAAT
GGACTCGCCAGCGGAGTATGAACACCTGCTG
GCGGCCCACAGACAGCATCAAGCCGTATTGG
ATGCGGTGTCATGTGGTGATGCAGAGGGAGC
AGAGAGAATCATGAGGGACCACGCTCTTGCG
GCGATCCGTAACACAAAAGTTTTTGAAGCCG
CTGCTTCCGCTGGGGCTCCGCTAGGTGCGGC
CTGGAGTATAAGAGCAGACTGA

Operator sequences are marked in red
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Supplementay Table 3: List of plasmids used in this study
Plasmid name

Description

PVD_01

CEN6/ARS4, pRS416-URA3, TEF1p-VanR-TCYC1

PVD_02

CEN6/ARS4, pRS416-URA3, REV1p-VanR-TCYC1

PVD_03

CEN6/ARS4, pRS416-URA3, 491_CYC1p-(2xVanO)yeGFP-TCYC1

PVD_04

CEN6/ARS4, pRS416-URA3, 209_CYC1p-(2xVanO)yeGFP-TCYC1

PVD_05

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)-yeGFPTCYC1

PVD_07

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)E3_VanR-TCYC1

PVD_100

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165I_VanR-TCYC1

PVD_101

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165S_VanR-TCYC1

PVD_102

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165G_VanR-TCYC1

PVD_103

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165Q_VanR-TCYC1

PVD_104

CEN6/ARS4, pRS416-URA3,
TEF1p-(2xVanO)-F165R_VanR-TCYC1

PVD_105

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165V_VanR-TCYC1

PVD_106

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165H_VanR-TCYC1

PVD_107

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165K_VanR-TCYC1

PVD_108

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165T_VanR-TCYC1

PVD_109

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)F165N_VanR-TCYC1

PVD_110

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191F_VanR-TCYC1
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PVD_111

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191R_VanR-TCYC1

PVD_112

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191W_VanR-TCYC1

PVD_113

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191K_VanR-TCYC1

PVD_114

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191L_VanR-TCYC1

PVD_115

CEN6/ARS4, pRS416-URA3, TEF1p-(2xVanO)Q191M_VanR-TCYC1

p414-TEF1p-Cas9-CYC1t

p414-TRP1, TEF1p-Cas9-CYC1t; Addgene id: 43802

pTAJAK-96

pESC-LEU TJOS-97F-TJOS-97R

pTAJAK-168

KanMx, pRNR2-Cas9-CYC1t

pTAJAK-177

NatMx, pRNR2-Cas9-CYC1t

Supplementay Table 4: Vanillic acid and Vanillin fold change
Position

WT residue

Mutant residue

Vanillic acid
FC

Vanillin FC

191

Q

R

0.864299

1.976093

191

Q

K

0.828821

2.078994

191

Q

M

1.076373

2.13132

191

Q

L

0.886405

2.200336

191

Q

F

0.855348

2.212776

191

Q

W

0.821424

2.420635

F165

F

N

0.929071

2.426167

F165

F

G

0.931516

2.534693

E3

E3

E3

0.784052

2.577762

F165

F

Q

0.921376

2.615305
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F165

F

I

1.142031

2.625415

F165

F

K

1.022167

2.848349

F165

F

T

1.036542

2.84853

F165

F

H

1.071202

2.947071

WT

WT VanR

WT VanR

3.536299

2.96128

F165

F

S

1.014695

3.094295

F165

F

R

0.902335

3.225918

F165

F

V

1.158096

3.262995

Supplementary Table 5:
Top ten templates and their sequence similarity parameters with query sequence VanR
suggested by YASARA Structure Version 17.1.28 (Krieger et al. 2009)
Template Total score BLAST E- Align score
Cover
Resolution
value
3SXY-B

108.74

6e-041

140.0

81%

1.65 A

3FMS-A

104.89

2e-038

143.0

84%

2.20 A

3IHU-A

84.78

7e-023

109.0

82%

1.92 A

2DI3-B

82.13

1e-023

105.0

86%

2.05 A

3C7J-A

63.01

7e-033

79.0

88%

2.10 A

2HS5-A

60.22

2e-029

87.0

82%

2.20 A

4P9F-A

51.22

2e-026

65.0

84%

2.10 A

6AZ6-A

50.04

2e-027

63.0

79%

1.91 A

4U0W-A

44.27

9e-015

61.0

88%

2.00 A

3SXM-B

33.69

2e-013

63.0

54%

1.55 A
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ABSTRACT: Small-molecule binding allosteric transcription
factors (aTFs) derived from bacteria enable real-time monitoring
of metabolite abundances, high-throughput screening of genetic
designs, and dynamic control of metabolism. Yet, engineering of
reporter promoter designs of prokaryotic aTF biosensors in
eukaryotic cells is complex. Here we investigate the impact of
aTF binding site positions at single-nucleotide resolution in >300
reporter promoter designs in Saccharomyces cerevisiae. From this we
identify biosensor output landscapes with transient and distinct
aTF binding site position eﬀects for aTF repressors and activators,
respectively. Next, we present positions for tunable reporter
promoter outputs enabling metabolite-responsive designs for a total of four repressor-type and three activator-type aTF biosensors
with dynamic output ranges up to 8- and 26-fold, respectively. This study highlights aTF binding site positions in reporter promoters
as key for successful biosensor engineering and that repressor-type aTF biosensors allows for more ﬂexibility in terms of choice of
binding site positioning compared to activator-type aTF biosensors.
KEYWORDS: biosensor, transcriptional regulators, operator position, yeast

T

multiplex, as well as dynamic, control of metabolism and in
production stability.6−9
However, when aTF-based biosensors are engineered in
eukaryotes, the general strategy needs to include a means to
express both the prokaryotic candidate aTF(s) and a reporter
gene controlled by a promoter engineered with one or more
prokaryotic aTF binding sites (i.e., operators).10 While no
generally applicable design exists, a few guiding principles
should be adopted to increase the chances of successfully
onboarding prokaryotic aTFs in yeast and other eukaryotes.
First, when repressor-type aTFs are employed, a strong
promoter driving the expression of both the aTF and the
reporter gene has been successfully reported.6,11−14 In
principle, this allows both a high level of repression in the
absence of the ligand (OFF state), and a high dynamic range of
the aTF-based biosensor upon ligand-induced derepression of
reporter gene expression when the aTF detach from the DNA
(ON state). In the case of transcriptional activators, employing
a stronger promoter to drive the transcription of the reporter
gene has been shown to cause leaky expression, and also to

he upsurge of genetic editing capacity in the last decades
has allowed microbial cells to reach the spotlight as key
players in establishing biosustainable alternatives to the
production of ﬁne chemicals and fuels.1 At the heart of robust
successful microbial cell factory engineering is the equilibrium
between cell growth and the production of valuable
metabolites. Finding equilibrium between native growthsupporting metabolism and burdening expression of metabolic
pathway genes is often investigated by targeted perturbations
of gene regulation using regulatory parts libraries with diversity
in their genetic components, expression level, and copy
number.2,3
Following successful design and construction of cell factory
libraries, screening isoclonal cell factory designs for optimal
product titers is often inferred from chromatography
techniques in a low-throughput to semithroughput manner,
ultimately impacting both cost and time required for optimal
cell factory development.4 As a means to mitigate high costs
and long development time spans for cell factory engineering,
development of small-molecule binding biosensors based on
allosteric transcription factors (aTFs) from prokaryotes has
emerged as a promising research strategy.5 Indeed, engineering
aTFs to couple the abundance of a target metabolite or
chemical of interest and report a screenable output that can be
analyzed in high-throughput (e.g., ﬂuorescence or growth) has
enabled screening and selection of cell factory libraries in
© XXXX American Chemical Society
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Figure 1. Single-nucleotide position scanning for optimal aTF biosensor operators in yeast reporter promoters. (A) Schematic outline of the
experimental design used to scan for optimal operator positions for prokaryotic aTFs VanR, BenM, and PcaQ in yeast promoters pTEF1 and
209bp_pCYC1. Red marks depict VanO, BenO, and PcaO operator positioning in pTEF1 and 209bp_pCYC1 promoters. Black marks labeled T1
and T2 represent TATA boxes 1 and 2. (B) Screening yeast strains expressing yeGFP controlled by 81 diﬀerent reporter promoters with VanO
operator positioned in 81 out of 91 possible single-nucleotide positions between the TATA-like element and transcription start site (TSS) of
pTEF1 promoter. Mean ﬂuorescence intensity (MFI) values from ﬂow cytometry measurements of yeGFP intensities in the presence or absence of
4 mM vanillic acid following 16 h of incubation. (C) Screening yeast strains expressing yeGFP controlled by 106 diﬀerent reporter promoters with
BenO operator positioned between the 5′-end and TSS of the 209bp_pCYC1 promoter, with numbers labeled relative to the 5′-end of the
truncated promoter. MFI values from ﬂow cytometry measurements of yeGFP intensities in the presence or absence of 1.4 mM CCM following 22
h of incubation. (D) Screening yeast strains expressing yeGFP controlled by 133 diﬀerent reporter promoters with the PcaO operator positioned
between the 5′-end and TSS of the 209bp_pCYC1 promoter. MFI values from ﬂow cytometry measurements of yeGFP intensities in strains
expressing the gene encoding the 3-dihydroshikimate dehydratase (3DSD) from dung mold Podospora pauciseta converting 3-dehydroshikimic acid
to PCA following 16 h of incubation. (B)−(D) MFI values are shown as mean ± s.d. from at least three (n = 3) biological replicate experiments.
B
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Figure 1. continued
AU, arbitrary units. Horizontal dashed lines indicate the 2-fold cutoﬀ in MFI between yeGFP expression from cells cultivated in the presence or
absence of inducer (B−C) or the 2-fold cutoﬀ in MFI compared to control strains expressing yeGFP without any operator in 209bp_pCYC1 (D).
Vertical dashed lines indicate TATA box positions in the 209bp_pCYC1 promoter. Operator designs and genotypes of all strains are listed in
Supplementary Tables S1 and S6.

we sought to further investigate if deep-scanning operator site
positions would enable successful biosensing of protocatechuic
acid in yeast using PcaQ.
In terms of reporter promoter design for the three aTFbased biosensors, we analyzed the VanO operator library in the
context of the strong constitutive TEF1 promoter (pTEF1)
(Figure 1A), while the weak truncated CYC1 (209bp_pCYC1)
promoter was used as a chassis to screen for optimal operator
positions for the activator-type biosensors BenM or PcaQ since
the only transcriptional activators reported so far in
Saccharomyces cerevisiae rely on this promoter to drive the
expression of the reporter gene (Figure 1A).15 The strong
TEF1 promoter was chosen because transcriptional repressors
have previously been demonstrated to rely on strong reporter
promoters to enable simple validation of successful expression
of aTF repressors in non-native hosts driving the expression of
the reporter gene (i.e., low OFF state when aTF repressor is
expressed).6,11,12,14,30 In all three instances the libraries were
constructed to enable control of expression of the reporter
gene encoding yeast-enhanced green ﬂuorescence protein
(yeGFP).
Taking into account the presence of TATA boxes, TATAlike elements, and transcription start site (TSS) in the two
chosen yeast promoters,15,31 we constructed a total of 320
synthetic reporter promoters for the three candidate biosensors
(Figure 1A). For the vanillic acid biosensor VanR, 91 synthetic
TEF1 promoters carrying two VanR-operator sites separated
by six nucleotides (2xVanO), spanning all single nucleotide
positions between the TATA-like element and the TSS of the
TEF1 promoter,31 were constructed (Figure 1A, Supplementary Table S1). This double operator design, spaced by the
Eco47III restriction site, was used since it was previously
reported to have the highest dynamic range among tested
VanO designs in mammalian cells.18 For the CCM and
protocatechuic acid biosensors BenM and PcaQ, libraries
covering a total of 106 and 133 single nucleotide positions of
either BenO or PcaO operators in 209bp_pCYC1 were
constructed (Figure 1A, Supplementary Table S1). Because
of the relatively large size of the operator sequences compared
to the length of the truncated CYC1-based promoter, we
originally included only one BenO operator site when
constructing the ﬁrst successful activator-type biosensor for
BenM,15 and this design was therefore also adopted for the
BenO and PcaO operator libraries in this study. Each design
controlling the expression of yeGFP was genomically
integrated in strains expressing the corresponding aTF (Figure
1A). Next, for VanR and BenM, ﬂuorescence values were
collected in the presence (ON state) and in the absence (OFF
state) of inducers, vanillic acid and cis,cis-muconic acid,
respectively, supplemented to the medium (Figure 1B,C).
The PcaO reporter promoter library was integrated into a
protocatechuic acid (PCA)-producing strain expressing the
gene encoding 3-dehydroshikimate dehydratase (3DSD) from
dung mold Podospora pauciseta known to catalyze the
conversion of 3-dehydroshikimic acid to PCA in S.
cerevisiae.28,32 Because of the low OFF state provided by the

reduce the dynamic range, while the optimal choice of
promoter for controlling the expression of the allosteric
transcriptional activator should be determined by testing a few
native promoters covering a large expression range.15 While
aTF expression is easily regulated by the use of native
promoters, synthetic reporter promoters driving the conditional expression of biosensor outputs often rely on a number
of engineering parameters, including dampened native
regulation by removal of upstream-regulatory sequences
(URSs),15,16 in combination with searches for optimal operator
positioning within the eukaryotic promoter.6,13,15 Indeed, the
evolutionary encoding of prokaryotic aTF designs is often aTFspeciﬁc with respect to combination of operator length,
sequence motif, and position relative to the core promoter,
impacted by both aTF oligomerization and mode-of-action of
the speciﬁc aTF.17 On this basis, the optimization of reporter
promoters for aTF-based biosensor designs in eukaryotes has
proceeded by trial and error, most often by investigation of a
few random insertion sites for single or multicopy operator
positioning around TATA boxes and/or the transcription start
site (TSS) of the chosen promoter.10 As such, in order to
quantitatively assess the impact of operator positioning, and
from this elucidate designs for optimal biosensor outputs, there
is a need for systematic scanning of operator positions in
eukaryotic reporter promoter designs.
Here we report the deep scanning of operator positioning in
weak and strong yeast promoters. As initial benchmarks, we
investigated the repressor-type vanillic acid-responsive biosensor VanR from the GntR aTF family18,19 and the activatortype cis,cis-muconic acid (CCM) and protocatechuic acid
biosensors BenM and PcaQ, respectively, from the Lys-R type
transcriptional regulator (LTTR) family.15,20 By systematic
evaluation of more than 300 reporter promoter designs, we
here lay out design principles that enable successful smallmolecule biosensing of a total of seven new and previously
engineered biosensors in yeast.

■

RESULTS AND DISCUSSION
To identify optimal designs for aTF-binding sites in yeast
promoters, we choose biosensor systems with diﬀerent modes
of action, oligomerization, and operator lengths for an
introductory deep scanning of optimal operator positioning.19,21,22 Initially, VanR from Caulobacter crescentus was
chosen as a candidate repressor-type biosensor aTF,23 whereas
the LTTR BenM from Acinetobacter baylyi ADP1 was chosen
as a candidate for an activator-type biosensor.15 VanR enables
derepression of gene expression when dislocated from
promoter binding upon binding to vanillate,24,25 whereas
BenM serves as a transcriptional activator upon binding of its
cognate ligand CCM.26 In addition to VanR and BenM, we
also included the LTTR activator protocatechuic acid
biosensor PcaQ from Sinorhizobium meliloti. PcaQ has
previously been reported to be nonfunctional in eukaryotes,
yet protocatechuic acid is an important precursor chemical for
a broad range of value-added chemicals for which a biosensor
could be a promising metabolic engineering tool.27−29 Here,
C
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Figure 2. Testing of selected operator-promoter designs in aTF repressors. (A) Overlay of ﬂuorescence intensity proﬁles of the operator-promoter
designs controlling the expression of yeGFP selected from the single nucleotide deep scanning of the VanO library (Figure 1B). (B) Schematic
outline of the experimental design used to test for optimal operator positions for prokaryotic repressor aTFs VanR, XylR, FapR, and TetR. Red
marks depict the selected operator positioning in pTEF1. The black mark labeled T1 represents the TATA box. (C) Mean ﬂuorescence intensity
(MFI) values from ﬂow cytometry measurements of yeGFP intensities for the selected operator-promoter designs in the presence (ON state) and
absence (OFF state) of 4 mM vanillic acid following 16 h of incubation (VanR + VanO), 13.3 mM D-(+)-xylose following 6 h of incubation (XylR
+ XylO), 13.5 μM cerulenin following 2 h of incubation (FapR + FapO), and 2.3 μM anhydrotetracycline following 16 h of incubation (TetR +
TetO). MFI values are shown as mean ± s.d. from three (n = 3) biological replicate experiments. AU, arbitrary units. The dashed line indicates the
2-fold cutoﬀ in MFI between yeGFP expression from cells cultivated in the presence or absence of inducer. Operator designs and genotypes of all
strains are listed in Supplementary Tables S1 and S6.

library screen, CCM feeding did not lead to changes in yeGFP
expression of the control reporter promoter 209bp_pCYC1
(Figure 1C).
Finally, for the PcaO reporter promoter library, we
characterized yeGFP expression for all possible 133
209bp_pCYC1_PcaO promoter designs in yeast strains
expressing 3DSD. Following 16 h of cultivation, yeGFP
expression was measured and compared to control expression
from the 209bp_pCYC1 promoter without PcaO (Figure 1A).
From this analysis, we observed that while the majority (85/
133) of operator positions enabled >2-fold higher expression
compared to the 209bp_pCYC1 control promoter, distinct
activation of yeGFP expression was observed for positions 163,
144, 145, and 108, enabling changes in yeGFP expression from
8- to 30.3-fold compared to a “no-operator” control strain
(Figure 1D).
While there is limited mechanistic evidence on how
prokaryotic transcriptional activators function in eukaryotes,34
aTF members of the LTTR subfamily exert transcriptional
regulation in prokaryotes by binding as tetramers to two
operators, the regulatory binding site (RBS) and activating
binding site (ABS), simultaneously.22 In the OFF state this
causes DNA bending, thereby preventing access of the RNA
polymerase to speciﬁc sequences of the target promoter called
UP, whereas in the ON state the aTF is displaced from the
ABS, which subsequently causes relaxation of DNA bending
and closer proximity of the RNA polymerase to UP and
ultimately promotes transcription.35,36 Following this mechanism, we hypothesize that BenM and PcaQ, and potentially a
multitude of other aTF members of the LTTR subfamily, only
function as aTFs in eukaryotic transcriptional regulation in a
narrow window of operator positions to ensure that native
transcriptional machinery can discriminate between OFF and
ON states and that this likely depends on the size of both the
aTF operator and the aTF itself. Indeed, the operator sequence
of BenM is composed of three sub-binding sites, of which
BenM is constitutively bound to site 1 and shifts the binding
between site 2 or 3, depending on ligand presence,22 while
only one binding site has been experimentally determined for
PcaQ so far,37 further suggesting that PcaQ interacts with the
reporter promoter diﬀerently than BenM does.37,38

truncated 209bp_pCYC1 promoter, we initially collected only
ON state data, assuming that any signiﬁcant increase in
ﬂuorescence could be a direct result of PcaQ-mediated
activation of GFP expression. All the following analysis
performed on selected PcaO positions will be then compared
to strains without the inducer (Figure 1A,D). Yeast strains
expressing the aTFs and yeGFP under the control of strong
pTEF1 and weak 209bp_pCYC1 promoters were used as
controls throughout the study.
For the deep scanning of optimal VanO positions, we tested
81/91 (89%) pTEF1-2xVanO designs resulting in signiﬁcant
changes (t-test, p < 0.05) in ON state compared to OFF state
reporter outputs in all positions tested, with the majority of the
library (80%) showing ligand-induced changes in yeGFP
expression >2-fold (Figure 1B). Of particular interest in terms
of biosensor dynamic output range, the region covering VanO
operator positions 95−78 enabled gradual increases and
decreases in vanillic acid-induced reporter outputs spanning
fold changes of 4.2−8.6, while maintaining low OFF state
expression (Figure 1B). Contrastingly, operator library designs
extending from position 71 to TSS had higher OFF states,
corroborating earlier ﬁndings that expanding the distance
between TATA box and operator can lead to increases in basal
transcription levels of engineered promoters,33 thus lowering
the overall fold change, as observed here in response to vanillic
acid (Figure 1B). We speculate that increasing the distance
from the TATA box can compromise the ability of the
repressor to obstruct RNA polymerase progression or assembly
of the transcriptional machinery and can highlight operator
positioning within 40−50 bases from the TATA-box to enable
the strongest repression.
For the 209bp_pCYC1_BenO library screen, 96 out of the
106 constructed and characterized designs had <2-fold changes
in yeGFP readout upon CCM feeding (Figure 1C). However,
among the 10 designs with ligand-induced fold changes higher
than 2-fold, we observed a distinct hotspot for BenM activation
within the minimal design space covering positions 181−183,
enabling CCM-induced fold changes from 9.3 to 10.6, while
BenO at position 197 enabled a fold change of 4.3 (Figure
1C). The identiﬁcation of position 183 for functional
prokaryotic activator-type biosensor designs in yeast corroborates our earlier studies.15 Furthermore, as for the VanO
D
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Figure 3. Testing of selected operator-promoter designs in LysR-Type transcriptional regulators (LTTRs). (A) Overlay of ﬂuorescence intensity
proﬁles of the operator-promoter designs controlling expression of yeGFP selected from the single nucleotide deep scanning of PcaO and BenO
libraries (Figure 1C,D). (B) Schematic outline of the experimental design used to test for optimal operator positions in LTTR members BenM,
PcaQ, CatM, MdcR, NodD, and ArgP. Red marks depict the selected operator positioning in the minimal 209bp_pCYC1 promoter. Black marks
labeled T1 and T2 represent TATA boxes 1 and 2. (C) Mean ﬂuorescence intensity (MFI) values from ﬂow cytometry measurements of yeGFP
intensities for the selected operator-promoter designs were collected following 22 h of incubation in the presence (ON state) and absence (OFF
state) of 1.4 mM cis,cis-muconic acid (BenM + BenO), 10 mM malonic acid (MdcR + MdcO), 3 mM cis,cis-muconic acid (CatM + CatO), 0.2 mM
naringenin (NodD + NodO), and 10 mM L-arginine (ArgP + ArgO). PcaQ + PcaO MFI values were collected following 16 h cultivation of strains
expressing (ON state) or not expressing (OFF state) the gene encoding Podospora pauciseta 3-dehydroshikimate dehydratase (3DSD). MFI values
are shown as mean ± s.d. from three (n = 3) biological replicate experiments. AU, arbitrary units. The dashed line indicates the 2-fold cutoﬀ in MFI
between yeGFP expression from cells cultivated in the presence or absence of inducer. Operator designs and genotypes of all strains are listed in
Supplementary Tables S1 and S6. * denotes strain not viable in the ON state.

have previously been reported to work as functional biosensors
for anhydrotetracycline, xylose, and malonyl-CoA, respectively,
in yeast, thus enabling a relevant benchmark to previous
studies.6,13,39 While TetR and XylR biosensor responses to
non-native metabolites tetracycline and xylose are readily
detected from feeding the ligands to the cultivation
medium,13,39 the characterization of the FapR biosensor
output for detection of endogenous malonyl-CoA pools can
be assessed by feeding of cerulenin, a fatty acid synthase (FAS)
inhibitor that allows the increase of intracellular malonyl-CoA
pools.6 Similar to the VanR, for each of the three new
biosensor systems we included a control strain without an aTF
operator in the reporter promoter and screened all strain
designs in the OFF and ON states (Figure 2B,C). From this
screen we observed that position 83, the best performing
position selected from the VanO library screen, only supported
1.9- and 1.4-fold induction in ﬂuorescence for XylR and FapR,
respectively, while for the TetR biosensor no change in
ﬂuorescence was observed (Figure 2C). However, for XylR,
XylO positions 105 and 94 enabled ﬂuorescence induction by
3.4- and 5.2-fold, respectively, which is comparable to the fold
change observed for the XylR biosensor system in yeast
previously published, albeit using another promoter chassis.14
Similarly, for the TetR-TetO biosensor system, both positions
105 and 94 enabled ligand-induced changes in ﬂuorescence of
5.7- and 2-fold, respectively, while the FapR-FapO biosensor
induced yeGFP expression by approximately 2-fold for each of

In summary, deep-scanning operator positions in >300
reporter promoters identiﬁed an 18-bp (positions 78−95)
region in the native TEF1 promoter that supported both low
OFF state expression and up to 8.6-fold ligand-induced
derepression for the repressor-type biosensor VanR, while for
activator-type biosensors BenM and PcaQ, optimal operator
positioning was deﬁned at single-nucleotide resolution with
BenO positions 197, 183, and 182 and PcaO positions 163,
145, and 108, yielding 10.6- and 30.3-fold ligand-induced
activation of reporter promoters, respectively.
To more broadly investigate the regional bias of operator
designs for repressor-type biosensors and the functional
dichotomy of BenO-PcaO operator designs, we next decided
to test selected operator positions in other biosensor systems.
First, from the VanO operator library, positions 105, 94, and
83 were selected as low-, middle- and high-response operator
sites, with ligand-induced fold changes of 2.5-, 5-, and 8.4-fold,
respectively (Figure 1B, Figure 2A). Next, the operators of
three reporter promoter designs were replaced by a single copy
operator for the new batch of repressor-type aTF biosensors;
TetR from Escherichia coli, XylR from C. crescentus, and FapR
from Bacillus subtilis (Figure 2B). The choices of candidate
repressor-type aTF biosensors were guided by the interest (i)
to cover archetypical variants of these three families of
transcriptional regulators and (ii) to span variable operator
sequence lengths, from a minimum of 17bp for TetR to 34bp
in the case of FapR.6,13,39 Moreover, TetR, XylR, and FapR
E
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no operator is present in the genome. Furthermore, despite
LTTRs being structurally and functionally conserved,20 BenM,
PcaQ, and MdcR were the only activator-type aTFs enabling
>2-fold reporter gene induction in this study (Figure 3C).
Nevertheless, for BenM and PcaQ, the biosensors displayed
drastic opposite readouts for their optimal operator-reporter
designs, namely, 183−182 and 108, respectively (Figure 3B),
implying deeper layers of complexity in the mechanism of
induction. Indeed, more detailed knowledge of the speciﬁc
promoter sequences is required for predictive aTF placement
for eﬃcient and conditional RNA polymerase recruitment.27,40
In summary, from the regional operator screen for
functionalization of other repressor-type biosensors, we
observed that all four tested aTFs, including VanR, employing
operator positions 105 and 94 gave rise to functional biosensor
systems (Figure 2C). Furthermore, we observed that the
leakiness of repressor-type biosensor systems increased when
the operator site was located more than 40 nucleotides from
the TATA-like element (Figure 1B). Regarding the activatortype biosensors, although no universal design was established,
we were able to develop a new activator-based biosensor in
yeast. Moreover, our results suggest that onboarding
prokaryotic transcriptional activators in S. cerevisiae may
require deep scanning of operator positions and furthermore
substantiate our previous ﬁnding,15 demonstrating truncated
minimal 209bp_pCYC1 promoter as a platform promoter
chassis for engineering reporter promoters for transcriptional
activator-type biosensors in yeast. LIkewise, given its exceptional >20-fold increase in yeGFP expression in a PCA
production strain without any further engineering of the aTF,
we envision the PCA biosensor PcaQ could be useful for
screening and selection of metabolic routes to the shikimatebased products like vanillin glucoside, catechol, and cis,cismuconic acid.28,44
Lastly, it should be mentioned that beyond testing of
operator positioning, we envision that libraries like the one
functionally characterized in this study would be interesting to
mine biochemically by investigating aTF:DNA binding aﬃnity,
and also through further functional characterization using
combinatorial approaches of aTF biosensor design parameter
(e.g., aTF expression and translation initiation). Ultimately,
such multivariate parameter testing should enable more
predictive engineering of new aTF biosensors for biotechnological and medical applications.

these two operator positions (Figure 2C). As observed from
the VanO library, the diﬀerence in ON/OFF fold change is
largely aﬀected by the reporter promoter activity in the OFF
state (Figure 1B, Supplementary Figure S1). For instance for
the FapO-FapR designs without supplemented ligand (OFF
state), positions 105 and 94 support 84% and 80% repression,
respectively, compared to the modest 53% repression at
position 83 (Supplementary Figure S1). Importantly, the OFF
state repression for FapR observed in this study using a single
operator site at position 105 is comparable to a design
obtained with three operator sites, located ±50bp from TSS,
previously published.6 Likewise, it should be noted that FapR
and VanR were the only biosensors that did not completely
derepress under the tested ON conditions (13.5 μM cerulenin
and 4 mM vanillic acid) as inferred from the highest ON state
at position 83 compared to results for the control strains
without FapR or VanR expressed (Supplementary Figure S1).
Next, for the activator-type biosensors, again based on
designs supporting tunable outputs, we selected three designs
from both the BenO (positions 197, 183, 182) and the PcaO
(positions 163, 145 and 108) library screens (Figure 1B,C,
Figure 3A) and tested their relevance for biosensing on the
basis of other activator-type biosensors from the large LTTR
family of aTFs (Figure 3B). The new activator-type biosensor
candidates comprised the BenM homologue and CCMresponsive CatM from A. baylyi ADP140 and the ﬂavonoidresponsive nodulation genes regulator NodD from Rhizobium
leguminosarum,41 neither of them previously successfully
engineered in eukaryotes. Additionally, we tested two
previously studied activator-type biosensors, namely, the
malonate-responsive MdcR from Klebsiella pneumoniae and
arginine-responsive ArgP from E. coli, respectively, of which
ArgP has not previously been tested in yeast (Figure
3B).15,42,43 As strong promoters were successfully used for
repressor-type aTF biosensors (Figure 2B), by default we also
chose the strong constitutive TDH3 promoter (pTDH3) for
expression of all activator-type aTFs, except NodD and
BenM,15 which we expressed from the weak REV1 promoter
(pREV1) (Figure 3B). Interestingly, for NodD, we never
succeeded in obtaining any viable transformants when we
attempted to transform pTDH3::NodD into yeast (data not
shown).
As for the repressor screen, we tested all cognate aTF and
operator designs in the presence (ON) and absence (OFF) of
inducer ligands and also included the “no operator” 209bppCYC1 reporter promoter as a control (Figure 3B,C). From
the analysis, beyond validation of the CCM and PCA
biosensors (Figure 1C,D, Figure 3C), we observed that the
malonate biosensor MdcR enabled yeGFP induction ranging
from 1.6- to 2.1-fold for all six tested operator positions, with
the highest induction reached for reporter promoter with
MdcO inserted at position 163, although this position also
gives rise to high OFF state expression (Figure 3C). MdcR was
the only newly tested biosensor that enabled a > 2 fold-change
induction, whereas ArgP only sustained a negligible 1.2-fold
induction of yeGFP expression for the best operator position
183. In contrast, the CCM and ﬂavonoid biosensors CatM and
NodD supported modest 1.3- and 1.6-fold yeGFP induction
for design 108 (Figure 3C). With respect to NodD, cell
viability was exclusive observed in the presence of the NodD
operator, indicating that this system may be working properly;
further characterization and engineering is needed to understand possible detrimental “oﬀ-target” events of NodD when

■

METHODS
Strains, Chemicals, and Media. E. coli strain DH5α was
used as a host for cloning and plasmid propagation. Cells were
grown at 37 °C in 2xYT medium supplemented with 100 μg/
mL ampicillin (900 mL of deionized water, 16 g of bacto
tryptone, 10 g of bacto yeast extract, 5 g of NaCl, pH adjusted
to 7, deionized water up to 1 L, autoclave). S. cerevisiae strains
CEN.PK102-5B (MATa ura3-52 his3Δ1 leu2-3/112 MAL28cSUC2) and CEN.PK113-5A (MATa, trp1 his3Δ1 leu2-3/112
MAL2-8cSUC2) were used as basic strains for construction of
biosensor systems. Strains were grown at 30 °C in synthetic
complete (SC) medium (6.7 g of yeast nitrogen base without
amino acids, appropriate amount of drop-out medium
supplement (Sigma-Aldrich), deionized water up to 900 mL,
pH adjusted to 5.6 (20 g of agar in the case of plates),
autoclave, 100 mL of 20% (w/v) glucose), in yeast extract
peptone dextrose (YPD) complete medium (10 g of
BactoYeast extract, 20 g of BactoPeptone, 20 g of Dextrose
F
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plasmids are sequence-veriﬁed by Sanger sequencing (Euroﬁns). Agarose 1% was used for analysis of nucleic acids by gel
electrophoresis.
The plasmids carrying the single-copy operator for FapR,
XylR, and TetR in positions 105, 94, and 83 were constructed
by PCR, then USER cloned into plasmids, and subsequently
propagated, sequence-veriﬁed, digested, and transformed into
yeast according to Jensen et al.46 The same approach was
applied when constructing plasmids carrying single-copy
operators for CatM, MdcR, ArgP, and NodR. All reporter
promoter sequences can be found in (Supplementary Table
S7).
Flow Cytometry Measurements and Data Analysis.
Prior to ﬂow cytometric acquisition, strains were preinoculated
and subcultivated in 0.5 mL of Delft minimal medium in
regular 96-format polypropylene deep-well plates as speciﬁed
for the cultivation conditions for each biosensor. Next, cells
were diluted 1:20 in 0.2 mL of phosphate-buﬀered saline
(PBS) in regular ﬂat-bottom 96 well plates in order to arrest
cell growth prior to ﬂow cytometry acquisition using a Becton
Dickinson LSR FORTESSA with a blue 488 nm laser set at
FCS 150 V, SSC 250 V, and FITC-A 510 or 450 V, where the
lower voltage was applied for strains carrying the reporter
promoter without the operator because of detection limits. For
each measurement 10 000 single-cell events were recorded
using BD FACSDIVA software. Raw data were analyzed using
FlowLogic software (Inivai Technologies). Mean ﬂuorescence
intensity (MFI) of gated populations were determined, and
fold changes were calculated as the ratio between induced
(ON state) and noninduced (OFF state). For all ﬂuorescence
measurements, data represent the average of three biological
replicates and error bars correspond to standard deviation
between measurements.

(20 g of agar in the case of plates), deionized water up to 1 L,
autoclave), and in Delft minimal medium (per L: 7.5 g/L
(NH4)2SO4, 14.4 g/L KH2PO4, 0.5 g/L MgSO4·7H2O, 2 mL/
L trace metals, 100 mL/L 20% glucose, 1 mL of vitamins) at
pH 4, 4.5, or 6. The trace metal and the vitamin solution were
prepared according to Ambri et al.45 All reagents were
purchased from Sigma-Aldrich unless otherwise speciﬁed.
Yeast strains carrying the diﬀerent biosensor designs were
inoculated in Delft minimal medium and grown overnight.
Next, S. cerevisiae cells were diluted 1:50, with the exception of
XylR and FapR strains, which were diluted 1:25, into fresh
Delft minimal medium in the presence or absence of inducer.
Fluorescence data were collected following deﬁned periods of
cultivation depending on the chemical characteristics of the
ligand (Supplementary Table S2) and according to previous
studies6,14,15,39 More speciﬁcally, for strains expressing
repressor-type biosensor, TetR from E. coli and VanR from
Caulobacter crescentus were grown in the presence of 2.3 μM
anhydrotetracycline and 4 mM vanillic acid, respectively, for 16
h prior to ﬂuorescence measurements. Strains carrying XylR
from C. crescentus were cultivated in the presence of 13.3 mM
D-(+)-xylose and cultivated for 6 h before measuring the
ﬂuorescence, while strains carrying FapR from B. subtilis were
grown for 6 h before addition of 13.5 μM cerulenin, following
which ﬂuorescence was measured 2 h later. All strains
expressing repressors were grown at pH 6, except for strains
expressing VanR cultivated at pH 4. For strains expressing
activator-type biosensor, BenM and CatM from A. baylyi ADP1
were grown at pH 4.5 in the presence of 1.4 and 3 mM cis,cismuconic acid, respectively, strains carrying ArgP from E. coli
were cultivated 4.5 at pH in the presence of 10 mM L-arginine,
strains expressing MdcR from K. pneumoniae were grown at pH
4.5 in the presence of 10 mM of malonate, and strains carrying
NodD from R. leguminosarum were grown at pH 6 in the
presence of 0.2 mM of naringenin. All ﬂuorescence data were
collected after 22 h (Skoedjt 2016). Finally, strains expressing
PcaQ from S. meliloti in combination with genomic integration
of the Podospora pauciseta 3DSD gene were grown at pH 6, and
ﬂuorescence data were collected after 16 h.
Library Design. The VanO operator library was designed
by inserting 2xVanO sequences linked by a six-nucleotide
spacer, agcgct,18 in front of every nucleotide between the
TATA-like box and the TSS of the native TEF1 promoter. The
constructed and characterized library ultimately comprised 81
out of all 91 possible designs. The BenO and PcaO operator
libraries were designed by inserting the BenO sequence (73
bp) or the PcaO sequence (80 bp) in front of every nucleotide
in the truncated 209bp-CYC1 promoter, with the exception of
the positions encoding the two TATA boxes and the TSS. The
constructed and characterized BenO library comprised 106 out
of all 133 possible designs, while the PcaO operator library
spanned all 133 operator positions. For all reporter promoter
designs, a customized R script was used for the systematic
insertion of operator sequences in TEF1 and 209bp_pCYC1
promoters prior to DNA synthesis.
Synthetic Genes and Plasmid Construction. Codonoptimized genes, promoter libraries, and oligonucleotides were
commercially synthesized (Twist Bioscience; Integrated DNA
Technologies, Inc.). All genetic components were ampliﬁed
with Phusion U Hot Start DNA Polymerase Master Mix
(Thermo Fisher Scientiﬁc, Inc.). Plasmids were constructed,
propagated, digested, and transformed into yeast according to
Jensen et al.46 (Supplementary Tables S3−6). All constructed
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Supplementary Information
Supplementary Figure S1

Supplementary Figure S1. Activities of reporter promoter designs for various operators
and positions.
Mean fluorescence intensity (MFI) values from flow cytometry measurements of yeGFP
intensities for the selected operator-promoter designs. MFI values are shown as mean ± s.d.
from three (n = 3) biological replicate experiments. AU, arbitrary units.
Supplementary Table S2. Sub-cultivation conditions.

Biosensor

inducer

concentration growth

BenM
PcaQ
CatM
NodD
MdcR
ArgP
VanR
XylR
SV-40-FapR
TetR

cis-cis muconic acid
*
cis-cis muconic acid
naringening
malonic acid
L-arginine
Vanillic acid
D-Xylose
cerulenin
Anhydrotetracycline

1.4 mM
*
3 mM
0.2 mM
10 mM
10 mM
4mM
13.3mM
13.5μM
2.35μM

22 hours
16 hours
22 hours
22 hours
22 hours
22 hours
16h
6h
2h
16h

Due to the length of the supplementary information material, supplementary information
regarding the operator designs, strains, plasmids, genes and oligonucleotide sequences will not
be included in this thesis. They are, however, available at the journal’s website.
https://pubs.acs.org/doi/abs/10.1021/acssynbio.9b00333
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Abstract
Engineering living cells for production of chemicals, enzymes and therapeutics
can burden cells due to use of limited native co-factor availability and expression
burden, totaling a fitness deficit compared to parental cells encoded through long
evolutionary trajectories to maximise fitness. Ultimately, this discrepancy puts a
selective pressure against fitness-burdened engineered cells under prolonged
bioprocesses, and potentially leads to complete eradication of high-performing
engineered cells at population level. Here we present the error-modes of fitnessburdened yeast cells engineered for vanillin-β-glucoside production. Next, we design
synthetic control circuits based on transcriptome analyses and biosensors responsive
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to vanillin-β-glucoside pathway intermediates in order to stabilize vanillin-β-glucoside
production. Using two types of biosensors we identify control circuits linking vanillinβ-glucoside pathway flux to various essential cellular functions and demonstrate
control circuits robustness and >2-fold higher vanillin-β-glucoside production over
>90 generations in a fed-batch fermentation compared to cells without a control
circuit.
Introduction
To support sustainable and environmentally friendly production-processes,
research focuses on the production of bio-based alternatives made from engineered
cell factories (Kruyer and Peralta-Yahya, 2017). However, in order to design
commercially attractive bioprocesses for converting cheap renewable substrates into
chemicals, proteins and fuels, innovative bioprocess technologies need to be developed
and applied. For this purpose, online monitoring and sampling is essential in modern
fermentation processes, in order to control and optimize bioreactor conditions for
biobased production (Gomes et al., 2018) (ref). Usual parameters analysed by way of
online analysis include pH, CO2, temperature, aeration, agitation, and dissolved
oxygen. Likewise, more advanced methods are continuously developed and applied for
online fermentation monitoring for the immediate implementation of control actions,
thereby dynamically improving overall bioprocess performance (Fazenda et al., 2013).
However, most often, any of these parameters are mere proxies for evaluating the
actual biocatalysis, i.e. the microbial production of a chemical or protein of interest,
which is often analysed off-line during or following completion of the actual
fermentation (Gomes et al., 2018). The lack of techniques for facile monitoring and
control of product formation of interest limits the understanding and rational
optimization of bioprocesses.
This lack of monitoring and control becomes critical as bioreactor volume and
bioprocess duration increase, as biobased production over prolonged cultivation
regimes is challenged by low-performing cells arising due to the inherent stochasticity
of biological systems, and/or evolutionary drifting towards improved fitness (Rugbjerg
and Sommer, 2019; Wang and Dunlop, 2019; Xiao et al., 2016). Nongenetic and
genetic heterogeneity of microbial populations is largely acknowledged as evident
from large differences in growth rate, resistance to stress, and regulatory circuit output
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of isogenic populations (Carlquist et al., 2012; Müller et al., 2010; Rugbjerg et al.,
2018b). Even more so, in industrial high-cell density fed-batch bioprocesses,
subpopulations exist that are many-fold different in these parameters from the
population average (Wang and Dunlop, 2019; Xiao et al., 2016). These random
variations arise because not all cells are exactly of the same size, have been mutated
during prolonged seed trains and large-scale cultivations, nor do all cells have exactly
the same number of key components, incl., RNA polymerase, ribosomes, and other
factors involved in the many biochemical reactions governing the life of a cell(Elowitz
et al., 2002; Müller et al., 2010; Rugbjerg et al., 2018b). This cell-to-cell physiological
and genetic heterogeneity is acknowledged widespread, yet difficult to constrain for
the purpose of biobased production from high-performing isoclonal populations called
for in industrial bioprocesses. In fact, low-performing variants can account for up to
80-90% of the total cell population, yet producing less than half of the desired product
(Xiao et al., 2016). Not only does this hamper the production yield, but it also results
in inefficient nutrient utilization, suboptimal characterization of the bioprocess, and
overall increased production costs. Thus, there is an urgent need for developing
processes and innovative technologies that can monitor biocatalysis and optimize
bioprocesses by coupling detectable phenotypes to product formation, in a drastically
more efficient and sustainable manner compared to current state-of-the-art processes.
Small-molecule biosensors offer sensitive and real-time monitoring of product
formation in microbial cell factories (David et al., 2016; Tao et al., 2017; Zhang et al.,
2016), and are furthermore emerging as a promising technology for safeguarding highperforming productive cell-factories from evolutionary drifting into low-performing
ensembles during prolonged cultivations as those often applied in industry (Rugbjerg
et al., 2018b). Several groups have recently succeeded in engineering and application
of product-activated biosensors based on bacterial transcription factors. These
biosensors undergo conformational changes upon binding of specific intracellular
ligands and can directly couple single-cell ligand accumulation to a change in reporter
gene expression (e.g. fluorescence or antibiotic resistance). Biosensors detecting
small-molecule accumulation can be employed for facile evaluation of subpopulation
heterogeneity in diverse feedstock and bioreactor environments and supports
prototyping optimal bioreactor conditions in relation to production of any candidate
chemical for which a biosensor is available (Xiao et al., 2016). Also, as the biosensors
are genetically encoded and couple product accumulation with gene expression
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output, these biosensors not only allow for monitoring of product accumulation at the
single-cell level (diagnosis), but can also couple product accumulation with growth and
thereby enable selective growth advantage of high-performing subpopulation variants
and/or shunting of competing metabolic pathway reactions (therapy). Indeed, in
bacteria, the use of such a biosensor has recently been published for conferring a
growth advantage of high-performing non-genetic variants compared with lowproducers when grown in selective media, leading to a high fatty acid titer (21.5 g/L,
0.5 g/L/hr)(Xiao et al., 2016). Yet, so far only examples in bacteria have been show,
and none of these have focused on maintaining production of heterologous anabolic
product formation, of relevance to the majority of industrial biotech applications.
Recently, biosensors founded on small molecule-binding transcription factors
have been exploited for coupling production of small molecules with expression of
essential genes in bacteria (Rugbjerg et al., 2018b; Xiao et al., 2016). Using
mevalonate-responsive transcription factor AraC and fatty acid-binding FadR, the
authors were able to stabilize flux through engineered high-performing, yet fitnessreducing, metabolic pathways for 95 generation, compared to 50 generations for
strains without biosensor-driven control circuits (Rugbjerg et al., 2018b; Xiao et al.,
2016).
In this study, we evaluate the coupling of product-formation to biosensorcontrolled expression of ten different single essential genes covering four different
metabolic functions. For the evaluation testbed we make use of baker’s yeast
Saccharomyces cerevisiae engineered for production of biotechnology-relevant
vanillin-β-glucoside, for which we first determine the pathway steps associated with
fitness reduction, and thus potentially evolutionary pressure points. This identifies the
formation of a burdening pathway intermediate as a main target for coupling vanillinβ-glucoside production with expression of essential genes, which we validate by the
use of two different biosensors. Next, population-level genomics analysis verifies the
evolutionary pressure points by which Saccharomyces cerevisiae escapes fitnessburdening vanillin-β-glucoside production, and also illustrates robust geneticallyencoded biosensor designs recalcitrant to evolutionary drifting over 50 generations.
Ultimately, the best-performing control circuit is benchmarked with the parental
vanillin-β-glucoside-producing strain in a fed-batch fermentation in which strains
with control circuits accumulate 6-fold higher total pathway flux, including 2-fold
higher vanillin-β-glucoside, compared to the parental strain.
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Results
Selection and physiological characterization of production strain
To investigate the ability of genetically-encoded biosensors to stabilize
production of ATP-requiring molecules in yeast, first a proof-of-concept production
testbed was selected. The criteria for selection of the strain were; 1) a significant
reduction in specific growth rate as a result of anabolic product formation relative to
parental non-producing cells, and 2) availability of developed biosensors for the
product or pathway intermediates of interest. With respect to the former, we selected
an engineered Saccharomyces cerevisiae strain capable of vanillin-β-glucoside (VG)
production which was reported to exhibit a growth rate 50% lower than non-producing
parental strains (Strucko et al., 2015). This yeast strain carries targeted gene deletions
of two native genes (EXG1 and ADH6) to reduce by-product formation as well as
single-copy integrations of five heterologous genes required for synthesis of VG from
the shikimate pathway intermediate 3-dihydroshikimate (3-DHS, Figure 1A).
Furthermore, with respect to biosensors for engineering control circuits, two
prokaryotic transcription factor-based biosensors, VanR and PcaQ, for sensing the VG
biosynthetic pathway intermediates vanillic acid (VAC) and protocatechuic acid (PAC)
were recently reported to work as functional biosensors in S. cerevisiae (Ambri et al.,
2020), and thus covering the second selection criteria.
Next, in order to identify potential pressure points for genetic instability of
strains expressing the fitness-burdening VG pathway, we constructed single knock-out
variants of each of the five genes encoding the VG pathway enzymes, and tested the
specific growth rates on medium permissive for VG formation of all resulting mutant
strains compared to the parental VG-producing strain with all five genes left intact
(Figure 1B). From this analysis it was observed deleting the 3DSD gene (VG-3DSDΔ),
encoding the enzyme catalysing the conversion from 3DHS to PAC, resulted in
increased maximum specific growth rate and shortened lag phase compared to the
parental full VG pathway strain (Figure 1B-C), whereas deletion of any of the other
genes in the pathway resulted in mutants with reduced growth rates compared to the
parental VG pathway strain.
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Figure 1. Vanillin-β-glucoside biosynthetic pathway and pressure point identification
A) Schematic representation of the vanillin-β-glucoside biosynthetic pathway and enzymes involved in
vanillin-β-glucoside biosynthesis B) Growth profile of single knockouts strains. Each curve is a
representative of three (n=3) replicates. (C) Growth rate of the single knockout strains. Each bar
represents the average of three (n=3) biological replicates. Error bars represent standard deviation.
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Combined, these results indicate that build-up of VG pathway intermediate
PAC imposes a metabolic burden to the cells, whereas the loss-of-function of any other
gene results in growth disadvantage, corroborating earlier reports on vanillin toxicity
and S. cerevisiae response to weak acids (Guo and Olsson, 2014; Hansen et al., 2009).
Assessment of strain stability
Having evaluated the burden of the VG pathway on host fitness from a
reductionist point of view, we next sought to assess the profile and stability of the
parental VG production strain. For this purpose, 8 sequential shake flask cultivations
were performed with cultures grown in synthetic medium (SM) (Verduyn et al., 1992),
and diluted every 48 hours into fresh medium, thus initiating the next batch phase. At
the end of each transfer samples were collected for quantification of all pathway
intermediates and end product formation, in order to assess the productivity at each
stage of the cultivation. From this experiment we observed that following the first
transfer, the extracellular metabolite content was unbalanced towards PAC, the first
intermediate of the VG pathway, accumulating to approximately 2 mM, while VG
accumulated to 0.85 mM (Figure 2A).
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Figure 2. Extracellular metabolite characterisation of the VG vanillin-β-glucoside
production strain.
(A) HPLC analysis of the extracellular metabolites for the VG strain after the first sequential cultivation.
The bars represent the average of two (n=2) biological replicates. Error bars represent standard
deviation. (B) Extracellular metabolite quantification for the VG strain for eight sequential transfers.
The bars represent the average of two (n=2) biological replicates. Error bars represent standard
deviation.

This observation agrees with the original VG pathway study performed on this strain
(Strucko et al., 2015), and suggests PAC production to be a key pressure point in the
pathway. Following the third transfer a drastic drop in PAC productivity was observed,
resulting in a complete loss of intermediates PAL, VAC and VAN, and net loss of >90%
VG productivity, by the end of the fifth transfer (Figure 2B).
Based on the accumulated evidence of 3DSD being the main pressure point of
the VG pathway (Figures 1B-C and 2), we sequenced the genomically integrated 3DSD
gene of 22 isolated single colonies from the fifth transfer of six parallel sequential batch
cultures. From the sequencing analysis, we observed 7 early stop codons, 5 SNPs and
8 recombination events, whereas 2 colonies did not have any mutations in the 3DSD
gene (Table 1).
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Mutations

Stop codon

Culture

Culture

Culture

Culture

Culture

Culture

1

2

3

4

5

6

Q91X

W111X

Y92X

Q124X

S140X

Y92X

W169X
Homologous

EntD

recombination

hsOMT

SNP

hsOMT

hsOMT

EntD

EntD

hsOMT

EntD
V243G

S11L

M280I

W80G
G35V
No mutations

Wild

Wild

type

type

Table 1. List of identified mutations in the 3DSD gene.

Taken together, these results suggest that the high-performing parental VG
producing strain is genetically unstable, and that the metabolic burden exerted by the
pathway is predominantly alleviated via mutations in the first enzymatic step of the
pathway, converting 3DHS into PAC. Moreover, the single knockout experiment
indicates that loss of any subsequent gene in a strain with an intact 3DSD gene
negatively impacts the growth rate of the resulting mutants (Figure 1B).
Biosensor candidates and characterization
As already mentioned, control of population heterogeneity, and even decline of
productivity, has previously been established by the use of small-molecule biosensors
for detection of native metabolites in bacteria, including mevalonate, free fatty acids
and tyrosine (Rugbjerg et al., 2018b; Xiao et al., 2016). In this study we wished to
extend from this concept and assess the potential for control of production from
heterologous pathways in eukaryotes making use of control circuits founded on
prokaryotic small-molecule biosensors conditionally controlling expression of
essential genes.
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For choice of biosensors we selected VanR from Caulobacter crescentus and
PcaQ from Sinorhizobium meliloti, which we recently demonstrated to be functional
for detection of VAC and PAC, respectively, in S. cerevisiae (Ambri et al., 2020;
D’Ambrosio et al., 2020). For this study we considered the biosensing mode-of-action
and transfer function characteristics as key test parameters for engineering control
circuits. Mechanistically, VanR is a transcriptional repressor which in the absence of
VAC prevents transcription by binding to VanO operator sites in gene promoters and
thus confer sterical hindrance of RNA polymerase activity (Gitzinger et al., 2012). In
the presence of VAC, VanR undergoes a conformational change decreasing its affinity
to the VanO sequence upon which transcription can start (Jain, 2015). The VanRbased biosensor design is composed of a bi-directional system where VanR is
expressed under the control of the constitutive PGK1 promoter while the output gene
is controlled by a synthetic VanO-containing TEF1 promoter (Ambri et al., 2020),
supporting an operational range spanning over 2 orders of magnitude of VAC
concentrations, including the range of relevance to the performance of the parental VG
strain (Figure 2 and Supplementary Figure 1). For the PAC biosensor, the
transcriptional activator PcaQ constitutively binds PcaO operator sites in gene
promoters and induces transcription of the output gene in the presence of PAC (Ambri
et al., 2020; Fernandez-López et al., 2015). The PcaQ biosensor design includes PcaQ
expressed from the strong constitutive TDH3 promoter, while the output gene is
controlled by a truncated CYC1 promoter (209 bp) including PcaO, with a very low
activity in the absence of PAC and a high dynamic output range (Ambri et al., 2020).
To characterize VanR and PcaQ biosensors for sensing of VAC and PAC, we
introduced VanR and PcaQ together with either GFP-expressing VanO- or PcaOcontaining reporter promoters in both the VG production strain as well as in the nonproducing VG-3DSDΔ strain and measured fluorescence outputs. Here, the
introduction of VanR and PcaQ in the VG strain resulted in GFP increase of 2.7- and
3.5-fold, respectively compared to when introduced into the VG-3DSDΔ strain (Figure
3), confirming that the biosensors are able to discriminate between VG-producing and
non-producing strains.
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Figure 3. In vivo biosensor characterization
Mean fluorescence intensity (MFI) of VanR and PcaQ biosensor designs in the vanillin-β-glucoside
producing strains (VG) and non-producing VG-3DSDΔ strains. The values represent the average MFI
of three (n=3) biological replicates. Error bars represent standard deviation.

Evaluation of control circuit designs
Spontaneous mutants with disruptive mutations in the 3DSD gene, and
therefore without the ability to produce VG and its biosynthetic intermediates, have a
growth advantage compared to the strains harboring the full pathway (Figure 1B-C).
Eventually, such difference in growth rates, combined with the shorter lag-phase, will
allow for complete population take-over of non-producer cells. To avoid or delay the
onset of this phenomenon, we next sought to make use of the validated VAC and PAC
biosensors for engineering control circuits where mutants losing productivity
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experience reduced fitness. To do so, we decided to couple the expression of essential
genes to the presence of VG pathway metabolites, similar to previously reported
studies in E. coli (Rugbjerg et al., 2018b; Xiao et al., 2016). Ideally, for such control
circuits, only strains carrying a functional product pathway would be able to induce
transcription of essential genes to a level that allows fast growth.
To select essential genes for control circuit designs, we initially focused on
genes involved in metabolic pathways for different cellular functions, namely 1)
nucleotide metabolism, 2) cofactor/vitamin metabolism, 3) lipid metabolism, and 4)
amino acid metabolism (Figure 4A). Secondly, in each metabolic pathway, genes
involved in metabolic reactions for which multiple genes encode enzymes with
overlapping functions (metabolic redundancy) were discarded. Next, for each of the
remaining genes, the average expression level over a range of growth rates (0.02-0.33
h-1) in glucose-limited aerobic chemostats (Regenberg et al., 2006) was calculated and
compared to the expected expression level of the VanR biosensor reporter promoter in
the absence (OFF) or presence (ON) of the target metabolite (Figure 4A). From this
screen, genes for which the average expression level was lower than the OFF-state or
higher than the ON-state were omitted. For the remainder of the genes, we selected
genes encoding enzymes where either accumulation or depletion of its respective
substrate and product due to altered expression levels would not cause toxic effects,
such as increased mutagenesis or cellular maintenance requirements. Finally, any
genes for which the occurrence of suppressor mutants has previously been described
were discarded. Of special attention, it should be noted that for selection of genes
involved in amino acid biosynthesis, we initially made a complete list of the abundance
of amino acids involved in the genes encoding the VG pathway and compared this to
the average amino acid composition of yeast biomass (Lange and Heijnen, 2001). For
example, glutamine accounts for only 3.98% of the amino acids in the VG pathway,
whereas leucine is the most abundant accounting for 10.71% (Supplementary Table 4).
For comparison, the same analysis for the average composition of yeast biomass,
revealed that glutamine accounts for 7.75% of yeast biomass, and leucine for 8.03%
(Supplementary Table 4), from which we hypothesized that a possible limitation in
glutamine biosynthesis could effectively limit growth while having minimal impact on
VG productivity. Finally, we decided to include ARO2 as a candidate gene since it is
involved downstream of the shikimate pathway (Gottardi et al., 2017), and for which
limited expression could therefore help to accumulate more shikimate intermediates
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and thus boost VG pathway flux and productivity. Ultimately, the imposed selection
criteria enumerated 10 essential genes as candidates for VG pathway control circuit
designs regulated by either the VAC or the PAC biosensor (Figure 4A).
In order to test the performance of the control circuits, we initially introduced
the VanR biosensor design in a prototrophic CEN.PK113-7D background strain by
individually replacing the genomic locus containing the first 150bp upstream of the
first ATG of each of the 10 selected essential genes with the synthetic construct
(Supplementary Figure 2A). A similar approach was adopted for PAC control circuits,
with the exception both PcaQ and the synthetic PcaO-containing CYC1 promoter were
introduced into both the parental VG producing strain and the non-productive VG3DSDΔ strains (Supplementary Figure 2B). Following successful CRISPR-mediated
promoter replacements, the strains were tested for conditional growth upon external
feeding of VAC or selective growth of VG producing strains compared to VG-3DSDΔ
strains for the VAC and PAC control circuits, respectively. For strains expressing the
VAC control circuits, cells were grown in SM for 24 hours, then diluted in fresh media
in the presence or absence of VAC, and growth subsequently monitored for 72 hours.
From this, it was evident that the VAC control circuit system was only able to
conditionally rescue growth when VanR controlled expression of the glutamine
synthase encoded by GLN1 using the synthetic TEF1 promoter (Figure 4B). More
specifically, in the absence of VAC supplementation, the initial lag phase was
prolonged by approx. 10 hours, while the specific growth rate was not significantly
altered between the different conditions. Next, we assessed the growth when PcaQ was
used to control the expression of the same set of 10 essential genes, in this set-up
controlled by the PcaO-containing truncated CYC1 promoter (Figure 4C).
Contradictory to VAC control circuits founded on VanR, all control circuits, with the
exception of those including OLE1 and CYS3, and to a lesser extent URA2, had
completely abolished growth of non-producing VG-3DSDΔ strains compared to VG
producing strains over 72 hours of cultivation (Figure 4C).
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Figure 4. Essential genes selected for synthetic addiction and promoter replacement
(A) Essential genes selected for promoter replacement. Genes were selected for different metabolic
functions: nucleotide metabolism (yellow), fatty acid metabolism (black), amino acid metabolism
(purple) and vitamin/cofactor metabolism (blue). (B) Growth kinetic of VanR design strains in the
presence (yellow) or absence (purple) of 2mM vanillic acid. It was not possible to identify a positive
colony for the replacement of the FAS1 promoter with the VanR biosensor design. (C) Growth kinetic
of PcaQ design strains in vanillin glucoside producing strains (yellow) and 3DSDΔ strains (purple). Each
curve is representative of three (n=3) and two (n =2) replicates, respectively.
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Taken together this demonstrates that four different classes of metabolic
pathways can be used for designing control circuits, and suggests that the low OFF
state supported by the transcriptional activator PcaQ and the PcaO-containing
truncated CYC1 enable a broader range of essential genes covering a larger basal
expression amplitude to be used, compared to control circuits founded on the
repressor-type transcriptional regulator VanR controlling the synthetic VanOcontaining TEF1 promoter.
Stability of control circuits
By design, control circuits founded on genetically-encoded biosensors, may
themselves be pressure points for fitness-burdened cells to escape heterologous
anabolic product formation. In order to investigate the ability of the engineered
control circuits for stably maintaining product formation over long cultivation
regimes, we next introduced the VAC control circuit in the VG production strain, as
already performed for the PAC control circuit, and repeated the sequential batch
cultivation experiment with eight sequential passages spanning approx. 90
generations for the VG strains (Figure 5). Again, after each transfer the extracellular
concentration of metabolites was assessed by HPLC. Here, compared to the nonstabilized strain that maintained productivity, expressed as total amount of
metabolites, in the pathway for 2 transfers, yet with a complete loss of productivity
following five transfers, the strains armed with VAC or PAC control circuits
maintained productivity until the end of the fifth cultivation (Figure 2B and 5). More
specifically, for strains expressing the VAC control circuits, one of the cultures showed
a slow but constant decrease in productivity, reaching 1.5 mM of extracellular
metabolites by the end of the eight transfer (Figure 5). However, it is possible to
observe a pronounced decrease in productivity from transfer 7 to transfer 8,
indicating escape from the control circuit or 3DSD mutagenesis. For the other culture
with the VAC control circuit, a trend similar to non-stabilized VG strain was observed,
however, the biosensor stabilized strain was able to prolong the production until the
fourth transfer.
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Figure 5. characterization of biosensor stabilized strains
Extracellular metabolite analysis for the sequential batch cultivation of VanR and PcaQ stabilized
strains over eight sequential cultivations. Each bar represents a single replicate.

Interestingly, strains expressing the PAC control circuit show approx. 50%
decrease in productivity from transfer 1 to transfer 2, yet following this the
productivity increases until stabilizing at approx. 83% of the level observed following
the first transfer (3 mM vs 2.5 mM)(Figure 5). This initial decrease in productivity is
associated with an initial decreased growth rate from transfer 1 to transfer 2 and a
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subsequent adaptation to the culture conditions leading to higher growth and
therefore higher extracellular concentration of metabolites.
Population-level sequencing to assess integrity of control circuits
Based on the results obtained from the batch cultivations of cells with and without
control circuits (Figure 2B and 5), we wished to determine whether the VanR-based
control circuit mutated together with the VG pathway, and if the cells expressing the
PcaQ-based control circuits included mutations required to restore the growth rate
and product formation following the second transfer (Figure 5). For this purpose, we
whole-genome sequenced the strains expressing the VanR- and PcaQ-based control
circuits with GLN1 following transfers 5 and 8 to compare them with their respective
parental strain.
From the DNA analysis most regions of the genome had a coverage between 50
and 100-fold. The sequencing reads for the parental and “evolved” strains were then
assembled against the CEN.PK113-7D genome as a reference. Next, we loaded the raw
data files into a genome viewer software which allowed us to zoom in on mutations
individually and analyze both coverage and base-calling. First, we analyzed the VanRstabilized strains. One of the replicates (replicate 1) with approximately 85% of
maximum productivity at transfer 5 and approximately 50% of maximum productivity
at transfer 8 did not show any mutations in the transfer 5 population. However, at
transfer 8 a mutation localized in the TEF1 promoter driving the expression of the
3DSD gene was identified. This mutation was enriched in 23% of the population and
it localizes 5 bases from the transcription starting site (Figure 6A). Moreover, two
additional mutations, Q91P and P208S, were identified as enriched to 13% and 15%,
respectively. For the second VanR culture, with approximately 40% decrease in
productivity at transfer 5, a single mutation replacing proline 208 with arginine
(P208R) was enriched in 63% of the reads (Figure 6B). Furthermore, approximately
40% of the reads showed a 29bp deletion in the reporter promoter covering exactly the
VanR operator sequence (Figure 6C). For the same replicate, at transfer 8 where no
production was observed (Figure 5), the SNP in the 3DSD gene was enriched by 98%
(Figure 6B). Similarly, the subpopulation carrying the VanR operator site deletion
increased to approximately to 65% of the total population (Figure 6C). Finally, from
the whole genome sequence analysis of the PcaQ-stabilized strains we were not able to
identify any mutation in the 3DSD gene or the PcaQ biosensor design.
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Figure 6. Population level sequencing of the biosensor stabilized strains
(A) Population level sequencing of the VanR stabilized strain (replicate 1), at transfer 5 and 8 for the
3DSD gene. (B) Population level sequencing of the VanR stabilized strain (replicate 2), at transfer 5 and
8 for the 3DSD gene. The blue bar represents the wild type nucleotide while orange bar represents the
ratio of mutated nucleotide. (C) Population level sequencing of the VanR stabilized strain (replicate 2),
at transfer 5 and 8 for the VanO operator site.

Hence, this indicates that both the control circuit and the 3DSD gene or its
promoter need to mutate for the producing population to be completely taken over.
Furthermore, these results suggest that the 3DSD gene is likely to mutate before the
reporter promoter. On the contrary, from the population level genome sequencing of
the PcaQ stabilized strains it appears that the strains are still intact in both the 3DSD
gene and the PcaO operator site.
Taken together, the strains without the control circuit lose 50% of productivity
by the end of the third transfer with almost all colonies presenting mutations in the
3DSD gene or its complete removal through homologous recombination (Figure 2 and
Table 1). For strains expressing the VanR-based control circuit 50% of productivity is
lost by transfers 5 or 8 because of the combinatorial effect of mutations in the 3DSD
gene and the removal of the VanO operator site in the reporter promoter. For PcaQ
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strains no productivity is lost and no indication of mutations are observed in these
strains by the 8th transfer.
Industrial scale-up mimic
Based on the successful application of the PAC control circuit with the GLN1
gene in stabilizing the production in sequential shake flask experiments, we finally
aimed to test this design in a downscaled fed-batch process in order to stress-test the
control circuit under industrial conditions. To mimic the preceding seed train, we grew
pre-cultures of strains with and without the control circuit under non-selective
conditions in rich medium. After 24 hours, the grown pre-culture was used to inoculate
the first seed-train culture in a culture tube with a 1:100 inoculation ratio. After 48
hours, 40 µL of this first seed-train culture was transferred to a 4 mL culture and after
another 48 hours this culture was used to inoculate a 400 mL bioreactor. This seed
train from 40 µL to 400 mL represents the same number of generations encountered
in industrial seed trains starting from 1L up to 10,000 L (Fu et al., 2014).
The bioreactor culture started with a batch phase using 20 g/L of glucose and
after carbon depletion, indicated by a rapid rise in dissolved oxygen levels and drop of
off gas CO2, the fed-batch phase was started (Figure 7 and Supplementary Figure 3).
During the fed-batch, a concentrated solution of feed medium was used, and the
growth rate was set to 0.05h-1. Samples were taken automatically every 3 hours during
batch and fed-batch phase and metabolite consumption and formation was
determined via HPLC analysis. The culture was stopped when the working volume in
the bioreactor reached 900 mL. The batch phase of the parental VG strain stopped
after 40 hours and during this time 1.0 mM of VG-pathway intermediates were formed
from the initial 20 g/L of glucose (Figure 7). In contrast, the strain expressing the PAC
control circuit grew slower and finished the batch phase after 55 hours but
accumulated significantly more pathway intermediates (2.4 mM). These results are in
agreement with the expected strain performance after two seed train cultures since we
observed a drop in productivity of the non-addicted strain after the second transfer.
Apparently, the majority of parental VG producing cells in the inoculum of the
bioreactor already exhibited loss of productivity. The difference in production was
especially apparent in the fed-batch phase that followed. In this phase, the parental
VG production strain accumulated 2.5 mmol of pathway intermediates, whereas the

105

strain expressing the PAC control circuit for glutamine synthesis (GLN1) accumulated
17 mmol of intermediates.

Figure 7. Fed-batch characterization of VG and stabilized strains
Metabolite and growth characterization of the VG and biosensor stabilized strains in a fed-batch setup.
Metabolite production is expressed in mmol of metabolite produced during the cultivation. Black lines
represent off gas CO2 (percent). Red arrows represent the beginning of the fed-batch phase. Each panel
is a representative of two (n = 2) cultivations.
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Discussion
Engineering microorganisms to produce valuable chemicals has the potential
to allow the transition towards a greener and more sustainable economy. However,
one of the main limitations for cell-based production of fine chemicals is the decrease
in productivity over longer cultivations. However, due to the metabolic burden caused
by the biosynthetic pathway, higher productivity is often associated with reduced
fitness and growth rate (Wu et al., 2016). Strains carrying a biosynthetic pathway
causing a growth defect will eventually evolve to re-route the nutrients from the
pathway towards cell proliferation (Rugbjerg et al., 2018a, 2018b). To do so, the cells
will accumulate mutations within key pressure points in the pathway to inactivate it
and relieve the effect of depleting resources to produce the desired product or to avoid
any negative effect from the accumulation of toxic intermediates.
In this study, the stability of the vanillin glucoside producing (VG) strain and
two biosensor-stabilized strains was assessed over different conditions. Based on the
result of the sequential shake flasks experiments we determined that biosensorstabilized strains overperformed the background VG strain. More precisely, both VG
strains drastically decreased productivity by the end of the fourth transfer. On the
contrary, all biosensor stabilized strains remained productive until the end of the
experiment, with the exception of one VanR-stabilized strain which had a drop in
productivity by the end of the sixth transfer. Moreover, the biosensor-stabilized strains
outperformed the background VG strains in the fed-batch set-up as well by
accumulating approx. 6 times higher amount of vanillin related metabolites
demonstrating that aTF biosensors can be successfully employed in yeast to control
evolutionary drifting.
Moreover, this study highlights the importance of the physiological
characterization of the biosensor strain when a biosensor for the final product is not
available. By constructing single knockouts of all the enzymes in the pathway we were
able to identify the conversion of 3DHS to PAC as the key pressure point in the
pathway. Notably, all the knockout variants, with the exception of VG-3DSDΔ lead to
a fitness deficit, suggesting that only the stabilization of the first step is required to
retain full biosynthetic pathway flux. Furthermore, we observed that even though the
growth rate significantly differs between the knockouts and the TS168 strain, the lag
phase varies drastically. When the ACAR, hsOMT and EntD genes are removed, the
growth rate decreases compared to the background strain, however, the lag phase is
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significantly longer, suggesting that the introduction of the pathway redirects the flux
of metabolites from the biosynthesis of amino acids to the pathway causing a delay in
the exponential phase. A similar, yet inverted phenotype can be observed for the VG3DSDΔ strain. The rapid takeover of the culture by non-producing mutants is
therefore most likely the result of the combined evolutionary benefit of the reduced lag
phase and increased growth rate observed for the VG-3DSDΔ strain.
During this study, by employing both transcriptional activators and repressors,
namely PcaQ and VanR, we were able to benchmark the efficiency of these two systems
to prevent evolutionary drifting. First, we observed that PcaQ allowed for a wider range
of essential genes to be used. Most of the essential genes, when cloned under the
control of PcaQ were not able to sustain cell growth in the absence of ligand. On the
contrary, when VanR was employed, all the tested genes, with the exception of GLN1
showed no difference in growth when vanillic acid was supplemented or not. This is
likely due to lower OFF state provided by the truncated CYC1 promoter, highlighting
the importance of the biosensor output tuning when coupled to growth base selection.
Moreover, since many repressor type biosensors established in S. cerevisiae rely on
strong reporter promoters to provide a readable output, we believe that this issue will
be common for any future strain stability effort employing transcriptional repressors.
Next, we observed that even though VanR strains maintained productivity longer than
the non-stabilized strains, one strain had a drastic drop in productivity by the end of
the sixth transfer while the other had a significantly decrease in productivity by the
end of the experiment. When it comes to synthetic addiction, activation is therefore
strongly preferred to derepression. Even though both systems lead to an increase in
transcription in the presence of the ligand, the outcome of an inactivating mutation on
the biosensor is the opposite. When a repressor is inactivated, the sensor is locked in
the ON state and the essential gene is constitutively expressed at high levels. On the
other hand, if an activator is mutated, the system will be locked in the OFF state,
preventing the takeover of the culture.
Finally, when developing aTFs for synthetic addiction in S. cerevisiae it is
important to consider S. cerevisiae’s ability to homologously recombine two
sequences. As shown in Figure 5, VanR-stabilized strains escaped synthetic addiction
not by mutating the sensor but by removing the operator sequence by homologous
recombination. The mutated strains were therefore able to recombine the native TEF1
promoter with the engineered TEF1p carrying the VanR operator sequence. On the
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other hand, it appears that the truncated CYC1p containing the PcaQ binding site was
too heavily engineered to be used as a template for homology recombination. This
engineered promoter is significantly shorter than the native one, the upstream
activating sequences were removed and the PcaO sequence was introduced (Ambri et
al., 2020; Skjoedt et al., 2016). The choice of the reporter promoter appears to be
extremely important and our results suggest that employing shorter, highly
engineered or non-native promoters is preferred.
By the use of biosensors with the possibility to actuate based on small-molecule
input, it is thus possible to not only identify optimal bioprocess conditions for biobased chemical production using reporter screens, and also to maximize the
proportion of the population that are high producers. Ultimately, this should enable
rational engineering of robust bioprocesses based on predictive understanding of the
underlying mechanisms controlling subpopulation heterogeneity, and significantly
contribute to development of new robust and cost-effective bio-based production
processes.
Methods
Cultivation media and conditions
Chemically competent Escherichia coli DH5α strain was used as a host for
cloning and plasmid propagation. The cells were cultivated at 37°C in 2xYT
supplemented with 100 µg/mL ampicillin. The Saccharomyces cerevisiae strains used
in this study were grown at 30°C and 250 rpm in three types of media: yeast extract
peptone (YP) medium ( 10 g/L Bacto yeast extract and 10 g/L Bacto peptone) ,
synthetic complete (SC) medium (6.7 g/L yeast nitrogen base without amino acids with
appropriate drop-out medium supplement) and synthetic medium (SM) prepared as
previously described(Mans et al., 2018). Al three mediums were supplemented with
glucose 20 g/L as carbon source unless otherwise specified.
Plasmids and strains construction
All plasmids used in this study were assembled by USERTM (uracil-specific
excision reagent) cloning (New England Biolabs). Biobricks constituting promoters,
genes and other genetic elements required to assemble the plasmids were amplified by
PCR using PhusionU polymerase (Thermo Fisher Scientific). S. cerevisiae strains were
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constructed by the lithium acetate/single-stranded carrier DNA/PEG method
previously described(Gietz and Schiestl, 2007). The complete list of strains and
plasmids used in this study is provided in the supplementary information
(Supplementary Table 1 and 2).
HPLC detection of extracellular metabolites
Vanillin glucoside related metabolites were analysed by HPLC using the Dionex
Ultimate 3000 HPLC (Thermo Fisher Scientific), coupled with the Supelco Discovery
HS F5-3 HPLC column (150 x 2.1 mm x 3 µm) (Sigma Aldrich). Mobile phase A
consisted of 10 mM ammonium formate, pH 3 while mobile phase B consisted of
acetonitrile. The elution profile was as follows: 5% of solvent B for 0.5 min and
increased linearly to 60% B over 5 min. The gradient was increased to 90% B over 0.5
min and kept at this condition for 2 min. Finally, returned to 5% B and equilibrated
until 10 min. The flow rate was set at 0.7mL/minute while the column was held at 30°C
and the metabolites were detected using the UV diodide detector DAD-3000 Diode
Array Detector set at 260, 277, 304 and 210 nm. The samples were prepared as
previously described (Strucko et al., 2017). Shortly, 1 mL of yeast culture and 1 mL of
96% ethanol were mixed. The solution was then centrifuged at 12000g for 2 minutes.
The supernatant was then collected and stored at -20°C until it was measured on the
HPLC.
Biosensor design and promoter replacement
The bidirectional VanR design used to replace essential genes promoters is composed
of the ADH1 terminator, VanR from Caulobacter crescentus, the PGK1 promoter
driving the expression of VanR and the engineered TEF1p containing two VanO
sequences (ATTGGATCCAAT) separated by the Eco47III restriction site. The design
as described was used to replace the 150bp sequence upstream of the selected essential
genes.
The PcaQ biosensor design is composed of two parts: PcaQ, under the control of the
strong TDH3 promoter and the reporter module composed of the truncated CYC1
promoter

containing

the

PcaQ

binding

site(GATCGTATAACCTCCTGGTTAAGGGAAAGCCACGAAATATCATTTTACCTAACC
GGATGAAACATCCAAATCTGACGACG) , both previously described(Ambri et al.,
2020).
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Growth profiler analysis
Cell growth was evaluated using the Growth Profiler 960 (enzyscreen) at 30°C and 200
rpm. Prior to measurement, S. cerevisiae strains with the exception of strains carrying
the PcaQ biosensor design were inoculated in 0.5 mL of synthetic medium in 96format polypropylene deep-well plates and grown overnight at 30°C and 300. The cells
were then diluted 1:100 in fresh synthetic medium. Similarly, strains where the native
essential gene promoter was replaced with the PcaQ biosensor design where initially
inoculated in rich YPD medium and grown overnight. Next, the strains were diluted
1:10 in synthetic medium and cultured overnight. Finally, the strains were diluted
1:100 in fresh synthetic medium to a final volume of 150 µL and the cell suspension
was transferred to a 96-half deepwell plate (Enzyscreen). In order to convert the Gvalues provided by the instrument into ODs we generated a calibration curve by
measuring the G-value of samples with known OD.
Flow cytometry measurements
Single cell fluorescence was evaluated using a Becton Dickinson LSR
FORTESSA with a blue 488 nm laser. Prior to measurement, S. cerevisiae strains were
grown overnight in Synthetic medium at 30°C and 300 rpm in 96-format
polypropylene deep-well plates. Next, the cells were diluted 1:50 in fresh synthetic
medium and were cultivated for 20 hours. Finally, cells were diluted 1:20 in PBS to
arrest cell growth and the fluorescence was measured by flow cytometry. For each
sample 10,000 single-cell events were recorded.
Whole genome sequencing
The samples selected for whole genome sequence were inoculated from glycerol stock
in rich YPD medium and cultured overnight. The genomic DNA was extracted by using
the Quick-DNA Fungal/Bacterial Miniprep Kit (Zymoresearch) following the provided
protocol. DNA libraries were then prepared using a Kapa Hyper Prep Library Prep Kit
(Roche) and sequenced by Illumina MiSeq.
Fed-batch cultivations
The bioreactor cultures were performed in 1 L bioreactors (Biostat Q Plus, Sartorius,
Gottingen, Germany) and started with a batch phase using 400 mL synthetic medium
containing 20 g/L of glucose and 5 mL Antifoam 204 (Sigma A6426). The temperature
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was maintained at 30°C and the pH was kept constant at 5.0 by dropwise addition of
a 10M KOH solution. The cultures were sparged with pressurized air at a flow rate of
500 mL/min and dissolved oxygen levels never dropped below 50%. After carbon
depletion, indicated by a rapid rise in dissolved oxygen levels, the fed-batch phase was
automatically initiated (Supplementary Figure 3). During the fed-batch phase, a 2x
concentrated SM solution containing 200 g/L glucose was used. The initial feed rate
was set to 2 mL h-1, resulting in a growth rate of 0.05 h-1. Throughout the fed-batch
phase, the feed rate was continuously increased with a rate of 0.05 h-1 to maintain a
constant growth rate. Samples were taken automatically every 3 hours during batch
and fed-batch phase and metabolite consumption and formation were determined via
HPLC analysis.
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Supplementary Table 1: List of S. cerevisiae strains used in this study

Strain
ID

Background
strain

VG

Genotype

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) XII5(pTEF13DSD) Δbgl1::loxP Δadh6::KanMX

yRV_01

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) XII5(pTEF13DSD), XI3(pPGK1-VanR, pTEF1(2xVanO)-yeGFP)
Δbgl1::loxP Δadh6::KanMX

yRV_02

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX

yRV_03

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT) XII5(pTEF1-3DSD)
Δbgl1::loxP Δadh6::KanMX ΔACAR::hphMX

yRV_04

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1( pPGK1-ACAR) XII5(pTEF1-3DSD)
Δbgl1::loxP Δadh6::KanMX ΔPPT::hphMX

yRV_05

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT)
XII1(pTEF1-PPT, pPGK1-ACAR) XII5(pTEF1-3DSD)
Δbgl1::loxP Δadh6::KanMX ΔUGT::hphMX

yRV_06

VG

MATα MAL2-8C SUC2 XII2(pPGK1-UGT)
XII1(pTEF1-PPT, pPGK1-ACAR) XII5(pTEF1-3DSD)
Δbgl1::loxP Δadh6::KanMX ΔhsOMT::hphMX

yRV_07

CEN.PK113-7D Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9)

yRV_08

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pFOL2(pPGK1-VanR,
pTEF1(2xVanO))-FOL2

yRV_09

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pDUT1(pPGK1-VanR,
pTEF1(2xVanO))-DUT1
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yRV_10

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pCYS3(pPGK1-VanR,
pTEF1(2xVanO))-CYS3

yRV_11

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pCHO1(pPGK1-VanR,
pTEF1(2xVanO))-CHO1

yRV_12

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pGUK1(pPGK1-VanR,
pTEF1(2xVanO))-GUK1

yRV_13

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pGLN1(pPGK1-VanR,
pTEF1(2xVanO))-GLN1

yRV_14

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pFAS1(pPGK1-VanR,
pTEF1(2xVanO))-FAS1

yRV_15

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pURA2(pPGK1-VanR,
pTEF1(2xVanO))-URA2

yRV_16

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pOLE1(pPGK1-VanR,
pTEF1(2xVanO))-OLE1

yRV_17

yRV_07

Mat a MAL2-8c SUC2 URA3 HIS3 LEU2 TRP1
X4(TEF1p-Cas9) pARO2(pPGK1-VanR,
pTEF1(2xVanO))-ARO2

yRV_18

VG

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) XII5(pTEF13DSD) X4(TEF1p-Cas9) Δbgl1::loxP Δadh6::KanMX

yRV_19

yRV_02

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) X4(TEF1pCas9) Δbgl1::loxP Δadh6::KanMX Δ3DSD::hphMX

yRV_20

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pFOL2(209bp_CYC1(PcaO))-FOL2

yRV_21

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pDUT1(209bp_CYC1(PcaO))-DUT1

yRV_22

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
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Δadh6::KanMX X4(TEF1p-Cas9)
pCYS3(209bp_CYC1(PcaO))-CYS3
yRV_23

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pCHO1(209bp_CYC1(PcaO))-CHO1

yRV_24

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pGUK1(209bp_CYC1(PcaO))-GUK1

yRV_25

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pGLN1(209bp_CYC1(PcaO))-GLN1

yRV_26

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pFAS1(209bp_CYC1(PcaO))-FAS1

yRV_27

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pURA2(209bp_CYC1(PcaO))-URA2

yRV_28

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pOLE1(209bp_CYC1(PcaO))-OLE1

yRV_29

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9)
pARO2(209bp_CYC1(PcaO))-ARO2

yRV_30

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pFOL2(209bp_CYC1(PcaO))-FOL2

yRV_31

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pDUT1(209bp_CYC1(PcaO))-DUT1

yRV_32

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pCYS3(209bp_CYC1(PcaO))-CYS3
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yRV_33

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pCHO1(209bp_CYC1(PcaO))-CHO1

yRV_34

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pGUK1(209bp_CYC1(PcaO))-GUK1

yRV_35

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pGLN1(209bp_CYC1(PcaO))-GLN1

yRV_36

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pFAS1(209bp_CYC1(PcaO))-FAS1

yRV_37

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pURA2(209bp_CYC1(PcaO))-URA2

yRV_38

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pOLE1(209bp_CYC1(PcaO))-OLE1

yRV_39

yRV_19

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX X4(TEF1p-Cas9)
pARO2(209bp_CYC1(PcaO))-ARO2

yRV_40

yRV_18

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) Δbgl1::loxP
Δadh6::KanMX X4(TEF1p-Cas9) pGLN1(pPGK1VanR, pTEF1(2xVanO))-GLN1

yRV_41

yRV_02

MATα MAL2-8C SUC2 XII2(pTEF1-HsOMT, pPGK1UGT) XII1(pTEF1-PPT, pPGK1-ACAR) XI3(pPGK1VanR, pTEF1(2xVanO)-yeGFP) Δbgl1::loxP
Δadh6::KanMX Δ3DSD::hphMX
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Supplementary Table 2: List of plasmids used in this study
Plasmid
ID

Parental
plasmid

Description

Reference/
Source

pXI-3-loxP-KlURA3

Jensen et al.,
2014

pXI-3-loxP-KlURA3-VanR<PGK1-pTEF1(2xVanO) ->yeGFP

This study

pTS-33

pX-3-LoxP-KlLEU2-TDH3p>PcaQ

Skjoedt et al.,
2016

pFA197

pXII-4-LoxP-SpHIS5-209bppCYC1(PcaO-108)->yeGFP

Ambri et al.,
2020

pCFB1767

pRS414-TEF1p-Cas9-CYC1t

DiCarlo et al.,
2013

pTajak177

NatMx, pRNR2-Cas9-CYC1t

D'Ambrosio et
al., 2020

NatMx, pRNR2-Cas9-CYC1t,
FOL2 gRNA cassette

This study

pRV_02

NatMx, pRNR2-Cas9-CYC1t,
DUT1 gRNA cassette

This study

pRV_03

NatMx, pRNR2-Cas9-CYC1t, CYS3 This study
gRNA cassette

pRV_04

NatMx, pRNR2-Cas9-CYC1t,
CHO1 gRNA cassette

This study

pRV_05

NatMx, pRNR2-Cas9-CYC1t,
GUK1 gRNA cassette

This study

pRV_06

NatMx, pRNR2-Cas9-CYC1t,
GLN1 gRNA cassette

This study

pRV_07

NatMx, pRNR2-Cas9-CYC1t, FAS1 This study
gRNA cassette

pCFB390
pGC_06

pRV_01

pCFB390

pTajak177
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pRV_08

NatMx, pRNR2-Cas9-CYC1t,
URA2 gRNA cassette

This study

pRV_09

NatMx, pRNR2-Cas9-CYC1t,
OLE1 gRNA cassette

This study

pRV_10

NatMx, pRNR2-Cas9-CYC1t,
ARO2 gRNA cassette

This study

Supplementary Table 3: gRNA cassettes used in this study
The gRNA sequence is highlighted (yellow) while primer binding regions are lowercase

Essential
gene
promoter

Sequence

FOL2

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CCGCACGCACAATCACGATTGGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta

DUT1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTATGCTT
TCACTCATATTTATACAGAAACTTGATGTTTTCTTTCGAGTATAT
ACAAGGTGATTACATGTACGTTTGAAGTACAACTCTAGATTTTG
TAGTGCCCTCTTGGGCTAGCGGTAAAGGTGCGCATTTTTTCACA
CCCTACAATGTTCTGTTCAAAAGATTTTGGTCAAACGCTGTAGA
AGTGAAAGTTGGTGCGCATGTTTCGGCGTTCGAAACTTCTCCGC
AGTGAAAGATAAATGATCAGTTGTTTCTACTTATTAAAGTTTTA
GAGCTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGTTATCAAC
TTGAAAAAGTGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTA
TGTCTtcgagtcatgtaattagtta

CYS3

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
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TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CGAATTTTGAAAGTACAATTGGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta
CHO1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CATAATGTTTCCTATAAAATAGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta

GUK1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CTTGATAACTACAGTTTACTTGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta

GLN1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CGTTCTGTCTTTGTTTTCGTTGTTTTAGAGCTAGAAATAGC
AAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAGT
GGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTtcg
agtcatgtaattagtta

FAS1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
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TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CGGAAAATCAGATTATAGACTGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta
URA2

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTATGCTT
TCACTCATATTTATACAGAAACTTGATGTTTTCTTTCGAGTATAT
ACAAGGTGATTACATGTACGTTTGAAGTACAACTCTAGATTTTG
TAGTGCCCTCTTGGGCTAGCGGTAAAGGTGCGCATTTTTTCACA
CCCTACAATGTTCTGTTCAAAAGATTTTGGTCAAACGCTGTAGA
AGTGAAAGTTGGTGCGCATGTTTCGGCGTTCGAAACTTCTCCGC
AGTGAAAGATAAATGATCTTGTTATATTCTATTAGGTAGTTTTA
GAGCTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGTTATCAAC
TTGAAAAAGTGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTA
TGTCTtcgagtcatgtaattagtta

OLE1

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTAT
GCTTTCACTCATATTTATACAGAAACTTGATGTTTTCTTTC
GAGTATATACAAGGTGATTACATGTACGTTTGAAGTACAA
CTCTAGATTTTGTAGTGCCCTCTTGGGCTAGCGGTAAAGG
TGCGCATTTTTTCACACCCTACAATGTTCTGTTCAAAAGAT
TTTGGTCAAACGCTGTAGAAGTGAAAGTTGGTGCGCATGT
TTCGGCGTTCGAAACTTCTCCGCAGTGAAAGATAAATGAT
CATCATAGTAATAGATAGTTGGTTTTAGAGCTAGAAATAG
CAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAG
TGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTATGTCTt
cgagtcatgtaattagtta

ARO2

agggaacaaaagctggagctTCTTTGAAAAGATAATGTATGATTATGCTT
TCACTCATATTTATACAGAAACTTGATGTTTTCTTTCGAGTATAT
ACAAGGTGATTACATGTACGTTTGAAGTACAACTCTAGATTTTG
TAGTGCCCTCTTGGGCTAGCGGTAAAGGTGCGCATTTTTTCACA
CCCTACAATGTTCTGTTCAAAAGATTTTGGTCAAACGCTGTAGA
AGTGAAAGTTGGTGCGCATGTTTCGGCGTTCGAAACTTCTCCGC
AGTGAAAGATAAATGATCAAAATAGTATCATAGCACAGGTTTTA
GAGCTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGTTATCAAC
TTGAAAAAGTGGCACCGAGTCGGTGGTGCTTTTTTTGTTTTTTA
TGTCTtcgagtcatgtaattagtta
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Supplementary Table 4. Amino acid abundance in VG pathway enzymes
and yeast biomass.
The abundance of each amino acid in the pathway (PW) is expressed as percentage of
the occurring amino acid over the total number of amino acids in the pathway related
proteins. The BioM% represents the average amino acid composition of the yeast
biomass while the difference between the two values is shown in the P-B column.

Amino acid PW %

BioM % P-B

Q

Gln

3,98%

7,76%

-3,77%

K

Lys

3,46%

6,58%

-3,13%

G

Gly

6,39%

8,91%

-2,52%

N

Asn

2,48%

4,65%

-2,17%

E

Glu

6,69%

7,76%

-1,07%

I

Ile

5,15%

5,90%

-0,75%

T

Thr

5,19%

5,58%

-0,40%

F

Phe

3,72%

3,77%

-0,05%

V

Val

7,63%

7,35%

0,28%

S

Ser

5,71%

5,34%

0,37%

H

His

2,56%

1,93%

0,62%

W

Trp

1,28%

0,65%

0,63%

A

Ala

10,48% 9,79%

0,69%

M

Met

1,84%

0,70%

1,14%
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Y

Tyr

3,04%

1,96%

1,08%

P

Pro

5,37%

4,23%

1,14%

C

Cys

1,47%

0,14%

1,33%

D

Asp

6,50%

4,65%

1,85%

R

Arg

6,35%

3,87%

2,48%

L

Leu

10,71%

8,03%

2,68%

Supplementary Figure 1

Supplementary Figure 1. VanR biosensor design characterisation
Characterisation of the response of the VanR biosensor design in response to
increasing concentrations of vanillic acid. The points represent the average MFI of
three (n=3) replicates. Error bars represent standard deviation.
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Supplementary figure 2

Supplementary Figure 2. Schematic representation of the essential gene
promoter replacement
(A) Promoter replacement by the VanR biosensor design. (B) Promoter replacement
by the VanR biosensor design.
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Supplementary Figure 3

Supplementary Figure 3. Dissolved oxygen levels
Dissolved oxygen levels for the VG and biosensor stabilized strains used to start the
fed-batch phase in the bioreactor.

Supplementary Figure 4

Supplementary Figure 4
Metabolite of the VG and biosensor stabilised strains in a fed-batch setup. Metabolite
production is expressed in mmol of metabolite produced during the cultivation.
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6.

Conclusion

The goal of this PhD study was to engineer allosterically regulated transcription factors
as biosensors to accelerate the construction of yeast cell factories. To meet this goal,
we developed and employed two vanillin related biosensor systems, namely VanR and
PcaQ, and we provided new functional designs for three previously established
transcriptional repressors and two transcriptional activators.
In the first research manuscript we showed the potential of biosensor engineering by
tackling the issue of biosensor promiscuity toward multiple ligands. By mutating only
one amino acid residue we were able to abolish the response to vanillic acid, the main
ligand of the sensor, without hindering the ability of VanR to detect vanillin, a ligand
that is recognized at higher concentrations and that has a lower binding energy
compared to vanillic acid.
In the second study we demonstrated the critical role that operator site positioning has
in determining the functionality of biosensors. Particularly, we demonstrated the
higher flexibility of transcriptional repressors compared to transcriptional activators,
where only a few tested positions were able to exert a ligand-induced biosensor output.
Moreover, in this study we developed PcaQ as a promising LTTR-based biosensor in
yeast and we established the minimal 209bp_pCYC1 promoter as a platform reporter
promoter for transcriptional activators in S. cerevisiae.
Finally, we employed both of the newly developed sensors in a cell factory environment
to tackle the issue of genetic heterogeneity in longer cultivations. By doing so we were
able to show that biosensors can stabilise productivity over multiple sequential
cultivations and in a fed-batch set-up.
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7.

Future Perspectives
In the last decade, aTF-based biosensors have been established as a powerful

tool for the screening of large enzymatic and gene regulation libraries in S. cerevisiae.
Prokaryotic transcription factors have been successfully onboarded in yeast for the
detection of a wide range of metabolites such as xylose, cis,cis-muconic acid, malonylCoA, tryptophane and progesterone1–6. However, the vast majority of yeast-based
biosensors are applied for screening and selection purposes, with few exceptions
where biosensors are used as actuators to regulate the expression of pathway genes7.
Even though aTF-based biosensors combined with directed evolution and
overexpression libraries lead to increased productivity, there are still several
limitations that need to be addressed. Classic directed evolution experiments rely on
error prone polymerases or saturated mutagenesis to mutagenize one or few genes4,8.
This approach is therefore most likely to be restricted to enzymes in the pathway and
does not take into account any non-intuitive target in the genome. On the other hand,
overexpression libraries can cover a larger genetic space, but they lack in complexity.
These libraries are characterized by an ON type of regulation where the targeted genes
are constitutively overexpressed and therefore lack any intermediate regulation9.
Moreover, one additional limitation associated with overexpression libraries is the
removal of the context dependent expression of the regulated enzyme. In a wild-type
strain a target gene might be transcribed only at specific cultivation stages or
conditions. The constitutive overexpression of such genes could therefore lead a drain
in resources towards secondary pathways or cause additional metabolic burden, thus
hindering the beneficial effect of targeting that specific enzyme.
I believe that in order to solve all these limitations, future biosensor
applications for the construction of yeast cell factories will move towards biosensor
driven ALE to allow a larger mutational space and complexity while simultaneously
data driven machine learning approaches will be developed to speed the process of
engineering aTFs with desired characteristics.
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7.1.

Data Driven Biosensor Engineering

Engineering aTFs to fit researchers’ needs is not trivial and can be very time
consuming. However, computer aided biosensor engineering already proved
successful, particularly in specificity engineering efforts10,11. Computer aided methods
however, do not account for allostery11. This is why, I believe that in the near future
biosensor engineering efforts will rely on big data approaches and machine learning
to improve and speed-up biosensor engineering. Given the structural similarities of
transcription factors from the same protein family, it is reasonable to believe that
mutational hotspots common to aTFs from the same family exist. In order to identify
these hotspots, sensors from the same family would go through saturated mutagenesis
at every amino acidic residue. The mutants would then be screened by FACS for
variants with improved characteristics, such as higher dynamic range, modified
operational range and sensitivity, similarly to what has been done by Snoek and
coworkers12. The sorted variants would then be sequenced and screened for recurring
mutations among different sensors, leading to the same phenotype. The identified
hotspots could then be used to speed the design and engineering of new protein-based
biosensors.

7.2.

Biosensor Driven Adaptive Laboratory Evolution

Adaptive laboratory evolution (ALE) exploits microorganisms’ ability to adapt
to new environments in order to improve phenotypic characteristics of laboratory
strains. During ALE experiments, microbial strains are cultivated in selective
conditions to identify mutations that increase the fitness to that environment. ALE is
therefore a powerful metabolic engineering tool and it has been successfully employed
in S. cerevisiae to increase the tolerance to toxic metabolites, improve product
formation and the utilization of alternative substrates and limit the medium
supplementation requirements13–16.
Even though ALE experiments have proved extremely powerful for strain
adaptation to alternative carbon sources or the absence of a cofactor, it only allows
screening based on the growth rate. It is therefore very difficult to select for strains
that produce higher amounts of a molecule of interest. Such a system would require
that the target compound have a beneficial effect on cell fitness. However, higher
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productivity is often associated with a decreased fitness of the engineered strain17. It is
therefore difficult to screen for high producers if the product itself is not beneficial or
required by the cell13. To achieve this, it is necessary to couple metabolite production
to cell fitness. This can be achieved by employing an essential gene as the reporter gene
as described in chapter 5 of this thesis or, by cloning an antibiotic resistance marker
under the control of the biosensor, as described by Leavitt and coworkers13.
I therefore envision that allosterically regulated transcription factors will be
heavily applied in combination with ALE experiments to increase productivity of
engineered yeast strains by linking higher productivity with increased cellular fitness.
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8.

Appendix
8.1.

Fluorescence Activated Cell Sorting

Flow cytometry is a method that allows for the simultaneous characterisation
of both optical and fluorescent attributes on a single cell level. More precisely, during
a flow cytometry experiment it is possible to characterize the size of the cells, their
complexity and the fluorescence intensity of fluorescence proteins, dyes or molecules.
Flow cytometry and flow-cytometry based tools such as fluorescence activated cell
sorting (FACS) are a key instruments for engineering of microbial cell factories and
they are routinely being used in combination with aTF-based biosensors for the
identification of best performing genes variants and cell designs in S. cerevisiae1–4.
During a flow cytometer experiment, cells are transported one at the time inside a fluid
stream until they reach the interrogation point where a laser beam intercepts the cell.
Scattered light at different angles provides information regarding the size, complexity
and fluorescence5–7. Therefore, when the expression of a fluorescent protein is coupled
to the production of a metabolite of interest it is possible to use FACS in order to select
for the cells with the highest fluorescence and therefore the highest amount of target
metabolite.
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