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Développement d'un systéme de différenciation modulable par la lumiere
pour la création et le controle de consortiums microbiens chez S. cerevisiae,
sa caractérisation en cellule unique pour le développement de modeles
prédictifs, et son utilisation pour |' expression hétérologue

RESUME

Les consortiums microbiens artificiels cherchent & exploiter la division du travail pour optimiser
des fonctions et possédent un immense potentiel pour la bioproduction. Les approches de co-
culture, le mode préférentiel pour générer des consortiums, restent limitées dans leur capacité a
donner naissance & des consortiums stables ayant des compositions précisément ajustées. J'ai
développé ici un systéme de différenciation artificielle dans la levure boulanger capable de
générer & partir d'une seule souche des consortiums microbiens stables avec des fonctionnalités
choisies et ayant une composition définie par l'utilisateur dans I'espace et dans le temps, grdace
& une modification génétique pilotée par optogénétique. Gréce & une dynamique rapide,
reproductible et ajustable par la lumiére, mon systéeme permet un contréle dynamique de la
composition des consortiums dans des cultures continues pendant de longues périodes. Je
démontre également que notre systéme peut étre étendu de maniére simple pour donner
naissance A des consortiums avec de multiples sous-populations. Cette stratégie de
différenciation artificielle établit un nouveau paradigme pour la création de consortiums
microbiens complexes qui sont simples & mettre en oceuvre, contrélables avec précision et

polyvalents & utiliser.

En plus de cela, j'ai caractérisé le systtme au niveau de la cellule unique dans différents
contextes en changeant la structure du bruit du facteur de transcription optogénétique qui induit
la différenciation. J'ai découvert que le changement de la structure du bruit introduisait un
couplage complexe entre les niveaux de la population de cellule et des cellules individuelles,
qui ne peut étre prédit par un simple modéle d'équations différentielles ordinaires. L'utilisation

d'un modeéle stochastique bien caractérisé a permis de rétablir la prévisibilité.

Enfin, j'ai couplé le systtme de différenciation avec un system d'arrét de croissance et de
bioproduction de sorte que les cellules différenciées arrétent de croitre et commencent &
produire une protéine d'intérét. J'ai comparé I'efficacité de |'approche basée sur la
différenciation avec des équivalents constitutifs et inductibles. J'ai constaté que la production
n'était pas monotone par rapport & la fraction de différenciation mais qu'elle pouvait surpasser

I'expression induite par un promoteur constitutif fort.

Mots clefs : Biologie synthétique, biotechnologie, cybergénétique, théorie de contréle,
consortium microbien, modélisation des processus cellulaires, biologie computationnelle,
systéme bimodale, optogénétique, machine d'état basé sur une recombinase contrélable de

maniére externe



LONG RESUME

Les consortiums microbiens sont courants dans la nature et coexistent ensemble en exploitant le
principe de la division du travail. La construction de consortiums microbiens artificiels est une
entreprise séduisante et fréquemment engagée, dont cependant, le contréle dynamique reste
terriblement limité. Les approches de la biologie synthétique utilisées pour générer des
consortiums microbiens partagent un théme commun, celui de la communication cellulaire par
signalisation avec de petites molécules afin de permettre des interactions spécifiques entre les
membres du consortium et ainsi renforcer sa stabilité. Bien que ces approches possédent certaines
qualités comme par exemple le contréle autonome intégré qui résulte en un comportement
programmé qui, du moins en théorie, devrait marcher indépendamment du contexte, elles

présentent plusieurs limitations.

e Avant toute chose, la majorité de ces approches ont une dynamique communautaire
intrinséque au systéme qui nécessite des changements importants de la topologie du circuit
& moduler.

e Le peu de solutions disponibles quand cette dynamique peut étre modulée par des motif
inductibles et que le mode d’induction est invariablement chimique, empéchent un contréle
dynamique et par conséquent, aucune de ces approches ne démontre un contréle dynamique
de la composition du consortium ou méme un contrdle sur le long-terme de la composition &
I’équilibre.

e La plupart des solutions proposées restent dépendantes, et ce de fagon critique, de la densité
cellulaire des cultures et ainsi, se comportent de maniére prédictible seulement en conditions
calibrées avec soin.

e Toutes les approches présentent des circuits génétiques complexes qui sont un poids pour
I'organisme héte et nécessitent souvent que le programme moléculaire soit distribué parmi
deux populations distinctes, si ce n’est plus, ce qui aggrave le risque de défaillance du circuit
d0 & des mutations dans 'une des espéces constituantes. Cela rend également bancal le
passage a plus grande échelle de ces consortiums pour effectuer des téches complexes.

e Dans le contexte de la bioproduction, des machineries aussi pesantes utilisées seulement pour
maintenir un consortium microbien sont sous-optimales puisqu’elles usent des ressources qui
auraient pu étre employées afin d’augmenter la production.

e les approches utilisant la mort cellulaire sont particulierement inappropriées pour la

bioproduction car beaucoup de la biomasse est gachée par la lyse des cellules.



Au cours de ma thése, je me suis attaqué & ce probléme en concevant un systéme de
différenciation inductible par la lumiére chez la levure et ai trouvé qu'il était capable de générer
un consortium microbien ayant une composition définie par I'utilisateur dans I'espace et le temps.
Le systéeme de différenciation repose sur I'expression inductible par optogénétique de la Cre-
recombinase par le facteur de transcription EL222. En présence d’une cassette de recombinaison,
ce systéme me permet de passer de I'expression d’une protéine a I'autre dans la population.
J'ai caractérisé le systéeme dans des cultures liquides & petite échelle (avec des cellules poussant
dans une chambre microfluidique), des cultures liquides & plus grande échelle (en lot et en
continu) et des cultures solides & court terme (mono-couche sur lamelle plbidi) et I'ai trouvé
fonctionnel malgré les changements contextuels. Ces expériences de caractérisation m’ont aidé
a établir que le systéme posséde plusieurs qualités désirables comme une faible activité basale
dans le noir, une efficacité sans-précédent en présence de lumiére chez la levure, une réponse
graduée & des stimuli variés, et une dynamique rapide, reproductible et ajustable. Ces
propriétés m’ont permis de développer un modéle prédictif qui était utilisé dans le cadre d’une
commande prédictive pour contrdler la composition du consortium dans le temps. La réponse
graduée du systéme ainsi qu’en particulier, I'absence d’hystérésis, ont été cruciales pour un
contréle dynamique de la composition du consortium sur de longues périodes de temps (3-4
jours). La grande efficacité et la fuite limitée du systéme m’ont permis de générer un consortium
microbien structuré spatialement simplement par illumination d’un motif qui, couplé & une puce
DMD, a permis le contréle de la différenciation en cellule unique. Ceci fut exploité pour
démontrer le contréle des lignages dans des colonies de levures poussant dans une chambre
microfluidique. De plus, I'inclusion de plusieurs cassettes de recombinaison dans la méme souche
m’ont permis de générer des consortiums complexes contenant plusieurs espéces. J'ai démontré
que le nombre et la prévalence des espéces dans ces consortiums pouvaient étre contrélés en
implémentant des programmes de différenciation distincts. Ceci a pu étre réalisé gréice a un
ajustement de la longueur relative des cassettes de recombinaison respectives tandis que la

longueur absolue a permis de contrdler le taux de différenciation global.

Le systéme a ensuite été utilisé pour sonder le compromis entre production et croissance pendant
I'’expression hétérologue en opération continue, en 'employant pour découpler la croissance de
la production. Des compromis entre production et croissance apparaissent en conséquence du
fardeau métabolique généré par I'expression hétérologue et posent un défi majeur a la
bioproduction continue, di & I'émergence de mutants non-producteurs qui entrainent une
diminution du rendement avec le temps. Afin d’éviter ces compromis, j'ai couplé le systéeme de
différenciation avec un arrét de croissance de maniére a ce que les cellules arrétent de croitre

(en surexprimant FARTM) apreés différenciation (GAuDI en anglais) et commencent & produire
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une protéine d’intérét (mScarlet contrélée par le puissant facteur de transcription orthogonal
ATAF1). Le couplage n’était pas simple et a requis que je détecte et résolve des problémes dans
des aspects variés du systéme. Aprés avoir fait des ajustements significatifs, j'ai été capable de
créer une lignée, GAuDi02, qui arréte de croitre aprés induction par la lumiére et commence &
produire une protéine d’intérét. Les cellules se sont arrétées, formant de larges cellules sans
bourgeonnement, et ont continué d’augmenter en taille jusqu’a ce qu’elles meurent. Le circuit,
cependant, n’était pas stable et les cellules différenciées ont perdu leur phénotype d’arrét de
croissance aprés 15-20h d’arrét complet. J'ai établi par séquengage ciblé du génome et avec
des expériences additionnelles que cet échappement était associé a une perte de la cassette
transcriptionnelle exprimant FAR1TM. Néanmoins, j'ai développé un modéle EDO dédié pour étre
capable de prédire la dynamique de la population et I'ai ajusté aux données expérimentales
dynamiques. Le modéle EDO était suffisant pour prédire la dynamique de la population pour
divers apports de lumiére. Nous avons déployé le modéle EDO dans un cadre MPC pour
contréler le niveau de différenciation de la population et, par extension, le taux de croissance
de la culture. Nous avons été capables de maintenir des niveaux stables de fraction différenciée
dans des cultures continues de GAuDiO2 et autres lignées associées. En paralléle, |'ai développé
des plateformes de référence constitutive et inductible d’expression hétérologue pour comparer
les performances du systéme GAuDi. J'ai trouvé qu'une seule cible contrdlée par optoATAF1
générait jusqu’'a 10 fois plus de fluorescence cellulaire moyenne par rapport & la référence
pTDH3. De maniére curieuse, I'ajout d’'une autre copie du méme géne n’'a pas résulté en une
augmentation détectable des niveaux de fluorescence, cependant, I'ajout d’'un autre géne cible
a augmenté I'expression plus de 20 fois par rapport a pTDH3. J'ai également trouvé que le
taux de croissance diminuait en conséquence de I'expression d’ATAF1 (32% =+ 2%). Et
étrangement, cette diminution n’était pas dépendante des niveaux d’expression hétérologue, ce
qui suggeére que les cellules pouvaient supporter des niveaux d’expression de pTDH3 20 fois
plus forts sans affecter le taux de croissance. Finalement, j'ai trouvé un comportement non-
monotone dans deux versions cibles de optoATAF1 par rapport & I'induction. J’ai caractérisé la
production de la protéine d’intérét avec optoATAF1 totalement inductible et les lignées GAuDi
maintenues & différents niveaux de différenciation dans des cultures continues. J'ai comparé la
performance & pTDH3 en utilisant des indicateurs standards (titre, productivité et rendement).
J'ai trouvé que GAuDIO2 produisait jusqu’a deux fois plus de protéine que la référence pTDH3
mais n’était pas génétiquement stable et la productivité diminuait avec le temps pour des
objectifs élevés de fraction de différenciation. GAuDiO4, qui montrait un défaut de croissance
moins fort, se prétait davantage & un contrdle au long terme et s’est montré meilleur que la

référence pTDH3 tout du long. Cependant, le systéeme de différenciation s’est montré, au mieux,
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aussi bon que le systéme d’induction. Le systéme d’induction avec copie unique a maintenu une
productivité 4 fois supérieure, était stable génétiquement et, en général, a produit 5 fois plus
de protéine par ml de milieu usé, comparé a I'expression constitutive. Il est intéressant de
remarquer que, malgré un niveau deux fois plus élevé de fluorescence cellulaire, les deux copies
d’optoATAF1 ont réalisé de moins bonnes performances que la copie unique. Finalement, {'ai
trouvé que le rendement et la productivité ne pouvaient pas étre maximisés en méme temps, ce
qui en est la premiére démonstration expérimentale en production continue chez la levure. De
maniére globale, je suis obligé de conclure que notre approche avec un fort arrét de croissance
n'est pas faisable pour I'expression hétérologue dans des cultures continues mais I'introduction

d’un défaut de croissance moins prononcé semble plus prometteur.

Aucune des constructions décrites jusqu’ici n'a montré d’effets de sélection et elles étaient
exemptes d’hystérésis, un modéle EDO simple était suffisant pour capturer la dynamique et
permettre le contréle dynamique de la composition du consortium. Néanmoins, je me suis
demandé si d’autres instanciations pouvaient nécessiter la caractérisation et le développement
de modéles plus nuancés qui seraient capables de capturer les effets de sélection et I’hystérésis

en résultant. A cette fin, j'ai créé une lignée ou les niveaux d’EL222 et son activité sont

directement observables en plus de contenir la cassette de recombinaison & deux couleurs (tétra-
rapporteur).  Plus spécifiquement, j'ai créé trois versions du tétra-rapporteur (intégré,
centromérique et 2-micron) et les ai caractérisées en cultures continues. J'ai trouvé que le
comportement du systéme pour la lignée intégrée était similaire au systéeme originel de
différenciation bien que son efficacité soit réduite. Ces résultats impliquaient qu’un simple
modéle EDO était suffisant pour capturer la dynamique du systéme. Cependant, pour les versions
plasmides, cela n’était pas le cas et nécessitait le développement d’'un modéle stochastique du
systéme de différenciation en plus d’'un modéle stochastique des fluctuations du nombre de copie
de plasmide. Pour ce dernier, nous avons utilisé les données de caractérisation de la lignée
intégrée et ceci nous a permis de modéliser sa dynamique de maniére quantitative. Afin
d’étendre ce modéle aux versions plasmides, nous avons di d’abord développer un modéle des
fluctuations du nombre de copie de plasmide dans la population. Nous avons utilisé les données
de caractérisation des lignées plasmides pour paramétrer le modéle. Nous avons trouvé que ce
modéle prédisait de maniére satisfaisante les conséquences des fluctuations de plasmide. Par
conséquent, nous avons construit un modéle hybride pour prédire la dynamique de la population
de la lignée 2-micron. Nous avons trouvé que le modéle hybride rendait des prédictions
particuliérement fidéles pour la dynamique de la fraction différenciée en plus d'étre
quantitativement en accord avec la distribution stationnaire d’EL222 dans la population. De plus,

le modéle était capable de capturer la dynamique de la distribution dI’EL222 dans des cellules
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non-différenciées. Enfin, le modéle a prédit qu’il était possible d'utiliser la lumiére de sorte &
maintenir la population non-différenciée avec de bas niveaux d’EL222 (expression constitutive),
et, par extension, le nombre de copie de plasmide, comparé a la population totale et ce en
enlevant de maniére spécifique et continue les cellules via différenciation. Nous avons trouvé
que les données étaient en accord qualitatif avec les prédictions du modéle, démontrant ainsi
que, aussi peu intuitif que cela puisse paraitre, il est possible de contréler I'expression

constitutive.

Dans le chapitre 3, je décris la construction, caractérisation, et modélisation d’un systéme de
différenciation optogénétique chez la levure qui permet la création d’un consortium microbien
sur-mesure avec fonctions définies par I'utilisateur et une dynamique prédictible, rendant ainsi
sa composition contrdlable dans I'espace et le temps, indépendamment de la densité cellulaire

de la culture. Ceci constitue une contribution majeure de la thése.

Dans le chapitre 4, jai entrepris une comparaison systématique des différents modes
d’expression hétérologue en opération continue. Ainsi, deux nouvelles plateformes d’expression
hétérologue furent développées et caractérisées, une plateforme inductible de maniére
optogénétique (optoATAFT) et une plateforme basée sur la différenciation (GAuDi), qui ont

toutes deux surpassé I'expression constitutive basée sur pTDH3.

Le chapitre 5 détaille 'application du systéme de différenciation afin de comprendre les
interactions entre les mécanismes au niveau de la cellule unique et au niveau de la population
qui faconnent le comportement de la population. Pour atteindre une compréhension
mécanistique, il a été nécessaire de construire et caractériser un tétra-rapporteur dans trois
contextes génétiques différents. Les modéles stochastiques décrivant le systéeme de
différenciation et la dynamique du plasmide, quand ils sont utilisés ensemble, ont permis la
prédiction sans paramétre de la dynamique de la population provenant du tétra-rapporteur et
le contrdle de I'expression constitutive du géne (nombre de copie de plasmide) au niveau de la

population.
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Development of a light tunable differentiation system for the creation and
control of microbial consortia in S. cerevisiae, its single cell characterization
for development of predictive models, and application to heterologous
expression

ABSTRACT

Artificial microbial consortia seek to leverage division-of-labour to optimize function and possess
immense potential for bioproduction. Co-culturing approaches, the preferred mode of
generating a consortium, remain limited in their ability to give rise to stable consortia having
finely tuned compositions. Here, | developed an artificial differentiation system in budding yeast
capable of generating stable microbial consortia with custom functionalities from a single strain
at user-defined composition in space and in time based on optogenetically-driven genetic
rewiring. Owing to fast, reproducible, and light-tunable dynamics, my system enables dynamic
control of consortia composition in continuous cultures for extended periods independently of the
cell density. | further demonstrate that our system can be extended in a straightforward manner
to give rise to consortia with multiple subpopulations. This artificial differentiation strategy
establishes a novel paradigm for the creation of complex microbial consortia that are simple to

implement, precisely controllable, and versatile to use.

In addition to this, | characterized the system at the single cell level in different genetic contexts
by changing the noise structure of the optogenetic transcription factor that drives differentiation.
| found that changing the noise structure introduced complex coupling between the population
and the single cell level, which cannot be predicted by a simple population model. A stochastic
model of differentiation composed in a stochastic model of plasmid fluctuations not only restored
predictability, but revealed mechanistic insights into the functioning of the system. The latter was
exploited to demonstrate control of expression of a constitutively expressed gene (proxy for

plasmid copy number).

Lastly, | coupled the differentiation system with a growth arrest and production module such that
differentiated cells stop growing and start producing a protein of interest. Growth arrest was
effected via hijacking of the mating pheromone pathway and production was carried out by an
orthogonal transcription factor. | developed a light inducible reference to assess the increase in
production upon growth arrest. Comparing the efficiency of the differentiation-based approach
with constitutive and inducible counterparts, | found that production was non-monotonic with
respect to differentiation fraction and could outcompete constitutive expression. However,

production did not increase upon growth arrest.

Keywords : Synthetic biology, biotechnology, cybergenetics, control theory, microbial
consortia, modelling of biological processes, computational biology, bimodal systems,
optogenetics, externally controllable recombinase based state machine
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PREFACE

The work presented here was carried out between February 2018 and June 2021 at the InBio
group in Batiment Lwoff at Institut Pasteur under the supervision of Gregory Batt. The project
was a part of a European consortium COSYBIO and funded by the ERC Horizon 2020 program.
It also received funding from Inria under the banner of IPLCOSY and from ANR under the name
of CyberCircuits. Gregory approached me with the project when funding for my original project
on mistranslation in bacteria with lvan Matic over at Institut Cochin fell through. At the time, | was
working in The Netherlands but | knew Gregory from the days of my Master’s and felt that the
project sounded cool and challenging. In its original scope, the project was to develop an
artificial light inducible differentiation system in yeast that was geared towards optimizing
bioproduction by separating growth from production in continuous cultures (what now forms
Chapter 4). In addition, the project involved development of a continuous culture platform and
deployment of optimal control to maximize bioproduction. For the former, we got lucky because
Alan Jacquier and Cosmin Saveanu (Genetics of Macromolecular Interactions, Institut Pasteur)
had such a platform lying unutilized which was brought to our attention by a friend from the
doctoral school, Lukas Hafner and Frangois Bertaux, a permanent engineer in the group, took
the lead on refactoring code and revamping the platform. His efforts culminated in ReacSight.
For the optimal control, | was supposed to work together with another PhD student, Elise Weill-
Duflos, who unfortunately did not continue her thesis and consequently, due to my elementary
mathematical background, we had to drop that aspect. The thesis was written between June
2021 and July 2021. It was a period of intense activity, academic and otherwise. One of the
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It remains an open global collaborative effort
to find the fundamental truths that underpin
existence

but needs to become more inclusive and

do better in rewarding honesty

instead of penalizing it.

We, as scientists, need to foster a

culture where self-criticism is not

met with rejection and ridicule.
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Chapter 1

INTRODUCTION

“If the first words fail, ten thousand will then not avail.”
Ancient Chinese proverb

Historical perspective @

Nowadays, it is common knowledge that microorganisms are omnipresent from most hostile
places on earth to inside (and on the surface) of every plant, animal, and human that ever lived
(with the possible exception of those with Severe combined immunodeficiency (Sponzilli and
Notarangelo 2011)). However, for the major part of recorded history, humans were not privy
to this information even though scattered accounts from Roman times (Cato, Varro, and Hooper
1935) and Jain scriptures from ancient India (Dundas 2003) suggest at least some degree of
cognizance. The awareness of life beyond what the naked eye could see, did not dawn upon
humanity until (Robert Hooke, and, more prolifically,) Antonie van Leeuwenhoek, with
microscopes, recorded the presence of tiny “animalcules” in pond water in 1677 (Lane 2015)b.
Owing to the technological improvements in optical microscopy, plethora of animalcules were
described in the following century. However, their origins remained mysterious for nearly 200
years. During this period, the Aristotelian paradigm was prevalent that, like all other life,
microbes arose spontaneously from abiotic matter and was regarded as the dominant hypothesis
to explain the emergence of microbes (Zwier 2018). It was Louis Pasteur who, in 1861,
definitively put an end to the spontaneous generation theory through his experiments with the
fabled swan-necked flasks (Vallery-Radot 1901). These results allowed Pasteur to prove that
microbes were present in the air and needed specific conditions to procreate and, perhaps most
memorably, led him to proclaim “Omne vivum ex vivo” (“Life only comes from life”) €. A
contemporary of Louis Pasteur, Robert Koch, established that microbes were the causative agents
of a variety of diseases firmly establishing the germ theory of disease. The work done by Louis
Pasteur and Robert Koch, widely regarded as the fathers of modern microbiology, culminated

in what has come to be known as the golden age of microbiology (Arguelles 2017). However,

@ Being the progeny of two microbiologists and having undertaken the thesis work at Institut Pasteur, it would have
been indecent of me to omit this section. However, in including it, | realize that | have simplified the narrative
considerably. Those interested in a more nuanced account are referred to Wainwright, 2003.

b Ibid., 334.

¢ Ibid., 340.
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the discoveries made during this period focused primarily on microbes that were implicated in
human health and disease and did not concern with microbes in natural environments. It was not
until the early 20" century, through the works of Martinus Beijerinck and Lourens Baas Becking,
who developed methods for cultivation of natural microbes, that microbiologists confronted
microbial diversity present in natural habitats. Sergei Winogradsky, perhaps the first
microbiologist to focus solely on microbes outside the context of human health, demonstrated the
existence of chemotrophic microbes. His experiments with the eponymous Winogradsky column
could be seen as the first study of microbial communities. Through the work of Beijerinick, Becking,
Winogradsky, and others that followed, it came to be known that the disease causing microbes
formed but a minuscule minority of the microorganisms that exist in nature (Brock et al. 2003).
Dedicated studies describing the diversity of microbes sharing a habitat and their interactions
with each other and the environment were first conducted by Robert Hungate and colleagues,
who developed a way to culture and observe the microbes that occupy the rumen (primary site
of microbial fermentation in ruminants) (reviewed in Hungate, 2013). However, it was suspected
that cultivation based techniques revealed a simplified picture as less than 1% of the microbial
species found in natural environments could be cultured (Staley and Konopka 1985). Carl Woese
and George Fox increased the resolution of such endeavors by developing cultivation
independent techniques to measure the phylogenetic differences (classification based on 16S
rRNA gene) in microbes inhabiting a shared environment (Woese and Fox 1977) and, in the
process, uncovered a new kingdom of life, Archaea. Their efforts culminated in an eventual
overhaul of the taxonomic classification of living things (Woese, Kandler, and Wheelis 1990).
With the advent of powerful DNA sequencing approaches, which continue to improve in terms of
sensitivity and facility (Shendure et al. 2017), the true extent of the diversity in microbial
communities that pervades natural environments is ultimately within our grasp. It might be utile,
at this point, to provide the reader with an approximate definition of what constitutes a microbial
community. A microbial community is loosely defined as a group of phylogenetically distinct
microorganisms that inhabit a common environment and possess intra-group interactions. It
is useful to note that while, this definition of microbial community has been repudiated or
deemed too simplistic (Konopka 2009) because of the problems in clearly delineating a
contiguous environment (especially in spatially dynamic configurations), classifying genetic

diversity and coming up with a rigorous framework for detecting interactions, for the

purposes of this thesis, the simplistic definition would suffice.
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From microbes to microbial communities to microbiomes

Microbial communities are omnipresent in nature (Barton and Northup 2011) from air and water
to soil to plants and animals. Some have been used by humans for millennia intentionally albeit
unknowingly (Dertli and Con 2017; Melkonian et al. 2019) while those inside our guts have co-
evolved with us (Moeller et al. 2016; Ley et al. 2008). More importantly, microbial communities
have been found to be of paramount importance for the function of the (micro-) ecosystems they
inhabit (Hooper et al. 2005; Strickland and Rousk 2010; Bardgett, Freeman, and Ostle 2008).
The importance of microbial communities can be gleaned from the fact that prokaryotes
constitute majority of the total nitrogen and phosphorous stored in living organisms, in addition
to almost half of the total carbon (Raich and Schlesinger 1992; Galloway et al. 2004). One of
the most remarkable features of natural microbial communities is the sheer diversity of constituent
species and the wide range of environments they inhabit (Lozupone and Knight 2007; Thompson
et al. 2017). Some estimates claim up to a million bacterial species in a pinch of soil (Gans,
Wolinsky and Dunbar, 2005 9). Faced with such immense diversity in microbial communities and
their crucial role in the functioning of the ecosystem, some have opted for the term microbiome.
It must be noted, however, that estimates of diversity in microbiomes vary dramatically due to
methodological and technological dissimilarities. Therefore, in 2010, a worldwide consortium on
microbiomes by the name of The Earth Microbiome Project issued a call for a standardized
approach towards assessing microbial diversity (“The Earth Microbiome Project” 2010). A
concrete framework for the latter was proposed in a landmark paper that sampled the microbial
communities from various parts of the world at an unprecedented scale and catalogued their
genetic diversity (Thompson et al., 2017 ©). After years of deliberation, yet another consortium

of experts (MicrobiomeSupport, 2020) agreed upon the following definition for microbiome.

“The microbiome is defined as a characteristic microbial community occupying a reasonably well-
defined habitat which has distinct physio-chemical properties. The microbiome not only refers to the
microorganisms involved but also encompasses their theatre of activity, which results in the formation
of specific ecological niches. The microbiome, which forms a dynamic and interactive micro-
ecosystem prone to change in time and scale, is infegrated in macro-ecosystems including eukaryotic

hosts, and hence crucial for their functioning and health.” (Berg et al. 2020)

d Other studies estimate the diversity between 400-50000 species in a gram of soil (reviewed in Lozupone and
Knight, 2007).

¢ Qutstanding article that provides a comprehensive database of DNA sequencing data and serves as a reference
for future studies. Curious readers are referred to a global initiative with the aim of preserving the microbial
diversity (Bello et al. 2018). More information at https://www.microbiotavault.org/project/.
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Microbiomes represent a trove of information and a holistic understanding of their functioning
might hold one of the keys to address the catastrophic environmental changes that are
previsioned due to global warming but may also be exploited to usher in a new age of

therapeutics.

For the former, soil microbiome is of particular interest because of its role in biogeochemical
transformations (Raich and Schlesinger 1992; Galloway et al. 2004), however, a mechanistic
understanding of how genetic diversity, especially in the light of functional redundancy (Louca
et al. 2018), impacts this role is missing. Furthermore, it is known that the soil microbiome has a
major impact on plant physiology and prevalence (Bulgarelli et al. 201 3) due to (predominantly)
mutualistic associations with the plant in the root microbiome (mycorrihzal (fungi) and rhizobial
(bacteria)) (Van Der Heijden, Bardgett and Van Straalen, 2008 f). However, an estimate of how
anthropic changes (pollution, fertilizer use, depletion of nutrients etc.) affect the nature of these
interactions remains elusive. Therefore, a keener understanding of the soil microbiome might lead
to deeper insights into the ecological impact of microbial communities. More precisely, it could
be helpful to expand the scope of remedial interventions (urgent and long overdue) necessary
to counter the global climatic change. For example, such an understanding would enable
formulation of tailored microbiomes that increase agricultural productivity (Qiu et al. 2019)
and/or encourage forest rejuvenation (Van Der Heijden, Bardgett, and Van Straalen 2008).
Custom microbiomes may also be composed for the express purpose of detoxification of
contaminated soil (Teng and Chen 2019) especially with respect to persistent organic pollutants.
Lastly, a Dutch start-up is developing plant based microbial fuel cells that could provide a source
of clean energy (“Plant-E” 2009), and while the intent is noble, the success has been modest (the

amount of energy generated at the moment is sufficient to only power LEDs).

There exists a great deal of literature on the potential application of microbial communities for
therapeutic purposes (Inda et al. 2019; Bober, Beisel, and Nair 2018; Mimee, Citorik, and Lu
2016). This is driven by the rapidly unfurling importance of the human microbiome in various
aspects human health and disease (Cho and Blaser, 2012; Cryan et al., 2019 9). In particular,
the gut microbiome has become the epicenter of research due to its role in immunity (Zheng,
Liwinski, and Elinav 2020) and metabolism (Tremaroli and Béckhed 2012) and because there

exists ample individual-to-individual variation (Lozupone et al. 201 2), which has been associated

f Fascinating article that provides some semblance of the impact of microbial diversity on the abundance and
diversity of plants.

9 This is a mammoth review of all the ways in which the gut microbiome is known to interact with the brain. Curious
readers are encouraged to go through the review.
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with a host of demographic, environmental and genetic factors (Arumugam et al. 2011; Le
Chatelier et al. 2013; Goodrich et al. 2014; Rothschild et al. 2018; Falony et al. 2016). There
has been special focus on the connection between the gut microbiome and the brain (Cryan et
al. 2019). Correlations have been found between the composition of the gut microbiota and
depression (Cruz-Pereira et al. 2020), neurological disorders (Cryan et al. 2020), and social
behaviour (Sherwin et al. 2019). Clinical studies assessing microbial community based
therapeutics have found moderate success (Barcena et al. 2019; Tanoue et al. 2019; Davar et
al. 2021; Baruch et al. 2021; Tokuhara 2021) but thanks to such studies fecal transplants (Smith,

Kelly, and Alm 2014) are now a legitimate form of treatment particularly for chronic Clostridium

difficile infection (Cammarota, laniro, and Gasbarrini 2014) h,

Microbial communities have also drawn a lot of interest in recent years in the field of
biotechnology. The key realization that has prompted this interest is the potential to exploit
division of labour paradigms with microbial consortia, which can be thought of as microbial
communities geared towards a useful end. Proof of concept studies have concretely established
applications of such consortia in bioproduction (Zhou et al. 2015; Li, Wang, and Zhang 2019)
and bioremediation ( Zhuang et al. 2014; Zhang et al. 2021).

In the context of bioproduction, microbial consortia possess several advantages over traditional
monocultures as functional specialization allows metabolic burden to be shared across different
species. Metabolic burden and the ensuing growth production tradeoffs are seen to be one of
the major hurdles in expanding the scope of bioproduction (Rugbjerg et al. 2018). Therefore,
distributing the burden across different species is expected to optimize the production. Another
advantage of using consortia over monocultures is that it gives one the freedom to distribute
metabolic flux in a population and this compartmentalization allows yield to be optimized simply
through tuning consortia composition, rather than tuning the expression of individual
pathways/genes by re-engineering the strain itself (Wu et al. 2015). Moreover, including
different species, that are functionally and metabolically distinct, allows the sequestration and/
or metabolism of toxic by-products of one species by the other and thereby improving the
efficiency of the overall process (LaSarre et al. 2017). It also follows that entirely novel chemical
conversions that may not be possible to carry out in a single organism, could be realized with

microbial consortia (Zhou et al. 2015; LaSarre et al. 2017; Hom and Murray 2014).

h An American research consortium, The Human Microbiome Project, was founded in 2007 and carried out research
to understand the diversity of the human microbial flora and its impact on health and disease. The consortium
published 650 papers between 2007 and 2019. Some of these papers are referred to in the thesis. A complete
description of the consortium and their achievements ca be found at http://commonfund.nih.gov/hmp/.
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Zhou et al. (2015) makes for a fascinating case study as they exploit each of the above
advantages to optimize the production of oxygenated taxanes by using a consortia of
Escherichia coli and Saccharomyces cerevisiae Moreover, this study showcases the common hurdles
that prevent stable co-cultures. Oxygenated taxanes are a precursor for the anti-cancer drug,
Paclitaxel. The motivation for their study came from the fact that the enzyme used for the
oxygenation of taxanes inhibits the enzymes involved in the biosynthetic pathway that produces
taxadiene (which forms the core of all taxanes). This disfavors the production of oxygenated
taxanes from a single organism. The authors first created a strain of E. coli (TaxE1) that produced
taxadiene and a strain of yeast (TaxS1) that produced oxygenated taxanes if taxadiene was
supplied. Monoculture of TaxETl resulted in moderate levels of taxadiene but no oxygenated
taxanes. Monoculture of TaxS1 produced neither taxadiene nor oxygenated taxanes even
though the latter was shown to efficiently convert externally supplied taxadiene into oxygenated
taxanes (>75%). Upon co-culture of the two in glucose, authors observed that overall taxadiene
production decreased by a factor of three, but they were able to obtain some degree of
oxygenation (~4%). The authors identified that the decreased production of taxadiene was
related to a decrease in the growth rate of E. coli which in turn was a consequence of ethanol
produced by yeast as waste. In order to address this, they decreased the growth rate of yeast
and thereby the ethanol in the culture, by growing the co-culture on xylose. Xylose can be
metabolized by E. coli but not yeast, thus rendering yeast growth dependent on the acetate
byproduct produced by E. coli as waste. This turned out to be a mutualistic interaction because
acetate inhibits the growth of E. coli and thanks to the yeast did not accumulate in the culture.
Therefore, the authors were able to stabilize the consortia with mutualism. The stabilized
consortia resulted in taxadiene titers that were comparable to ones obtained via monoculture of
TaxE1, however, the level of oxygenation remained low. The authors established that this was
because of low abundance of yeast (and by extension of the enzyme) and through optimization
of yeast inoculum and growth, could obtain oxygenation levels of up to 75 %. Somewhat against
the grain of this narrative, the same group reported in Biggs et al. (2016) that fine-tuning the
expression of the entire pathway in E. coli led to 15 fold higher titers of oxygenated taxanes
compared to Zhou et al. (2015). However, it needs to be noted that the cell densities achieved
in Biggs et al. (2016) were an order of magnitude higher than Zhou et al. (2015). Another study
(Walls et al. 2021) that explored the production of oxygenated taxanes in S. cerevisiae
monocultures also reported two fold higher levels compared to Zhou et al. (2015) but with 5-6

fold higher cell densities.

Notwithstanding these counter examples, microbial consortia hold concrete advantages over

monocultures for bioproduction. These advantages are best exemplified by a hypothetical
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example. Imagine a consortia of an autotrophic species (that efficiently captures atmospheric
carbon dioxide and stores it in small molecules like glucose and converts atmospheric nitrogen
into ammonia) with a heterotrophic species (that depends on the autotroph for carbon and
nitrogen, and produces a valuable compound). Such a consortia would be extremely desirable,
both from an economic and an environmental point of view. This will be possible if we can find

the social interactions that would stabilize such a co-culture.

Social interactions within a community

Microbes are rarely found in isolation in nature and therefore several interactions existing
between the species of the communities have been described. More often than not, the stability
of the community is linked to such interactions. These interactions can be unidirectional or

bidirectional and can be grouped into three categories based on the influence on the growth:

** negative or inhibitory
** neutral

% positive or beneficial

Applying combinatorial logic, this leads to a total of 6 distinct types of interactions that can exist
between any two members of a microbial community (Figure 1.1) (GroBkopf and Soyer 2014).
Positive interactions are rare and often unidirectional. These could arise when the waste product
of one species can be metabolized by another (food chain). These interactions become
bidirectional if the waste product inhibits the growth of the species that produced it. However,
positive bidirectional interactions are uncommon in natural communities. Neutral interactions are
said to occur when neither species has an effect on the other species. It is hard to find truly
neutral interactions in nature as the microbes are constantly in competition with each other for
space, if not nutrients. However, the competition can be minimized to a degree if species with
different metabolic niches are cultured together or if ample nutrients are provided. Negative
interactions between species in a community may arise due to a variety of reasons and are
perhaps the most common interactions. Such interactions could be bidirectional as is the case for
resource driven competition or unidirectional as is the case for predation, parasitism or

amensalism.
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Figure 1.1. Social interactions in microbial communities. Circles represent species and squares represent
metabolites. Commensalism entails that Species A promotes the growth of Species B but Species B has
no effect on the growth of Species A. This is the case when A produces a metabolite that can be utilized
by B. A commensal relationship becomes cooperative (intraspecies) or mutualistic (inter-species) if B also
promotes the growth of A. This can happen if the metabolite produced by A inhibits the growth of A. On
the other hand, a commensal relationship might become parasitic or predatory if Species B inhibits the
growth of Species A. This can be the case if B produces a metabolite that inhibits the growth of A. If
Species A did not promote growth of Species B but B still inhibited growth of A, the two would be said to
have an amensalistic relationship. Competition is when growth of either species is inhibited by the other.
Lastly, a neutral interaction is when neither species influences the growth of the other and could arise due
fo distinct metabolic needs. Cooperative or mutualistic inferactions appear to be rare (Freilich et al. 2011)
while competition is the most common one (Foster and Bell 2012). (Figure adapted from GroBkopf and
Soyer (2014).)
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The simplest of natural microbial communities described consist in excess of a hundred species
making it difficult to pin down all the complex interactions within the community (Faust and Raes
2012). Therefore, it is desirable to construct simple microbial communities that are directed

towards a precise goal or, in other words, engineer microbial consortia.

Engineering microbial consortia

One of the challenges that prevent deployment of consortia on a wide scale is that simply co-

culturing different species does not lead to a stable consortium. In the absence of stabilizing
interactions, co-culture often lead to extinction of one of the species over time due to competitive
exclusion. Co-cultures of different naturally occurring species that possess defined interactions
have been shown to lead to stable consortia but curtail our ability to expand the applications
of microbial consortia. Stable co-cultures can also be obtained with natural microbes, if their
metabolism is well understood, by enforcing cooperation (or mutualism) via metabolic
dependencies (Summers et al. 2010) and applied studies have demonstrated that it is possible
to engineer mutualistic associations in naturally competitive species. In Summers et al. (2010), the
authors found that in certain conditions co-cultures of anaerobic bacteria could develop
syntrophic (mutualistic) interactions, highlighting the importance of environment on consortia
stability. The same observation was echoed by Hom and Murray (2014), who reported that
budding yeast, S. cerevisiae, and unicellular green alga, Chlamydomonas reinhardtii, could be
made to coexist in a culture given appropriate “niche engineering” (fancy way of saying growth
conditions). The authors showed that facultative mutualism could be spontaneously induced if
nitrite was the only source of nitrogen provided to the co-culture. C. reinhardtii is able to reduce
nitrite to ammonia, which the S. cerevisiae can metabolize (but not the nitrite directly). Moreover,
the authors found that the mutualism could be made obligate if access to atmospheric carbon
dioxide was limited which was needed by the C. reinhardtii and produced by the S. cerevisiae
from glucose. This means that a co-culture of S. cerevisiae and C. reinhardtii could grow if nitrite
was the sole nitrogen source and atmospheric carbon was made unavailable, but neither could
grow on its own, a mutualistic association that has not been found in nature. LaSarre et al.
(2017) used a similar metabolic trick to stabilize a microbial consortia between E. coli and
Rhodopseudomonas palustris, a photosynthetic purple non-sulfur bacteria that lives in the soil and
can switch between four metabolic modes, fix atmospheric carbon dioxide, fix nitrogen and
produce hydrogen (Larimer et al. 2004). E. coli grows faster than R. palustris and therefore a
co-culture of the two would result in competitive exclusion of R. palustris. However, since R.
palustris can fix nitrogen into ammonium ions, the authors conjectured that removing a nitrogen

source that the E. coli can utilize might result in stable consortia. Conversely, R. palustris cannot
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metabolise glucose and is dependent on fermentation products of E. coli for carbon. Therefore,
by supplying nitrogen gas as the only source of nitrogen and glucose the sole source of carbon,
the authors demonstrated that a co-culture of E. coli and R. palustris could grow while both of
them in monoculture failed to elicit any growth. It is of interest to note that a consortium of E. coli
and R. palustris could provide a viable platform for bio-hydrogen production. Hammarlund,
Chacén and Harcombe (2019) reported a stable microbial consortia when a methionine
auxotroph E. coli was cultured with Salmonella enterica that needed acetate to survive but
secreted methionine. E. coli grows faster than S. enterica but is limited by the amount of
methionine present. By regulating the dependency of the faster grower on the slower grower,
authors found that it was possible to tune the composition of the consortium. If, however, a shared
resource became limiting, stable coexistence could not be maintained. Through mathematical
modelling authors argued that changing the concentration of the common resource shifts the
relationship between E. coli and S. enferica from commensal to parasitic and this lies at the heart
of the instability. Authors also noted that the composition of the consortium was not stable in
time and depended on cell density of the culture (Hammarlund, Chacén, and Harcombe 2019).
Interestingly, the same group reported that inclusion of another species to the consortia, another
E. coli strain that relied on S. enterica for arginine instead of methionine, led to a stable three-
species consortium independently of the respective growth rates (fitness) of the two E. coli strains
in monocultures or in co-culture with S. enterica (Hammarlund et al. 2021). With the aid of a
mathematical model, the authors found that such consortia could be stable if the overall growth
rate is limited by S. enferica (slowest grower). While these approaches demonstrate our ability
to co-culture different species found in nature by imparting mutualistic associations, their
composition and function are constrained by the metabolic couplings that stabilise them. Synthetic
biology approaches provide more flexibility and control over consortia function and dynamics.
Several studies have developed stable microbial consortia by implementing one or more of the

defined social interactions listed in the previous section.

Cooperation has been achieved in artificial microbial communities simply by knocking out
essential genes to introduce mutually resolvable auxotrophies. For example, Shou, Ram and
Villar (2007) generated a synthetic microbial consortia in yeast by engineering two strains that
lacked the capability to synthesize adenine and lysine, respectively, while retaining the capacity
to produce the other. The authors showed that it was possible to maintain both the strains in a
co-culture lacking both adenine and lysine while neither grew on its own. Similarly in E. coli,
Kerner et al. (2012) used the same approach, but with tryptophan and tyrosine auxotrophic
strains, to obtain cooperation driven stabilization of the consortia. In addition, they showed that

regulation of the expression of the auxotrophic gene could provide some degree of control of
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the consortia composition. However, the proportion did not stabilize in the timeframe of the
experiment and appeared to be dependent on the cell density of the culture. The authors
attributed this unpredictability to the metabolic burden caused by the circuits used to enable

cooperation.

However, the preferred mode for engineering such interactions remains small molecule based
signalling, typically mediated by N-Acyl homoserine lactones (AHL) (a class of small molecules
that coordinate quorum sensing (QS) in bacteria) primarily because of its key role in establishing
and maintaining natural microbial communities (Grandclément et al. 2016; J. Zhou et al. 2016;
Montgomery et al. 2013). Admittedly, QS based design is also lucrative because of the
autonomous control such circuits afford. The classic study by You et al. (2004) established the
thoroughly characterized Luxl/LuxR system (Miller and Bassler 2001) as the system of choice for
the studies that followed. The original system from the marine bacterium Vibrio fischeri, is
composed of two genes Luxl and LuxR and the promoter plLux. Luxl is involved in the synthesis of
a freely-diffusible HSL autoinducer (N-(3-oxohexanoyl)-homoserine lactone). LuxR can bind to
the autoinducer at a threshold concentration and drive the expression of Luxl constituting a
positive feedback loop. At low cell densities, the feedback loop in not activated resulting in
basal expression of Luxl and therefore the autoinducer concentration is low. As cell density
increases, the autoinducer concentration increases and upon reaching a threshold the feedback
loop gets activated leading to full expression of Luxl. Other quorum sensing motifs have been
described in bacteria (reviewed in Miller and Bassler, 2001), archaea (reviewed in Montgomery

et al., 2013), and fungi (reviewed in Albuquerque and Casadevall, 2012).
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Figure 1.2. The LuxI/LuxR system from V. fischeri. (Figure reproduced from Lindell, 2012. All rights belong to
Kristoffer Lindell.)
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In the natural system, pLux also drives the expression of a gene cluster that codes for luciferase
thus making cells generate light upon reaching a critical cell density. You et al. (2004) placed a
toxin under the control of plux and shifted the expression of Luxl and LuxR to an inducible
promoter. As the bacteria grow, the autoinducer accumulates in the culture and upon reaching a
threshold cell density, the concentration becomes high enough for the LuxR to become activated,
thus, triggering the expression of a cytotoxin. However, since the authors shifted the expression
of Luxl away from plux, there is no positive feedback loop meaning once the cell density drops
below the threshold, the LuxR becomes inactive thus stopping cell death and resuming growth.
After some oscillations, the authors saw cell density stabilizing at the threshold required for

activation of LuxR.

Lastly, by altering the pH of the media (and therefore the stability of the AHL molecule), the
avuthors could control the threshold of activation and, in turn, the steady state cell density. This
simple and elegant design was used to self-limit the growth of bacteria (You et al. 2004).

Quorum sensing based self-killing motif has been exploited in many different ways.

Figure 1.3. Self-limiting growth circuit. (Figure reproduced from You et al. (2004). All rights belong to

Nature.)

Balagaddé et al. (2008) for instance, engineered synthetic prey-predator system in E. coli by
engineering quorum sensing modules to effect differential expression of toxin-antitoxin genes.
Briefly, strain A constitutively expressed the toxin gene and required a signaling molecule that
strain B produced to express the anti-toxin gene to grow but strain A also produced a signaling
molecule that expressed the toxin gene in strain B and therefore growth of strain A resulted in

death of strain B. This resulted in oscillatory behaviour where strain B could grow for a certain
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amount of time before growth of strain A led to a decrease in growth of strain B which in turn
reduced the growth of A making the cycle complete. However, the observed oscillations were
slow (period in the order of several days) and noisy. The original cell lysis circuit reported by
You et al. (2004) was modified by Din et al. (2016) and Scott et al. (2017) (by shifting back
the expression of Luxl to plux) and used to create populations of bacteria that grew until a
threshold cell density and then crashed, leading to oscillatory dynamics. This approach was
extended to a three species system by Liao et al. (2019) that cyclically restricted the growth of
other strains by foxin-antitoxin-antitoxin systems in addition fo a common quorum sensing cell
lysis circuit that induced cell lysis above a threshold total cell density (Figure 1.4, left). Due to
periodic quorum sensing based cell lysis and cyclical repression, the authors were able to achieve

fast well-defined sequential oscillations of the three species.
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Figure 1.4. Rock, paper, scissors system reported in Liao et al. (Left) Coupling of quorom sensing
synchronized cell lysis circuit (SLC) and toxin-antitoxin-antitoxin (TA) module. SLC triggers cell density
dependent lysis. In the TA module, toxin x and antitoxin x are produced and therefore neutralise each
other, however, in addition, antitoxin y is expressed that grants immunity to toxin y (that will be expressed
by a second strain) but not against toxin z (that will be expressed by a third strain). (Right) Each strain
produced its own TA pair while also producing the antitoxin of the following strain. All three strains used
the same Lux-AHL quorum-sensing system to drive fluorescent reporter protein expression and self-limiting

synchronized lysis. (Figure and text adapted from Liao et al. (2020). All rights belong to Science.)

Along similar lines, an inducible QS system was reported by Miano et al. (2020) that coupled
an AHL based system (cell lysis motif) to a precursor of AHL whose concentration can be
externally controlled. Using a microfluidic flow cell, the authors demonstrated that their system
could be used to maintain stable co-existence of cells that possess the inducible version of the
self-killing motif and cells that have the non-inducible version of it. Furthermore, by tuning the

concentration of the inducible molecule authors could achieve different dynamics in consortia
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composition. However, their results indicated that the composition was highly oscillatory and

could not be stably maintained over long time periods (>10h).

These studies noted that the system was not stable and the circuit lost functionality over time
suggesting that engineering circuits that result in cell killing/ growth arrest might be constrained

by evolutionary timescales (Castle, Grierson, and Gorochowski 2021).

Fedorec et al. (2021) utilized small molecule inducible unidirectional cell killing to stabilize
consortia in E. coli but, in addition, they introduced a growth defect in the killer strain such that
in the absence of cell killing the killer strain would be outcompeted by the WT strain. By co
culturing the killer strain and the WT strain at different levels of toxin expression, they were
able to maintain stable consortia at distinct compositions. The authors did not demonstrate
dynamic control of consortia composition and described the improvements in circuit topology
necessary to achieve this goal. Specifically, they constructed an externally (chemically) tunable
system coupled to autonomous control via pLux attenuable bacteriocin module described above.
The global design principle is that the killer strain expresses the bacteriocin and inhibits the
growth of WT strain in the absence of arabinose. Upon addition of arabinose it starts expressing
Luxl and therefore it starts producing the AHL autoinducer. As cell density grows, the
concentration autoinducer increases and, upon reaching the critical threshold, activates the
expression of TetR, which represses the expression of the killer protein, thus, decreasing the
inhibition of the WT strain. WT strain, on account of faster growth, outcompetes the killer strain
when the bacteriocin is repressed. In this way, the authors hoped to achieve stable maintenance
of consortia composition, which could be externally tuned via the addition of arabinose. They
used the latter feature to demonstrate that different stable proportions could be maintained by
tuning the dilution rate, however, the dynamic range of proportions achievable was limited.
Through mathematical modeling, they discovered that the root of this was the leakiness of
bacteriocin expression that reduced the region of co-existence of the two strains and they
postulated a stronger repressor of the bacteriocin would be crucial for finer control (Fedorec et

al. 2021).

38



a A c d

[~ arabinose
J- engineered Q i el
v B . ~ 10

¥ Sl () AraC Q LuxI Q —_ R

. . S w 10°1

B - intercellular toxin JON -

B ]: I -immunity to B S 1024
Q - repressor of B I N R [A—— T r T
A -inducer of Q _G D_ i 10 10% 100

U
' araC (—I P, .en0 luxl arabinose (M)
competitor
strain (C) ;
< 3
', 102 .

b 1
competitive
exclusion 10° 10 10°
30C6-HSL (M)
e |
D —-@m
:o-”} o=
D o
o@D oy

10°  10%  10°
30C6-HSL (M)

Figure 1.5. Externally tunable quorom sensing attenuable bacteriocin system for single strain control of
microbial consortia reported in Fedorec et al.. a. Logic of the genetic circuit. b. Logic of consortia
stabilization. ¢. Genetic circuit. d. Readouts of levels of key parts of the circuit with inducer and

autoinducer. (Figure and text adapted from Fedorec et al. (2021). All rights belong to Nature.)

The increase in our ability to create stable microbial consortia is perhaps best illustrated by
Kong et al. (2018) who developed a modular framework for implementing social interactions in
a systematic way by using small signaling molecules to engineer unidirectional or bidirectional
relationships between distinct E. coli strains. More precisely, they proposed several circuits that
reconfigure the pathways of production of nisin and lactococcin A (Figure 1.6a &b) and achieved
diverse interactions by ascribing differential function to each signaling molecule in different
strains (Figure 1.6c¢). Both nisin and lactococcin A are small molecules that are lethal to the cell
but can also be used to trigger expression of downstream genes. These toxins can be removed
from the cell via the presence of efflux pumps, which grant immunity to the cell expressing them

(Figure 1.6a & b).
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For instance, they engineered a cooperative interaction between two strains by distributing the
production of nisin across two strains in a context where nisin is a public good (that is used to
drive the expression of antibiotic resistance gene in both the strains) and both strains possessed
immunity from nisin dependent killing. Strain A produced the precursor of nisin while strain B
converted this precursor into nisin. Nicin drove the expression of the TetR gene (Figure 1.7a).
These two strains could only grow in the presence of each other when the media was
complemented with tetracycline because none of them could express the resistance gene on their
own. They turned this interaction predatory by shifting the entire biosynthetic pathway for nisin
production to Strain A and producing the lcnA from Strain B. Strain B carries immunity against
nisin as well as lenA but depends on Strain A for nisin, which is needed to drive expression of the
antibiotic gene. Strain B, in growing, inhibited the growth of Strain A (Figure 1.7b). By removing

the immunity for nisin from Strain B, they engineered a competitive interaction by driving the
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synthesis of bacteriocins and their immunity genes in individual strains, which, in producing their

respective bacteriocins, inhibit the growth of the other strain (Figure 1.7¢).
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from Kong et al. (2018). All rights are reserved by Nature.)

Similarly, by reconfiguration of underlying motifs they could scale the number of species in the
consortia up to 4. The authors showed some of their circuits allowed them to stably maintain 3 or
4 species. However, similar to previous studies they observed consortia composition changed
with cell density and steady state composition (upon reaching stationary phase) relied strongly

on initial cell density and composition.

This plug and play approach towards creating diverse microbial consortia using quorum sensing
molecules was enriched by the study of Kylilis et al. (2018) who built and characterized a library
of acyl-homoserine lactone (AHL)/ transcription factor pairs dubbed AHL receiver devices. The
authors developed a software tool to inform the choice of orthogonal AHL receiver devices that
could be deployed together without the risk of crosstalk and found 4 orthogonal devices. Three
of these were transformed in E. coli cells and polyclonal cultures were used to validate that these

3 devices were indeed orthogonal.

These studies demonstrate the capacity to maintain co-cultures of several bacterial

subpopulations over extended durations.
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Challenges / Limitations

The synthetic biology approaches described in the previous section share a common theme, that

is of engineering cell to cell communication via small molecule based signaling to achieve desired
interaction between the members of the consortia and thus enforce stability. While such
approaches possess certain qualities like inbuilt autonomous control that results in programmed
behaviour that, in theory at least, should work independent of the context, they present with

several limitations.

e First and foremost, majority of these approaches come with hard wired community dynamics

that require extensive alterations to the circuit topology to modulate.

e The small minority of solutions when these dynamics can be modulated via inducible motifs,
the mode of induction is invariably chemical, precluding dynamic control in liquid cultures and
consequently none of these approaches demonstrate dynamic control of consortia

composition or even long-term control of steady state composition.

® Most of the proposed solutions remain critically dependent on the cell density of the cultures

and thereby behave predictably only in carefully tuned conditions.

e All approaches feature convoluted genetic circuits that are burdensome for the host
organism to carry and often require the molecular program to be distributed across two if
not more distinct populations aggravating the risk of circuit failure due to mutations in any
one of the constituent species. This also makes scaling up the consortia to perform complex
tasks ungainly.

e In the context of bioproduction, such burdensome machinery just to maintain microbial
consortia is suboptimal as it takes away resources that could have been employed towards

increasing production.

e The approaches featuring cell killing are particularly unsuitable for bioproduction purposes

because a lot of biomass is wasted due to cell lysis.

The ubiquitous nature of quorum sensing solutions towards engineering stable consortia make
dynamic control a hard problem as the signaling molecules are released by cells, creating de
facto a strong dependency of the functioning on growing conditions, and notably on the density
of cell cultures, an important aspect for bioproduction applications. For bioproduction and
metabolic engineering applications, where precise control of metabolic flux is necessary to
optimize yield, dynamic control of consortia composition represents a key challenge to overcome
in order to unlock the true potential of artificial microbial consortia. In light of these limitations,
an externally controllable differentiation system could be well suited to address this challenge.
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Yaoyu Yang, Nemhauser, and Klavins (2019) reported one such system in yeast using a novel
bistable switch. They developed an orthogonal transcription factor, ZAVNY, composed of five
domains, a zinc finger DNA binding domain (ZDBD), a VP16 activation domain, an auxin degron,
a nuclear Localization Signal (NLS), and an enhanced yellow fluorescent protein (EYFP). This
transcription factor was introduced in a strain in which ZEV, a B-estradiol inducible transcriptional
activator and TIR1PM, an auxin receptor, were constitutively expressed. The authors further
introduced a positive feedback loop on ZAVNY such that in the presence of B-estradiol, ZEV
localizes to the nucleus and activates the positive feedback loop on ZAVNY triggering its
expression. Upon activation, ZAVNY is expressed and can drive its own expression thus
eliminating the need of B-estradiol. The system is said to be ON in this state. On the contrary,
adding auxin to the system degrades ZAYNY and effectively shuts down the positive feedback
loop. In this state, the system is OFF and requires re-addition of B-estradiol to become ON. The
authors demonstrated that both the ON and OFF state could be stably maintained and that the
system could be flipped by adding the right inducer. As a proof of concept, the authors showed
that this bistable switch coupled to antibiotic resistance expression allowed them to control the
growth rate of the culture in the presence of antibiotic. | note that the authors did not demonstrate

bimodal behaviour but, at least in carefully tuned conditions, such systems can give rise to

bimodality (Youk and Lim 2014).

A site-specific recombinase based state machine proposed in Roquet et al. (2016) seems like a
more attractive approach towards differentiation as it permits a permanent genetic change.
Briefly, site-specific recombinases (SSR) are proteins that recognize specific sequences of DNA
(RS) that can, depending on the orientation of these sequences, either excise the DNA between

them or invert it (Figure 1.8).
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SSR | GeneX
RS GeneX RS GeneY RS GeneY
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RS GeneX Rs GeneY o RS yauas RS GeneY

Figure 1.8. SSR based recombination. Presence of SSR results in excision if the RS are oriented in the same

direction and inversion if the RS are oriented in the opposite direction to each other. Both processes are
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reversible, however, the circular product of excision is lost to dilution if it cannot replicate autonomously

(i.e. lacks an origin of replication).

The authors demonstrated, in E. coli, that 3 orthogonal chemically inducible recombinases could
be used to create a total of 16 distinct states based on the chronological order of the application
of inducers. While the authors did not show any functional diversification in this study, they
argued that each of these states could potentially be ascribed a distinct function. It is worth
remarking that the authors did not report bimodal behaviour meaning system was bistable but
incapable of graded response possibly due to inability fo remove the inducer fast enough. Guo
et al. (2020) reported a scaled down implementation of this approach with two chemically
inducible orthogonal recombinases. The authors ascribed distinct metabolic functions to each of
these states. More specifically, authors coupled the recombination with genes that regulate the
chronological and replicative life span of E. coli in addition to key enzymes in butyrate
production. The authors demonstrated that changing the state of the culture along production
horizon (a pre-established duration during which production takes place) increased the
production. Again, the authors did not observe bimodal behaviour with respect to the circuit,
however, the authors engineered programmed differences in mother and daughters in order to
optimize the production of PLH (poly (lactate-co-3-hydroxybutyrate)) and showed that they
could differentiate the population into PLH filled “old” mother cells that died and “rejuvenated”
daughter cells for cell growth and production. This was achieved by ensuring asymmetric division
of inclusion bodies between mother and daughter cells. Inclusion bodies are known culprits in
senescence and aging (Lindner et al. 2008; Nystrom and Liu 2014; Steiner 2021). While
recombinase based state machines are veritable platforms for programmable cellular
differentiation, use of chemical inducers prohibits dynamic control and bimodality (Roquet et al.

2016; Guo et al. 2020).

Organization of the thesis

The introduction extends into Chapter 2 (State of the art), where | briefly introduce the concepts
of cybergenetics and growth production tradeoffs that form the background of the work

undertaken during the thesis.
The work done during this thesis is organized in three chapters.

In Chapter 3, | address the challenge of dynamic control of consortia composition. We proposed
a novel approach of generating a microbial consortia by differentiating an isogenic strain into
a distinct cell type by effecting a permanent change. Furthermore, we desired the system to be
externally controllable and functionally independent of cell density. Concurrent with these
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performance criteria, | designed an artificial differentiation system in yeast that could generate
and dynamically control microbial consortia arising out of a single strain. In order to realize this,
| used an optogenetic recombination based switch that led to a permanent genetic change upon
differentiation. | characterized the system and found it suitable for our task due to the presence
of several desirable characteristics like high efficiency, low leakage, graded response to
different stimuli, and fast, tunable and predictable response. | demonstrated that the system
function is independent of culture density and used it to dynamically control consortia

composition.

In Chapter 4, we wondered if the differentiation system could be employed to overcome the
traditional limitations of continuous heterologous expression by decoupling growth from
production and compartmentalizing the two in different subpopulations. In order to realize this,
| designed and characterized a growth arrest module that hijacked the mating factor pathway
and, after coupling to the differentiation system, allowed growth arrest upon differentiation
(GAuDi). To assess the performance of the GAuDi strains, | developed constitutive and inducible
reference platforms of heterologous expression. The inducible platform was based on the
optogenetic induction of an orthogonal transcription factor (optoATAF1) and led to 10-20 times
higher expression when compared to strong constitutive expression. | found that in continuous

operation, both GAuDi and optoATAF1 outperformed constitutive expression.

In Chapter 5, we used the differentiation system as a case study to understand the impact of
changing the context of the genetic circuit on its functionality and predictability. In order to
realize this, | designed a version of the differentiation system that harbored reporters for the
levels of optogenetic transcription factor and a readout for its activity. This system was
expressed from an integrated copy or from high-copy or low-copy plasmids. The differentiation
dynamics of all the strains were characterized at the single cell level for different patterns of
light induction. Additionally, for the plasmids strains, the dynamics of plasmid fluctuation were
characterized. Differentiation data from the integrated strain and plasmid dynamics from the
plasmid carrying strains were then used to parameterize independently developed stochastic
models of differentiation and plasmid dynamics, respectively. These models, when composed
together, were able to provide parameter-free predictions of population dynamics of the
plasmid strain that were in quantitative agreement with the data. Surprisingly, the plasmid
version of the differentiation system along with the model allowed us to control constitutive
expression and, by extension, plasmid copy number in subpopulations.

Each of these chapters is accompanied by a dedicated discussion pertaining to the specific

results.
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A summary of the results and contributions achieved during the thesis has been provided at the
end. This has been supplemented by enlisting the shortcomings of the system, and the experiments

carried out and a general discussion on the potential applications of the system.

In addition to the results presented in Chapters 3-5, | have some scattered results that have been

included in the Annexes 1-3.

Annex 1 outlines single cell control of differentiation in a microfluidic chamber using our

microscopy platform.

Annex 2 shows preliminary growth rate data with Galactose inducible and light inducible

expression of a variant of the downstream effector of the mating pheromone pathway.

Annex 3 is split into two parts, the first part talks about introducing heterogeneity in EL222 driven
expression by using tMFA2, a terminator known to increase variability in gene expression,
whereas in the second part, | discuss a dubious integrated version of the tetra reporter that has
(really) fast recombination dynamics. These dynamics are compared with those obtained with

other differentiation constructs.

Finally, in order to facilitate the understanding of the developed systems, | have included the

manuscripts of the two manuscripts that have originated from the work done during the thesis.

Annex 4 contains the manuscript of the submitted article based on the work done in Chapter 3

and parts of Chapter 4.

Annex 5 contains the manuscript of the submitted article based on the work done in Chapter 5.
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Chapter 2

STATE OF THE ART

“The purpose of science is not to cure us of our sense of mystery and wonder, but to constantly reinvent and
reinvigorate it.”

Robert Sapolsky

Cybergenetics
Background

Control of biological systems has been sought for a long time and has been met with incremental

degrees of success over the years (Pouzet et al. 2020). A lot of this success is driven by insights
afforded by mathematical models that can accurately capture the dynamics of the system,
especially at the molecular scale, and can be used to guide the necessary control signal required
to drive the biological system in question to the desired target. The development of such a
predictive model requires extensive characterization to infer features that dictate dynamics and
this in turn informs the choice of model. Once a model has been constructed, it can be fit to the
data to estimate the parameters. This parametrized model then can be used to predict the
behaviour of the system given different inputs, and after supplementing it with an optimisation
algorithm, can output the control signal needed to achieve desired behaviour. Such control is also
called open-loop control. One may also choose to close the loop and this is where cybergenetics
comes into picture. In recent years, advances in biological control have come from coupling
computers with growing cells carrying the engineered system, made possible by special
platforms that integrate biological systems with the computer via a feedback loop (Milias-
Argeitis et al. 2011; Toettcher et al. 2011; Menolascina et al. 2014; Lugagne et al. 2017;
Carrasco-Lépez et al. 2020) (Figure 2.1).

This allows the deployment of the model in a model predictive framework. In this framework,
data from the ongoing control experiment is analysed in real time and the relevant information
is extracted and used to estimate the state of the system vis-a-vis the model and the model is
used to query an optimised light signal that would drive the system towards the target for a
given time horizon. This light signal can be updated every time a measurement is made (or as
frequently as the data analysis and optimisation permits) to constitute what is called receding

horizon or model predictive control (MPC).
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Figure 2.1. Principle of in-silico feedback conirol. The engineered biological circuit is observed
continuously via monitoring the fluorescence output of a biosensor/ activity marker. The data is analysed
on-line and the relevant information is sent to the controller. The controller might be model predictive or
bang-bang. In the former, the data at each sampling is used to estimate the state of the system, which is
then fed into the model to obtain an optimized control signal. Concretely, MPC requires repeatedly
solving a constrained optimization problem, using predictions of future errors, over a moving time horizon
fo decide the control signal. For bang-bang control, the data is used to provide an all-or-none signal fo
the system depending on whether the observable is above the target or below, respectively. Apart from
these two control schemes, the controller response can also be made proportional to the error between
the observed and desired levels (P confroller). It may further be complemented by taking into account
either the derivative of the error (PD controller) or the integral of error over time (Pl controller) or both (PID
controller). Other control schemes that are not routinely employed for biological control include, fuzzy,

neural net, sliding mode etc. (Figure adapted from Carrasco-Lopez et al. (2020))

This process may be done for controlling the population by minimizing the difference between
population level mean and the target (called error in control theory parlance) or at the single
cell level by minimizing the error of each cell with the target value. The latter necessitates solving
the optimisation problem for each cell as well as a means of delivering unique signals to
individual cells independently of others. However, the application of MPC is limited to systems
where data can be readily measured and analysed in real time. Even then, the resolution of the
MPC is constrained by the frequency of measurements, which may in turn be limited by the
computational time required for analysis and optimisation. Resolution may further be impacted
by the dynamics of the system to be controlled and delays in delivering control signal. While

other controllers (PID, bang-bang, etc.) have been deployed to control biological systems with
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in-silico feedback, MPC remain the most impressive examples of control of biological systems

especially when they are used to control behaviour at the single cell level.

A number of studies have demonstrated robust control of biological processes with MPC using
chemical induction. The landmark contribution came from Uhlendorf et al. (2012), in which the
authors demonstrated long-term control of gene expression in yeast at the population and the
single cell level using the high osmolarity glycerol (HOG) pathway. The gene of interest was
placed downstream of the HOG signalling cascade effectively giving authors the ability to
change gene expression by changing the glycerol content of the medium. They used a custom
microfluidic device to observe growing cells under the microscope and to change the osmolarity
of the medium in order to trigger the HOG pathway. Images were analysed online and coupled
to a controller that adjusted the osmolarity of the medium. With this experimental setup, the
avuthors could control gene expression for extended durations at both the population level and
in single cells. Menolascina et al. (2014) showed that dynamically changing the concentration of
galactose and glucose enabled dynamic control of expression from a galactose inducible
promoter in yeast cells growing in a microfluidic chamber. Another study in E. coli (Lugagne et
al. 2017), reported that it was possible to maintain the toggle switch in an unstable configuration
by tuning the concentration of two inducers that express the mutually antagonist repressors (basis
of toggle switch). The authors used a platform similar to the one reported in Uhlendorf et al.
(201 2) albeit customized for E. coli growth. To rapidly change the concentration of inducers, all
three studies relied on microfluidic devices. This limits the control to small-scale cultures and while,
it is possible, in theory, to implement the same in liquid cultures, the diffusion of chemical inducers

introduces non-trivial delays and their removal remains tedious.

The development of optogenetics, i.e. the use of light to trigger cellular processes, has
contributed significantly to control applications by increasing the spatiotemporal resolution of
the control signal(Milias-Argeitis et al. 2011; Toeticher et al. 2011; Olson et al. 2014; Milias-
Argeitis et al. 2016; Chait et al. 2017; Rullan et al. 2018; Zhao et al. 2018; Johnson et al.
2020; Perkins et al. 2020; Liu, Chen, and Wang 2020; Bertaux et al. 2020; Lalwani et al.
2021; Fox et al. 2021). Light possesses several advantages over chemical inducers. Light is
cheap, can be instantaneously delivered and removed and this process can be easily automated.
Last but not the least, light is cleaner i.e. no chemical waste. In addition to this, the spatiotemporal
precision with which light can be delivered makes it a more suitable choice for single cell control
(Baumschlager and Khammash 2021). A number of different systems have been described in

bacteria, yeast and mammalian cells. Figure 2.2 summarizes these systems.
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Figure 2.2. Various optogenetic systems characterized to date (not exhaustive). The systems may be
classified on the basis of the wavelength of activating light or according to the actuation process
(transcriptional, translational, and post translation). The actuation process determines the temporal
aspects of the control (tfranscriptional being the slowest while post translational being the fastest). (Figure

adapted from Carrasco-Lopez et al. (2020). All rights belong to Elsevier.)

Several optogenetic systems in addition to those showcased in Figure 2.2 have been described.
It is beyond the scope of this discussion to enumerate all existing systems and the different ways
in which they have been utilized to control cellular processes, however, curious readers are
encouraged to read a somewhat dated yet pertinent review (Repina et al. 2017). Comparison
with a more recent review (Seong and Lin 2021), highlights the rapid pace at which optogenetic
tools and technologies are emerging. Notably, a recent study (Romano et al. 2021) in E. coli
engineered a modified version of AraC system that responds to blue light and the same group
reported a dCAS9 based optogenetic repressor in yeast (Geller et al. 2019). Another recent
study developed an efficient and fast optogenetic system for protein degradation in human cells
(Reynders et al. 2020). Their approach is based on photoactivable proteolysis targeting
chimeras that, in addition to carrying an E3 ligase ligand and a ligand for binding to the protein
to be degraded, carry a photoswitch.

From here on, | focus on optogenetic control due to superior spatiotemporal resolution of the

control signal.
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Population level control

Some of the earliest examples of cybergenetics involve control of population behaviour. Milias-

Argeitis et al. (2011) demonstrated for the first time, using MPC, that it was possible to control
the output of a gene in vivo by observing the system in real time. In order to achieve this, the
authors used the Phy/PIF optogenetic system that is activated with red light and can be
deactivated with far-red light (Figure 2.2). They used it to drive the expression of a fluorescent
protein in yeast and developed a model to describe the dynamics of induction and de-induction.
Next, they grew cells in a flask equipped with LEDs and took regular bulk measurements of the
fluorescence in the culture with a spectrophotometer. Using this setup and integrating it in a real
time analysis module, the authors could use an in silico feedback algorithm to compute regulatory
inputs that maintained the fluorescence of the culture at the target levels. This proof of concept
study while demonstrating the applicability of in silico feedback, showed limited tracking
accuracy. The authors also mentioned that the controller was incapable of robust control in the
face of external perturbations and day-to-day variability. In Milias-Argeitis et al. (2016), the
authors addressed these issues by developing a completely autonomous platform capable of
long-term optogenetic feedback control in continuous cultures. Concretely, the upgraded
platform permitted continuous measurement of the state of the system, which did not rely on
human intervention. Additionally, the measurements were analysed on the fly, followed by state
estimation, optimization of control signal and actuation. Thus, having integrated all aspects of
MPC in a single framework, the platform became autonomous. The authors used the CcaS/R
system in E. coli to demonstrate control of gene expression that was robust to external
perturbations (which were delivered in the form of change of media or change in temperature).
The authors further compared the performance of different controllers (Pl, MPC and open-loop)
and found that Pl and MPC controllers were superior to open-loop control that was noisy and
extremely sensitive to perturbations. To further show that control gene expression can be used
to dynamically control other properties of the system, the authors controlled the growth rate of
the culture by regulating the expression of an essential gene required for growth. Another study
in yeast (Harrigan, Madhani, and EI-Samad 201 8), reported that it was possible to compensate
for the absence of biological feedback in an intracellular signalling pathway (mutant lacking a
key gene in the cascade) by integrating the biological system under study to computers and
using light to control the expression of downstream gene in the cascade. The authors
demonstrated that by measuring the levels of the gene that regulates the biological feedback
and developing a quantitative model of the system, it was possible to compensate for the lack

of biological feedback by using computer-aided light-driven expression. This permitted the
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authors to rescue the phenotype of the signalling mutant. Toettcher et al. (2011) used the Phy-
PIF system to control intracellular signalling dynamics in mammalian cells. The authors achieved
this feat by engineering optogenetically active fusion proteins. PHY was fused to a
transmembrane protein involved in intracellular signalling while PIF was fused to a downstream
signalling domain. Using red light, the authors showed that the PIF protein fused to the signalling
domain could be recruited to the plasma membrane in a light-dependent fashion. Upon
recruitment, the signalling domain fused to PIF triggered the recruitment of another signalling
protein to the plasma membrane. Next, using an in silico feedback loop similar in principle to
the one used in Milias-Argeitis et al. (2016) the authors demonstrated that by tuning the light
signal they could maintain the levels of PIF recruited to the membrane and in turn control the
levels of the downstream signalling protein recruited. Such control was not possible without the
feedback. This, in theory, can be coupled to the expression of a gene, although the authors did
not demonstrate this. It is worth noting that the authors used a microscopy platform for
measurements and real time image analysis for closing the loop. Olson et al. (2014)
demonstrated dynamic control gene expression using the CcaS-CcaR in bacteria. CcaS-CcaR can
be activated by green light and deactivated by red light (Figure 2.2). The authors coupled this
system to the expression of a fluorescent protein. They were able to develop a predictive model
by characterizing the induction behaviour in presence of green light and de-induction behaviour
in the presence of red light in liquid cultures. The authors then queried the model for regulatory
light sequences that would lead to desired dynamics at the population level. The authors
validated their control objectives a posteriori by measuring the fluorescence at different
timepoints in a flow cytometer after the end of the experiment. Their results relating to control
of steady state fluorescence were particularly impressive for open-loop control, however, for
dynamic control of population fluorescence, the authors observed a set point error. The authors
noted in the discussion that an in-silico feedback should allow for dynamic control in addition to
increasing the precision by updating the control signal in real time. Open-loop optogenetic
control of protein expression was also exploited by Zhao et al. (2018) and Lalwani et al. (2021)
to optimise bio production in yeast and E. coli, respectively. In the former, the authors used an
EL222 based system, tailored to function in yeast, to regulate metabolic flux in the population
and demonstrated higher titers of butanol and isopropanol. In the latter, the authors developed
a novel optogenetic system in E. coli by engineering the lac repression to become responsive to
light. Briefly, they used the pDawn system (Ohlendorf et al. 2012) to repress the expression of
Lacl that in turn represses the lac operon (that drives the gene of interest). In the absence of light,
the expression of Lacl cannot take place and, therefore, the gene of interest is expressed from

the lac operon. In the presence of light, the pDawn system represses the repressor of Lacl leading
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to the expression of Lacl. Lacl expression, then, represses the gene of interest. Using this optoLac
system, the authors demonstrated marginal, but significant, increase over the canonical IPTG
driven production of isobutanol, mevalonate and a recombinant protein (YFP). Interestingly, the
authors observed non-monotonic behaviour in their optolLac constructs with respect to induction
timing when producing metabolites (isobutanol and mevalonate) but not with the recombinant
protein. The authors discussed the presence of a memory effect in the system that reduces the
temporal resolution of their control objective. A recent study from our lab, Bertaux et al (2021),
demonstrated robust and dynamic control of gene expression at the population level in yeast
by using blue light inducible EL222 transcription factor (Figure 2.2). The induction dynamics were
characterized by shining repeated pulses of different durations in a custom bioreactor platform
capable of automated cytometry measurements and based on this characterization data, a
quantitative model was developed. Automated sampling was used to close the loop and the
quantitative model, in an MPC framework, allowed for precise dynamic control of gene
expression in yeast. Multichromatic control of gene expression has been demonstrated for E. coli
at the population level (Fernandez-Rodriguez et al. 2017). Using three orthogonal optogenetic
systems the authors demonstrated spatial control of gene expression. Furthermore, by coupling
biosynthetic pathways to produce red, green, and blue pigments in response to red, green, and
blue light, respectively, the authors demonstrated that a colony of E. coli may be turned into a
RGB colour photograph. A common shortcoming of all the studies described here and for

population level control in general is the large variability around the target.
Single cell control

While population level control allows one to tune the mean of the population by providing global
control signals, it is limited, however, in controlling the variability in the population around the
mean. This is a due to the phenotypic heterogeneity that exists in an isogenic population (Raj
and Van Oudenaarden 2008). As a consequence of this heterogeneity, individual cells behave
slightly differently with respect to the average behaviour of the population. This constitutes as a
major challenge for control purposes primarily because models typically used for population
level control are agnostic to this heterogeneity and consider each cell to be identical. In terms of
parametrization of the model, this means that while the behaviour of the population can be
described by population level estimates, the bulk parameters cannot predict the behaviour of
individual cells accurately. The most straightforward example of how this heterogeneity might
affect control, is variability in transcription factor levels. In order to account for phenotypic
heterogeneity, either the model needs to be stochastic, such that phenotypic heterogeneity arises

mechanistically, or model parameters need to be re-identified for each cell from single cell data.
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For the former, computation costs become large as the number of molecules increase and for the
latter, the re-identification might be time consuming. Both these aspects contribute to the
challenging nature of single cell control by increasing the time required to analyse the data and
provide an optimised control signal. Another aspect that makes single cell control challenging, is
the need to infer information about the state of single cells and to deliver appropriate control
signals individually. Nevertheless, several studies have demonstrated single cell control of
cellular processes. A common feature of these studies is that they employ microscope as the
platform to measure the output (i.e. fluorescence) and to deliver control signals to single cells
(light). The latter has been enabled by the use of digital mirror devices (DMD) that allow one to

shine light with a high degree of spatial control.

Chait et al. (2017) reported an experimental setup that allowed the authors to measure and
optogenetically control the gene expression at the single cell level in E. coli. The authors used
CcaS/R system in conjunction with a mother machine (Wang et al. 2010) and a simple stochastic
model to achieve single cell control. The authors compared the performance of open-loop,
population level and single cell closed-loop feedback controllers and found that in all three
cases, the average population fluorescence followed the target levels set by the controller. Even
if the performance was comparable, single cell closed-loop displayed the least error from the
target followed by population closed-loop and open-loop control. The crucial difference
between the three controllers, however, was the tightness of the population distributions around
the target level of fluorescence. The authors showed, with the help of long-term experiments that
featured a change of controller during the experiment, a marked reduction in the variability
with the single cell closed-loop controller. A similar reduction in heterogeneity by using the single
cell closed-loop feedback control was reported by our lab in Fox et al. (2021), in which we used
the EL222 system to control the expression of a fluorescent protein in individual cells in yeast. In
the study, we proposed a new software framework that integrates all aspects of feedback
control with the control of the microscope. As a true testament to the ability to control gene
expression at the single cell level, the authors maintained cells growing in the same field of view
at different levels of fluorescence by delivering individualized light signals (via the DMD). Our
results concerning the superior control of the population fluorescence around the target value
echoed those reported in Chait et al. (2017). Another study in yeast (Rullan et al. 2018)
employing a similar experimental setup, showed single cell control of population fluorescence
using the EL222 system and reported a marked decrease in cell-to-cell variability compared to
population level control. In addition, the authors demonstrated that the heterogeneity in response
to global light signals was a consequence of the bursty nature of transcription factor activity in

presence of light. As a follow up to this study, the authors emulated an artificial signalling
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pathway in yeast via model guided computer controlled control of single cells (Perkins et al.
2020). More precisely, the authors employed the same experimental pipeline as Rullan et al.
(2018) for measuring the levels of fluorescence in single cells (that are driven by light) and to
deliver individualised light signals, with one crucial difference. Instead of determining the control
signal on the basis of the fluorescence of the cell itself, the control signal was determined by the
neighbouring cells. The authors claimed that this could be used to generate patterns in yeast,
however, the results they obtained do not provide any concrete evidence for the same. | will
allow myself to comment that they used a complicated reporter system to assess the performance
of their approach whose rationale is not obvious to me. Briefly, light triggers the expression of
a protein consisting of two domains, an NLS domain and a heterodimeric domain SZ1. SZ1 can
bind to another domain, SZ2, which is tagged to a constitutively expressed RFP such that upon
light induction, RFP signal is enriched in the nucleus. Depending on the ratio of RFP in the
cytoplasm to that in the nucleus, a cell might be classified as “on” or “off”. However, the results
are not as straightforward to interpret as the fold change in fluorescence is not striking enough
to confirm the theoretical results obtained. It would have been more prudent and perhaps more
simple to implement both mathematically and experimentally to trigger expression of a
fluorescent protein (like mNeonGreen or mCerulean, which have fast maturation dynamics) with
EL222. Another recent study (Pedone et al. 2021) developed a computational framework for
optogenetic control at the single cell level which, along with similar studies like Fox et al. (2021),

is bound to facilitate future research.
Optogenetic control in multicellular systems

Optogenetics has been used to control cellular processes in other contexts, for instance, signalling

dynamics (Toettcher, Weiner, and Lim 2013), morphogenesis (Johnson et al. 2020), and
neuroscience (Liu, Chen, and Wang 2020). Although not strictly comparable to the in-silico
feedback applications of optogenetic control described so far, to give a flavour of the
possibilities, | talk about the three studies referred to above. These studies were chosen because

they accurately capture the broad scope of optogenetic control.

In Toettcher, Weiner and Lim (201 3) the authors exploited optogenetic control to understand the
functional plasticity of signalling modules in multicellular organisms. In order to achieve this, the
authors focussed on elucidating signal transmission in the RAS /ERK MAPK cascade. The choice of
pathway was motivated by the fact that it can be activated by a variety of extracellular signals
and lead to diverse fates including proliferation, differentiation, and arrest and it not well-
understood how the cell distinguishes between different modes of activation. Using an approach

similar to the one described for Toeticher et al. (2011) to activate RAS, the authors found that
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information needed for the cell to distinguish and decide was encoded in the dynamics of RAS
activation. More precisely, the authors observed distinct downstream processes being triggered

upon the duration of RAS activation.

Johnson et al. (2020) reported optogenetic control of developmental processes in Drosophila
melanogaster. Concretely, the authors engineered a patterning mutant of drosophila, which
possessed a lethal loss of patterning in early embryos that led to incomplete development.
Physiologically, the pattern is established due to a terminal-to-interior gradient of a signalling
protein and essential for anterior and posterior localized processes. The absence of this gradient
results in defective physiology. The authors introduced light controllable expression of this protein
and demonstrated that shining light at the poles was sufficient for the rescue of the mutant.
Interestingly, the authors found that the an all-or-none signal at the terminal ends of the embryo
(as opposed to a gradient in WT drosophila) at the right time during embryogenesis could rescue
the embryo, suggesting that information encoded in the gradient was not necessary for this

process.

Liu, Chen, and Wang (2020) evoked optogenetic control of neuronal activity to decipher the
relative contributions of GABAergic motor neurons to locomotor decision making in
Caenorhabditis elegans. The authors could dissect the role of these neurons due to a blue light
sensitive channel rhodopsin (CHR2) expressed specifically in these cells and that could be
activated at single cell resolution. Using this approach, the authors found that GABAergic neurons
play a major role in determining the behaviour of the worm. C. elegans is the model organism
for studying the connectedness of the neural system (connectome) because it is composed of only

302 neurons (Yan et al. 2017).
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Growth production tradeoffs in bioproduction
Background

Bioproduction presents as a lucrative and powerful approach to produce diverse molecules of

interest including (biodegradable) plastic (Franziska et al. 2011), drugs & aromatics (Luo et al.
2019; Liu et al. 2019), vaccines (Smith, Lipsitch, and Almond 2011), and antibiotics (Vary et al.
2007) that are hard or impossible to synthesize chemically and /or difficult to harvest from nature
(McElroy and Jennewein 2018) and is the only approach that could potentially fix atmospheric
carbon in the process (Gassler et al. 2020; Gleizer et al. 2019). The advantage over chemical
synthesis has become more daunting over the past few decades following a tremendous increase
in the ease of reading and writing DNA (Church 2020). The former has unlocked a vast natural
repertoire of evolutionarily optimized metabolic pathways and enzymes (Omura 2011; Zhang
and Elliot 2019; Blakemore et al. 2018) while the latter is culminating in an ability to manipulate
genomes on an unprecedented scale with remarkable accuracy (Robertson et al. 2021; Shao et
al. 2019). These advances coupled to an accrescent understanding of cellular metabolism
(Erickson et al. 2017), in all its biochemical-reaction-network glory (Guimera and Amaral 2005)
and nuances in different environmental contexts (Basan et al. 2020), permits one to not only
import metabolic pathways to “unnatural” contexts (Paddon et al. 2013) but, together with
protein engineering (Cao et al. 2020) or directed evolution (Yang and Arnold 2021), empowers
the engineering of altogether novel pathways (Scheffen et al. 2021) and enzymes (Dick et al.
2019) that can spawn “unnatural” products (Kan et al. 2016; Park et al. 2019; Robertson et al.
2021). For all practical purposes, synthetic biologists are modern incarnations of alchemists of
yore, the only real difference, perhaps, being that we have found our philosopher’s stone in
DNA. This is best evidenced by Eculizumab, a monoclonal antibody sold under the brand name
Soliris, that costs a whopping 21,000 $/g (Kelley 2009) more than 300 times higher than the
price of gold (60 $/g) (London metal exchange, 2021). In theory, knowing the DNA sequence
of the gene coding for the antibody should allow an enterprising modern alchemist to transmute
cheap media into “liquid gold”. In practice, however, it is easier said than done and this largely
contributes to the bloated price. As the exogenous DNA does not bring any functional utility to
the host organism and competes with the native program of procreation, it becomes an “extra”
metabolic burden that introduces tradeoffs between the host program (growth) and the
exogenous program (production). These tradeoffs manifest in a variety of ways but the final
consequence is invariably a decrease in the growth rate of cells that produce (producer) and
reduced fitness as a “cost” of producing the exogenous protein. In addition to the metabolic cost,

the product or an intermediate might be toxic for the host organism and further decrease the
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growth. This in and of itself is not the problem. The problem is that the DNA replication machinery
is not perfect and there are random mutations. Most of these mutations are neutral or detrimental
to the host cell but some, notably those that free the cell from metabolic burden and/or toxicity
of exogenous production, are advantageous. This means that any cell that “escapes” from
producing the protein (escaper) becomes more fit than the producers and consequently spreads
in the population. Over time, these escapers negatively impact the yield and can compromise
the quality of the product.

This situation is further exacerbated at the industrial scale where huge volumes of cultures at
high cell densities are required to obtain profitable yields (increasing the likelihood of
emergence of escapers). Genetic heterogeneity has been found to be ubiquitous in industrial
scale fermenters. Rugbjerg et al. (2018) studied the consequences of heterogeneity in an

industrial context and found it to be the constraining factor to scale production to industrial

fermenters.
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Figure 2.3. Increase in genetic diversity with scale. Solid and dashed lines indicate the fraction of

population that produces the POI for different rates of escape. Colours represent the metabolic load
imposed by the production. As the metabolic load increases, the production declines earlier. Continuous
operation extolls yet greater burden. (Figure adapted from Rugbjerg et al. (2018). All rights belong to
Nature.)
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In this study, the authors developed models of E. coli driven production of mevalonic acid and
found that the production was constrained by the emergence of escapers. More specifically, they
simulated an industrial bioprocess in the lab that involves at least 60 cell generations to acquire
suitable cell density (typically 1020 cells in a 200m3 reactor) by making serial dilutions of culture
started from a single colony of E. coli that produced mevalonic acid. The authors found that from
30 generations onwards there was a steady decrease in the production and a recovery of the
growth rate. Through time-lapse deep sequencing, the authors identified that this was due to
genetic heterogeneity in the culture (presence of escapers). They used this data to determine the
fitness cost (metabolic burden) and escape rate of the producer cells. They then used a
mathematical model of population level dynamics vis-a-vis production and escape to predict the
limitations of scaling up bioproduction (Rugbjerg et al. 2018). The authors proposed that
decreasing the rate of escape, by removing insertion sequence (IS) elements (Griffiths et al.
2000) for example (Csérgé et al. 2012; Choi et al. 2015), or easing the metabolic burden
(Ceroni et al. 2018; Gupta et al. 2017) could help scaling up. Notwithstanding, there remain
fundamental gaps in our understanding of metabolic burden caused by heterologous expression
that limit general solutions (Wu et al. 2016), especially when scaled to production (Rugbjerg et
al. 2018), and often necessitate product specific optimization of the strain and/or the expression
platform (Van Dien 2013) and tinkering of process variables (for instance, pH, temperature,
reactor volume, substrate concentrations, etc.) to obtain relevant titers and profitable yields
(Qico et al. 2017).

However, such metabolic tinkering requires significant capital injection for research and
development. To sum up, technological advances in our ability to manipulate the genome of the
host, understanding of the host metabolism, and unravelling of the biochemical pathways from a
wide spectrum of sources, have empowered us to produce diverse chemicals from living
organisms (bioproduction), however, scaling these processes to industrial scale constitutes as the
main technological and economic hurdle to overcome for widespread commercialization of

bioproduction.
Growth production tradeoffs

Typically, exogenous production has a negative impact on the growth rate of the host organism
and consequently on the fitness, primarily because producers direct resources towards the
production of useless products that could have been otherwise utilized for cell’s growth and
proliferation. This constitutes as a metabolic burden meaning that the production comes at a cost.
The cost being a combination of all the different resources for which the exogenous program

competes with the native program of the cell.
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The most obvious, and perhaps the least problematic of all, is the cost of replicating the
exogenous DNA. Metabolically speaking, the cost of replication of DNA is negligible when
compared to the total energy consumption of the cell (Bentley et al. 1990, Karim et al. 2012).
However, in case of very high copy plasmids in E. coli, scarcity of DNA polymerases, depletion
of the nucleotide pool and “hoarding” of initiation factors might lead to a significant replication
cost (Yano et al. 2016). In this study, the authors found that the retention of plasmids could be
improved if either the proteins of the replication machinery were overexpressed or, somewhat
counterintuitively, the ori sequence of the plasmid was altered to make its interaction with the
replication machinery less stable.

The next source of competition comes at the transcriptional level where the exogenous and native
programs vie for the ftranscriptional machinery of the cell. This includes unbound RNA
polymerases, pre-initiation complexes, ribonucleotides and other factors. However, it is hard to
disentangle the cost of transcription from the cost of translation that breaks down to competition
for free ribosomes and charged tRNAs. A dedicated study to address this question in yeast was
reported by Kafri et al. (2016). In the study, the authors integrated a fluorescent protein in
different copy numbers and correlated the decrease in growth rate with the protein content and
the number of copies. The authors further demonstrated by expressing a destabilized mRNA
(leading to the same amount of transcription but reduced translation) that translation is the larger

contributor to the burden although the transcription costs are not negligible. The authors also
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showed that by changing the growth conditions, one could change the rate limiting step from
translation (complete media and low nitrogen potentially because of ribosome unavailability
and scarcity of charged tRNAs, respectively) to transcription (low phosphorus potentially because
of depletion of the ribonucleotide pool). It must be noted, however, that the authors could not
observe the consequences of accumulation of mRNA and its role on regulating transcription
(Timmers and Tora 2018). Nevertheless, the authors claimed that as the amount of exogenous
production increased as a percentage of the total proteome, the growth rate decreased (1%
decrease in growth rate for every 2% of the proteome). Similar correlations between protein
production and growth rate have been reported for E. coli (M. Scott et al. 2010). Both Kafri et
al. (2016) and Scott et al. (2010) reported that the intracellular concentration of the exogenous
protein became toxic at levels greater than 30% of the total proteome.

Even at lower concentrations, the exogenous protein may become toxic if it requires additional
post-translational modifications for proper folding, the availability of chaperones becoming
limiting (Geiler-Samerotte et al. 2011) in this case. This problem mostly concerns eukaryotic
platforms as bacteria lack the molecular apparatus to make these modifications (Baneyx and
Mujacic 2004) although genetically engineered bacteria have been reported that are capable
of post-translational modifications (Nguyen et al. 2011; Siller et al. 2010). The situation worsens
if the protein is hard to fold or secreted (both requiring the endoplasmic reticulum pathway of
translation), often triggering endoplasmic reticulum (ER) stress which in turn results in activation
of the unfolded protein response (UPR) that tries to ameliorate the stress by overexpressing
chaperones (McMillan, Gething, and Sambrook 1994). If the levels of expression are sufficiently
high to not be addressed by the UPR, endoplasmic reticulum associated degradation of unfolded
proteins is triggered (ERAD) (Haynes, Titus, and Cooper 2004). Unfolded proteins, in and of
themselves, are toxic to the cell because they trigger misfolding of properly folded physiological
proteins and therefore their degradation becomes necessary (Haynes, Titus, and Cooper 2004).
At still higher levels of expression, analogous to the strength of promoters used to drive industrial
production, the proteasome of the cell is saturated leading to accumulation of toxic unfolded
proteins. At this point, cells may commit apoptosis (Tabas and Ron 2011).

The fitness is further reduced if the final product or if one of the intermediates is toxic to the cell.
This is typically the case for enzymes that have catalytic activity in the host cell or when the
exogenous metabolic pathways interfere with the native pathways. The scope of this interference
can be general (competing for ATP, NADPH (Yu et al. 2018; Zhao et al. 2018), acetyl-CoA etc.)
or specific (competition for intermediate substrates like heme (Michener, Nielsen, and Smolke
2012) or glutamate (Raab et al. 2010)). Specific crosstalk between the exogenous pathway

and the native ones, can be predicted and addressed with the help of models of biochemical
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networks (Guimera and Amaral 2005). However, if left unaddressed, these may lead to
unintentional redirection of the metabolic flux towards undesirable (and often toxic)
intermediates (Eiteman and Altman 2006). This, in addition to increasing burden and decreasing
yield, might lead to compromised product quality. In conclusion, a number of factors contribute

towards growth-production tradeoffs (Figure 2.4) in exogenous production in living organisms.

The industry has predominately opted for an umbrella strategy that diminishes the vagaries of
product specific metabolic burden and the ensuing growth production trade-offs by temporally
separating growth from production in a two-step fermentation process (also called batch or fed-
batch operation). While this strategy possesses several advantages that ensure higher
productivity, like bulk production, strong existing heuristics, and low susceptibility to mutations
(Burg et al. 2016), it still remains suboptimal in time due to reactor downtime and the time spent
during growth phase (Rathore et al. 2015) and is plagued with lot-to-lot variability (Langer and
Rader 2014). Over recent years, several experts from academia and industry have advocated
for the adoption of continuous operation (Croughan, Konstantinov, and Cooney 2015; Warikoo
et al. 2012; Walther et al. 2015). Despite, evident benefits (nonstop production, higher
productivity, optimality in time, wherewithal to produce labile molecules, and real time quality
control (Xu et al. 2017)), adoption at production scale has been sparse but pilot studies indicate
improved performance (Cankorur-Cetinkaya et al. 2018; Warikoo et al. 2012; Xu et al. 2017;
Godawat et al. 2015; Steinebach et al. 2017). There are several reasons for this hesitancy
encompassing technical (development of new infrastructure and standards) and financial (risk
and investment in existing infrastructure) aspects as well as perceived biological limitations

(severe sensitivity of continuous operation to growth production tradeoffs).
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Chapter 3

DIFFERENTIATION SYSTEM FOR
MICROBIAL CONSORTIA IN YEAST

“An answer that was right the first time may not be right again the second.”

Italo Calvino

Preface

Portions of this chapter as well as some figures have been adapted from Aditya et al. (2021).

Introduction

The evolutionary transition from single cell to multicellular organisms marked a critical turning
point in biology (Maynard Smith and Szathmary 1997). Such shift relied on optimising fitness
and productivity through division of labour and functional specialization (Ispolatov, Ackermann,
and Doebeli 2012; Rueffler, Hermisson, and Wagner 2012). The same principle can be
extended to microorganisms living together to form microbial communities or consortia.
Engineered microbial consortia hold enormous potential and have been hailed as the next
frontier in synthetic biology (Brenner, You, and Arnold 2008; Rapp, Jenkins, and Betenbaugh
2020). Proof of concept studies have concretely established applications in bioproduction (Zhou
et al. 2015; Li, Wang, and Zhang 2019), bioremediation (Zhuang et al. 2014; Zhang et al.
2021), and soil microbiome engineering (Panke-Buisse et al. 2015), paving the way for
therapeutic applications using human microbiome engineering (Inda et al. 2019; Chen et al.

2020).

Particularly in the context of bioproduction, microbial consortia possess several advantages over
traditional monocultures as functional specialization allows metabolic burden to be shared across
different species. Diversification thus allows yields to be optimised simply through tuning
consortia composition, rather than re-engineering the strain itself (Wu et al. 2015). Moreover,
by including multiple species, toxic by-products produced by one species can be sequestered
and/or metabolised by another, thereby improving the efficiency of the overall process (LaSarre
et al. 2017). Microbial consortia are typically generated by culturing two or more species
together. Such co-culturing approaches rely on various inter-species interactions to ensure the co-

existence of different species like mutualism (Shou, Ram, and Vilar 2007), emergent cooperation
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(Wintermute and Silver 2010), competitive amensalism (Fedorec et al. 2021), and predation
(Balagaddé et al. 2008). Despite considerable advances in our ability to engineer microbial
consortia (Zhou et al. 2015; Zhuang et al. 2014; Zhang et al. 2021; Roell et al. 2019; Karkaria,
Fedorec, and Barnes 2021; Kong et al. 2018) and in our understanding of community interactions
(Wintermute and Silver 2010; Shou, Ram, and Vilar 2007; Kylilis et al. 2018; Kong et al. 2018;
Balagaddé et al. 2008), dynamic control of consortium composition remains a key challenge in
the field (Roell et al. 2019). Typically, stable consortia are based on syntrophic or quorum
sensing interactions that, albeit being autonomous, remain critically dependent on cell density,
thus limiting the applicability for dynamic control. Additionally, scaling the consortium to include
more than two species requires non-trivial considerations that may not lead to stable co-existence
(Karkaria, Fedorec, and Barnes 2021). In light of these limitations, an externally controllable

differentiation system could be well suited to address this challenge.

In recent years, advances in biological control have come from coupling computers with growing
cells carrying the engineered system, made possible by special platforms that integrate
biological systems with the computer via a feedback loop (Milias-Argeitis et al. 201 1; Toettcher
et al. 2011; Menolascina et al. 2014; Lugagne et al. 2017; Carrasco-Lépez et al. 2020). The
development of optogenetics, i.e. the use of light to trigger cellular processes, has contributed
significantly to control applications by increasing the spatiotemporal resolution of the control
signal. Control of protein expression using light has been demonstrated both at the population
level (Milias-Argeitis et al. 2011; Olson et al. 2014; Bertaux et al. 2020) and in single cells
(Chait et al. 2017; Rullan et al. 2018; Fox et al. 2021; Perkins et al. 2020). Optogenetics has
been used to control cellular processes in other contexts, for instance, signalling dynamics
(Toettcher et al. 201 1), morphogenesis (Johnson et al. 2020), neuroscience (Liu, Chen, and Wang
2020), bioproduction and metabolic engineering (Lalwani et al. 2021; Zhao et al. 2018).
However, control of population dynamics using optogenetics in a multispecies environment is yet

to be demonstrated.
Problem statement

To construct a differentiation system in yeast capable of giving user defined fractions of distinct
subpopulations upon light stimulation. Certain characteristics would be desirable in such a system,
for example, the system should be able to leverage the phenotypic heterogeneity in the
population to give rise to graded behaviour, the system should be irreversible in the sense that
once differentiated, cells cannot turn back, and last, but not the least, the system should show

high efficiency upon light exposure and low background activity (leakage) in the dark.
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Strategy

Several possible strategies presented them to me during my literature review. Notably, cell-to-

cell communication (Youk and Lim 2014) was an early inspiration. Yeast, owing to asymmetric
division, have well characterized processes that take place differentially in mothers and
daughters (Colman-Lerner, Chin, and Brent 2001; Cosma 2004). ASH1, for example, codes for
an mRNA that is exclusively translated in the daughter cells to repress expression from HO
promoter and was used to create a set of inducible mother specific promoters (Pothoulakis and
Ellis 2018). Another source of increasing heterogeneity in gene expression could be the use of
mRNA destabilizing elements, like the terminator tMFA2 (Decker and Parker 1993), which
generate high variability in gene expression at the population level (Annex 3). | opted against
these approaches because none of them, at least in theory, would lead to 100% differentiation.
| chose to go with optogenetic recombination to effect differentiation because recombination is
an irreversible genetic change. For the choice of recombinase, | decided on Cre as it has been
heavily characterized and known to be functional in yeast without toxicity. Optogenetic or
photoactivable Cre have been reported in the past (Taslimi et al. 2016; Kawano et al. 2016;
Hochrein et al. 2018). However, none were deemed appropriate because of their low efficiency.
A recent paper from Gael Yvert lab reported a single chain photoactivable Cre that shows high
efficiency and low leakage in the dark and is coded by a single CDS (Duplus-Bottin et al. 2021).
Unfortunately, this work was not published at the time, so | decided to use EL222, a thoroughly
characterized optogenetic transcription factor (Benzinger and Khammash 2018), driving an
intact Cre. In particular, the choice was influenced by the finding that EL222 enabled tuning of
gene expression by playing with the intensity of light used for induction (Benzinger and
Khammash 2018).

To recapitulate, my strategy was to make a promoter trap that leads to a switch in the gene
expressed upon recombination that can be controlled with light. In this way, | hoped to create
controllable proportions of recombined and non-recombined cells in a population, called species
to highlight that this is a microbial consortia composed of functionally (and genetically) distinct

constituents.
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Results
Construction of an optogenetic differentiation system and its functional characterization

| designed, constructed and cloned an optogenetic differentiation system consisting of a blue
light inducible Cre recombinase under the control of a constitutively expressed optogenetic
transcription factor, EL222 (Motta-Mena et al. 2014; Benzinger and Khammash 2018) in S.
cerevisige. In order to test the functionality of the system, | designed a “dual reporter”
recombination cassette composed of a floxed coding sequence (CDS), coding for a fluorescent
reporter (mCerulean) that is transcribed constitutively via a pTDH3 promoter upstream of the
first LoxP site. Another CDS, coding for a different fluorescent reporter (nNeonGreen), was

added downstream of the second LoxP site (Figure 3.1a).

Prior to differentiation, mCerulean is constitutively expressed and mNeonGreen is not. After light
induction, Cre is expressed causing a recombination event leading to the expression of
mNeonGreen and loss of mCerulean expression. | tested three different EL222 promoters
published in Benzinger and Khammash (2018) to drive Cre recombinase, namely pEL222 3x
binding sites (bs), pEL222 6x bs and pEL222 5x bs Gall. Differentiation was said to have
occurred if the cells expressed mNeonGreen. This was ascertained by simply applying a
threshold on mNeonGreen fluorescence (Figure 3.2). Of these three, only EL222 5x bs Gall led

to low leakage with <10% colonies recombined in the dark (data not shown).
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Figure 3.1. a. Differentiation system (Dual reporter) and b. EL222 activity reporter. ELL222 promoter used in
both reporters was pEL222 5X bs Gall.
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Cells were cultured to exponential phase and induced with continuous light in the batch reactor.
Manual sampling and cytometry measurements revealed that the population fluorescence shifted
from cyan to green (Figure 3.2b). The same was validated under the microscope by observing

cells at different times after induction (data not shown).
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S

Figure 3.2. a. Differentiation system with cellular phenotypes and sampling. b. Evolution of population

fluorescence under continuous light and quantification of differentiation.

In order to better understand the system, | decided to study the induction behaviour of this
promoter. In brief, | put a red fluorescent protein (mScarlet-1) under the control of this promoter
(PEL222 5X bs Gall) and characterized response to various light intensities and duty cycles in
cells carrying the EL222 reporter in continuous cultures. By duty cycle is meant a quantity between
0 and 1 that reflects the percentage of light shown in a given period. For instance, a duty cycle
of 0.5 for a period of 2h signifies Th of light followed by one hour of darkness. Dynamics of
population average fluorescence emerging from various different light intensities and duty cycles

are displayed in Figure 3.3a and 3.3b, respectively.
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Figure 3.3. Characterizing EL222 induction behaviour. Population level induction dynamics for a. intensity
modulation and b. duty cycle modulation. Small circles represent fluorescence from individual cells. Big
circles (red and blue) represent the mean fluorescent values at each time point (connected with red and
blue lines, respectively). Black lines marked with stars denote the CV (measured on the right y-axis). CV
values prior to induction were not reliable due to low average population fluorescence. ¢. Red circles
represent mean population fluorescence for duty cycle modulation and blue circles stand for mean
population fluorescence for intensity modulation. Each condition has a single replicate. d. CV plotted

against mean for intensity modulation (red) and duty cycle modulation (blue).

Overall, we obtained results that are consistent with Benzinger and Khammash (201 8):

80



*» Steady state average fluorescence is linear in the duty cycle and shows a sigmoidal response
with increasing intensity of light (Figure 3.3c).
% Cell-to-cell heterogeneity is larger with intensity modulation for the same mean level of

fluorescence compared to duty cycle modulation (Figure 3.3d).

| note that the maximum levels of expression (~50% of pTDH3 driven constitutive expression)
were obtained with an intensity of 100 but at the cost of a slight growth defect. Intensity 40
resulted in slightly lower levels (~40% of pTDH3 driven constitutive expression) but did not
exhibit any noticeable growth defect. pTDH3 is used as a reference because it is the strongest
native promoter in yeast (Lee et al. 2015).

Having confirmed that the promoter pEL222 5X bs Gall behaved in agreement to the findings
reported in Benzinger and Khammash (2018) and allowed for modulation of gene expression
variability, | was curious to determine how differentiation varied in response to different
intensities and duty cycles. For the same, | excited exponentially growing cells in batch in
duplicates with single pulses of either fixed duration but at different intensities or fixed intensity
but at different durations. These experiments were done in batch because it allowed me to
perform multiple induction experiments on the same day. Briefly, overnight cultures could be
diluted in a large preculture and partially split to give 16 cultures in falcon tubes that could be
induced with different profiles in the batch incubator. Post induction these cultures could be
removed from the batch incubator and placed in the dark while the remaining preculture could

be used to conduct the next set of experiments.
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Figure 3.4. Single pulse duration vs intensity modulation of differentiation behaviour. Solid circles are
differentiation fractions observed. All conditions have two replicates. Differentiation w.r.t. pulse duration
modulation over a period of 2h was assessed for two different intensities, 40 and 100. We noticed that the
differentiation fraction increases linearly with pulse duration up to a certain point whence it plateaus. The
slope of increase in differentiated fraction with respect to pulse duration was steeper for intensity 100. The
linear response range was also smaller for intensity 100. Amplitude modulation led to a more switch like
response of the differentiated fraction. Intensity 10 resulted in no significant recombination whereas

intensity 30 resulted in 80% differentiation of the maximum intensity (100).

| found that the differentiation dynamics were reminiscent of EL222 induction profiles for
different intensities and duty fractions of light (Figure 3.4). More precisely, the differentiation
fraction increased linearly with the duty cycle up to a point following which it seemed to plateau
whereas for the intensity modulation, increase in differentiated fraction was sigmoidal.
Interestingly, very low intensities (<5), resulted in no detectable differentiation. For all the results
that follow, an intensity of 40 was used for light stimulation because | observed no significant
toxicity or growth defect due to expression of EL222, Cre or blue light induction. | also did not

notice a growth difference between differentiated and non-differentiated cells (Figure 3.5).
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Figure 3.5. No growth defect is found for differentiated cells, growing under blue light and expressing Cre
(top and middle panel). The expression strength of the EL222 promoter is approximately 40% of the one
of the TDH3 promoter (bottom).

In order to evaluate efficiency and background activity at this intensity, cells harbouring the
differentiation system were cultured to exponential phase in batch and then subjected to either
blue light or kept in darkness. Samples were taken at regular intervals manually and passed
through the cytometer (Methods). | used flow cytometry data to compute the differentiated
fraction by applying a threshold on mNeonGreen fluorescence (Figure 3.2b). | could observe
only a marginal increase in the differentiated fraction after 72h of culture in the dark suggesting
low background activity (Figure 3.6, grey inset). | note that exposure to light during the sampling
could have also led to this increase. Induction with blue light triggered differentiation. Moreover,
| found >99 % differentiation after 4h of induction (Figure 3.6, blue inset) making the efficiency

of the system unprecedented when compared to existing systems in S. cerevisiae (Taslimi et al.
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2016; Kawano et al. 2016; Hochrein et al. 2018; Duplus-Bottin et al. 2021). High efficiency
even at this low intensity permits one to reach high levels of differentiation with minimal light

exposure thus eliminating the risk of phototoxicity (Figure 3.5).
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Figure 3.6. Efficiency and background differentiation. 20 colonies were picked and cultured in batch for
72h in dark or induced at t=0 for 4h. Measurements were taken at t=0, t=24h and t=72h. Bars represent
means from a single experiment. Errorbars signify standard deviation. Individual data points from colonies
are depicted in a scatter plot overlaid on the bar plot (blue & grey inset). Increase in differentiated
fraction was not significant (n.s.) after 24h (p = 0.41) but became significant at 72h (p <10-%) (black

horizontal lines).

| compared the efficiency of my system with existing solutions for optogenetic control of
recombination in yeast (Table 3.1). Since, the systems reported in (Taslimi et al. 2016) and
(Kaowano et al. 2016) consisted of results for mammalian cells (HEK293 and COS-7,
respectively), data for these two is taken from (Duplus-Bottin et al. 2021). Leakage in dark is

defined as percentage of cells identified as recombined after culture in the dark.
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Taslimi et al. 2016; Hochrein et al. 2018; Duplus-Bottin et al. 2021).

Table 3.1. Characteristics of optoinducible/photoactivable recombinases in yeast (Kawano et al. 2016;

Publication System Growth Efficiency (mean % s.d.) - | Leakage in dark
conditions Induction time (Mean £ s.d.)

Duplus-Bottin et split Cre Stationary liquid | 1.6% + 0.8 at 90 mins 1.3% £ 0.5 over 24h
al.(Figure3),adapted CIB1_CRY2 culture of dark culture
from Taslimi et al.t
Duplus-Bottin et al. split Cre Stationary liquid | 21.2% + 5.8 at 90 mins 7.1% * 1.1 over 24h
(Figure 3), adapted pMag-nMag | culture of dark culture
from Kawano et al.tt
Hochrein et al. (Figure split Cre Stationary liquid | 46.7% + 5.3 at 24 h** 6.7% * 2.6 over 24h
2) PhyB-PIF3* | culture of dark culture
original study
Duplus-Bottin et al. destabilized | Stationary liquid | 41.2% + 2.8 at 40 mins 0.7% + 0.2 over 24h
(Figure 3 & 4) Cre fused to | culture 66.7% + 3.7 at 90 mins of dark culture
original study asLOV2 Exponential 66.8% * 3.3 at 180 mins

(LiCre) liquid culture 7.6% + 2.1 at 40 mins
This study EL222 Exponential 43.1% + 2.7 at 40 mins 0.06% + 0.05 over

inducible liquid culture 76.8% 1.7 at 90 mins 72h of dark culture

WT Cre 94.4% £ 0.9 at 180 mins

99.7% £ 0.1 at 240 mins

‘I'Origincxl study performed in HEK293 cells.

‘H'Originctl study performed in COS-7 cells.

*Addition of PCB was necessary to achieve recombination with PhyB-PIF3 system. Results shown here correspond to a
concentration of 25UM. Efficiency could be improved to 89.3% * 4 by increasing the concentration of PCB to 100uM. This also
resulted in an increased the background activity to 9.7% + 2.4.

** Induction was carried out by delivering a single 5-min pulse of red light and followed by 10s pulses every 5 minutes for 24h.

| found that my solution is the most efficient light based recombination system to date and shows
the least amount of leakage in the dark. These observations led me to conclude that my system
was functional and possessed the desired characteristics of high efficiency, low leakage and

irreversibility (by design).
Characterization of differentiation dynamics under the microscope

To further establish that my proposed system remains functional in different experimental
contexts, | cultured cells in a microfluidic chamber and stimulated them periodically via short
pulses of light on our microscopy platform (Fox et al. 2021). Mean cellular fluorescence (MCF)

was calculated by averaging the pixel intensity for all the pixels included within the segmented
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area. |, then, used MCF values to assign a differentiation status to cells. Prior to light induction
(Figure 3.7, t=0) less than 2% of the cells were differentiated (n=817, over 8 fields of from 2
independent experiments) and within 8 hours of induction more than 99% of the cells in the field

of view had differentiated (Figure 3.7 t=6h).

Differentiation under the microscope
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Figure 3.7. a. Snapshots of cell growth and differentiation under the microscope. Images during induction
from a representative field of view. Cellular fluorescence changes from mCerulean (cyan) to
mNeonGreen (yellow).b. Differentiation dynamics under the microscope. Images were segmented and
analysed. To be deemed differentiated, median cellular fluorescence had to exceed 300 A.U.
mNeonGreen fluorescence. Circles represent mean differentiated fraction over 8 fields of view from two
independent experiments. Shaded region shows standard error of mean. The total number of cells at 1=0

summed over all fields of view are given by n (n=817).

The differentiation dynamics were reproducible (Figure 3.7b). | note the presence of some cells
that do not seem to lose their mCerulean fluorescence. A frame-by-frame analysis of the live cell
timelapse reveals that these cells are arrested and do not divide. Since mCerulean is not tagged
with a degron, dilution is the only way for cells to lose the mCerulean fluorescence.
Notwithstanding, | conclude that the differentiation system remains functional under the

microscope.
Imprinting patterns for spatial control of population behaviour

Buoyed by this success, | proceeded to ascertain if it were possible to imprint custom patterns in
a population such that population behaviour could be controlled spatially. Cells were loaded in
a plbidi slide and placed under the microscope. | used our microscopy platform that is equipped

with a Digital Micromirror Device (DMD) to periodically shine blue light in the shape of different
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patterns (Figure 6.22). Cells were illuminated with a given pattern for 1s every 3 minutes during
Th. Following this, cells were kept in darkness for an hour prior to imaging. We observed that
accurate patterns of differentiated cells emerged (Figure 3.8). Some recombination was present
outside of the provided pattern but these cells had differentiated prior to the start of experiment
as evidenced by their mNeonGreen fluorescence levels and a lack of mCerulean fluorescence.
Nevertheless, | remark that brief induction with light pulses was sufficient to create a permanent
spatial genetic memory in the population. | also remark that the experiment was performed

three independent times and the pattern formation was robust and reproducible.

Spatial control of differentiation

Figure 3.8. Imprinting patterns in the population. Cells were allowed to form a monolayer inside a ulbidi
slide. Light was shone in a user-defined pattern over the monolayer using a digital mirror device (DMD).
mCerulean and mNeonGreen fluorescence were ascribed cyan and yellow colour, respectively. The
pattern, in magenta, is overlaid on top of the merge. The intensity of the pattern has been decreased to

highlight the differentiation.

I conclude that the optogenetic differentiation system enables precise spatial control of
differentiation suggesting that it is a practical tool to generate spatially structured

heterogeneous microbial communities composed of functionally distinct subpopulations.
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Detailed characterization of the Dual reporter in continuous cultures

To characterize the differentiation behaviour in exponentially growing cells, | cultured cells
continuously in our LED equipped custom turbidostat platform(Bertaux et al. 2020) (Methods,
6.4) and stimulated them with different light inputs (Figure 3.9). Light inputs were single pulses

of different durations ranging from 15 minutes to 180 minutes.
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Figure 3.9. Bioreactor platform and induction profiles. Cells were cultured continuously in exponential
phase using our bioreactor platform (Bertaux et al. 2020). Cultures were induced via LEDs and flow
cytometry measurements were automated. Induction was in the form of single pulses of different

durations.

Sampling from the culture and flow cytometry measurements were automated (Methods). |
observed that, by modulating duration of light pulses (Figure 3.9), the system could be regulated
to reach intermediate levels of differentiation that were stable over time (>48h, Figure 3.10a),
highlighting stable maintenance of microbial consortium at different compositions (Figure 3.10b).
Moreover, these results reveal an interesting dichotomy of the system: it is capable of eliciting a

graded response to different stimuli at the population level as well as a differential response to
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the same stimulus at the single cell level (Figure 3.10 & Figure 3.6). Both these observations can

be explained by heterogeneity in EL222 levels but more on this in Chapter 5.
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Figure 3.10 a. Differentiation dynamics after single pulse induction. Cultures were induced at t=0h with
single pulses of light ranging between 15 fo 180 minutes (colourbar). Following induction, cultures were
kept in the dark for 48h. Circles represent values from a unique experiment. b. Tunable population
composition. Snapshots of population mNeonGreen fluorescence after induction with single pulses (a,

red line indicates the time of each snapshot).

Since the intended use of the system was for the dynamic control of microbial consortia, |
wondered if hysteresis could be observed in the system given repeated stimuli. Hysteresis is a
phenomenon that occurs in certain dynamical physical systems wherein the system retains a
“memory” of previous stimulation. The classic example of such behaviour is a spring. A spring
can be stretched by applying force on its ends up to a certain degree such that it reverts back
to its original length when the force is removed. If one were to repeat this experiment one would
observe identical behaviour on the part of the spring. However, if the applied force, say Fm,
exceeds a threshold (determined by the physical and chemical properties of the spring), the
spring does not relax back to its original length upon removal of the force. Furthermore, when
one tries to stretch the string again, the behaviour is markedly different from the first time. In this

case, the spring could be said to have retained memory of its exposure to the force Fm.
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Analogously, hysteresis in my system, would manifest in the form of a reduced capacity of a light
stimuli to effect differentiation. If present, hysteresis would strongly inform the modelling choice
especially in the context of control applications. Therefore, to gauge the extent to which it might
affect differentiation dynamics, | induced cultures with repeated pulses at various interpulse
durations. More precisely, the cultures were stimulated with 30-min pulses that were delivered

30, 60, 120, 180, 240, or 300 minutes apart (Figure 3.11).
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Figure 3.11. Bioreactor platform and induction profiles. Cells were cultured confinuously in exponential
phase using our bioreactor platform(Bertaux et al. 2020). Cultures were induced via LEDs and flow
cytometry measurements were automated. Induction was in the form of repeated pulses of 30 minutes

at different interpulse intervals. The figure is representational and only shows two pulses.

If hysteresis were present, we would expect smaller population fractions to differentiate with
subsequent pulses compared to the first one. Furthermore, as the interpulse duration is increased,
| anticipated the effect to become weaker due to gene expression noise (relaxation). However,
| failed to observe either of these two effects. The response was reproducible with each pulse
resulting in the same differentiated fraction regardless of prior exposure to light (Figure 3.12a)

(up to small reactor-to-reactor variability).
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Sceptical of these results, | argued that there was another way of detecting the presence of
hysteresis in the system. If it were the case, then time-separated, repeated pulses of a given
total duration would result in a higher differentiation fraction compared to a single continuous
pulse of same duration. Contrary to my intuition, | found that continuous light resulted in similar
differentiation fractions as discrete pulses for the same total duration of induction (Figure 3.12b).
Both results provide strong evidence that hysteresis is absent or masked by reactor-to-reactor
variability at the timescales relevant for control purposes. In turn, these results suggest that a

simple model could be sufficient to predict differentiation behaviour given a light profile.
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Figure 3.12. a. Reproducible behaviour with repeated pulses. Cultures were stimulated with 30-minute
pulses repeated at different interpulse intervals (30 to 300 minutes). Circles and diamonds represent the
change in differentiation fraction by individual pulses from two independent experiments. Data was
collated over the two experiments for boxplots. The colour of circles and boxplots reflects interpulse
interval. The first pulse of each experiment was used for the blue boxplot. b. No observable memory
effect. Data from a & 3.10a was used to the compare the efficiency of continuous light vs discrete pulses.
Circles represent differentiation effected by continuous pulses (y-axis) and equivalent duration of
induction in form of 30-minute pulses (x-axis). Errorbars signify standard deviation. A linear fit of the dafta is
given by the blue dashed line and compared to expected linear behaviour in the absence of memory

(red line).

To be able to predict the differentiated population fraction for a given light input, | developed
an ordinary differential equation (ODE) model with a single parameter to calibrate, the
differentiation rate. Since the model was primarily developed for the purpose of deploying it
in model predictive control of the population composition, | decided to use a simple ODE model

that tracks population dynamics.
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g and p stand for specific cell density (in O.D. units) of non-differentiated and differentiated
cells, respectively. [ is growth rate per hour of the culture. U(t) is light signal as a function of
time and can take values O or 1. 1y;¢f is the differentiation rate under continuous light. n is the
total cell density (in O.D. units) of the culture and is kept constant. A is the dilution rate. At constant
total cell density, dilution rate, A equals growth rate, . No significant difference was observed

in the growth rate of differentiated cells and non-differentiated cells, and therefore, these were

assumed to be the same (Figure 3.2).

This model was fitted (Methods, 6.7) to two datasets of steady state differentiation fractions
post induction with mutually exclusive single pulses. Both fits captured observed behaviours well
and resulted in similar estimates for the differentiation rate (Figure 3.13a). | also used the model
to predict differentiation dynamics emerging from additional light input sequences and found
that model predictions were in good agreement with observed data (Figure 3.13b). | note that
the predicted dynamics were shifted in time (1h) to account for observation delays that were not

explicitly modelled.
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Figure 3.13. a. Model fitting and validation. An ODE model was fitted fo single pulse induction data. Circles

represent mean steady state differentiation fractions of three independent experiments (except 75-
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minute pulse, unique experiment). Error bars signify standard deviation. Blue and red circles were
independently used to fit the ODE model (dashed lines) (Methods). b. Predicting dynamics. Data (circles)
from 3.12a was used to check the predictability of the ODE model (dashed lines). Induction started at

t=0. Model predictions were shifted in time to account for observation delay.

To ascertain the impact of cell density on functionality and efficiency of the differentiation
system, | induced cultures maintained at different cell densities between OD 0.1 and OD 1.5
with repeated pulses. | found that the functioning of our differentiation system is not affected by
the increased cell density (variability in the response at different ODs is smaller than reactor-to-

reactor variability at the same OD compare Figure 3.12 & 3.14).
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Figure 3.14. a. Comparing the variability in response to the same (30-min) pulse when cells are cultured
continuously at different ODs. For each OD, a single experiment was performed in which cells have been
exposed to five 30min light pulses delivered 3h apart from each other and the differentiated fraction in
response tfo each pulse was quantified (diamonds). b. Dynamics of differentiation at different ODs.

Colours correspond fo the ODs in a. Induction started at t= 0.

| conclude that the differentiation behaviour of my system is predictable and can be captured
by a simple ODE model suggesting that open-loop control of consortia composition is trivial with
the system and could be achieved any culture density. | clarify that this is only true for when the

differentiated cells grow at the same rate as the non-differentiated cells.
Two reactor MPC control

In the previous section, | established that my system rendered the precise control of consortia

composition trivial, when both differentiated and non-differentiated cells grow at the same rate.

However, this scenario was unlikely to be true in the context of metabolic engineering and
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bioproduction applications. Furthermore, this system, on its own, does not permit bidirectional
control of consortia composition because, upon differentiation, cells would grow at the same rate
as non-differentiated cells. This means if 50% of the population has been differentiated, | cannot

bring the level of differentiation back to below 50%.

Therefore, in order to produce a more robust and relevant proof-of-concept demonstration, |
introduced an external growth rate difference in the system. Concretely, | increased the
apparent growth rate of non-differentiated cells by adding the output of a second culture kept
in the dark (a reservoir for non-differentiated cells) to the (control) culture. The control culture
was exposed to light signals to maintain the culture at a target set point for the differentiated
fraction. Cytometry samples were taken every hour to observe the state of the control reactor.
Cultures in both the reservoir and control reactors were maintained at constant cell densities

(Figure 3.15).

Introducing dynamics
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Figure 3.15. Setup for two reactor control. Cells harbouring the original differentiation system were
continuously cultured at fixed but different cell densities in two reactors simultaneously. The first reactor
was kept in the dark as a reservoir of non-differentiated cells. The output of this vessel was connected to
the second ‘confrol’ reactor. The control culfure was set to a target level of differentiation and
continuously monitored via automated flow cytometry measurements that were analysed on-line. The
system state was estimated from analysed data and sent fo the model predictive control (MPC) module.

The MPC module provided an optimized light sequence to maintain the culture at the desired set.

94



The utility of this two-reactor configuration was twofold. First, it allowed me to test the capacity
of the system to operate when growth rate differences are present between the differentiated
and non-differentiated cells. Second, it allowed me to verify if bidirectional control of consortia

composition was feasible with my differentiation system.

Introducing the second reactor changed the dynamics of the system. Notably, there was a
constant flux of non-differentiated cells from the reservoir to the control reactor and the dilution
rate of the reactor was no longer equal to the growth rate of culture. In order to account for

these changes, | modified the ODE model described in the previous section.

dg

E = Wtargetd — U@ Taiff9 +0Q—41g
dp

E = HtargetP + u@) Taifrfg — Ap

Q = HWreservoirNreservoir

Ntarget = 9 +p

g and p stand for the specific cell density (in O.D. units) of non-differentiated and differentiated
cells, respectively. Ueontror ONd Wreservoir Are growth rates in the control and reservoir reactors,

respectively. U(t) is the light signal as a function of time and can take values O or 1. Nearget

and Nyegervoir dre O.D. (total cell densities) at which control and reservoir reactors are
maintained, respectively. 1y is the differentiation rate under continuous light. @ is the flux of

non-differentiated cells from reservoir to control reactor. A is the dilution rate of the control
reactor. | observed that growth rates of cultures at different ODs were not equal. | assumed,
however, that reservoir cells instantaneusly change their growth rate upon entering the control

reactor.

Since this two reactor configuration relied on the reservoir to replenish the non-differentiated
population differentially in the control reactor, the OD of the reservoir culture would determine
the range of consortia compositions acheivable. | wondered how to set the ODs of the two
reactors so as to ensure that up to 90% of cells could be differentiated in the control reactor. |
calculated that in order to reach a target differentiation level of 90 % in the control reactor,
the OD of the reservoir had to be ~5 times lower (Methods, 6.8). Based on this calculation, the
OD of the reservoir reactor was set to 0.1 and that of control reactor to 0.6. Growth rates were

determined from the data.

This modified model was then plugged into a model predictive control (MPC) framework

described previously in Bertaux et al. (2020) (Methods, 6.8) and using this MPC framework, |
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targeted population compositions in individual reactors to 10-80% differentiated cells in the
population. | was able to control the population compositions in control reactors and maintain
them for extended periods (up to 96h) (Figure 3.16a) for different target set points. The
response was quick and the desired population fractions were reached within approximately 6h
of starting the control. Additionally, | targeted two cultures to 40% and 80% differentiated
cells in the population, respectively and changed the set points after 66h to 80% and 40%,
respectively (Figure 3.16b). In both cases, the differentiation fraction followed the target. | note
that the control reactor required active control and lost the desired population composition in the

absence of an appropriate light signal.
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Figure 3.16. a. Control of consortium composition. Cultures were targeted to 10-80% differentiation.
Control started at t=0h. Circles signify differentiated fractions. Each colour corresponds to a different
confrol experiment and the dashed line reflects the target set point. Note that the figure is composed of
independent experiments of different lengths. Data was removed when the OD, either in the reservoir or
the control reactor, could not be maintained at the desired target. b. Bidirectional control of consortium
composition. Cultures were targeted to 40% and 80% differentiation. Data is represented as in a. The

farget was changed at t=66h to 80% and 40%, respectively.

| conclude that, in the presence of growth rate differences between differentiated and non-
differentiated cells, my system retains the capability of maintaining microbial consortia at
desired compositions and enables dynamic modulation of the population composition in both

directions i.e. increase or decrease differentiated cells in the population from a given level.
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Extension to multi species consortia

Certain applications, particularly in the context of metabolic engineering, might require
microbial consortia composed of more than two species. To probe if my system can be used to
engineer differentiation programs that allow one to create complex multi-species consortia, |
cloned two recombination cassettes (denoted by C and N) in a single strain along with the

differentiation system (Figure 3.17a).
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Figure 3.17. a. Asynchronous differentiation program. Two recombination cassettes (C and N) were
infroduced along with the differentiation system in the same strain. Both cassettes consisted of to-be-
excised region of equal lengths (1X of the original system) (Figure 3.1a). All 4 possible species are shown
(neither cassettes recombined (CN ), single cassette recombined (CN & CN) and both cassettes
recombined (CN)). Circuits shown in the panel are representational (Methods, Figure 6.6). b. Response to
repeated pulses of different lengths. Four cultures were induced with repeated light pulses of different
durations 6h apart. Each subplot represents data from a single experiment with unique pulse duration
given by cyan subplofs (clockwise from top left, 30-minute, 60-minute, 120-minute and 90-minute,
respectively). Solid lines show dynamics of prevalence of each species (blue, purple, red, and orange for
CN, CN, CN, and CN, respectively). Circles indicate individual time points. Prevalence of each species was
calculated using thresholds on mNeonGreen, mScarlet-l and mCerulean fluorescence (Methods, Figure

6.6). All four species could be observed.

Cells were cultured and induced in our bioreactor platform with varied pulses repeated every
360 minutes. | was able to detect all 4 species at appreciable prevalence in the culture (microbial
consortium), consisting of double recombined cells (CN), single recombined cells (CN, CN) and
the original non-recombined population recombined (CN). | found that both sites were
approximately equally likely to recombine (asynchronous with respect to each other) albeit it is

not evident from the curves (Figure 3.17b). Seemingly, cassette C recombines at a greater rate

97



than N, however, this is possibly an artefact of the different maturation times of the reporters
for each cassette. Recombination at C is reported by mNeonGreen which has a maturation time
of 10 mins compared to 36 minutes for mScarlet-l (Lambert 2019). The composition could be
stably maintained at any observed level if subsequent light pulses were not applied (Figure

3.17b).

Noting that the length of the to-be-excised region plays a critical role in determining the
differentiation rate (Figure 4.12a), | set out to test if this could be exploited to modify the
differentiation dynamics. We cloned two recombination cassettes of unequal to-be-excised

region (C and N') along with the differentiation system (Figure 3.18a).
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Figure 3.18. a. Sequential differentiation program. Two recombination cassettes were intfroduced along
with the differentiation system in the same strain. Relative length of the to-be-excised region of one
cassette (N') was 5X longer than the other (C). All 4 possible species are shown. Notations resemble a.
Due toincrease in the length of to-be-excised-region, the differentiation rate of N’ was significantly slower
than C leading to inappreciable prevalence of CN’ (faded species). b. Response to repeated pulses of
different lengths. Four cultures were induced with repeated light pulses of different durations 6h apart.
Each subplot represents data from a single experiment with unique pulse duration (clockwise from top
right, 30-minute, 60-minute, 120-minute and 90-minute, respectively). Data is represented as in Figure

3.17b. Three species could be observed.

| observed that the shorter site recombined first (CN’) and subsequent pulses led to enrichment
of cells with both sites recombined (CN') (Figure 3.18b) constituting a sequential differentiation
program as opposed to the asynchronous program obtained with to-be-excised regions of equal
lengths. | did not observe appreciable levels of species with only the longer site recombined

(CN') effectively resulting in a three species microbial consortium.
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Both versions of the system with two recombination sites remained capable of eliciting a graded
response to light. | conclude that my differentiation system can be extended to implement distinct
differentiation programs capable of yielding complex consortia composed of a controllable

number of species whose prevalence can be optogenetically tuned.

Discussion

Microbial consortia are expected to be of great utility for biotechnology and hold immense
potential for diverse applications (Rapp, Jenkins, and Betenbaugh 2020; Zhou et al. 2015; Li,
Wang, and Zhang 2019; Zhuang et al. 2014; Zhang et al. 2021; Panke-Buisse et al. 2015;
Inda et al. 2019) and have been hailed as the next frontier in synthetic biology (Brenner, You,
and Arnold 2008). However, dynamic control of consortium composition remains relatively
unexplored despite being a key challenge in the field (Roell et al. 2019). In this chapter, |
addressed this challenge with the help of an artificial differentiation system in S. cerevisiae
capable of generating microbial consortia with custom composition. The system was based on
blue light inducible expression of Cre recombinase driven by EL222 from a non-leaky
promoter(Benzinger and Khammash 2018). | characterized the system and established that it
possesses several desirable characteristics: fast, reproducible and tunable dynamics,
unprecedented efficiency (Taslimi et al. 2016; Kawano et al. 2016; Hochrein et al. 2018;
Duplus-Bottin et al. 2021), low leakage, and graded response of the population to light. The
efficiency of the system allowed me to achieve high levels of differentiation with short transient
pulses that eliminate the risk of phototoxicity. Graded population responses to light were critical
for achieving control of consortia composition. Moreover, the high degree of reproducibility in
response to light stimuli permitted me to develop a predictive model that could be used as a
basis to precisely control microbial community dynamics. Using the developed model in a model
predictive control framework allowed us to achieve bidirectional control of consortia composition
in a dynamic setup. | showed that the system can be extended to give rise to complex multi-
species consortia. Lastly, | demonstrated that it was possible to genetically imprint patterns in a

population with single cell precision (Annex 1) using the differentiation system.

On efficiency

The efficiency of the optogenetically inducible recombinase developed in this work exceeds any
reported in the literature. Previous optogenetic recombination systems are based on engineering
a photoactivable Cre that is typically split into two peptides tagged with the respective
photosensitive heterodimers that can be brought together upon light illumination to form a

functional Cre (Taslimi et al. 2016; Kawano et al. 2016; Hochrein et al. 2018). However, such
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approaches result in massive activity loss as functional Cre is a tetramer and the probability of
four dimerized split-Cre molecules to assemble together hinges on the relative concentrations of
the two subunits (Duplus-Bottin et al. 2021). A recent study reported a monogenic photoactivable
Cre that is based on fusion of a LOV domain with a destabilized Cre variant (Duplus-Bottin et
al. 2021). The authors reported higher efficiency and stronger activation when compared to
previous systems. Indeed, this monogenic photoactivable Cre matched the efficiency reported
for my system up to 40 minutes of induction. After 40 minutes of induction, the activity seemed
to plateau for the former. This could perhaps be due to heterogeneity in expression levels of the
destabilized Cre and a memory effect might be at play here similar to the one described in
Chapter 5. This appears to be absent from my system, at least for the time scales studied here.
Nevertheless, | note that applications where genetic burden is important, the monogenic

photoactivable Cre might be more suitable.

On dynamic control of microbial consortia

Several solutions for the stable maintenance of microbial consortia have been proposed recently.
In particular, Hasty and colleagues (Scott et al. 2017; Miano, Liao, and Hasty 2020), Lu and
colleagues (Kong et al. 2018; Liu et al. 2020), and Barnes and colleagues (Fedorec et al. 2021)
achieved this by using synthetic biology approaches. These authors demonstrate the capacity to
maintain co-cultures of several bacterial subpopulations over extended durations. However,
none of these approaches succeeded at precisely controlling consortia composition (State of the
art). Moreover, the functioning of these systems relies on the release of signalling molecules in
the environment (quorum sensing molecules or bacteriocin) that trigger cell death. The fact that
signalling molecules are released by cells creates de facto a strong dependency of the
functioning on growing conditions, and notably on the density of cell cultures, an important aspect
for bioproduction applications. Lastly, previous designs use elaborate genetic engineering
solutions for the molecular implementation of control mechanisms, thus making extension and
scaling up of these designs potentially challenging. In summary, in comparison to previously-
existing solutions, our system is simple to implement, quantitatively predictable and actionable,
and versatile to use. | should like to highlight that this work constitutes as the first report of
dynamic control of microbial consortia arising out of a single strain. Previous studies using
optogenetic control at the population scale focus on achieving control despite the heterogeneity
(Milias-Argeitis et al. 2016; Bertaux et al. 2020) or seek to eliminate it altogether (Fox et al.
2027; Rullan et al. 2018), however, in this work | exploited heterogeneity in the population to
control population level behaviour. This also happens to be the first report of optogenetic control

of microbial consortia.
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On opting against existing bimodal systems

Multiple systems have been designed that successfully create bimodality in gene expression at
the population level (Gardner, Cantor, and Collins 2000; Becskei, Séraphin, and Serrano 2001;
Atkinson et al. 2003; To and Maheshri 2010; Youk and Lim 2014; Yang, Nemhauser, and Klavins
2019; Barbier, Perez-Carrasco, and Schaerli 2020). In theory (Jia et al. 2017; Del Vecchio et
al. 2018; Salzano, Fiore, and di Bernardo 2019; Duddu et al. 2020), such systems could allow
one to generate functionally distinct subpopulations from a single population. However, despite
these encouraging examples and substantial theoretical advances, bimodal gene expression at
the population level, with the exception of (Yang, Nemhauser, and Klavins 2019), has scarcely
been exploited to generate and control subpopulations with distinct functionalities. Several
obstacles still restrict the applicability of such systems to generate and dynamically control
functionally distinct populations emerging from a single strain. First, most engineered systems
could only maintain stability under carefully calibrated conditions. These conditions could pertain
to the general and relative cell density (Scott et al. 2017; Youk and Lim 2014), inducer
concentration (To and Maheshri 2010; Gardner, Cantor, and Collins 2000; Becskei, Séraphin,
and Serrano 2001; Barbier, Perez-Carrasco, and Schaerli 2020; Yang, Nemhauser, and Klavins
2019), and hard to tune genetic circuits (Lico et al. 2019) limiting the feasibility of dynamic
control for population level behaviour. Secondly, to change the relative proportion of each
phenotype, one must alter circuit topology, a process that is not only laborious but also carries
no guarantee of success (Youk and Lim 2014). In essence, limitations of previous studies derive
from the difficulty in ensuring appropriate regulation of the decision process. In the present study,
| overcame this problem by using external control for differentiation. | note that Klavins and
colleagues (Yang, Nemhauser, and Klavins 2019) have developed another differentiation
system in yeast, that, in principle at least, could have been used to generate consortia. This
system uses a toggle switch to implement memory, and chemical inducers to toggle the switch. |
believe that using light as inducer and a DNA implementation of memory allowed me to precisely
characterize and select systems with appropriate properties, and drive them with the needed
precision to obtain subpopulations in desired proportions. The high degree of reproducibility in
response to light stimuli facilitated the development of a predictive model that could be used as

a basis to precisely control microbial community dynamics independently of the cell density.

On differentiation system as a pathway switch for population level metabolic engineering

Based on the principle of division of labour, microbial consortia have been employed to increase
bioproduction by distributing the metabolic burden (Zhou et al. 2015). Such approaches

necessitate functional specialization in the constituent species of consortia. | provide evidence
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that our design can be implemented in different physiological contexts by artificially intfroducing
a growth difference between differentiated and non-differentiated populations (a likely
scenario for metabolically distinct species) and showed that the system still behaves predictably.
In the context of metabolic engineering, our system could serve as a pathway switch, with the
potential of compartmentalising metabolic flux in the population. This could be achieved, for
instance, by replacing fluorescent proteins by orthogonal TFs that drive entire pathways (Naseri
et al. 2019), leading to new division of labour paradigms in microbial consortia and open up
possibilities for population level metabolic engineering. One concrete application of the system
can be in efficient degradation of polyethylene terephthalate (PET) (Wyeth and Roseveare
1973). PET has been shown to be a major pollutant in both oceans and land (Neufeld et al.
2016). The pathway was first discovered in bacteria and consists of two enzymes that break
down PET into its constituent monomers, terephthalic acid and ethylene glycol (Yoshida et al.
2016) and since then the efficiency of the process has been improved by more than 3 orders of
magnitude (Tournier et al. 2020). It would be ideal if we could engineer a yeast strain that
secretes both these enzymes. However, it is well known that secretion in S. cerevisiae is a delicate
affair (Idiris et al. 2010). Therefore, it will be preferable to couple the production of these
enzymes with the differentiation system such that prior to differentiation, the easy to secrete
enzyme is expressed and after differentiation, the hard to secrete enzyme is expressed. It might
also be prudent to replace S. cerevisiae with K. phaffii (erstwhile P. pastoris), which is overall
more efficient at secreting heterologous proteins (Ahmad et al. 2014). This problem naturally
lends itself to optimization and would provide a practical application for modelling biological

systems.

On multi-species consortia

More involved metabolic burden distribution strategies might require more than 2 species. To
show that complex multi-species consortia can be created using this system, | engineered
asynchronous or sequential differentiation programs based on multiple recombination cassettes
that extended the core system to generate and stably maintain multi-species consortia from a
single strain in continuous liquid cultures. These programs could be scaled exponentially for
applications requiring dynamic control of complex multi-species consortia and do not require
intricate genetic circuits spread over multiple populations to ensure stability potentially rendering
complex division of labour paradigms accessible. Notably, Roquet et al. (2016) demonstrated
that as many as 16 distinct cell types could be obtained by using three orthogonal recombinases.
However, the extended system does not provide a means of controlling each constituent species

independently, making it unfavourable for applications where precise control of each species is
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desired. This can, in part, be overcome by using multichromatically controllable orthogonal
recombinases. More verbosely, the system described here can be used with another
optogenetically driven recombinase system that is triggered with a different coloured light. In
this fashion, it is possible to increase the number of species to 8 (theoretically 16), by having
three orthogonal recombinases (Lin et al. 2015; Nern et al. 2011; Liv et al. 2018) being driven
by three differently coloured light signals, the limiting factor being the number of characterized
orthogonal light induction systems (Benzinger and Khammash 2018; Hochrein et al. 2017;
Schmidl et al. 2014). Multichromatic control has previously been demonstrated in bacteria
(Fernandez-Rodriguez et al. 2017) but is yet to be demonstrated in yeast. A preprint (Jang et
al. 2019) reported development of a library of optogenetic tools derived from
cyanobacteriochromes (Fushimi and Narikawa 2019) shown to be functional in yeast and

operating in green, orange, red, and far-red range.

On differentiation system as a tool to study complex biological systems

| showed pattern generation in 2D cultures in a microfluidic plate. Since we are not restricted to
patterns attainable in nature (Basu et al. 2005), my system provides a unique opportunity to
study how equilibria are reached in multispecies ecosystems and elucidate microbial interactions
in complex spatially structured communities. Alternatively, the capacity to optogenetically control
cell fate decisions with spatiotemporal precision has the potential to become a critical tool for
dissecting signalling pathways (Toettcher et al. 201 1) or understanding developmental programs
(Johnson et al. 2020). EL222 has been shown to be functional in mammalian cells and this system,
due to high precision and efficiency, could potentially be used to perturb developmental
processes in higher mammals in conjunction with ex-utero roller cultures (Aguilera-Castrejon et
al. 2021). More concretely, EL222 could be regulated such that it is only active in a
subpopulation of cells (Andersson et al. 2014) or during a specific time (Gifford et al. 2013) in
development. Light may then be used to effect a genetic change that perturbs the developmental

program in cell type specific and spatially or temporally localized fashion.
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Chapter 4

APPLICATION TO CONTINUOUS
HETEROLOGOUS EXPRESSION

“Nothing in biology makes sense except in the light of evolution.”

Theodosius Dobzhansky

Preface

Portions of this chapter as well as some figures have been adapted from Aditya et al. (2021).

Introduction

Growth production tradeoffs are borne out of an inexorable competition for resources between
the cell’s native genetic program primed to self-propagate and the exogenously introduced
heterologous program designed to produce a valuable molecule that is devoid of any functional
utility for the cell. This competition leads to a metabolic burden, which manifests as a decrease
in the growth rate of producing cells. Consequently, any mutation that frees the cell from the
burden of production (termed reverting mutation) will result in a higher fitness (on account of the
faster growth) and confer a selective advantage to the mutated cell (reversion mutant or
escaper). Escapers will spread in the population and, over time, supplant the population that still
carries the exogenous program (Rugbjerg et al. 2018). This problem is exacerbated in continuous
operation because constant dilution of the culture exerts a stronger selection pressure, essentially
debilitating protein yield over time and rendering this approach ungainful over long periods.
Batch operation deemphasizes such considerations by separating growth and production in time.
Several strategies have been proposed to increase the resistance to reverting mutations. The
most common strategy is to attenuate the effect of mutations at a single loci by using high copy
plasmids and employing autoselection markers (Loison et al. 1986; Geymonat, Spanos, and
Sedgwick 2007) or toxin-antitoxin systems (Kroll et al. 2010) or dependencies with the
auxotrophic marker (Chen et al. 2012) to ensure large copy number of the plasmid.
Alternatively, integrative plasmids that integrate in multiple copies, up to 30, have been
reported in yeast (Gnigge, Liphardt, and Rudolf 2016).

Conversely, creation of host organisms (also called chassis organisms) with synthetic genomes (J.

Liv et al. 2020; Richardson et al. 2017) tailored to decrease conflicts with the native machinery
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or to increase genetic stability (Csérgé et al. 2012; Choi et al. 2015) are active areas or
research. Lastly, control strategies to mitigate metabolic burden (Ceroni et al. 2018; Gupta et
al. 2017) or induce metabolic addiction (Lv et al. 2020) based on ever increasing array of
molecular controllers (Aoki et al. 2019) provide complementary strengths (Carrasco-Lépez et al.
2020) to the genetic approaches described above.

These approaches could prove instrumental in overcoming the biological limitations that preclude
heterologous expression in continuous mode; however, despite these developments there has not

been a comprehensive characterization of continuous bioproduction in budding yeast.

Problem statement

Our differentiation system offers a novel way of skirting the growth-production tradeoff in
continuous cultures since growth and production happen simultaneously but in different cells
(growers and producers, respectively). This could provide insularity from reverting mutations by
maintaining a population of cells that do not produce and therefore grow at the maximal rate.
Consequently, any reverting mutation in the producers would not be able to spread in the
population. At the same time, since there is no growth in producers, the competition for resources
should be ameliorated. Therefore, we sought to interrogate whether heterologous expression
can be increased over constitutive expression and induction based methods in a continuous setting

using the differentiation system to compartmentalize growth and production in the population.

Strategy

We wanted to employ the differentiation system to decouple growth from production such that
growth and production take place simultaneously but in different cells. Before differentiation,
cells grow and do not produce the protein of interest (POI). Light induces differentiation,
following which cells arrest and start producing the POL. In order to arrest the growth, | chose
the downstream effector of the mating response pathway, FAR1 (Chang and Herskowitz 1990).
Several facts informed this choice. First, physiological function of FART is to arrest the growth in
nature (Mckinney and Cross 1995) and therefore | expected it to be a more maintainable state
than knocking out an essential gene. Second, because the dynamics of the overexpression are
more reliable than the degradation and dilution of an essential protein after the corresponding
gene has been knocked out. Third, mating factor induced arrest was shown to be a metabolically
active state and increased the capacity of yeast cells to produce small metabolites (Williams et

al. 2016).
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For heterologous expression, | identified a strong orthogonal transcription factor from plants
known to be 6 times as strong as pTDH3, one of the strongest promoters known in yeast (Naseri

et al. 2017).

| coupled the differentiation system with growth arrest to separate growth from production and
probed if this strategy would lead to an increase in heterologous expression over constitutive

and inducible counterparts in continuous operation and/or genetic stability.

Results
Construction and characterization of constitutive and inducible expression platforms

To assess the suitability of my system for bioproduction, it was first necessary to establish a
reference. For constitutive expression, | cloned a placeholder protein of interest (POI), mScarlet-
I, under the control of pTDH3 promoter, the strongest native promoter in S. cerevisiae. Although
pTDH3 is sensitive to glucose concentration (Jung et al. 1995), for the purpose of this study,
ample glucose was readily supplied and therefore posed no threat to the ability of cells to
express the POI driven by the pTDH3 promoter. In addition to this strain, other strains were also
generated, which expressed different fluorescent proteins constitutively under pTDH3 control
(Figure 4.1). In addition, | constructed a 4 color strain, which expressed all 4 fluorescent proteins
constitutively under the control of pTDH3 promoter, to know how protein production would be

affected by the presence of other heterologous proteins.

A 5TDH3-mSc (1X) b 51DH3-4c (4x)

D I:ImCeruIecl &meonﬁarleib—

Figure 4.1. Construction of constitutive expression reference. a. pTDH3 driven mScarlet-I (POI). b. 4 color

strain, 4 different fluorescent reporters under the confrol of the pTDH3 promoter. mCerulean,

mNeonGreen, and mScarlet-l were infegrated in URA locus while mVenus was integrated in the HO locus.

All strains were cultured in the turbidostat and their fluorescence levels were probed using the
cytometer. | observed that increase in fluorescence over WT (that carried no fluorescent proteins)
varied for each fluorescent protein despite each construction expressing the respective

fluorophore from the same promoter and terminator (Figure 4.2). This was perhaps because of
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each fluorescent protein having different spectral properties (Methods) and different sensitivities
of the instrument to the various fluorophores. | found that expressing the POI alone or in presence
of three other constitutively expressed proteins did not make a significant difference in the final
expression levels (Figure 4.2, bottom left). | did not observe a significant growth defect in either

single color or the 4-color strain.
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Figure 4.2. Fluorescence levels for constitutively driven fluorescent proteins mScarletl (blue) and the 4
color strain (red) for each of the four fluorescent proteins measured in the cytometer over time. WT strain
lacking any fluorescent protein is shown in grey. Lines represent median fluorescence values from one
experiment and circles signify the time of sampling. For mScarlet-l, mScarlet-I overlaps with the 4-color

data. Note that the y-axis is linear between 0 to 1 and logarithmic between 1 to 10,000.
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For the induction reference, | identified a strong orthogonal transcription factor, ATAF1, (Naseri
et al 2017) that was shown to be 6 times as strong as pTDH3. | first cloned ATAF1 under the
control of constitutive promoter, pTDH3, with different fluorescent proteins (mCerulean,
mNeonGreen and mScarlet-l) under the control of pATAF1 (ATAF1 specific promoter with 4
binding sites). However, this construction yielded very few transformants and did not lead to any
detectable levels of expression in the transformed colonies. Postulating that the cells could not
support the burden, | constructed an opto-inducible version of ATAF1 under the control of the
strongest EL222 promoter from the Benzinger and Khammash, pEL222 6x bs. The maximum levels
of induction with this promoter (at intensity 40) were analogous to pTDH3 driven expression. |
introduced the three different fluorescent proteins under the control of 4X bs pATAF1. These
strains are referred to as optoATAF1-X strains, where X denotes the protein under the control of

ATAFT.

@ optoATAF1-mSc b optoATAFI-mNeon C  optoATAF1-mCerulean
—-—- — mNeon — ATAF1- — > — REE>

hv
450nm ' '
lemScarleli)—IATAFJL EL-222 L mNeon >—|ATAﬂ EL-222 LmCeruleaHTAFl)—E:222>—

Figure 4.3. Design of optoATAF1-X strains. The optogenetic transcription factor EL-222 is under the control
of a constitutive promoter, pTDH3, and expresses ATAFI1 franscription factor in presence of blue light.
ATAFI1 drives the expression of X. Blue, magenta, and dark grey arrows represent pEL222, pATAF1, and

PTDH3, respectively. Light grey arrows in the grey cells indicate no active expression.

| cultured cells harbouring the optoATAF1 expression module in the turbidostat under dark
conditions overnight before inducing them with continuous light. | noticed that the induction was
fast and 3 hours of induction was sufficient to obtain higher levels of expression than pTDH3.
The induction dynamics were similar to those of EL222 activation (Figure 3.3a) in the first 10

hours of induction. At t=10h, OptoATAF1 strains reached much higher levels of expression than
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pTDH3 driven constitutive expression (Figure 4.4c). Surprisingly, the fold increase over pTDH3

driven expression were different for different fluorescent proteins but, in each case, increased

linearly with time until t=10h. The optoATAF1 driven expression of fluorescent proteins att = 0,

before any light induction, was marginally higher than the autofluorescence background strain

which suggested slight leakage (compare Figure 4.2, grey curve and 4.4a, b, ¢, timepoint at

t=0). Fold induction over dark was calculated after deconvolution. Contrary to fold increase

over pTDH3 expression, the fold induction over dark showed remarkable similarity. It is evident

that optoATAF1 driven expression has a large dynamic range with > 800 fold induction over

dark for all three distinct proteins.
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Figure 4.4. optoATAF1 based heterologous expression. Cultures in exponential phase were induced at t=0.

a, b, c. Induction dynamics for optoATAFI1-X (blue) compared to pTDH3-X (red). Solid lines represent the
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deconvolved median cellular fluorescence from one experiment and circles signify the time of samplings.
d. Fold increase over pTDH3 fluorescence. Line represents values from one experiment and the circles
signify times of sampling. Differences might be explained by photobleaching. e. Fold induction over dark.

Line represents values from one experiment and the circles signify times of sampling.

However, the induction dynamics showed oscillations in median cellular fluorescence post t=10h.
This was perhaps because of the strong growth defect that followed induction. Curiously, this
slowdown was not associated with heterologous expression as the targetless opto-ATAF1 showed
comparable growth defect (Figure 4.5a). | note that this growth defect is not due to the presence
of blue light because a strain carrying pTDH3-EL222 was used as a control. This made the
perceived increase in expression questionable since, even if the production was at the same rate
as pTDH3, the decrease in cytoplasmic dilution (due to the slower growth rate) could lead to
higher accumulation and therefore, a higher readout of fluorescence. In order to dispel this
doubt, | cloned pTDH3-mScarlet in an optoATAF1 strain (without any downstream reporter) and
measured the increase in fluorescence in both light and dark conditions in batch after 10h of
induction. | observed that the slowdown did contribute to an increase in cellular fluorescence.
However, opto-ATAF1 driven expression remained 6 times higher than pTDH3 driven expression

(Figure 4.5b).
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Figure 4.5. optoATAF1 based heterologous expression. a. Growth defect due to light induction in
optoATAFI strains compared to strain expressing EL222. Bars represent growth rate (h-1) calculated from
a single experiment in batch. b. Heterologous expression levels in light and dark conditions. Bars represent
median values from a single experiment. Red vertical line denotes the increase in production due to the
growth arrest and decrease in cytoplasmic dilution due to cell division. Blue vertical line represent real

increase in production after accounting for the growth slowdown.
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| conclude that the orthogonal transcription factor, ATAF1, is a potent driver of heterologous

expression even if it results in a significant growth defect (~6 fold higher production).
optoATAF1 driven FAR1M mediated growth arrest

In order to arrest the cells, we hijacked the mating factor pathway by overexpressing the
downstream effector FAR1 (Chang and Herskowitz 1990). FART is an inhibitor of cyclin
dependent kinase activity. Under physiological conditions, FAR1 is expressed in the presence of
alpha factor and inhibits the interaction of CDC28 with the G1 cyclins. This is requisite for
progression of cell cycle from G1 to S. Consequently, the cells arrest in G1. More specifically, |
used a FART variant, FAR1-22 that had been shown to arrest the growth upon overexpression
in the absence of alpha-factor (S Henchoz et al. 1997). | performed preliminary experiments
with light and galactose inducible FARTM (FAR1-22 fused at C-terminal with mCerulean) in
turbidostat, batch and the microscope. The quality of the generated data was not high enough
to merit a place in this chapter, however, curious readers are referred to Annex 2 for more
details. Results suggested that the degree of growth defect was dependent on the expression
levels of FARTM. Knowing that ATAF1 driven expression is high, | cloned FAR1M under the control
of pATAF1 in an optoATAF1 strain.

optoATAF1-FARTM

—FARIMmCerulean — J:IFARI MmCerulean—

— ATAF1 —-EL-222 —LATA@;-|-|_:222)-

Figure 4.6. Construction of opto-differentiation-ATAF1-FARIM strain. The optogenetic transcription factor

EL-222 is under the control of a constitutive promoter, pTDH3, and expresses ATAF] transcription factor in
presence of blue light. ATAFI drives the expression of FARIM. The cyan disk indicates the nuclear

localization of FARTM.

| cultured optoATAF1-FARTM continuously in the turbidostat in the exponential phase. After
overnight culture in dark, cultures were induced with continuous light. | observed that the growth
defect for OptoATAF1-FARTM was more pronounced than optoATAF1-mSc and targetless opto-
ATAF1 suggesting that the arrest is effected by FAR1-M overexpression (Figure 4.7).
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Figure 4.7. Characterization of growth arrest in optoATAF1-FARIM. a. Genotype of the strains used in the
experiment. b. OD dynamics. Lines represent OD at 600nm. Colors signify strains (see legend of c. Cells
were induced at t=0. All experiments were conducted in the turbidostat grow and dilute mode cycling
between OD 0.4-0.6. Data for a single experiment is shown. ¢. Growth dynamics under full induction. Red,

blue and violet lines represent instantaneous growth rate (h'). Cyan line reflects induction.

The growth defect was drastic enough to bring the OD to a complete halt. | note that the
optoATAF1-FARTM cells escaped the growth arrest after 15h. Curiously, the escaped cells were
even able to overcome the growth defect due to ATAF1 expression hinting that the mutants were

able to shutdown ATAF1 expression.
Coupling differentiation with growth arrest

Seeing that optoATAF1 driven FARTM was sufficient to completely arrest the growth, | decided
to couple it to the differentiation system. In order to achieve that, | designed a construction that
differed from the dual reporter (Figure 3.1). Notably, EL222 replaced the mCerulean and
ATAF1 replaced mNeonGreen such that before recombination, EL222 is expressed constitutively
and after recombination, ATAF1 starts being expressed. This construction was integrated in a
strain carrying FARTM under the control of pATAF1. Lastly, a cassette expressing Cre under the
control of pEL222 was integrated in a separate locus. The complete design of the circuit is

depicted below in (Figure 4.8).
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Figure 4.8. Construction of L3-17 strain. EL222 drives Cre and after the recombination ATAF1 is constitutively
expressed from a pTDH3 promoter, however, the levels of expression from this pTDH3-LOXP promoter are

half of the pEL222 promoter. ATAF1 subsequently drives the expression of FAR1-mCerulean.

In order to estimate the extent to which growth is diminished upon differentiation, | conducted
competition experiments in the microscope. The experiment consisted of co-culturing L3-17 with
the EL222 reporter strain (Figure 3.1) as the reference in a microfluidic chamber starting from
an approximately 1:1 ratio. The induction was in the form of 400ms periodic pulses every 10
minutes. This was sufficient to cause 100% recombination in every field of view by 3h (Figure
4.9a) as deduced by observing the nuclear localization of mCerulean fluorescence. | estimated
the growth rate by calculating the slope of log (# of cells) with respect to time (Methods, 6.11).
The growth rate was severely impacted (Figure 4.9b). | observed that the majority of the
differentiated cells become large and stop dividing. A proportion of these cells died over the
course of the experiment (not quantified). Some differentiated cells continued to divide, albeit
at an increased division time (Annex 1, Figure A1.2). Observing the nuclear fluorescence of
mCerulean revealed the presence of abnormal nuclear physiology including the presence of

micronuclei, anaphase bridges and multinucleated yeast cells.

118



(J3)EL222

L3-17
reporter

Snapshots of cells growing at 30°C under the microscope

b Growth rate estimation c Growth rate comparison
9 ' 0.5
L3-17 n.s
| |-e-J3 =% | 0451 0.0001 -
8 = =Linear Fit with 95% ClI FK—
- —Linear Fit with 95% Cl o 0.4 @ —o—
7 L
6t # Growih Rate =0.427 | _§ 0.35 Median = 0,369 Medion =0.383 |
) Start of fit o 0.3
3 Sf Growth Rate = 0.079 <
&3 £025
BUNTD et E
Rl e £ 02
? &
3l 2
20.15
) End of fit © .
[ 1 L 5 fields each from |
0.1 I;f;| two independent experiments
I
1r il 0.05 4L Wilcoxon left tailed test |
Median = 0.082
0 ' ; ' ' ' 0 . - '
0 2 4 6 8 10 12 L3-17 J3 WT
Time(Hours) Strains

Figure 4.9. Competition experiment in the microfluidic chamber. a. The competition of L3-17 with the EL222
reporter. Cells were co-cultured in roughly 1:1 ratio af t =0 and induction was started in the form of 400ms
pulses every 10 minutes. This was sufficient to achieve 100% recombination as evidenced at t=2:20h. In
the period between 2:20 to 8:00, little to no growth was registered. t=8h is a striking demonstration of the
growth arrest. Static images shown here are taken from a representative field. The insets at t=8h indicate
abnormal nuclear physiology. These include anaphase bridges (red arrows) and micronuclei (blue
arrows). b. Growth rate estimation from cell counts. The circles signify log (cell count) trajectories over
time for each strain in the representative field of view. Solid lines represent linear fits and dotted lines
indicate 95% CI. The fit was started when all the cells became fluorescent and lasted until the field of view
remained a monolayer. L3-I7 could be discriminated from the EL222 reporter on the basis of cellular
fluorescence. c. Collated results of fits from two different experiments each with 5 fields of view. The
statistical test used is Wilcoxon left tailed test. L3-17 is a moniker for the strain described in Figure 4.8. J3 is

a moniker for EL222 reporter described in Figure 3.1.

In order to characterize the differentiation dynamics of this strain and observe the ensuing

growth arrest for extended periods, | cultured L3-17 cells in the turbidostat. Exponential cultures
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were induced after an overnight of growth in dark with two induction profiles, continuous light
and 50% duty cycle and a period of 2h with two replicates each. In both cases, the
differentiation rate was high and >90% cells recombined within 8 hours of induction (Figure
4.10a). | note that the quantification of differentiation was not perfect because the nuclear
localization of mCerulean fluorescence resulted in weaker readout than intercellular expression
(of mCerulean). This meant that the fluorescence distribution of the differentiated and non-
differentiated cells overlapped leading to the presence of a small population of seemingly
differentiated cells in the dark condition. | am certain that these cells are not differentiated
based on microscopy data (Figure 4.9a). The growth rate also crashed for both conditions
however, the defect was stronger and longer for the continuous light condition (Figure 4.10b).

In both cases, | observed that the differentiated fraction decreased over time along with a
recovery in the growth rate despite the presence of light stimulation. In accordance with the
differentiated fraction reduction, the amount of fluorescence also decreased for full light
condition more than 50% (data not shown) perhaps due to the bleaching effect of blue light on
mCerulean fluorescence. The recovery in growth rate was more gradual for the 50% duty cycle
as opposed to the “sudden” recovery of growth rate in continuous light conditions. In the case of
full light, seemingly a non-fluorescent population overtook the culture around the time of
recovery. The dynamics of this population were near identical in the two replicates (Figure
4.10a). | suspect that this population was composed of mutants that had lost the ability to express
FARTM. | saved the cultures that escaped for possible analysis of mutations. Oddly, the 50%
light seems to be as good as full light in terms of differentiation rate. This suggests that the

modified system retains sensitivity to induction.
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Figure 4.10. Induction in the turbidostat. a. Differentiation dynamics of strain L3-17 in duplicates for two
different light doses, 50% duty cycle (red) and continuous light (blue) for a period of 2h. Control cultures
that were kept in the dark are shown in grey. Lines represent differentiated fraction (calculated by
applying a threshold on mCerulean) and circles signify time of sampling. Cyan line indicates the start of

induction at t=0. b. OD dynamics. Lines represent OD at 600nm. Colors signify conditions (see legend of
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b). All experiments were conducted in the turbidostat grow and dilute mode cycling between OD 0.4-
0.8. Data for a single experiment is shown. c. Growth rate dynamics pre and post induction corresponding
to two light profiles and dark. In each case, lines represent growth rate (h!). Cyan line indicates the start

of induction at t=0.

The growth arrest, though, is markedly different between the two conditions. For both conditions,
the growth rate decreases precipitously but the growth arrest is more sustained for full light
(~20h doubling time as opposed to ~10h (Figure 4.10 b)). This is particularly interesting
because, post differentiation regardless of what light profile the cells received the observed
behaviour should be similar. | also note here that the experiment had multiple dark controls that
showed no growth defect or change in differentiated fraction over time. In addition, worthy of
note is the fact that the rate of differentiation is faster than the dual reporter. This may simply
be explained by a faster maturation time for mCerulean. To finish, | add that there was
remarkable reproducibility between replicates.

Given these results, | am led to conclude that the coupling of the differentiation system with the
growth arrest was successful and the strain L3-17 elicits a strong growth arrest upon

differentiation.

Construction of growth arrest upon Differentiation strains that produce a POI (GAuDi)

In order to couple protein production to growth arrest after differentiation, | adapted the circuit
to include a transcriptional unit driving a poi (mScarlet-l) under the control of ATAF1 (Figure
4.11 a). Concretely, prior to recombination, cells express mNeonGreen. After recombination,
cells start expressing ATAF1 that, in turn, drives expression of FART-M (growth arrest) and
mScarlet-1 (protein production) with pATAF1. The circuit was originally designed such that EL222
and CRE transcriptional units were included within the to-be-excised region. This was done in
order to remove the burden of constituive expression of EL222 transcription factor(as negligible

as may be). Since | expected the cell to Growth Arrest upon Differentiation, | named it GAuDiOO.

| cultured cells continuously in the turbidostat in light and in darkness. Cultures were sampled to
the cytometer every hour and the growth rate was monitored via OD measurements. | observed
that before induction, the population was predominantly green, suggesting no recombination in
the dark (to be precise around 2% of the population was recombined). Induction with blue light
resulted in a gradual change in the population from green to red. The entirety of the culture

became differentiated after 60h of culture in continuous light (Figure 4.12a).
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Figure 4.11. Circuits for GAuDi00 and GauDi01. GAuDIO0 contains EL222 and Cre expression cassettes
within the region to be excised resulting in slow recombination. To ameliorate this, a shorter version was

designed (GAuDI0O1) which excluded EL222 and Cre transcriptional units. This restored the recombination

rate.
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Figure 4.12. a. Differentiation behaviour for GAuDIO0 (blue) and GauDi0Ol (red) under continuous light.
Cells were induced with blue light at t=0 as indicated by the cyan line. Blue and red lines represent
differentiated fraction over time and circles signify times of sampling for GAuDi0O0 and GAuDI0I,
respectively. We observed >95% recombination for both strains. However, GAuDI00 displayed a much
slower response. For the experiment shown here, a significant part of the population for GAuDIOl was
recombined prior to light induction. b. Growth rate under continuous light. Solid lines represent growth
rate. Marginal decrease in the growth rate in response to light was observed in both cases. c. Production
dynamics. Lines represent median cellular fluorescence from a single experiment. Circles signify times of
sampling. GauDi0l was evidently faster to reach steady state levels of population fluorescence but

GAuDI00 eventually settled at the same levels.
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This construct, however, had multiple shortcomings:

1) The recombination rate was prohibitively slower (8 fold difference) than the previous construct

(compare Figure 4.12a with Figure 4.10a (blue curve) and Figure 3.10a (blue curve)).

2) The growth arrest was significantly reduced (compare blue line in Figure 4.12b with red and

blue lines in Figure 4.8b & 4.10b respectively).

3) The production levels were at least two fold lower than what was previously observed

(compare blue lines in Figure 4.4¢c and 4.12c).

| sought advice from the expert on recombination systems in Institut Pasteur, Didier Mazel, who
remarked that the length of the to-be-excised fraction plays a critical role in determining the
efficiency of recombination (personal conversation). Noting that the length of the to-be-excised
fragment was significantly larger than the one used in Dual Reporter and L3-17 (Figure 3.1,
Figure 4.8), | constructed another version of the recombination cassette with a smaller to-be-
excised fragment (by excluding the EL222 and Cre transcriptional units). This ameliorated the
slow recombination rate (Figure 4.12a) but growth arrest and production remained limited
(Figure 4.12b & 4.12c). More concretely, the recombination rate for GAuDIOO is approximately
5 times lower than GAuDiO1. It takes GAuDiOO ~40h to reach 90% recombined cells whereas
GAuDiO1 takes < 8h. The behaviour of the faster circuit was as predicted and analogous to the
results obtained with the dual reporter. The final levels of expression are similar as is the

observed marginal growth arrest between dark and light in GAuDiOO and GAuDiO1.

To explain the reduced growth arrest and decline in production, | posited that the ATAFI
transcription factor levels post recombination are not high enough to drive the expression of two
target genes. This is because expression from pTDH3-LoxP is roughly half of the expression levels
observed for fully induced pEL222. To counter this “scarcity” of TF, | added a positive feedback
(FB) loop to the circuit in which ATAF1 drives its own expression. In order to assess the efficacy
of the feedback loop, | first introduced it in the optoATAF1 strain background. Preliminary
experiments in batch suggested that the increase in the production levels was negligible. This led
me to believe that the ATAF1 levels in a single target case (optoATAF1-1XS) are enough to
saturate the promoter. To assess whether the FB loop is able to maintain the production levels in
case of two target genes, | generated a two target optoATAF1 strain driving mScarlet-l with
ATAF1 feedback (optoATAF1-2XS FB). optoATAF1-2XS FB resulted in nearly identical median
fluorescence levels as optoATAF1-1XS. This was particularly puzzling, as neither the additional
copy nor the feedback seemed to increase the levels of expression. To better understand the

impact of the feedback loop, | generated two target versions of optoATAF1 driving two different
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fluorescent proteins (mScarlet-l & mCerulean (optoATAF1-2XC) or mScarlet-l & mNeonGreen
(optoATAF1-2XN)) with or without the ATAF1 feedback loop (FB). These cells were maintained
in exponential phase in the turbidostat and induced with continuous light. In order, to compare
the production across different fluorescent proteins, all fluorescence were normalized by the
pTDH3 reference (Figure 4.2) such that the results obtained were in relative promoter units

(R.P.U.) and therefore directly comparable with each other.
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Figure 4.13. a. Dynamics of heterologous expression for different optoATAF1 strains under continuous light.
Cells were induced with blue light at t=0 as indicated by the cyan line. Lines represent pTDH3 normalized
expression over time and circles signify times of sampling. For optoATAF1 2X C&N (FB), expression relative
to pTDH3 was calculated by using the respective mean fluorescence from pTDH3 driven controls for each
fluorescent protein and summed tfo plof the circles. b. Growth rate dynamics of different optoATAF1 strains.
Solid lines represent growth rate. Similar dynamics were observed for all strains except optoATAF1-2XS FB.
0X stands for optoATAF1, 1XS stands for optoATAFI-mSc, 2XS FB stands for optoATAFI-mSc-mSc with a
feedback loop, 2XC stands for optoATAF1-mSc-mCerulean, 2XN stands for optoATAF1-mSc-mNeon and
lastly, 2XC FB stands for optoATAF1-mSc-mCerulean with a feedback loop.

| found that the optoATAF1 2X (CN) behaviour varied depending on the target protein
combination. However, | note that both optoATAF1 2XC (mCerulean & mScarletl) and optoATAF1
2XN (mNeonGreen & mScarletl) resulted in higher relative expression than optoATAF1 2XS FB
(mScarlet-1 & mScarlet-1 + feedback). It is very curious that two copies of mScarlet-I do not lead
to double the production (in fact, there is no increase whatsoever) but driving mScarlet-l and a
different protein leads to double the production. Seemingly, just changing the target protein
allows one to overcome whatever mechanism prevents an increase in mScarlet-l production.
Another interesting story unfolds if we observe the differences between optoATAF1 2XC and

optoATAF1 2XC FB. The two start out being indistinguishable from each other but over time, the
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expression levels in optoATAF1 2XC FB drop lower than optoATAF1 2XC and never recover. It
would appear that the FB loop seems to decrease production in the long term. A similar inference
can be gleaned by comparing optoATAF1 2XS FB and optoATAF1 1XS albeit the effect appears

to be less prominent. These results while being hard to interpret indicate two concrete things,

1) optoATAF1 without the feedback is capable of driving two distinct targets at full strength
when induced with continuous light.
2) Expression from two different targets is higher than expression from two copies of the same

target.

Growth rate dynamics were also fairly interesting. Remarkably, a two fold increase in expression
in optoATAF1 2X (CN) over optoATAF1 1XS (20 fold over pTDH3 vs 10 fold) did not come with
a proportional decrease in the growth rate. In fact, the growth rate for both strains dropped
almost as much as for optoATAF1 driving no target and the steady state growth rates were
indistinguishable. This suggests that for the same level of growth defect it is possible to plateau

at different production levels.

Knowing that the EL222 driven expression shows linear behaviour with respect to duty cycle
fraction and is nearly as strong as pTDH3 driven expression at full induction, | cultured
optoATAF1 2XN in continuous cultures and induced them with 50% duty cycle for a period of 30
minutes to mimic the expression from pTDH3-LOXP (half the levels of pTDH3). | expected the
fluorescence levels to drop. Surprisingly, | saw an increase in the relative expression for 50%
duty cycle when compared to 100% light (Figure 4.14a). Even more surprisingly, this increase
did not come at the cost of the growth rate (Figure 4.14b). Growth rate was slightly higher for
50% than for 100% light even though at steady state both growth rates were indistinguishable
from each other. However, at the steady state there was a twofold difference between the

relative expression.
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Figure 4.14. a. Dynamics of heterologous expression for optoATAF1 2XN under confinuous light and 50%
duty cycle. Cells were induced with blue light at t=0 as indicated by the cyan line. Data is represented as

in Figure 4.13a. b. Growth rate dynamics of optoATAF1 2XN for different light inputs. Solid lines represent
growth rate.

Notably at steady state, for 50% light induction, on average, cells were producing 20 times the

protein obtained by pTDH3 driven expression. | note that at the same time the growth rate was

stable around 0.26 h-'x 0.03 (Figure 4.14).

Despite no clear indication as to whether the feedback loop could rescue the growth arrest and
production, | proceeded to clone the feedback loop in GAuDIO1 in a leap of faith. Concretely,
the positive feedback loop on ATAF1 TF was added working under the assumption that it would
lead to sufficiently high expression of FARTM to obtain effective growth arrest upon

differentiation. The complete construction of this strain is depicted in Figure 4.15.
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Figure 4.15. Circuit for GauDi02. | added a positive feedback loop with ATAF1 TF driving its own expression

fo GAuDIO] to ameliorate the expression levels of FARIM and the poi.

| characterized the GAuDiO2 strain under the microscope and in continuous cultures. Under the
microscope, cells were fluorescent in the YFP channel (mNeonGreen) and cellular growth could
be observed prior to differentiation, albeit, buds were washed away leading to no change in
cell number. After 1h of induction, cells started expressing mScarlet-l, indicating that they had
differentiated. Concomitant with the increase in mScarlet-I fluorescence, cellular growth arrest
could be observed as cells became large and unbudded. Following the next 14h, no cell divisions
were observed (Figure 4.16). Sporadic cell death could be observed in some fields of view. |
remark that the plate used in this experiment was not quite right. | say this because of its inability

to retain more cells during cell loading as well as washout of the new buds.

Differentiation and growth arrest under the microscope

Figure 4.16 Differentiation behaviour and growth arrest of GAuDi02 cells under the microscope in a
microfluidic plate. Induction started at t=0 with 800ms pulses. Cyan represents mCerulean fluorescence
acquired in the CFP channel, yellow represents mNeonGreen fluorescence acquired in the YFP channel,

and magenta represents mScarlet-l fluorescence acquired in the Rhodamine channel (Table 6.3). The
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images shows a merge of brightfield, CFP, YFP, and RHOD channels. Images were cropped fo increase

resolution while retaining all the cells in the field of view.

To observe the growth arrest for longer durations, | cultured GAuDiO2 in the turbidostat.
Consistent with the results under the microscope, in presence of continuous light, the growth rate
in liquid cultures decreased dramatically (<0.04 h-') (Figure 4.17). | was not surprised to see

that the addition of the feedback loop restored the growth arrest.
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Figure 4.17. a. Differentiation behaviour for GAuDi02 under continuous light. Cells were induced with blue
light at t=0 as indicated by the cyan line. Blue line represents differentiated fraction over time and circles
signify times of sampling. A significant part of the population for GAuDI02 was seemingly differentiated
prior to light induction. | note that it was not possible to get samples for cyfometry between 9h and 21h
due to lack of dilution (arising out of a complete absence of growth). b. Growth rate under continuous
light. Blue line represents growth rate. c¢. Production dynamics. Blue line represents median cellular
fluorescence from a single experiment. Circles signify times of sampling. | note that it was not possible to
get samples for cytometry between 9h and 21h due to lack of dilution (arising out of a complete absence

of growth).

The differentiation dynamics were not markedly different from GaudiOl. Notably, the
differentiation rate seemed comparable with the similar number of cells differentiating after 8h
of light induction, however, due to the sustained growth arrest, it was difficult to observe the
population composition for GaudiO2. To be more descriptive, the growth arrest caused the OD
of the reactor to come to a standstill. In the absence of an increase in the OD, the media could
not be replenished (without decreasing the OD) and therefore, after ~6 samplings, the level of
culture in the reactor dropped below the level required for sampling. | note that in all
experiments, a population of cells appeared to be differentiated prior to light exposure. |
believe that this population is not actually differentiated but, rather, is plagued by leakiness of

the ATAF1 positive feedback loop.
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Along with the OD measurements after light induction, | also analysed the population composition
and discovered a variable, but consistently present, population of cells that contained neither

green nor red. Presumably, these cells are dead cells.

In the turbidostat, however, | observed that the cultures under continuous light escaped the growth
arrest 15-20h post differentiation (Figure 4.17b). | suspected that the escapers were mutants
and extracted the genomes of 5 escapers and sent them for targeted genome sequencing.
Results suggested that loss of the integrative cassette was the most common mutation (3/5) that
led to escape. | argued that if this were the case, mutants that lose the entire integrative cassette,
including the auxotrophic marker, would be selectively disadvantaged. Therefore, | cultured cells
under continuous stimulation but this time in selective media. We observed that the cells could be

arrested for 50-100% longer (Figure 4.18a), suggesting that other mutations could also lead to

escape.
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Figure 4.18. a. Growth rate of GAuDi02 under contfinuous light in non-selective (red) and selective (blue)
media in duplicates. The cyan line signifies light induction. Manually placed triangles indicate the time
when the culture as a whole escaped the growth arrest. b. Growth rate of GAuDi03. Data is represent as

in a. The spike in one replicate in selective media is probably an artefact of the growth rate estimation
due to noisy OD measurements.

Similarly, | reasoned that adding another copy of FARTM would prolong the arrest because then
the mutations needed to happen at two loci. Therefore, | constructed another strain that consisted
of two copies of FARTM being driven by ATAF1 in two different loci as well as the feedback
loop. Compatible with the evidence generated so far, | observed that the growth arrest lasted

longer in both complete and selective media (Figure 4.18b).

Curiously, the growth rate of differentiated cells was higher in selective media (Figure 4.18).
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Despite, the inability of the system to maintain the growth arrest for >30h, | provide evidence
that the escape is linked to genetic instability. There is some evidence in yeast that describes
augmentation of DNA damage and chromosomal rearrangements following abnormal nuclear
morphologies (anaphase bridges and micronuclei) (Germann et al. 2014). Furthermore, blue light
at the given intensity of 40, does not decrease the growth rate but could lead to an augmented
rate of DNA damage which coupled to the stress generated due to growth arrest would result

in a higher chance of escaping mutations.

Nevertheless, to investigate the suitability of this system for population control purposes, |
induced continuously growing cultures to varied pulses of light. | observed that a part of the
population differentiated and that the non-differentiated fraction was able to replenish quickly
(Figure 4.19). | also detected a smaller population of cells that was autofluorescent and rose
roughly 6h after induction (Figure 4.21). Consistent with the results in the microscope, it is

suggestive that only a part of the differentiated population dies.
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Figure 4.19. Differentiation dynamics of GAuDi02 (red dotted line) for periodic light pulses (cyan line).
Circles are individual data points. | observed that light pulses led to increases in differentiated fractions
that subsided rapidly after removal of light (a, b). When cells were exposed to periodic light pulses, the

differentiation fraction seemed to reach a steady state (b last 4 timepoints).

Both observations (quick replenishing of the non-differentiated fraction and cell death in only a
subpopulation of growth arrested cells) led me to conclude that the system could be employed

for dynamic control of microbial consortium in a self-contained configuration.

130



Development of a predictive model for GAuDi02

However, before deploying the model predictive framework (MPC) framework, | had to
construct an appropriate model and fit the data to it. | adapted the ODE model to account for
growth arrest and extended it to include cell death and escape. | assumed that differentiated
cells, in addition to growing significantly slower, die and escape from the growth arrest at
definite rates. The culture growth rate is then given by a weighted average of the growth rates

of individual species and is equal to the dilution rate of the reactor at constant cell density.

The rate of escape and the death rate could not be directly fixed from the data and were
treated as unknown model parameters. Furthermore, due to the leakiness of the ATAF1 feedback
loop, | observed a persistent fraction of cells that appeared to be initially differentiated given
their levels of mScarletl fluorescence. Since empirically it was not possible to separate the
differentiated cells from those with an overactive feedback loop, we introduced a basal
differentiation rate present in the absence of light (and its presence). The growth rates of

differentiated, non-differentiated and escapers were fixed from the data.

9@ = 1gg (@ — (raips + U®rairr)g(t) — 2g(t)
P(t) = Uairfp(t) + (T;ziff + U(t)Tdiff)g(t) — ToscD(t) — TgeaaP (t) — Ap(t)
é(t) = Hesce(t) + 1escp(t) — Ae(t)
d(t) = Tgeaap(t) — Ad(t)
n=g(t)+p()+e(t)+d(t)

_9®  p®  e®
n IJ-g n P—dlff n Hesc

A

g, v, e, and d are specific cell density (in O.D. units) of non-differentiated, differentiated,
escaper, and dead cells, respectively. Wy, Hgirf, and W5 are growth rates of non-
differentiated, differentiated, and escaper cells, respectively. r(;iff is basal differentiation rate
and 75 is the differentiation rate in presence of light. U(t) is the light signal as a function of
time and can take values O or 1. 7,4, is the rate of escape from growth arrest in differentiated
cells. Tgpqq is the rate of death in growth arrested differentiated cells. 1 is the total cell density

(in O.D. units) of the culture. A is the culture dilution rate and, at constant cell density, equals the

weighted sum of growth rates of individual species.

The model was fitted to dynamical data from an experiment with a non-trivial light signal (Figure
4.20a). Concretely, the differentiation fraction and the dead fraction were computed from time-
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series flow cytometry data to fit the model. However, there were significant delays between
differentiation events and the time by which corresponding cells could be classified as
differentiated based on their fluorescence. Similarly, the growth arrested cells died after being
arrested for some time. To account for these delays, model predictions were shifted in time (2h
for differentiated and 6h for dead cells, and 5h for the growth rate). Bounds were imposed on
the parameter values (10-10 -10) to preserve physiological relevance. The parameter search
was conducted locally but starting from different initial parameter values spanning four orders
of magnitude using an approach similar to Branch Coleman and Li (1999). In all cases, the search

converged to the same parameter values (Figure 4.20b).

Table 4.1 Parameter estimates (/h) for ODE model for GAuDI02.
Parameter Hg Hdiff Mesc r:jiff Tqiff Fesc Tdead
Value 3.9e-01 | 4.0e-02 | 3.9e-01 6.98e-02 1.16e+00 9.43e-08 7.12e-02

Parameters in green in Table 4.1 were fixed directly from the data while those in yellow were

estimated.
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Figure 4.20. a. GAuDi ODE model fit. An ODE model for GAuDIi02 population dynamics was developed
phenomenologically. The model was fitted to dynamical data with repeated light stimuli of different
durations. Solid circles represent data and solid lines signify model predictions. We note that before t=0,
a persistent non-zero differentiation fraction was present possibly due to leakiness in ATAF1 expression in

a subset of the population. b. Multistart fit for estimating the parameters of the GAuDi02 model (r;iff,

Taiff) Tesc: Taeaa)- REQardless of the initial guess estimates (colored stars) of parameters over four orders of
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magnitude the search converged to the same parameter value, 0.0698 h1, 1.16 h'!, 9.43e-08 h-1, 0.0712

h1, respectively.

These parameters led to good agreement between model outputs and observed data (Figure
4.20a). We further validated the model by predicting the outcome of four other experiments
with dynamic non-trivial light inputs. Model predictions were in good agreement with observed

data (Figure 4.21) validating that the model is predictive.

GAuDi model validation
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Figure 4.21. GAuDi model predictions and data for 4 light profiles. The fitted model was validated by using
it fo predict dynamic responses to light signals that were not used for the fit (blue lines). Circles represent
differentiation fractions from a single experiment and dotted lines represent model predictions. The red
line represents differentiated fraction, green is the non-differentiated fraction, grey is the dead fraction
and black is the culfure growth rate. Model predictions were shifted in fime to account for observation

delays.
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The model, however, slightly underestimated the differentiated fraction after single light pulses
(Figure 4.21 ¢ & d). This is perhaps because in the model, growth rate of differentiated cells
instantaneously drops to 0.04 h-' whereas in the data we observe that there is a delay between
the differentiation event and the growth arrest. Simply put, it means that while in the model cells
stop growing immediately after light signal, data indicates that they continue to grow for some

time leading to a slightly higher differentiated fraction than the model predictions.

| was curious to know the result of fitting other experiments to data. Therefore, | additionally

used the dynamics of these validation experiments to re-identify model parameters to be able
to compare the results to the originally identified values (Table 4.1). For r;iff . Taiff, and
Tgead. the estimates showed little variation, varying less than 2 fold between the extremes
(Figure 4.22). Results for 71,5, showed more variability. Notably, | uncovered that for three of

the experiments, the search terminated at the lower bound. Such low estimates suggest that the

escape might not play a significant role for the light profiles used for these experiments.
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Figure 4.22. Parameter re-identification. Coloured solid circles represent results from different experiments.

For all parameters, yellow stars represent the values listed in Table 4.1.

It also suggests that the escape rate might not be constant. Indeed, if escapers are assumed to
exclusively arise out of mutations that occur in the differentiated cells, then, the amount of time
differentiated cells spend in the reactor and the light signal (proxy for selection pressure
imposed) would logically contribute to the escape rate. In line with this hypothesis, continuous

light resulted in significant deviations from predicted behaviour (Figure 4.23a). Notably, the
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escape could not be predicted well, further providing evidence that the escape from growth
arrest depends heavily on the selection pressure which is not modeled (continuous light exerts a
larger selection pressure on the population than pulses). To test whether fitting the escape rate
for the continuous light data would result in a better predictions overall, | fitted the escape rate
to match the data and indeed both the differentiated and dead fraction predictions were

ameliorated (Figure 4.23b).
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Figure 4.23. a. Deviation from model predictions of the duration of growth arrest of GAuDi02 under
continuous light. b. Escape rate re-fitted to continuous light data. All other parameters were left identical

to Table 4.1 while the escape rate was changed to 8.93e-06.

Despite the inability to predict the escape rate well, | conclude that the ODE model developed
in Chapter 3 could be extended to capture the observed data and that the system remains
predictable despite a change in physiological context as long as the selection pressure does not

become very high.
Single strain single vessel control of population composition

Next, | used the GAuDi ODE model in conjunction with the MPC framework to demonstrate single
reactor control of a microbial consortium originating from a single strain. Concretely,
exponentially growing GAuDi cells in the turbidostat were exposed to optimized light signals
such that the population composition is maintained at user-defined set points. Flow cytometry

measurements were taken at regular intervals to track fraction of differentiated cells (Figure

4.24aq).
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No adaptation to the model was necessary. We could only sample the culture every two hours

owing to volume limitations and consequently the observation delay was increased to 2.5 hours

(Methods 6.8).

| found that the population compositions could be maintained stably for extended periods (up

to 50h) (Figure 4.24b).
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Figure 4.24. a. Setup for single reactor control. GAuDI02 cells were continuously cultured in exponential
phase. The culture was set to a target level of differentiation and continuously monitored via automated
flow cytometry measurements that were analysed on-line. The system state was estimated from analysed
data and sent fo the model predictive control (MPC) module. The MPC module provided an optimized
light sequence to maintain the culture at the desired set point. Due to presence of dead cells, data was
filtered and only live cells were used for subsequent analysis. b. Single reactor, single strain control of a
microbial consortium. Cultures were targeted to 25%, 40%, and 70% differentiation. Control started at t=0.
Circles signify differentiated fractions. Each colour corresponds to a different control experiment and the

dashed line reflects the tfarget set point.

| note that due to genetic stability limitations, it was possible to maintain composition control for
longer periods only if the target set point was below 50% differentiation. To the best of my
knowledge, this is the first report of dynamic control of population composition in a two species

artificial microbial consortium arising from a single strain in a single reactor.
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Assessment of production in continuous mode

| compared performance of GAuDi strains that express a protein of interest (mScarlet-1) upon
differentiation to investigate if our strategy could overcome the shortcomings of heterologous
expression in continuous cultures. The strains were cultured in the turbidostat and their
differentiated fractions were maintained at fixed set points. Concretely, GAuDiO1 was cultured
at 100% differentiation, GauDiO2 was cultured at 50% and 70% differentiation and lastly,
GAuDi04, a strain that displays a moderate growth defect upon differentiation, was maintained
at 70%. GauDi02 & GAuDi04 contained two mScarlet-1 targets and a positive feedback loop
of ATAF1 whereas GAuDiO1 only possessed a single target without the feedback loop. In
parallel, | cultured strains that express the same protein of interest driven either constitutively by
a strong promoter (pTDH3) or by a light inducible ATAF1 transcription factor (optoATAFT1)
(Methods, Figure 6.19). Cells were cultured at a constant Optical Density (OD) and regular
cytometry measurements were made to calculate mean cellular fluorescence levels. Even though
the cultures were maintained at average constant OD, cell size fluctuations resulted in a change
of cell density. Therefore, cell counts from cytometry data were used in addition to OD data to
determine the cell density (Methods, cell density). Mean cellular fluorescence was calculated
from cytometry data. Titers were calculated by multiplying mean cellular fluorescence with cell
density. Productivity was defined as protein/ml/h and quantified by multiplying mean cellular
fluorescence by the number of cells (cell density from cytometry data times the volume expelled
per reactor volume). Figure 4.25 shows that the differentiation based GAuDi strains
outperformed constitutive production in continuous mode but could not beat the induction system
(optoATAF1). An extended figure detailing all the observables is included in the Methods section

on quantifying protein production.
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Figure 4.25. Results of heterologous expression in continuous operation. Cells from the reference
constitutive (pTDH3-mScarlet-l), reference induction (optoATAF1-mSc & optoATAF1 2X) and GAuDi
(GAUDIO1, GAUDIO2 & GAuDI04) strains were cultured continuously at an average OD of 0.5. GAuDI strains
were maintained at different target differentiation levels (Methods). In case of induction and GAuDi
strains, light was delivered at t=0. Cytometry measurements were taken regularly and used to infer the
levels of expression at single cellresolution. a. Mean cellular fluorescence (POl/cell) was calculated from
cytometry data by taking the mean of viable cells. For optoATAF1 2X, this was done relative to pTDH3
expression and mean cellular fluorescence levels were scaled to be comparable to other single
fluorophore strains. The thick lines signify mean values estimated from three independent experiments
represented by the thin lines (optoATAF1, GAuUDI02@0.7 and GAuDi04@0.7 only had duplicates). The solid
circles, diamonds and crosses correspond to individual timepoints from different experiments. Colors map
to strains (or conditions) according to Figure 4.25. b. Protein titers (POI/ml) were calculated by multiplying
cell density with mean cellular fluorescence. Data is represented as in a. c. Productivity (POI/h) was

calculated by multiplying titers with change in volume. This was further normalized by culture volume (see
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Methods). Data is represented as in a. d. Overall protein produced (POI) was estimated by computing
the area under curve of productivity vs fime. These values were normalized to pTDH3 expression in the
fime horizon of individual experiments to obtain the plotted data. Bars represent mean values from three
(two) different experiments. Circles, diamonds, and crosses signify individual experiments. e. Yield was
computed by dividing the overall protein produced by total volume consumed. These values were

normalized with yield of pTDH3 expression to obtain the plotted data. Data is represented as in d.

GAuUDi strains had up to four fold higher mean cellular fluorescence than pTDH3. Curiously, the
expression levels of GAuDiO1 (with one target) were roughly half of GauDi0O2 and GAuDiO4
(two targets). The highest relative mean cellular fluorescence (16-20 fold of pTDH3) was
observed in optoATA1 2X (Figure 4.25a). Cellular fluorescence was a strong indicator of protein
titer. However, due to an increase in cell size, the cell density of optoATAF1 strains dropped
significantly (Methods, 6.9) resulting in relatively lower titers (Figure 4.25b). Productivity trends
were quite different from the titers. Notably, productivity also depends on the amount of volume
expelled, which, in turn, depends on the growth rate of the culture. Therefore, a growth defect
leads to a decrease in productivity. Due to this phenomenon, the productivity of optoATAF1
strains, along with GaudiO2 at 70%, was comparably low, as these cultures showed a marked
decrease in growth rate. optoATAF1_2X in particular, despite being 16-20 fold high in mean
cellular fluorescence, had marginally higher productivity than pTDH3. At the same time,
optoATAF1-mSc with two fold lower mean cellular fluorescence, when compared to
optoATAF1_2X had a productivity 2-3 times higher. | could observe a higher total protein output
for GAuDi strains, as quantified by area under the productivity vs time curve (Figure 4.25c),
when compared to pTDH3 (Figure 4.25d). Interestingly, | noticed that GAuDiO2 maintained at
70% performed worse than pTDH3 whereas GAuDiO2 maintained at 50% was twice as good
as pTDH3 based expression. This is perhaps due to presence of large number of dead cells that
reduce the protein titers (Methods, 6.9) and a decrease in growth rate that decreases
productivity (Methods, volume change). | also note that GAuDiO4 was as good as optoATAF1 -
mSc (~4 fold higher than pTDH3). Lastly, | computed yield of the process by dividing the total
protein produced by the total volume consumed. Yield was positively affected by the growth
arrest due to decrease in media consumption. | found that optoATAF1-mSc yielded up to 5.2
fold more protein than pTDH3 based constitutive expression per ml of media used (or per g of
glucose) (Figure 4.25e). This means that for the same amount of resources optoATAF1-mSc could
express 5 times more protein compared to pTDH3. GAuDi strains also yielded more protein per

ml of media consumed when compared to pTDH3. GAuDiO4 was the best among them (~3 fold).

Acknowledging the dense and non-intuitive organization of data in the previous figure, | restate

some interesting aspects of the results.
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1) Both the expression platforms (optoATAF1 & GAuDi) can outperform constitutive expression.

2) Protein production appears to be non-monotonic with respect to levels of differentiation for
GAuDIO2.

3) Genetic instability seems to be at the root of this non-monotonic behaviour.

4) A strain that exhibits a milder growth defect upon differentiation (GAuDi04) might be better
suited for bioproduction purposes.

5) Mean cellular fluorescence is not a good indicator of protein production in continuous cultures
owing to growth-production tradeoffs (compare optoATAF1 and optoATAF1 2X).

6) Due to converse dependence of productivity and yield on the growth rate, there is a tradeoff

between the two.

Results from this section when coupled with results reported in Figure 4.14 suggest that GAuDi
and optoATAF1 are able outcompete constitutive expression and possess non-monotonic
tendencies. Dedicated mathematical models of the production process might lead to new insights
and could be used to maximize protein output. With this, | conclude that both the platforms

developed in this work are worth exploring further in the context of continuous bioproduction.

Discussion

Growth production tradeoffs arise as a consequence of metabolic burden of heterologous
expression and pose a major challenge for continuous bioproduction due to emergence of
nonproducing mutants that decrease yield over time. In order to ascertain whether distributing
growth and production in different subpopulations would lead to increased heterologous
expression (due to reduced competition with growth program in producers) or more stable
expression (as growers do not suffer from metabolic burden), | coupled the differentiation system
to a growth arrest and production module via ATAF1 driven expression of FARTM and POIL.
After significant tinkering, | was able to create a strain, GAuDi02, which arrested upon light
induction and started producing POI. Cells arrested as large unbudded cells and continued to
increase in size until they died. To my dismay, | found that the circuit was not stable and
differentiated cells lost the growth arrest phenotype when stimulated with continuous light. |
established with targeted genome sequencing and complementary experiments that this escape
was associated with the loss of transcriptional cassette expressing FARTM. Nevertheless, |
developed a dedicated ODE model to be able to predict the population dynamics and fitted it
to dynamic experimental data. The ODE model was sufficient to predict the population dynamics

for a variety of light inputs. We deployed the ODE model in an MPC framework to control the

140



differentiation level of the population. We were able to maintain stable levels of differentiated

fraction in continuous cultures of GAuDiIO2 and other associated strains.

Concurrently, | developed an optogenetically inducible platform (optoATAF1) for heterologous
gene expression as an inducible reference for GAuDiO2. | found that a single target driven by
optoATAF1 resulted in up to 10 fold higher mean cellular fluorescence over pTDH3 reference.
Curiously adding another copy of the same gene did not result in any noticeable increase in the
fluorescence levels, however, adding a different target gene increased the expression to >20
times higher than pTDH3 reference. | also found that the growth rate decreased as a
consequence of ATAF1 expression (32% t 2%). Oddly, this decrease was not dependent on
heterologous expression levels meaning that cells could support 20 fold pTDH3 expression
without it affecting the growth rate (any further). Lastly, | found non-monotonic behaviour in two

target versions of optoATAF1 with respect to induction.

| characterized the production of the POI for both the fully induced optoATAF1 and GAuDi
strains, maintained at different levels of differentiation in continuous cultures. | compared the
performance to a pTDH3 reference with respect to standard metrics (titers, productivity, and
yield). | found that the GauDiO2 produced up to two fold more protein than the pTDH3 reference
but was not genetically stable. GAuDiO4, which showed a milder growth defect, was more
amenable to long term control and outperformed the pTDH3 reference all around. However, the
differentiation system was found to be, at best, as good as the induction system. The induction
system with a single copy, maintained 4 fold higher productivity, was genetically stable and,
overall, yielded 5 times as much protein per ml of media used. Interestingly, despite having twice
the amount of cellular fluorescence, the two copy optoATAF1 performed worse than the single
copy. Lastly, | found that yield and productivity cannot be maximized at the same time
demonstrating it experimentally for the first time in continuous production in yeast (Zhuang et al.
2013; Machado and Herrgérd 2015). Overall, | conclude that our approach with a strong
growth arrest is unfeasible for heterologous expression in continuous cultures but introducing a

milder growth defect seems to be more promising.

On the model

The simple ODE based model was sufficient to predict population responses to a wide array of
light signals and worked well in an MPC framework. However, model predictions had to be
shifted in time to account for delays that were not explicitly modeled. In order to eliminate the
need of such inelegant adjustments, the population level model can be coupled to a mechanistic

model of molecular events taking place inside the cell so as to incorporate the delays. More
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concretely, light can be made to produce Cre instead of resulting in direct differentiation.
Differentiation can be modeled as a function of Cre concentration. After the recombination event,
cells can be placed in a transition state, instead of instantaneously becoming differentiated. In
this state, cells start producing ATAF1 that in turn leads to the production of FARTM and mScarlet-
I. mScarlet-1 production could be modelled as a two-step process to account for maturation time.
Cells would then be considered differentiated if mScarlet-l levels cross a threshold. Growth rate
is not explicitly modeled in this work but it is assumed that cells instantaneously change their
growth rate upon differentiation. It would be more accurate to map the growth rate as a function

of FARTM expression levels.

The opto-ATAF1 induction platform has the potential to become a strong reference and a similar
approach can be used to construct a model and couple it to a model of batch and continuous
operation. This model could then be investigated to find the optimal induction pattern to

maximize productivity or yield, in a given timeframe.

On escape

The fact that the differentiation system coupled to growth arrest is not stable seems almost
inevitable in retrospect. Evolutionary constraints are known to limit the long-term stability of
synthetic circuits (Castle, Grierson, and Gorochowski 2021) particularly circuits that are
engineered to implement growth arrest / self-killing at the population level (Din et al. 2016;
Balagaddé et al. 2008; Scott et al. 2017). | admit that our lack of foresight could be attributed
to the flawed assumption that escapers would not have a competitive advantage due to the
presence of growers. More precisely, we reasoned that since the growers and escapers would
grow at the same rate, escapers would not be able to spread in the population. That would
have been the case if there were not regular light signals constantly differentiating the growers
into producers. Due to this differentiation, the effective growth rate of growers becomes negative
leaving the escapers to romp free. There remains a question as to where do these escapers arise
from. Since the evidence from sequencing suggests that the predominant mutations occur away
from the recombination cassette and live cell microscopy time lapses indicate presence of
aberrant nuclear phenotypes that have been linked to genome instability (Germann et al. 2014),
| am inclined to say that the escapers arise from producers but the mutations may have well been

present in the grower population. | note that a milder growth defect might be more stable.

On cell death

| noticed small but consistent cell death in GAuDiO2 cells after several hours of becoming differentiated.

This was enhanced for GAuDiIO3 that expressed FARTM from two copies. While at face value this may
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seem undesirable but, taking inspiration from the work of Hasty and colleagues (Scott et al. 2017; Din
et al. 2016; Miano, Liao, and Hasty 2020), | believe this can be useful. Notably, in the context of
bioproduction this could be used to release the protein of interest in the medium and make downstream
processing simpler. It would mean avoiding the hassles of cell lysis and protein purification. More
concretely, in the spirit of continuous operation, the outflow of the bioreactor could be coupled to a
continuous annular chromatography column to yield purified protein (Hilbrig and Freitag 2003). On the
other hand, these could serve as probiotic drug delivery agents (Din et al. 2016). The idea would be to
engineer a strain that carries the light based differentiation system that makes a cell massively produce
a “drug” upon differentiation and explode after a pre-determined amount of time. Then, in theory,
someone could add some powder in a glass of water, shine it with some blue light and drink it and cells
would start producing the drug and explode after, say 6h, thus delivering the drug. Even though the
system has been characterized in budding yeast, S. boulardii might be the better option for therapeutic

applications (Chen et al. 2020).
On absence of production increase upon growth arrest

It is understandable even apparent why the growth arrest could not be sustained, it is not so
clear why a growth arrest did not result in an increase in protein amounts because 90% of the
energy is directed towards ribosome biogenesis in exponentially growing yeast (Warner 1999).
Mating factor pheromone induced arrest has been shown to be a metabolically active state
(Williams et al. 201 6). In this study, while the growth arrest was not complete (the cells continued
to grow at a reduced rate), the authors reported 3 to 5 times higher amounts of secondary
metabolites in addition to a downregulation of genes involved in ribosome biogenesis. They
observed that protein production was decreased and ascribed this decrease to mating
pheromone phenotype switch and concluded the study by suggesting a growth arrest decoupled
from the mating arrest phenotype will be more suitable for bioproduction purposes. Another
study from Avalos group using an approach similar to ours had shown that it was possible to
obtain higher titers of metabolites by alternating the same population of cells between a growth
phase and a production phase (Zhao et al. 2018). Note that, in their case, the arrest was
triggered due to depletion of NAD+ co-factors instead of genetically contrived arrest but
nonetheless, these studies indicate that, at least, metabolite production might be increased during

growth arrest.

The answer perhaps lies in what exactly is meant by growth arrest. | make this distinction because
cell growth can happen with or without cell division. In case of mating factor arrest, cells stop
dividing but the growth continues. Consequently, cells become large and unbudded. A recent
article showed how an increase in cell size results in dilution of native machinery that leads to a
decrease in the capacity of cell to produce proteins and pushes the cell towards senescence
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(Neurohr et al. 2019). The authors used a thermosensitive cdc28 allele to stop the growth in G1
phase and made quantitative measurements of mRNA and protein content in the cell along with
cell volume measurements. The authors found that mRNA and protein content do not scale with
cell volume and manifest in lower levels of induction with the same concentration of inducer when
compared to cycling cells. The authors also reported that large sized yeast cells displayed
repression of ribosome biogenesis and general transcription factors, consistent with the finding
of Williams et al. (2016), and established that this was, at least in part, due to the activation of
environmental stress response (ESR)(Gasch 2003). Lastly, they showed that cell size increase led
to reduction in cellular lifespan and that the lifespan decreased drastically with the duration of
growth arrest. Curiously, they start observing cell death after 6h of arrest. This also happens to
be the delay in the ODE model of GAuDiO2 for the emergence of dead cells. Restoration to
permissive temperatures after 2h of arrest, however, allows cells to live longer. So, until we find
a way to truly stop cellular growth, perhaps, an approach similar to Zhao et al. (2018) might

be more appropriate to decouple growth from production.

On non-monotonic production dynamics of optoATAF1

The finding that protein levels increase non-monotonically for optoATAF1 with light induction is
particularly fascinating because this higher protein levels do not occur due to a decrease in the
growth rate, on the contrary, the growth rate is higher with less light. These results taken together
suggest that there is large scope for optimization and this presents as a non-trivial problem
especially in light of the finding that yield and productivity cannot be maximized simultaneously.
Similar results have been reported when proteins are secreted (Wittrup et al. 1994) (which may

also result in a growth defect).

On the apparent optoATAF1 2X transcriptional buffering

optoATAF1 driven induction by far was the strongest expression realized in this work. It is not
obvious to me why the expression with two target copies of the same gene does not result in
higher protein levels while two different genes do. Now, | do realize that | only performed these
experiments once and before speculating one would be required to repeat the experiments
perhaps with more controls, for instance generate other strains that express a different gene
from two copies driven by ATAF1. It would be prudent to perform RT-qPCR to measure the
transcript levels. However, if these results can be reproduced, they might reveal interesting
insights into cell homeostasis during heterologous expression. Notably, the fact that two target
mScarlet-1 have no observable increase in protein content might first indicate a gene dosage

effect, perhaps due to post-transcriptional bottlenecks, for example, scarcity of free ribosomes
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or presence of rare codons. The fact that both mNeonGreen and mScarlet-l could be observed
at maximal levels precludes ribosome scarcity. Both mScarlet-l and mNeonGreen coding
sequences were codon optimized (CAI>0.65) and did not possess any rare codons. A large
scale study reported no increase in the abundance of proteins when multiple copies of the gene
were present even if the mRNA levels correlated with copy number (Torres et al. 2007). | note
that this study only remotely relates to our discussion since they looked at endogenous genes in
aneuploid strains, which have distinct functions inside the cell and therefore can be regulated
post-translationally. This is not the case here. Here, we have artificial and supposedly orthogonal
transcription factors expressing an exogenous gene. These results indicate a gene specific
transcript buffering mechanism might be at play. This would explain why | do not see an increase
in mScarlet-| fluorescence when | put two targets of mScarlet-I but notice both mNeonGreen and
mScarlet-l expressed to full strength (essentially doubling the heterologous expression). A
mechanism for transcriptional buffering has been described in S. cerevisiae that operates in S-
phase to buffer the additional transcripts from the second copy of the genome and is
characterized by regulation of global mRNA synthesis and degradation rates ( reviewed in
Timmers and Tora, 2018) but gene specific buffering has not been reported outside the context

of physiologically relevant processes.

Kafri et al. (2016) reported that pTDH3 driven expression accounts for 2.3% of the total
proteome and that each copy decreases the growth rate by roughly 1.3-2.5% depending on
the environmental context. | am somewhat skeptical of these results given that the authors do not
provide any quantification for how they estimate copy number from FACS data nor do they
show fluorescence distributions for different copies. Nevertheless, assuming these results to be
true, | note that the two target optoATAF1 constitutes 46% of the proteome and at this level of
expression we should expect a drop of 24-33% in the growth rate. Interestingly, this is what |
observed. However, | observed the same decrease for optoATAF1 1X and for optoATAF]
driving no fluorescent protein. This begs the question, what would happen if | add another target
gene to create optoATAF1 3X2 | note that a recent study looking at promoter activity at the
single cell level in bacteria found that the individual promoter activity decreased with an in
increase in copy number (B. Shao et al. 2021)(more details in the discussion of Chapter 5, On
plasmid copy numbers) but Kafri et al. (2016) did not report any such decrease, again,

highlighting the superior capacity of S. cerevisiae for heterologous expression.

Of course, a more elegant approach would be to exploit the heterogeneity in copy number
(Lillacci, Benenson, and Khammash 2018) afforded by 2 plasmid to characterize burden and

transcriptional buffering over a wide range of copy numbers. More specifically, the optoATAF1
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could be integrated in the genome while the target is expressed from a 2l plasmid. This could
be coupled with destabilized mRNAs (Muhlrad and Parker 1999; Kafri et al. 2016) and/or
protein degradation tags (Lee et al. 2015) to reveal bottlenecks in heterologous protein

production.
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Chapter 5

Mechanistic interrogation of cell-
fate decisions

“Disobedience, in the eyes of anyone who has read history, is man's original virtue.”
Oscar Wilde

Preface

I note that this work was performed in collaboration with Jakob Ruess, who developed the theory
behind the model and obtained all the modelling results. Jakob’s keen eye was also instrumental

in data analysis.

Introduction

At the heart of rational circuit design in synthetic biology, lies the assumption that the
functionality of complex circuits can be predicted from known properties of their components.
Yet in practice, we routinely fail to make predictions of circuit dynamics that would agree with
the data at the level expected in physics or engineering. A core reason for this is cell-to-cell
variability inside genetically identical cell populations. Such population heterogeneity is often a
consequence of the inherent stochasticity of biochemical processes inside cells (Elowitz et al.
2002). Cell-to-cell variability may lead to unexpected and undesirable circuit dynamics and has
been identified as one of the major roadblocks for designing synthetic circuits with in-silico
predictable functionality (Kwok 2010; Del Vecchio et al. 2018). On the other hand, it has been
shown that identifying and carefully characterizing sources of variability at the single-cell scale
allows one to design remarkably robust synthetic circuits (Potvin-Trottier et al. 2016) or to exploit
stochasticity for creating features of cell populations, such as bimodal phenotype distributions,

that would otherwise be difficult to engineer (Lugagne et al. 2017).

While the single-cell perspective has certainly helped to advance our understanding of cellular
processes (Raser and O’shea 2005; Zechner et al. 2012; Nevert et al. 2013), what eventually
matters for most applications in synthetic biology is how a particular circuit functions inside
growing populations. At the population-scale, synthetic circuits may intentionally (e.g. circuits to
control growth (Milias-Argeitis et al. 2016)) or unintentionally (e.g. burden caused by protein
production (WeiBe et al. 2015)) affect traits of cells that can be selected during population

growth. If this is the case, we need to expect that variability that is generated at the single-cell
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scale (e.g. stochastic production of the burdensome protein) will lead to consequences at the
population-scale that cannot be predicted solely based on a characterization of the circuit inside
single cells. However, despite the apparent prevalence of problems where single-cell and
population processes are coupled, multi-scale models that capture both single-cell stochastic
chemical kinetics as well as population dynamics have not been used to predict, or even just to
explain, how population-scale functionality emerges from single-cell characteristics of synthetic
circuits. Presumably, this is because the classically used modeling framework for single-cell
processes, that is the chemical master equation (Gillespie 1992), is only directly applicable at
the population-scale whenever the population phenotype distribution is equivalent to the
distribution of the single cell process and not additionally shaped by population-level processes

(Lunz et al. 2020).

Problem statement

The core feature of our system is that varying the duration of applied light pulses allows one to
modulate the fraction of cells that differentiates even though the entire population is exposed to
the same global light stimulation. The system therefore exploits heterogeneity in the response of
cells to light to enable external control of population dynamics but, by doing so, creates a
complex coupling between population dynamics and the single-cell process that leads to the
production of recombinase. It can therefore serve as an ideal test-bed to study what types of
models are needed to explain and predict complex system dynamics. Concretely, in this chapter,
we explore the consequences of noise in transcription factor levels on circuit functionality and

predictability.
Strategy

In order to understand the role of cell-to-cell heterogeneity in EL222 transcription factor
expression on the functioning of the differentiation system, we thought that a direct readout of
the EL222 TF levels was crucial. Therefore, we decided to tag the EL222 with a fluorescent
protein. Since the N-terminal of the EL222 TF is composed of nuclear localization signal (NLS),
C-terminal was decided as the site of fusion. Furthermore, we reasoned it will be helpful if, in
addition to the transcription factor levels, the activity of the TF in presence of light could also be
monitored. For the same, we introduced the EL222 reporter described in Chapter 3 (Figure
3.1b). As the EL222 reporter was mScarlet-l and the dual reporter cassette contained mCerulean
and mNeonGreen, mVenus was chosen as the fluorophore to tag the EL222 TF. To change the
noise structure, we chose to express the tagged EL222, Cre, and the reporter from different

genetic contexts (integrated, centromeric plasmid (low copy), and 2-micron plasmid (high copy)).

150



Results
Integrated tetra reporter

To be able to study the role of cell-to-cell variability in the design and functionality of the

differentiation circuit, we constructed a version of the system that carries reporters for EL222 TF
levels and an EL222 activity reporter in addition to the original dual reporter (Figure 3.1). The
simultaneous presence of four fluorescent reporters led to very good observability of the system
dynamics. Concretely, we used the same recombination cassette and circuit design as in the dual
reporter (Figure 3.1a). Furthermore, mScarlet-l is produced alongside Cre from a second copy
of the EL222 promoter and reports on the levels of Cre. The EL222 TF itself is tagged with

mVenus, at the C-terminal.

Integrated tetra reporter

—— mScarletl — Cre EL-222 mVenus - @ @ EL-222 mVenus —

| i XX vy
oxP ECeruIean »LoxP-mNeonGreen - hv oxP

450nm

Figure 5.1. Integrated tetra reporter. EL222 tagged with mVenus at the C-terminal is produced in cells from
a constitutive promoter (pTDH3, dark grey). Upon exposure of cells to blue light, EL222 switches the EL222-
promoter from off (light grey) to on (blue) and cells start to produce mScarlet-l in addition fo Cre-
recombinase as a measure of EL222 activity. Cre excises a DNA-fragment placed between two target
LoxP-sites, which is designed such that cells switch from producing mCerulean to mNeonGreen from a

second constitutive promoter (pTDH3, dark grey).

To test system functionality, we performed experiments using the turbidostat platform. Single-
cell measurements were automatically taken by flow cytometry with the help of a programmable
pipetting robot (Methods, 6.4). Using deconvolution to extract amounts of the different reporter
proteins in cells from measured spectral signatures (Methods, 6.5), we found that cells gradually

switched from cyan to green in the presence of blue light (Figure 5.2).
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Figure 5.2. Distributions of the different fluorescent proteins in the tetra reporter. The small circles are
individual cells. Each cloud of circles corresponds to a single timepoint. The large black circles signify the
median of the population. Cells were classified as differentiated if they exceeded a threshold of 300 A.U.
(blue line) in the mNeonGreen channel (see Methods, 6.6). For mVenus and mScarlet-I fluorescence
distributions, the differentiated (red) and non-differentiated (blue) cells were plotted in different colors.
The variably sized teal and maroon circles indicate the median of non-differentiated and differentiated
population, respectively. Size of the circles reflects the subpopulation fraction at that timepoint. The cyan
lines at the bottom represent the light signal. 5 Th pulses were delivered every 2h followed by 10h of rest

and then another set of 5 1h pulses were delivered every 2h.

Analogous to the original system, exposing cell populations to short pulses of light led to bimodal
mCerulean and mNeonGreen distributions (Figure 5.3, mCerulean & mNeonGreen channels),
which demonstrates that only a fraction of the population recombines in response to light pulses.
Varying the duration of light pulses and applying thresholds on mCerulean and mNeonGreen
fluorescence to classify cells into recombined and non-recombined, we could quantify the
differentiation dynamics of the system (Methods, 6.6). To test if the probability for a cell to
recombine is correlated with single cell levels of EL222-TF and Cre, we analyzed mVenus and

mScarlet-1 fluorescence distributions shortly after applied light pulses.
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Figure 5.3. Histograms of the different fluorescent reporters. The fluorescence histograms were plotted for
each fluorescent protein at each timepoint and further separated by the subpopulations (differentiated
and non-differentiated). The color indicate the time of sampling (see colourbar). Light sequence can be
found next to the colourbar. Due to deconvolution errors (Methods, 6.6), the final EL222 (mVenus)
distribution of differentiated cells was slightly different from the initial distribution prior to induction.

However, we found only minor differences in EL222-TF levels of non differentiated cells before
and after light induction (Figure 5.3, mVenus) that were difficult to distinguish from small
inaccuracies in deconvolution. We observed that population dynamics of differentiated and non-
differentiated cells emerge deterministically for given light stimulation patterns and that the
system's response to light could be captured fairly well (Figure 5.4b) by a simplistic population
dynamics model (Figure 5.4a) that relates differentiated and non-differentiated cells via a
constant differentiation rate in the presence of light similar to the model presented in Chapter

3.
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Figure 5.4. a. Simple ODE model. b. Differentiation fraction over time and model fit. Blue crosses represent
the differentiation fraction for the experiment shown in Figure 5.2 & 5.3. Solid red line is the model fit. Cyan

patches at the bottom indicate light pulses. This simple model is able to capture population dynamics.

Overall, we are led to conclude that cell-to-cell variability in EL222-TF and Cre can be safely
ignored and that the functionality of the system can readily be characterized by a simple
deterministic model. However, past experience in synthetic biology has shown that most circuits
only function reliably in tightly constrained operating conditions and even seemingly good

models retain their predictive power only in the precise context that has been used to construct

the model.
Plasmid tetra reporters

To test if the differentiation system remains functional when the context of the circuit is modified,
we constructed variants of the system in which EL222-TF and Cre genes are placed on 2-micron

and centromeric plasmids instead of being integrated into the chromosome (Figure 5.5a).
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Figure 5.5. Plasmid version of the tetra reporter and variability in EL222 levels. a. An integrated
recombination cassette was supplemented with the differentiation system on either a 2-micron or a
centromeric plasmid. b. Comparison of mVenus fluorescence in the tetra reporter strains in the dark w.r.t.
an autofluorescence strain (AF) lacking fluorescence. Histograms with different colors represent the
strains. c¢. Zoomed inset of b. to highlight the differences between the infegrated and plasmid sfrains. d.
Zoomed inset of ¢ fo highlight the differences between the two plasmid strains. The integrated strain,
expected to have a single copy, shows a unimodal distribution. The 2-micron plasmid strain showed a lot
of variability in the EL222 levels and showed a peak at zero fluorescence presumably due to absence of
plasmids in a subset of the population. Notably, the centromeric version seemed to possess two peaks,
one it shared with the infegrated strain and the other with the 2-micron strain suggesting that centromeric

plasmids are predominantly present in 1 copy and 0 copies.

Since these plasmids are present in variable copy numbers in cells, we expected this change to
lead to significant differences in average EL222-TF and Cre levels and variability in cells.
Indeed, measuring the fluorescence of exponentially growing cells in the dark via flow cytometry,
we found that EL222-TF distributions are markedly different from the integrated system version
and characterized by much heavier tails and a mode that is shifted to lower levels (Figure
5.5b).Taken together, these two features imply that on average cells in the population contain
more EL222-TF but at the same time more cells contain less EL222-TF compared to the integrated
system version. We also observed a persistent subpopulation that possessed no mVenus
(autofluorescence levels) suggesting an absence of plasmids in these cells. These observations
are consistent with the findings reported in Fang et al. (201 1), Karim, Curran and Alper (201 3),
and Gnigge, Liphardt and Rudolf (201 6).

We may therefore wonder if and how these differences influence the functionality of the circuit
and if emerging dynamics of the population composition can still be predicted by the simple
model in Figure 5.4a. Exposing cells to different light patterns, we found that the same amount

of light leads to differentiation of more cells for the plasmid based versions of the system (Figure
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5.6), which is in line with higher average levels of EL222-TF in the population and the presumable

presence of multiple plasmids in cells each carrying a copy of the promoter driving Cre.
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Figure 5.6. Comparison of differentiation behaviour for two light signals between the different tetra

reporters. Cells were cultured to exponential phase and exposed to either a. continuous light or b. 5

minute pulses. Solid circles represent the differentiated fraction and the light input is shown in cyan at the

bottom.

Adjusting the differentiation rate parameter in the simple deterministic model to account for the

on-average presence of multiple copies of the system, however, does not lead to agreement of

model predictions and data. The slow dynamics convinced us that it would not be possible at all

to obtain any precise fit of this model to the population dynamics that emerge from the plasmid-

based differentiation systems (Figure 5.7). Concretely, the increase in differentiation fraction

10h post removal of the light input was impossible to explain using the ODE model.
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Figure 5.7. Incapacity to accurately predict the differentiation dynamics. The simple model of Figure 5.4a
fails to capture population dynamics for the plasmid-based version of the system. Crosses: measured
differentiated population fractions. Solid line: model predictions using the same parameter values as in
Figure 1d for the integrated system. Dashed line: model predictions after adjusting the differentiation rate
parameter to account for the presence of multiple copies of the system. Dash-dotted line: refitting the
model to match final stationary differentiated fractions (30-40h after first light induction) leads to
significant model mismatch during early transient dynamics. The applied light sequence is shown at the

bottom.

Upon analyzing mVenus distributions, we found that differentiated cells shortly after applied
light pulses are characterized by high EL222-TF levels whereas the mVenus distribution of the
non-differentiated  sub-population is shifted to lower levels compared to the total mVenus
population distribution (Figure 5.8 & Figure 5.9 mVenus channel). Since EL222-TF is
constitutively expressed from the same promoter on plasmids in all cells, we conclude that these
differences must be caused by selective differentiation of cells with high amounts of EL222-TF.
Differences between sub-populations gradually disappear over time but are still clearly
noticeable days after the last application of light to the population (Figure 5.8). This is quite
remarkable as it is difficult to comprehend, at a first glance, how a constitutively expressed gene
can display a cellular memory of a stimulus that is retained over several tens of cell generations.
In conclusion, cell-to-cell variability in EL222-TF, which previously seemed to be negligible for
the characterization of the system, suddenly appears to be of key importance for understanding

how population dynamics emerge from the differentiation system.
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Figure 5.8. Distributions of the different fluorescent reporters for the 2-micron tetra reporter. Data is
represented as in Figure 5.2. Large cell-to-cell variability in EL222 propagates to large variability in
mScarlet-l (and thus Cre) production with some cells displaying much higher mScarlet-I fluorescence
compared to the integrated system version (5-fold increased scale on y-axis for mScarlet-l and mVenus
compared to Figure 5.2). Using mNeonGreen fluorescence to classify cells into differentiated and non-
differentiated (blue line) shows that light causes a transient split in mVenus distributions of the two sub-
populations in response to light. The applied light sequence is shown at the bottom (three 5min pulses

with 55min between subsequent pulses).
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Figure 5.9. Distributions of the different fluorescent reporters. Data is represented as in Figure 5.3. A clear
selection effect is present in the population. Upon light induction, cells with high EL222 levels differentiate
preferentially leading to a transient shift in the distributions that relax back over time. Due fo
deconvolution errors (Methods, 6.6), the final EL222 distribution of differentiated cells was slightly different

from the initial distribution prior to induction. Note that the scale is different from Figure 5.3.
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A stochastic model for the differentiation system

To test if consequences of changes in the context of the system can be understood and predicted,
we constructed a stochastic kinetic model of the differentiation system and a model of plasmid
copy number fluctuations and asked if the models can be composed to predict emerging single-
cell and population dynamics when the differentiation system is expressed from plasmids.
Concretely, since variability in EL222-TF appeared to be of key importance, we deployed a
model of bursty production of EL222-TF and cell differentiation to represent the differentiation

system:

usu(t).f(EL222)

undif f.=——""5 diff.

burst(a,b) A
—— EL222 - @

where u; is the maximal single cell differentiation rate for given fixed light intensity, u(t) is
equal to one in the presence of light and zero otherwise, A is the cells' growth rate, and a is the
rate at which protein bursts occur. Protein production bursts are assumed to be geometrically
distributed with average burst size b, as dictated by classical results for modeling stochastic
gene expression (Friedman, Cai, and Xie 2006; Shahrezaei and Swain 2008). To keep the
model as simple as is strictly necessary, we neglected possible delays or noise caused by the
production and action of recombinase or the experimental detection of recombined cells. Instead,
we assumed that the probability per unit time for a cell to differentiate in the presence of light
is directly a function of the amount of EL222-TF, f(EL222), in the cell.

When u(t) = 0, the EL222-TF distribution converges to the stationary gamma distribution of
the standard bursty protein production model. Growing cells in the darkness and measuring their
mVenus fluorescence by flow cytometry, therefore allows one to fix average burst size and
frequency in the model by matching the stationary gamma distribution of the model to mean (up
to a fluorescence scaling factor) and coefficient of variation of measured fluorescence
distributions. When light is applied to the population, u(t) = 1, the dynamics of the
differentiated population fraction are determined by the specific shape and parameters of the
differentiation function f(EL222). Matching emerging population dynamics for the light
patterns in Figure 5.2, we found that a steep Hill-function with a threshold significantly larger
than average amounts of EL222-TF leads to good agreement with the data. Mathematically, the
model couples a variability generating process (stochastic production of EL222-TF) to a

population process that selectively differentiates cells based on their phenotypes. The coupling
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of single cell and population scale tells us that, in response to light, we should expect preferential

differentiation of cells with high levels of EL222-TF.

Stochastic model for the differentiation system
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Figure 5.10. Stochastic model for the differentiation system. Bottom: Exfracting mean (= 50.6 A.U.) and
coefficient of variation (= 0.35) from measured stationary EL222-TF distributions before light induction
allows one to determine burst frequency and average burst size of the EL222 production model up to a
fluorescence scaling factor. Right: Exposing cell populations to light pulses and measuring dynamics of
the resulting population composition (crosses: data, line: model t, bottom: applied light sequence) then

allows one to determine parameters of the differentiation function ug f(EL222).

Correspondingly, differentiated cells should display increased amounts of EL222-TF shortly after
light while the (sub-) population distribution of non-differentiated cells should shift to lower levels.
However, this selective population split is counter-acted by the fact that the same variability
generating process is operating in all cells and that this process will always drift to the original
gamma distribution of EL222-TF in both sub-populations at a timescale that is determined by the
cells' growth rate. In the absence of light, we therefore expect distributions to revert back to the
original gamma distribution fairly quickly while the continuous presence of light should lead to a
quasi-stationary condition in which single cell and population process are dynamically balanced
until eventually all cells will have differentiated. The quasi-stationary EL222-TF distribution for
non-differentiated cells in the presence of light can be calculated from the bursty protein

production model. These computations are non-trivial but beyond the scope of this chapter and
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can be found in Annex 5 (S.2. Stochastic modeling of the integrated differentiation system).
Performing this calculation, we found that the maximum possible shift in EL222-TF distributions of
non-differentiated cells that can potentially be observed in experiments is fairly small and of
similar size as experimental errors due to inaccurate deconvolution or reactor-to-reactor

variability.

To test whether such a shift can nevertheless be detected, we exposed cells to continuous light
and collected measurements at time points early enough after induction such that sufficiently
many cells remain non-differentiated to allow for reliable quantification of EL222-TF
distributions (Figure 5.11a). We found that experimental EL222-TF distributions of non-
differentiated cells indeed seem to show a small shift towards lower levels in response to
continuous. This shift is in good agreement with distribution dynamics predicted from the model
(Figure 5.11b). As a side note, the model provides a very good prediction of the increase in the

differentiated fraction in response to continuous light (Figure 5.11a).
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Figure 5.11. Predictions for continuous light experiment. a. Differentiation dynamics and b. Distributions of
non-differentiated cells before and after induction. a. Exposing cells to continuous light eventually leads
to differentfiation of the entire population. b. Cells that remain non-differentfiated after light induction
(light blue) seem to be characterized by slightly lower EL222 levels compared fo initial levels (dark blue)

according to both model predictions (dashed) and data (solid).

Despite the possible presence of small selection effects, we can overall conclude that sufficiently
low noise in EL222-TF production coupled to sufficiently fast fluctuations implies low selection.
Stated differently, single cell fluctuations in EL222-TF replenish the original gamma distribution
faster than the population selection process can shift them. Detecting such small changes reliably
is experimentally difficult due to small but persistent errors in deconvolution but we note that the

dynamically changing population differentiation rates that emerge from the dynamics of EL222-
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TF sub-population distributions in response to light (Figure 5.11b) lead to slightly better
agreement with observed population dynamics compared to the simple deterministic model
(Figure 5.11a). Despite the possible presence of small selection effects, we conclude overall that
sufficiently low noise in EL222-production coupled to sufficiently fast fluctuations implies that cell-
to-cell variability has only small consequences for emerging population dynamics. It is clear,
however, that this conclusion will change if either noise levels or time scales of the single cell

process are modified.
A stochastic model for plasmid copy number dynamics

To be able to understand and predict emerging population dynamics when the optogenetic
differentiation system is expressed from plasmids, we first required a quantitative mathematical
description of how plasmid copy number fluctuations affect noise levels of expressed genes. To
this end, we started by focusing on 2-micron plasmids. Many, often detailed, models of plasmid
copy number fluctuations exist in the literature (Paulsson and Ehrenberg 2001; Gnigge, Liphardt,
and Rudolf 2016). In order to keep the system characterization as simple as is strictly necessary,
we decided to omit any detailed mechanistic description of processes such as replication failure
or unequal division of plasmids between mother and daughter cell (Huh and Paulsson 2011).
Instead, we chose to represent plasmid copy number fluctuations by a simple stochastic birth-
death process with both birth rate (representing replication) and death rate (representing

dilution due to cell growth) being linear in the plasmid copy number:

ap.

P —-P+P
A

P -0

W1lp=0}
cell —— removed

where P is the number of plasmids in a cell, ap is the plasmid replication rate, 1 is the growth
rate of cells, and  is the rate at which cells that have lost the plasmid are removed from the
population when cells are growing in selective media. Replication failure can be implicitly
incorporated by choosing the replication rate smaller than the cells' growth rate, which is in any
case a necessary feature of a birth-death process model since expected plasmid copy numbers
in cells would diverge to infinity if plasmids replicated faster than cells divide. Forap < 4
(and u = 0), on the other hand, the process will eventually reach zero plasmids with probability
one. The rate at which cells in the population lose the (last copy of the) plasmid is then determined

by the difference between replication and growth rate. When selective media is used for growth,
163



u > 0, cells that have lost the plasmid will either die or be outgrown and the plasmid copy
number distribution of the population will remain stable. However, selective media implies neither
that there exist no cells without plasmids in the population nor do plasmid copy numbers remain
constant from the perspective of single cells. Instead, we should expect a dynamic equilibrium
and a quasi-stationary plasmid copy number distribution, in which the single cell plasmid loss
process is balanced with selective removal of cells without plasmids. We highlight that, from a
mathematical perspective, this result is equivalent to what was obtained in the previous section
for the EL222-TF distribution in the non-differentiated cell population. In both cases, a variability
generating process at the single cell scale (TF fluctuations vs. plasmid copy number fluctuations)
is coupled to a state-dependent removal process at the population scale (differentiation vs.
removal of cells that have lost the plasmid) and leads to the same type of non-linear master
equation for the cells that have not been removed yet. We conclude that static population
measurements of plasmid copy numbers or gene expression from plasmids may be misleading,
as they do not provide full information on the dynamical aspect of the equilibrium plasmid copy
number distribution.

To characterize the full multi-scale dynamics of plasmid copy numbers and cell population
fluctuations, we measured the difference in growth rate of our strains between selective and
non-selective media. We found that selective media reduces the growth rate of the 2-micron
strain by around 15% (Figure 5.12a, c). Furthermore, we switched cells from selective to non-
selective media and measured how the average abundance of a constitutively expressed
fluorescent protein decays over time (Figure 5.12b), the fluorescence being an approximate

indicator of the plasmid copy number.
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Figure 5.12. Characterization of plasmid strains. a. Growth rate differences in selective and non-selective
media. Violin plots are composed of growth rate estimates based on cell density averaged over all
reactors of the turbidostat and multiple experiments (in total 19 reactors for the strain with the integrated
system, 12 for the strain with the plasmid-based system in selective media and 6 in non-selective media).
SC stands for synthetic complete media and SD URA- stands for synthetic defined media lacking Uracil.
b. Plasmid dilution rates. 2-micron (red) and centromeric (blue) tetra reporter cultures (in duplicates)
growing exponentially in selective media were switched to non-selective media at t=0. The circles
represent the mean population fluorescence normalized to the first timepoint obtained via regular flow
cytometry measurements. c. Growth rate dynamics upon media switch. 2-micron tetra reporter cultures
were cultured to exponential phase in either selective media (blue, duplicates) or nonselective media
(red, unique experiment) and at t=22h, the media was switched to non-selective and selective media
respectively. Solid lines and faded circles represent the discrete and continuous fit estimates for the
growth rate, respectively (Methods). Growth rates are normalized by the growth rate in non-selective

media.
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Mathematically, the population dynamics of cells that have or have not lost the plasmid can be

described by the following ordinary differential equations

dn

E = An—-In

dn,

E= (A—u)no—ln

where n is the (expected) number of cells that have not lost the plasmid, ng is the number of cells
that have lost the plasmid, A = 0.0067 min~1 is the single cell growth rate (corresponding to
a division time of 103min), [ is the plasmid loss rate, and U represents a removal rate of cells
that have lost the plasmid. Taking a single cell perspective, plasmid loss is a cellular event and
it a priori unclear if it can be appropriately described by single rate parameter since such a
description implicitly carries the assumption that the waiting time for the event to occur follows
an exponential distribution. However, one can show that the simple population dynamics model
can be derived from a mechanistic representation of single cell plasmid copy number fluctuations
where the plasmid loss rate emerges as the difference between dilution and replication rate,

| = /1—ap.

In non-selective media, it holds that © = 0, the total population grows at a rate A, and the ratio

— will converge exponentially to zero at a rate that is determined by the plasmid loss rate [.
0

Similarly, the average plasmid copy number of cells in the population decreases exponentially
at rate [ when cells are switched from selective to non-selective media. Assuming that the total
rate of protein production of a cell is linear in the number of plasmids implies that expression
levels of constitutive proteins approximately decay exponentially at rate [ since, from a
mechanistic perspective, the plasmid loss rate must be smaller than the growth rate A. This implies
that the plasmid loss rate operates on the slowest time scale and therefore determines changes
in protein levels. Since gene expression levels can readily be measured, we can experimentally
quantify | = 1073 min™! by switching cells from selective to non-selective media and
observing the decay rate of the mean of a constitutively expressed protein (Figure 5.12b). From
this result, the plasmid replication rate can be derived as a, = 0.0057 min~! = 0.851 i.e.
each plasmid is only replicated successfully with a probability of 0.85.

In selective media, 1 will take a strictly positive value and must be sufficiently large compared

to [ to ensure that cells with plasmids can be maintained in the population. If this is the case, the

n A-1
fraction of cells with plasmids converges to — = and the total population growth rate,
0

Asetect = A — 1 = a,. The seemingly counterintuitive result that the growth rate in selective

166



media does not depend on 1, and is instead equal to the plasmid replication rate, is because
reduced growth rates for cells without plasmids imply that the fraction of these cells will be
correspondingly smaller in stationary growth conditions. This implies that growth rate
measurements in selective media cannot be used to determine [ but instead provide an
independent measurement of a,,. We found that selective media reduces the population growth
rate by about 15% (Figure 5.12a), which is in exact agreement with the previous finding that

the plasmid replication rate must be 15% smaller than A.

n

With the value of [ (double-) confirmed we set out to determine the value of by measuring

n+ng
the fraction of cells without plasmids in selective media. It was necessary to directly measure

what fraction of the population has plasmids in stationary growth conditions since it can be shown

A+
that this fraction must be equal to u—uapfor ap < A (plasmid numbers do not diverge) and

Y > | — ay(cells with plasmids can be maintained in the population). To this end, we performed
a colony counting experiment. We cultured cells harbouring the three systems to exponential
phase in selective media in triplicates. We made serial dilutions to the culture and plated on
selective and non-selective media. After 48h of incubation at 30°C in the dark, we counted the

number of colonies on each plate manually (Figure 5.13a).
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Figure 5.13. a. Schematic of colony counting. b. Cell counts from individual plates. Small circles represent
the individual CFUs obtained for each plate scaled by the dilution factor for non-selective (red) and
selective (blue). Large circles signify the mean. ¢. Normalized CFUs for different strains. Bars represent
mean values and errorbars signify the standard deviation. Significance was tested via applying one-sided
f-test.

| found that, while there was no significant difference in the number of CFUs at different dilutions
between selective and non-selective media for the integrated strain, the number of CFUs for the

plasmid strains were always lower than the integrated strain (5.13b). On average, upon

normalization with the CFUs observed in the non-selective media at the given dilution, we
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observed a significant decrease in the number of CFUs on selective media plates in the plasmid
strains (Figure 5.13c). Comparing the values, we estimated that 30.81% * 13.1 (mean * s.d.)
of the centromeric tetra reporter and 32.83% * 10.16 (mean * s.d.) of the 2-micron tetra
reporter population lacked the plasmid. This allowed us to determine that the removal rate of
cells without plasmids in the 2-micron strain, | must be approximately 45% of the cells growth

rate, L = 0.45A.

Stochastic model for plasmid dynamics
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Figure 5.14. Stochastic model of plasmid dynamics (bottom left). Top left: Stationary fractions of cells
without plasmids determine the removal rate in selective media of cells that have lost the plasmid. Bottom
right: After switching cells from selective to non-selective media, the rate of exponential decay of
average levels of a protein that is constitutively expressed from plasmids (here EL222-mVenus) can be
measured to determine the population plasmid loss rate and to fix the plasmid replication rate in the

model.

Together, the parameters a,, i and A completely characterize the multi-scale dynamics of

plasmid copy number distributions and cell populations (Figure 5.14).
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Composed model and parameter free prediction of dynamics of the 2-micron tetra
reporter
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Figure 5.15. Schematic of the composed model. The two models could be composed into a single model

but would it be sufficient to predict the population dynamics of the 2-micron tetra reporter?

In order to find out if our rational modelling approach with two stochastic models composed

together would restore predictability, we used the composed model to predict the dynamics of
the differentiation system in plasmid strains for the light stimulation pattern in Figure 5.7 and
compared the results to data. We found that the population dynamics of differentiated and
non-differentiated cells are very well predicted without any adjustment of model parameters
(Figure 5.16a). Comparing EL222-TF distributions in the two sub-populations between model
and data shows that the high quality of population level predictions is a consequence of the fact
that the model perfectly predicts how single cell processes will operate in union with population
level processes to shape the full dynamics of EL222-TF distributions in sub-populations (Figure
5.16b). In particular, the heavy tails of EL222-TF distributions for cells growing in darkness
(observed already in Figure 5.5b) emerge naturally from the fact that plasmid copy numbers
can fluctuate significantly in the model (Figure 5.16¢). These heavy tails imply that significantly
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more cells have EL222-TF levels above the threshold of the differentiation Hill-function f(TF)

and will recombine quickly upon light induction. Shortly after light induction, the remaining non-

differentiated

cell population is therefore shifted to significantly lower EL222-TF levels (the

median is reduced by a factor of around 5 to 6, Figure 5.16b) while the differentiated cell

population inherits the heavy tail of the original distribution (Figure 5.16d, left).
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Figure 5.16. Parameter-free prediction of emerging population dynamics for the 2-micron tetra reporter

a. Emerging dynamics of the differentiated fraction according to the composed model (red) for the same

light input as in Figure 5.7 are compared to experimental data (blue). According to the model, late

increases in the differentfiated fraction are due to varying sub-population growth rates and not caused

by active differentiation. b. Upon light induction, median EL222 levels of non-differentfiated cells drop 5-6

fold as predicted by the composed model. c. The model-predicted EL222 distribution in the dark agrees

very well with experimental data even though this data was not used to parametrize the model.

According fo the model, the peak of the distribution close to zero corresponds to the ~ 33% of cells without

plasmids (see Figure 5.13c). d. Shortly after the application of light, cells with EL222 levels above the

threshold parameter of the differentiation Hill function (dashed line) are enriched in the differentiated

population while the non-differentiated population contains more cells without plasmids (increased peak

close to zero). When cells are subsequently kept in the dark (rightmost panel), EL222 distributions converge

back to the initial condition. Model predictions show remarkable agreement with measured EL222

distribution dynamics, except for seemingly lower numbers of differentiated cells without plasmids in the

data (in particular after 34h, purple distribution is hidden behind blue and red distributions). This small

mismatch is presumably caused by inaccuracies in deconvolution (the presence of mNeonGreen in cells

makes it difficult to precisely quantify low mVenus levels in cells (Methods, 6.6)).
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While not experimentally measurable, it can be deduced from the model that the same holds
true for plasmid copy number distributions in sub-populations (Figure 5.17¢ & d). As a
consequence, the population differentiation rate spikes very high upon first light induction but is
significantly reduced when subsequent light pulses are applied before the EL222-TF distribution
of the non-differentiated cell population has converged back to its initial condition (Figure
5.16b, 5.17b).

When the light stimulus is maintained for some time, fluctuations in plasmid copy numbers create
larger fluctuations in EL222-TF amounts compared to the integrated version of the system, which
leads to more frequent threshold crossing events and therefore larger population differentiation
rates (Figure 5.6). Eventually, the plasmid (2-micron) version of the system reaches differentiated
population fractions close to 100% very quickly when light is maintained despite the fact that a
large part of the population (around 30 - 40%) displays mVenus levels that are significantly
lower than typical values for the integrated strain and indistinguishable from the cells'
avtofluorescence (Figure 5.5b, Figure 5.8 mVenus channel). According to the model, these cells
have lost the plasmid (Figure 5.17d), cannot differentiate, but are likely to be removed at

subsequent time points due to growth in selective media.
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Figure 5.17. Model predictions for the 2-micron tetra reporter a. Subpopulation growth rate differences. b.
Population differentiation rate. c. Initial distribution of plasmids in non-differentiated cells. d. Dynamics of

plasmid distributions in different subpopulations.
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The coupling of plasmid loss dynamics and selective media with the differentiation system
therefore leads to unintuitive population dynamics in which seemingly the entire population can
recombine despite a continuous presence of 30 - 40% cells that are not carrying any copy of
the differentiation system (Figure 5.5b and Figure 5.9, mVenus channel). Another complex
consequence of the coupling of single cell and population processes is that the split in plasmid
copy numbers between sub-populations that follows from selective differentiation of cells with
high EL222-TF levels leads to different sub-population growth rates in selective media (Figure
5.17a) since cells that have lost the plasmid (or are close to losing it) are enriched in the non-
differentiated sub-population. This implies that the differentiated population fraction will
continue to increase even if light is removed and no more active differentiation takes place,
which explains why the assumption of the simple deterministic model described in Figure 5.4,
that the differentiated population fraction can only increase due to active differentiation, lead
to structural incapacity of the model to explain the slow transient differentiation dynamics and
significantly increasing differentiated fractions up to 10h after last light induction (compare

Figure 5.8 & Figure 5.16a).

If the light stimulus is removed, EL222-TF subpopulation distributions converge back to the
original distribution (Figure 5.16d, right and 5.9, mVenus channel) but are still noticeably
distinct even 30 to 40h after the last light stimulus. This experimental observation is in good
agreement with slow convergence of sub-population plasmid copy numbers to their quasi-
stationary distribution in selective media, except that the differentiated EL222-TF sub-
population distribution recovers the peak at zero even slightly slower than predicted by the
model (Figure 5.16d, right).

Before concluding, we note that the system behaviour was reproducible for both the integrated
and the 2-micron tetra reporter. This can be appreciated from the results of 3 replicates for
each of the light sequences used for characterization (integrated tetra reporter) and validation
(2-micron tetra reporter). All three experiments were done on different days. Notably, there
was some heterogeneity present in the response, presumably due to reactor-to-reactor
variability, (Figure 5.18) but despite this variability, two of the three replicates showed
remarkable reproducibility. We stress that all three replicates were performed independently

of each other and months apart in fime.
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Figure 5.18. Reproducibility in a. Integrated and b. 2-micron tetra reporter. Circles represent the
differentiated fraction for different light pulses. Cyan lines at the bottom reflect the light signal applied to
the culture. The experiments were done in different reactors on different days. The main source of

heterogeneity in response appears to be reactor-to-reactor variability.

We conclude that deploying stochastic chemical kinetics and appropriate mathematical
approaches for understanding the interplay of single cell and population processes allows us to
understand and predict complex dynamics when the context of the differentiation system is
changed. Emerging population dynamics for plasmid strains, despite being shaped by cell-to-
cell variability, are deterministically reproducible up to a small reactor-to-reactor variability
(Figure 5.18b). Thus, the capacity to predict such dynamics implies that the interplay of single
cell and population processes can be exploited for creating features of microbial community

dynamics that would otherwise be difficult to engineer.
Control of plasmid copy number

Having demonstrated that we can use a stochastic multi-scale model to reliably characterize the
optogenetic differentiation system on 2-micron plasmids, we can now focus on using it to engineer
yeast community dynamics. Given the previously demonstrated predictive power of the model,
it is clear that it can be used to determine how light stimulation profiles need to be chosen to
create desirable population dynamics of differentiated and non-differentiated cells for all

strains. A more challenging question is if it is also possible to exploit all the complex consequences
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of cell-to-cell variability that we established in the previous sections. Concretely, if light
selectively differentiates cells with large amounts of EL222-TF and cellular amounts of EL222-TF
correlate with plasmid copy numbers, then it should be possible to maintain EL222 levels in the
non-differentiated cell population at reduced constant levels by applying contfinuous light for
sufficiently long. To this end, we queried the model for control of EL222 TF levels in the non-
differentiated population and, by extension, the plasmid copy numbers (open loop control).

We found that the coupled model allowed us to control the expression levels of EL222 in the
non-differentiated population. Mechanistically, light pulses are spaced such that cells with high
EL222 levels in the non-differentiated population constantly become differentiated and are
“removed” from the population. In other words, light is used to remove cells that have higher
EL222 TF levels than a given threshold, thus maintaining the levels of EL222 TF in non-
differentiated population. Furthermore, we found that it was possible to maintain the non-
differentiated cells at different reduced levels of EL222 levels and by extension suggesting that
it was possible to control the plasmid copy number in subpopulations (lower than population
level average in non-differentiated fraction and higher than the average in the differentiated
fraction). We note that this claim is not entirely backed by the data provided here given that

we cannot directly observe the plasmid copy numbers in different subpopulations.

Control of plasmid copy number
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Figure 5.19. Control of constitutive expression. (Top) Differentiation dynamics for different regular light
stimulation profiles. Circles represent the differentiated fraction. (Bottom) median EL222 levels in the non-
differentiated (circles) and total population (lines). Red horizontal lines pertain to expression expected

from 1-4 copies of the plasmid (boftom to top). We observe that the median EL222 in the non-

174



differentiated fraction can be maintained below the total population median by applying different light
profiles; 0-1 copy (green, 5 min pulses every 4h), 1-2 copies (red, 1-min pulses every hour & purple 2-min
pulses every 4h), 2-3 copies (yellow, 1 min-pulses every hour at intensity 20 (instead of 40)), and ~3 copies
(cyan, 30s pulses every four hours). In each case, the fotal EL222 levels corresponded to 4-5 copies.
Induction was started at t=0. Please note that the plasmid copy number are rough estimates gathered
by comparing the observed fluorescence in these experiments with the fluorescence levels of (single

copy) integrated tetra reporter (Figure 5.5b).

I highlight the experiment corresponding to the red circles in Figure 5.19 (1-min light pulses every
hour) by showing the distributions and the medians of all the fluorophores for both the
differentiated and non-differentiate populations (Figure 5.20).

Observing the levels of EL222 (mVenus fluorescence) in differentiated and non-differentiated
populations (Figure 5.20, mVenus), we notice a split in the levels consistent with the selection
effect observed earlier (Figure 5.8, mVenus). Moreover, in accordance with model predictions,
non differentiated fraction shows decreased level of mVenus fluorescence that are maintained
at lower levels for the duration of the experiment and the differentiated fraction show elevated
levels of EL222 immediately following induction that relax back to the population median due

to the stochastic process governing plasmid dynamics (Figure 6.20, mVenus).
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Figure 5.20. Distributions of the different fluorescent reporters for the 2-micron tetra reporter induced with
repeated pulses. Data is represented as in Figure 5.2. Median EL222 in the non-differentiated cells could
be maintained below the fotal median of the population for 50h compare small teal circles with large
black circles in mVenus channel. The data corresponds to red circles in Figure 5.19 (1-min pulses every
hour).

Interestingly, the median levels of EL222 in the differentiated fraction could also be maintained at a higher
level compared to the total population (Figure 6.20, mVenus). This was also reflected in the readout of
EL222 activity (Figure 6.20, mScarlet-1).

We queried the model with the light sequence employed here and found that model predictions

were in qualitative agreement with the data (Figure 5.21).
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Figure 5.21. Model predictions for optogenetic control of constitutive gene expression a. Regularly
repeated short light pulses lead to a slow steady increase in the differentiated population fraction
according to both model (red) and data (blue). b. Over longer time periods, repeated selective
differentiation and reversion to the mean balance each other, which leads to approximately constant

median EL222 levels and quasi-stationary EL222 distributions (Figure 5.22, mVenus).

The results were only in qualitative agreement with the data because we use very short light
signals in these experiments and these were not used for constructing the model. Admittedly,
there are some non-linearities in the system with respect to the light duration that the model is
unable to capture. These could be ameliorated if, mechanistically, EL222 did not directly lead
to differentiation but rather produced Cre in the presence of light. The differentiation rate would
then be defined as a function of Cre and not of EL222. We did construct one such model in the
past and this allowed us to predict the response to different light pulses quantitatively for the

integrated tetra reporter, however, this approach became computationally untractable once we
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introduced plasmids as an additional species. Therefore, we restricted ourselves to operate in

the range of long light pulses for the better part of the chapter.
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Figure 5.22. Fluorescence distributions. Data is represented as in Figure 5.3. The non-differentiated fraction
starts becoming enriched in a population that seemingly possesses 1 copy of the plasmid around 38 h
(mVenus, NonDiff).

Although it is difficult to quantify formally, Figure 5.22 shows that the distributions of EL222 in
the non-differentiated fraction conform to a quasi-steady state distribution for about 30h post
induction (mVenus Nondiff panel, compare yellow with green histograms). Past this point, we
seemingly observe an enrichment of the population with one plasmid, in favor of the population
with zero copies of the plasmid that is predicted by the model, exclusively in the non-
differentiated population (mVenus Diff panel, the yellow green and blue histograms do not show
a marked difference, compare with the corresponding panels in Figure 5.9). This enrichment
continues to increase as the total number of non-differentiated cells decrease suggesting that

this could be an aberrant population. It is difficult to conclude whether the one copy population
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is an artefact of the experimental setup or represents a true emergence of a 1 copy population.
The case against it being an artefact is as follows: we see this population emerge in every
experiment that features repeated pulses and this population is not present in the differentiated
population.

The evidence for it being an artefact is exemplified by the fact that this population is also
present in some experiments with non-repetitive induction, albeit to a lesser extent. From a
theoretical perspective, there is no reason for the selection to change during the experiment and
consequently the model does not predict such a population. Accordingly, no mechanism of
regulation of 2-micron plasmids has been reported that changes over time and does so
specifically in a subpopulation.

However, if true, this result indicates that perhaps there is a long-term non-trivial process at play
here, which is not captured by the simple birth and death model of plasmid dynamics. It could
well be a regulatory mechanism, like in the case of the centromeric plasmids, acting in a small
subset of the population that forbids us from predicting the outcome over long time periods. It
would make evolutionary sense to have such a population. Alternatively, the light could somehow
prevent plasmid loss in the non-differentiated population because of some effect at the DNA
level due to bound transcription factors.

In conclusion, notwithstanding the discrepancies between the data and theory (which may or may
not be an experimental artefact), understanding and characterizing the consequences of cell-to-
cell variability allowed us to use light to dynamically regulate the (sub-) population copy numbers
of the plasmid from which the optogenetic system is expressed, a feat that seems quite counter-

intuitive at a first glance and that is not realizable in any obvious way by other means.

Discussion

Quantitatively predicting the dynamics of complex synthetic circuits before the circuit is
constructed is possibly the key challenge that needs to be mastered to turn synthetic biology into
a true engineering discipline. Yet, while our capacity to construct complex circuits is continuously
increasing, our capability to predict circuit functionality from supposedly known and
characterized circuit components remains, at best, limited to very tightly constrained operating
conditions and qualitative and/or stationary outputs (Nielsen et al. 2016). The concrete reasons
for the failure of model predictions may be manifold and caused by unexpected component-to-
component interactions (e.g. retroactivity (Del Vecchio et al. 2018) or resource competition (Qian
et al. 2017)) or couplings of the circuit to processes of the host (e.g. burden (Milias-Argeitis et

al. 2011) or saturation of the host's degradation machinery (Potvin-Trottier et al. 2016)).
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Eventually, however, a common theme unites these physiologically diverse problems: our
incapacity to foresee the consequences of complex inter-dependencies of a circuit in vivo.

We exemplified this problem for the case of our optogenetic differentiation system by showing
that predictions obtained from a simple deterministic model break down as soon as the context
in which the system is used is modified (Figure 2). More precisely, we created a version of the
differentiation system that made it possible to observe levels of the optogenetic transcription
factor (EL222) and its activity. We characterized and developed a model of the system that
was able to predict the population dynamics. We changed the noise structure of EL222 by
expressing it from a centromeric and 2-micron plasmid respectively. Expression from plasmids
could not be predicted from the simple model at all, as it led to unforeseen couplings of plasmid
copy number fluctuations, growth in selective media, and selective differentiation. Notably, flow
cytometry measurements revealed that EL222 distributions were highly variable with around
30% of the population lacking cellular fluorescence seemingly suggesting an absence of
plasmids. This was confirmed by a colony-counting assay for both centromeric and 2-micron
plasmids. This result seemingly contradicted the finding that under continuous light, the entire
population differentiates for both plasmid versions. In the same vein, we observed that the
differentiated fraction continued to increase in the culture 10h after removal of light stimulation.
Both these results were unintuitive so we analyzed the EL222 levels in the population and found
that differentiated cells had more EL222 than non-differentiated cells on average.
Understandably, cells with higher amount of EL222 proteins were enriched in the differentiated
fraction. Presumably, these cells also had more plasmids. Assuming that cells that have lost the
plasmid do not grow (or grow slower) than the cells that have at least one plasmid, we came to
an understanding of what was going on. Simply put, the cells that do not differentiate upon
induction are composed, in great part, of cells that do not possess any plasmids and therefore
are incapable of differentiating. However, since cells are continuously cultured in selective
media, the population that does not contain the plasmid will be diluted out of the culture at a
faster rate than the differentiated cells, leading to seemingly slow “differentiation dynamics"
even in the absence of light (Figure 2d)

We thus developed dedicated single-cell models of both the differentiation system and plasmid
dynamics (Figure 3). We found that the composed model of the plasmid-based differentiation
system, obtained after merging the two individual models, does not only resolve the previously
not understood features but quantitatively predicts the consequences of complex component
interactions without any adjustment of model parameters (Figure 4). This is a particularly
encouraging finding as it demonstrates that, at least for the differentiation system, our incapacity

to foresee the consequences of complex inter-dependencies of synthetic circuits and couplings of
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single-cell and population processes can be remedied by appropriate characterization of circuit
components. Importantly, with the ability to foresee consequences comes the possibility fo exploit

such couplings in the design.

On modelling

In the case of our differentiation system on plasmid, complex couplings between single cell
processes and population level dynamics necessitated an approach that could capture dynamics
of population distributions. The key notion was to derive a non-linear version of the CME that
(could be efficiently solved and) kept track of population state along with single-cell dynamics
that are typically tracked in stochastic models. We posit that similar approaches would be
required to faithfully capture the dynamics of any system where couplings of single-cell and
population processes are likely to be at play (Ruess et al. 2019; Shahrezaei and Marguerat
2015; Tan, Marguet, and You 2009). Such couplings notably manifest in the form of growth rate
decrease at the population scale due to heterologous expression of either large quantities of
(physiologically toxic but commercially valuable) proteins as is the case for bioproduction or
convoluted genetic circuits like in synthetic biology. However, similar couplings between scales
are likely also present in many natural systems such as selective killing of cancer cells with
particular states of internal processes in response to treatments that induce the apoptotic
pathway (Bertaux et al. 2014), differential responses of bacteria to antibiotic treatments
(Wakamoto et al. 2013) to name a few possible examples. It needs to be noted, however, that
for cases where the single-cell model is more high-dimensional than the fairly small models
considered here, tracking the entire solution of the corresponding master equation becomes
computationally infeasible. Further work is thus necessary to develop and test approaches for
approximately calculating with multi-scale stochastic models (Lunz et al. 2020; Duso and Zechner

2020).

On modelling of the centromeric tetra reporter

We found that the differentiation dynamics of the centromeric tetra reporter could not be
predicted by any model discussed here. This, primarily, is a consequence of the inability to
correctly model plasmid dynamics for the centromeric plasmid with simple birth and death model
used for the 2-micron plasmid. Concretely, a significant part of the population appears to contain
one plasmid in stationary conditions in addition to a zero plasmid population. The existence of
the population with one plasmid indicates some regulatory mechanism, which is not included in
our model of plasmid dynamics. Absence of this mechanism would lead to a disagreement of the

quasi-stationary TF distributions between data and model predictions and consequently the
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model fails to provide accurate predictions for the differentiation dynamics. This one plasmid
population was also observed by Gnigge, Liphardt and Rudolf (2015) and presumably suggests
a tighter mechanism of plasmid copy number regulation for the centromeric plasmids. The authors
provided a predictive model for the dynamics of plasmid copy numbers that showed quantitative
agreement with the data, which theoretically could have been employed here. However, their

model featured parameters that could not be determined readily from the data at hand.

On plasmid copy number control/

As predicted by theory, we found that repeatedly stimulating the culture with short light pulses
led to stable maintenance of constitutive median fluorescence (proxy for plasmid copy numbers)
in the non-differentiated fractions lower than that of the total population. Furthermore, we found
that by tuning the light duration and intensity, it was possible to modulate the level of this
decrease. The fact that constitutive expression can be modulated by using the plasmid tetra
reporter is as counterintuitive as it is surprising. However, we note that the model cannot
accurately predict the extent to which the EL222 levels drop in the non-differentiated population.
Looking at the mVenus fluorescence in the cytometry data provided a clue. From the start of the
induction to about 25-30h the cells behave predictably, the EL222 levels drop and the non-
differentiated cells conform to a stationary distribution. However, around 30-34 hours post
induction, we start observing a population with fluorescence levels comparable to those obtained
for the integrated strain. It can be hypothesized that this population possesses one plasmid.
Surprisingly, this peak is the strongest for the longest light input. We hypothesize that this
population emerges due to selection on both fronts, cells that lose the plasmid are removed from
the population and cells in which plasmid copy number increases are differentiated, thus leading
to an enrichment of plasmids with one copy in the non-differentiated fraction. This hypothesis is
further strengthened by the finding that we observe no such enrichment of the one plasmid
population in differentiated cells. In light of this finding, we note that further characterization of
the dynamics of 2-micron plasmids is required. Theoretician in the study, Jakob Ruess, holds that
the deviations from theory arise out of experimental artefacts like media composition
differences. However, we cannot discount another hypothesis that explains the emergence of the
1 plasmid population, that is, evolution of the plasmid to persist better in the yeast. Several
studies have reported emergence of mutations (either in host chromosome or plasmid sequence
or both) that stabilize the presence of plasmids in bacteria under continuous cultivation conditions
(Bouma and Lenski, 1988; Modi et al., 1992; Dahlberg and Chao, 2003; De Gelder et al., 2008;
Harrison et al., 2015). A rather unintuitive mechanistic explanation was provided by Yano et al.

(2016) who reported that a part of the burden of carrying the plasmid came from saturating
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the replication machinery of the cell. The authors deduced this from the observation that the
cultures which showed an increase in plasmid copy numbers carried plasmids with mutations that
decreased the affinity of plasmid ori sequences to bind with the replication machinery (Yano et
al. 2016). Such an adaptation over continuous cultivation has not been reported for 2 plasmids

in yeast to date.

On plasmid copy numbers

Average plasmid copy numbers of cells carrying plasmids similar to the ones used in the study
have been reported in the past via bulk measurement methods like DNA extraction of the whole
population followed by qPCR (Gnugge, Liphardt, and Rudolf 2016; Karim, Curran, and Alper
2013; Fang et al. 2011). There is a lot of variability in the numbers reported in different studies
which is understandable given each study used different plasmid backbones (none of which
exactly resemble the plasmid backbone used in the present study) but all studies, when using
other approaches to estimate plasmid copy number, remarked the strong dependence of
observed copy number on the reporter and the promoter used to drive its expression. Notably
in Karim, Curran and Alper (201 3), authors reported a 25% decrease in plasmid copy number
upon switching from a weak promoter to a medium strength promoter whereas in Fang et al.
(2011), authors saw an 8 fold increase in expression for 2-micron plasmids (over low-copy
centromeric plasmids (1-1.5 copies on average)) with a weak promoter, which dropped to only
a 3 fold increase, when a strong promoter was used to drive the expression. These studies while
insinuating that the average plasmid copy numbers are hugely variable, however, do not
comment on the distribution of plasmid copy numbers in the population. In Gniigge, Liphardt and
Rudolf (2016), an approach with two constitutively expressed fluorescence reporters, one
integrated in the genome while the other destabilized and expressed from a plasmid, was
employed to indirectly estimate the distribution of 2-micron plasmid copy numbers in the
population via flow cytometry. They observed a significant part of the population lacked
plasmids (~45%). The fluorescence distribution of the destabilized constitutively expressed
fluorescent reporter resembled the mVenus fluorescence distribution of the plasmid version of
the tetra reporter granted that the peaks were not as sharply defined in our data. We remark
that other studies have reported much larger proportions of cells lacking the 2-micron plasmids.
Notably, Wittrup et al. (1994) (overexpression of secreted proteins), and Yoo and O’'Malley
(2018) (overexpression of membrane proteins) reported loss of plasmid in >90% of the
population. Both secretion and membrane proteins are sources of greater burden for the native

protein folding machinery in yeast than constitutive expression of fluorescent proteins explored
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in Gnugge, Liphardt and Rudolf (2016) and this work. We also note that the plasmid backbones

used in Gnigge, Liphardt and Rudolf (2016) were closest to the one used in the present study.

A finer understanding of the plasmid copy number dynamics in yeast could be provided if the
approach of Gniigge, Liphardt and Rudolf (2016) is coupled with light inducible expression and
regular flow cytometry measurements in selective and non-selective media. Concretely, a
fluorescently tagged EL222 transcription factor from an integrated copy in the genome could
be used to drive expression from a 2-micron plasmid of a strong fluorescent protein (mScarlet-
[) under the control of a tight EL222 promoter tagged with degron tags (Lee et al. 2015) and /or
destabilized mRNAs (Kafri et al. 2016) of different strengths. Another strong fluorescent protein
(mNeonGreen) with the same degron/destabilized mRNA could be integrated in the genome
under the control of the same EL222 promoter. The inducible nature of the strain will provide a
handle on the burden imposed by the plasmids while the integrated copy would be used as a
reference for the single copy levels as well as a way to gauge the activity of EL222 TF.
Moreover, since EL222 itself is tagged, any decrease in the capacity of cells to produce will be
reflected in the EL222 levels. At the same time, the destabilized mRNAs and protein degron tags
could yield quantitative estimates of the plasmid replication dynamics. Furthermore, such a strain
could easily be adapted to study the mechanism of transcript specific buffering observed in
Chapter 4. We note that this approach may not yield any direct evidence for plasmid copy
number distributions unless cell-sorting techniques are employed to separate the population on
the basis of cellular fluorescence followed by sub-population specific qPCR. These measurements

could then be compared with those predicted by a model similar to the one reported here.

However, the granularity of such an approach might still be coarse owing to technical and/ or
biological limitations. The resolution could be further enhanced by adapting a recently published
microscopy based single cell approach (Shao et al. 2021). In the study, the authors directly
estimate plasmid copy numbers in bacterial populations by using a tagged DNA binding protein,
which interacts specifically with the plasmid origin of replication, and quantifying the
fluorescence intensity. The authors also found a persistent population of cells without plasmids
(1-3%). Moreover, the authors reported results on promoter activity by observing transcript copy
numbers (via quantification of the intensity of a fluorescently tagged PP7 RNA binding protein
that specifically binds the transcript in question) and correlating them with the fluorescence
intensity of the fluorescent protein coded by the transcript. The authors found that, while plasmid
copy number is somewhat correlated with number of transcripts, the protein levels are only
poorly correlated with the number of transcripts. Even though the authors did not explore the

question of the burden of heterologous expression, they concluded that individual promoter
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activity decreases as the number of copies increased, possibly due to resource bottlenecks. This
is best exemplified with their finding that a 100-fold higher copy number translates only in a 4-
fold increase in the quantity of expressed protein. | note that these results have been obtained
in bacteria with plasmids that confer resistance to antibiotics, which are known to be more tightly
regulated than 2-micron plasmids in yeast. Their results show that transcription and translation
increase nonlinearly with copy number, however, it is well known that individual E. coli cells have
a much lower capacity for heterologous expression than S. cerevisiae and therefore the same
results may not stand for yeast (Kafri et al. 2016). Nevertheless, we conclude that such a system
(perhaps with a light inducible reporter for gene expression instead of a constitutive one) is
worth developing for the 2-micron plasmids in S. cerevisiae. Long-term live cell imaging of the
hypothetical system in selective and non-selective media would complement the cytometry based
approach and might provide definitive answers to the mysterious distribution of 2-micron plasmid

copy numbers and their regulation in yeast at different levels of burden.
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Chapter 6

MATERIAL AND METHODS

“Perhaps | am doomed to retrace my steps under the illusion that | am exploring, doomed to try and learn what |
simply should recognize..”

André Breton

Preface

Portions of this chapter as well as some figures were previously published as Aditya et al.

(2021).
Constructions and cloning

| used Golden Gate cloning (Engler, Kandzia, and Marillonnet 2008) for the constructions used
in the experiments described here. Golden Gate is a modular cloning approach that facilitates
the generation of new constructs from a library of parts. The underlying principle, is the use of
Type lls restriction enzymes that do not cut the DNA sequence they recognize. This can be used
to generate families of DNA sequence with overhangs that, after digestion with a type llIs
restriction enzyme, are distinct and complementary to each other. In this regard, the work of
(Lee et al. 2015)was instrumental to our research. Briefly, they established a standardized
approach to modular cloning in yeast. They designed a library of parts called Yeast Tool Kit
(YTK) with specified overhangs depending on the function of the part in the construction
(promoters, terminators, coding sequences with the possibility of adding tags on either side). This
optimized library was available from AddGene and was used profusely in the current work.
Notably, all the backbones used in the study were generated using the YTK. These included three
integrative vectors carrying the auxotrophy markers URA3, LEU2, and HIS3. The integrative
vectors carried the homology region targeting the endogenous locus of the respective
auxotrophy marker except for HIS3 backbone, which targeted the HO locus. In addition, |
generated the centromeric and episomal vectors for each of the auxotrophy markers mentioned
above. These backbones along with their sequences can be found in the plasmids table. The

cloning process to go from DNA to plasmids functional in yeast needed three steps.

e A level O assembly to insert the part sequence with overhangs (synthesized or obtained
via Phusion PCR) in a standard entry vector. Level O assembly required BsmBl as the

restriction enzyme (Figure 6.1).
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A level 1 assembly to construct an expression cassette composed of Level O parts
(notably a promoter, a coding sequence (CDS) and a terminator) and constitutes a
transcriptional unit in S. cerevisice. However, at this stage, this transcriptional unit is
present in a backbone containing only a bacterial origin of replication and hence cannot
function in S. cerevisiae. Level 1 assembly required Bsal as the restriction enzyme (Figure
6.1).

A level 2 assembly can then be used to introduce the transcriptional unit(s) in yeast
vectors, containing either chromosomal homology regions flanking the site of insertion of
the transcriptional unit insert (integrative vectors) or containing a yeast origin of
replication (CEN6 /ARS4 (centromeric) or 2micron(episomal)). In this fashion, up to 3 level
1 transcriptional units were cloned in a single vector backbone. Level 2 assembly
required the use of BsmBI restriction enzyme. Level 2 integrative plasmids contained a
Notl digestion site that was used to linearize the integrative plasmids prior to

transformation in yeast (Figure 6.1).
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Figure 6.1. Overview of the cloning pipeline. From DNA to strains. If all steps work the first time, it takes 20

days to go from DNA parts to yeast strains. This fime is reduced to 12 days if one comes to the lab on the
weekends.
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New parts, whenever necessary, were generated in the laboratory (DNA synthesis, Phusion PCR).
To design new parts and visualize cloning products, | used SnapGene, which allows for simulation

of cloning reactions given the sequence of the parts used.

After spending some time on optimizing the protocol for the Golden Gate, | fixed on the
following program and concentrations. Bulk of cloning for both level 1 and Level 2 plasmids was

done with this optimized protocol.

Table 6.1. Golden Gate Reaction
Reactant Volume/sample (L)
Water 5.6-X
T4 ligase buffer 1
BSA 1X 1
Bsal 1
T4 ligase buffer 0.4
Backbone @ conc. 20fmol 1
Parts @ conc. of (20-40 fmol/uL) 1 each =X
Total 10

Table 6.2. Golden Gate Program
37°C 37°C 16°C 37°C 50°C 80°C 4°C
15 mins 2 mins 5mins | 15mins | 5mins 5 mins oo
50 cycles

The Golden Gate mixture was transformed via heat shock transformation in thermocompetent E.
coli cells and plasmids were isolated using standard miniprep kits (Macherey & Nagel, and
Qiagen). Level 1 and Level 2 Plasmids were verified by colony PCR or restriction digestion with

Notl enzyme. Only Level 2 plasmids were sequenced.

Yeast strain manipulation and storage

All strains used in this study are derived from BY4741 [MATa his3A1 leu2A0 met15A0 ura3A0].

Cells were transformed with linearized integrative vectors or using standard Lithium Acetate

transformation (Gietz and Woods 2002). For selection, common auxotrophic markers, Uracil,
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Leucine, and Histidine were used. Integrative plasmids carrying LEU2 and URA3 selection
markers were integrated at the endogenous loci while those with HIS3 were integrated at HO
locus. Cells were grown in standard defined media (Sigma Aldrich Yeast Nitrogen Base)
containing 2% glucose and lacking the respective auxotrophic nutrient during selection in plates
(Sigma Aldrich Uracil, Leucine and, Histidine drop-out media supplements). A list of strains used
in this study and their genotypes can be found in the strain list (Annex 6).

To subdue background activity arising from extraneous exposure to light, | performed all cell
manipulations in red light (Figure 6.2) including transformation and the creation of stocks for the
light sensitive strains. Stocks were covered with aluminium foil during storage. Revivals were
performed in red light and yeast plates were encased in aluminium foil during growth in the

incubator. Overnight cultures were grown in the dark using a falcon holder covered on all sides.

Figure 6.2. Working in red light. Photo courtesy Virgile Andreani.

Overnight cultures were measured using cytometry prior to the start of preculture to ensure
maximum non-differentiated cells. Typically, | observed 0.03%-1% differentiation at this point
(for GAuUDI | always found 10%-20% background differentiation but as noted in Chapter 4, |
believe these cells were present due to leaky expression of ATAF1 TF and not background
recombination). Some picked colonies were completely recombined and not used for
experiments. | observed that streaked plates more than a week old led to higher levels of
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background differentiation in individual colonies. | note that the colonies were extremely sensitive
to extraneous light and even opening them in red light led to significant increase in differentiated
fraction over the next 96h (5%-10%). Such susceptibility to extraneous light was not observed

for liquid cultures. Consequently, only freshly streaked plates were used for the experiments.
Batch culture

From freshly streaked plates, single colonies were picked to start the overnight cultures on the
day before experiment. Cells were grown to exponential phase in the dark from ON culture on
the day of the experiment in Falcon tubes shaking at 200 rpm at 30°C before starting the

experiment. Induction was carried out in the custom Falcon tube holder fitted with LED strips.

Sampling for cytometry was performed manually in presence of red light.

Figure 6.3. Batch incubator dubbed Led Zeppelin. Batch induction was carried out in this contraption as
well as cultures in the dark (lid not included in the photograph). Each slot was insulated from other slofs.

Light signal could be independently controlled for each slof.

Experimental setup for continuous cultures

| used our previously described turbidostat platform (Bertaux et al. 2020) to continuously culture

cells and conduct time course experiments. The platform allows the user to monitor 16 cultures in

parallel with regular OD measurements and maintain them at a target cell density. The OD
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measurements and dilution data were used to estimate the growth rate. Further, culture vessels
are equipped with LEDs and can be stimulated independently with light. Samples from the vessels
are collected in a 96-well plate and, with the help of a pipetting robot, loaded into the
cytometer. The cytometer acquisition is controlled with the help of click and point software. Figure

6.4 gives a general overview of the experimental platform.
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Figure 6.4. a. Experimental platform and b-g. data overview. 16 experiments can be conducted in parallel
in reactors with individual OD and LED induction control. The cytometry measurements are automated
via a pipetting robot controlled with the Flask app. The raw data from the cytometer is parsed and stored
as a csv file or can be analysed online to change experiment conditions such as cell density or induction
profiles. All code required for the functioning of the reactors and analysis is developed in Python and
implemented using Jupyter notebooks. An image of the physical setup of the experimental platform is
shown (a, boftom left). b-e Representative data from a single timepoint for one experiment each of the
original differentiation system (blue box) and GAuDi strains (red box). The FSC vs SSC scatterplot is shown
as an indicator of cell size (b and ¢). The GRN-B and ORG-G channels are used to detect differentiated
cells for the original differentiation system (mNeonGreen fluorescence) and GAuDIi02 (mScarlet-I
fluorescence), respectively (blue boxes in d and e). At this representative timepoint (enlarged circle in f

and g), both exist in two subpopulations.
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Even though the bioreactor platform allowed me to grow 16 cultures at the same time, only 8 of
these 16 could be used to get reliable cytometry data due to sporadic cross contamination

between wells during sampling.

Cells were allowed to grow in the dark until exponential phase following the overnight cultures
inside the culture vessels and induction was started only after growth rate stabilised. Samples
were taken automatically from the turbidostat at regular intervals, diluted 20 times with a
pipetting robot and passed loaded in the cytometer. The entire vessel, including pumps and
tubing, was autoclaved before each experiment. Unless stated differently, the experiments used
a “grow and dilute” program where cells were allowed to grow until OD 0.6 and then diluted
to OD 0.4. The growth rate was computed by calculating the slope of linear curve fit to the log
of OD data with time. This could be done for each growth dilution cycle (discrete fit), however,
the discrete fit performed poorly when there was a growth arrest and necessitated continuous
estimation of the growth rate. This was achieved by fitting a rolling window of 30 measurements
with time (continuous fit). Continuous fit could capture other features that could not be seen with

the discrete fit like gradual increase in growth rate during the lag phase (Figure 6.5a).
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a Tetra Reporter (no growth defect) b optoATAF1 (growth defect)
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Figure 6.5. OD curves and growth rate computation for 4 different strains. Culfures were grown in a grow
and dilute program where they were allowed to grow until OD 0.6 before being diluted back to OD 0.4
(red circles). Growth rate was computed by fitting a linear curve to log of OD with respect to time
between dilutions (green dotted line) or by fitting a linear curve to log (OD) with respect to time for a
rolling window of 30 measurements (blue dotted line).Green (discrete) and blue (continuous) lines shown
on top of the OD data are computed from the fit. a. Tetra reporter showed no growth defect and growth
was estimated equally well by both the continuous and the discrete fit. The red arrow indicates the lag
phase where continuous fit is able to capture the gradual increase in growth rate. b. optoATAF1 shows a
significant growth defect upon light induction. Both fits are able to capture relatively well. Red arrow
indicates small differences between the two estimates. ¢. GAuDi02 displays a prolonged growth arrest
that is not captured by the discrete fit. Red arrow highlights the difference. d. GAuDi03 shows a massive

growth defect. Red arrow notes the escape.
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Pipeline for analysis of flow cytometry data

All cytometry measurements were made with a Guava EasyCyte BGV 14HT benchtop flow

cytometer. Settings and gains were kept constant for all the experiments.

5000 events were recorded for each sample unless specified differently. No compensation was
used during acquisition. Dilutions were made with a pipetting robot so that the cell density was
kept between 200 (to have 5000 events in the acquisition window) and 600 cells/Jl (to ensure
>90% singlets). Size gating and doublet removal were done using kernel density based
methods. Singlets were selected based on deviation from linearity in Forward Scatter Height
(FSC-H) vs. Forward Scatter Area (FSC-A). Cells were scored and a threshold was defined above
which cells were classified as doublets and removed from analysis (Figure 6.6b). For size gating,
2D kernel density estimates were obtained using SciPy Gaussian kde package on Forward
Scatter (FSC-H) vs. Side Scatter (SSC-H) and regions of density lower than a threshold were
removed (Figure 6.6a). The two thresholds were kept constant for all measurements except those
made with the GAuDi strain. For the latter, thresholds were increased to include the entire
population. This leniency was warranted because of considerable changes in the physiology of

growth-arrested cells (compare Figure 6.4b & 6.4c).

a b

Size Gating Doublet removal
104
T <
((,)) 103_ O
A i
)
° A Total_cells = 10000
Gated_Singlets = 4057
102 103 104 102 103 104

FSC-H FSC-H

Figure 6.6. Gating. Kernel density based gating of data on a. size and b. doublet removal. Raw data is

shown in black. Gated data is shown in green.

It was difficult to observe all the four proteins together due to significant overlap of fluorescence

spectra (Figure 6.7). To mitigate this, we implemented a deconvolution approach previously
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described in Bertaux et al. (2020). Briefly, 4 single fluorescent protein control strains (mCerulean,
mNeonGreen, mVenus, mScarlet-l) with the same promoter and terminator, and integrated in the
same locus, were used to determine the spectral signature of each fluorescent protein across the
12 channels of the cytometer (Figure 6.8). | also constructed a 4-colour strain in order to validate

the results of the deconvolution algorithm.

mCerulean
.
\\_
\\(
’\\

300 350 400 450 500 550 600 A 650 700 750

mNeonGreen
300 350 400 450 600 . 650 700 750
300 3507 400 — 450 500 550 600 650 700 750

mScarlet-|
300 350 » :1607 o ;50 500 550 600 650 700 750

Wavelength (nm)

Figure 6.7. Excitation (dark) and emission (pale) spectra of the different fluorophores used in the study
(Lambert 2019).
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Figure 6.8. Raw data. Population distributions of measured intensity by different channels of the flow
cytometer for an auto-fluorescence (grey) strain, four single fluorescent protein strains with identical
promoters and terminators, mCerulean, mNeonGreen, mVenus and mScarletl, and a four colour strain
that has all 4 fluorescent proteins listed above. Data was filtered for outliers using mean absolute deviation
metric (4.8 medians) to remove sporadic cross-contamination from other cultures during sampling. | note

that filtering was performed only for the experiment used to define spectral signatures.

These signatures were then used in a linear algebra framework to calculate the individual
fluorescence of each fluorophore in a strain harbouring all 4 of the fluorescent proteins. The
values for single colour control and the 4-colour strain were in good agreement after

deconvolution (Figure 6.9 & 6.10b).
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Figure 6.9. Deconvolved data. Filtered channel data was used to compute spectral signatures of each
fluorescent protein. These signatures were then used to deconvolve fluorescence in raw data.
Deconvolution also reduced size related heterogeneity in fluorescence.

| note that the deconvolved values of mNeonGreen and mScarletl distributions show significant
deviations from the AF levels that are expected to be present in the constitutive mVenus strain
even though the mean is zero for both distributions. This is perhaps because mVenus excitation
spectrum, in addition to the emission spectrum, also overlaps significantly with mScarletl and
mNeonGreen. This leads to a strong correlation between the mVenus fluorescence in a cell and

the erroneous readout for mNeonGreen and mScarlet-l in the same cell.
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Figure 6.10. Fluorescence histograms for a. raw data and b. deconvolved data for single colour and 4
colour strains. For each fluorescent protein, fluorescence of the most distinguishing channel was plotted
in the raw data. These are noted as the x-axis labels in the subplots pertaining to individual fluorophores.
Deconvolved values were obtained for each protein. Both a and b compare the values obtained for
single colour strains and the four colour strain. Cells were size gated and doublets were removed.

Histograms are composed of >100,000 cells.

There was a slight disagreement between the single colour and 4 colour deconvolved
fluorescence for mVenus (5% shift in median value). This is perhaps due to errors in deconvolution
but might also stem from epigenetic differences in the gene expression loci for single colour

(URAS locus) and 4 colour (HO locus)(Bai Flagfeldt et al. 2009).
Quantifying differentiation

Al differentiation circuits described in this work were designed to show a change of fluorescence
upon differentiation. Consequently, the classification of a cell as differentiated or non-
differentiated was a rather trivial affair and was achieved by applying a simple threshold on
the fluorescence in the relevant channel. This process was slightly more involved for the extended
system that could give rise to 3 or 4 species after differentiation. In what follows, | provide a
simple description of the various differentiation strains and the quantification of differentiation

for each of them.

Dual reporter

The simplest construction of the lot. Raw fluorescence in the GRN-B channel was sufficient to

discriminate the two populations. Fluorescence in the GRN-V channel was weak and did not show
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two well-separated populations. However, from the microscopy data it is clear that the cells lose

mCerulean fluorescence after differentiation.

a Dual reporter b Quantification
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Figure 6.11. a. Dual reporter. b. Fluorescence in relevant channels. Differentiation status was ascertained

by determining whether a given cell exceeded the threshold intensity of 200 A.U. in the GRN-B channel.

GAuDi

GAuDi strains were equally easy to classify into differentiated and non-differentiated

populations by observing raw fluorescence in the ORG-G channel.
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Figure 6.12. a. Construction of GAuDi02. b. Fluorescence in relevant channels. Differentiation status was
ascertained by determining whether a given cell exceeded the threshold intensity of 500 A.U. in the ORG-

G channel.

However, in the case of GAuDiO2 & GAuDiO3 | could observe a persistent population of
seemingly differentiated cells prior to differentiation. To eliminate spurious signals due to
crosstalk between the two fluorophores, | deconvolved the data and repeated the analysis. | did
not observe a significant change in the quantification however, | found that the population
showed a long tail in mScarlet-1 distribution before induction (Figure 6.13a, bottom left). | also
observed a lower and noisier peak in mScarlet fluorescence for the differentiated fraction
before induction when compared to differentiated cells after induction. Furthermore, the
mNeonGreen fluorescence of the differentiated fraction before induction was higher than the
non-differentiated fraction. This would be the case if mNeonGreen expression was still present

(i.e. no recombination) but due to the overactive feedback loop the growth rate decreased thus
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leading to a higher accumulation of mNeonGreen. These observations have led me to conclude
that these cells are not differentiated but are a consequence of leakage from the ATAFI
promoter that triggers the positive feedback loop in a subset of the population. Interestingly, |
found that the mNeonGreen fluorescence in the differentiated cells did not decrease to
autofluorescence levels suggesting the differentiated cells are arrested. In addition, | could
clearly see a peak at roughly half the fluorescence of non-differentiated cells maybe indicating

that the growth is arrested after a single division post differentiation.
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Figure 6.13. Fluorescence histograms of a. deconvolved data for GauDi02 at three different times after
induction for the experiment shown in b. Differentiation dynamics. The colour indicates the time at which
histograms are plotted (see enlarged circles in b.). a. compares the fluorescence in mNeonGreen and
mScarlet-l channels. Data is represented as in Figure 6.10. Cells were size gated and doublets were

removed. 5000 events were acquired for each time point and hisftograms consist of two timepoints.
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Multi-species

It was not possible to use the raw cytometry data to delineate the different species present in
the culture. Therefore, the data was deconvolved. This allowed for discrimination between (CN
and CN), CN, and CN. To separate the populations CN and CN, it was necessary to look at

the ratio of mNeonGreen to mCerulean.
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Figure 6.14. a. & b. Constructions of asynchronous and sequential differentiation programs respectively.
c. Quantification of species prevalence. Cells possessing mScarlet-1 fluorescence over a threshold of 200
A.U. were either CN or CN and those that did not were CN or CN. To distinguish between CN and CN
mNeonGreen fluorescence was enough (threshold of 200 A.U.). However, to distinguish between CN and
CN, both mNeonGreen and mCerulean fluorescence had to be analysed to obtain two well-separated
populations (high mNeonGreen to mCerulean ratio corresponds to CN and the lower to CN). Cells not
possessing appreciable levels of either mNeonGreen or mScarletl were discarded from analysis (<1%). The
figure shows the four subpopulations after stimulation with 3 light pulses of 30 minutes 6h apart at t=24h
for the asynchronous differentiation program (Figure 3.16a). Deconvolution was necessary to achieve

four well separated populations.
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Tetra Reporter

Figure 6.15a and Figure 6.16a show raw fluorescence values in the most distinguishing channel for each
of the four fluorescent proteins present in the tetra reporter strains in dark (grey), when 99% of the
population is undifferentiated, and in continued presence of light (blue) after 99% of the population had
differentiated. Prior to deconvolution, the raw data possessed several characteristics suboptimal for
analysis. Notably, due to low fluorescence of mCerulean, the undifferentiated population (possessing
mCerulean) overlaps significantly with the differentiated population (possessing no mCerulean) in the
GRN-V channel. Seemingly, the undifferentiated cells possess 5-6 times higher fluorescence than the WT
strain in the GRN-B channel. Furthermore, the fluorescence in the YEL-G channel, misleadingly, suggests
significant differences in mVenus fluorescence between differentiated and undifferentiated cells. Lastly,
observing the ORG-G channel, we find that cells in the dark possess 3-4 fold higher fluorescence

compared to the WT strain prompting the misleading conclusion that EL222 is activated without induction.
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Figure 6.15. Fluorescence histograms of a. raw data and b. deconvolved data for integrated tetra reporter
in light (blue) and dark (grey). Data is represented as in Figure 6.10. Both a and b compare the distributions
obtained for tetra reporter in light and dark conditions. Cells were size gated and doublets were removed.

Histograms are composed of >10,000 cells.

The situation becomes significantly worse for the plasmid tetra reporter such that we fail to
observe two well-separated populations for differentiated and undifferentiated cells (Figure
6.16aq, top right). Furthermore, it appears from YEL-G fluorescence that cells stop losing the

plasmid upon differentiation (Figure 6.16a, botiom left).
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Deconvolved Data
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Figure 6.16. Fluorescence histograms of a. raw data and b. deconvolved data for 2-micron tetra reporter

in light (blue) and dark (grey). Data is represented as in Figure 6.10. Both a and b compare the distributions

obtained for tetra reporter in light and dark conditions. Cells were size gated and doublets were removed.

Histograms are composed of >10,000 cells.

Deploying this deconvolution strategy allows me to deconvolve fluorescence in the tetra reporter.

After deconvolution, all the above-mentioned incongruities either disappear completely or are

significantly diminished. | note that devonvolution of low levels of mVenus in the presence of

mNeonGreen (differentiated cells) yields noisy estimates (Figure 6.15b, bottom left) that lead to

a broad spread around zero for the plasmid strain (Figure 6.16b, bottom left).

For the quantification of differentiation, FSC normalized values were used. These values were

scaled by multiplying with the mean FSC of the population to preserve units. | found that

normalizing with the FSC led to tighter distributions (Figure 6.17), except for mScarlet-|

fluorescence, perhaps due to low fluorescence values.
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Figure 6.17. Fluorescence histograms of the four fluorescent proteins in the integrated tetra reporter strain
in a. dark and b. light for deconvolved (grey), gated singlets (green), FSC normalized deconvolved (blue),
and FSC normalized gated singlets (purple) data. Histograms are composed of >10,000 cells.
Normalization decreases variability.

After normalization, | could observe two sharply defined peaks for both the integrated and the

plasmid strain (Figure 6.18b).
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Figure 6.18. a. Construction. b. Deconvolved fluorescence for relevant fluorophores. Differentiation
status was ascertained by determining whether a given cell exceeded the threshold intensity of 300 A.U.

in the mNeonGreen channel.
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Model fitting and parameter estimation

ODE models were solved using solve_ivp solver from SciPy.integrate library. Models were fitted
using the least square method from SciPy.optimize library. Parameter search for each model
was done locally (gradient descent) with multiple initial guesses for parameters and bounds on

parameter values between 1010 and 10.
Dual Reporter

The ODE model was conceived with only one free parameter, namely the differentiation rate 7. Initial

conditions and the growth rate were fixed from the data (Figure 3.10a). Experiments were performed

in the bioreactor platform, which showed modest reactor-to-reactor variability.

The model was fit to steady state differentiation fractions after single pulse light inductions of different
durations. Data fitting was implemented in Python using SciPy library. Bounds were imposed on the
parameter search (10-10 -10) to preserve physiological relevance. Parameter searches were conducted
locally but starting from different initial parameter values spanning four orders of magnitude using an
approach similar to Branch, Coleman and Li (1999). In all cases, parameter searches converged to the

same parameter value.
GAuDi02

The model was fitted to dynamical data (differentiated & dead fraction) with non-trivial light
signals (Figure 4.20a). Concretely, the differentiation fraction and the dead fraction were
computed from time-series flow cytometry data to fit the model. Initial conditions and the growth
rate were fixed from the data. However, there were significant delays between differentiation
events and the time by which corresponding cells could be classified as differentiated based on
their fluorescence. Similarly, differentiated cells died only after being arrested for some time
and the growth arrest required two cell generations to fully manifest. To account for these delays,
model predictions were shifted in time (2h for differentiated and 6h for dead cells, and 5h for
the growth rate). Bounds were imposed on the parameter values (1010 -10) to preserve
physiological relevance. The parameter search was conducted locally but starting from different
initial parameter values spanning four orders of magnitude using an approach similar to Branch
Coleman and Li (Branch, Coleman, and Li 1999). In all cases, the search converged to the same

parameter values.
Tetra reporter and plasmid dynamics

As these models were not developed by me | have not included this information here, however,
for the sake of completeness and for curious readers these can be found in the supplementary

information of the submitted manuscript (Annex 5).
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MPC framework

ODE models were used in an Model predictive framework described previously (Bertaux et al.
2020). The framework consisted of solving the model given a light sequence. This sequence was
then optimised using a least square method from SciPy.optimize library to minimize the error
between predictions and the target set point starting from an initial state. The optimization for
light sequence was done for a time horizon of 5 hours in the form of 10 duty cycles of 30-minute
period. Cultures were sampled every hour for two reactor control experiments (Figure 3.15b &
3.15¢) and every two hours for single reactor control experiments (Figure 4.24b). The light
sequence was updated at each timepoint. To estimate the state of the system, cytometry data
was analysed online to determine the state at the time of sampling. This estimate of sampling
time state was then used as initial conditions for the model and the current state was estimated
by solving the model for a time, T. T stands for delay, consisting of a sampling delay (time
passed between sample acquisition and finalized data analysis) and an observation delay (time
required for enough fluorescent protein to accumulate to pass the differentiation threshold). |
note that accounting for this delay was critical to avoid oscillatory behaviour. Furthermore, we
noticed that the differentiation rate parameter estimated from experiments led to a steady state
error. Therefore, the value of this parameter was reduced to 0.4 /h in the MPC model to ensure

robust control.
A step-by-step enumeration of the process follows.

1.  Flow cytometry data is processed online to yield state estimates.
2. Some variables, like the escaper fraction, are non-measurable and therefore estimated
from the model.
3.  Conversion of this state estimate into a real-time state estimate.
a. Because of delay not captured in the model, state estimates are taken to correspond
to;
To = sampling time — T (sampling delay + observation delay)

i. Sampling delay was the time between when sample was taken and the data
acquisition finished.

ii. Observation delay was the delay between change of genetic state of a cell
and by the time enough fluorescence was produced to classify it as
differentiated cell.

b. Forward simulation of the model to go from Tp to Tnow (given the actual light sequence

applied during that time window)
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4.  Optimization of the next sequence of 10 duty cycles (horizon = 5h) so as to minimize the
predicted error between target and model prediction (gradient descent, scipy.optimize)

Modified ODE model for control of differentiation system

dg
E = Wtargetd — U(t) Taiffg + Q—A1g

dp

E = WtargetD + U(t) Taiffg — Ap

Q = HWreservoirNreservoir

Niarget = 9 + D

g and p stand for the specific cell density (in O.D. units) of non-differentiated and differentiated
cells, respectively. Ucontror ONd Wreservoir @re growth rates in the control and reservoir reactors,
respectively. U(t) is the light signal as a function of time and can take values O or 1. Nearget
and Nyegervoir are O.D. (total cell densities) at which control and reservoir reactors are
maintained, respectively. 7y;¢s is the differentiation rate under continuous light. Q is the flux of
non-differentiated cells from reservoir to control reactor. A is the dilution rate of the control
reactor. | observed that growth rates of cultures at different ODs were not equal. | assumed,
however, that reservoir cells instantaneously change their growth rate upon entering the control
reactor.

Since control culture was maintained at constant OD, the number of cells in the control reactor

stays constant at steady state.

ANtarget
get _

dt
d(g+p) _ 0
dt
d—g+d—p= Hearget(g + ) +Q@ —A(g +p)
dt = dt arge
0= P—target(g +p)+Q —A(g +p)
n .
A= Htarget + Wreservoir 7:;5:'1;;7”'
Nyeservoir
A= Htarget + Wreservoir ————
target

A= Htarget T AHreservoir

o is the ratio of reservoir OD to control reactor OD.
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Let  be equal to the fraction of differentiated cells in the control reactor.

p
'r' = _—
g+p
d
dr _ d_IZ
dt g+p
ﬂ _ MeargetP + U(DTgirrg9 — (lJ-target + ap—reservoir)p
dt g+p
dr
E = U(t)rdiff(l - T‘) — AUyreservoir”
dr
at = —(U(t)rdiff + a“—reservoir)r + U(t)rdiff

This is a first order non-homogeneous linear differential equation in standard form,

dy
— = —p@y + £

For maximum differentiation fraction achievable (U(t) = 1), at steady state,

dr

—=0
dt

Taiff = (rdiff + apﬂ‘eservoir)rmax

T4 1
o = i ( _1)

Hreservoir \Ymax

Plugging in values of 14;r¢ = 0.86 h'!, 13,45, = 0.9 and Wyeserpoir = 0.41 h'! we get, @ = 0.23.

Therefore, to reach a target differentiation level of 90 % in the control reactor, the OD of the

reservoir had to be ~5 times lower.

6.9 Estimating protein production in continuous cultures

Cells carrying different heterologous expression constructs were cultured continuously in the
turbidostat platform between OD 0.4 and OD 0.6. All constructs expressed the same protein of
interest (POI), mScarlet-l. Constitutively expressing strain was cultured at a constant OD of 0.4
in the dark as | did not observe a significant growth defect. ATAF1 induction strains were cultured
between OD 0.4 and OD 0.6 in presence of continuous blue light to infer growth rate changes
due to induction and subsequent heterologous expression. GAuDI strains were also cultured

between OD 0.4 and OD 0.6, however, they were not exposed to continuous light as the idea
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was to maintain the culture composition to a target differentiation level (50 or 70%). For all
cultures, automated sampling to the cytometer were effected regularly and 5000 events were
acquired at each measurement (Figure 6.19a).

Gated and deconvolved cytometry data was used to calculate the mean cellular fluorescence
(POl /cell) at each timepoint by averaging the fluorescence of all cells. To obtain titers (POI/ml),
mean cellular fluorescence was multiplied by the cell density estimated from cell counts in the
cytometer. It was further corrected for by the OD of the culture vessel and dead cells were
removed from the analysis. This was necessary to obtain true cell densities of viable cells in
GauDi02 cultures. Mean protein production (POI/h) was computed by multiplying the volume
expelled between two time points with the titers and further normalized by the culture volume
to get productivity (POI/ culture ml/h). Total protein produced in the run per ml of culture
amounted to the area under the productivity vs tfime curve necessitated due to missing timepoints
in some experiments. Yield was computed dividing the total protein produced in the run by the

total media volume consumed (POI/ culture ml/ml media) (Figure 6.19b).
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Figure 6.19. a. Description of the experiment. Cells were cultured continuously at fixed ODs. GAuDi cells

were maintained at the mentioned composition. optoATAF1 cells were fully induced. pTDH3 cells were
cultured in the dark. b. Pipeline of the protein production quantifications. Black clouds indicate data that
is generated in the bioreactor experiment. Grey clouds signify the data is inferred or obtained from the
black data. Bold typefont inside clouds indicate these values were plotted in Figure 4.25.

In order to obtain a value relative to the control pTDH3 driven expression, estimated total protein content
was divided by the total protein produced by pTDH3 in the same amount of time. The yield was computed
by dividing the total protein content by total media consumed and again normalized by the yield of

pPTDH3 culture to obtain values relative to pTDH3.
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Figure 6.20. Comparison of three platforms of heterologous expression (constitutive, inducible, and
differentiation) in continuous operation. Thick lines and bars represent the mean value from 2 or 3
replicates. Individual replicates are represented by thin lines. Data points from the three replicates are
represented as circles, crosses, and diamonds. Replicates were conducted independently of each other.

Colours indicate the strain (Figure é.19a). Extended figure for Figure 4.24.
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Experimental setup for live cell imaging and pattern formation

Microscopy was done on the inverted microscopy platform Leica DMi8 S. lllumination was

effected via CoolLED PE-4000 illumination system (Figure 6.21, left).

CellAsic Microfluidics device

Andor Zyla SCMOS camera CooILEDs pE-4000

Microfluidic chamber

Incubator

Leica DMI8 inverted
To CellAsic ONYX device

Andor Mosaic 3 DMD

Figure 6.21. Microscopy platform (left)(Fox et al. 2021) and microfluidic plate (right).

The spectra of mCerulean, mNeonGreen, and mScarlet-l did not significantly overlap and

therefore imaging could be done without the risk of crosstalk or bleed through.

Table 6.3. lllumination and imaging conditions.
Protein Filter Cube Excitation Emission Dichroic | Light Source | Exposure EL222
(nm) (nm) (nm) (nm) - (ms) Induction
Intensity
mCerulean CFP 436/20 480/40 455 435-6% 600 Yes
mNeonGreen YFP 500/20 535/30 515 500-9% 600 Yes
mScarlet-| Rhodamine 546/10 585/40 560 550-10% 600 No

Prior to time-lapse live cell imaging, the cells were grown as stated in Section 6.3. Cells were
allowed to grow to exponential phase on the day of the experiment. During time-lapse live cell
imaging the chamber temperature was maintained at 30°C. The flow in the microfluidic chamber
was kept constant at 7.5psi for all experiments described in this piece of work. The flow was
maintained in the microfluidic chamber using the CellAsic Onyx device.

Briefly, this device, in conjunction with 4 chamber CellASIC plate (Figure 6.21, right) for haploid
yeast cells (YO4C), allowed me to conduct 4 parallel experiments. Typically, for cells growing
at the WT growth rate (0.34-0.44 h-1), the time lapse experiment lasted between 10-16h. The
duration was also heavily dependent on the initial cell density. | observed a large variability in

the amount of cells that stayed in the microfluidic chamber after loading. | postulated that the
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primary reason for this was cell density of the loaded culture (that in turn affects the cell size
and physiology); however, after repeated experiments | reached the conclusion that in addition
to the cell density, the variability also derived from the differences in the height of the
microfluidic chamber. The latter was remarkably inconsistent and depended heavily on the
manufacturing lot of plates.

| used an in-house software, called MicroMator, for the automated acquisition and cell tracking
(Fox et al. 2021).

Induction was carried out by imaging the cells in the CFP and YFP channels every é minutes with
wavelengths and intensity noted in the Table 6.3.

For pattern formation experiments, the cells were allowed to grow to late exponential phase
(OD~0.8) before loading 20! of the culture in IBIDI p-Slide VI 0.4 (Cat.No:80606). This was
necessary to ensure a uniform monolayer at the beginning of the experiment. A light of 460 nm
was used for induction with the CFP band pass filter (Table 6.3). The induction was effected for
1s at intensity 10% every 3 minutes for 1h in the shape of custom patterns via the use of a digital
micromirror device (Figure 6.22). Following the induction, cells were allowed to recover for Th
prior to imaging. This also gave time for enough mNeonGreen molecules to mature and be
detected.

It was difficult to increase the duration of induction period, even though light was not lethal for
cells, because of cell growth, and subsequent emergence of bubbles displacing the monolayer.
| tried to ameliorate the growing conditions by culturing cells in a microfluidic plate but the media
flow disallowed any meaningful quantification of efficiency of pattern formation at low cell
density. This was because buds from inside the pattern would be transported with the flow, to
regions outside the pattern. When | attempted to do the experiment after cells had formed a
monolayer, flow was obstructed leading to growth rate decrease and cell death due to lack of
media. We note that the cells could not be imaged during the induction period as both mCerulean
and mNeonGreen required illumination that would activate the EL222 and lead to undesirable

differentiation.
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Experimental setup
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Figure 6.22 Precise spatial control of heterogeneous microbial consortia originating from a single strain.
Hardware setup for realizing pattern formation under the microscope. Cells carrying the differentiation
system were cultured in the dark until late exponential phase (OD ~0.8) and loaded in a pulbidi slide. Cells
were allowed fo settle down and form a monolayer. Light was shone in a user-defined pattern over the
monolayer using a digital mirror device (DMD). Light was shone as 1s pulses every 3 minutes for 1Th (20

pulses). Following light delivery, cells were kept in darkness for 1 hour before imaging them.

Pipeline for analysis of microscopy data

Cell segmentation was achieved via SegMator, an in-house U-net based segmentation algorithm
(Fox et al. 2021), on bright field images (Figure 6.23a) of cells growing in a microfluidic
plate(Figure 6.23h). Once cells were segmented (Figure 6.23b), median pixel fluorescence was
computed for each cell in each channel (Figure 6.23c & i). Cellular fluorescence in YFP was used
for ascribing differentiation status to cells (Figure 6.23c). Cells were considered differentiated
once a threshold value for fluorescence was exceeded (Figure 6.23d). To estimate the growth
rate, | fitted a linear curve to the log (#cells) with respect to time (Figure 6.23f). | observed that
growing in the constrained environment of the microfluidic chamber did not have a significant

growth defect (Figure 6.23g). All analysis was done in Python.
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Figure 6.23. Segmentation and growth in the microfluidic plate. SegMator was used for sesgmentation of
brightfield images and subsequent image analysis(Fox et al. 2021). Numbers of cells, over time, in a field
of view, were computed by counting the number of segments in each frame. Growth rates were
computed by fitting a line to log (#cells) as a function of time. Mean growth rate = s.d. across 8 fields of
view over 2 experiments was found to be 0.394 h-! ¥ 0.029. Median cellular fluorescence was calculated
from segmented images, and fluorescence in the YFP channel was used to distinguish between
differentiated and non-differentiated cells. Cells possessing more than 300 units of median fluorescence
(A.U.) were considered differentiated. This differentiation fraction was calculated at each frame to

iluminate differentiation dynamics, e.
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Chapter 7

CONCLUSION AND PERSPECTIVES

“The owl of Minerva spreads its wings only with the falling of the dusk.”
Hegel

Summary

Microbial consortia are widespread in nature and co-exist together by exploiting the principle
of division of labour. Engineering artificial microbial consortia is an attractive endeavor being
undertaken at length, however, the dynamic control of such engineered consortia remain woefully

limited.

During my thesis, | tackled this problem by designing a light tunable differentiation system in
yeast and found it capable of generating microbial consortia with custom composition in space
and in time. The differentiation system relies on an optogenetically inducible expression of Cre-
recombinase by the EL222 transcription factor. In presence of a recombination cassette, this
enables me to switch expression in the population from one protein to another. | characterized
the system in small scale liquid culture (cells growing in a microfluidic chamber), larger scale
liquid cultures (batch and continuous), and short term solid cultures (monolayer in Hlbidi slide)
and found it to be functional despite changes in the context. These characterization experiments
helped me establish that the system possesses several desirable features like low background
activity in the dark, unprecedented efficiency in light for yeast, graded response to varying
stimuli, and fast, reproducible, and tunable dynamics. These features enabled me to develop a
predictive model that was used in a MPC framework to control consortia composition in tfime. The
graded response of the system as well as absence of hysteresis, in particular, were crucial to
control consortia composition dynamically over long periods of time (3-4 days). The high
efficiency and low leakage permitted me to generate spatially structured microbial consortia
simply by illumination of a pattern, which, when coupled to a DMD, afforded single cell control
of differentiation. This latter was exploited to demonstrate control of lineage trees in colonies
of yeast growing in a microfluidic chamber. Furthermore, including multiple recombination
cassettes in the same strain allowed me to generate complex multi-species consortia. |
demonstrated that the number and prevalence of species in such consortia could be controlled

by implementing distinct differentiation programs. This could be achieved by tuning of the
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relative length of the respective recombination cassettes while the absolute length provided a

handle on the overall differentiation rate.

The system was then used to probe the growth production tradeoffs during heterologous
expression in continuous operation by employing it to decouple growth from production. Growth
production tradeoffs arise as a consequence metabolic burden of heterologous expression and
pose a major challenge for continuous bioproduction due to emergence of nonproducing mutants
resulting in decrease in yield over time. To avoid these tradeoffs, | coupled the differentiation
system with growth arrest and production such that the cells growth arrest (via over expression
of FARTM) upon differentiation (GAuDi) and start producing a protein of interest (mScarlet
driven by the strong orthogonal transcription factor ATAF1). The coupling was not
straightforward and required me to troubleshoot various aspects of the system. After significant
tinkering, | was able to create a strain, GAuDi02, which growth arrested upon light induction
and started producing POI. Cells arrested as large unbudded cells and continued to increase in
size until they died. The circuit, however, was not stable and differentiated cells lost the growth
arrest phenotype after 15-20h of complete arrest. | established with targeted genome
sequencing and experiments that this escape was associated with the loss of transcriptional
cassette expressing FARTM. Nevertheless, | developed a dedicated ODE model to be able to
predict the population dynamics and fitted it to dynamic experimental data. The ODE model
was sufficient to predict the population dynamics for diverse light inputs. We deployed the ODE
model in an MPC framework to control the differentiation level of the population and by
extension the growth rate of the culture. We were able to maintain stable levels of differentiated
fraction in continuous cultures of GAuDiIO2 and other associated strains. In parallel, | developed
reference constitutive and inducible platforms of heterologous expression to compare the
performance of the GAuDi system. | found that a single target driven by optoATAF1 resulted in
up to 10 fold higher mean cellular fluorescence over pTDH3 reference. Curiously adding another
copy of the same gene did not result in any noticeable increase in the fluorescence levels,
however, adding a different target gene increased the expression to >20 times higher than
pTDH3 reference. | also found that the growth rate decreased as a consequence of ATAFI
expression (32% * 2%). Oddly, this decrease was not dependent on heterologous expression
levels meaning that cells could support 20 fold pTDH3 expression without it affecting the growth
rate (any further). Lastly, | found non-monotonic behaviour in two target versions of optoATAF1
with respect to induction. | characterized the production of the POI for both the fully induced
optoATAF1, and GAuDi strains maintained at different levels of differentiation in continuous
cultures. | compared the performance to a pTDH3 reference with respect to standard metrics

(titers, productivity, and yield). | found that the GauDiO2 produced up to two fold more protein
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than the pTDHS3 reference but was not genetically stable and the productivity decreased over
time for high targets of differentiation fraction. GAuDi04, which showed a milder growth defect,
was more amenable to long term control and outperformed the pTDH3 reference all around.
However, the differentiation system was found to be, at best, as good as the induction system.
The induction system with a single copy, maintained 4 fold higher productivity, was genetically
stable and, overall, yielded 5 times as much protein per ml of medium used compared to
constitutive expression. Interestingly, despite having twice the amount of cellular fluorescence,
the two copy optoATAF1 performed worse than the single copy. Lastly, | found that yield and
productivity could not be maximized at the same time demonstrating it experimentally for the
first time in continuous production in yeast. Overall, | am compelled to conclude that our
approach with a strong growth arrest is unfeasible for heterologous expression in continuous

cultures but introducing a milder growth defect seems to be more promising.

None of the constructs described hence far displayed selection effects and were free of
hysteresis, a simple ODE model was sufficient to capture the dynamics and permitted dynamic
control of consortia composition. However, | wondered if other instantiations might require the
characterization and development of more nuanced models that will be able to capture selection
effects and the ensuing hysteresis. To this end, | created a strain that possessed observable
readout for EL222 levels and its activity in addition to the two color recombination cassette (tetra
reporter). Specifically, | created three versions of the tetra reporter (integrated, centromeric and
2-micron) and characterized them in continuous cultures. | found that the system behaviour for
the integrated strain was similar to the original differentiation system albeit the efficiency was
reduced. This implied that a simple ODE model was sufficient to capture the dynamics. However,
for the plasmid versions, this was not the case and necessitated development of a stochastic
model of the differentiation system in addition to a stochastic model of plasmid copy number
fluctuations. For the former, we used the characterization data from the integrated strain and
this allowed us model the dynamics of the integrated strain quantitatively. To extend it to the
plasmid versions, we had to first develop a model of plasmid copy number fluctuations in the
population. We used the characterization data from the plasmid strains to parameterize the
model. We found that this model predicted the consequences of plasmid fluctuations well.
Therefore, we built a composed model to predict population dynamics arising from the 2-micron
strain. We found that the composed model led to remarkably accurate predictions for the
dynamics of the differentiated fraction in addition to quantitative agreement with the stationary
distribution of EL222 in the population. Furthermore, the model was able to capture the dynamics
of distribution of EL222 in non-differentiated cells. Lastly, the model predicted that it will be

possible to apply light in such a fashion so as to maintain the non-differentiated population at
225



lower levels of EL222 (constitutive expression,) and, by extension, plasmid copy numbers,
compared to the whole population by continuously and selectively removing cells via
differentiation. We found that data was in qualitative agreement with the model predictions

demonstrating that, as unintuitive as it may sound, it is possible to control constitutive expression.
Contributions

In Chapter 3, | describe the construction, characterization and modeling of an optogenetic
differentiation system in yeast that allows for creation of tailored microbial consortia with custom
functionalities and predictable dynamics rendering its composition controllable in space and in
time independent of cell density of the culture. This constitutes as the major contribution of the

thesis.

In Chapter 4, | undertook a systematic comparison of different modes of heterologous expression
in continuous operation. In doing so, two new platforms for heterologous expression were
developed and characterized, an optogenetically inducible platform (optoATAF1) and a
differentiation based platform (GAuDi), and both outperformed pTDH3 based constitutive

expression.

Chapter 5 details application of the differentiation system to understand the interplay between
single cell and population level processes to shape population behaviour. Reaching a mechanistic
understanding necessitated construction and characterization of the tetra reporter in three
different genetic contexts. Stochastic models describing the differentiation system and the
plasmid dynamics, when composed together, enabled parameter free prediction of the
population dynamics arising out of the 2-micron tetra reporter and control of constitutive gene

expression (plasmid copy number) at the population level.

The following is a list of specific contributions that have emerged out of the work done for the

thesis.
The differentiation system
Most efficient optogenetically inducible recombinase characterized in yeast to date

Practical and versatile tool to create and spatiotemporally control multi-species microbial

consortia in,

e small (batch) and medium (continuous) scale liquid cultures
e very small scale liquid cultures (Pfluidic devices)

e solid cultures
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independently of the cell density

First demonstration of optogenetic control of microbial consortia
First report of dynamic control of microbial consortia in yeast
Continuous heterologous expression

OptoATAF1- light inducible platform

e Results in up to 20 fold higher expression levels at the single cell level when compared to

pTDH3 driven expression

e As an optogenetically inducible platform for heterologous expression, outperforms

constitutive expression (4 fold higher production and 5 fold higher yield)

GAuDi- light tunable differentiation based platform

e Results in up to 8 fold higher expression levels at the single cell level when compared to

pTDH3 driven expression

e As a novel differentiation based platform for heterologous expression, GAuDi outperforms

constitutive expression (4 fold higher production and 4 fold higher yield)

First experimental evidence for the yield-productivity pareto frontier in continuous heterologous

expression in yeast

Understanding the interplay of single-cell and population processes
Characterization of the consequences of variability on circuit function
Parameter free prediction of circuit function upon change in genetic context

Control of constitutive expression (plasmid copy number)

Shortcomings

The work done here presents with several shortcomings pertaining to various aspects of the work.

In what follows | try to describe these shortcomings categorically. | have included a suggestion

(in ltalics) to improve or solve the shortcoming wherever applicable.

Design of the differentiation system
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When the differentiation system is scaled up fo give rise to multiple species consortia, light based
recombination remains the sole handle to differentiate new species from the non-differentiated
cells. While tuning of the relative length of the recombination cassettes allows some degree of
control, it is not sufficient to be applicable in some metabolic engineering applications where

precise control of metabolic flux is desired.

The system described here can be used with another optogenetically driven recombinase system that
is triggered with a different coloured light. In this fashion, it is possible to increase the number of
species to 16, by having three orthogonal recombinases (Lin et al. 2015; Nern et al. 2011; W. Liu
et al. 2018) being driven by three differently coloured light signals, the limiting factor being the
number of characterized orthogonal light induction systems (Benzinger and Khammash 2018;
Hochrein et al. 2017; Schmidl et al. 2014). A preprint (Jang et al. 2019) reported development
of a library of optogenetic tools derived from cyanobacteriochromes(Fushimi and Narikawa 2019)

shown to be functional in yeast and operating in green, orange, red, and far-red range.

Furthermore, the system is perhaps too efficient. This high efficiency results in inadvertent
recombination due to ambient light. It is a huge pain to work in red light all the time. It would be

preferable to have a system that retains the high efficiency but is less sensitive to ambient light.

This can be addressed, perhaps, by shifting the expression of EL222 to a weak constitutive promoter
and including a positive feedback loop on EL222 driving itself at another locus. | expect this to
result in less sensitivity to transient ambient light. In terms of efficiency, this would introduce a delay

in the time required to reach ~100% differentiation but will eventually get there.

Characterization of the differentiation system

While it is great that the system has been thoroughly characterized in different experimental
contexts for a specific length of the to-be-excised fraction, it would have been desirable to
characterize the effect of the length of the to-be-excised fraction, at least in liquid cultures, if

not in all contexts.

Another thing that remains missing from this work is the characterization of the effects of loci of

integration of the recombination cassette on the functioning of the system.
The efficiency of the recombination should have been estimated more quantitatively.

For example, by moving the recombination cassette to a 2l plasmid and quantifying the efficiency

per copy of cassette.

Control of microbial consortia
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The control could have been demonstrated for cultures maintained at different cell densities, as
it stands one can only conclude that the cell densities chosen were the only ones that worked (to
be completely fair, | did perform experiments with different cell densities and managed to

control consortia but these were with a strain with questionable genotype).

Spatial control

Spatial control on a larger scale has not been demonstrated like for example on agar plates.

Design of GAuDi

Design of GAuDi strains could have been more straightforward. Specifically, FART-22 should
have been expressed without the mCerulean tag. However, | note, experiments with galactose
inducible versions showed similar degree of growth arrest with or without the tag and therefore

the tagged version was chosen because it could be used at the same time to observe the nuclear

physiology.

The positive feedback loop on ATAF1 was leaky and led to the activation of the growth arrest

module in a subset of the population. It would have been preferable to avoid such inelegancies.

This could have been achieved by moving ATAF1 downstream of the differentiation event such that
another transcription factor (JUB1 (Naseri et al. 2017), for example) is expressed after

differentiation, which then drives ATAFT.

The idea of avoiding genetic instability by completely arresting the growth seems ill conceived

in retrospect and should have been questioned more systematically at the beginning of the PhD.

Characterization of GAuDi and optoATAF1

This work completely ignores the question of investigating the physiology of the cells that are
under the growth arrest. No measurements of DNA content, RNA content, and protein content
have been made (except the ones made via cytometry) and is truly a waste of what could have

been a rich data set.

No effort has been made to analyze the live cell imaging experiments of cells expressing FAR1
at different strengths in a microfluidic chamber in relation to studying the nuclear architecture in

the presence and absence of growth arrest.

Experiments with optoATAF1 driving different copies of fluorescent proteins lacked proper
controls and were performed only once. More specifically, all the fluorescent proteins should

have been added in two copies to the optoATAF1 strain with and without feedback.
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The functioning of the feedback loop should have been independently verified by performing

RT-gPCR or western blot.

The characterization of the optoATAF1 strains, in general, has been very poor. It would have
been desirable to observe the dynamics of induction and growth rate under different light inputs,

preferably in a systematic manner similar to EL222 induction study.

OptoATAF1 targets should have been expressed from plasmids to better understand the

buffering mechanism hinted at by the experiments shown in the thesis.
Tetra reporter design and characterization

EL222 tagged with mVenus at the C terminal is less efficient than the untagged EL222. Tagging
at the N-terminal (it is unintuitive but that is what Benzinger and Khammash did) should also have

been checked for activity.

(I actually did make the constructs and the activity appears to be similar but the data is very

low quality because induction was done in batch and the timepoints are not consistent).

Only the plasmids that carry the URA3 auxotrophic marker were explored in the thesis. It would

have been worthwhile to verify the results on at least one other auxotrophic marker.
(I actually did make the constructs but could not perform the experiments in the turbidostat).

Lack of replicates

ReacSight is an exceptional platform that is capable of producing very high quality data for
long term experiments with minimal human intervention and this is great. ReacSight was in
continuous development over the course of the PhD and this necessitated adaptations to
experimental protocols. Running automated parallel bioreactor experiments lasting several days
with cytometry time points every 1-2 hours is a challenge and not all experiments work flawlessly
as one can imagine. A large proportion of my experiments failed and majority of these failed
due to errors in software or hardware. These included but were not restricted to, OD control
malfunction, cytometry malfunction, pump malfunction, and heating malfunction. Some errors
were hard to exactly pinpoint. In short, while the generated data is of very high quality when
the platform behaves, there is a significant chance that something would go wrong during the
experiment, especially when it is a long term experiment (4-5 days). This, in part, contributed to

the lack of replicates for several experiments.

The robustness of the platform might benefit in long term by cataloguing encountered errors
especially unresolved mysterious bugs and performing frequent quality checks.
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Perspectives

In this section, | talk about some general perspectives that are illuminated by the work. For

improvements to the system and additional experiments see Shortcomings and chapter-specific

discussions.

Application of the differentiation system as a tool for creating microbial consortia

This work was carried out with the principal application to generate and dynamically control
microbial consortia in mind. In this respect, the system presented here possesses several desirable

characteristics that make it a lucrative tool.
e Bioproduction and metabolic engineering

The most straightforward application of the system is in generating microbial consortia that
compartmentalize metabolic flux in the population, which can be achieved by simply replacing
the fluorescent proteins used in the original differentiation system by transcription factors that
drive entire pathways. Plant based orthogonal transcription factors are good candidates for this
application due to the large dynamic range afforded by TF specific promoters of different

strengths. In this way, metabolic burden can be distributed and the flux compartmentalized.

It may equally well be employed to decouple growth and production to improve heterologous
expression. One realization of the latter was explored in this work and found to be suboptimal.
Other realizations, particularly those that arrest cell growth, in addition to cell division, could be

worth investigating.

Lastly, coupling the differentiation system to an apoptotic module could serve as an alternative
to secretion fo obtain proteins in solution. Furthermore, if ATAF1 is used to drive the expression
and the apoptosis could be programmed to occur 10h after differentiation, yield may be

increased several fold over traditional inducible methods.
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e Bioremediation

The differentiation system may be used to generate microbial consortia that cooperatively
degrade plastic. The approach can be taken one step further by replacing the light induction of
recombinase by introducing sensor motifs that in cue to specific environmental cues, for example
presence of petroleum products, differentiate cells into “cleaners”. This approach can be
multiplexed to prepare strains that are capable of “cleaning” a variety of environmentally

undesirable waste products.
e Microbiome engineering

The applicability of the system could be translated into therapeutics given the operational yeast
is changed to S. boulardii. As an example, one could engineer a version of the differentiation
system that expresses huge quantities of a bacteria specific toxin (or antitumor drug) upon
differentiation and triggers apoptosis when the expression saturates to release the toxin and
eliminate drug resistant Gl infections. These could be enhanced by replacing light by pH sensitive
promoters or engineered motifs that are triggered in the presence of specific bacteria (or (pre-

) cancerous cells).

Application of the optoATAF1 platform to determine limits of heterologous expression in

yeast

The results described in this work suggest that optoATAF1 driven expression can lead to 20 fold
higher protein levels compared to pTDH3 expression, amounting to roughly 46% of the yeast
proteome, making optoATAF1 a suitable platform to study the consequences of high
heterologous expression that competes with the native machinery for resources. In addition,
optoATAF1 strains carrying target genes on 2-micron plasmids can be used to elucidate gene
dosage in yeast, characterize the cost of heterologous expression and find the limits to which

individual yeast cells can be pushed to produce a heterologous protein.

Application of the optogenetic recombinase as a tool for studying multicellular systems

Owing to high efficiency and low leakage, the differentiation system could be used to study
multicellular systems where spatial organization is known to play a key role and perturb them

locally.

e Spatial organization in microbial communities
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Based on the experiments conducted in this thesis, it is clear that the differentiation system can
be used to control microbial consortia composition in space. It can, therefore, be used to study
how community dynamics are influenced by the spatial organization if the differentiated and
non-differentiated species are engineered to interact. Such interactions have previously been
engineered in E. coli (Kong et al. 2018). Since we are not restricted to patterns attainable in
nature (Basu et al. 2005), the system provides a unique opportunity to study how equilibria are
reached in multispecies ecosystems and elucidate microbial interactions in complex spatially

structured communities.
e Development of externally controllable organoids

While the work done in the thesis does not present any evidence to show that the system remains
functional in mammalian cells, one can argue that, since both EL222 and Cre are functional, the
EL222 inducible Cre should also be functional. If this logic is to be trusted, then, the differentiation
system with the capacity to optogenetically control cell fate decisions with spatiotemporal
precision has the potential to become a critical tool for dissecting signalling pathways (Toettcher
et al. 2011) or understanding developmental programs (Johnson et al. 2020). Taken together,
this may allow the development of externally controllable organoids or other multicellular

systems.
e Perturbation of mammalian developmental programs in ex-utero roller cultures

The results obtained for single cell control of recombination under the microscope are
encouraging and indicate that the resolution of the spatial control achievable with this system is
sufficiently high to wonder if it can be used to perturb developmental processes in higher
mammals in conjunction with ex-utero cultures (Aguilera-Castrejon et al. 2021). More concretely,
EL222 could be regulated such that it is only active in a subpopulation of cells (Andersson et al.
2014) or during a specific time (Gifford et al. 201 3) in development. Light may then be used to
effect a genetic change that perturbs the developmental program in cell type specific and

spatially or temporally localized fashion.
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Annex 1

SINGLE CELL CONTROL OF
DIFFERENTIATION

Preface

Portions of this chapter as well as some figures have been adapted from Fox et al. (2021).

Contribution

Strain L3-17 (Figure A1.1a), owing to its fast recombination dynamics, was used to probe control
of differentiation at the single cell level. Briefly, prior to recombination the cells express EL222
TF from pTDH3-LoxP. Cre is under the control pEL222 bs 5X Gall. Blue light triggers the
expression of Cre. Cre in turn effects the excision of EL222 TF CDS thus switching expression
from EL222 to ATAF1 TF. ATAF1 is an orthogonal transcription factor that drives the expression
of FAR1-22-mCerulean (FARTM). FARTM arrests the growth.

Cells were grown to exponential phase in the dark and loaded in a microfluidic chamber. A
ring-like pattern was shone on the cells in the field of view for 1s every 6 minutes (Figure A1.1b)
using a digital micromirror device (DMD) (Figure 6.16). Cells within the pattern received the light
signal. Due to flow and cellular growth, some cells that were initially inside the pattern, moved
outside and vice-versa. Despite this low but substantial flux, we observed that recombination
predominantly took place within the pattern (Figure Al.1c). We note that some cells were
erroneously targeted for recombination because of tracking issues, and that only a few cells
have not shown the recombined phenotype at the end of the experiment despite having being

effectively targeted for recombination (Figure Al.1d).
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Figure Al.1. Pattern formation in yeast at the single cell level. a. Upon light exposure, the Cre recombinase
is expressed and triggers recombination, leading to the expression of ATAFI and then of mCerulean-
FariM. Stars indicate nuclear localization of the protein. b. Targeted cells are stimulated for 1 second
every 6 minutes until the end of the experiment. Fluorescence levels emitted by targeted cells can be
recorded. At the end of the experiment, all cells are imaged and a recombined or non-recombined
phenotype is attributed. c. A ring-like region in the field of view is selected at the beginning of the
experiment and all cells entering the designated region at some time point are targeted for
recombination. e. The distributions of the fluorescence levels of the targeted and non-targeted cells can
be computed at the end of the experiment. The vast majority of cells present the expected phenotype

and outliers can be further analyzed.

To exploit our reactive microscopy platform, we tried to create islets of recombined cells. In
order to achieve this, we again loaded exponentially growing cells in a microfluidic chamber.
Images of cells growing were taken every 6 minutes and segmented in real time using SegMator.
We randomly selected half of the cells in the field of view to recombine. To maximize the chances
that the chosen cells do recombine, we tracked each chosen cell and targeted it repeatedly with
1s light stimulations (Figure A1.1b). However, we observed having two targeted cells close to
each other led to undesirable recombination (data not shown). Therefore, we dynamically sought
and targeted cells that were far from any previously-targeted cell. (Figure A1.2a). We found
that this strategy was successful in creating isolated micro colonies of recombined cells without
unspecific recombination of non-targeted cells (Figure A1.2b). We could reconstruct lineage
trees (Figure A1.2¢c) from the time course segmentation data and upon analyzing the lineage
trees, we found a clear growth defect in the targeted cells (Figure A1.2d) consistent with the
phenotype reported for differentiated cells in Chapter 4 (Figure 4.9). We note that the previous
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works demonstrating optogenetically-driven recombination use static masks for light targeting.
Obtaining single-cell resolution as demonstrated in Figure A1.2b necessitates real-time image

analysis and the use of reactive software.
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Figure A1.2. Single cell control of recombination in yeast 2D cultures. a. Cells are dynamically selected
such that no target cells are close to each other. b. Image to reveal the targeted recombination c. Cell
lineages of targeted and non-targeted cells can be manually reconstructed and statistics can be
extracted. d. Growth rate comparison between targeted and non targeted cells.

237



238



Annex 2

FAR1IM MEDIATED GROWTH ARREST
IS EXPRESSION LEVEL DEPENDENT

| cloned tagged version (mCerulean) of FART-22 under the control of a galactose promoter or
light inducible (pEL-6x BS) in three different vectors, integrative, centromeric and 2l (Figure
A2.1A) known to be present in 1 copy, 1-2 copies and 5-60 copies respectively. In order to
assess the extent of growth arrest in theses strains upon induction, they were made to compete
with a reference strain in batch, turbidostat and a microfluidic chamber under the microscope
(Figure A2.1B). The level of growth arrest seemingly depended on the vector of expression of
FARTM (Figure A2.2), with the greatest growth defect observed in the high copy vector.
Arguably, the cells slowed down considerably, up to 40% of their original growth rate in the
case of 2 expression vector under pGal (Figure A2.2) but the growth arrest was not complete.
Under the microscope, | observed that the cells overexpressing FARTM from an integrated locus
under pGal became fluorescent in the nucleus and did not bud. The cell size also increased
(Figure A2.2). However, the observed growth rate of the reference strain in certain fields of
view was up to two-fold less than the WT. This could be due to the observed washout of new

buds, which would decrease the apparent growth rate.

A Far| Over overexpression strains B

pGall{p-EL222-6x oGall/p-EL222-6x
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batch turbidostat microfluidic chamber
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X pTDH3 e
Reference strain i H .
+Galactose/light +Galactose/light +Gaiacfese flight

1 Copy

pGalljp-EL222-6x

Figure A2.1: Constructions of the optogenetically and galactose inducible FAR1 strains and competition
experiment design. A) Strain genotypes. FARIM was driven either by a galactose inducible promoter or
a light inducible (pEL-222 6x BS) promoter. This expression cassette was infroduced as an integration (single
copy), as centromeric plasmid (1-2 copies) and as a 2u plasmid (5-60 copies). B) Competition experiments
in turbidostat, batch and microfluidic chamber under light were conducted by co-culturing these strains
with a reference strain with WT growth rate and constitutive red fluorescence to differentiate them from

the FARI overexpressing strains. The population was measured at regular intervals via cytometry to get
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the fraction of each sfrain present in the population and the log ratio of these fractions was used to
estimate the growth rate of FART overexpressing strains. For galactose induction, pre-culture was done in
2% Raffinose URA- media and 2% Raffinose + 4% galactose media was substituted at the time of induction.
For light induction, an intensity of 50 was used. In the microscope, batch LEDs were used instead of the
microscope for light induction.
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Figure A2.2: Preliminary data on growth arrest via overexpression of FART-mCerulean. A-D) Cells
overexpressing FAR 1M via galactose or light were co-cultured with a strain carrying constitutive mScarlet-
| in either batch or turbidostat. The culture was monitored by taking cytometry measurements every 2
hours. Growth rate was estimated via the slope of the log ratio of the fractions of two populations over
time. In each experiment, a greater degree of growth defect was observed for 2u plasmids and pGal
promoter. This suggests that FAR] mediated growth arrest is expression level dependent. E-G)
Competition experiment in microfluidic chamber with integrated pGal-FARIM and pTDH3-mScarlet-I.
Cells were co-cultured in a microfluidic chamber with 4% galactose induction and the growth rate was
calculated by the increase in number of cells over time identified by their fluorescence. Static images at
t =0 andt =8.25 from a representative field of view are showed in E and F. The reference growth rate was
1.5-2 times slower than that observed in turbidostat but this can be explained by the observed washout
of new buds. FARIM expressing cells became fluorescent in the nucleus confirming nuclear localization

and arrested as large unbudded or large cells with small buds.

The growth defect was less substantial with strains that expressed FAR1 with optogenetically
inducible promoter (EL-222-6x BS-Cyc180) (Figure A2.2). This, in addition to vector dependent
nature of the growth arrest, was enough to convince me that the growth arrest might increase
with FARTM expression levels. | note that the levels of arrest obtained with gal inducible

expression of FARTM were similar to those obtained by gal inducible expression of FART-22.

240



Annex 3

CURIOSITIES

tMFA2 terminator leads to noisy (almost bimodal) expression upon EL222 induction

tMFA2 is known to destabilize the mRNA (Decker and Parker 1993). To investigate the
heterogeneity such a terminator would engender | decided to couple it to EL222 inducible

expression.

| cloned a version of the EL222 reporter that contained tMFA2 as a terminator (pEL222-
mScarletl-tMFA2) and compared the induction behaviour in the batch with respect to (pEL222-
mScarletl-tENO1). In addition to mScarlet-l as the reporter protein, | made constructs that
expressed mNeonGreen as the reporter (pEL222-mNeonGreen-X, X stands for tENO1 and
tMFA2). All of these constructs were integrated in the Leu2 locus using standard lithium acetate
transformation in a strain containing a cassette for the constitutive expression of EL222
integrated in the URA locus. For the first experiment, due to lack of space, | cultured reporters
that differed in the fluorescent protein but carried the same terminator together in light (at
intensity 40). Induction was started at t= 0. Measurements were taken at t=0 and t =5h (Figure
A3.1).

Co-culture of pEL222-mScarlet-1-X and pEL222-mNeonGreen-X
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Figure A3.1. Scatter plots of various EL222 reporters in dark (grey) and after 5h of light (blue). Reporters
with the same terminator were cultured together. The plotted data is the fluorescence intensity in GRN-B-
HLin (mMNeonGreen) and ORG-G-HLin (mScarletl). The dark behaviour of the strains is identical, however,
tMFA2 leads to much higher noise in expression levels compared to tENOT, upon induction.
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| found that expression from tENO1 resembled expression of the EL222 reporter describe in
Chapter 3. However, the tMFA2 led to highly variable expression. Notably, some cells reached
fluorescence an order of magnitude higher than observed for tENO1 whereas a significant part
of the population showed no increase in fluorescence (Figure A3.1). Fearing that | had made a
mistake in picking the colonies, | repeated the experiment, this time with dark controls for the
tMFA2 reporters and replicates. | observed the same behaviour. In order to make sure that the
distribution does not change with induction time, | kept the induction going for 22h. | noticed that
an increase in the induction period did not result in significant changes in the distribution of the

reporter protein (Figure A3.2).
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Figure A3.2. Distributions of EL222 reporters. tMFA2 in dark (grey), tMFA2 after 5h (top) & 22h (bottom) of
induction (red and green). Corresponding induction levels for tENO1 (blue). All cultures were grown in
replicates. Black arrows highlight the long tail of tMFA2. X stands for tENO1 and tMFA2.
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A suspicious integrated tetra reporter leads to very fast differentiation

The first tetra reporter construct | made behaved like the dual reporter in full light but | observed
that it actually is much more efficient than the dual reporter especially when excited with short
pulses of light. | tried to sequence the integrated cassette and found that the part pertaining to
the EL222 expression could not be sequenced properly. | postulate that this is due to multiple
integrations that took place. | do not know the number of repeats but looking at the fluorescence
distribution of mVenus, | am inclined to say that there might be as many as 8 copies of the EL222

expression cassette.
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Figure A3.3. Left. Comparison of differentiation behaviour for four strains all with the same recombination
cassette but different EL222 expression. Multi_tetra reporter seems as good as the dual reporter (Chapter
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3) in full light and much faster than the integrated tefra reporter and the 2u tetra reporter described in
Chapter 5. Right. Comparing the behaviour of the Dual reporter and the multi tetra reporter for repeated
pulses, | found that 5 minutes pulses (that led to no detectable differentiation for the dual reporter, data
not shown) (extremely, Figure A3.4) reproducibly led to ~50% differentiation for the multi tetra reporter. For
comparison, | show the behaviour of the dual reporter for 30 minute pulses that still do not lead to 50%
differentiation (also see Figure 3.10 & 3.12). Botom. Upon comparing the distributions of mVenus-EL222 in
the single copy infegrated and the dubious multi-copy strain, | found that the expression was about 8
fimes higher on average (vertical lines). All cultures were grown in the bioreactor and induced upon
reaching exponential phase.

Before | became aware that this strain was aberrant, | thoroughly characterized the
differentiation behaviour. | induced the cells growing in the turbidostat with 5-minute pulses at
different interpulse intervals and observed remarkable reproducibility despite reactor-to-
reactor variability.

Interval(mins)
< 100 A —— —
g 75- 60
T 50- 120
2 . 180
E -

g 300
° o . . . . . 360
0 5 10 15 20 25 30

Time(h)
S
4 60 -
: 607
501 8
§ 50 ]
§ 40 -
£ 30
i 20
"E 10-_
£ 0 '
a 60 120 180 300 360

Interpulse Interval (mins)

Figure A3.4. Reproducible response to same stimulus (top) and apparent absence of hysteresis (bottom).
Cells were cultured confinuously in exponential phase with regular cytometry measurements and
stimulated with 30-minute light pulse. The pulse was repeated at different interpulse intervals ranging from
60 minutes to 360 minutes. The results show a remarkable tfendency of the system to behave predictably
with 50% of the cells getting differentiated with each pulse. (Top) Dynamics of differentiation for 5-min
pulses deliver at different interpulse infervals. The solid lines are means and shaded regions are 95% CI
calculated via bootstrapping. (Bottom) Bars represent the mean fraction of cells differentfiated with each
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pulse at a given interpulse interval. Error bars signify standard deviation and individual data points are
overlaid on top. There is no statistically significant difference between the different interpulse intervals.
Blue represents continuous light.

The absence of a memory effect and high reproducibility between reactors suggests that the

high EL222 concentration is enough to counter the effects of variability in induction.
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organisms marked a critical turning point in biology!. Such

shift relied on optimizing fitness and productivity through
division of labour and specialization?:3. The same principle can be
extended to microorganisms living together to form microbial
communities or consortia. Engineered microbial consortia hold
enormous potential and have been hailed as the next frontier in
synthetic biology*°. Proof of concept studies have concretely
established applications in bioproduction®’, bioremediation®?,
and soil microbiome engineering!?, paving the way for ther-
apeutic applications using human microbiome engineering!!-12.

In the context of bioproduction, microbial consortia possess
several advantages over traditional monocultures as functional
specialization allows metabolic burden to be shared across dif-
ferent species. Diversification thus allows yields to be optimized
simply through tuning consortia composition, rather than re-
engineering the strain itself'3. Moreover, by including multiple
species, toxic by-products produced by one species can be
sequestered and/or metabolized by another, thereby improving
the efficiency of the overall process'%. Microbial consortia are
typically generated by culturing two or more species together.
Such co-culturing approaches rely on various inter-species
interactions to ensure the co-existence of different species like
mutualism!?, emergent cooperation!®, competitive amensalism!7,
and predation!$. Despite considerable advances in our ability to
engineer microbial consortia®®%19-21 and in our understanding
of community interactions!>16:18:21.22 " dynamic control of con-
sortium composition remains a key challenge in the field!®.
Typically, stable consortia are based on syntrophic or quorum
sensing interactions that, albeit being autonomous, remain criti-
cally dependent on cell density, thus limiting the applicability for
dynamic control. Additionally, scaling the consortium to include
more than two species requires non-trivial considerations that
may not lead to stable co-existence2C. In light of these limitations,
an externally controllable differentiation system could be well
suited to address this challenge.

In recent years, advances in biological control have come from
coupling computers with growing cells carrying the engineered
system, made possible by special platforms that integrate biolo-
gical systems with the computer via a feedback loop?3-27. The
development of optogenetics, i.e. the use of light to trigger cellular
processes, has contributed significantly to control applications by
increasing the spatiotemporal resolution of the control
signal?3-24:28-38 Control of protein expression using light has
been demonstrated both at the population level?328:31 and in
single cells?0-33:3437 Optogenetics has been used to control cel-
lular processes in other contexts, for instance, signalling
dynamics?4, morphogenesis®®, neuroscience?d, bioproduction,
and metabolic engineering?-35. However, control of population
dynamics using optogenetics in a multispecies environment has
not been demonstrated yet.

Here, we present an artificial differentiation system in S. cere-
visiae capable of generating a microbial consortium composed of
functionally different subpopulations emerging from a single
population akin to differentiation in multicellular organisms.
Concretely, we achieve differentiation into genetically distinct
subpopulations—henceforth referred to as species to highlight the
analogy to natural microbial consortia—via recombination-based
genetic rewiring that can be externally controlled via light. We
demonstrate that our system shows desirable features including
low background activity, high efficiency for optogenetic recom-
binases in budding yeast, graded response to varying light signals,
absence of hysteresis, and dynamics that are fast, predictable, and
tunable. The system reaches >99% differentiation after 4 h of light
stimulation and can be stably maintained at any given inter-
mediate level of differentiation for long periods of time (>48 h).

The evolutionary transition from single cell to multicellular

2

Owing to its fast and predictable dynamics, our differentiation
system enables rapid and robust bidirectional control of a
microbial consortium arising from a single strain at user-defined
compositions in continuous cultures for extended periods in
dynamic setups. Coupling the system to a growth arrest module
allows us to control population growth rates in continuous cul-
ture in different physiological contexts. We show that our system
can be extended to give rise to complex multispecies microbial
consortia. We engineer two differentiation programmes that can
be used to control the total number of species. Finally, we show
that our system allows for spatial structuring of microbial con-
sortia by imprinting patterns in 2D cultures with high resolution.
To the best of our knowledge, this is the first report of light-
driven system for control of a microbial consortium.

Results
An optogenetic synthetic differentiation system in S. cerevisiae.
We constructed an optogenetic differentiation system consisting
of a blue light-inducible Cre recombinase under the control of a
constitutively expressed optogenetic transcription factor, EL222
(refs. 3%40). In order to test the functionality of the system, we
designed a recombination cassette composed of a floxed coding
sequence (CDS), coding for a fluorescent reporter (mCerulean)
that is transcribed constitutively via a pTDH3 promoter upstream
of the first LoxP site. Another CDS, coding for a different
fluorescent reporter (mNeonGreen), was added downstream of
the second LoxP site (Fig. 1a, top and Supplementary Fig. 7).
Prior to differentiation, mCerulean is constitutively expressed
and mNeonGreen is not. After light induction, Cre is expressed
causing a recombination event leading to the expression of
mNeonGreen and loss of mCerulean expression.

Fast and efficient differentiation in light, low background
activity in the dark. In order to evaluate efficiency and back-
ground activity, cells harbouring the differentiation system were
cultured to the exponential phase in batch and then subjected to
either blue light or kept in darkness. Samples were taken at
regular intervals and passed through the cytometer (Fig. la,
bottom). We used flow cytometry data to compute the differ-
entiated fraction by applying a threshold on mNeonGreen
fluorescence (Fig. 1b). We observed only a marginal increase in
the differentiated fraction after 72h of culture in the dark sug-
gesting low background activity (Fig. lc, grey inset). Induction
with blue light triggered differentiation. Moreover, the efficiency
of the system in budding yeast was superior when compared to
existing light inducible systems in S. cerevisiae, leading to >99%
differentiation after 4h of induction (Fig. lc, blue inset) (Sup-
plementary Table 2)41-44_ The efficiency of our system allows us
to achieve high levels of differentiation with minimal light
exposure thus eliminating the risk of phototoxicity (Supplemen-
tary Note 3 and Supplementary Fig. 8).

Dynamics of the recombined fraction could be modulated by
varying either the light intensity or the duration of applied light
pulses. We note that the differentiated fractions are reminiscent
of EL222 inducible fluorescent protein levels for varying light
intensities or the frequency or duration of applied light pulses
(Supplementary Note 3 and Supplementary Figs. 9 and 10)4°.

To further establish that our system remains functional in
different experimental contexts, we cultured cells in a microfluidic
chamber and stimulated them periodically via short pulses of
light on our microscopy platform3°. Through regular imaging,
cellular fluorescence was used to classify cells as differentiated
(Fig. 1d). Prior to light induction (Fig. 1d, t = 0) less than 2% of
the cells were differentiated (n =817, over eight fields from two
independent experiments) and within 8 h of induction more than
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Fig. 1 Design and functional characterization of the differentiation system in liquid and 2D cultures. a Design and experimental setup. Cells
constitutively express EL222 optogenetic transcription factor. Blue light triggers expression of Cre and recombination, and a change in fluorescence from
mCerulean to mNeonGreen. Cells carrying the differentiation system were cultured to exponential phase in batch and induced via LEDs. Cytometry
measurements were made by sampling at regular intervals. b Quantification of differentiation. Cells are classified as differentiated if cellular mNeonGreen
fluorescence exceeds 200 arb. units (red line). The plot shows the evolution of population mNeonGreen fluorescence as a function of time. The threshold
was set such that only cells that have expressed detectable amounts of mNeonGreen are classified as differentiated. ¢ Efficiency and background
differentiation. Twenty colonies were picked and cultured in batch for 72 h in dark or induced at t = O for 4 h. Measurements were taken at t =0, t =24h
and t =72 h. Bars represent means from a single experiment. Error bars signify standard deviation. Individual data points from colonies are depicted in a
scatter plot overlaid on the bar plot (blue and grey insets). Increase in differentiated fraction was not significant (n.s.) after 24 h (p = 0.41) but became
significant at 72 h (p =5.3e—08; two-sided paired t-test) (black horizontal lines). d Snapshots of cell growth and differentiation under the microscope.
Images during induction from a representative field of view. Cellular fluorescence changes from mCerulean (cyan) to mNeonGreen (yellow)
(Supplementary Movie 1). e Differentiation dynamics under the microscope. Images were segmented and analysed. To be deemed differentiated, median
cellular fluorescence had to exceed 300 arb. units mNeonGreen fluorescence. Circles represent mean differentiated fraction over eight fields of view from
two independent experiments. Shaded region shows standard error of mean. The total number of cells at t = O summed over all fields of view are given by n
(n = 817). f Imprinting patterns in the population. Cells were allowed to form a monolayer inside a plbidi slide. A user-defined pattern was illuminated over
the monolayer using a digital mirror device (DMD). Merge consists of mCerulean fluorescence (cyan), mNeonGreen fluorescence (yellow), and the pattern

(magenta).

99% of the cells in the field of view had differentiated (Fig. 1d,
t=6h and Supplementary Movie 1). The differentiation
dynamics were reproducible (Fig. 1e and Supplementary Fig. 6).

Spatial control of differentiation and pattern formation in 2D
cultures. To control population composition in space, we grew
cells harbouring the differentiation system to the late exponential
phase. Cells were then loaded in a ulbidi slide and placed under
the microscope. We used our microscopy platform equipped with
a digital micromirror device to periodically shine blue light in the
shape of different patterns (Supplementary Fig. 20). Cells were
illuminated with a given pattern for 1s every 3 min during 1h
(Supplementary Note 6). Following this, cells were kept in
darkness for an hour prior to imaging to ensure a good assess-
ment of the differentiation state of cells (time for the mNeon-
Green protein to be produced and mature). We observed that
accurate patterns of differentiated cells emerged (Fig. 1f). Some
recombination was present outside of the provided pattern, but it
is very likely that these cells had differentiated long before the
start of the experiment since they lacked mCerulean fluorescence.
We conclude that our optogenetic differentiation system enables
precise spatial control of differentiation, suggesting that it is a

NATURE COMMUNICATIONS |

practical tool to generate spatially structured heterogeneous
microbial communities composed of functionally distinct
subpopulations.

Characterization of the system and development of a predictive
model. To characterize the differentiation behaviour, cells were
cultured continuously in the exponential phase in our LED-
equipped custom turbidostat platform?® and induced with dif-
ferent light inputs (Fig. 2a). Sampling from the culture and flow
cytometry measurements were automated (“Methods”). We
observed that, by modulating duration of light pulses (Fig. 2a,
top), the system could be regulated to reach intermediate levels of
differentiation that were stable over time (>48 h, Fig. 2b), showing
that we can stably maintain microbial consortium at different
compositions (Fig. 2c). Moreover, these results reveal an inter-
esting dichotomy of our system: it is capable of eliciting a graded
response to different stimuli at the population level as well as a
differential response to the same stimulus at the single-cell level
(Figs. 1d and 2c¢).

Next, we wondered if hysteresis is present in our system given
repeated stimuli. To gauge the extent to which hysteresis affects
differentiation dynamics, we induced cultures with repeated

(2021)12:5829 | https://doi.org/10.1038/541467-021-26129-7 | www.nature.com/naturecommunications 3

249



ARTICLE NATURE COMMUNICATIONS | https://doi.org/10.103 021-2
a b Graded response to C  steady state distributions d  ODE model fit & validation
Single pulses of different durations single pulses Pulses(mins)
] < 100 Cont. 5 100
AR = 180 = P
2 Fiﬂ. ; S 8o S 8o T
P it 90 o 5 b
= - i 120 i
5 . £ e0 2 40
H /
3 . 3 Vs
(mins) 5 40 5 40 1
= e = / Model:Fit 1= 0.858h~*
Bioreactor platform T / ~--Model:Fit 2= 0.862 h~*
% 20 e o e 30 % 20 Y. Data:Fit 1
= N 15 = / - Data:Fit2
5 0l et e Dark 5 o
-20 -10 0 10 20 30 40 50 10 100 1000 0 30 60 90 120 150 180
&, Time(h) mNeonGreen Intensity (arb. units) Pulse duration (mins)
Ccl;nﬁnl\l.louls' " " nduction via LEDs Reproducible response to Continuous vs discrete pulses g Predicting dynamics with
cultures N repeated pulses 30-minute pulses
(0D 0.4-0.6) & 50 100 criope = 109 2R Model
c 15 -~ -Expected slope = 1 v P 230 —-40 --180 —--240
Automated Flow cytometry 240 ® . . s o 80 ..(—2
sampling measurements g oo o gro T ..(_—) % Q 100
53038 Teol 92 4 S o
Repeated pulses at different intervals g - 3 M ¢, f ; § %
Y 52 . g2 a0 2
ERA R < . 2= 2
S o - o} 59 £ 40 7
5 210 L0 20 [9) |
5 2 o , signal (mins) o 20 | Data
o) 2 5 #7030 e60 «90 =120 - 180 = i, *30 +60 ¢ 180 240
= O o 0 ¥ 5 o 3
o First 30 60 120 180 240 300 1] 20 40 60 80 100 -5 0 5 10

X Inierpylse interval Interpulse Interval (mins)
—mins)_ «(mins)

Differentiated Fraction (%)
discrete pulses

Time (h)

Fig. 2 Characterization and modelling in continuous cultures. a Bioreactor platform and induction profiles. Cells were cultured continuously in the
exponential phase using our bioreactor platform28. Cultures were induced via LEDs and flow cytometry measurements were automated. Induction was in
the form of either single pulses of different durations (top) or repeated pulses of 30 min at different interpulse intervals (bottom; only the first two pulses
are represented). b Differentiation dynamics after single pulse induction. Cultures were induced at t = O with single pulses of light ranging between 15 and
180 min (colour bar). Following induction, cultures were kept in the dark for 48 h. Circles represent values from a unique experiment. ¢ Tunable population
composition. Snapshots of population mNeonGreen fluorescence after induction with single pulses (b red line indicates the time of each snapshot).

d Model fitting and validation. An ODE model was fitted to single pulse induction data. Circles represent mean steady-state differentiation fractions of
three independent experiments (except 75-min pulse, unique experiment). Error bars signify s.d. Blue and red circles were independently used to fit the
ODE model (dashed lines). e Reproducible behaviour with repeated pulses. Cultures were stimulated with 30-min pulses repeated at different interpulse
intervals (30-300 min). Circles and diamonds represent the change in differentiation fraction by individual pulses from two independent experiments. Data
were collated over the two experiments for boxplots. The colour of circles and boxplots reflects interpulse interval. The first pulse of each experiment was
used for the blue boxplot. Lines, boxes, and whiskers denote median, quartiles, and extreme values, respectively. f No observable memory effect. Data from
(d and e) were used to the compare the efficiency of continuous light vs discrete pulses. Circles represent differentiation effected by continuous pulses
(y axis) and equivalent duration of induction in form of 30-min pulses (x-axis). Data are presented as mean values * s.d.; n =12 for discrete pulses and
n = 3 for continuous pulses, where n is the number of pulses delivered. A linear fit of the data is given by the blue dashed line and compared to expected
linear behaviour in the absence of memory (red line). g Predicting dynamics. Data (circles) from (e) was used to check the predictability of the ODE model
(dashed lines). Induction started at t = 0. Model predictions were shifted in time to account for observation delay.

pulses at various interpulse durations (Fig. 2a, bottom). If
hysteresis were present, we would expect smaller population
fractions to recombine with subsequent pulses compared to the
first one. The response was reproducible with each pulse resulting
in the same differentiated fraction regardless of prior exposure to
light (Fig. 2e) (up to small reactor-to-reactor variability).
Furthermore, we investigated if time-separated, repeated pulses
of a given total duration would result in a higher differentiation
fraction compared to a single continuous pulse of same duration.
We found that continuous light resulted in similar differentiation
fractions as discrete pulses for the same total duration of
induction (Fig. 2f).

To be able to predict the differentiated population fraction for
a given light input, we developed an ordinary differential
equations (ODE) model with a single parameter, the differentia-
tion rate (Supplementary Note 3). This model was fitted to two
datasets of steady-state differentiation fractions post induction
with mutually exclusive single pulses. Both fits captured observed
behaviours well and resulted in similar estimates for the
differentiation rate (Fig. 2d). A full description of the model as
well as our fitting strategy are presented in the Supplementary
Note 3. We also used the model to predict differentiation

4 NATUR

dynamics emerging from additional light input sequences and
found that model predictions were in good agreement with
observed data (Fig. 2g). We conclude that the differentiation
dynamics of our system is predictable and can be captured by a
simple ODE model.

Robust dynamic control of heterogeneous synthetic commu-
nities emerging from a single strain. Having established that our
differentiation system exhibits fast and predictable dynamics, we
investigated if we could employ it to control consortia composi-
tion at user-defined levels in a dynamic setting. We contrived an
experimental setup in which two reactors were coupled such that
the output of one reactor was connected to the input of the other
to be able to dynamically control the population composition
despite the absence of growth rate differences between differ-
entiated and non-differentiated cells. The first reactor was kept in
the dark as a ‘reservoir’ for non-differentiated cells and the second
‘control’ reactor was exposed to light signals to maintain the
culture at a target set point for the differentiated fraction. Cyto-
metry samples were taken every hour to observe the state of the
control reactor and adjust the control signal (Fig. 3a). Cultures in
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Fig. 3 Dynamic control of population composition in a microbial consortium. a Setup for two reactor control. Cells harbouring the original differentiation
system were continuously cultured at fixed but different cell densities in two reactors simultaneously. The first reactor was kept in the dark as a reservoir of
non-differentiated cells. The output of this vessel was connected to the second ‘control’ reactor. The control culture was set to a target level of

differentiation and continuously monitored via automated flow cytometry measurements that were analysed online. The system state was estimated from
analysed data and sent to the model predictive control (MPC) module. The MPC module provided an optimized light sequence to maintain the culture at
the desired set point (Supplementary Note 5). b Control of consortium composition. Cultures were targeted to 10-80% differentiation. Control started at
t = 0. Circles signify differentiated fractions. Each colour corresponds to a different control experiment and the dashed line reflects the target set point.
Note that the figure is composed of independent experiments of different lengths. Data were removed when the OD, either in the reservoir or the control
reactor, could not be maintained at the desired target. Light signals are provided in Supplementary Fig. 17. ¢ Bidirectional control of consortium

composition. Cultures were targeted to 40 and 80% differentiation. Data are represented as in (b). The target was changed at t = 60 h to 80% and 40%,

respectively.

both the reservoir and control reactors were maintained at con-
stant cell densities (Supplementary Note 5). In addition to the feed
from the reservoir reactor, the control reactor was fed fresh media
to maintain the culture at the target cell density. Since there was a
constant flux of non-differentiated cells from the reservoir to the
control reactor, we adjusted the ODE model accordingly.

Using a model predictive control (MPC) framework?® along with
the modified ODE model (Supplementary Note 5 and Supplemen-
tary Fig. 16), we attempted to maintain user-defined consortia
composition (differentiation fractions) in the control reactor. The
framework consisted of sampling cells from the control reactor at
regular intervals, performing online data analysis to estimate the
state of the system (fraction of differentiated cells), and updating the
light signal to maintain the fraction of differentiated cells at the
desired set point (Supplementary Note 5). We were able to control
the population compositions in the control reactor and maintain
them for extended periods (up to 96 h) (Fig. 3b) for different target
set points ranging from 10 to 80% of differentiated cells. The
response was quick and the desired population fractions were
reached within approximately 6h of starting the control.
Additionally, our setup enabled us to dynamically modulate the
population composition in both directions, i.e., increase or decrease
differentiated cells in the population from a given level. Concretely,
we targeted two cultures to 40% and 80% differentiated cells in the
population, respectively and changed the set points after 60h to
80% and 40%, respectively (Fig. 3c). The control reactor required
active control and lost the desired population composition in the
absence of an appropriate light signal.

To eliminate the need for a reservoir of non-differentiated cells,
we sought a strategy that would allow the non-differentiated
fraction to be replenished over time (non-differentiated cells
enrich in absence of light signal). To this end, we coupled our
system to a growth arrest module such that cells growth arrest
upon differentiation (GAuDi), forcing them to be outcompeted
by the non-differentiated cohort after a single exposure to light.

To achieve the coupling, we hijacked the mating factor
pathway in S. cerevisiae by overexpressing a FARI variant after

NATURE COMM

differentiation®>. FAR1, a CDK inhibitor, is the downstream
effector of the mating factor growth arrest and arrests the cells in
G1-S transition by blocking the interaction between CDC28 and
G1 cyclins?®47. Briefly, differentiated cells express ATAF1, an
orthogonal transcription factor?®, that, in turn, drives the
overexpression of the FAR1 variant. A positive feedback loop
on ATAF1 TF leading to higher expression of the FAR1 variant
was necessary to obtain effective growth arrest upon differentia-
tion. This came at the cost of higher leakage in the dark. The
complete construction of this strain is depicted in Supplementary
Fig. 12.

We characterized the GAuDi strain under the microscope and
in continuous cultures (Supplementary Note 4, Supplementary
Fig. 13 and Supplementary Movie 2) and concluded that our
approach allowed us to optogenetically induce growth arrest
(Fig. 4b, ¢) and replenish the non-differentiated fraction in self-
contained configuration after transient light induction (Fig. 4b
and Supplementary Fig. 14). We observed that under the
microscope, growth arrest was complete, and no cell divisions
were detected upon differentiation for 15h (Supplementary
Movie 2). Similarly, in the presence of continuous light, the
growth rate in liquid cultures decreased dramatically (<0.04 h—1)
(Supplementary Fig. 13). In the turbidostat, we observed that the
cultures under continuous light escaped the growth arrest
15-20 h post differentiation. We establish by targeted genome
sequencing and culture in selective media that the escape is linked
to loss of the integrative cassette (Supplementary Fig. 13). We also
observed a subpopulation that possessed neither green nor red
fluorescence and were deemed dead. We adapted the ODE model
to account for growth arrest and extended it to include cell death
and escape. We assumed that differentiated cells, in addition to
growing significantly slower, die and escape from the growth
arrest at definite rates. The culture growth rate is then given by a
weighted average of the growth rates of individual species and is
equal to the dilution rate of the reactor at constant cell density.
The model was fitted to dynamical data from an experiment with
a non-trivial light signal comprised of pulses of varying durations
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Fig. 4 Characterization and modelling of GAuDi. a Design. GAuDi cells constitutively express EL222. Blue light triggers expression of Cre and

recombination, and expression of ATAFT transcription factor. ATAFT drives the overexpression of a FART mutant (that arrests cells in G1) and mScarlet-I, a
“marker” for differentiation. An additional copy of ATAF1 driving itself was necessary for effective arrest. b GAuDi ODE model fit. An ODE model for GAuDi
was developed phenomenologically. The model was fitted to dynamical data with repeated light stimuli of different durations. Solid circles represent data
and solid lines signify model predictions. We note that before t = O, a persistent non-zero differentiation fraction was present possibly due to leakiness in
ATAF1 expression in a subset of the population (Supplementary Note 4). ¢ GAuDi model validation. The fitted model was validated by predicting dynamic
responses to light signals that were not used for the fit. Data are represented as in (b). Globally, model predictions were in good agreement with the data
(Supplementary Fig. 15). d Setup for single reactor control. Cells harbouring the GAuDi system were continuously cultured in the exponential phase. The
culture was set to a target level of differentiation and continuously monitored via automated flow cytometry measurements that were analysed online. The
system state was estimated from analysed data and sent to the model predictive control (MPC) module. The MPC module provided an optimized light
sequence to maintain the culture at the desired set point (Supplementary Note 5). Due to presence of dead cells, data were filtered and only live cells were
used for subsequent analysis. e Single reactor, single strain control of a microbial consortium. Cultures were targeted to 25, 40, and 70% differentiation.
Control started at t = O h. Circles signify differentiated fractions. Each colour corresponds to a different control experiment and the dashed line reflects the

target set point.

at different intervals (Fig. 4b and Supplementary Note 4).
The fitted model was validated by comparing model predictions
to data collected in four additional experiments in which
cultures were exposed to different light signals (Fig. 4c and
Supplementary Fig. 15b). We note that the predictive power of
the model is limited when the system operates under strong
selection pressure, that is, when light is applied over extended
durations.

We used this modified ODE model in conjunction with the
MPC framework to demonstrate single reactor control of a
microbial consortium originating from a single strain. Concretely,
exponentially growing GAuDi cells in the turbidostat were
exposed to optimized light signals such that the population
composition is maintained at user-defined set points. Flow
cytometry measurements were taken at regular intervals to track
the fraction of differentiated cells (Fig. 4d). We found that
population compositions could be maintained stably for extended
periods (up to 48 h) (Fig. 4e). We note that due to genetic stability
limitations, it was possible to maintain composition control for
longer periods only if the target set point was below 50%
differentiation. Evolutionary constraints are known to limit the
long-term stability of synthetic circuits*® particularly circuits that
are engineered to implement growth arrest/self-killing at the
population level!®50. To the best of our knowledge, this is the
first report of dynamic control of population composition in a

two species artificial microbial consortium arising from a single
strain.

Generation of complex microbial consortia with multiple
subpopulations. Certain applications, particularly in metabolic
engineering, might require microbial consortia composed of more
than two species. To probe if our system can be used to engineer
differentiation programmes that allow one to create complex
multispecies consortia, we cloned two recombination cassettes
(denoted by C and N) in a single strain along with the differ-
entiation system (Fig. 5a). Cells were cultured and induced in our
bioreactor platform with varied pulses repeated every 360 min.
We found that both sites were approximately equally likely to
recombine (asynchronous) (Fig. 5b) resulting in a four species
microbial consortium, consisting of double recombined cells
(CN), single recombined cells (CN, CN), and the original non-
recombined population (CN).

Noting that the length of the to-be-excised region plays a
critical role in determining the differentiation rate (Supplemen-
tary Fig. 21), we set out to test if this could be exploited to modify
the differentiation dynamics. We cloned two recombination
cassettes of unequal to-be-excised region (C and N’) along with
the differentiation system (Fig. 5¢). We observed that the shorter
site recombined first (CN’) and subsequent pulses led to
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Fig. 5 Engineering differentiation progr for I tia with multiple subpopulations. a Asynchronous differentiation programme. Two
recombination cassettes (C and N) were introduced along with the differentiation system in the same strain. Both cassettes consisted of to-be-excised
region of equal lengths (1x of the original system (Fig. 1a). All four possible cell types are shown (neither cassettes recombined (CN), single cassette
recombined (CN & CN), and both cassettes recombined (CN)). Circuits shown in the panel are representational (Supplementary Fig. 22). b Response to
repeated pulses of different lengths. Four cultures were induced with repeated light pulses of different durations, 6 h apart. Each subplot represents data
from a single experiment with unique pulse duration given by cyan subplots (clockwise from top right, 30, 60, 90, and 120 min, respectively). Solid lines
show dynamics of prevalence of each subpopulation (blue, purple, red, and orange for CN, CN, CN, and CN, respectively). Circles indicate individual time
points. Prevalence of each population was calculated using thresholds on mNeonGreen, mScarlet-1, and mCerulean fluorescence (Supplementary Note 7
and Supplementary Fig. 23). All four subpopulations could be observed. We note that the small decrease in the fraction of CN cells just after differentiation
and a corresponding increase in CN is an artefact of the threshold-based quantification that is limited by the dilution of mNeonGreen. ¢ Sequential
differentiation programme. Two recombination cassettes were introduced along with the differentiation system in the same strain. Relative length of the to-
be-excised region of one cassette (N') was 5x longer than the other (C). All four possible cell types are shown. Notations resemble a. Due to increase in
the length of to-be-excised region, the differentiation rate of N’ was significantly slower than C leading to inappreciable prevalence of CN’ (faded cell type)
(Supplementary Fig. 22). d Response to repeated pulses of different lengths. Four cultures were induced with repeated light pulses of different durations,
6 h apart. Each subplot represents data from a single experiment with unique pulse duration (clockwise from top right, 30, 60, 90, and 120 min,
respectively). Data are represented as in (b). Three subpopulations could be observed.

enrichment of cells with both sites recombined (CN’) (Fig. 5d) Discussion

constituting a sequential differentiation programme as opposed to
the asynchronous programme obtained with to-be-excised
regions of equal lengths. We did not observe appreciable levels
of species with only the longer site recombined (CN’) effectively
resulting in a three species microbial consortium.

Both versions of the system with two recombination sites
remained capable of eliciting a graded response to light. These
results demonstrate that our differentiation system can be
extended to implement distinct differentiation programmes
capable of yielding complex consortia composed of a controllable
number of species whose prevalence can be optogenetically
tuned.

Microbial consortia are expected to be of great utility for bio-
technology and hold immense potential for diverse
applications*~!1. However, dynamic control of consortium com-
position remains relatively unexplored despite being a key chal-
lenge in the field!®. In the present study, we address this challenge
with the help of an artificial differentiation system in S. cerevisiae
capable of generating microbial consortia with custom composi-
tion. The system is based on blue light inducible expression of Cre
recombinase driven by EL222 from a non-leaky promoter??. We
characterized the system in small-scale liquid culture (cells
growing in a microfluidic chamber), larger-scale liquid cultures
(batch and continuous), and short-term solid cultures (monolayer
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in plIbidi slide) and found it to be functional despite changes in
the context. Moreover, we established that it possesses several
desirable characteristics: fast, reproducible and tunable dynamics,
high efficiency for light inducible recombinases in budding yeast
(Supplementary Table 2)*1-44, low leakage, and graded response
of the population to light (Figs. 1 and 2). The efficiency of our
system allowed us to achieve high levels of differentiation with
short transient pulses that eliminate the risk of phototoxicity.
Graded population responses to light were critical for achieving
control of consortia composition (Fig. 3). Moreover, the high
degree of reproducibility in response to light stimuli allowed us to
develop a predictive model that could be used as a basis to pre-
cisely control microbial community dynamics. Using the devel-
oped model in an MPC framework allowed us to achieve
bidirectional control of consortia composition in a dynamic setup
(Fig. 3). We note that Klavins and colleagues®! have developed
another differentiation system in yeast, that, in principle at least,
could have been used to generate consortia. This system uses a
toggle switch to implement memory, and chemical inducers to
toggle the switch. We believe that using light as inducer and a
DNA implementation of memory allowed us to precisely char-
acterize and select systems with appropriate properties, and drive
them with the needed precision to obtain subpopulations in
desired organization and proportions in space and in time,
respectively.

Several solutions for the stable maintenance of microbial
consortia have been proposed recently. In particular, Hasty and
colleagues®>>3, Lu and colleagues?’->*, and Barnes and
colleagues!” achieved this by using synthetic biology approaches.
These authors demonstrate the capacity to maintain co-cultures
of several bacterial subpopulations over extended durations.
However, none of these approaches succeeded at precisely con-
trolling consortia composition. Moreover, the functioning of
these systems relies on the release of signalling molecules in the
environment (quorum-sensing molecules or bacteriocin) that
trigger cell death. The fact that signalling molecules are released
by cells creates de facto a strong dependency of the functioning
on growing conditions, and notably on the density of cell cultures,
an important aspect for bioproduction applications. Lastly, pre-
vious designs use elaborate genetic engineering solutions for the
molecular implementation of control mechanisms, thus making
extension and scaling up of these designs potentially challenging.
Moreover, external control by light is inexpensive and compatible
with most media composition. In summary, in comparison to
previously existing solutions, our system is simple to implement,
quantitatively predictable and actionable, and versatile to use.

The efficiency of the optogenetically inducible recombinase
developed in this work exceeds any reported in the literature for
optogenetic recombinases in yeast (Supplementary Table 2).
Previous optogenetic recombination systems are based on engi-
neering a photoactivable Cre that is typically split into two sub-
domains tagged with the respective photosensitive heterodimers
that can be brought together upon light illumination to form a
functional Cre*!-43. However, such approaches result in activity
loss as functional Cre is a tetramer and the probability of four
dimerized split-Cre molecules to assemble together hinges on the
relative concentrations of the two subunits*®. A recent study
reported a monogenic photoactivable Cre that is based on fusion
of a LOV domain with a destabilized Cre variant*4. The authors
reported higher efficiency and stronger activation when com-
pared to previous systems. This monogenic photoactivable Cre
matched the efficiency reported for our system for up to 40 min
of induction. After 40 min of induction, the activity seemed to
plateau. An optogenetically inducible recombinase has been
recently reported in bacteria which uses split-Cre tagged to vivid
homodimers®®. The authors demonstrate the high efficiency and

low leakage of their system at the population level. However,
these properties are not quantified at the single-cell level, so a
precise comparison of efficiency and leakage is not possible.
Chemically inducible recombinase based systems have been
employed more prominently in bacteria®®—>% and show high
efficiency (>90%) but graded response or bimodal behaviour has
not been reported.

Based on the principle of division of labour, microbial con-
sortia have been employed to increase bioproduction by dis-
tributing the metabolic burden. Such approaches necessitate
functional specialization in the constituent species of consortia.
We provided evidence that our design can be implemented in
different physiological contexts by coupling it to a growth arrest
module (GAuDi system) to allow optogenetic control of growth
rate and consortium composition in self-contained continuous
cultures (Fig. 4). A GAuDi-like system has the potential to
facilitate the switch to continuous bioproduction, touted to be the
future of bioproduction®?, by separating growth and production
across different subpopulations. In the context of metabolic
engineering, our system could serve as a pathway switch, with the
potential of compartmentalizing metabolic flux in the population.
This could be achieved, for instance, by replacing fluorescent
proteins by orthogonal TFs that drive entire pathways®, leading
to division of labour paradigms in consortia engineering and
opening up possibilities for population level metabolic
engineering.

To show that complex multispecies consortia can be created
using our system, we engineered asynchronous or sequential
differentiation programmes based on multiple recombination
cassettes that extended the core system to generate and stably
maintain multispecies consortia from a single strain in con-
tinuous liquid cultures (Fig. 5). These programmes could be
scaled exponentially for applications requiring dynamic control of
complex multispecies consortia and do not require intricate
genetic circuits spread over multiple populations to ensure
stability.

Finally, the capacity to optogenetically control cell fate deci-
sions with spatiotemporal precision has the potential to become a
critical tool for dissecting signalling pathways?4 or understanding
developmental programmes3°. Here, we showed pattern genera-
tion in 2D cultures in a microfluidic plate (Fig. 1 and Supple-
mentary Fig. 20). Since we are not restricted to patterns attainable
in nature®l, our system can provide a unique tool to study how
equilibria are reached in multispecies ecosystems and elucidate
microbial interactions in complex spatially structured
communities.

In conclusion, we show that the system has highly desirable
characteristics making it a practical tool for robustly generating
and maintaining functionally distinct subpopulations both in
space and in time.

Methods

Cloning: All plasmids were cloned using the Golden Gate method. The majority of
the used parts came from the Yeast Tool Kit (YTK)®2. New parts, whenever
necessary, were generated in the laboratory (DNA synthesis, Phusion PCR). The
Golden Gate mixture was transformed via heat-shock transformation in thermo-
competent E. coli cells and plasmids were isolated using standard miniprep kits
(Macheray & Nagel, and Qiagen). Sequences of integrative plasmids and backbones
can be found in Supplementary Data 1. Primers used in the study can be found in
Supplementary Table 4.

Yeast strains: All strains used in this study are derived from BY4741 [MATa
his3A1 leu2A0 met15A0 ura3A0]. Cells were transformed with linearized inte-
grative vectors using standard lithium acetate transformation. For selection,
common auxotrophic markers uracil, leucine, and histidine were used. Integrative
plasmids carrying LEU2 and URA3 were integrated at the endogenous loci while
those with HIS3 were integrated at HO locus. Cells were grown in standard defined
media (Sigma Aldrich Yeast Nitrogen Base) containing 2% glucose and lacking the
respective auxotrophic nutrient during selection in plates (Sigma Aldrich, uracil,
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leucine and, histidine drop-out media supplements). A list of strains used in this
study and their genotypes can be found in Supplementary Table 5.

Cell handling and induction: Cells were grown overnight (ON) before the day of
the experiment by picking a single colony in 50 ml Falcon tubes shaking at
200 r.p.m. at 30 °C. Following the ON, a preculture was started by diluting the ON
culture 1:50. Depending on the volume of culture required, this was done in either
50 ml Falcon tubes (<15 ml) or 250 ml flat bottom Erlenmeyer flasks (<150 ml).
The preculture was allowed to grow for at least 3 h (~2 cell generations). Care was
taken to do all the experiments in the exponential phase. Induction was done by
using RGB led strips (Adafruit NeoPixel Digital RGB LED Strip). Max LED
intensity was set at 40 for all experiments unless specified (max led intensity
possible is 255). The control was performed via Arduino microcontrollers (Gen-
uino Uno and Mega). Cells were grown in synthetic complete low fluorescence
media with 2% glucose for all experiments. Light-sensitive strains were grown in
the dark. All manipulations were performed in the presence of red light (Supple-
mentary Note 8).

Batch culture: Cells were grown to the exponential phase in the dark from ON
culture in Falcon tubes shaking at 200 r.p.m. at 30 °C in a custom Falcon tube
before starting the experiment. Induction was carried out in a custom Falcon tube
holder fitted with LED strips.

Turbidostat: Turbidostat refers to our custom LED-equipped continuous culture
platform and control software, ReacSight (Supplementary Note 1 and Supple-
mentary Fig. 1)28. Experiments done in the turbidostat followed a similar protocol
as described above (see section on cell handing). Cells were allowed to grow in the
dark until exponential phase and induction was started only after the growth rate
stabilized. Samples were taken automatically from the turbidostat at regular
intervals, diluted 20 times with a pipetting robot and passed through the cytometer.
The entire vessel, including pumps and tubing, was autoclaved before each
experiment. Unless stated differently, the experiments used a “grow and dilute”
programme where cells were allowed to grow until OD 0.6 and then diluted to OD
0.4. The growth rate was computed by calculating the slope of linear curve fit to the
log of OD data with time. Information regarding the times when the dilutions took
place was stored, in addition to the OD and LED status as csv files. Data were
acquired and preprocessed using the ReacSight software framework. Subsequent
treatment of the data was done in Python.

Cytometry and data analysis: All cytometry measurements were acquired with a
Guava EasyCyte BGV 14HT benchtop cytometer using the InCyte software (ver-
sion 3.3). The settings were kept constant for all experiments. For turbidostat
experiments 5000 events were recorded for each sample, except for leakage and
efficiency experiments (Fig. 1c), for which, 50,000 events were recorded. No
compensation was used during acquisition. Data were deconvolved after acquisi-
tion (Supplementary Figs. 4 and 5). Data were gated using kernel density-based
methods (Supplementary Fig. 3). Python was used for data analysis and visuali-
zation (Supplementary Note 1).

Microscopy: Microscopy was performed on the inverted microscopy platform
Leica DMi8 S. Live cell imaging was either performed in Ibidi p-slide VI 0.4
(80606) or CellASIC ONIX platform with the microfluidic plates (Y04C) provided
by the vendors. The details for the exact excitation and emission spectra of the
fluorophores and filters used can be found in Supplementary Table 1. Unless
specified differently, the interframe interval was 6 min. During time-lapse live cell
imaging, the chamber temperature was maintained at 30 °C. We used an in-house
software, called MicroMator, for the automated acquisition and cell tracking. Cell
segmentation was achieved via SegMator, an in-house neural net-based segmen-
tation algorithm3’. Python was used for data analysis and visualization (Supple-
mentary Note 2). FIJI (Image] 1.52i) was used for the processing of images shown
in the manuscript.

ODE model fitting and parameter estimation: ODE models were solved using
solve_ivp solver from SciPy.integrate library. Models were fitted using the least-
square method from SciPy.optimize library. Parameter search for each model was
done locally (gradient descent) with multiple initial guesses for parameters and
bounds on parameter values between 10710 and 10. To account for the delays,
mean squared deviations were calculated after shifting model predictions by 60 min
for the differentiation system ODE model and 120 min (differentiated & non-
differentiated), 360 min (dead), and 300 min (growth rate) for the GAuDi ODE
model.

MPC experiments: ODE models were used in an MPC framework?®. The fra-
mework consisted of solving the model given a light sequence. This sequence was
then optimized using a least-square method from SciPy.optimize library to mini-
mize the error between predictions and the target set point starting from an initial
state. The optimization for light sequence was done for a time horizon of 5 h in the
form of 10 duty cycles of 30-min period. Cultures were sampled every hour for two
reactor control experiments (Fig. 3b, ¢) and every 2 h for single reactor control
experiments (Fig. 3e). The light sequence was updated at each timepoint. To
estimate the state of the system, cytometry data were analysed online to determine
the state at the time of sampling. This estimate of sampling time state was then
used as initial conditions for the model and the current state was estimated by
solving the model for a time, 7. 7 stands for a delay, consisting of a sampling delay
(time passed between sample acquisition and finalized data analysis) and an
observation delay (time required for enough fluorescent protein to accumulate to
pass the differentiation threshold) (Supplementary Note 5).

NATURE C(

Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

Raw cytometry and OD data generated in this study and processed microscopy data have
been deposited on Zenodo under the accession code 4923833. Plasmids and strains are
available from the corresponding authors upon request.

Code availability

Jupyter notebooks used for data analysis are available online in the GitLab repository
(https://gitlab.inria.fr/InBio/Public/YeastOptogeneticDifferentiation_YODA). The
notebooks also include code for model simulation and fitting.
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Abstract

Mathematical modeling has become a major tool to guide the characterization and synthetic
construction of cellular processes. However, models typically lose their capacity to explain or
predict experimental outcomes as soon as any, even minor, modification of the studied system or
its operating conditions is implemented. This limits our capacity to fully comprehend the
functioning of natural biological processes and is a major roadblock for the de novo design of
complex synthetic circuits. Here, using a specifically constructed yeast optogenetic differentiation
system as an example, we show that a simple deterministic model can explain system dynamics
in given conditions but loses validity when modifications to the system are made. On the other
hand, deploying theory from stochastic chemical kinetics and developing models of the system’s
components that simultaneously track single-cell and population processes allows us to
quantitatively predict emerging dynamics of the system without any adjustment of model
parameters. We conclude that carefully characterizing the dynamics of cell-to-cell variability
using appropriate modeling theory may allow one to unravel the complex interplay of stochastic
single-cell and population processes and to predict the functionality of composed synthetic circuits

in growing populations before the circuit is constructed.

Introduction

At the heart of rational circuit design in synthetic biology lies the assumption that the functionality
of complex circuits can be predicted from known properties of their components. Yet in practice,
we routinely fail to make predictions of circuit dynamics that would agree with the data at the
level expected in physics or engineering. A core reason for this is cell-to-cell variability inside
genetically identical cell populations. Such population heterogeneity is often a consequence of
the inherent stochasticity of biochemical processes inside cells [1]. Cell-to-cell variability may
lead to unexpected and undesirable circuit dynamics and has been identified as one of the major
roadblocks for designing synthetic circuits with in-silico predictable functionality [2, 3]. On the
other hand, it has been shown that identifying and carefully characterizing sources of variability

at the single-cell scale allows one to design remarkably robust synthetic circuits [4] or to exploit
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stochasticity for creating features of cell populations, such as bimodal phenotype distributions,
that would otherwise be difficult to engineer [5].

While the single-cell perspective has certainly helped to advance our understanding of
cellular processes [6, 7, 8, 9], what eventually matters for most applications in synthetic biology
is how a particular circuit functions inside growing populations. At the population-scale, synthetic
circuits may intentionally (e.g. circuits to control growth [10]) or unintentionally (e.g. burden
caused by protein production [11]) affect traits of cells that can be selected during population
growth. If this is the case, we need to expect that variability that is generated at the single-cell
scale (e.g. stochastic production of the burdensome protein) will lead to consequences at the
population-scale that cannot be predicted solely based on a characterization of the circuit inside
single cells. However, despite the apparent prevalence of problems where single-cell and
population processes are coupled, multi-scale models that capture both single-cell stochastic
chemical kinetics as well as population dynamics have not been used to predict, or even just to
explain, how population-scale functionality emerges from single-cell characteristics of synthetic
circuits. Presumably, this is because the classically used modeling framework for single-cell
processes, that is the chemical master equation [12, 13], is only directly applicable at the
population-scale whenever the population phenotype distribution is equivalent to the distribution
of the single cell process and not additionally shaped by population level processes [14].

Here, we construct an artificial yeast differentiation system in which a Cre-recombinase is
expressed from a light-inducible promoter and used to create dynamically controllable yeast
communities of differentiated and undifferentiated cell types [15]. The system is equipped with
four fluorescent reporter proteins to allow for simultaneous measurements of cellular processes
and the differentiation state of cells. The core feature of our system is that varying the duration
of applied light pulses allows one to modulate the fraction of cells that differentiates even though
the entire population is exposed to the same global light stimulation. The system therefore
exploits heterogeneity in the response of cells to light to enable external control of population
dynamics but, by doing so, creates a complex coupling between population dynamics and the
single-cell process that leads to the production of recombinase. It can therefore serve as an ideal
test-bed to study what types of models are needed to explain and predict complex dynamics
of synthetic circuits at the population scale. We find that a simple deterministic model that ignores
all sources of variability can explain dynamics of a chromosomally integrated system version
fairly well. However, modifying sources of variability and growth conditions, by expressing the
system from plasmids and growing cells in selective mediq, leads to structural incapacity of the
deterministic model to match measured population dynamics. To remedy this shortcoming, we
derive a non-linear version of the chemical master equation (CME) that tracks conditional
probabilities and that can be used to simultaneously model single-cell and population processes.
Subsequently, we develop one such non-linear CME model to represent the chromosomally
integrated differentiation system and another to track plasmid copy number fluctuations, plasmid
loss, and growth in selective media. We find that composing these two models allows one to not
only match, but to in-silico predict, complex emerging dynamics of the plasmid-based
differentiation system without any modification of model parameters. These results suggest that

the frequently encountered failure of model predictions for composed synthetic circuits may be
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resolvable with appropriate component models that are carefully constructed to track the

coupled dynamics of single-cell and population processes via multi-scale stochastic kinetic models.

A yeast optogenetic differentiation system
To be able to study the role of cell-to-cell variability in the design and functionality of synthetic
circuits, we constructed a yeast optogenetic differentiation system whose dynamics can be
wellobserved at the single-cell level thanks to the simultaneous presence of four different
fluorescent reporters. Concretely, we started from a circuit design that we recently published
[15] and used a Cre-recombinase (Cre) under control of the EL222 promoter [16] to trigger
differentiation in controllable population fractions using global light stimulation patterns (Figure
1). When expressed, Cre excises a DNA fragment that is designed such that, upon recombination,
cells switch from constitutively producing blue fluorescent protein (mCerulean) to producing green
fluorescent protein (nNeonGreen). Furthermore, red fluorescent protein (mScarlet-I) is produced
alongside Cre from a second copy of the EL222 promoter and provides an observable readout
that reports on Cre expression levels in response to light. Finally, EL222 transcription factor
(EL222) is constitutively expressed from a pTDH3 promoter and fused to a yellow fluorescent
protein (mVenus). In summary, the system allows one to trigger and monitor recombination in cells
and to observe correlations of the probability for cells to recombine with cellular amounts of
EL222. To test system functionality, we performed experiments using a platform of LED-equipped
and fully computer-controlled parallel bioreactors [17]. Single-cell measurements are
automatically taken by flow cytometry with the help of a programmable pipetting robot (Figure
1b). Using deconvolution to extract amounts of the different reporter proteins in cells from
measured spectral signatures (see Supporting Information, Section S.7), we find that all cells
gradually switch from blue to green when sufficient light is applied. On the other hand, exposing
cell populations to pulses of light leads to bimodal mNeonGreen distributions (Figure 1c and
Supporting Information, Figure S.1), which shows that only a fraction of the population
recombines in response to light pulses. Applying a threshold in mNeonGreen fluorescence to
classify cells into recombined and non-recombined, we can quantify the differentiation dynamics
of the system (Figure 1c,d). We find that the system’s response to light can be captured fairly
well by a simplistic population dynamics model that relates differentiated and undifferentiated
cells via a constant differentiation rate in the presence of light (Figure 1d and Supporting
Information, Section S.1). To test if the probability for a cell fo recombine is correlated with
single-cell levels of EL222 and Cre, we analyzed mVenus and mScarlet-l fluorescence
distributions shortly after applied light pulses. We find only minor differences in EL222 levels of
undifferentiated cells before and after light induction that are difficult to distinguish from small
inaccuracies in deconvolution or reactor-to-reactor variability of the experimental platform
(Figure 1c and Figure S.1). Overall, we are led to conclude that cell-to-cell variability in EL222
and Cre can be safely ignored and that the functionality of the system can readily be
characterized by a simple deterministic model. However, past experience in synthetic biology
has shown that most circuits only function reliably in tightly constrained operating conditions and
even seemingly good models retain their predictive power only in the precise context that has

been used to construct the model.
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Figure 1: A yeast optogenetic differentiation system. (a) EL222 is produced in cells from a constitutive
promoter (pTDH3, dark grey). Upon exposure of cells to blue light, EL222 switches the EL222-promoter
from off (light grey) to on (blue) and cells start to produce mScarlet-l and Cre-recombinase. Cre excises
a DNA-fragment placed between two target LoxP-sites which is designed such that cells switch from
producing mCerulean to mNeonGreen from a second constitutive promoter (pTDH3, dark grey). (b) Yeast
cells harboring the differentiation system are grown in parallel, fully automated bioreactors that are
equipped with controllable blue LEDs. Optical density of cultures is maintained constant and flow
cytometry measurements are taken at regular intervals via a custom-programmed pipetting robot. (c)
Upon exposure to light, mScarlet-1 fluorscence of some cells increases quickly, which indicates that also
Cre is produced. Accordingly, mCerulean fluorescence decreases and mNeonGreen fluorescence
increases. mNeonGreen fluorescence is then used to classify cells into differentiated and un-differentiated
(blue line). EL222, fused to mVenus, is constitutively expressed in all cells and not affected by
recombination. Small changes in mVenus levels in response to light that are noticeable in the data
(smeared out, wider distributions towards the end) are due the presence of mNeonGreen in cells, which
leads to small errors in the deconvolution of mVenus fluorescence (Supporting Information, Section S.7).
Dots show median fluorescence in all panels (black: all cells, cyan: undifferentiated cells, orange:
differentiated cells). The applied light sequence is shown at the bottom (two times five Th pulses with 2h
between subsequent pulses). The data is also visualized in the form of distributions in the Supporting
Information, Figure S.1. (d) A simple model (top) is capable of capturing the population dynamics of
differentiated and undifferentiated cells very well. The applied light sequence is shown at the bottom.

Modifying circuits leads to unpredictable functionality

To test if the functionality of our differentiation system remains predictable when the circuit is
modified, we constructed a variant of the system in which EL222 and Cre genes are placed on

2-micron plasmids instead of being chromosomally integrated (Figure 2a).
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Figure 2: Expressing the differentiation system from plasmids breaks straightforward predictability.
(a) To analyze the consequences of changes in cell-to-cell variability, a new strain was constructed in
which Cre and EL222 genes are placed on 2-micron plasmids instead of being chromosomally integrated.
(b) Measuring stationary EL222 distributions in the dark for the plasmid-based version of the system (red)
shows that cell-to-cell variability in the amount of EL222 is strongly increased compared to the integrated
version of the system (blue). (¢) Large cell-to-cell variability in EL222 propagates to large variability in
mScarlet-1 (and thus Cre) production with some cells displaying much higher mScarlet-1 fluorescence
compared to the integrated system version (5-fold increased scale on y-axis for mScarlet-l and mVenus
compared to Figure 1c). Using mNeonGreen fluoresence to classify cells into differentiated and
undifferentiated (blue line) shows that light causes a transient split in mVenus distributions of the two sub-
populations in response to light. The applied light sequence is shown at the bottom (three 5min pulses with
55min between subsequent pulses). (d) The simple model of Figure 1d fails to capture population
dynamics for the plasmid-based version of the system. Crosses: measured differentiated population
fractions. Solid line: model predictions using the same parameter values as in Figure 1d for the integrated
system. Dashed line: model predictions after adjusting the differentiation rate parameter to account for
the presence of multiple copies of the system. Dashdotted line: re-fitting the model to match final stationary
differentiated fractions (30-40h after first light induction) leads to significant model mismatch during
early transient dynamics. The applied light sequence is shown at the bottom.

Since plasmid copy numbers vary between cells, we expect this change to lead to significant
differences in EL222 and Cre average levels and additional cell-to-cell variability. Indeed,
growing cells in the dark, we find that EL222 distributions are very different from the integrated
system version and characterized by much heavier tails and a mode that is shifted to lower levels
(Figure 2b). Taken together, these two features imply that on average cells in the population
contain more EL222 (almost 6-fold) but at the same time more cells contain less EL222 compared

to the integrated system version (which notably falsifies the a priori expectation that all cells
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would have higher EL222 levels due to the presence of multiple plasmids in cells). We may
therefore wonder if and how these differences impact the functionality of the circuit and if
emerging dynamics of the population composition can still be predicted by the simple model in
Figure 1d. Exposing cells to different light patterns, we find that the same amount of light leads
to differentiation of more cells for the plasmid based version of the system (Figure S.3), which is
in line with higher average levels of EL222 in the population and the presumable presence of
multiple plasmids in cells, each carrying a copy of the promoter driving Cre. Adjusting the
differentiation rate parameter in the simple deterministic model to account for the on-average
presence of multiple copies of the system, however, does not lead to agreement of model
predictions and data, nor is it at all possible to obtain any precise fit of this model to the
population dynamics that emerge from the plasmid-based differentiation system (Figure 2d).
Analysing mVenus distributions, we find that differentiated cells shortly after applied light pulses
are characterized by high EL222 levels whereas the mVenus distribution of the undifferentiated
subpopulation is shifted to lower levels compared to the total mVenus population distribution
(Figure 2c). Since EL222 is constitutively expressed from the same promoter and plasmids in all
cells, we conclude that these differences must be caused by selective differentiation of cells with
high amounts of EL222. Differences between sub-populations gradually disappear over time but
are still noticeable up to days after the last application of light to the population (Figure 2c).
This is quite remarkable as it is difficult to comprehend, at a first glance, how a constitutively
expressed gene can display a cellular memory of a stimulus that is retained over several tens of
cell generations. In conclusion, cell-to-cell variability in EL222, which previously seemed to be
negligible for the characterization of the system, suddenly appears to be of key importance for
understanding how population dynamics emerge from the differentiation system. We may thus
ask ourselves if a dedicated characterization of the system with a multi-scale stochastic kinetic
model that takes into account both single-cell and population processes would have allowed us

to retain predictable functionality.

Single cell modeling of the integrated differentiation system
To test if consequences of changes in the system can be understood and predicted, we
constructed a multi-scale stochastic kinetic model of the integrated differentiation system and a
model of plasmid copy number fluctuations and asked if the models can be composed to
predict emerging single-cell and population dynamics when the differentiation system is
expressed from plasmids. Concretely, since variability in EL222 appeared to be of key
importance, we deployed a model of bursty production of EL222 and cell differentiation to

represent the differentiation system:

. usu(t).f(EL222)
undif f. —— diff.

burst(a,b) A
@ —— EL222 > @

(1)
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where usis the maximal single cell differentiation rate for given fixed light intensity, u(t) is
equal to one in the presence of light and equal to zero otherwise, A is the cells’ growth rate,
and a is the rate at which protein bursts occur. Protein production bursts are of size Z and

assumed to be geometrically distributed with average burst size b, Z ~ Geo(%), as dictated by
classical results for modeling stochastic gene expression [18, 19]. To keep the model as simple
as possible, we neglected possible delays or noise caused by the production and action of
recombinase or the experimental detection of recombined cells. Instead, we assumed that the
probability per unit time for a cell to differentiate in the presence of light is directly a function
of the amount of EL222, fEL222), in the cell.

When u(t) = 0, the EL222 distribution converges approximately to a stationary Gamma
distribution that is determined by average burst size and frequency [18, 19]. Growing cells in
the dark and measuring their mVenus fluorescence by flow cytometry then allows one to
determine burst size and frequency (up to a fluorescence scaling factor) from mean and
coefficient of variation of measured fluorescence distributions (Figure 3a, left). When light is
applied to the population, u(t) = 1, the dynamics of the differentiated population fraction are
determined by the specific shape and parameters of the differentiation function flEL222).
Matching emerging population dynamics of the integrated system for the light pattern in Figure
1d, we find that a steep Hill-function with a threshold significantly larger than average
amounts of EL222 leads to good agreement with the data (Figure 3a, right and Supporting

Information, Section S.2 A).
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Figure 3: (a) Characterization of the differentiation system. Botfom: Extracting mean (= 50.6a.u.) and
coefficient of variation (= 0.35) from measured stationary EL222 distributions before light induction
allows one to determine burst frequency and average burst size of the EL222 production model up to a
fluorescence scaling factor (Supporting Information, Section S.2). Right: Exposing cell populations to light
pulses and measuring dynamics of the resulting population composition (crosses: data, line: model fit,
bottom: applied light sequence) then allows one to determine parameters of the differentiation function
us - f(EL222) (Supporting Information, Section S.2). (b) Dynamics in continuous light. Bottom: Exposing
cells to continuous light eventually leads to differentiation of the entire population. Top: Cells that remain
undifferentiated after light induction (light blue) seem to be characterized by slightly lower EL222 levels
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compared to initial levels (dark blue) according to both model predictions (dashed) and data (solid). Data
from further time points is provided in the Supporting Information, Figure S.2.

Mathematically, the model couples a variability generating process (stochastic production of
EL222) to a population process that selectively differentiates cells based on their phenotypes.
The coupling of single-cell and population scale tells us that, in response to light, we should expect
preferential differentiation of cells with high levels of EL222. Correspondingly, differentiated
cells should display increased amounts of EL222 shortly after light while the (sub-)population
distribution of undifferentiated cells should shift to lower levels. However, this selective
population split is counter-acted by the fact that the same variability generating process is
operating in all cells and that this process will always drift to the original EL222 distribution in
both sub-populations at a time scale that is determined by the cells’ growth rate (see Supporting
Information, Section S.2 B for details). In the absence of light, we therefore expect distributions
to revert back to the original EL222 distribution while the continuous presence of light should
lead to a maximal shift of the distribution to a quasi-stationary condition in which single cell and
population process are dynamically balanced until eventually all cells will have differentiated.
The quasi-stationary EL222 distribution for undifferentiated cells in the presence of light can be
obtained via an eigenvector calculation from a non-linear master equation that can be derived
from the original master equation of the bursty protein production model (see Supporting
Information, Section S.2 B). Performing this calculation, we find that the maximum possible shift
in EL222 distributions of undifferentiated cells that can potentially be observed in experiments
is fairly small and of similar size as experimental errors due to inaccurate deconvolution or
reactor-to-reactor variability. To test whether such a shift can nevertheless be detected, we
exposed cells to continuous light and collected measurements at tfime points early enough after
induction such that sufficiently many cells remain undifferentiated to allow for reliable
quantification of EL222 distributions. We find that experimental EL222 distributions of
undifferentiated cells indeed seem to show a small shift towards lower levels in response to
continuous light (Supporting Information, Figure S.2). This shift is in good agreement with
distribution dynamics predicted from the model (Figure 3b, top and Supporting Information,
Figure S.4). As a side note, the model provides a very good prediction of the increase in the
differentiated fraction in response to continuous light (Figure 3b, bottom). Despite the possible
presence of small selection effects, we can overall conclude that sufficiently low noise in EL222
production coupled to sufficiently fast fluctuations implies that cell-to-cell variability has only
small consequences for emerging population dynamics. It is now clear, however, that this

conclusion will change if either noise levels or time scales of the single cell process are modified.

Consequences of plasmid copy number fluctuations
In addition to a single-cell model of the differentiation system, we require a model that captures
cell-to-cell variability in plasmid copy numbers. Many, often detailed, models of plasmid copy
number fluctuations exist in the literature [20, 21]. In order to keep the system characterization
as simple as possible, we decided to omit any detailed mechanistic description of processes such
as replication failure or unequal division of plasmids between mother and daughter cell [22].
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Instead, we chose to represent plasmid copy number fluctuations by a simple stochastic birth-
death process with both birth rate (representing replication) and death rate (representing dilution

due to cell growth) being linear in the plasmid copy number:

ap.
P 5P+P
A
PpSg

W.1¢p=0}
cell —— removed

(2)

where ap is the plasmid replication rate, A is the growth rate of cells, and U is the rate at which
cells that have lost the plasmid (1{p=0}) are removed from the population when cells are growing
in selective media. Replication failure can be implicitly incorporated by choosing the replication
rate smaller than the cells’ growth rate, which is in any case a necessary feature of a birth-death
process model since expected plasmid copy numbers in cells would diverge to infinity if plasmids
are replicated faster than cells divide. For a, < A (and u = 0), on the other hand, the process
will eventually reach zero plasmids with probability one. The rate at which cells in the population
lose the (last copy of the) plasmid is then determined by the difference between replication and
growth rate. When selective media is used for growth, U > O, cells that have lost the plasmid will
either die or be outgrown and the plasmid copy number distribution of the population will remain
stable. However, this neither implies that there exist no cells without plasmids in the population
nor do plasmid copy numbers remain constant from the perspective of single cells. Instead, we
should expect a dynamic equilibrium and a quasi stationary plasmid copy number distribution in
which the single cell plasmid loss process is balanced with selective removal of cells without
plasmids (Supporting Information, Section S.3 B). From a mathematical perspective, this result is
equivalent to what was obtained previously for EL222 distributions in the undifferentiated cell
population. In both cases, a variability generating process at the single-cell scale (EL222
fluctuations vs. plasmid copy number fluctuations) is coupled to a state-dependent removal
process at the population scale (differentiation vs. removal of cells that have lost the plasmid)
and leads to the same type of non-linear master equation for the cells that have not been
removed yet (compare Supporting Information, Sections S.2 B and S.3 B).

To characterize the full multi-scale dynamics of plasmid copy numbers and cell populations,
we switched cells from selective to non-selective media and measured how the average
abundance of a constitutively expressed protein decays over time. We found that average
fluorescence decays approximately exponentially with a rate that is 15% of the cells’ growth
rate A (Figure 4a, bottom). Mathematical analysis of the single-cell model (Supporting
Information, Section S.3 B) shows that this is a direct consequence of the plasmid replication rate,
ap, being 15% smaller than the cells’ growth rate a, = 0.85A. Somewhat counter-intuitively, the
net population growth rate in selective media is independent of L. Faster removal of cells that
have lost the plasmid means faster reduction (or slower increase) in the total number of cells but

this is compensated by the fact that, in stationary growth conditions, the population fraction of
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cells without plasmids becomes smaller when their removal rate is increased. Therefore, to
determine U, stationary growth rate measurements are insufficient. Instead, it is necessary to
directly measure what fraction of the population has plasmids in stationary growth conditions

since it can be shown (Supporting Information, Section S.3 A) that this fraction must be equal to
p—A+a,
n for ap < A (plasmid numbers do not diverge) and U > A — ap (cells with plasmids can be

maintained in the population). Correspondingly, we performed a colony counting experiment
(see Supporting Information, Section S.3 A) and observed that approximately one third of all
cells do not contain plasmids in stationary growth conditions (Figure 4a, top), which allowed us
to determine that the removal rate of cells without plasmids, U, must be approximately 45% of
the cells growth rate, U = 0.45A. Together, the parameters ap, U and A completely characterize
the multi-scale dynamics of plasmid copy number fluctuations and growth in selective media.

To test the model and to better understand possible consequence of plasmid copy number
fluctuations, we experimentally determined effective population growth rates of our cells in
selective and non-selective media. We found that, after pre-culture in selective mediq,
populations of cells carrying the plasmid-based differentiation system quickly adopt the same
growth rate as populations of cells carrying the integrated system version when transferred to
non-selective media. Subsequently, the population growth rate remained constant and no
dependence on the fraction of cells that still carry plasmids was detected. When grown in
selective media, however, populations of cells carrying the plasmid-based differentiation system
display an effective growth rate that is reduced by approximately 15% (Figure 4b, right).
Analyzing the model, we find that the reduction in growth is a consequence of removal of cells
that have lost the (last copy of) the plasmid and that the observed reduction by 15% is in

quantitative agreement with model predictions and another consequence of
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Figure 4: (a) Characterization of plasmid copy number dynamics. Bottom: After switching cells from
selective to non-selective mediq, the rate of exponential decay of average levels of a protein that is
constitutively expressed from plasmids (here EL222-mVenus) can be measured to determine the
population plasmid loss rate and to fix the plasmid replication rate in the model. Mean fluorescence
(normalized by its maximum) of two replicates is shown. Right: Stationary fractions of cells without
plasmids determine the removal rate in selective media of cells that have lost the plasmid. These fractions
can be measured by a colony counting experiment as described in the Supporting Information, Section
S.3 A. (b) Consequences of plasmid copy number fluctuations. Expressing the differentiation system
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from plasmids leads to modified population distributions of EL222 (bottom) as well as changes in the
effective population growth rate (top). Violin plots are composed of growth rate estimates based on cell
density averaged over all reactors of the turbidostat and multiple experiments (in total 19 reactors for
the strain with the integrated system, 12 for the strain with the plasmid-based system in selective media
and 6 in non-selective media).

the plasmid replication rate, ap, being 15% smaller than the single-cell growth rate A. Overall,
we should expect that placing the differentiation system on plasmids will significantly alter
variability in EL222 levels (Figure 4b, bottom) and also modify effective population growth.
Having constructed single cell models of the differentiation system and plasmid copy number
fluctuations, we are now in a position to ask the central question of this manuscript: is it possible
to quantitatively predict functionality of the plasmid-based differentiation system without having

to change the model or even just to re-identify model parameters for the new conditions?

Parameter-free prediction of circuit functionality
To test if the dynamics of the plasmid-based differentiation system can be predicted by
combining models calibrated on parts of the system, we coupled the single-cell model of the
integrated differentiation system, Eq.(1), to the model of plasmid copy number fluctuations,
Eq.(2), to obtain a composed model that can be stated in reaction network form as

dp A
P-———P+P P-————0
P-——-a—> P+ 7 -EL222 EL222 ~——2> @
uint.u(t)-f(EL222)
undifferentiated—————————- — differentiated
e (p=0)
undifferentiated————————- — removed
pe (p=0)
differentiated ————————- — removed. (3)

We highlight that the coupling of the two models is very natural and does not introduce any
new parameters: the protein burst rate is now scaled by the plasmid copy number since
production can occur from any copy of the plasmid while all other model parts are exactly the
same as previously characterized. To test if complex functionalities of our circuit such as
population dynamics emerging from single-cell stochastic biochemical processes can be predicted
without any adjustment of model parameters, we used the composed model to predict the
dynamics of the plasmid-based version of the differentiation system for the light stimulation
pattern in Figure 2d and compared the results to data. We find that population dynamics of
differentiated and undifferentiated cells are very well predicted without any adjustment of
model parameters (Figure 5b).

Comparing EL222 distributions in the two sub-populations between model and data shows
that the high quality of population-level predictions is a consequence of the fact that the model
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predicts correctly how single-cell processes will operate in union with population-level processes
to shape the full dynamics of EL222 distributions in undifferentiated cells (Figure 5c,d and
Supporting Information, Figure S.5). In particular, the heavy tails of EL222 distributions for cells
growing in darkness (observed already in Figure 2b) emerge naturally from the fact that plasmid
copy numbers can fluctuate significantly in the model. These heavy tails imply that significantly
more cells have EL222 levels above the threshold of the differentiation Hill function f{EL222) and
will recombine quickly upon light induction. Shortly after light induction, the remaining
undifferentiated cell population is therefore shifted to significantly lower EL222 levels (5-6 fold
reduction of the median, Figure 5¢) while the differentiated cell population inherits the heavy
tail of the original distribution (Figure 5d). While not experimentally measurable, it can be
deduced that according to the model the same holds true for plasmid copy number distributions
in sub-populations (Supporting Information, Figure S.6). As a consequence, the population
differentiation rate spikes very high upon first light induction but is significantly reduced when
subsequent light pulses are applied before the EL222 distribution of the undifferentiated cell
population has converged back to its initial condition (Supporting Information, Figure S.7). When
the light stimulus is maintained for some time, fluctuations in plasmid copy numbers create larger
fluctuations in EL222 amounts compared to the integrated version of the system, which leads to

more frequent threshold crossing events and therefore larger population differentiation rates.
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Figure 5: Parameter-free prediction of emerging population dynamics for the plasmid-based
differentiation system. (a) Sketch of the plasmid-based differentiation system. (b) Emerging dynamics
of the differentiated fraction according to the composed model (red) for the same light input as in Figure
2d are compared to experimental data (blue). According to the model, late increases in the differentiated
fraction are due to varying sub-population growth rates and not caused by active differentiation. (c)
Upon light induction, median EL222 levels of undifferentiated cells drop 5-6 fold as predicted by the
composed model. (d) Left panel: The model-predicted EL222 distribution in the dark agrees very well
with experimental data even though this data was not used to parametrize the model. According to the
model, the peak of the distribution close to zero corresponds to the ~ 33% of cells without plasmids (see
Figure 4a). Middle panels: Shortly after the application of light, cells with EL222 levels above the threshold
parameter of the differentiation Hill function (dashed line) are enriched in the differentiated population
while the undifferentiated population contains more cells without plasmids (increased peak close to zero).

Right panel: When cells are subsequently kept in the dark, EL222 distributions converge back to the initial
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condition. Model predictions show remarkable agreement with measured EL222 distribution dynamics,
except for seemingly lower numbers of differentiated cells without plasmids in the data (in particular
after 34h). This small mismatch is presumably caused by inaccuracies in deconvolution (the presence of
mNeonGreen in cells makes it difficult to precisely quantify low mVenus levels in cells, Supporting
Information, Section S.7). Full time-varying distribution data of all fluorescent reporters for this experiment
is displayed in the Supporting Information, Figure S.8.

Eventually, the plasmid-based version of the system reaches differentiated population
fractions close to 100% very quickly when light is maintained (Supporting Information, Figure
S.10) despite the fact that a large part of the population (around a third) displays mVenus levels
that are close to zero at all time points. According to the model, these are cells that have lost the
plasmid (Supporting Information, Figure S.6), cannot differentiate, but are likely to be removed
at subsequent time points due to growth in selective media. The coupling of plasmid loss dynamics
and selective media with the differentiation system therefore leads to unintuitive population
dynamics in which seemingly the entire population can recombine despite a continuous presence
of many cells that are not carrying any copy of the differentiation system. Another complex
consequence of the coupling of single-cell and population processes is that the split in plasmid
copy numbers between sub-populations that follows from selective differentiation of cells with
high EL222 levels leads to different sub-population growth rates in selective media (Supporting
Information, Figure S.7) since cells that have lost the plasmid (or are close to losing it) are enriched
in the undifferentiated subpopulation. This implies that the differentiated population fraction will
continue to increase even if light is removed and no more active differentiation takes place,
which explains why the assumption of the simple deterministic model in Figure 1d, that the
differentiated population fraction can only increase due to active differentiation, led to structural
incapacity of the model to explain the slow transient differentiation dynamics and significantly
increasing differentiated fractions up to 10h after last light induction (Figure 5b). If the light
stimulus is removed, EL222 sub-population distributions converge back to the original distribution
(Figure 5d) but remain noticeably different for at least a day after last light induction. This
experimental observation is in good agreement with slow convergence of sub-population
plasmid copy numbers to their quasi-stationary distribution in selective media, which creates a
surprisingly long sub-population memory of applied light stimuli (Supporting Information, Figure
S.6). We conclude that deploying multi-scale stochastic chemical kinetics models for
understanding the interplay of single-cell and population processes allows us to understand and
predict complex emerging dynamics when the differentiation system is placed on plasmids and
cells are grown in selective media. Population dynamics for plasmid strains, despite being shaped
by cell-to-cell variability, are deterministically reproducible (Supporting Information, Figure
S.12). Thus, the capacity to predict such dynamics implies that the interplay of single-cell and
population processes can be exploited for creating features of microbial community dynamics

that would otherwise be difficult to engineer.

Optogenetic control of constitutive gene expression

In the previous section, we demonstrated that coupling of single-cell and population processes
may lead to outcomes that are fairly unintuitive such as dynamically changing population
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distributions of a constitutively expressed gene or increasing fractions of differentiated cells in
the absence of active differentiation. In practice, such couplings will often be seen as a nuisance
but we may also ask if the interplay of stochastic single-cell processes and population dynamics
can be exploited to create and control features of cell populations that would otherwise be
impossible to engineer. For instance, in light of the results of this paper, we may ask if it is
possible to use light to regulate constitutive gene expression, plasmid copy numbers, and growth
rates of sub-populations via targeted differentiation of cells with high EL222 levels. Since neither
plasmid copy numbers nor sub-population growth rates are directly measurable on our
experimental platform, we set ourselves the goal to regulate the constitutively expressed EL222.
Concretely, according to our theoretical results (convergence to a quasi-stationary distribution,
Supporting Information, Sections S.2 B and S.3 B), it should be possible to maintain EL222 levels
in the undifferentiated cell population at reduced constant levels by applying continuous light
for sufficiently long. Indeed, we find that EL222 distributions in undifferentiated cells quickly
reach a distribution that remains invariant when the population is exposed to continuous light
(Figure 6c¢, left). However, this distribution is characterized by a median of almost zero (Figure
6b), which indicates that only cells that have no EL222 (and presumably no plasmids) remain
undifferentiated. Furthermore, 15 — 20h after the start of light application, almost the entire
population is differentiated. To test if also low but non-zero EL222 levels in undifferentiated cells
can be stably maintained, we exposed cells to a number of different light sequences that mimic
continuous light with short pulses that are regularly repeated with an interpulse duration that is
short in comparison to the duration of the experiment. We find that applying light for 2min every
4h or for 1min every Th leads to approximately halved median EL222 levels in undifferentiated
cells (Figure 6b). In both cases, the full EL222 distribution of undifferentiated cells remains
approximately invariant after around 12h have passed from first light application (Figure 6c,
middle, see also Supporting Information, Figure S.13). Finally, we applied a light sequence with
only half-minute light pulses applied every 4h and found that, in this case, the EL222 distribution

of undifferentiated cells differs only very moderately from the initial population distribution at

all
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Figure 6: Optogenetic control of constitutive gene expression (a) Regularly repeated short light pulses
(shown at the bottom) lead to a slow steady increase in the differentiated population fraction while the
differentiated fraction increases fairly quickly in response to continuous light. (b) Over intermediate time
periods, repeated selective differentiation and reversion to the mean balance each other, which leads to
approximately constant EL222 medians in all cases. (¢) After transient dynamics in response to the start
of the light sequence, EL222 distributions in undifferentiated cells reach a quasi-stationary form that
remains invariant for extended time periods (see also Supporting Information, Figure S.13). Color coding
of distributions labels correspondence to the light sequences and data in panels a and b.

time points (Figure 6c¢, right) despite the fact that the differentiated population fraction increases
(Figure 6a).

To conclude, understanding and characterizing the consequences of cell-to-cell variability
allowed us to use light to optogenetically regulate the (sub-population) level of a constitutively
expressed gene, a feat that seems quite counter-intuitive at a first glance and that is not

realizable in any obvious way by other means.

Discussion

Quantitatively predicting the dynamics of complex synthetic circuits before the circuit is
constructed is the key challenge that needs to be mastered to turn synthetic biology into a true
engineering discipline. Yet, while our capacity to construct complex circuits is continuously
increasing, our capability to predict circuit functionality from supposedly known and
characterized circuit components remains, at best, limited to very tightly constrained operating
conditions and qualitative and/or stationary outputs [23]. We exemplified this problem for the
case of our optogenetic differentiation system by showing that predictions obtained from a

simple deterministic model break down as soon as the context in which the system is used
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(plasmid-based expression of proteins and growth in selective media) is modified (Figure 2). The
concrete reasons for the failure of model predictions may be manifold and caused by
unexpected component-to-component interactions (e.g. retroactivity [24] or resource competition
[25]) or couplings of the circuit to processes of the host (e.g. burden [11] or saturation of the
host’s degradation machinery [4]). Eventually, however, all these reasons are but different facets
of a common problem: our incapacity to foresee the consequences of complex inter-
dependencies of a circuit in vivo.

For our optogenetic differentiation system, expressing proteins from plasmids led to
unforeseen couplings of plasmid copy number fluctuations, growth in selective media, and
selective differentiation, which, for instance, created seemingly slow “differentiation dynamics”
that remained mysterious (even to us) in the absence of an explanatory model (Figure 2d). We
thus set out to construct dedicated multi-scale stochastic kinetic models of the circuit’s components
in their population context (Figures 3 and 4). Since the chemical master equation (CME) in its
standard form does not capture population processes, it was necessary to augment the CME and
to derive a non-linear version for conditional probabilities to correctly capture dynamics of
population distributions (Supporting Information, Sections S.2 B and S.3 B). We then used our
theoretical results to determine experiments that can be used to readily extract parameters of
the two component models from data (Figures 3a and 4a). Merging the so obtained models to
construct a model of the plasmid-based differentiation system (Eq.[3]), we found that the
composed model does not only resolve the previously not understood features but quantitatively
predicts the consequences of complex component interactions without any adjustment of model
parameters (Figure 5). This is a particularly encouraging finding as it demonstrates that, at least
for the system studied in this paper, our incapacity to foresee the consequences of complex inter-
dependencies of circuit components and couplings of single-cell and population processes can
be remedied by appropriate characterization of circuit components. Importantly, with the ability
to foresee consequences comes the possibility to exploit such couplings in the design [26]. This is
evidenced by our result that the circuit allows one to modulate constitutive gene expression (and
presumably plasmid copy numbers and growth rates) in sub-populations via the application of
light (Figure 6) - a feat that seems impossible upon a first glance at the circuit’s wiring diagram
(Figure 1a).

To conclude, we highlight that for the application considered in this paper, the crucial
ingredient for obtaining a faithful model was to augment the CME to incorporate population
processes in addition to single-cell dynamics that are classically tracked in stochastic models. It
is to be expected that the same will hold true for many other applications where couplings of
single-cell and population processes are likely to be at play [27, 28, 29, 30, 31]. This is notably
the case for synthetic circuits that are constructed to produce proteins in large quantities since
this creates a burden for cells that may lead to growth rate variability between cells and a
dynamical enrichment of low-producing cells upon induction of protein production. Furthermore,
similar couplings between scales are likely also present in many natural systems such as selective
killing of cancer cells with particular states of internal processes in response to treatments that
induce the apoptotic pathway [32] or differential responses of bacteria to antibiotic treatments

[33] to name but two possible examples. We therefore expect that our approach for calculating
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with multi-scale stochastic kinetic models will be of use far beyond the particular case study
considered here. It needs to be noted, however, that for cases where the single-cell model is
more high-dimensional than the fairly small models considered here, tracking the entire solution
of the corresponding master equation will be computationally infeasible. Further work is thus
necessary to develop and test approaches for approximately calculating with multi-scale
stochastic kinetic models [34, 14].
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Annex 6

STRAIN GENOTYPES

Genotype

Strain Name (in the
order of appearance

in the text)
Wild type

MATa his3A1 leu2A0 met15A0 ura3A0

Dual Reporter

MATa his3A:: pEL222 5x_Gal-Cre-tENO2-HIS3 leu2A::pTDH3-LoxP-
mCerulean-tENO1-LoxP-mNeonGreen-tTDH1-LEU2 met15A0 ura3A::
pTDH3-SV40 NLS - VP16AD - EL222-tSSA1-URA3

EL222 Reporter

MATa his3A1 leu2A::pEL222 5x_Gal-mscarletl-tENO2-LEU2 met15A0
ura3A:: pTDH3-SV40 NLS - VP16AD - EL222-tSSA1-URA3

Asynchronous program

pEL222 5x_Gal-Cre-tENO2-pTDH3-EL222-tSSA1-HIS3 leu2A::pATAF1_4x-

ura3A:: pTDH3-LoxP-mCerulean-tENO1-LoxP-mNeonGreen-tTDH1-URA3

MATa his3A:: pTDH3_LoxP-mNeonGreen-tENO1_LoxP-ATAF1-tTDH1-

mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-tDIT1-LEU2 met15A0

Sequential program

tENO2-pTDH3-EL222-tENO1_LoxP-ATAF1-tTDH1-HIS3 leu2A::pATAF1_4x-

MATa his3A:: pTDH3_LoxP-mNeonGreen-tTDH1-pEL222 5x_Gal-Cre-

mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-tDIT1-LEU2 met15A0
ura3A:: pTDH3-LoxP-mCerulean-tENO1-LoxP-mNeonGreen-tTDH1-URA3

pTDH3-mScarlet-1 (1x)

MATa his3A1 leu2A0 met15A0 ura3A:: pTDH3-mScarlet_|-tTDH1-URA3

MATa his3A1 leu2A0 met15A0 ura3A:: pTDH3-mCerulean-tTDH1-URA3

pTDH3-mCerulean (1x)
pTDH3-mNeonGreen

MATa his3A1 leu2A0 met15A0 ura3A:: pTDH3-mNeonGreen-tTDH1-
URA3

(1x)

MATa his3A1 leu2A0 met15A0 ura3A:: pTDH3-mVenus-tTDH1-URA3

pTDH3-mVenus (1x)
pTDH3-3c (3x)

MATa his3A1 leu2A0 met15A0 ura3A:: pTDH3-mCerulean-tTDH1-pTDH3-
mNeonGreen-tTDH1- pTDH3- mScarlet_| -tTDH1-URA3

pTDH3-4c (4x)

MATa his3A:: pTDH3-mVenus-tTDH1-HIS3 leu2A0 met15A0 ura3A::
pTDH3-mCerulean-tTDH1-pTDH3-mNeonGreen-tTDH1- pTDH3-
mScarlet_| -tTDH1-URA3

optoATAF1-mCerulean

MATa his3A:: pATAF1_4x-mCerulean-tDIT1 leu2A::pEL222 6x_ATAF1-
tTDH1-LEU2 met15A0 ura3A:: pTDH3-SV40 NLS-VP16AD-EL222-tSSA1-
URA3

optoATAF1-
mNeonGreen

MATa his3A:: pATAF1_4x-mNeonGreen-tDIT1 leu2A::pEL222 6x_ATAF1-
tTDH1-LEU2 met15A0 ura3A:: pTDH3-SV40 NLS-VP16AD-EL222-tSSA1-
URA3

optoATAF1-mScarlet-I

MATa his3A:: pATAF1_4x-mScarlet_I-tDIT1 leu2A:: pEL222_6x_ATAF1-
tTDH1-LEU2 met15A0 ura3A:: pTDH3-SV40 NLS-VP16AD-EL222-tSSA1-
URA3

pTDH3-mScarlet-I

MATa his3A:: pTDH3-mScarlet_|I-tTDH1-HIS3 leu2A0 met15A0 ura3A::
pTDH3-5V40 NLS-VP16AD-EL222-tSSA1-URA3

pTDH3-EL222

optoATAF1
pTDH3-mScarlet-I

MATa his3A:: pTDH3-mScarlet_|-tTDH1-HIS3 leu2A:: pEL222_6x_ATAF1-
tTDH1-LEU2 met15A0 ura3A:: pTDH3-SV40 NLS-VP16AD-EL222-tSSA1-
URA3
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optoATAF1-FARTM

MATa his3A:: pATAF1_4x-FAR1IM_mCerulean -tDIT1 leu2A::
pEL222_6x_ATAF1-tTDH1-LEU2 met15A0 ura3A:: pTDH3-SV40 NLS-
VP16AD-EL222-tSSA1-URA3

L3-17

MATa his3A::pATAF1_4x-FAR1M_mCerulean-tDIT1-HIS3 leu2A::
EL222_5X_Gal-CRE-tENO2-LEU2 met15A0 ura3A::pTDH3-LoxP-EL222-
tENO1-LoxP-ATAF1-tTDH1-URA3

GAuDiO0

MATa his3A:: pTDH3_LoxP-mNeonGreen-tTDH1-pEL222 5x_Gal-Cre-
tENO2-pTDH3-EL222-tENO1_LoxP-ATAF1-tTDH1-HIS3 leu2A::pATAF1_4x-
mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-tDIT1-LEU2 met15A0
ura3A0

GAuDIO1

MATa his3A1 leu2A::pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-
FarlM_mCerulean-tDIT1-LEU2 met15A0 ura3A:: pTDH3_LoxP-
mNeonGreen-tENO1_LoxP-ATAF1-tTDH1-pEL222 5x_Gal-Cre-tENO2-
pTDH3-EL222-tSSA1-URA3

optoATAF1-mSc-1X

MATa his3A1 leu2A0 met15A0 ura3A:: pATAF1_4x-mScarlet-tDIT1-
EL222_6x-ATAF1-tTDH1-pTDH3-EL222-tSSA1-URA3

optoATAF1-mSc-2X FB

MATa his3A:: pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-ATAF1-tRPL41b-
HIS3 leu2A0 met15A0 ura3A:: pATAF1_4x-mScarlet-tDIT1-EL222 6x-
ATAF1-tTDH1-pTDH3-EL222-tSSA1-URA3

optoATAF1 2XC

MATa his3A:: pATAF1_4x-mCerulean-tDIT1 -HIS3 leu2A0 met15A0
ura3A:: pATAF1_4x-mScarlet-tDIT1-EL222 6x-ATAF1-tTDH1-pTDH3-
EL222-tSSA1-URA3

optoATAF1 2XC FB

MATa his3A:: pATAF1_4x-mCerulean-tDIT1-pATAF1_4x-ATAF1-tRPL41b-
HIS3 leu2A0 met15A0 ura3A:: pATAF1_4x-mScarlet-tDIT1-EL222 6x-
ATAF1-tTDH1-pTDH3-EL222-tSSA1-URA3

optoATAF1 2XN

MATa his3A:: pATAF1_4x-mNeonGreen-tDIT1 -HIS3 leu2A0 met15A0
ura3A:: pATAF1_4x-mScarlet-tDIT1-EL222 6x-ATAF1-tTDH1-pTDH3-
EL222-tSSA1-URA3

GAuDi02

MATa his3A:: pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-ATAF1-tRPL41b-

HIS3 leu2A::pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-

tDIT1-LEU2 met15A0 ura3A:: pTDH3_LoxP-mNeonGreen-tENO1_LoxP-
ATAF1-tTDH1-pEL222_5x_Gal-Cre-tENO2-pTDH3-EL222-tSSA1-URA3

GAuDiO3

MATa his3A:: pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-ATAF1-tRPL41b-
PATAF1_4x-mScarlet-tDIT1-pATAF1_4x-Far1M-tDIT1-HIS3
leu2A::pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-tDIT1-
LEU2 met15A0 ura3A:: pTDH3_LoxP-mNeonGreen-tENO1_LoxP-ATAF1-
tTDH1-pEL222_5x_Gal-Cre-tENO2-pTDH3-EL222-tSSA1-URA3

GAuDi04

MATa his3A:: pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-ATAF1-tRPL41b-
pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean -tDIT1-HIS3
leu2A::pATAF1_4x-mScarlet-tDIT1-pATAF1_4x-FarlM_mCerulean-tDIT1-
LEU2 met15A0 ura3A:: pTDH3_LoxP-mNeonGreen-tENO1_LoxP-ATAF1-
tTDH1-pEL222_5x_Gal-Cre-tENO2-pTDH3-EL222-tSSA1-URA3

Tetra reporter
integrated

MATa his3A1 leu2A::pTDH3-LoxP-mCerulean-tENO1-LoxP-mNeonGreen-
tTDH1-LEU2 met15A0 ura3A::pEL222 5x_Gal-mScarlet-I-tENO2-
pEL222_5xG-Cre-tENO2-pTDH3-EL222-mVenus-tTDH1-URA3

Tetra reporter
centromeric

MATa his3A1 leu2A::pTDH3-LoxP-mCerulean-tENO1-LoxP-mNeonGreen-
tTDH1-LEU2 met15A0 ura3A0
centromeric plasmid (pEL222_5x_Gal-mScarlet-I-tENO2-pEL222 5xG-Cre-
tENO2-pTDH3-EL222-mVenus-tTDH1-URA3-ARS4/CENG)
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Tetra reporter 2micron

MATa his3A1 leu2A::pTDH3-LoxP-mCerulean-tENO1-LoxP-mNeonGreen-
tTDH1-LEU2 met15A0 ura3A0
2micron plasmid (pEL222_5x_Gal-mScarlet-I-tENO2-pEL222 5xG-Cre-
tENO2-pTDH3-EL222-mVenus-tTDH1-URA3-2pori)
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The butterfly, a cabbage-white,

(His honest idiocy of flight)

Will never now, it is too late,

Master the art of flying straight,

Yet has- who knows so well as | ?-

A just sense of how not to fly:

He lurches here and here by guess
And God and hope and hopelessness.
Even the acrobatic swift

Has not his flying-crooked gift.

Robert Graves

(Introduced to me by Giridhar Rao, an influence.)
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