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Abstract

Metabolism is the set of all biochemical reactions that sustain life. Recent
advances in genetic engineering have enabled the design of metabolic circuits
which produce chemicals of interest in microbial hosts, including pharmaceuti-
cals, cosmetics, and biofuels. However, designing new metabolic pathways and
understanding complex interactions in metabolism is challenging, especially when
considering systems which operate across multiple scales of cellular organization,
such as gene regulation, signalling pathways and cellular metabolism. Compu-
tational mechanistic models can speed up the development of microbial strains
for chemical production and improve our understanding of disease states, and are
widely used across the study of metabolism. There are many classes of mecha-
nistic models, including ordinary differential equations and genome-scale linear
models, but all can be slow and challenging to construct due to the large amounts
of domain-specific knowledge they require. Recent work in machine learning has
developed a wide range of tools which can detect patterns in and make highly ac-
curate predictions from large data sets without require many assumptions about
biological mechanism. Many of these methods, however, require a large amount
of expensive or unavailable data. This PhD thesis presents three approaches
which aim to bridge the gap between these two modelling paradigms. Firstly,
I present a method for efficient optimization of ordinary differential equation
(ODE) models of biological circuits across multiple temporal and spatial scales.
The method relies on Bayesian Optimization, a technique commonly used to fine-
tune deep neural networks, to learn the shape of a performance landscape and
iteratively navigate the design space towards an optimal circuit. This strategy al-
lows the joint optimization of both circuit architecture and parameters, and hence
provides a feasible approach to solve a highly non-convex optimization problem
in a mixed-integer input space. Second, I integrate ODE models of pathways
with genome-scale metabolic models of the production host to create a new joint
simulator method, which combines fine-grained concentration trajectory predic-

tion with information about the dynamic global state of native metabolism. I
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implement machine learning surrogate models to enable accelerated simulation.
Finally, I employ machine learning models to predict gene deletion phenotypes
from synthetic data generated from genome-scale mechanistic models. I achieve
state-of-the-art accuracy for gene essentiality in various organisms, as well as the
first predictive model for small molecule production from deletion screening data.
Each of these results demonstrates a way machine learning can be used to improve
mechanistic models: to optimize model structure, to replace slow computation,

and to improve predictive accuracy.
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Lay summary

All living organisms rely on a complex network of chemical reactions to sur-
vive and adapt to their environment. Understanding and manipulating these
reactions can help us better understand disease and produce pharmaceuticals
more sustainably. Computer-based mechanistic models of biological systems are
often used to more quickly and cheaply predict how an experimental system will
behave using mathematical equations designed based on knowledge of the under-
lying biological system. There are many different types of mechanistic models,
including ordinary differential equations and genome-scale linear models. Mech-
anistic models are widely used but require a lot of expert knowledge about the
reactions under study to construct. In contrast, recent developments in machine
learning have led to an explosion of algorithms which can extract patterns from
data without assuming much about the underlying biological mechanism. The
drawback to these machine learning methods is that they require large amounts
of laboratory data, which can often be expensive or impossible to produce. This
thesis aims to combine mechanistic models with machine learning to get the best
of both approaches. I present three new methods for bridging this gap. First, I
use Bayesian Optimization, a machine learning technique, to select mechanistic
models of engineered pathways which balance producing lots of a desired product
while allowing the bacterial host to grow. Machine learning methods can rapidly
navigate the large number of possible design choices and reduce the number of lab
experiments needed. Second, I develop a new approach which combines models
of engineered pathways with larger models of overall metabolism. I use machine
learning in this project to replace the slow and costly genome-scale model simula-
tion. Finally, I use machine learning models to predict how turning off a specific
gene will affect a cell, including whether it lives or dies and how much of a small
molecule it produces. Machine learning promises to improve mechanistic models
substantially by helping engineers select which experiments to do, speeding up

difficult computations, or making better predictions about metabolism.
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Chapter 1

Introduction

Inside every cell, a highly coordinated set of biological networks regulates essen-
tial cellular functions. Gene regulatory networks determine the temporal and
spatial patterns of gene expression, controlling which genes are transcribed under
specific conditions. Signalling networks mediate the transmission of intracellular
and extracellular cues, allowing cells to respond dynamically to environmental
and internal signals. Post-translational modification networks modulate protein
activity, stability, and localization, adding an additional regulatory layer beyond
gene expression. Protein-protein interaction networks organize proteins into func-
tional complexes, facilitating processes such as signal transduction, enzymatic
cascades, and structural assembly. Metabolic networks orchestrate the conver-
sion of substrates to products through enzyme-catalysed reactions, sustaining
energy balance and meeting biosynthetic demands. These networks are tightly
interconnected, forming a complex systems-level architecture that underlies cel-
lular physiology. Among these, metabolic networks occupy a central position, as
they supply the energy and precursors required for gene expression, signalling,
and other cellular processes. This thesis uses computational methods to simulate
these complex metabolic processes for a variety of applications in biotechnology
and biomedicine.

Computational methods can help us understand metabolism better, for ex-
ample by predicting the effects of environmental or genetic changes. Laboratory

experiments are expensive and can take a long time to produce results; simulating
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the metabolism accurately can reduce the number of experiments needed to an-
swer many scientific questions. In addition, recent advances in genetic engineering
have opened the way to the modification of metabolic pathways, and models of
engineered organisms can aid in the design process. As the tools for pathway
engineering have improved, the number of options engineers can choose has ex-
panded, and computational models are even more necessary to narrow down this

design space.

This thesis uses two families of computational methods to study metabolism:
mechanistic modelling and machine learning. Mechanistic models are mathemat-
ical descriptions built from expert knowledge of a specific biological mechanism.
They can be slow to simulate and improving their predictive accuracy requires
manual curation. In contrast, machine learning models find patterns in large
amounts of raw data. These models have been applied to a wide range of biolog-
ical problems in recent years; however, they generally require a large amount of
training data which can be unavailable or expensive to generate. Both approaches
have their benefits and drawbacks. In this thesis, I present three example prob-

lems which are solved best by a combination of these two approaches:

e An algorithm which applies methods from machine learning to optimize
mechanistic models of engineered pathways

e A new simulation approach to understanding interactions between a path-
way and the rest of metabolism, which uses machine learning to replace
slow mechanistic simulations

e A pipeline to predict the effects of genetic changes using machine learning

algorithms trained on data generated by mechanistic models.

I begin this thesis introducing the requisite biological context. The final sec-
tions of this chapter summarize the research outputs, including papers and pre-

sentations, and detail the ethical impacts of this work.
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1.1 Biological context

I begin this section by introducing the fundamentals of metabolism and the molec-
ular biological processes underlying it. I introduce enzymes, which speed up
metabolic reactions, and discuss the many regulatory mechanisms which keep
metabolism in balance. In recent years, bioengineers have introduced methods to
modify metabolism by creating new metabolic pathways to produce chemicals of
interest. I introduce these genetic engineering methods and then discuss recent
advances which have sought to replicate natural metabolic regulatory feedback

loops onto engineered metabolic pathways to improve their robustness.

1.1.1 What is metabolism?

Metabolism refers to the complete set of enzyme-catalyzed biochemical reac-
tions within a cell that transform chemical substrates into energy and essential
biomolecules. Metabolism enables the conversion of nutrients into usable energy
and cellular components, supporting processes such as cell growth, repair, repro-
duction, and maintenance (Alberts et al., 2022). These reactions are typically
divided into two broad categories: catabolism and anabolism (Stephanopoulos
et al., 1998). Catabolic reactions break down molecules like glucose or fatty acids
into smaller components, releasing energy in the form of adenosine triphosphate
(ATP), which then fuels the cell (Voet et al., 2016). Anabolism builds larger
and more complex molecules, such as proteins, nucleic acids, and lipid mem-
brane molecules, from simpler precursors through biosynthesis reactions (Pals-
son, 2011). These macromolecules form the building blocks of every cell, from
the outer membrane to the DNA code.

Rather than acting in isolation, various metabolic reactions chain together
to form intricate pathways and networks which change dynamically over time.
These pathways are highly regulated so they can adapt to the organism’s internal
state and external environment. The flow of energy and metabolites can shift de-
pending on nutrient availability, cellular stress, or hormonal signals (Berg et al.,

2023; Fisher, 2001). Reactions are described in terms of metabolic fluxes, which
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are the rate of flow of metabolites through a pathway in units of concentration per
time (Matsuda et al., 2017). Systems biology views metabolism as an integrated
and dynamic network of genes, proteins, and metabolites (Stephanopoulos et al.,
1998). Understanding how these different cellular components interact across
multiple scales of time and space can help identify potential drug targets, give
insight into disease mechanisms, and aid in strain design for biotechnology appli-

cations (McConville, 2014; Spichak et al., 2021).

Enzymes and catalysis

Most metabolic reactions are thermodynamically favorable, meaning they have
the potential to occur spontaneously. However, under normal physiological con-
ditions—such as body temperature and pH—these reactions would proceed ex-
tremely slowly because they require a significant amount of energy to get started,
known as the activation energy barrier (Fisher, 2001). As a result, biomolecules
known as enzymes, usually proteins, speed up reactions in a process called catal-
ysis. Enzymes work to lower the activation energy of reactions so they can pro-
ceed at rates fast enough to support life. They do this by their unique three-
dimensional structure, which brings the reactant (or substrate) molecules to-
gether in a small pocket of space called the active site. The active site stabilizes
the transition state—the intermediate, high-energy state of the reaction—making
it easier for the reaction to proceed (Kraut, 1988). In addition to speeding up
reactions, enzymes provide specificity, ensuring that metabolic reactions produce
the correct products and minimize unwanted side reactions. Without enzymes,
metabolic processes would occur too slowly or non-specifically to sustain life ef-

fectively.

Metabolic regulation

While enzymes enable the rapid and specific execution of individual biochemical
reactions, they do not act in isolation. In living systems, thousands of enzy-
matic reactions occur simultaneously and are organized into highly coordinated

metabolic pathways. The flux through these pathways must be tightly controlled
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to match the cell’s changing needs, conserve resources, and prevent harmful im-
balances (Palsson, 2011). This coordination is achieved through metabolic regu-
lation—a set of mechanisms that modulate enzyme activity, gene expression, and
metabolite availability in response to both internal and external cues. Metabolic
regulation is vital as it enables organisms to respond dynamically to internal sig-
nals and external environmental factors, such as oxygen and carbon sources in

the environment, temperature fluctuations, and signals from surrounding cells.

The metabolic requirements of a specific cell are dependent on its function and
environment. Some cells, like the bacterium FEscherichia coli, grow and divide ex-
ponentially when provided with enough sugar. In contrast, human immune cells
must remain alive but not proliferating for long periods of time before rapidly
multiplying in response to a stimulus (Metallo and Vander Heiden, 2013). Life
can also thrive in a wide variety of environments. The parasite Giardia lamblia
survives in the oxygen-poor environment of the human intestine by relying on
specialized organelles which extract energy through anaerobic pathways rather
than standard oxidative phosphorylation (Tovar et al., 2003). Thermophilic ar-
chaea can grow in temperatures over 70° Celsius and have evolved metabolic
pathways that remain stable and efficient in extreme heat, enabling them to sur-
vive conditions that would denature most enzymes in other organisms (Stetter,

1999; Straub et al., 2018).

Metabolic needs can fluctuate within a cell across seconds or persist for pro-
longed periods. As a result, no single biomolecular subsystem can effectively con-
trol metabolism alone. Several mechanisms are used to regulate metabolic path-
ways across multiple time horizons and organizational levels. On short timescales,
enzyme activity can be modulated through allosteric interactions, reversible cova-
lent modifications such as phosphorylation, and changes in substrate or cofactor
availability (Metallo and Vander Heiden, 2013). For example, phosphorylation
of key enzymes in glycolysis and gluconeogenesis rapidly shifts metabolic flux
depending on hormonal cues like insulin and glucagon (Fisher, 2001). When
slower, more persistent changes are needed, transcriptional regulators and epi-

genetic modifications can alter the expression of metabolic enzymes in response
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to nutrient status, stress, or developmental signals (Nielsen, 2017). Cells may
also coordinate metabolism through compartmentalization, where enzymes and
pathways are spatially separated into different cellular areas or organelles to allow
localized control of flux (Bar-Peled and Kory, 2022; Zecchin et al., 2015). Many
regulation mechanisms function as negative feedback loops; that is, the accumu-
lation of a product downstream in a metabolic pathway inhibits the activity of an
upstream enzyme, thereby preventing overproduction and maintaining metabolic

balance (Ni et al., 2021).

1.1.2 Advances and challenges in metabolic engineering

Metabolic engineering applies DNA recombination techniques to restructure and
alter metabolic networks (Bailey, 1991). Metabolic engineers use various tech-
niques, from plasmid transduction to CRISPR gene splicing, to edit a host or-
ganism’s DNA and insert the genetic code to produce an enzyme (Stephanopoulos
et al., 1998). These enzymes are typically encoded by heterologous genes—genes
sourced from foreign organisms—which are introduced into the host genome and
expressed using the host’s native transcriptional and translational machinery.
This enables the host cell to produce novel enzymatic functions not present in its
natural metabolic repertoire. For example, human insulin was the first licensed
drug produced with recombinant technology in 1982 (Baeshen et al., 2014). Scien-
tists insert the genes to produce insulin precursors into the bacterium FEscherichia
coli (E. coli) and the budding yeast Saccharomyces cerevisiae (S. cerevisiae). The
antimalarial artemisinin was originally isolated from sweet wormwood, a source
which limited its production. Metabolic engineers inserted a three step pathway
to create artemisinic acid, the direct precursor, into yeast (Ro et al., 2006). Com-
mercial production of semi-synthetic artemisinin began in 2013 (Paddon et al.,
2013; Turconi et al., 2014).

The choice of host organism in metabolic engineering depends on the com-
plexity of the desired biosynthetic pathway, the nature of the product, and the
post-translational modifications required for functional activity. Commonly used

microbial platforms include E coli, favoured for its rapid growth, genetic tractabil-
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ity, and well-characterized metabolism. S. cerevisiae offers eukaryotic expression
capabilities and tolerance to industrial fermentation conditions (Nielsen, 2013).
More complex biologics often require mammalian expression systems, such as
Chinese hamster ovary (CHO) cells, which are capable of producing glycosylated
proteins and other post-translational modifications essential for therapeutic effi-

cacy (Kim et al., 2012).

Examples of products synthesized via metabolic engineering span a broad
range of applications. In E. coli, researchers have engineered pathways to produce
lycopene, a carotenoid with antioxidant properties, and icariside D2, a flavonoid
derivative with potential anticancer activity (Liu et al., 2019; Wang et al., 2020b).
Recombinant human insulin, a critical therapeutic for diabetes management, is
produced in S. cerevisiae using optimized expression systems to ensure proper
folding and activity (Nielsen, 2013). Monoclonal antibodies used in diagnostics,
cancer therapy, and infectious disease treatment are produced in CHO cells due
to their ability to perform human-compatible glycosylation and ensure protein
functionality (Singh et al., 2018). Additionally, metabolic engineering has enabled
the production of chemical precursors that serve as feedstocks for traditional
synthetic chemistry, bridging the gap between biology and industrial chemistry
(Chartrain et al., 2000).

Despite the success of metabolic engineering, significant challenges to achiev-
ing cost-efficient production remain. Increasing product titer (concentration),
production rate, and overall yield is challenging because engineered pathways of-
ten impose a metabolic burden on the host by competing with native pathways
for energy resources, enzyme cofactors, reducing agents, and native metabolite
precursors (Keasling, 2010). Production pathways share the host cell machinery
with native metabolism, for example ribosomes, which means that to achieve high
product titers may require most of the cell’s resources to be redirected to produce
heterologous enzymes. Furthermore, issues such as pathway bottlenecks, enzyme
and genetic instability (Son et al., 2021), and intermediate toxicity (Montano
Lopez et al., 2022) can reduce overall efficiency and necessitate iterative opti-

mization at both the genetic and systems levels (Nielsen, 2017; Van Dien, 2013).
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For example, introducing large numbers of heterologous genes into Pseudomonas
putida caused it to lose the ability to synthesize siderophores, which are necessary
for iron metabolism and cell survival (Hong et al., 1991). In another example,
attempts to increase the steroid precursor pathway flux led to the accumulation
of a toxic intermediate, which stopped cell growth (Kizer et al., 2008). Engineers
must consider the costs and benefits of increased metabolic burden when evalu-
ating a particular strategy or pathway design to maximize overall productivity
(Wu et al., 2016).

In addition to the practical challenges of implementing engineered systems,
identifying promising intervention strategies is itself a formidable theoretical chal-
lenge. The discovery of intervention targets typically relies on solving large-scale,
nonlinear, and often combinatorial optimization problems over complex metabolic
networks (Merzbacher and Oyarzin, 2023). These problems are inherently ill-
posed: for instance, many alternative flux configurations can produce equivalent
phenotypes, while incomplete kinetic and regulatory data limit predictive power
(Hu et al., 2023b; Orth et al., 2010). Moreover, the underlying optimization land-
scapes are highly nonconvex, making global optima difficult to guarantee. As a
result, the theoretical limitations of model inference and optimization strongly
constrain what can be achieved experimentally, linking algorithmic tractability

to biological feasibility.

1.1.3 Engineering control of metabolism

Traditional metabolic engineering approaches use constitutive promoters that
transcribe enzymes at a constant rate. Once the pathway is present in the
host cell, engineers use the “push-pull-block" strategy to systematically mod-
ify metabolic pathways and improve product yield (Liu et al., 2018). First, they
enhance the supply of precursor molecules by increasing the concentration of en-
zymes that produce them, which “pushes" flux towards the target biosynthetic
pathway. The “pull" step introduces or upregulates downstream pathway com-
ponents to efficiently convert intermediates into the desired product. Finally,

engineers inhibit or delete competing pathways that could divert flux from the
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target product. However, static enzyme expression is not responsive to changes
in the internal or external environment. Additionally, significant experimental
fine-tuning is usually required to achieve high product titers. For example, in-
troducing alternative carbon sources in the form of palmitic or oleic acids to the
growth medium reduced steroid toxicity in Kizer et al., 2008, but this discovery

required multiple costly experimental iterations.

Additionally, scaling up from controlled laboratory conditions like small-scale
flasks or bioreactors to industrial-sized facilities is challenging because larger re-
actors have more complex and spatially heterogeneous environments (Sun and
Alper, 2015). For example, oxygen, pH, and nutrient levels can all vary across
different zones of the reactor due to gradients in mixing, which can impact mi-
crobial metabolism (Heins and Weuster-Botz, 2018). These differences in cellular
micro-environment can lead to unpredictable variations in productivity, yield, and
overall bioprocess performance (Pigou and Morchain, 2015; Wehrs et al., 2019).
Static control systems cannot respond to these changes and are thus often not

very robust to scale-up.

Dynamic metabolic engineering (see Figure 1.1) proposes to address the lim-
itations of static control using techniques drawn from control theory (Ni et al.,
2021). In natural systems, cells regulate metabolism through many different neg-
ative feedback mechanisms which operate at the molecular, genetic, and whole-
cell scale. If engineers could introduce feedback loops like these to heterologous
pathways, cells would be able to respond autonomously to changes in bioreactor

conditions (Hartline et al., 2021).

Previous experimental work has implemented dynamic control feedback loops
in multiple systems. Many circuits rely on inducers such as IPTG, which not only
add significant cost to the medium (Cardoso et al., 2020) but also limit control to
the batch level. Instead, closed-loop control mechanisms automatically maintain
enzyme concentrations at a desired set point. These mechanisms use biosensors
which respond to a given stimulus, including nutrient levels, surrounding popula-
tions (quorum sensing), temperature, light, or stress. Control mechanisms can act

at the genetic, transcriptional, translational, or post-translational stages. DNA
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Figure 1.1: Schematic of engineered pathway under transcriptional feedback control.
Adapted from Merzbacher and Oyarzin, 2023.

recombination for genetic-level control can take several generations and there-
fore multiple hours to take effect; in contrast, accelerating posttranslational or
translational degradation has a faster response time but can lead to high molec-
ular turnover which impacts cell growth. In this thesis, I model pathways with
metabolite-responsive transcription factors (MRTFs), which use metabolites al-
ready produced in the pathway to modify enzyme expression (Oyarztn and Stan,
2013). These systems regulate enzyme expression at the transcriptional level,
which is the most well-studied and commonly used control point. Dynamic con-
trol promises to improve robustness by allowing engineered cells to automatically
regulate their new pathways in response to the environment, but these systems
can be even more complicated to engineer and have many components. As a
result, computational models are even more useful to understand how pathway

changes interact with metabolism.

1.2 Research outputs and engagement

This section summarizes the key research outputs of this thesis and give an
overview of the ways I have engaged with the scientific community in the past
three years. During my PhD, I published several peer-reviewed papers and at-

tended multiple conferences, workshops, and working groups.
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Publications

The work presented in this thesis comprises three major research outputs. The
contributions of each paper are detailed further in Section 1.4. I also published
a literature review in Biochemical Society Transactions which is adapted in part
into Chapter 6. In addition, I published one of my rotation projects from the first
year of the PhD and a paper based on one of my supervised students’ projects.
Below I list all publications completed during this thesis. I also note the contri-
butions I made to each work.

e Merzbacher, C., Mac Aodha, O. M., and D. A. Oyarzun. “Bayesian op-
timization for design of multiscale biological circuits". In: ACS Synthetic
Biology. September 2023. I conceived of the optimization pipeline as part
of the MSc phase, performed all simulations myself, created all figures, and
wrote the draft of the paper. OMA and DAO advised the project and edited
the paper text.

e Merzbacher, C. and D. A. Oyarzun. “Applications of artificial intelligence
and machine learning in dynamic pathway engineering". In: Biochemical
Society Transactions. October 2023. I performed the systematic literature
review and wrote the draft of the paper. DAO edited the text.

e Merzbacher, C., Ryan, B., Goldsborough, T. et al. “Integration of datasets
for individual prediction of DNA methylation-based biomarkers". In: Genome
Biology. December 2023. I ran the methylation pipeline modelling exper-
iments in collaboration with BR and TG and produced a report that was
adapted into the paper.

e (Cain, S., Merzbacher, C., and D. A. Oyarzin. “Low-dimensional represen-
tations of genome-scale metabolism". In: Proceedings of Foundations of
Systems Biology in Engineering. September 2024. I proposed the project,
supervised SC, and edited the paper draft.

e Merzbacher, C., Mac Aodha, O. M., and D. A. Oyarztun. “Modelling dy-
namic host-pathway interactions at the genome scale". In: Metabolic Engi-
neering. June 2025. I conceived of the simulator design, ran all experiments,

created all figures and wrote the paper. DAO and OMA edited the paper
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draft.

e Merzbacher, C., Mac Aodha, O. M., and D. A. Oyarzin. “Accurate pre-
diction of gene deletion phenotypes with Flux Cone Learning". In: Nature
Communications September 2025. 1 conceived of the Flux Cone Learning

pipeline, ran all experiments, created all figures and wrote the paper draft.

DAO and OMA edited the paper draft.

Presentations and Posters

I presented my work at a variety of conferences, both as scientific posters and as

talks. I detail these conferences in Table 1.1.

Conference and Workshop Planning

In addition to attending conferences, I organized and delivered two workshops
during my PhD: a one-day satellite workshop for the International Conference in
Systems Biology in Berlin in October 2022 and a two-day working group at the
Santa Fe Institute (SFI) in New Mexico in September 2024. The ICSB workshop
was titled “Synthetic Biology in the Age of Machine Learning” and had 40-50
attendees and 10 speakers. The SFI workshop was planned in collaboration with
8 other PhD students over the course of a year and consisted of 2 days of talks and

discussion groups on “Assessing Representation in Minds and Artificial Systems”.

Student supervision

I proposed three projects to be undertaken by Bachelors’” and Masters’ students.
I supervised two University of Edinburgh BSc students in the 2023-2024 school
year, Samuel Cain and Nicholas Goguen-Compagnoni. Samuel’s work was written
up into a short paper for submission to the Foundations of Systems Biology in
Engineering conference in September 2024. I presented this work at the conference
and received the Best Talk prize for the work. In Fall 2024, I supervised Nicola
Hallmann, a visiting MSc student from ETH Ziirich, on a project titled “Optimal
media composition using Bayesian Optimization”. All three students passed their

degrees.
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Conference Name Dates Location Type
International Conference in | October 6- | Berlin, Germany Flash Talk
Systems Biology 10, 2022
ICSB Satellite Workshop: | October 5, | Berlin, Germany Workshop  or-
Synthetic Biology in the | 2022 ganizer and
Age of Machine Learning 30-minute talk
SynBioUK November | Newcastle, UK Poster

3-5, 2022
Turing Workshop on Al and | March 13- | Edinburgh, UK 10-minute talk
Engineering Biology 14, 2023
Al4bio Spring Symposium | April 18- | Delft, Netherlands Conference
19, 2023 attendee
Al for Healthcare CDT | May 3-5, | York, UK Poster and 15-
Symposium 2023 minute talk
Complexity-GAINS  Sum- | August 13- | Cambridge, UK Summer school
mer School 23 and  10-minute
talk
SynBioUK November | Bristol, UK 15-minute talk
4-8, 2023 and poster
Springer Nature Co- | December | Berlin, Germany Workshop par-
Creation Workshop 1-3, 2023 ticipant
CDT Industry Day April 24, | Edinburgh, UK 15-minute talk
2024
Al for Healthcare CDT | May 20-21, | Edinburgh, UK Poster
Symposium 2024
Cambridge ELLIS Machine | July 2024 | Cambridge, UK Summer school
Learning Summer School and poster
FOSBE Conference September | Corfu, Greece 20-minute talk
2024

Continued on next page
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Conference Name Dates Location Type

Santa Fe Institute Working | September | Santa Fe, USA Workshop orga-

Group on Representation 2024 nizer and 2 30-
minute talks

SynBioBeta May 2025 | San Jose, USA Conference
attendee

Metabolic Network Analy- | July 2025 | Vienna, Austria Talk and poster

sis

Table 1.1: List of conferences and workshops attended during PhD.

1.3 Responsible research and innovation

My research highlights several ethical considerations associated with the appli-
cation of machine learning methods to computational models of metabolism.
Throughout the PhD, I aligned my work with the principles of Responsible Re-
search and Innovation (RRI) (Owen et al., 2020). While the exact definition of
RRI is still debated, it emphasizes the anticipation of potential consequences, re-
flexivity on purposes and motivations, inclusion of a wide range of stakeholders,
and responsiveness to public concerns throughout the research process (Burget

et al., 2017; Owen et al., 2013).

A primary ethical concern raised by this thesis is the dual-use potential of the
computational methodologies developed. While these methods can accelerate the
beneficial production of pharmaceuticals, biofuels, and other valuable chemicals
through engineered microbial strains, they may also be exploited for harmful pur-
poses, such as creating pathogenic organisms, synthesizing toxins, or developing
biological weapons (Cirigliano et al., 2017). Miller and Selgelid, 2007 proposed a
framework for “experiments of concern" to ethically evaluate biological research
based on its potential for misuse. However, their framework does not consider
recent computational advances. A recent report by the National Academy of

Sciences examined how to mitigate the risks of synthetic biology being used for
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bioweapons (Sciences et al., 2018). They suggest that the government should
maintain registries of known biological threats and use machine learning mod-
els to scan ordered DNA sequences, for example, to detect possible bioweapons.
In my work, I maintained a private code repository, accessible only to project
collaborators, until the work was published in a peer-reviewed journal. If any
ethical concerns with the release of the data were raised by reviewers, I proposed
the use of a permanently private code repository accessible only to verified and
reputable researchers upon request. While this approach has some trade-offs in
open research and intellectual freedom, it significantly reduces the potential mis-
use of computational tools (Bhowmik, 2017). Other guardrails already exist on
the procurement of pathogenic DNA sequences and toxic precursor compounds.
It is also acknowledged that the high level of domain-specific expertise required to
operationalize these technologies serves as a practical barrier against widespread

misuse (Council et al., 2006).

Another ethical consideration concerns the accuracy and reliability of the com-
putational models used in this research. Machine learning models can be biased
based on the distribution of data included in the training set; these biases can be
difficult to detect especially in large biological datasets where the ground truth
distribution is not well-characterized. In addition, mechanistic approaches like or-
dinary differential equations can have inaccuracies in their formulation which can
lead to predictions inconsistent with experimental observations. This discrepancy
underscores the importance of rigorous validation procedures and responsible ap-
plication of these predictive models. In some biological tasks such as protein
structure prediction, advances in model performance have been assessed using
consistent benchmarks (Kryshtafovych et al., 2021; Villaverde et al., 2015); how-
ever, such benchmarks remain to be developed for the vast majority of biological

tasks.

A final consideration of this thesis is the trade-offs between accuracy and in-
terpretability in machine learning models. Deep learning has many advantages
such as being able to flexibly fit large, high-dimensional training sets; however,

these models are often considered “black boxes" due to their complex and opaque
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internal structures, making it challenging to understand how specific inputs are
transformed into outputs. This lack of transparency can hinder scientific innova-
tion because biases in the model can be difficult to detect and correct. Ideally,
a model should maximize both accuracy and be fully interpretable; in practice,
there are often tradeoffs between flexible deep learning models and their inter-
pretability. In this thesis, I preferentially use interpretable models such as random
forest, linear regression, and logistic regression if they achieve similar accuracies
to deep learning models. In addition, in some imbalanced classification problems
where the majority of the training set comes from one class, I prioritize balanc-
ing the class accuracies to be more even over the overall model performance (see
Section 5.5). In my applications, I was able to primarily use shallow learning
methods; however, in the case that a black-box method achieves substantially
better performance and is selected over more interpretable alternatives, there are
some techniques which can provide insights into model predictions. These meth-
ods work post-hoc on trained models by assigning each feature an importance
score (Chen et al., 2024). For instance, Local Interpretable Model-agnostic Ex-
planations (LIME) and SHapley Additive exPlanations (SHAP) both evaluate
the importance of input features to final predictions (Xu et al., 2019). The ideal
tradeoff between explainability and accuracy depends on the application. For
decision-making in experimental design, partial interpretability with quantifiable

uncertainty may be preferable to higher black-box accuracy (Sidak et al., 2022.)

To conclude, this thesis advocates the responsible and transparent use of ma-
chine learning for biomedical research. I recommend the active engagement of
stakeholders, particularly experimental biologists, throughout the research pro-
cess. Clear and accessible communication regarding the limitations, uncertainties,
and assumptions inherent in these computational methods is also crucial to facil-

itate informed interpretation and utilization by the broader scientific community.
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1.4 Contributions of this thesis

This thesis presents three different paradigms for the integration of machine learn-
ing and mechanistic models for applications in metabolism and metabolic engi-
neering. I begin with a chapter detailing the computational methods used in the
thesis and move on to discuss each approach in three results chapters. Each chap-
ter corresponds to a major research output in the form of a first author primary

research paper.

e First, machine learning toolkits can be used to rapidly search high-dimensional
spaces and optimize biological problems described by existing mechanistic
models. Selecting both genetic control loop architectures and biosensor
dose-response parameters is challenging, particularly when taking into ac-
count the multiple timescales present in heterologous pathways. In Chapter
3, I introduce BayesOpt, a novel method which applies a toolkit from neu-
ral network hyperparameter tuning to the design of multiscale biological
circuits.

e Second, machine learning can act as a surrogate, replacing costly-to-simulate
mechanistic models based on training on data generated on-demand from
the mechanistic model. In Chapter 4, I address some of the limitations of or-
dinary differential equation models, such as their assumed constant growth
rate, by creating a novel simulator which incorporates a genome-scale model
(GEM) of native metabolism with an ODE model of an engineered pathway.
This integration requires the training of a surrogate ML model to replace
the time-consuming FBA optimization step.

e Finally, machine learning can improve the predictive accuracy of mechanis-
tic models for various second-order tasks. In Chapter 5, I introduce Flux
Cone Learning, a pipeline which trains a machine learning model on large-
scale flux sampling data generated from genome-scale models to predict
gene deletion fitness, either for essentiality prediction or product produc-
tion prediction. Flux Cone Learning beats the current gold standard in

metabolic gene essentiality prediction.
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In the final chapter, I discuss these three use cases and review the related
literature on recent developments in hybrid modelling for problems not covered

in the thesis. I present perspectives on the state of the field and where I believe

it should go in the near future.



Chapter 2

Computational modelling of

metabolism

The complexity of cellular metabolism—spanning multiple biological scales, thou-
sands of interacting components, and nonlinear feedback mechanisms—poses sig-
nificant challenges for understanding and engineering solely through experimen-
tal approaches. To address this, computational models have become central to
metabolic research, providing a structured framework to analyse, predict, and ma-
nipulate biochemical networks systematically (Orth et al., 2010; Palsson, 2015).
A wide variety of computational methods have been developed to facilitate the
rational design of engineered cells or to explore the impacts of various changes to
metabolism (Gombert and Nielsen, 2000). Before committing to costly and time-
consuming experiments, researchers can use these tools to simulate metabolic
behaviour in silico and predict how genetic or environmental changes will af-
fect the system under study. For example models have been used to identify
metabolic bottlenecks, simulate gene knockouts, optimize flux distributions, and
couple product formation with cellular growth (Burgard et al., 2003; Patil et al.,
2005). Model predictions can help prioritize experiments by selecting a subset of
strain variants or culture conditions to test (Liao et al., 2022). Models can incor-
porate data from many different sources, from genomics data to enzyme activity
assays, and express this data as hypotheses about how metabolic variables are

expected to change over time.

19
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Until recently, most computational models used in metabolic engineering were
mechanistic models, which use established physical and biochemical principles
to simulate system behaviour. Mechanistic models are termed as such because
they explicitly describe the biological mechanism under study using mathematical
equations. Two widely used classes are ordinary differential equation (ODE) mod-
els, which describe dynamic changes in metabolite concentrations over time, and
genome-scale metabolic models (GEMs), which represent the complete metabolic
capabilities of an organism based on its annotated genome. In this section, I will
introduce both modelling frameworks, exploring their advantages and limitations

in the context of metabolic engineering.

2.1 Mechanistic models of metabolism

Mechanistic models describe biological systems based on the known physical,
chemical, and biological principles that govern their behaviour. These models aim
to formulate the underlying relationships between components such as molecules
or genes into a set of mathematical equations which describe a higher-level cellular
process (Curtis, 1991). Mechanistic models have been widely used for the study of
metabolism for several reasons. First, because they are based on well-established
biological mechanisms (e.g. enzyme kinetics, gene regulatory networks), they pro-
vide insights into why and how a system behaves a certain way. Furthermore,
hypotheses about a particular biological mechanism or experimental condition
can be tested in silico to see if they match the results of experiments. Some
of the first mechanistic models were developed by Hodgkin and Huxley in 1952
to describe how neurons transmit electrical signals (Hodgkin and Huxley, 1952);
since then many thousands of models for various biological phenomena have been
built (Malik-Sheriff et al., 2020). The core benefit of mechanistic models is that,
because they are constructed from first principles, they can extrapolate to predic-
tions about behaviours not present in the original data (Baker et al., 2018). Two
modelling paradigms which are commonly used to model metabolism are nonlin-

ear ordinary differential equations (ODEs) and genome-scale metabolic models. 1
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introduce each method in Table 2.1; while they stem from the same initial mass-

balance and stoichiometric principles, they diverge in their assumptions. I then

introduce each method in more detail.

Aspect

Kinetic ODE models

Genome-scale
metabolic models
(GEMs)

Common foundation Both stem from mass bal-

Governing principle

Key assumption

Primary variables

Typical inputs

Granularity / scale

ance and stoichiometry.

Dynamic mass balance on
metabolite/enzyme pools:

dx
E - f(xa‘e?uae)
%: g(z,e,u;0)

with kinetic laws (e.g.,
Michaelis-Menten).

Nonlinear, non—steady
state dynamics

Concentrations z(t), en-
zyme levels e(t).

Kinetic parameters 6, ini-
tial conditions, kinetic
forms; perturbations u(t).

Pathway scale; selected
reactions with detailed ki-
netics.

Both stem from mass bal-
ance and stoichiometry.

Steady-state mass balance
on fluxes:

Sv=0, oP<ov<o®
often with an optimality
assumption (e.g., maximize
biomass).

Steady state for intracel-
lular metabolites (quasi-
steady-state)

Reaction fluxes v

Stoichiometric matrix S,
bounds v'®, v"P; objec-
tive; media/exchange con-
straints.

Genome scale (thousands
of reactions); no explicit
kinetics.

Table 2.1: ODE vs GEMs: shared mass-balance foundations, diverging assumptions
(dynamic vs steady state), and complementary strengths.

2.1.1 Ordinary differential equations

Ordinary differential equation (ODE) models are widely used to describe the dy-
namic behaviour of metabolic pathways. These models express how key variables,

such as metabolite concentrations or enzyme activities, change over time based on
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the underlying biochemical reactions. In many cases, the governing processes and
reaction mechanisms are better understood than the exact instantaneous state
of the system, making ODEs a natural mathematical framework for modelling
(Braun and Golubitsky, 1983). An ODE consists of a function and its deriva-
tive with respect to a single independent variable—typically time—capturing
the rate of change of system components. ODE models are particularly well
suited for representing the nonlinear, time-dependent interactions characteristic
of metabolic flux regulation and enzyme-mediated reactions (see Figure 2.1), al-
lowing researchers to explore system dynamics, steady states, and responses to

perturbations (Alon, 2019).

Most biological systems do not follow simple linear relationships. As a result,
accurate models of these systems are often highly nonlinear and involve multi-
ple interacting components. These dynamics present a computational challenge
to integrating these equations. Few differential equations used in biology have
closed-form analytical solutions that can be expressed explicitly in terms of ele-
mentary functions. Instead, researchers must use numerical methods and often
costly computational simulation to simulate these systems and explore their be-
haviour under different initial conditions and parameter values (Darvishi et al.,
2007; Erdi and Toéth, 1989). Many toolkits have been developed to efficiently
solve differential equations (Gardner et al., 2022). I will begin by introducing a
simple model of an enzyme-mediated chemical reaction which, given simplifying

assumptions, can be reduced to the widely used Michaelis-Menten rate law.

2.1.2 Michaelis-Menten kinetics

In 1913, biochemists Leonor Michaelis and Maud Menten developed a model of
enzyme catalysis which to this day forms the basis of many differential equation
models (Johnson and Goody, 2011; Srinivasan, 2022). They began with a reaction
scheme which assumes that enzymatic reactions proceed through the reversible
formation of an enzyme-substrate complex E S before conversion of the substrate

S to a product P:
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Figure 2.1: Sample ODE trajectories for toy model of metabolic pathway. Generated
using toy model from Chapter 3.

E+S%%E&ZE+R (2.1)

where F is the free enzyme and ky, ko, and k_; are the kinetic rate constants
which describe the speed of each step. To describe the dynamics of the system,
Michaelis and Menten constructed differential equations for each concentration
by using the law of mass action, which states that the rate of a reaction is pro-
portional to the product of the concentrations of the reactants. The system of

equations is as follows:

O = KBIIS) + ha[ES] + halES), (2:2)
@ — k[E][S] — k_1[ES] — ko [ES], (2:3)
%%z—hWMH%1W% (2.4)
dp] _

7 =kl ES]. (2.5)

Each equation describes how a species (the substrate, product, or substrate-
enzyme complex) changes over time as a result of the two different reactions. The

key simplification Michaelis and Menten made was the quasi-steady-state assump-
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tion (QSSA), which assumes that the binding dynamics of the substrate-enzyme
interaction are much faster than the depletion of the substrate or accumulation
of the product. As a result, the concentration of the enzyme-substrate complex,
[ES], rapidly reaches a steady state. This implies that its rate of change can be

approximated as zero:

d[ES]
a=el 2.
T (2:6)

The substrate-enzyme complex thus reaches a steady-state concentration where
no net change is occurring while the rest of the reaction is still in progress and

its rate of change can be assumed to be zero.

Additionally, the enzyme is either in its free form [E] or bound in the complex
[ES], so given the total enzyme concentration we can find an equation for the

free enzyme [E]:

[E] = [Elo — [ES], (2.7)

where [E]y is the total enzyme concentration, or the sum of free enzyme and
enzyme bound in the enzyme-substrate complex. Under the QSSA and enzyme

conservation, we can solve algebraically for [ES]. Substituting (2.7) gives

0=k [E][S] = (k-1 + k2)[ES] (2.8)
= ki ([E)o — [ES])[S] = (k=1 + ko) [ES]
= k1[E]o[S] — (k1[S] + k-1 + ko) [ES].

Rearranging,

[ES] = ki [Eo[S] _ [E]o[S] _ [E]o[S]
Ei[S] + (k1 + ko) ko1t ke + 8] Ky +[S]’
k1

(2.9)
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Figure 2.2: Curve of the Michaelis-Menten equation labelled with equation compo-
nents. The substrate concentration [S] is labelled here as a and Viyax is V. Sourced
from Wikipedia.

where we have defined the Michaelis constant

k_1+ ko

Ky =
M o

(2.10)

i)

g in a more concise form,

We can then express the product formation rate

known as the Michaelis-Menten equation:

o P o o kQ[E]O[S] o Vmax[s]
v= S = RIPS) = 2R = 2 (2.11)

where v is the initial reaction rate of the product [P], Vipx is the maximum
rate of the reaction when the enzyme is saturated with substrate, and K, is the
Michaelis constant, representing the substrate concentration at which the reaction
rate is half of V... Figure 2.2 shows the reaction rate v is plotted as a function
of the substrate concentration [S]. As the substrate concentration increases, the
reaction rate initially does too before saturating at V., when all the enzymes
are bound to substrate and the reaction is proceeding at maximum speed. There
are many adaptations of the Michaelis-Menten rate law which describe reversible

reactions, competitive substrate binding, and allosteric inhibition.


https://upload.wikimedia.org/wikipedia/commons/2/22/MM-curve.jpg
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2.1.3 Multiscale models of metabolic pathways

In a network of multiple reactions, the rate of change of a particular metabolite

x can be described as a sum of the reaction fluxes producing and consuming it:

dx
dt

= Vin,1 — Vout,1 + Vin,2, (2.12)

where in this toy example two reactions produce x and one consumes it. Equa-
tions for many reactions forming an interlocking network can be written, but
if these reactions follow Michaelis-Menten kinetics their rates are dependent on
enzyme concentrations. Enzyme concentrations change over time via transcrip-
tional feedback regulation, albeit much more slowly than metabolite concentra-
tions. Unlike in the Michaelis-Menten case, these differences in timescale cannot
be ignored. I focus this section on metabolic pathways under feedback control
that synthesize high-value products (Verma et al., 2021). These systems have two
important timescales that an accurate ODE must capture: the relatively rapid
conversions of substrate to product and the slower timescale of enzyme transcrip-
tion and translation, and thus genetic feedback control. In the general case, a
model includes a metabolic branch point through a heterologous pathway with
enzymatic steps and contains two sets of equations, one to cover the substrate

dynamics and one to cover the enzyme dynamics:

d

& f(s,e) — As,

dt (2.13)
de _ u(s,y) — Ae

dt 7’}/ )

where s and e are vectors of metabolite and enzyme concentrations, respec-
tively. The term f(s,e) describes the biochemical reactions between pathway
intermediates, while the parameter A models the dilution effect by cell growth.
Some entries in f(s,e) will be Michaelis-Menten rate law terms (see Equation
2.11). The vector u(s, ) describes the enzyme expression rates controlled by some

pathway intermediates, and typically take the form of sigmoidal dose-response
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curves that lump together processes such as metabolite-TF or metabolite-riboregulator
interactions (Mannan et al., 2017).The parameters v are tunable to control the

shape of the dose-response curve.

This system of equations represents an exemplar pathway with both a fast,
kinetic timescale and slow, genetic timescale. Metabolic reactions operate in
the millisecond range or faster (Bar-Even et al., 2011), whilst enzyme expres-
sion changes in the scale of minutes or longer. Moreover, metabolites and en-
zymes are also present in different ranges of concentrations, from nM for enzymes
to mM and higher for metabolites (Tonn et al., 2019). Particularly in path-
ways under dynamic feedback control (see Section 1.1.3), both sets of species
change at vastly different rates, which result in stiff systems which rapidly be-
come too computationally intensive to integrate as the number of chemical species
increases. Furthermore, the construction of these models relies on detailed mech-
anistic knowledge and includes many kinetic and regulatory parameters. These
parameters can be fit from data or drawn from existing knowledge databases
such as BRENDA (Schomburg et al., 2004; Villaverde et al., 2019). The largest
existing ODE models of yeast glycolysis can cover large sections of metabolism;
however, these models must be parametrized by strain-specific data which is ex-
pensive and difficult to obtain (Hu et al., 2023a). Additionally, this model makes
several simplifying assumptions. In reality, the cellular growth rate is not con-
stant and changes based on metabolic conditions. Limited parameter availability,
large variation in parameter values across different environmental or cellular cond
and changing external conditions which affect parameter values and uncertainty

are all significant challenges to the construction and accuracy of ODE models.

2.2 Genome-scale metabolic models

An alternative, widely used modelling method to ODEs are genome-scale metabolic

models (GEMs). Both approaches originate from the same underlying principle
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of mass balance, which can be expressed generally as:

dx
Sv=— 2.14
v (214)

where S is the stoichiometric matrix, v is the vector of reaction fluxes, and x
is the vector of metabolite concentrations. In an ordinary differential equation
(ODE) model, the right-hand side 2 is explicitly integrated over time, allowing
metabolite concentrations and fluxes to vary dynamically.

In contrast, GEMs make the steady-state assumption that intracellular metabo-

lite concentrations remain constant over the timescale of interest, such that

Sv = 0. (2.15)

GEMs therefore describe metabolism as a high-dimensional space of feasible
steady-state flux distributions, often referred to as the flux cone. Vectors of
metabolic fluxes from this flux cone can be generated in various ways, including

flux balance analysis and flux sampling.

GEMs are large computational models that describe the metabolic network of
an organism as a set of reactions between metabolites defined by gene—protein—reaction
associations (Borodina and Nielsen, 2005). The stoichiometric coefficients of ev-
ery reaction in the GEM form an integer matrix S which imposes constraints on
the flow of metabolites through the network (Figure 2.3). This stoichiometric
matrix has dimension m x n, where m is the number of metabolites and n is the
number of reactions. An n-dimensional vector of fluxes v represents the rate of
each reaction, and the steady-state assumption (2.15) ensures that all internal
metabolite balances are satisfied. The feasible fluxes are further constrained by

physiochemical bounds:

o < gy < o (2.16)

where (v, prex

% » Vi

) are lower and upper bounds on each reaction flux (Kauffman

et al., 2003). Each reaction flux v; is analogous to the reaction rate in ODE
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models (Equation 2.1.3), but whereas ODEs capture transient, time-dependent
behaviour, GEMs represent the set of all flux distributions consistent with steady-
state mass balance. This conceptual shift from integrating Ccll—f to enforcing Sv = 0
distinguishes dynamic kinetic models from constraint-based steady-state models.

In genome-scale metabolic models, the gene—protein—reaction (GPR) map-
pings describe how genes encode enzymes that catalyse specific metabolic re-
actions. These mappings are derived from genome annotation and biochemical
databases (Devoid et al., 2013), linking genes to their corresponding enzyme sub-
units and isoenzymes using logical rules (e.g. AND for protein complexes, OR for
isozymes). Through these GPR associations, the annotated genome is systemat-
ically converted into a reaction network that captures the enzyme composition
and genetic basis of each metabolic function.

Since the 1990s GEMs have been reconstructed for over 6000 organisms, in-
cluding over 5000 bacteria (Edwards and Palsson, 1999; Gu et al., 2019). Com-
plete GEM models exist for several common host bacteria, including Escherichia
coli, Bacillus subtilis, and the pathogens Mycobacterium tuberculosis and Yersinia
pestis. In particular, the iML1515 model of E. coli contains information on 1,515
open reading frames, 2,719 metabolic reactions, and 1,182 unique metabolites and
is considered the best-curated and most complete GEM (Monk et al., 2017). In
eukarya, the brewer’s yeast Saccharomyces cerevisiae has two iteratively updated
consensus GEM models, Yeast 9 (Zhang et al., 2024) and iMM904 (Herrgéard et
al., 2008). Several repositories for models, including BiGG models (King et al.,
2016) standardize model formats for widespread use by experimental practition-

€ers.

2.2.1 The flux cone

The set of all reaction fluxes in genome-scale models describe a high-dimensional
space where each dimension corresponds to the flux of a specific metabolic reac-
tion (Klapper et al., 2021). When the linear constraints are applied to the reaction
fluxes (see Equation 2.16), they delineate a subset of this high-dimensional space

called the flux cone. This convex polyhedral cone represents the set of all feasible
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Figure 2.3: Schematic of genome-scale metabolic model construction. Adapted from
Fang et al., 2020. This figure is a simplified representation of GEM construction and
does not depict isozyme or protein complex mapping that is not 1:1 from gene to
reaction.

steady-state flux distributions that satisfy the stoichiometric and thermodynamic
constraints of the system. The flux cone encompasses all possible combinations
of reaction fluxes that maintain a steady state, ensuring that the production and
consumption rates of metabolites are balance (Wagner and Urbanczik, 2005).
The structure of the flux cone is influenced by the network stoichiometry and
the reversibility of its reactions (Palsson, 2011). It can be characterized by a set
of vectors, such as elementary flux modes or extreme pathways, which represent
minimal sets of reactions capable of operating at steady state independently. El-
ementary flux modes (EFMs) are the simplest, non-divisible sets of reactions in a
metabolic network that can operate independently (Schuster et al., 1999). Each
EFM describes a minimal metabolic route through the network in the sense that
you cannot remove any reaction from the set without losing its ability to function
at steady state (Zanghellini et al., 2013). Similar to EFMs, extreme pathways
(ExP) are another type of minimal set of reactions that define the edges or ex-
treme points of the flux cone. Extreme pathways are unique and non-redundant
pathways that capture the boundaries of the metabolic capabilities of the net-
work (Price et al., 2002). Any feasible flux distribution inside the flux cone can be
represented as a linear combination of these minimal generating vectors (EFMs
and ExPs). Understanding the geometry of the flux cone is crucial for metabolic
engineering and systems biology, as it provides insights into the metabolic capa-

bilities, flexibility, and robustness of an organism.
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2.2.2 Flux balance analysis

Flux balance analysis (FBA) is a constraint-based linear modelling method used
to analyse the flow of metabolites through a GEM metabolic network (Orth
et al., 2010). FBA assumes all reactions in the network are at steady state,
which means the concentration of all metabolites in the cell remain constant
(Kauffman et al., 2003). FBA also maximizes an objective, usually growth rate.
Given the constraints imposed by metabolic stoichiometry, FBA solves a linear
optimization problem to predict the metabolic fluxes of the cell provided the
objective is optimal. All metabolic fluxes are assumed to be constant, which

reduces the model to a linear optimization problem of the form:

max(cv), (2.17)
s.t. Sv=0, (2.18)
Umin < Ui < Umax, (2.19)

where ¢’'v forms an objective, usually representative of the growth rate through

a manually constructed biomass reaction. There are infinite possible optimal
flux vectors because the problem is underdetermined; that is, the number of of
reactions exceeds the number of metabolites, leading to a solution space that
contains many different flux distributions which all satisfy the same steady-state
and optimality conditions. FBA identifies a single point within the flux cone,
often the one that happens to be found by the solver, but not necessarily the
biologically correct or most representative one (Mahadevan and Schilling, 2003).
Alternate techniques such as flux variability analysis (FVA) and Monte Carlo
flux sampling are used to assess the range of possible flux values compatible with
optimal growth (Gudmundsson and Thiele, 2010).

Flux balance analysis is widely used by experimentalists to quantitatively
predict the effects of adding engineered pathways to a cell, knocking out var-
ious genes, or changing medium conditions. Many software toolkits, including
RAVEN and COBRA, exist for FBA simulation in various programming lan-
guages (Ebrahim et al., 2013; Wang et al., 2018).
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2.2.3 Flux sampling

Flux sampling is a collection of methods for randomly generating flux distribu-
tions from the solution space of a genome-scale metabolic model. Flux sampling
algorithms are high-dimensional samplers which randomly select a point from the
flux cone and check its feasibility. Due to the high dimensionality and complexity
of the flux cone, researchers often utilize random walk strategies, such as Markov
Chain Monte Carlo (MCMC). These strategies iteratively select a point within
the flux cone and then move in a random direction to generate a new sample, en-
suring that each sampled point adheres to the system’s steady-state (see Equation
2.15) and thermodynamic constraints (see Equation 2.16).

To achieve a homogeneous sampling of the flux cone, it is crucial that the ran-
dom walk is sufficiently long, allowing the sampler to converge towards a uniform
sampling of feasible fluxes (Wiback et al., 2004). This convergence ensures that
the collected samples accurately reflect the diversity of possible metabolic states
within the constraints of the GEM. The resulting flux distributions can then
be analysed to identify the most probable flux values, assess metabolic pathway
utilization, and understand the organism’s metabolic adaptability under various
conditions (Gelbach et al., 2024).

Modern flux sampling algorithms are optimized for the non-isotropic geom-
etry of the convex polytope defined by the GEM. For example, OptGPSampler
uses uses artificial centering hit-and-run to bias the random walk towards the
elongated sections of the flux cone (Megchelenbrink et al., 2014). After an ini-
tial random location in the flux space is selected, a warm-up phase iterates until
the distribution samples is approximately uniform. Once this warm-up phase is
complete, every kth point following is generated by the sampler until N points
are generated. These two parameters (k, N) control the number of flux samples
generated by the algorithm.

The main trade-off for achieving acceptable computational times for flux sam-
pling algorithms lies between sampling accuracy (how uniformly the feasible flux
space is explored) and computational efficiency. Early algorithms such as Hit-

and-Run and Gibbs sampling were theoretically accurate but extremely slow
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to converge in high-dimensional flux cones. Modern approaches—Ilike Coordi-
nate Hit-and-Run with Rounding (CHRR) or Artificially Centered Hit-and-Run
(ACHR)—improve efficiency by relaxing exact uniformity or using precondition-
ing steps that approximate the flux space geometry. These approximations ac-
celerate convergence and reduce runtime, but at the cost of producing only ap-

proximately uniform samples rather than perfectly uniform ones.

One of the significant advantages of flux sampling is its ability to explore the
solution space without imposing a specific cellular objective, such as biomass max-
imization (see Equation 2.2.2). This feature allows for an unbiased exploration
of the metabolic network’s capabilities (Quek and Turner, 2019). However, flux
sampling is computationally costly because it requires performing extensive ran-
dom walks through a high-dimensional flux space. To accurately approximate the
distribution of fluxes within the flux cone, the random walk must continue until
it reaches its mixing time—the point at which sampled points are effectively inde-
pendent and uniformly distributed throughout the feasible space. Achieving mix-
ing in high-dimensional spaces, such as those encountered in typical GEMs, is par-
ticularly challenging because the complexity and dimensionality of these spaces
significantly increase the number of sampling iterations required (Liphardt, 2018).
Consequently, flux sampling methods like Markov Chain Monte Carlo (MCMC)
and Hit-and-Run algorithms can be quite resource-intensive, especially for mod-
els comprising hundreds or thousands of reactions. For comprehensive GEMs, a
single sampling run can take on the order of several minutes to hours, depending
on the desired convergence quality and computational resources available (Her-
rmann et al., 2019). This high computational cost has led to the development of
advanced, more efficient sampling algorithms and software implementations, such
as ACHR and optGP, designed specifically to reduce the computational time re-
quired for flux sampling analyses (De Martino et al., 2015; Kaufman and Smith,
1998; Megchelenbrink et al., 2014).
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2.2.4 The curse of dimensionality

High-dimensional sampling methods, such as those required for exploring the flux
cone, are significantly impacted by the curse of dimensionality. This phenomenon
describes how the behaviour of data changes as dimensionality increases, present-
ing fundamental challenges for statistical and computational methods. Specifi-
cally, in high-dimensional spaces, data points tend to become nearly equidistant
from one another, which undermines the discriminative power of distance-based
learning algorithms. As the dimensionality of a space grows, points cluster dis-
proportionately near the boundaries of the feasible space rather than distributing
evenly throughout its volume (Wainwright, 2019). Consequently, uniformly sam-
pling high-dimensional spaces is inherently difficult, leading to computational
inefficiencies and inaccuracies in statistical learning and optimization (Hastie et
al., 2009). These challenges directly affect flux sampling techniques, where ensur-
ing uniform and representative coverage of the flux cone demands sophisticated

algorithms and extensive computational resources.

2.2.5 Dimensionality of flux cones across species

Genome-scale models have been built for a large range of species across the king-
dom of life, ranging from bacteria (Monk et al., 2017) to multicellular organisms
like Caenorhabditis elegans (Gebauer et al., 2016) to human cells (Swainston et
al., 2016). The dimensionality of the flux cone varies significantly across different
species, reflecting differences in the size, complexity, and metabolic diversity of
their respective genome-scale metabolic models. There are several metrics which
can be used to describe the dimensionality of a flux cone including the number
of genes and the number of reactions present in a GEM. Additionally, the nullity
of the stoichiometric matrix in Equation 2.15 refers to the number of linearly in-
dependent flux vectors (solutions) that satisfy the steady-state condition, where
metabolite production and consumption rates balance out. Mathematically, this
nullity corresponds to the dimension of the null space (kernel) of the stoichio-

metric matrix. Consequently, the nullity directly indicates the dimensionality of
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Figure 2.4: Genome-scale metabolic models from across the bacterial kingdom. The
dimension (y-axis) is the nullity of the S matrix.

the flux cone: a higher nullity means a higher-dimensional solution space. Fig-
ure 2.4 shows the range of models from across the bacterial kingdom. Models
for N = 244 bacterial species were obtained from Plata et al., 2015 and species
names were obtained from Ramon and Stelling, 2023. These GEMs were gen-
erated programmatically using the SEED toolkit (Henry et al., 2010) and the
stoichiometric matrices of each model were extracted, along with the number of
genes and reactions in each model. The largest models have over 1500 genes and

2000 reactions, while the smallest models are below 600 genes and 1000 reactions.

2.3 Hybrid modelling approaches

Machine learning and mechanistic simulation approaches both try to predict the
behaviour of a system; however, they have traditionally been applied to different
types of problems. ML models thrive in applications where causal relationships
are unknown or cannot be assumed but large amounts of data are available. How-
ever, since ML techniques are solely dependent on data, they can struggle with
sparse or biased data, leading to predictions that are unreliable or not based
on physical predictions (Alber et al., 2019). Alternately, mechanistic modelling

derives from known causal relationships in fields where data is sparse, noisy,
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or unavailable (Rueden et al., 2020). Most modelling in systems biology and
metabolism prior to the introduction of machine learning was mechanistic. In
recent years, hybrid models which combine aspects of both paradigms have been
developed. These hybrid approaches can prove useful when classical mechanis-
tic models cannot handle new high-dimensional data or only partial mechanistic
models exist. Several reviews give different pathways hybrid models take to inte-

grate mechanistic modelling and machine learning;:

e Synthetic data generated from mechanistic models provides the input to a
machine learning algorithm

e Reinforcement learning or optimization techniques guide the mechanistic
model towards the right representation of reality

e Pipelines which improve mechanistic model predictions based on machine

learning

These methodologies can be applied to a wide range of tasks, from biosensor
engineering to metabolic flux prediction. One of the most common hybrid mod-
elling methods is where a machine learning model such as an artificial neural
network (ANN) is used as a surrogate to fully replace a complex, computation-
ally costly mechanistic model. One work applied machine learning models such
as Gaussian processes, gradient-boosted trees, and ANNs to replace agent-based
modelling methods (Angione et al., 2022). Gherman et al., 2023 reviews other
methods which aim to combine constraint-based methods with machine learning
to identify pharmacological effects, cell fate, improve GEM curation. Procopio
et al., 2023 found that when genome-wide models were available, mechanistic
models for genomic, proteomic, or metabolomic networks could be exploited to
generate large amounts of synthetic data to tune ML-based algorithms. In con-
trast, when concerned more with cellular dynamics, agent-based models tuned by
reinforcement learning techniques were more common, as they are inspired by bi-
ological evolution. Alternatively, a genome-scale metabolic model can be used as
the graph structure for a graph-based machine learning method such as a graph
neural network (GNN) or mass flow graph (Occhipinti et al., 2024). Multi-modal

graph neural networks have also been applied to include not just information from
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a mechanistic model but data from other sources such as -omics sequence data
or imaging data (Holzinger et al., 2021). Hybrid modelling frameworks provide a
powerful foundation for tackling complex biological design challenges, especially
in contexts where neither purely data-driven nor fully mechanistic approaches are
sufficient. In particular, metabolic circuits, which operate across multiple time

scales and regulatory layers, present a compelling use case for such methods.
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Chapter 3

Design of multiscale engineered
gene circuits with Bayesian

optimization

Existing computational methods struggle to design biological circuits effectively,
particularly when these circuits involve dynamic feedback loops. Such loops often
operate across multiple temporal or concentration scales, further complicating ac-
curate modelling and control. This chapter presents a machine learning method
for the efficient optimization of biological circuits across scales. The method relies
on Bayesian Optimization (BayesOpt), a technique commonly used to fine-tune
deep neural networks, to learn the shape of a performance landscape and itera-
tively navigate the design space towards an optimal circuit. I first enumerate the
optimization problem under study and give context for the size and character of
the design space. My method allows the joint optimization of both circuit archi-
tecture and parameters, and hence provides a feasible approach to solve a highly
non-convex optimization problem in a mixed-integer input space. I next provide a
demonstration of the method in a toy model system and benchmark BayesOpt’s
results against several standard methods. I then illustrate the applicability of
the method on several gene circuits for controlling biosynthetic pathways with
strong nonlinearities, multiple interacting scales, and using various performance

objectives. The method efficiently handles large multiscale problems and enables

39
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parametric sweeps to assess circuit robustness to perturbations, serving as an
efficient in silico screening method prior to experimental implementation. The
contents of this chapter are adapted from a paper published in ACS Synthetic
Biology entitled “Bayesian optimization for design of multiscale biological cir-
cuits”. The work underlying this paper was partially conducted in the MSc stage
of my programme and was previously written up in my MSec thesis (Merzbacher,
2022). Work conducted or presented as part of my MSc will be clearly signposted
throughout the chapter to make it clear to the reader the extent of novel work

conducted during the PhD stage.

3.1 Background and motivation

Engineering molecular circuits with prescribed functions is a core task in syn-
thetic biology (Brophy and Voigt, 2014; Lazebnik, 2002). Bioengineers aim to
construct networks of interacting genes, proteins, or small molecules to execute
specific tasks in a cell, inspired by how electrical engineers construct circuits with
precise behaviours (Cameron et al., 2014). These molecular circuits typically
comprise genetic components that interact through regulatory mechanisms such
as transcription, translation, and protein-protein interactions to achieve desired
functionalities including oscillation, memory storage, logic operations, and feed-
back control (Elowitz and Leibler, 2000; Gardner et al., 2000; Nielsen et al., 2016).
Computational design tools are widely employed by engineers to discover circuits
with specific dynamics and accelerate the experimental design process (Gurdo
et al., 2023; Li et al., 2017; Ma et al., 2009; MacDonald et al., 2011; Qiao et al.,
2019). In particular, optimization-based strategies can be employed to search
over design space and single out circuits predicted to fulfil a desired function or
result in specific system dynamics (Dasika and Maranas, 2008; Hiscock, 2019;
Otero-Muras and Banga, 2017; Verma et al., 2021). However, significant chal-
lenges to rapid computational optimization of circuits remain. First, the large
number of possible components and circuit architectures leads to a combinatorial

explosion in the size of the design space, which then requires search strategies
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which can navigate the large space efficiently. Second, circuit design requires
both the specification of circuit architecture, i.e. the circuit “wiring diagram” and
the strength of interactions among molecular components. Since circuit archi-
tectures are discrete choices and molecular interactions depend on continuous
parameters such as binding rate constants, the design problem is a mixed-integer
optimization, which can be notoriously difficult to solve (Banga, 2008). Finally,
when circuits operate across multiple scales, their computational models become
numerically stiff (Hairer and Wanner, 1996), resulting in extremely slow simula-
tions that make the large number of parameter values which must be tried for
optimization infeasible. I will address the size of the design space in dynamic
systems, the discrete-continuous nature of the circuit optimization problem, and
the multiscale nature of biological systems as three features of the problem that

make it particularly challenging and that my approach aims to address.

3.1.1 Navigating the gene circuit design space

Previous work on computational circuit design has largely focused on genetic cir-
cuits that operate in isolation from other layers of the cellular machinery (Figure
3.1). Networks of transcriptional regulators can influence each other to produce
behaviours such as oscillations, ultrasensitivity, bistability, or differentiation cas-
cades (Elowitz and Leibler, 2000; Hiscock, 2019; Oyarztin and Chaves, 2015).
However, even with a small number of regulators, the possible combinations of
activation and repression loops and the strength ranges of interactions create a
large design space that cannot be navigated through experimental design alone.
Exhaustive computational search which tests all possible circuit topologies guar-
antees the optimal solution will be found but is impractically slow for larger cir-
cuits (Blanchini et al., 2014; Li et al., 2017; Ma et al., 2009; Qiao et al., 2019). For
scale, if one considers all possible circuit with three genes and assume that each
gene can activate, repress, or have no effect on itself and the other genes, there are
over 19,000 possible circuit topologies. Each of these topologies may have entirely
different and non-intuitive dynamics due to the nonlinear interactions between

circuit components. Furthermore, as the number of circuit components grows
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Figure 3.1: Schematic of strategies for the design of circuit architectures and param-
eters for single and multiscale circuits.

the size of the design space grows exponentially, following a 3Y° scaling for N
regulators, making exhaustive exploration increasingly infeasible. Consequently,
for anything other than the simplest networks, efficient algorithms to navigate

this large design space are necessary.

3.1.2 Mixed-integer optimization of circuit architectures

Designing a biological circuit requires specification of both the discrete interac-
tions between circuit components (e.g. a gene or protein represses or activates
a target) and the strength of those interactions. This feature frames the prob-
lem as a mixed-integer nonlinear programming problem (MINLP), which already
places it in a class of problems which is known to be challenging to solve using
traditional optimization methods (Chachuat et al., 2005; Lee and Leyffer, 2011).
Many of the approaches for MINPL problems struggle when the objective func-
tion landscape is nonconvex; that is that local minima are not the global minima.
Exhaustive sampling of biological circuits has revealed that many of their ob-
jective function landscapes resemble a series of nonconvex “pockets” (Figure 3.3;
Hiscock, 2019). Computational approaches which use traditional optimization
methods use decompositions or multiobjective optimization to try to approach
the optimal circuit architecture (Dasika and Maranas, 2008; Otero-Muras and
Banga, 2017). Bayesian design (Gonzalez et al., 2015; Woods et al., 2016) and
gradient-based machine learning methods (Hiscock, 2019; Shen et al., 2021) pro-

vide an efficient alternative to exhaustive search but can face some of the same
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problems as MINLP methods and get stuck in local minima. Other algorithms
use approaches from control theory to analyse network structures and identify cir-
cuits which might lead to robust adaptation or other desirable behaviors (Araujo
and Liotta, 2018; Bhattacharya et al., 2022; Briat et al., 2016, 2018; Drengstig
et al., 2008). While these methods differ on their specific modelling strategies
and assumptions, they all require computational simulations at thousands to
millions of locations in the design space to optimize circuit architectures. This
scale of simulations is feasible for simpler systems; however, as the number of
circuit components increases, the computational costs become significant and
limit the applicability of current optimization methods. In addition, the circuits
under study have previously only included components from a single scale (i.e.
protein-protein interactions or gene regulatory networks) and have neglected the
dynamics of small-molecule metabolites in the pathways under study. I next con-
sider how incorporating multiple cellular scales into models of biological circuits

further complicates the problem.

3.1.3 Multiscale gene circuits and dynamic control systems

Biological circuits include components that operate across various scales of cellu-
lar organization, such as gene expression, signalling pathways (Shaw et al., 2019)
or metabolic processes (Zhang et al., 2012). One notable application where these
challenges appear is in the design of genetic circuits for the dynamic control
of metabolic pathways (Doong et al., 2018; Dunlop et al., 2010; Oyarzin and
Stan, 2013; Xu et al., 2014; Zhang et al., 2012). These systems have received
substantial attention thanks to several successful implementations that improved
yields as compared to classic techniques in metabolic engineering (Hartline et
al., 2021; Ni et al., 2021). A more detailed overview of these systems is dis-
cussed in Section 1.1.3; the key principle is to put enzymatic genes under the
control of metabolite-responsive mechanisms that couple heterologous expression
to the concentration of a pathway intermediate (Zhang et al., 2012). This cre-
ates feedback loops between enzyme expression and pathway intermediates that

allow the control of pathway activity in response to upstream changes in growth
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conditions or precursor availability. Such dual genetic-metabolic systems are par-
ticularly challenging to simulate efficiently because metabolites and enzymes vary
in different timescales, from milliseconds (enzyme kinetics) to minutes (enzyme
expression), and they also appear in vastly different concentrations; in bacteria
enzymes are typically expressed in nanomolar concentrations, whilst metabolites
are found typically above the millimolar range (Tonn et al., 2019).

Moreover, the implementation of these systems is costly and requires substan-
tial experimental fine-tuning. As a result, a central task prior to implementation
is the choice of a suitable feedback control loops between metabolites and enzy-
matic genes, and the strength of interactions between metabolites and actuators
of gene expression such as transcription factors (Mannan et al., 2017) or riboreg-
ulators (Zhou and Zeng, 2015). The design of control architectures is particularly
important, because there are many ways of building similar control loops (Chaves
and Oyarzin, 2019), for example by employing combinations of transcriptional
activators and repressors (Liu and Zhang, 2018; Stevens and Carothers, 2015),
that may differ in their performance and cost of implementation.

The computational cost associated with numerically integrating stiff systems
make the simulation of thousands of candidate circuits infeasible. Therefore, a
more efficient model of candidate circuit selection is needed. When modelling a
pathway under gene regulation using ordinary differential equations (see Section
2.1.1), the gap in timescales between metabolite kinetics and transcriptional dy-
namics leads to numerically stiff systems. Stiff systems change quickly over short
timescales while slowly over others. To capture both the rapid dynamics while
running simulations for a long enough time to capture slower evolutions to steady

state, explicit numerical integration methods require very slow time steps.

3.2 Efficient joint architecture and parameter op-
timization

In this section, I present a fast and scalable machine learning approach for op-

timization of multiscale circuit architectures and parameters (Figure 3.1). The
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method is based on Bayesian optimization coupled with differential equation mod-
els, and T highlight its utility in various models of metabolic pathways under ge-
netic feedback control (Frazier, 2018). I first describe how the method works, us-
ing a toy example of a simple pathway. I show that the method converges rapidly
and outperforms other optimizers by a substantial margin in benchmarking stud-
ies. I also show that the method scales well to large systems of differential equa-
tions, provided the number of design parameters remains under approximately
20 dimensions. The method can help speed up the design of synthetic biologi-
cal circuits and presents a novel approach to explore the design space ahead of
implementation. The method was initially developed as part of my MSc thesis
work in the first year of the CDT programme; however, all figures were generated
during the first year of the PhD. I consider four case studies: a toy model, models
of glucaric acid and fatty acid production, and a large model of p-aminostyrene
synthesis. All case studies were initially selected during the MSc thesis and the
sample results from the toy model and glucaric acid model remain unchanged
albeit with new visualizations. The benchmarking experiments were run in the
PhD period. The fatty acid model was entirely revamped during the PhD and
the work on multiple objective functions is new; as a result, I focus on this work

in more detail in Section 3.3.2.

3.2.1 Framing the problem and Bayesian optimization

In general, the circuit design task can be stated as the following mixed-integer

optimization problem:

min J(J:apcapd)a

Pd>Pc

subject to: (3.1)
dz/dt = h(z),
Pe € C? Pd € D7

where J(x, p., pq) is a performance objective to be optimized over a space of con-

tinuous parameters p. and a discrete set of circuit architectures py. The ODE in
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Eq. (3.1) describes the temporal dynamics of circuit components and are typi-
cally built from mass balance relations comprised in the nonlinear function h(z).
Common examples of continuous parameters in applications are binding affinities
between DNA and regulatory proteins, or the strength of protein-protein inter-
actions. Conversely, circuit architecture would typically involve various combi-
nations of positive and negative feedback loops among molecular species. I have
stated the problem as minimization of J, but similar formulations can be posed

as a maximization problem.

In this paper, I propose to solve the design problem in Eq. (3.1) with Bayesian
optimization (BayesOpt), a class of algorithms designed for problems with objec-
tive functions that are expensive to compute. BayesOpt is a global optimization
technique that treats the objective function as a random variable with a prior dis-
tribution on it. The algorithm creates a statistical model of the objective through
subsequent evaluations, which are employed to build a posterior distribution and
determine the next set of inputs to evaluate (Figure 3.2). A typical application
of BayesOpt is in design of experiments (Frazier, 2018) where the objective func-
tion requires measuring data with costly and/or slow experimental work. In deep
learning, BayesOpt is widely employed for model selection, as traditional grid
search approaches require large computing resources to train many architectures
with combinations of various hyperparameters (Bergstra et al., 2013; Snoek et
al., 2012). T implemented BayesOpt using the lightweight hyperparameter tuning
package Hyperopt, although alternatives such as BoTorch are available and can
provide a wider range of algorithm options (Bagge Carlson, 2018; Balandat et al.,
2020).

The performance objective J can be flexibly used to model common design
goals such as production flux, yield or titer, as well as cost-benefit tasks that
balance production with the deleterious impact of the pathway on the physiology
of the host. T discuss multiple possible objectives later in the chapter (see Section

3.3.2; however, in the toy case I consider the minimization of

J = all]prod + a2<]costa (32)
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Sample parameter Solve ODE and Fit landscape with Determine next sample
space > compute objective > nonparametric > balancing exploration
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Figure 3.2: Schematic of a mixed-integer Bayesian optimization loop. My algorithm
uses a nonparametric statistical model known as Tree of Parzen Estimators (Bergstra
et al., 2013) and Expected Improvement (EI) as the acquisition function to balance
exploration and exploitation towards the global minimum.

where Jp,0q Was designed so that its minimization is equivalent to maximization of
the production flux, and J.. penalizes total amount of enzyme expressed during
the culture. The parameters o and ay are positive weights used to control the
balance between the costs and benefits of expressing the heterologous pathway.
In general, their values are dependent on the design objectives of the engineer
building the system and can be seen as a trade-off hyperparameter between dif-
ferent terms in the scalar objective function. In this chapter, I set them to make

the objective terms operate over roughly the same order of magnitude.

The objective function is regarded as a random variable to be optimized over
an input space comprised of continuous parameters and a set of discrete circuit
architectures. At each iteration, the optimization algorithm selects both a discrete
genetic control architecture (p;) and a set of continuous parameters (p.) which
control the strength of the genetic control circuits. To illustrate the challenge
of jointly optimizing circuit architecture and parameters, in Figure 3.3 I show
a schematic of the design space. In this example, I consider a toy system with
four discrete control architectures (for further details, see Section 3.2.2), which
include open loop control as well as three different implementations of negative
feedback control using a metabolite-responsive transcription factor. Negative
feedback is widely employed in gene circuits as it has substantial benefits in
terms of robustness and performance, and their properties have been extensively
studied in the literature (Hartline et al., 2020; Venayak et al., 2015; Zhu et al.,
2021).
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Figure 3.3: Discrete-continuous design space of the toy model. Positive feedback
loops are excluded from the architecture space (left) as these are prone to multistability
(Oyarzan and Chaves, 2015). Heatmaps (right) show the value of the objective J.

The four control architectures under consideration reside at different discrete
points in the architecture space. Within each architecture, I observe substan-
tial variations in the shape of the performance landscape J as a function of the
dose-response parameters p.. There are cases with convex landscapes with a clear
optimum (e.g. dual control) and landscapes with flat basins where most optimiza-
tion algorithms would struggle to find the optimum (e.g. downstream activation).
When searching over the space of architectures and parameters simultaneously,
the problem becomes a mixed-integer, non-convex optimization that is extremely

challenging to solve with traditional approaches.

One key advantage of Bayesian methods is that they are not gradient-based,
and therefore are not constrained to navigate the space smoothly in the direction
of steepest descent. Gradient-based methods can get trapped in local minima
and struggle to find the global optimum, especially in highly nonconvex land-
scapes like the ones presented here. In contrast, BayesOpt does not converge
by chasing minima directly but rather by modelling the entire objective function
landscape. The method can perform multiple “jumps” between distant locations
in the discrete-continuous search space, where each subsequent sample is selected

to maximize the expected improvement on the best sample found so far.
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3.2.2 Demonstration of method in toy model

For the circuit design task in Eq. (3.1), if the biological system has multiple scales
the computation of objective J requires solving a stiff ODE in many locations
of the mixed-integer search space, which can rapidly become infeasible. To first
establish a baseline for the performance of my method, I employed a simple toy
pathway model that displays common features found in real metabolic pathway
(Figure 3.4). The toy pathway under study (see Figure 3.4) has two pathway
intermediates and two enzymes under transcriptional control (Verma et al., 2021).
The substrate represses a metabolite-responsive transcription factor which can act
as an activator or repressor for the transcription of enzymes 1 and 2. (see Figure
3.1). The influx from native precursors and draw from pathway metabolism are
modelled as constant rates. While there is no direct biological correlate for this
pathway, it exemplifies the most basic engineered pathway possible and thus is

useful primarily as a proof-of-concept for the BayesOpt method.

The mass balance equations for the toy branched pathway are

de V k'catmo kcatxo )\
—=Vih—e —e — Az,
dt Ok + 0 km + 20 0
dz; EcatTo Fearr1 A
=e —e — \xq,
At knt+ae  kmta (3.3)
de
d_tl = U(.Th k17017n) - )\617
de
d_tQ = u(fL'l, k27 827 n) - )\627

where xy and x; are the metabolite concentrations and e; and e; are the en-
zyme concentrations. The input flux Vi, is the flux from native precursors. The
constant ) is the culture growth rate and is fixed at 1.93 - 10~*s~!, which corre-
sponds to a 26 minute doubling time in E. coli. Each enzyme follows standard
Michaelis-Menten kinetics has two fixed kinetic parameters, k.. and ky,. For sim-
plicity, all enzymes are assumed to have the same kinetic parameter values. The
function wu(z, k;, 6;,n) describes the expression rates of each enzyme, which can
be modelled by one of three functions dependent on genetic control architecture

(see Equation 3.4). The dose-response curves are encoded by the optimizable
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parameters k; and 6; and the fixed Hill coefficient n = 2. The form of u(z, k, 0)
is determined by the architecture value and modelled using a sigmoid function
which incorporates multiple molecular processes, including metabolite-TF and
TF-DNA binding, and is simpler to parameterize using limited kinetic data. Ad-
ditionally, dynamic pathways often express the TF constitutively, which reduces
the effect of TF expression on performance (Xu et al., 2014). I consider three

architecture forms: activation, repression, and open loop control:

(

k; (no control),
ki C .
u(w;, ki, 0;) = R (activation), (3.4)
i T
kif;® ( on)
— epression).
\ 0,2 + 2 FOPTESSION

As a result, the toy pathway has four continuous parameters under study: ki,
01, ko, 05, two associated with each enzyme. The four optimizable parameters are

constrained on the following ranges:

1073 < 64,0, < 10, (3.5)

1077 < ky, by <1072, (3.6)

The possible architectures are limited to three architectures (upstream repression,
downstream activation, and dual control) which include only negative feedback
loops, in addition to an open-loop control with no dynamic feedback loops (see
Figure 3.1). This architecture limitation prevents a trivial equilibrium where
r1 = e; = eo = 0 and removes the possibility of undesirable multistability or

oscillatory behaviour. All parameter values are given in Table 3.1.

The a7 and ay values given in Table 3.1 were chosen empirically to scale the

two objectives to be similar in magnitude and the overall loss to be between 0
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Figure 3.4: Schematic of example metabolic pathway under gene regulation. The dose
response curve (top right) for the transcription factor (TF) that binds the intermediate
X as either an activator or a repressor. The negative feedback architectures are named
based on the net effect of the metabolite on gene expression.

Parameter | Value | Units
kcat 12 MM/S
km 10 uM
Vi 1 uM/s

€o 0.0467 uM
A 1.93E-4 1/s
oy 1E-5 N/A
oy 1E-2 N/A

Table 3.1: Parameter values of the toy model in Equation 3.3. All model parameters
come from Verma et al., 2021.



52 CHAPTER 3. DESIGN OF GENE CIRCUITS

Pathway Product Toy Product
Decision Variables
kla kQ; 017 02
Architectures Open Loop, Upstream Re-

pression, Downstream Acti-
vation, Dual Control

Pathway Metabolites Xo, X1
Pathway Enzymes Ey (constant), Ey, Ey
Integration Time 5-10%
Initial Conditions zo(0) = 2290uM
21(0) = OpM
e1(0) = 0uM
e2(0) = 0puM

Table 3.2: Toy model summary. The names for the decision variables and pathway
metabolites and enzymes are included, as are the initial conditions.

and 1. The loss equation for the objective function is

J=a /T Vi — en(t) a1 ®) | gy /T(u(:v (1), k1, 01) + w(y (1), ko, 62)) dt
- 1\0 i 2 km+$1<t) ) 2\0 1 y 1, V1 1 s 2, U2 J'
produ(;;iron loss pathv;s;/ cost

(3.7)

The first term describes the absolute difference between the influx to the
pathway Vi, and the flux utilized by the pathway to produce product. The second
term describes the total heterologous enzyme expression, which exerts a burden

on the cell and this is a measure of the pathway cost.

I ran each simulation of the model for a total time of 5 - 10* seconds (13.8
hours) to ensure the final values would be at steady state. All metabolites and
enzymes had an initial concentration of OuM except for xy, the native enzyme,
which had an initial concentration of 2290uM (Verma et al., 2021). A summary

of the model details is given in Table 3.2.
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3.2.3 Benchmarking of method against state-of-the-art and

hyperparameter tuning

I implemented a BayesOpt routine to jointly compute the architecture (pg) and
dose-response parameters (p.) that minimize the performance objective for the
toy model system in Eq. (3.2.2). I benchmarked the algorithm’s performance
against several other methods, including a random search, an exhaustive grid
search, a gradient-based method, and a genetic algorithm (Figure 3.5). Figure
3.5 shows the results for random sampling until a low objective function was
reached (IV = 1,000 samples), grid search (N = 40,000), a genetic algorithm
(Solgi, 2020) (N = 100 individuals, N = 1000 generations), and a gradient-
based optimizer to find optimal continuous parameter values for each architecture
(Virtanen et al., 2020). The algorithm was able to compute optimal solutions
rapidly and robustly. I ran the BayesOpt routine for 1000 iterations, which
averaged 27 seconds per run across 100 runs. The routine robustly converged to
within 2.5% of the mean optimal objective function value (standard deviation).
BayesOpt runs significantly faster than the other methods, and provides a 30-fold
computational time improvement over a genetic algorithm. The accuracy of the
optimum, quantified by the minimal value of the objective function, is on average
11.4% worse than the genetic algorithm, but this falls within the variation of
the latter across several runs. I also note that the traditional gradient-based
optimizer proved unreliable and failed to converge on 14.5% of runs. The random
sampling algorithm converged to the same objective function value (0.065) as the

BayesOpt method.

Following benchmarking, I tested the robustness of the BayesOpt method to
hyperparameter variations. The tree-structured Parzen estimator method (TPE)
implemented in the Hyperopt package has a hyperparameter v which controls
the balance of exploration and exploitation. TPE models the search space using
two nonparametric density estimators: [(x) = p(z | y < y*) for the “good”
samples (configurations with objective values below a quantile threshold y*) and

g(x) = p(z |y > y*) for the “bad” samples. Both I(z) and g(x) are represented as
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Figure 3.5: Comparison of BayesOpt against other strategies using the toy model as
a benchmark.

Tree-structured Parzen Estimators, kernel density estimators that use Gaussian
kernels for continuous variables and categorical distributions for discrete ones.
The parameter v defines the quantile threshold y*, determining the fraction of
observations classified as “good.” The default value in Hyperopt is v = 0.15,
meaning that 15% of samples are used to construct [(x) and the remaining 85%
form g(z). New candidate points are drawn from [(z) and evaluated according
to the expected improvement criterion, which favours configurations where the
ratio [(x)/g(x) is high. Larger values of v promote broader exploration of the
loss landscape, while smaller values favour local exploitation around previously
successful regions.

I found that regardless of the « value chosen, the distribution of architectures
explored was similar (see Figure 3.6). To give a single scalar metric, I computed
the fraction of samples in each quarter taken from the majority architecture, or
the architecture most commonly sampled across the optimisation. This fraction

was computed as

majority architecture samples
jority p (3.8)

optimization iterations

I split the optimization into four quarters (each 250 iterations) and computed
the majority architecture for each fraction for different v values. In the case
of the glucaric acid model, the majority architecture is dual control. The TPE
hyperparameter v was tuned by cloning the Hyperopt package repository and

manually changing the value in the source code. Hyperparameter values of v =
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Figure 3.6: Hyperparameter Tuning of TPE. A N = 1000 iteration BayesOpt run was
split into 4 quarters and the majority architecture fraction computed for each.

10, v = 25, v = 50, and v = 90 were considered and a single optimisation was run
for each value. The total optimisations were split into four quarters by iteration
and the percentage of sample drawn from the majority architecture (in this case,

dual control).

The majority architecture fraction rose with each quarter of iterations as the
BayesOpt routine increasingly focused on low-loss dual control parameter value
combinations; however, there was no statistical difference between the different
~ values chosen. These results show that the default v value is sufficient as TPE
is relatively insensitive to hyperparameter tuning. This feature of TPE makes it
quick to implement without significant application-specific tuning but may cause
it to fail to adapt to certain specific cases. However, I did not observe TPE fail

to converge in any of the systems under study.

The speed of my approach enables the computation of large solution ensembles
under model perturbations such as sweeps of key model parameters. In addition,
my method can search high-dimensional mixed-integer design spaces. I next
illustrate the versatility of the approach in a range of relevant real-world pathways
that require solving the optimization problem for large samples of parameter

values.
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3.3 Applications of method to circuit design

3.3.1 Assessing robustness of control circuits to uncertainty

in enzyme kinetic parameters

A challenge in building pathway models is the substantial uncertainty on the en-
zyme kinetic parameters; this is particularly critical for pathways that include reg-
ulatory mechanisms such allostery or product inhibition, which are often poorly
characterized. Databases such as BRENDA (Schomburg et al., 2017) often have
insufficient data on enzyme kinetics for a particular host strain or substrate of
interest. Since pathway dynamics can strongly depend on enzyme kinetics, the
parametric uncertainty requires extensive sweeps of kinetic parameters to deter-

mine the robustness of a specific control architecture deemed to be optimal.

Glucaric acid model

I focused on a pathway for synthesis of glucaric acid in E. coli (Figure 3.7). Glu-
caric acid is a key precursor for a number of biomedical applications and its path-
way has been implemented previously in E. coli (Moon et al., 2009). As shown
in Figure 3.7, the pathway branches from glucose-6-phosphate (G6P) in upper
glycolysis and contains three enzymatic steps (Inol, SuhB, and MIOX). The first
step (inositol-3-phosphate synthetase, Inol, taken from S. cerevisiae) catalyzes
glucose-6-phosphate (G6P) from central carbon metabolism into myoinositol-
1-phosphate. Myoinositol-1-phosphate is subsequently converted into glucaric
acid by inositol-1-monophosphatase (SuhB, native to E. coli), myoinositol oxi-
dase (MIOX, from Mus musculus) and uronate dehydrogenase (Udh, from Pseu-
domonas syringae). In addition to being exported from the cell and acting al-
losterically on MIOX, myoinositol can sequester the transcription factor IpsA, a
dual transcriptional regulator from Corynebacterium glutamicum. IpsA can then
act on the transcription of Inol or MIOX (Doong et al., 2018). The glucaric acid
pathway provides a more complex, real-world application that builds on the toy

model and includes reversible and allosteric reactions. The dynamic control im-
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Figure 3.7: Schematic of a dynamic pathway for production of glucaric acid in Fs-
cherichia coli (Doong et al., 2018). The enzyme SuhB is not rate-limiting and thus is
not modeled explicitly. As in Figure 3.4, the architectures are named based on the net
effect of the metabolite on gene expression. Figure adapted from (Merzbacher, 2022).

plementation by Doong and colleagues led to a 2.5-fold increase in product titer

over static metabolic engineering methods.

The glucaric acid model was chosen for its increased complexity. While main-
taining the same number of possible architectures as the toy model, this model
incorporates allosteric control and reversible reactions, two more complex biolog-
ical interactions not present in the toy model. I employed a previously developed
ODE model (Verma et al., 2021) that was parameterized using a combination
of enzyme kinetic data and omics measurements, and considered the same four
control architectures as in the previous toy example, including various alternative

implementations of negative feedback control. The mass balance equations for
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the glucaric acid production pathway (see Figure 3.7) are

d kca ZW . kca i - f ke
gbp _ Ve — et ig6p b +, pei (86D — (f6p/keq)) A g,
dt km, zwi + g6p gﬁp + km, pgi, g6p(1 + (f6p/km, pgi, f6p>)
diSp _ i eat, pgi (80P — (f6p/keq))
de 86D + Km, pgi, gop(1 + (f6D/km, pgi, f6p))
kca ZW. 6 kca f6 3
+0.5pwfcat 8D Feat phOP g,
km, zwf kil’ pfk + f6p
dMI Keat. ino1 26 Vi MI Keat. egMI
L o Keat ot 8P P, 6, MIFZ g oy Meat o2y g
dt Em, ino1 F, ¢, M1 + MI Fm, mrox + MI
inol
UL — (ML, i, i) — A inol,
dMIOX
TR uw(MI, karox, Oviox) — A - MIOX,
(3.9)

where Inol and MIOX are the enzymes in the pathway and g6p, f6p, and MI
are the substrates. The enzyme parameters Kcat, keq, bm, x and ky,, y are all fixed
kinetic parameters specific to each enzyme. The effective substrate activation
constant keas, ot has two additional activation kinetic parameters k, and a which

must be specified:

1 + anroxMI

3.10
a, MIOX, M1 + MI’ ( )

kcat, eff = kcat, MIOX L

The function u(z,k,d) describes the genetic control topology at the enzyme’s
promoter. There are three options for this functional form: activation, repression,
and no control as in the toy model (see Equation 3.4).

Similarly to the toy pathway, there are four continuous parameters: kiyo1,
Oino1, kvtox, Oyiox. The four decision variables are constrained on the following

ranges:

1-1077 < Binor, bamox < 10, (3.11)

1-107" < Kinot, kvrox < 5. (3.12)

The possible architectures are limited to those only containing negative feedback

loops. Similarly to the toy model, I term these three architectures upstream
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Parameter | Value | Units || Parameter | Value | Units

Vi 0.1656 | mM/s Kcat, inot 0.2616 | mM/s
Keat, pei 0.8751 | mM/s || Kkm, inot,g6p | 1.18 | mM
Keq, pei 0.3 mM Vin, t. MI 0.045 | mM/s

km, pgi, gbp 0.28 mM ]{Zm, t, MI 15 mM

K, pei, f6p | 0.147 | mM Keat mrox | 0.2201 | mM /s
kcat, 7wt 0.0853 mM/S ]’Cm7 MIOX 24.7 mM

km, zwf, gbp 0.1 mM aAMIOX 5.422 N/A
kcat, pfk 2.615 mM/s ka7 MIOX, MI 20 mM
Fm, ptk, f6p 0.16 mM oy 10E-5 | N/A
ay 10E-3 | N/A

Table 3.3: Kinetic parameters of glucaric acid model.

repression, downstream activation, and dual control based on their mode of action

(see Figure 3.7). All kinetic parameters are given in Table 3.3.

The a7 and ay values in the objective function were chosen to scale the two
objectives to be similar in magnitude and the overall loss to be between 0 and 1

(see Table 3.3). The loss equation for the objective function is

T
Ecat, MroxMI(t)
J = Vi, — MIOX(t : dt 3.13
Oll\/o ( )k;m7 MIOX + MI(t) . ( )
produc:?on loss
T
+ / (W(MI(t), Finor, Oon) + w(MI(2), Entios, Oriox)) (3.14)
0

.

-~

pathway cost

A summary of the model details is given in Table 3.4. I ran each simulation
of the model to a final time of 5 - 10° seconds to ensure the final values would
be at steady state. All metabolites and enzymes had an initial concentration
of OuM except for gbp and f6p, which had initial concentrations of 0.281mM
and 0.0605mM, respectively. These values were obtained by running the model
with the engineered pathway removed and taking the steady state values of the

unmodified pathway metabolites as a initial condition.
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Pathway Product Glucaric Acid
Decision Variables

kinola kMIOXa 0'11’1017 QMIOX
Architectures Open Loop, Upstream Re-
pression, Downstream Acti-
vation, Dual Control

Pathway Metabolites gbp, f6p, MI

Pathway Enzymes Pgi (constant), Zwf (con-
stant), Pfk (constant), Inol,
MIOX

Integration Time 5-10%s

Initial Conditions f6p(0) = 0.281mM
gbp(0) = 0.0605mM
MI(0) = OmM

Inol(0) = OmM
MIOX(0) = OmM

Table 3.4: Glucaric acid model summary. The names for the decision variables and
pathway metabolites and enzymes are included, as are the initial condition values. All
model values come from Verma et al., 2021.

Representative BayesOpt results

The results in Figure 3.8 show a typical run of the optimizer when using the cost-
benefit objective in Eq. (3.2), together with the fraction of samples in which the
algorithm explored each control architecture across the successive iterations. The
optimal architecture (dual control in this case) was found in under 200 iterations
and the algorithm was able to further decrease the value of the objective function
by exploring the space of dose-response parameters of IpsA. I observe that as
the iterations progress, the algorithm shows a remarkable ability to explore other
architectures despite their larger objective function values. The first quarter
of the run had the most exploration of architectures other than dual control,
with 38.6% of samples coming from non-majority architectures. This percentage
steadily decreased over the iterations but did not drop below 20%, illustrating

the global nature of the optimization routine.
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Figure 3.8: Sample run of the BayesOpt algorithm for 1,000 iterations of the loop in
Figure 3.2. Black line shows the descent on the value of the objective function. Dots
show all samples colored by architecture; pie charts show the fraction of architectures
explored by the algorithm, and the fraction of samples taken from the majority archi-
tecture (dual control).

Perturbation of kinetic parameters

To explore the impact of uncertain enzyme kinetics, I perturbed the parameters

of the rate-limiting MIOX allosteric reaction:

174 - Vm, effMI
MIOX = Km, m10x + MI

given V; =V —1 + anoxM1
m, eff m, MIOX ka, MIOX - MI’

(3.15)

where Vi, miox is the maximum rate of reaction, £y, miox is the Michaelis-Menten
constant, and k, vrox and ayrox are allosteric activation constants. The kinetic
parameters were perturbed using Latin Hypercube sampling (Loh, 1996) on the
range (-100%, +100%) of the nominal values. I solved the optimization problem
for 1000 combinations of these three parameters, which took under 16 hours on
a Macbook Air with Apple M1 processor and 8GB of RAM running MacOS
Monterey. Parameter value samples which resulted in the ODE solver erroring
out due to high model stiffness were removed.

Perturbing the kinetic parameters of the glucaric acid pathway did not sig-
nificantly affect the minimum objective function value achieved, indicating that

the optimum is robust to uncertainty in the kinetic parameters (3.9A). I observed
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no statistically significant difference between between background and perturbed
objective function values (2-way t-test, p=0.69). Only one of the N = 100 runs
for perturbed parameters failed to converge the optimum. I found that the dual
control architecture was chosen as optimal in more than 85% of samples (Figure
3.9B). I thus sought to examine the optimal dose-response parameters of this

architecture in more detail.

The maximal enzyme expression rates (k) and regulatory thresholds (#) con-
trol the shape of the dose-response curves. As shown in Figure 3.10, I found
that the upstream repressive loop and downstream activatory loop had different
optimal dose-response curves, corresponding to different optimal values of the
continuous parameters. Optimal values of the upstream repression threshold 6,
are low (mean value 0.64) and compressed into a narrow range as compared to
the larger standard deviation of the downstream repression threshold 6, (mean
value 7.24). This is reflected on a larger variation in the shape of the dose re-
sponse curve for the downstream loop. Experimental fine-tuning of a dual control
circuit might target parameters with optimal values with a wide range, such as
k1, as varying these parameters is less likely to impair circuit function. Over-
all, these results show the robustness of the glucaric acid dual control system to
kinetic parameter uncertainty and demonstrate the possibilities enabled by the
speed of BayesOpt. I next demonstrate the flexibility of the method with multiple

objective functions to optimize diverse circuit goals.

3.3.2 Exploration of alternative objective functions

In the previous case studies I employed a cost-benefit objective designed to ac-
count for the tradeoff between heterologous production and the cost of expressing
pathway enzymes, as in Eq. 3.2. To demonstrate the flexibility of the method
with other objective functions, here I consider the optimization of the temporal
trajectories of pathway metabolites. I focused on the joint optimization of the
rise time and overshoot in a model of a fatty acid production pathway considered

previously in the literature (Liu and Zhang, 2018).
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Figure 3.9: Perturbed kinetic parameter simulations. (a) Strip plot of best objective
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optimal architectures selected for perturbed and nonperturbed conditions.
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Figure 3.10: Average dose-response curves and distribution of optimal parameters
for the dual control architecture with perturbed allosteric parameters. The parameter
k; and 6; determine the maximal enzyme expression rate and regulatory threshold,
respectively.
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Fatty acid model

Fatty acids are one of the four macromolecule types necessary for life. In addition
to being used to form cell membranes, they are important sources of energy.
Furthermore, hydrocarbons derived from fatty acids have attracted attention as

a potential biofuel source (Xu et al., 2014; Zhang et al., 2018).

Previous work engineering metabolic and genetic control loops showed that
negative feedback control could speed up the rise to steady state conditions (Liu
and Zhang, 2018). The engineered fatty acid biosynthetic pathway shown in
Figure 3.11 was created by expressing a thioesterase under transcriptional control,
shown as the negative metabolic loop (NML) architecture in Figure 3.11. In
addition to transcription-factor mediated negative feedback loops, this model
also includes individually implemented direct genetic loops where a repressor is
expressed on the same promoter as the enzyme. There are thus two different types
of feedback loops which interface with different levels of cellular organization. I
explore several control architectures previously proposed in the literature (Figure
3.11).

The fatty acid model has multiple different architectures which model different
molecular components of the pathway. Due to this model complexity, I consider

each architecture in detail.

Open loop architecture. The mass balance equations for the open loop

architecture are

dFFA
——— = kyesa - tesA — X\ - FFA,
dt (3.16)
dtesA '
= Tac — A - tesA,
dt

where FFA is the concentration of free fatty acids and tesA is the concentration of
thioesterase enzyme (tesA). The cellular growth rate A is set for all architectures
at 3.85 - 107* mM/s, which is calculated from an E. coli doubling time of 26
minutes. The parameter ki.a is the kinetic parameter of the thioesterase reaction.

There is one free optimisable parameter in this model, the tesA promoter constant

Nac-
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Negative gene loop architecture. The negative gene loop architecture
expresses a transcriptional repressor on the same promoter as tesA, creating a
negative feedback loop on enzyme production. The mass balance equations for

this architecture are

dFFA
T = ktesA ~tesA — A\ - FFA,

dtesA B rotetR>
dt k3 o T tetR’
dtetR 7y, rerrtetR?

dt k2 \p + tetR’

- A tesA, (317>

— X - tetR.

The variable tetR is the concentration of the repressor expressed on the same
gene as tesA. While the other models allow multiple modes of transcriptional
control (activation, repression, no control), this model only allows for activation
due to the type of transcription factor used (Liu and Zhang, 2018). The relative

expression strengths ry and T'tl, tetR aIe free parameters.

Negative metabolic loop architecture. The negative metabolic loop ar-
chitecture includes a transcription factor which acts on the tesA promoter. The

mass balance equations for this architecture are

FFA
dT = ktesA ~tesA — M- FFA,

dtesA rotetR>
dt — k?

(3.18)
— X - tesA,

where the free parameters of this model are k; and rg/, which control the shape
of the transcription factor dose-response curve. Unlike the other free model pa-

rameters, k; varies on the range 0 to 0.12.

Layered negative feedback loop architecture. Finally, the layered neg-
ative feedback loop uses tetR as an intermediate repressor. The transcription
factor is repressed by the product and in turn represses the repressor tetR, which

can repress the expression of the enzyme tesA. This negative feedback loop is
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Figure 3.11: Fatty acid pathway diagram with various control architectures imple-
mented in Escherichia coli (Liu and Zhang, 2018). Figure adapted from (Merzbacher,
2022).

described by the following equations:

FFA
dT = kteSA ~tesA — \- FFA,
dtesA rotetR2

I B 319
dtetR Tarok?

ar2
& —<1+ T )Q—A-tetR.

k4, Fadr, FFA

The repressor tetR is produced on the AR2 promoter, which has its own strength
parameter r,.9. The free parameters on this model are r,.o and ry.

Unless otherwise stated, all continuous model parameters are restricted to the
range from 10 - 107! to 10 - 107%. I ran each simulation of the model to 5 - 10*s
to ensure steady state values had been reached. All pathway components started
with a concentration of OmM. The kintetic parameters are given in 3.5). Table

3.6 summarizes the model details.

Alternative objective functions

Two objective functions were implemented for this pathway: a production-burden
function and a speed-accuracy function. I first considered a similar objective
function as in Eq. (3.2) so as to compare convergence against the previous case
studies. The loss equation for the production-burden objective function is the

sum of the production loss and pathway cost:

J = all]prod + a2Jcosta (320)
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ArchitectureParameter Definition Value Units
All A growth rate 3.85 mM /s
1074

OL KtesA tesA catalysis constant | 100 mM /s

NGL KtesA tesA catalysis constant | 105.25 mM /s

NGL kq, tetr tetR dissociation con- | 3.0-107% | mM/s
stant

NML KtesA tesA catalysis constant | 77.75 mM /s

LNML Kiesa tesA catalysis constant | 230.9 mM /s

LNML K4, tetr tetR  dissociation con- | 3.85-107% | mM/s
stant

LNML k4 radr, Fra| tetR and FFA dissocia- | 0.001 mM /s
tion constant

LNML koro tetR promoter constant | 138.50 mM /s

all o production loss scaling | 10E-4 mM /s
constant

all ) pathway cost scaling | 10E-3 mM /s
constant

Table 3.5: Kinetic parameters of fatty acid model.

Pathway Product

Fatty Acid

Decision Variables
Architectures

Pathway Metabolites
Pathway Enzymes
Integration Time

TMacs Tbad, T'tl; T'tl, tetR, 7'’ Tar2
Open Loop, Negative Gene
Loop, Negative Metabolic
Loop, Layered Negative
Metabolic Loop

FFA, tetR (repressor)

tesA

5-10%

Initial Conditions

0OmM for all metabolites and
enzymes

Table 3.6:

Fatty acid model summary. Some metabolites and enzymes (tetR) are
only modeled for relevant architectures like the negative metabolic loop.
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where Jp,0q4 is the production loss. The a; and «a; values in the objective function
were chosen to scale the two objectives to be similar in magnitude and the overall

loss to be between 0 and 1 (see Table 3.3). The production loss is defined as

1
Jprod = —7 : (3.21)
Jo 1tesA(t)keesa| dt
The pathway cost J.. varies for each architecture:
4
fOT(Tlac) de (open loop),
tetR? T, setrtetR?
foT( 2 L 3 2“’ terlt 5)dt (negative gene loop),
y kd7 tetr T tetR kd7 et T tetR
cost — 1 tR2
f:(%) de (negative metabolic loop),
rutetR2 Tarok?
foT( 1212 QFEf S)dt (negative gene loop).
\ d, tetR (1 - k4, Fadr, FFA)
(3.22)

While the exact equations vary, all of these objectives penalize expression of
heterologous enzymes to capture burdens on native metabolism. A representative
optimization run for this objective (Figure 3.12) shows that the negative gene loop
(NGL, green) and negative metabolic loop (NML, orange) architectures perform,
on average, better than the other two architectures. BayesOpt samples taken
from the open-loop architecture were, on average, two orders of magnitude worse
than samples taken from NML and NGL architectures. Despite such hierarchy
of loss values across the four architectures, the method effectively explores all

architectures throughout the optimization run.

I next considered the optimization of percent overshoot and rise time presented
in the literature (Liu and Zhang, 2018). The second speed-accuracy objective

function has two terms, percent overshoot and normalized rise time:

J = adeg + Jos. (3.23)

The percent overshoot objective, J,5, measures the maximal deviation of prod-

uct from its steady state concentration and is defined as the percent difference
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Figure 3.12: Representative run of BayesOpt on fatty acid model with cost-benefit
objective showing the best objective function value (black line).

between the maximum fatty acid concentration and the steady state fatty acid
concentration. The rise time, Jy, is a measure of how fast fatty acid production
rises to steady state and is defined as the first time point where the fatty acid
concentration reaches 50% of the steady state value, normalized by the total in-
tegration time. I minimized the sum of the overshoot and rise time with a scaling

weight a:

J = aJy + Jos. (3.24)

The percent overshoot J,s is the percent difference between the maximum FFA
concentration and the steady state FFA concentration at the end of the integra-
tion time. For example, a 10% overshoot would correspond to a maximum FFA
concentration 10% over the steady state concentration. The rise time is the first
time point where the FFA concentration reaches 50% of the steady state value,
normalized by the total integration time. As a result, a 20% rise time corresponds
to the FFA concentration reaching 50% of the steady state value one-fifth of the

way through the total integration time.
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The objective weight o was swept from o = 0.01 to o = 10,000 and BayesOpt
was run for 100 iterations at each « value. The optimal parameter values were
used to compute the rise time and overshoot for visualization. Higher values of
a correspond to optimal circuits with low rise times, while lower values of « pri-
oritize circuits with low overshoot. Rise time is a measure of circuit speed, while
overshoot is a measure of circuit accuracy. I found that when « is varied across
several orders of magnitude, the optimal circuits form a optimal tradeoff curve
(Figure 3.13). Different architectures occupy different parts of the optimal trade-
off curve and display markedly different dynamics. The NML optima occupies a
single point in the loss space, indicating that multiple continuous parameter val-
ues give the same loss function value for multiple values of a. The NML also has
the lowest absolute loss function value of all the architectures considered. The
NGL and layered negative metabolic loop (LNML) architectures occupy larger
ranges on the curve, with NGL giving a low overshoot and LNML a low rise
time. After further analysis, I discovered that the open loop architecture does
not have the free parameter flexibility to produce more than a single overshoot
and rise time value, and thus is never found to be optimal regardless of a value.
The product production trajectories on the Figure 3.13 inset show the different
curves achieved with various a values. The optimal NML circuit has no over-
shoot but the slowest rise time, while the LNML has a very rapid rise time but
overshoots the steady state value by more than double. These opposing tradeoffs

demonstrate the importance of balancing multiple circuit design objectives.

3.3.3 Scalability of models to large and complex pathways

My previous case studies have been limited to circuits with a single metabolite
controlling gene expression and a relatively small number of control architectures.
In addition, the models contain between 3 and 5 differential equations modelling
a select few pathway metabolites and enzymes. I now study a large model for
the synthesis of p-aminostyrene (p-AS), an industrially relevant vinyl aromatic
monomer with applications in photonics and biomedicine, in E. coli (Figure 3.14)

(Goikhman et al., 2011) using a cost-benefit objective similar to Eq. (3.2) tailored
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Figure 3.13: Optimal tradeoff curve between overshoot and rise time. The inset shows
three sample trajectories illustrating how different optimal architectures navigate the
tradeoff between overshoot and rise time.

to the specific pathway.

The cytotoxic intermediate p-amminocinnamic acid (p-ACA) makes p-AS
challenging to produce in microbes. Furthermore, another intermediate, p-aminophenylalanine
(p-AF), leaks from cells (Carothers et al., 2011). L-amino acid oxidase, one of the
enzymes in the pathway (see 3.14) depletes key aromatic amino acid metabolites
and creates toxic hydrogen peroxide as a byproduct. Finally, overexpression of
the efflux pump used to remove p-ACA from the cell also causes cytotoxicity. In
addition to these challenges, the pathway has two possible loci of genetic control.
The first three enzymes in the pathway, papA, papB, and papC, are all expressed
on the papABC operon, which produces a single mRNA transcript. Operons are
common in bacteria, so including one in my pathway models demonstrates an

important application of this method.

This model has two possible metabolites that can regulate gene expression,
namely p-amminocinnamic acid (p-ACA) and p-aminophenylalanine (p-AF), both
of which can act as ligands for aptazyme-regulated expression device (aRED)
transcription factors (Ellington and Szostak, 1990), and three genes to be con-
trolled. The aRED transcription factors can also act as dual regulators (activa-
tors or repressors) on any of the three promoters involved in the pathway. For

simplicity, I limit the design space to control architectures without positive feed-



72 CHAPTER 3. DESIGN OF GENE CIRCUITS

back loops, as these are prone to bistability (Oyarziun and Chaves, 2015). This
results in 27 possible control architectures and 19 continuous parameters to be
optimized. The model also has a number of additional complexities. It contains
operon-based gene expression commonly found in bacterial systems (genes papA,
papB, and papC are expressed on the papABC operon), it includes a detailed de-
scription of mRNA dynamics and protein folding, which results in a large model
with 23 differential equations, and it can also display oscillatory dynamics. Pre-
vious models abstracted translation as a direct function of transcription and did
not explicitly separate mRNA and promoter concentrations. The p-AS model has
separate equations for each promoter, mRNA, and folded and unfolded proteins,

enabling an even higher level of scale specificity.

In addition to expression of heterologous enzymes, the accumulation of toxic
intermediates is another major source of genetic burden to host organisms. The
p-AS model has several sources of toxicity present in the pathway (Goikhman
et al., 2011; Stevens and Carothers, 2015). The intermediate p-ACA and the
eflux pump used to remove p-ACA from cells are both cytotoxic, while another
intermediate, p-AF, leaks from cells. The pathway enzyme L-amino acid oxidase
(LAAO) depletes key aromatic amino acid metabolites and creates toxic hydrogen
peroxide as a byproduct. The model incorporates these various types of toxicity
in the form of a toxicity factor tau. This toxicity factor is of the form

ki

T =
pACA Pefux LAAQY
kz ta etp 1

(3.25)

where t;,%,, and ¢, are chemical-specific toxicity factors. Enzyme-induced tox-
icity t; scales the key metabolite depletion rate driven by the enzyme LAAO.
Metabolite-induced toxicity t, scales the impact of toxic intermediate p-ACA
concentration. Finally, protein-induced toxicity ¢, reflects the toxicity caused
by eflux pump expression. The toxicity factor acts as a scaling coefficient on
the pathway synthesis, degradation, and folding reaction rates. An alternate ap-
proach would be to incorporate a toxicity term as a cost in the objective function

to penalize systems with high intermediate toxicity. Due to the large number of
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Figure 3.14: Schematic of pathway for production of p-aminostyrene (Stevens and
Carothers, 2015). Figure adapted from (Merzbacher, 2022).

equations, I include the full description of the ODE model in Appendix A.

Despite the complexity and size of the p-AS model, I observe that BayesOpt
explores many of the 27 possible architectures and converges to a low value of the
objective function (Figure 3.15); this was also achieved at a reasonable computa-
tional cost (mean run time under two minutes). The best architecture selected in
the sample run was a double upstream repression, single downstream activation
loop controlled by p-AF (Figure 3.15, inset), but there is no clear best architec-
ture when the optimization is run many times. No architecture is optimal for
more than 15% of test runs, demonstrating that there are combinations of archi-
tectures and parameter values that achieve a similar optimal loss. I also found
that several architectures can display oscillatory solutions, which I chose to ex-
clude from the search by applying a peak detection algorithm (Virtanen et al.,

2020) and adding a large regularization term to the loss.

To investigate the robustness to chemical toxicity, I perturbed the metabolite-
induced toxicity ¢, and protein-induced toxicity ¢, in Eq. (3.25). Metabolite-
induced toxicity was perturbed on the nominal range (1-1073, 1.10™*) and protein-
induced toxicity on the range (1-107* 1-10') respectively. Both ranges were
selected to match the ranges provided in the literature (Stevens and Carothers,
2015). Latin Hypercube sampling was used to generate N = 100 perturbed

parameter values, and the optimal solutions were compared to an equal number of
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Figure 3.15: Representative run of the BayesOpt algorithm for the p-aminostyrene
pathway.
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Figure 3.16: P-AS pathway under toxicity factor perturbation. (a) Optimal objective
function values for perturbed and nonperturbed conditions (N=100). (b) Scatter plot
of principal components of the optimal parameter values for the model with perturbed
toxicity parameters. The first PC explains 9.5% of total variance, the second PC ex-
plains 8.9% of total variance.
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background solutions using the nominal parameter values. The optimal loss values
were found to be comparable between perturbed and background systems (Figure
3.16). Additionally, when projected onto a 2-dimensional space using principal
component analysis, the distribution of background parameter values was similar
to the distribution of perturbed solutions, indicating that the perturbation did not
significantly affect the optimal parameters selected (3.16) (Abdi and Williams,
2010). The p-AS pathway lies at the maximum size of currently experimentally
tractable systems and thus illustrates the broad applicability of BayesOpt to

realistic design tasks in metabolic engineering.

3.4 Discussion

Progress in synthetic biology has allowed for the construction of circuits on in-
creased complexity which act across various levels of biological organization. How-
ever, large design spaces and multiple scales of biological organization can become
substantial challenges for the rapid design of functional systems. Machine learning
has already proved useful in a range of metabolic engineering tasks (Radivojevié
et al., 2020) and is gaining substantial interest in other areas of synthetic biology
(Carbonell et al., 2019; Nikolados et al., 2022). In this chapter I presented the
use of Bayesian optimization for the design of biological circuits. The method
can rapidly find combinations of circuit architectures and parameters to optimize
a performance objective that captures the target circuit functionality.

The method is particularly well suited for cases in which the multiple scales
prevent efficient simulation of ODE models. Gene circuits designed to control
metabolic pathways are an excellent example of such multiscale systems, as they
combine fast metabolic timescales with the much slower dynamics of gene ex-
pression. Moreover, the choice of regulators, control points, and control archi-
tectures adds multiple degrees of freedom that are infeasible to explore exper-
imentally. Previously implemented metabolic control systems have been built
primarily based on application-specific knowledge of pathway features (Liu et al.,

2018; Niet al., 2021). I have shown that Bayesian optimization can aid the design
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of such systems prior to implementation and serve as tools for in silico screening
of competing designs that may have similar performance but entail different cost
of wet lab implementation. I showed the efficiency and scalability of the method
in several real-world case studies from metabolic engineering. In particular, the
p-aminostyrene pathway is more complex than systems typically implemented in
literature so far, which suggests that the method is applicable across a range of

real-world design tasks.

The inherent nonconvexity of dual optimization presents a challenge to tradi-
tional gradient-based methods. Bayesian optimization has a substantial advan-
tage here in that it can jump around the design space freely, with no implied
spatial similarity between subsequent samples. Instead, the acquisition function
scores samples across the design space and can select one from any area which
maximizes its value, regardless of where the previous sample was located. I chose
to use Expected Improvement (EI) as the acquisition function, as it is the most
popular choice and automatically captures the balance between exploration of
undersampled areas of the design space and exploitation towards the global min-
ima. However, there are several alternative options that are also commonly used,

including entropy search and the upper confidence bound (Frazier, 2018).

Another advantage of my method is its flexibility in implementation. Ar-
chitectural representations can be encoded using a mixed-integer approach or
structured as separate systems of equations. In the fatty acid model, each archi-
tecture is individually implemented as a separate Python function, enabling the
precise modelling of various pathway components. In contrast, the other three
models utilize a matrix-based approach, where the architecture is encoded as a
one-hot feature vector at each potential control point. This approach facilitates
the automatic generation of all possible architectures, making it particularly ad-
vantageous for complex systems with numerous potential configurations, such as

the p-AS pathway.

One consistent feature of the performance landscape I observed across systems
was the presence of flat regions in the objective function space near the global op-

timum. Achieving similarly low loss values often corresponded to optimal param-
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eter values spanning broad ranges for some parameters, while remaining tightly
constrained for others. This phenomenon reflects the concept of sloppiness, a
well-documented property in complex biological models, where certain parame-
ter combinations exhibit wide tolerances without significantly affecting system
behavior, while others are highly sensitive (Gutenkunst et al., 2007; Transtrum

et al., 2015).

Sloppiness manifests as an elongated, shallow trough in the objective func-
tion landscape, where the loss minimum is broad in some dimensions and sharply
curved in others (Waterfall et al., 2006). This characteristic suggests that many
parameter values are not uniquely identifiable but instead form an ensemble
of near-optimal solutions, a property observed in models of gene regulation,
metabolic networks, and signalling pathways (Daniels et al., 2008). Such be-
haviour can arise due to inherent redundancies in biological systems, where cer-
tain parameter variations are buffered by compensatory mechanisms, maintain-
ing functional robustness despite variations in underlying kinetics (Machta et al.,

2013).

Gradient-based optimization methods are powerful when the objective func-
tion is smooth, differentiable, and inexpensive to evaluate — conditions that
are rarely met in the design of biological systems. In contrast, the design land-
scapes encountered in synthetic and systems biology are typically nonconvex,
noisy, and discontinuous, with gradients that are either unavailable or unreli-
able due to stochastic simulations and measurement noise. Under these circum-
stances, gradient-based methods can easily become trapped in local optima or
fail to converge. Bayesian optimization provides a more suitable alternative: it
models uncertainty in the objective explicitly, balances exploration and exploita-
tion through its acquisition function, and can operate effectively with sparse,
expensive evaluations. This probabilistic treatment of uncertainty makes it espe-
cially appropriate for guiding experiments or simulations where each evaluation

represents a costly biological design iteration.
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3.4.1 Follow up projects

This work was completed in the first two years of my programme and, following
its publication, I began supervising student projects which extended the work to
answer new scientific questions. First, I designed a project which was undertaken
by a BSc student in Biotechnology, Nicholas Goguen-Compagnoni. Nicholas’
project focused on the p-aminostyrene model, which he reimplemented in Julia
to improve its performance. The scale and complexity of this model present a
challenge for the design of an appropriate objective function that differentiates
the many possible optimal architectures. One approach Nicholas implemented
was to add a complexity regularization term to the objective function to push
the optimization to preferentially select architectures with fewer regulatory loops
or transcription factor ligands. The second approach was to add terms to the
objective function which penalized samples which had very high total proteomic
mass or protein production flux. These objective function constraints represent
a first attempt at incorporating constraints on ribosomal machinery and cellular
energy resources into the optimization. The modularity of different objective
function components is a clear advantage of this approach and can easily be
applied to design circuits with more specific temporal dynamics or target goals.

An additional follow-on project was undertaken by Nicola Hallmann, a visiting
MSc student from ETH Zurich. The goal of this project was to apply Bayesian
optimization to the selection of culture medium components. The medium com-
position in a bioreactor can significantly affect growth and contains many com-
ponents, some of which can be expensive. The salts, sugars, serums, and buffers
present can range in optimal values and medium selection often requires multi-
ple costly experimental iterations. Nicola used genome-scale models and imple-
mented a Bayesian optimization loop using BoTorch (Balandat et al., 2020), a
more developed package which allows for parallelization and alternative acquisi-
tion functions (further discussion on improvements to BayesOpt in Section 3.5).
She implemented an optimization balancing growth rate cost, and heterologous
product production and successfully produced Pareto curves visualizing tradeoffs

between the three objective components.
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Both of these projects demonstrate the broad applicability of this work to
similar biological design problems and as a toolkit for exploring high-dimensional
nonconvex design spaces. I also anticipate several other novel applications of
this work to other problem areas where discovery or tuning of multiscale circuits
has been previously infeasible. For instance, this method could be employed to
fit temporal circuit dynamics to data or discern which of several discrete cir-
cuit mechanisms most closely matches observed behaviour. Hiscock, 2019 fit the
temporal trajectories if single-scale gene circuits to desired behaviour (e.g. bista-
bility, ultrasensitivity, or oscillation). Furthermore, the ODE models could be
augmented with Thompson sampling as in Kobiela et al., 2024 to better capture

the parameter uncertainty and stochasticity inherent in biological systems.

3.5 Limitations and future work

While the BayesOpt method is flexible, fast, and scalable it still has several lim-
itations and room for future improvement. Unlike exhaustive search methods,
Bayesian optimization does not guarantee convergence to the global minimum
in practical settings with finite evaluations or noisy objectives. However, for-
mal convergence results exist under certain regularity assumptions—for example,
when the objective is continuous, noise-free, and drawn from a Gaussian process
prior, acquisition functions such as Expected Improvement and GP-UCB have
been shown to converge asymptotically to the global optimum (Garnett, 2023).
In practice, however, biological design landscapes often violate these assumptions,
and convergence is therefore heuristic rather than guaranteed.

Furthermore, depending on the internal model BayesOpt fits (in this case
a Tree of Parzen Estimators model), the number of dimensions BayesOpt can
optimize is limited to around 20 (Bagge Carlson, 2018).

While the Hyperopt package worked well for this project without significant
fine-tuning, there are a large number of ways the optimization algorithm could be
improved. Future optimization strategies could incorporate secondary local opti-

mization methods that exploit these broad optima. One promising approach is a
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two-step optimization framework: following Bayesian optimization, a secondary
fine-tuning step, such as gradient-based refinement via PyTorch autograd, could
further explore the local objective function landscape (Hiscock, 2019). By re-
fining solutions within the flat trough of the loss surface, this approach could
identify smaller, high-precision regions of low objective function values, improv-

ing parameter specificity and model interpretability.

Other avenues for improving global optimization methods include acquisition
function selection, batch optimization, and the integration of more flexible ob-
jective function models. The TPE nonparametric function chosen for BayesOpt
was shown to be relatively insensitive to hyperparameter tuning (see Figure 3.6).
While this makes the method easy to use out of the box, it limits the tunability
compared to alternative models. The Hyperopt package implements a random
sampling modelling method (Bergstra et al., 2013). Another widely used ap-
proach is Gaussian processes, which generate uncertainty distributions over the
objective function but can be computationally expensive (Snoek et al., 2012).
More recent work has explored alternative acquisition strategies, such as those
based on the moment-generating function (MGF) (Wang et al., 2017). Addi-
tionally, researchers have proposed multiobjective optimization strategies, such
as multiobjective TPE, which allows users to optimize multiple objectives simul-

taneously without scalarization (Ozaki et al., 2020).

Recent advancements in Bayesian optimization have been driven by frame-
works such as BoTorch (Balandat et al., 2020), which provides a flexible and
modular approach to designing and implementing Bayesian optimization algo-
rithms. Built on PyTorch, BoTorch supports scalable Gaussian process models,
Monte Carlo acquisition functions, and efficient batch optimization strategies,
making it well-suited for high-dimensional and multi-objective optimization prob-
lems. BoTorch also integrates with Ax (Chang, 2019), a higher-level optimization
platform that automates the selection of acquisition functions and experiment
design, further enhancing the practicality of Bayesian optimization in real-world

applications.

Batch optimization improves Bayesian optimization efficiency by selecting
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multiple candidate points per iteration instead of evaluating a single new param-
eter at a time. Traditional acquisition functions typically select one new sample
per iteration and sequentially query the objective function (Frazier, 2018). In
contrast, batch optimization methods, such as g-Expected Improvement (qEI)
and g-Noisy Expected Improvement (qNEI), accelerate convergence by choosing
multiple promising points simultaneously across the search space. This approach
is particularly valuable in parallel computing environments where multiple func-

tion evaluations can be performed concurrently.

For instance, BoTorch provides built-in support for batch acquisition func-
tions, leveraging Monte Carlo methods to efficiently estimate acquisition val-
ues for multiple candidates at once (Balandat et al., 2020). Another practical
approach is local penalization, which modifies the acquisition function to dis-
courage redundant evaluations in regions where other batch points are selected
(Gonzalez et al., 2016). While batch optimization is often infeasible for com-
putationally expensive tasks such as training deep neural networks—where each
function evaluation requires significant resources—our objective function evalua-
tions are relatively fast. This allows the algorithm to execute multiple evaluations
per iteration without substantial overhead. I anticipate that batch optimization
would enhance convergence speed by enabling more rapid exploration of the per-
formance landscape, particularly for systems with multiple control points, such

as the p-AS pathway.

As with other design strategies based on ODE models, a challenge of my
approach is the significant domain knowledge required to construct models for
a target pathway, both in terms of the enzyme kinetics and the downstream
metabolic processes that affect pathway activity. ODE-based models rely on
detailed kinetic parameters and significant assumptions about native metabolic
state that can limit their predictive power in complex cellular environments. I
elaborate further on the limitations of these models in Section 4.1.2. To ad-
dress these challenges, the next chapter introduces a novel simulation framework
that integrates kinetic models with genome-scale metabolic modelling. This ap-

proach captures the nonlinear behaviour of pathway enzymes within the broader
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metabolic network of the host, improving predictive accuracy and enabling large-
scale computational screening of dynamic control strategies. I apply Bayesian

optimization to the host-pathway simulator in Section 4.3.3.

3.6 Conclusion

This chapter describes the application of Bayesian optimization to the design
of multiscale biological circuits. I applied the Hyperopt package, originally de-
veloped for the hyperparameter optimization of machine learning models, to
the simultaneous selection of genetic control architectures and continuous dose-
response parameter values. I first review the problem, elaborating on three rea-
sons it is particularly challenging: the size of the design space, its mixed-integer
nonconvex nature, and the multiple temporal and spatial scales present in mod-
els of engineered pathways under dynamic regulatory control. These production
pathways have been implemented to improve yield in experimental applications
but are extremely challenging to design without significant laboratory iterations.
I present four case studies of production pathways: a toy example and models
for the production of glucaric acid, fatty acids, and p-aminostyrene. In all cases,
the Bayesian optimization reliably converges to a low objective function value
while continuing to explore all architectures across the duration of its run. The
fatty acid model is explored in more detail as I implemented two alternative ob-
jective functions: a cost-benefit objective that trades off production and genetic
burden and a rise time-overshoot objective which aims to find optimal circuits
with desired dynamics. I observed a trade-off curve between rise-time and over-
shoot, with some architectures being optimal for low overshoot circuits and others
achieving a low rise time (see Figure 3.13). The p-aminostyrene model represents
an upper bound on the currently implementable experimental complexity of dy-
namic control systems. I demonstrate that both it and the glucaric acid model
are robust to perturbations to constants in the ODE, which indicates that the
optimization results are likely consistent even under parameter uncertainty. I end

by presenting several possible improvements to the method and describing two
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spin-off projects conducted by students under my supervision.
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Chapter 4

Simulation of dynamic
host-pathway interactions at the

genome scale

This chapter introduces a novel simulation approach to integrate kinetic heterol-
ogous pathway models with genome-scale metabolic models of a host. The simu-
lator enables the prediction of local nonlinear dynamics of pathway enzymes and
metabolites, informed by the global metabolic state of the host as predicted by
Flux Balance Analysis (FBA). First, the background section will provide context
for the types of host-pathway interactions the simulator can predict and existing
computational methods used to do similar modelling tasks, such as dynamic FBA
and genome-scale kinetic models. I will then describe the simulator methodol-
ogy in detail, including how I achieved substantial performance improvements
by replacing FBA calculations with machine learning surrogate models. There
were several challenges to implementation which required novel solutions, in-
cluding a warm-up routine to determine initial concentrations and a method to
balance fluxes at the model boundary. Next, I demonstrate the applicability of
the simulator through two case studies of production pathways in Escherichia
coli. The simulator can predict metabolite dynamics under genetic perturbations
and in various carbon sources. I showcase the utility of my method for screening

dynamic control circuits through large-scale parameter sampling and Bayesian
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optimization. The contents of this chapter are adapted from a paper to appear

in Metabolic Engineering (Merzbacher et al., 2025).

4.1 Background and motivation

Heterologous production pathways can interact with native cellular processes in
complex and nonlinear ways, all of which impact the metabolic capacity and
viability of the production host. These impacts can occur across multiple cel-
lular systems and scales. For example, nonnative enzyme production consumes
energy resources like ATP, cofactors like NAD(P)H, or carbon sources normally
used by native metabolism (Wu et al., 2016). In addition, imbalanced fluxes can
lead to the accumulation of toxic intermediates or pathway enzymes (Cachera
et al., 2023b). Host-pathway interactions that depend on the temporal dynamics
of a production pathway are particularly challenging to predict. For example,
pathway bottlenecks can form during fermentation or some toxicity effects can
be caused by the transient accumulation of pathway intermediates. Other ex-
amples include the use of intracellular control systems to dynamically adjust
pathway expression levels (Ni et al., 2021), or the use of external inducers to
switch across pathways during fermentation (Hartline et al., 2021). These host-
pathway interactions are rarely taken into account or oversimplified when mod-
elling metabolism. In particular, many models do not incorporate the multiple
timescales present in metabolism, from fast biochemical reactions to slower en-
zyme expression relevant for pathway regulatory loops. In addition, predicting
local pathway behavior as well as global metabolic state remains a challenge for

existing modelling paradigms.

4.1.1 Limitations of flux balance analysis

Pathway designers often use genome-scale metabolic models (GEMs) to predict
pathway fluxes and understand interactions with native cellular processes. A
key toolkit, Flux Balance Analysis (FBA) (see Section 2.2.2) uses a steady-state

optimality assumption, which is typically taken to be growth rate, production
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yield, or a combination of both (Orth et al., 2010). FBA assumes all reactions in
the network are at steady state and thus that the concentration of all chemicals in
the cell remain constant over time (Kauffman et al., 2003). Given this constraint,
FBA solves a linear optimization problem to predict the metabolic fluxes of the
cell provided the maximum growth rate is equal. Thanks to its linear problem
structure, FBA can be solved repeatedly and rapidly, allowing experimentation

in a wide range of simulated conditions (Ebrahim et al., 2013; Wang et al., 2018).

However, standard FBA cannot predict effects that depend on the temporal
dynamics of pathway enzymes and metabolites during the course of fermentation.
Prediction of such dynamic effects is challenging because it requires multi-scale
models that simultaneously describe pathway dynamics and the host metabolism.
Traditional FBA cannot account for metabolite dynamics because it inherently
assumes that metabolites are at steady state and, moreover, it works on the
space of fluxes without information on the enzyme kinetics that support them.
There are some early proof-of-concept studies which attempted to predict native
metabolite dynamics using small stoichiometric models of specific pathways such
as central carbon metabolism; however, the construction of such models remains
limited to a few strains and pathways (Covert et al., 2008; Min Lee et al., 2008;
Oyarztn, 2011).

A number of works have developed extensions of FBA to dynamic settings,
and this is subject of active research in the community. For example, several
studies have employed techniques from dynamic optimization to recast FBA
with time-dependent extracellular fluxes (Jeanne et al., 2018; Mahadevan et al.,
2002; Reimers et al., 2017). These approaches include dynamics for extracellu-
lar metabolites and assume that the dynamics for these metabolites, usually in
a bioreactor system, are slower and therefore intracellular dynamics can be ap-
proximated using a steady-state assumption (Oliveira et al., 2023). As a result,
dynamic FBA (dFBA) cannot predict trajectories for intracellular metabolites
or enzymes such as those in an engineered heterologous metabolic pathway. In
addition, dFBA techniques do not incorporate transcriptional or translational

control of enzyme expression and genetic feedback circuits. This drawback limits
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their applicability to dynamic control applications. Some work has attempted
to add gene expression and protein synthesis to dFBA models in order to better
predict regulatory control but these models cannot predict individual pathway

metabolite dynamics (Waldherr et al., 2015; Yang et al., 2019b).

4.1.2 Limitations of ordinary differential equation models

Kinetic modelling based on ordinary differential equations (ODEs; see Section
2.1.1) is an alternative approach which can capture pathway metabolite and en-
zyme dynamics. Finding reasonable values for enzyme kinetic parameters or
fitting equation parameters to data remains a challenge, especially for engineered
systems where pathway components can be drawn from multiple source organ-
isms and inserted into an entirely different host. As a result, ODEs tend to
focus on a limited set of metabolites and enzymes in a pathway without inter-
action with the production host, assuming a fixed growth rate and influxes to
the pathway from native metabolism. A recent hybrid modelling approach aimed
to inform an ODE model of a bioreactor batch process using a GEM to predict
key exchange fluxes (Espinel-Rios and Avalos, 2024b). This approach predicts
intracellular fluxes from FBA to give a dynamic picture of cellular metabolism to
an extracellular model but does not predict intracellular metabolites.

Several works have expanded ODEs to the genome scale (Borzou et al., 2023,;
Frohlich et al., 2017; Gilbert et al., 2019; Khodayari and Maranas, 2016). These
works have had some success in accurately capturing the dynamics of native
metabolism in model microbes such as E. coli and S. cerevisiae. In addition,
some work has had success detecting genetic interventions that improve yield
(Narayanan et al., 2024). Despite these successes, genome-scale kinetic models
are still limited by the parameter estimation problem. With hundreds of param-
eters that are challenging to fit to limited experimental data and often vary by
multiple orders of magnitude across conditions and species, their applicability
remains restricted to a few well-documented model organisms (Hu et al., 2023b).
In practice, kinetic models require significant strain and condition-specific fine

tuning, which can limit their scope and applicability (Hu et al., 2023a; Srinivasan
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et al., 2015).

4.1.3 Integrating two model paradigms

This chapter introduces a novel strategy for predicting pathway dynamics cou-
pled with the metabolism of a production host combining FBA and ODE models.
The approach produces local simulations of enzyme and metabolite concentra-
tions informed by the global metabolic state of the host. Both the kinetic ODE
model and genome-scale FBA optimization iteratively pass information to each
other along the temporal trajectory. This requires computing FBA solutions at
many points in time and thus leads to a prohibitively long simulation runtimes.
This challenge was resolved by training surrogate machine learning models to
replace most FBA calculations. By pre-training the surrogate models with a lim-
ited number of offline FBA solutions, computational speed improved by at least
100-fold. Two production pathways from the literature (Borkowski et al., 2018;
Doong et al., 2018) and the latest genome-scale model of Escherichia coli (Monk
et al., 2017) demonstrate the validity and effectiveness of the approach. This
chapter showcases the application of the method to predict metabolite dynamics
in response to genome-wide knockouts, understand product production in vari-
ous carbon sources, and design dynamic control circuits via large-scale sampling
and global optimization. The results provide a novel approach for computational
strain design that includes temporal effects and the cross-talk between a pathway

and the host where it resides.

4.2 Methodology of simulator

4.2.1 Integration of genome-scale and kinetic models

I focus on the simulation of heterologous pathways that interact with the host
metabolism through sharing of metabolites and/or co-factors. As illustrated in
Figure 4.1, my strategy relies on successive iterations between two models: a

dynamic Ordinary Differential Equation (ODE) model for a target heterologous
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pathway, and a static, genome-scale, model for the host metabolism. The ap-
proach is centered on the ODE model to obtain local predictions of the temporal
dynamics of pathway metabolites and enzymes, using the global metabolic state
of the host as predicted by Flux Balance Analysis (FBA). The simulator loops
between the two models, passing information back and forth from one to the

other.

Specifically, I first consider a kinetic model for the heterologous pathway:

dx

= f(x,e) — Az,
gz (4.1)
E = g(m) - )‘67

where x and e are vectors of metabolite and enzyme concentrations, respectively,
and the rate constant A\ models the dilution effect caused by cell growth. The
vector function f(z, ) models the mass balance relationships and enzyme kinetics,
and g(z) is a lumped model for the transcriptional and translational processes
that control expression of pathway enzymes. This function can be used to flexibly
accommodate for either constitutive enzyme expression, in which case g(z) is a
constant, or metabolite-dependent enzyme expression as commonly encountered
in dynamic pathway engineering (Liu et al., 2018), in which case g(x) can be

modelled as a Hill function of a pathway metabolite (Mannan et al., 2017).

The second model corresponds to a standard FBA formulation applied to a

genome-scale model of the host:

A = max clv
vER™
Sv =0, (4.2)
subject to:

Vb < U < Uyp.

In this FBA problem, A is the solution of a linear optimization problem with
growth rate set as the objective function to be maximized (Orth et al., 2010).
In Eq. (4.2), S is the stoichiometric matrix of the host metabolism, v is a vector

of m metabolic fluxes, ¢ is a weight vector that describes the contribution of



4.2. METHODOLOGY OF SIMULATOR 91

boundary fluxes
cell growth rate

77X 0pE model /\

numerical integration

genome-scale local metabolite/
enzyme concentration

metabolic flux O& ol
predictions O _L> O predictions

t FBA mode\/ fba optimization
linear optimization

long timestep internal pathway %

fluxes simulation

Figure 4.1: Schematic of my strategy to model dynamic host-pathway interactions.

key reactions to biomass formation, and (v, vy,) are vectors of lower and upper
bounds for each metabolic flux. The stoichiometric relation Sv = 0 imposes a
steady-state constraint for all metabolites included in the genome-scale model.

The iterations between both models (Figure 4.2) follow these principles: First,
the FBA model in Eq. (4.2) produces a vector of fluxes Vi, (which I call the
“boundary fluxes”) and a predicted growth rate A, all of which are passed as
parameters to the ODE model in Eq. (4.1). Second, I integrate the ODE model on
a short time interval (yellow blocks in Figure 4.1) to produce temporal predictions
of metabolite and enzyme concentrations. Third, at the end of the integration
interval, I compute a flux V,, consumed by the pathway from the host (which I
call the “pathway flux”) that gets passed back to the FBA model as an equality
constrain. By iterating these steps, the algorithm produces temporal trajectories
for fluxes, metabolites, and enzymes of the heterologous pathway, alongside the
dynamics of growth rate of the host. This approach to jointly simulate FBA-ODE
models operates on two timescales: a fast metabolic timescale comprised in the
FBA problem and kinetics of the production pathway, and a slow timescale of
heterologous enzyme expression and cell growth.

I now present a more mathematically rigorous description of the simulation.
I can express the simulation loop in pseudocode as:

The first iteration of the loop begins by initializing the boundary flux vector
Vb and the growth rate A using FBA with the pathway flux V,, set to zero. I

consider both models operating in distinct alternating timesteps and divide the
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Algorithm 1 FBA-ODE simulation loop
1: Vi, A < fha(V, = 0)
2: u0 < warm-up()
3: while t < T do

topan < [t, T + At]

5 Vp < ode(Vh,, A, 10, tspan )

6 Vo, A — tha(V})

T: t=t+4+ At

8: end while

simulation interval [0,7] into N equispaced subintervals of length At. Within
cach subinterval [t,t 4+ At] I solve the ODE model for the heterologous pathway:

d_x = f(xa €, Vb) - )\IL‘,
de \ ’
Fri g(z) — Ae,

where the function f(z,e,V}) depends explicitly on the boundary fluxes (14)
feeding into the pathway from the host. The enzyme and substrate concentration
values at the end of the integration time ¢ + At are used to compute the pathway
flux V,,. The pathway flux V}, is passed to the FBA solver as a constraint on the
added sink reaction P — :

A = max cv
vER™

(4.4)
subject to: < oy, < v < vy

The updated FBA problem re-computes the optimal flux vector and growth rate
A to start a new integration cycle of the ODE model. The time t is updated
every loop iteration to move it forward one interval with length At. In all my

simulations I employed At = 1s.

In my formulation, the heterologous pathway is not included in the genome-
scale model but instead simulated separately. I implemented this by adding a

sink reaction with pathway flux V,, to the genome-scale model with stoichiometry
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Figure 4.2: Detailed schematic description of simulator. Coloured dots in the
metabolic network represent redox cofactors and high-energy phosphates like ATP which
participate in many reactions.

P — (), where P is the host precursor that feeds into the heterologous pathway.
I note that boundary fluxes present in both models must satisfy the steady-state
constraint imposed by FBA at each iteration of the simulation loop, so the ODEs
are modified to ensure this relationship holds. Another challenge is the selection
of initial metabolite and enzyme concentrations for the ODE simulation, as these
can produce a pathway flux V, that violates the GEM constraints. I resolved
this through a warm-up routine which iteratively finds initial conditions using a
Bayesian optimization method (Merzbacher et al., 2023). Details on the balancing

equations and the warm-up routine can be found in Section 4.2.5.

4.2.2 Dynamic host-pathway case studies in FEscherichia

colr

I implemented the simulator in two different product production pathways already
experimentally implemented in literature (Borkowski et al., 2018; Doong et al.,
2018), one with an existing ODE model in literature (Verma et al., 2021). I begin
by describing each pathway qualitatively before including details of the ODE
models, and modifications made to the genome-scale models for integration. In
both case studies I employed the iML1515 model for E. coli (Monk et al., 2017) as
the GEM for native metabolism. An additional reaction was added to the model

to represent the dynamic pathway with stoichiometry of -1.0 for all precursors and
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no product. Case-study specific details of machine learning surrogate models and
pathway balancing equations are given in Sections 4.2.4 and 4.2.5, respectively. I

include representative sample simulator results in each section.

4.2.3 Surrogate models using machine learning

While the initial algorithm design produced promising results and converged to
realistic phenotypes, I found that simulation run times were prohibitively long for
practical use (e.g. over 24 hours of runtime). I performed a runtime analysis on
a preliminary model and found that the FBA optimization step was responsible
for more than 95% of runtime (see Table 4.1). To produce simulations in feasible
computational time, I substituted all FBA-related steps with pre-trained machine
learning surrogates. I split the surrogates into three supervised tasks (Figure 4.3).
To generate the training data, I scanned the pathway flux V,, on a range and ran
FBA N=500 times constrained by the pathway flux values (see top of Figure
4.3). The FBA then outputs three values as labels for the ML models to predict:
a binary feasibility flag (1 if FBA finds a solution, 0 if FBA is infeasible), the
growth rate, and the boundary flux(es). The boundary flux or fluxes vary per
pathway; in the glucaric acid pathway, there is only one, Vi, and in the beta
carotene pathway, there are two, Vj,, and Vi,,. Once trained, the ML model then
predicts from the pathway flux value (given from the ODE) to each of these three
values.

I first trained a binary classification algorithm to determine whether a given
pathway flux (V}) resulted in a feasible FBA problem. An FBA problem is
infeasible when there is no flux vector that satisfies the GEM constraints and
the steady state assumption. I trained a logistic regression classifier to predict a
binary outcome (1 if feasible; 0 if infeasible) from V], values, so as to perform the
growth rate and pathway flux predictions only for feasible samples.

All results in the following parts are based on a model trained on the wild type
iML1515 model grown on glucose at default uptake rates of 10mM /h with the
boundary flux computed as the Vj, from the glucaric acid model. The dynamic

pathway flux V,, was swept from 0 to 10mM/h and FBA was run to determine
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feasibility. A logistic regression model was trained on a binary feasibility class
(1 = feasible, 0 = infeasible) to predict FBA feasibility. FBA is infeasible when
no positive growth rate exists within the constrained flux cone. I generated a
confusion matrix for a 20% held test set (N = 100). The predicted labels were
identical to the ground truth labels with zero false positives or false negatives.
Feasible training samples were then selected for further model training. If a
sample was classified as feasible, I also computed the growth rate and boundary

flux. I split the data generated from FBA (N = 500 samples) into a training
(80%) and test (20%) set and reserved the test set for model evaluation.

Simulation FBA ODE
. . FBA
No. iterations time optimization | integration
time (%)
(hours) time (s) time (s)

10 0.0027 2.73 0.139 95.1

100 0.027 27.433 0.6012 97.8

1000 0.27 270.970 4.606 98.3

3600 1 1005.366 12.430 98.8
Table 4.1: Runtime analysis of integrated FBA and ODE simulations. Study was

done on the glucaric acid pathway. The simulation was run following Algorithm 1.

I then trained two other models on samples classified as feasible: a linear
regression between pathway flux (V},) and optimal growth rate (), and a nonlinear
regression with a neural network to predict the boundary fluxes (V}) from the
pathway flux (V},). For the boundary fluxes, the shape of the ground truth curve
varies based on the medium conditions and thus cannot be assumed to be linear
like the growth rate relationship. A feedforward neural network with 3 hidden
layers, 500 units per layer, and ReLu activation function was trained for 1000
epochs. The loss converged after approximately 250 epochs (see Figure 4.5).

All regressors were trained on data pairs (V;,V4) and (V},, ), respectively,
generated through a large collection of offline FBA simulations; these data need
to be generated only once per genome-scale metabolic model, thus leading to

substantial gains in performance as compared to online FBA simulations run
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Figure 4.3: Schematic of machine learning surrogates to replace the FBA calculations
and increase simulation speed.

at every iteration. The surrogate models accelerated my simulations by more
than 100-fold (Figure 4.6), which enabled prediction of long time courses and
exploration of the impact of various perturbations.

Once trained, I can implement the machine learning surrogates in the existing

algorithm loop as follows:

Algorithm 2 Surrogate-ODE Optimization Loop

1: Vi, <= modely, (V, = 0)

2: A <— modely(V, = 0)

3: u0 < warm-up()

4: while 7 < T do

5: tspan < [T, T + At]

6: Vp < ode(Vh,, A, 10, tspan )
7 if modelgagpie then
8: Vb < modely; (V)
9: A <— model,(V},)
10: end if

11: T=17+At

12: end while

Instead of computing A and the boundary flux directly using FBA, I first check
if FBA finds a particular V,, feasible and then generate the V4, and A values from

their respective models. Neural networks were trained using the Flux.jl package
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Figure 4.4: ML surrogate model training. (a) Confusion matrix of feasibility
classification model. (B) A linear regression model was trained to predict the growth
rate from the dynamic pathway flux V,,. The blue line is the ground truth and the
orange circles are selected trained model predictions from the held-out test set.

and linear models using the GLM package. The exact training data generation

routines and model specifications for each case study are given in the following

sections.
Model Test Accuracy Model R? Training | Test
MSE MSE
Feasibility 99.8 £ 0.005 N/A N/A N/A
Growth Rate N/A 0.999 + 1.62E-7 | 3.45E-33 &+ | 3.56E-9 =+
3.86E-33 4.88E-9
Pathway Influx N/A N/A 0.0124 =+ | 0.0167 =+
0.0198 0.0226

Table 4.2: Performance of machine learning models. The machine learning
models for the glucaric acid model were run N =5 times with different random ini-

tializations and the accuracy metrics for each model reported with standard deviation
across repeats.
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Figure 4.5: ML surrogate model training. (a) Training loss for boundary flux
neural network. (b) Boundary flux predictions. The blue line is the ground truth and
the orange circles are a subset of test set predictions.
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Figure 4.6: Timing comparison between FBA and ML surrogate

4.2.4 Methodological details of case studies
Synthesis of glucaric acid

I first focused on a pathway that branches off of central carbon metabolism,
and hence is expected to interact strongly with the host metabolism. Glucose-6-
phosphate is converted to glucaric acid via myoinositol (MI). The enzyme MIOX
is activated allosterically by its substrate MI and MI is also exported from the
cell. The heterologous enzymes Inol and MIOX can be regulated via a metabolite-

responsive transcription factor, IpsA, that can be repressed upon binding to MI.
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Figure 4.7: Degradation of feasibility model performance.

This feature can be exploited to build dynamic control circuits that respond to the
intracellular levels of myoinositol, for example by using IpsA to control expression
of Inol or MIOX. For the representative simulation shown in Figure 4.9, I use
a dual control genetic feedback architecture where IpsA represses the upstream
enzyme Inol and activates the downstream enzyme MIOX, creating two negative
feedback loops (Doong et al., 2018). The sole boundary flux V;, is a sum of all
reaction fluxes that produce and consume G6P in the genome-scale model, and

V, is the flux of the reaction catalyzed by Inol.

Glucose-6-phosphate is the product of the first step of glycolysis and catalyzed
directly from glucose, the standard carbon source for E. coli. Genome-scale mod-
els for E. coli include G6P in the FBA objective function because of its direct
impact on growth rate. I integrated a previously published kinetic model of the
GA pathway (Verma et al., 2021) with the iML1515 genome-scale model. My
host-pathway simulations indeed show a sustained drop in growth rate (Figure
4.9), in line with the centrality of the precursor G6P. While the drop in growth
rate depends on the expression levels of the heterologous enzymes, I generally
observed realistic growth defects of 5-50% from the wild type (Labhsetwar et al.,
2013).

I also observed a reasonable timescale of growth rate dynamics: a steady-

state growth rate was achieved within 10 hours and 90% of the drop in growth
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Figure 4.8: Schematic of glucaric acid production pathway. Regulatory architectures
mediated by IpsA can repress Inol transcription upstream or activate MIOX transcrip-
tion downstream, or both in a dual control architecture (Verma et al., 2021) (shown in
blue). The boundary flux Vi, computed from FBA is labeled in red.

rate occurs in the first 6 hours (Taymaz-Nikerel et al., 2013). The steady state
concentrations for glucaric acid and both heterologous enzymes are within phys-
iologically realistic ranges. The metabolite dynamics are more rapid than the
enzyme dynamics, in line with the fast kinetic and slower genetic timescale sep-

aration present in the ODE model.

I employed the default growth media conditions in the iML1515 model (glucose
as carbon source with a maximal uptake rate of 10mM/h). The ODE model for
the glucaric acid pathway in Figure 4.8 was modified from literature (Verma et
al., 2021) and the equations given in Chapter 3 to allow a variable influx and
growth rate passed from FBA. The model includes three metabolites (glucose-6-
phosphate, fructose-6-phosphate, and myoinositol) and two enzymes (Inol and
MIOX). The other steps in the conversion of myoinositol to glucaric acid were
assumed to be non-rate-limiting and were not included in the model. All kinetic
parameters were taken from the BRENDA database (Schomburg et al., 2017).

The parameters and model equations are given in 3.3.1.

Connecting the two models requires defining the boundary fluxes which en-
ter the ODE model from the FBA model, and the pathway fluxes computed by
the ODE model as constraints for the FBA model. All fluxes into and out of
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Figure 4.9: Sample simulation of host-pathway dynamics for glucaric acid
production. The host-pathway model was simulated for 10 hours of simulation time
(approx. 2.5 minutes of runtime) under a dual control architecture with parameters
given in Appendix B.

a particular boundary metabolite in the pathway can be summed into a single
boundary flux. The boundary flux (V4,) in this case is defined as the sum of 11 re-
actions that produce or consume glucose-6-phosphate: TRE6PH, PGMT, HEX1,
AB6PGH, TRE6PS, FRULYSDG, GLCptspp, G6PP, G6Pt62pp, and BGLAL.
To model the consumption of G6P by the glucaric acid pathway, a new forward
reaction was added to the iML1515 model (V},, which consumes 1 mol of G6P,
has no products, and is constrained to run forward to prevent flux being drawn

backwards through the production pathway.

I generated training data by sweeping the pathway flux (V},) from 0 to 10
mM/h and sampled 500 linearly spaced values to constrain the FBA problem.
Generation of the training data and model training took around 5 minutes on a
standard laptop. I randomly split the data into training and testing using a 80:20
split, and trained a logistic regressor to predict model feasibility. I consistently
achieved test accuracy above 95% (Figure 4.4a). To regress the optimal growth
rate and boundary fluxes, I first I filtered the training set to include only feasible
data points, and then trained a linear regressor that achieved R? of 0.99 or above
(Figure 4.4b). To regress the boundary fluxes, I trained a feedforward neural
network with 3 layers, 500 units per layer, and ReLu activation function for
1500 epochs (Figure 4.5A). When comparing the predicted results to ground
truth, I find a good fit that avoids overfitting to numerical noise (Figure 4.5B).
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I trained N = 5 training repeats and achieved consistently high performance
(see Table 4.2). T also confirmed that model performance degraded with smaller
training set sizes by reducing the training set size for the feasibility assessment
by 50-99% and plotted the test accuracy of the feasibility binary classification
(see Figure 4.7). The performance of the regression models also degrades when
assessing test MSE but less substantially, likely due to the simple functional
form of the prediction task. I incorporated the machine learning models into the
loop as a replacement for FBA, which improved the model run time by several
orders of magnitude. For example, model runs that took >1000 seconds in the
standard loop were accelerated to 12 seconds with the surrogate models. Figure
4.6) shows the loop runtime for standard FBA and ML surrogate loop, in seconds
(log scaled). Both increase linearly with the number of loop iterations; however,
standard FBA becomes rapidly computationally infeasible due to the cost of
linear FBA optimization. For comparison, most simulations run for the results
require 8.6 x 10? loop iterations and would take > 6.6hrs to run with a standard
FBA model, compared to around 5 minutes with the ML surrogate. Models and
training data objects were serialized to .jls files to minimize retraining time. For
the variable growth conditions in Section 4.3.1, I modified the uptake reactions
for all carbon sources to limit influx to a single source and regenerated training
data for each carbon source. All models were retrained for a total of 15 conditions

(N = 45 new models).

Synthesis of beta-carotene

As a second example that branches from a downstream region of metabolism, I
selected the beta-carotene production pathway. I chose this pathway because it
branches from native metabolites not included in the biomass equation and thus
is not directly coupled to growth in the FBA formulation. Beta-carotene is a
high-value metabolite with applications in medicine, cosmetics, animal feed, and
nutritional supplements (Herndndez-Almanza et al., 2016; Khan et al., 2008).
The biosynthetic beta-carotene production pathway has been implemented ex-

perimentally using codon-optimized enzymes from Erwinia uredovora engineered
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Figure 4.10: Beta-carotene production pathway schematic. The three boundary fluxes
computed from FBA are labelled in red.

into E. coli (Kim et al., 2006; Misawa et al., 1990; Yang and Guo, 2014). The
pathway has four enzymes: crtE, crtB, crtl, and crtY (see Figure 4.10). The two
precursors farnesyl pyrophosphate (FPP) and isopentyl pyrophosphate (IPP) are
catalyzed by crtE to form geranylgeranyl pyrophosphate (GGPP). The enzyme
crtB then catalyzes the conversion to phytoene, followed by crtl converting phy-
toene to lycopene. The enzyme crtY catalyzes the final step in the pathway to

produce beta-carotene.

Unlike the glucaric acid pathway, which has only one boundary flux (V4, in
Figure 4.8), the beta-carotene model combines two precursors, FPP and IPP,
both of which have their own efluxes and influxes. As shown in Figure 4.10, the
boundary flux vector V4, is thus composed of three elements: V;, is the influx to
IPP, Vipp is the efflux from IPP, and V), is the eflux from FPP. The pathway

flux V, is the crtE-catalyzed conversion from the precursors to GGPP.

I built a kinetic model for the beta-carotene pathway from scratch and inte-
grated it with the iML1515 genome-scale model. The standard iML1515 GEM
was modified by adjusting its medium conditions to fit an experimentally deter-
mined wild type growth rate of 0.65mM /h (Borkowski et al., 2018). I adjusted
the medium conditions in the FBA to a limited fructose source by setting a con-
straint on the fructose influx (-7.5 mM/h) that resulted in an equivalent growth
rate when the heterologous pathway was not induced. Since the pathway has two
precursors (farnesyl pyrophposhate, FPP, and isopentyl pyrophosphate, IPP), the
boundary flux vector Vj, has several components. I define a boundary influx into
IPP (Vi,) as the sum of the reactions IPDDI and IPDPS. I define an efflux to
IPP (Vipp) as the sum of the reactions UDCPDPS, OCTDPS, DMATT, IPDPS
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with appropriate stoichiometric weighting. FPP is entirely produced by IPP and
its efflux (Vfyp) is defined by the sum of the reactions UDCPDPS, HEMEOS, and
OCTDPS. A new forward reaction (V;) was added to the iML1515 model to rep-
resent consumption of FPP and IPP by the beta-carotene pathway. This reaction
consumes 1 mol of FPP and 1 mol of IPP, has no products, and is constrained
to run forward to prevent flux being drawn backwards through the production

pathway.

For the kinetic model, I included the four enzymes in the pathway (crtE, crtB,
crtl, crtY) along with six metabolites: FFP, IPP, GGPP, phytoene, lycopene, and
beta-carotene. A constant influx to the pathway Vi, and a growth rate \ are set
as parameters in the ODE. The first reaction in the pathway follows Michaelis-

Menten kinetics with two substrates:

L tcrtE-( FPP-GGPP >

km,rprkM,cGPP

1+(FPP i GGPP)’

‘/crtE - (45)

knm FPP km, copp

where by ppp and Ky gapp are substrate-specific enzyme affinity parameters. All

other enzymes are assumed to follow standard Michaelis-Menten kinetics:

(4.6)

where E is the enzyme concentration, S is the substrate concentration, and k.

is the turnover number.

I sourced k, values and averaged available k. numbers from BRENDA
(Schomburg et al., 2017); however, the turnover numbers were not available for
some enzymes and often available only for unrelated organisms. I instead used a
deep learning model trained on all available enzyme kinetic information to pre-
dict kcay values from enzyme amino acid sequence (Li et al., 2022). For those ks
values available in BRENDA, the deep learning model delivered predictions in

the same order of magnitude.
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The substrate equations can thus be written as:

dFPP
G =Vin =2 Ve — Vepp — A - FPP
dIPP
T:Vin—2'VcrtE—VIPP—VFPP—A'FPPa
dGGPP
T = —VertE — ‘/;rtB — A GGPPa
dPhy (4.7)
d—t = VereB — Vertr — A Phy,
dLye
dif - ‘/crtl - V;:rtY —A- LYC,
dBcar

7 = Viey — A - Bear.

The equations for all four enzymes follow standard open-loop production with
a promoter strength parameter kr. For example, for the first enzyme in the

pathway, the equation is

dertE
dt

= kerp — A - crtE. (4.8)

Table 4.3 contains all kinetic parameter values for the ODE model.

My host-pathway simulations (Figure 4.11) show that in this case pathway
activity leads to a transient growth defect, in line with the fact that precursors
FPP and IPP are not weighed in the FBA objective function. Production of beta-
carotene results in a defect to growth rate which recovers upon consumption of
the precursors and reduction of pathway flux. The metabolite dynamics include
consumption of the precursors followed by peaks of each intermediate in the
pathway. The timing and size of these peaks depends on the enzyme promoter
strengths, and I generally observed beta-carotene concentrations in a feasible
mM range. The enzyme expression dynamics are also realistic, taking over 10
hours to reach steady state, and operate in a feasible nM range. Altogether,
both case studies (glucaric acid and beta-carotene) demonstrate the reasonable
results produced by msimulation approach and its applicability to a wide range

of metabolic pathways.
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Parameter | Value | Units Source

Kcat,crtEs 0.2456 1/s | deep learning
Ecat,crtB 0.066 1/s | deep learning
Kcat crt 4.2255 1/s | deep learning
Eecat crty 42.9099 1/s | deep learning
kmerpppp | 00321 | M | BRENDA
kmermmer | 00234 | uM | BRENDA
- 0.01682 | uM BRENDA
Fm,ertr 9.179 uM BRENDA
e 0.035 uM BRENDA

Table 4.3: Kinetic parameters of the beta-carotene pathway model. For those param-
eters absent from the BRENDA database, I employed the deep learning predictor from
Li et al., 2022.

For the surrogate models, training data was generated by varying the pathway
flux (V},) from 0 to 1mM/h and sampling 500 linearly spaced values to constrain
the FBA problem. Generation of the training data set and model training took
around 5 minutes on a standard laptop. I held out 20% of the training set for
model testing. I trained a logistic regression model to predict model feasibility. 1
trained a linear regression model to predict growth rate. I found a linear relation-
ship between V,, and all boundary fluxes, so to speed up training time I trained
three linear regression models to predict the boundary flux components Vi,, Vipp,
and Vi,p,. All linear models obtained an R? of 0.99 or better and the logistic re-
gression obtained a test accuracy of 0.99. Models and training data objects were
serialized to .jls files to minimize retraining time. For the genome-wide knockout
screen in Section 4.3.2 the FBA model was modified by knocking out each gene
and generating new training data in each case, and then retraining all models

(N = 1,515 knockouts, N = 7,575 models).
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Figure 4.11: Simulation of host-pathway dynamics for beta-carotene production. The
host-pathway model was simulated for 24 hours of simulation time (approx. 5 minutes
of runtime) with parameters given in Appendix B.

4.2.5 Challenges to algorithm implementation

I encountered several challenges in implementing the simulator loop, even once
the basic structure of the modelling paradigm was established. I introduce these
challenges in more detail here: first, that the fluxes included in both models must
balance so the FBA optimization problem remains feasible, and second, that the
initial concentration values for the ODE native metabolites must be determined
before the simulation loop can start. Both solutions are pathway-specific, but I

provide guidance for how to implement them in future case studies in Appendix

C.

Balancing fluxes at the model boundary

Since the precursor and dynamic pathway flux V}, are included in both models, the
ODE must satisfy the steady-state constraint imposed by FBA at each iteration
of the simulation loop; that is, the reaction fluxes that produce and consume the
precursor(s) must equal each other and balance out. To force this constraint on
the pathway model, I modified the precursor equation(s) in the ODEs to express
all fluxes as a function of the boundary flux V;, and the pathway flux V},. The
exact balancing equations are pathway-dependent and described for each of my

case studies next.

The glucaric acid pathway required no modifications to the ODEs as it is the

simplest case in which one boundary flux feeds into the precursor G6P and one
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pathway flux consumes it. The flux balance is therefore simply:

The precursor equation remains unchanged from the literature model:

dG6P
—C;S =Vin—V, = A-P. (4.10)

For the beta-carotene pathway, both precursors (FPP and IPP) combine in an
equimolar reaction to produce the pathway flux V,,. I define three components of
the boundary flux vector: Vi, and the two precursor effluxes V4, and Vi,,. The

unbalanced precursor equations are as follows:

dIPP

T:V; _Vgpp_vp_‘/conv_/\'IPP

AFPP (4.11)
dt :‘/conv_‘/fpp_vp_)\'FPP’

where Vo, is the flux converting IPP to FPP, which is included in the FBA but
is not a boundary flux and therefore not passed to the ODE. There is no inherent
constraint on the ODE which ensures that the boundary fluxes and V,,,, must
satisfy the steady-state assumption, so I must impose one by expressing V o,y in
terms of the boundary fluxes. Taking a flux balance of each precursor, I obtain
the following equations:

0="Vin— Vipp — Vo — Veonv

(4.12)
0= ‘/conv - ‘/fpp - Vp-

I rearrange the second equation to find an expression for V.., in terms of only

the boundary and pathway fluxes:

‘/conv = ‘/fpp + VIQ (413)

I substitute this expression into the the precursor equations in Eq. (4.11) and



4.2. METHODOLOGY OF SIMULATOR 109

obtain:
dIPP
= = Via = Vigp = 2V = Vi — A IPP o
dFPP '
7 = —V}pp - )\ . FPP

This modification to the ODE model ensures that the boundary fluxes (Vin, Vipp,
and V) satisfy the steady-state constraint at each iteration of the simulator loop.
These ODE modifications are pathway-specific and in Appendix C I show the

balancing equations for several common topologies encountered in applications.

Warm-up routine for initial conditions

The initial conditions of the ODE must be chosen prior to the first iteration
of the simulation loop. In some cases, the native concentrations of metabolites
might be known from literature or lab experiments, however this was not the case
for my pathways. The initial conditions selected must result in a FBA-feasible
pathway flux V,,. To satisfy this constraint, I created a warm-up routine which
iteratively tries various initial conditions using a Bayesian optimization method
(Bagge Carlson, 2018). These initial conditions are then run for 500 iterations of
the simulator (500 seconds) and each iteration is checked for FBA feasibility. If
initial conditions are not valid for all 500 iterations, the objective function of the

Bayesian optimizer is heavily penalized. The objective is:

1

J=——
Zi\;C@'

+ f-107, (4.15)
where f is the binary feasibility flag (1 if infeasible) and C; are the concentrations
of native metabolites, i.e. G6P and F6P for the glucaric acid pathway, and FPP
and IPP for the beta-carotene pathway. I assume that the initial concentrations
of heterologous enzymes and pathway metabolites are zero, as the host does not
produce them natively before the pathway is induced. The warm-up routine runs
for 1000 initial condition values and the initial conditions which achieve the lowest
value of J are selected for further simulation. If no feasible conditions are found,

i.e. when the minimum objective function value is greater than 107, no further
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simulation runs. For the Bayesian optimization loop, I employed a Tree of Parzen
Estimator (TPE) algorithm implemented in the TreeParzen.jl Julia package. Ex-
pected Improvement was used as the acquisition function and initial conditions
for the native metabolites (G6P, F6P, FPP, and IPP) were drawn from uniform
priors with a maximum of 0.75mM (glucaric acid) and 10mM (beta-carotene), set
by integration the ODE to steady state without the pathway induced, i.e. without
heterologous enzymes. This warm-up routine reliably converges to qualitatively
reasonable values and can easily be adapted to integrate additional information
about the native metabolite concentrations as priors on the Bayesian Optimiza-

tion.

4.3 Applications and results

4.3.1 Growth and production in different carbon sources

Since FE. coli can grow in a variety of carbon sources, I sought to predict the
impact of growth media on the temporal dynamics of the glucaric acid path-
way in Figure 4.8. I deliberately chose a panel of 15 carbon sources that enter
central metabolism at different points, both upstream and downstream of glucose-
6-phosphate, which feeds into glucaric acid synthesis. As shown in Figure 4.8,
the glucaric acid (GA) production pathway branches from CCM at glucose-6-
phosphate (G6P). Besides galactose and glucose, all considered carbon sources
enter CCM below G6P. (Figure 4.12A). This allows checking the consistency of
my simulation approach: the host should be able to grow in all carbon sources
and glucaric acid should be produced only in conditions where carbon enters
metabolism at or upstream from glucose-6-phosphate. To perform these simula-
tions, the machine learning FBA surrogates had to be re-trained for each of the
15 growth conditions, using data produced with offline FBA simulations (see Sec-
tion 4.2.3). Simulations were run for 24 hours of simulation time with parameters
given in Appendix B.

Pathway simulations (Figure 4.12B) indeed predict E. coli growth in all tested

carbon sources, but glucaric acid production was observed only in galactose and
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glucose, both of which enter glycolysis upstream of glucose-6-phosphate. For all
carbon sources except galactose and glucose, the predicted growth rates match
those reported previously in the literature (Monk et al., 2017), ranging from
0.25 mM/h up to approximately 0.8 mM /hr. Growth on galactose and glucose
resulted in a 10.3% and 9.3% drop in growth rate, respectively, due to diversion of
central carbon flux towards glucaric acid production. These simulations serve as
a computational validation of the consistency of my approach and demonstrate its

ability to predict dynamics of heterologous pathways in a media-specific fashion.
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Figure 4.12: Simulator performance across carbon sources. (A) Schematic of central
carbon metabolism (CCM) with various carbon sources entering at different points. (B)
Predicted steady-state growth rates and cumulative GA production, computed as the
temporal integral of the GA production flux. Wild type growth rates predicted by FBA
are shown as red lines.

4.3.2 Impact of gene deletions on pathway dynamics

To test the ability of my approach to predict metabolite dynamics under genetic
perturbations, I ran a genome-scale knockout screen on the E. coli model, and
predicted the dynamics of the beta-carotene pathway (Figure 4.13) in each condi-
tion. To this end, I zeroed out the flux bounds for the reaction associated to each
knockout, and then ran my algorithm with the modified genome-scale model. As
in the previous section, this requires re-training the machine learning FBA surro-
gates for each of the 1,515 knockouts, which in this case involves the generation

of large scale data for training, totalling over 757,500 samples computed through
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off-line FBA simulations.

A genome-scale knockout screen of strains engineered with the beta-carotene
pathway in Figure 4.10 was performed. Figure 4.13 shows a histogram of all
knockouts and their resulting growth defect. The majority of knockouts either
have no effect on growth, i.e. 0% growth defect from wild type (0.65mM /h), or
are essential, i.e. >50% defect shown by red dotted line. Knockouts with a defect
in the range 5-20% are defined as intermediate knockouts and highlighted in red.
Simulations were run for 24 hours of simulation time with parameters given in

Appendix B.

I found that my knockout simulations predicted the same set of growth essen-
tial genes as the wild type iML1515 model, with 12.3% of enzymatic genes being
essential with a growth defect above 50% from the wild type (Figure 4.13). In line
with expectations, beta-carotene production was observed only in the nonessen-
tial knockouts. Examination of beta-carotene dynamics across all nonessential
knockouts (N = 1, 310) suggests that the large majority do not affect the tempo-
ral trajectory of product concentration (Figure 4.15). However, the simulations
also identified a small set of 25 nonessential knockouts associated with interme-
diate growth defects, ranging from 6% to 18% from the wild type (Figure 4.13),
that had a pronounced effect on beta-carotene dynamics 4.14). Each row of the
heatmap is a timecourse of beta-carotene production. Darker colors indicate a
peak in the production. Knockouts with significant impact on product dynamics
can be seen as streaks on the plot. Among these nonessential knockouts, I found
a larger growth defects led to a more pronounced peak in beta-carotene concen-
tration (Figure 4.15). The knockouts selected were: b1779, b2277, b2779, b0432,
b0721, and b3919.

Since my approach also allows simulation of pathway dynamics in response
to genetic perturbations in the heterologous pathway itself, I selected 6 represen-
tative intermediate knockouts from Figure 4.13 and varied the expression level
of the rate limiting enzyme (crtE, shown in Figure 4.10) through changes to the
strength of its promoter. I swept the promoter strength of the rate-limiting en-

zyme (crtE) across four orders of magnitude. The other enzymes (crtB, crtl,
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Figure 4.13: Histogram of knockout screen growth defects.
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Figure 4.14: Beta-carotene concentration dynamics for all nonessential knockouts.

crtY) had fixed promoter strengths equal to those used in the knockout screen.
The results in Figure 4.16 suggest that peak beta-carotene concentration is pri-
marily sensitive to the promoter strength, while its rise time is primarily affected
by the size of the growth defect. Altogether these results underline the utility
of my approach to predict metabolite dynamics in response to local and global

genetic perturbations.

Despite the computational overhead required to re-train the surrogate models
for each of the 1,515 knockouts, I found that my approach provides substantial
gains in efficiency as compared to the use of FBA optimization. Even for a
relatively high-density training set of N = 500 data points, generation of training
data took less than 2min/knockout with a negligible time for model training. I
performed an additional timing study varying the training set size (Table 4.4).
The timing study was conducted on the glucaric acid pathway with glucose as
the carbon source. Fresh training data for growth in glucose was generated N =5
times and the feasibility, growth rate, and pathway flux machine learning models

were re-trained from scratch N = 5 times to compute average times and their
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Figure 4.15: Beta-carotene dynamics for representative intermediate knockouts,
coloured by the size of growth defect. The no knockout (NK) curve is shown for refer-
ence (green dashed line).

standard deviation. When extrapolated to all 1,515 knockouts, these results
suggest that data generation and model training take approximately 49h and 6h,
respectively. In contrast, a 24h simulation with the full FBA calculation takes

almost 7h/knockout, totalling over 10,000h of computation time for all knockouts.

Training data | ML model
Training set size generation training
time (s) time (s)

500 117.2 £ 8.60 14.27 £ 3.87

100 279 + 3.24 4.12 £+ 0.46

50 21.1 £ 2.85 3.17 £ 0.29

25 8.57 £ 0.45 2.36 £+ 0.095

Table 4.4: Computational cost for generation of training data.

4.3.3 Host-aware screening of metabolic control circuits

Given that my simulation approach can produce temporal predictions in rea-
sonable computational time, I sought to explore its use as platform for compu-
tational screening of metabolic control circuits. Dynamic control circuits (see
Section 1.1.3) have emerged as a powerful tool to build responsive pathways that
self-adapt to changes in growth conditions (Liu et al., 2018; Ni et al., 2021). The

large design space and high implementation costs of these systems have lead to
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Figure 4.16: Heatmaps of peak beta-carotene concentration and rise time.

a number of computational approaches being developed for exploring the space
of circuit architectures such as the BayesOpt method developed in Chapter 3
(Stevens and Carothers, 2015; Verma et al., 2021). However, these methods
generally overlook the interactions with the host. To illustrate the utility of my
approach for host-aware screening of control circuits, I employed two complemen-
tary approaches based on parameter sampling for a fixed architecture, and apply

BayesOpt to optimize both parameters and control architectures.

Large-scale parameter sampling

I first assessed the performance of negative feedback loops from beta-carotene to
the promoters producing the pathway enzymes, and compared it to the open-loop
case in which all pathway enzymes are constitutively expressed (Figure 4.17). A
negative feedback loop is considered between beta-carotene and the expression of
all pathway enzymes via a metabolite-responsive transcription factor. Following
the design from Borkowski et al., 2018, I considered the four enzymes expressed
in an operon with variable ribosomal binding site (RBS) strengths, modelled
through four parameters k; and a single regulatory threshold parameter (), as
shown in Eq. 4.16 of the main text. The negative feedback acts to downregulate
expression of the crt enzyme genes in response to beta-carotene, and its has been

shown to improve robustness to perturbations (Oyarzin and Stan, 2013).

Following the notation in my general model in Eq. (4.1), I assumed that all
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Figure 4.17: Diagram of circuit architectures for beta-carotene pathway in Figure
4.10.

enzymes are expressed at a rate:

Rk
Bear\"’

1

+( 0; )

where Bear is the concentration of beta-carotene, and (k;, 6;) are the promoter

gi(Bcar) = (4.16)

strength and regulatory threshold, respectively. The Hill coefficient n is set to 2.
As noted in Figure 4.13, the beta-carotene model results in a transient production
and growth defect that returns to the wild type conditions as the precursors are
depleted. T thus performed large-scale random sampling of the (k;, 0;) space and
scored each design according to the cumulative beta-carotene production and drop
in growth rate, both computed as temporal integrals of the simulated dynamics.
Latin hypercube sampling was used to produce N = 1,000 parameter sets for
both open loop control (4-dimensional; no ¢ sampling) and negative feedback (5-
dimensional). Bounds for the parameter search space are given in Appendix B.

Host-pathway simulations were run for 24h and then scored with the cumulative
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beta-carotene production and cumulative growth defect, defined as fOT Bear(t) dt
and fOT()\WT—)\(t)) dt, respectively; A\wr is the wild type growth rate. The results
in Figure 4.18 show the emergence of a trade-off front (dashed black line) across
designs, with high producers resulting in larger drop in growth rate. This trade
off is qualitatively similar to the relationship between circuit capacity and growth
rate reported by Borkowski et al., 2018. I also found that the negative feedback

loop increased the median beta-carotene production timecourse (Figure 4.19).
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Figure 4.18: Random sampling of genetic parameter space. Latin hypercube sam-
pling was used to produce N = 1,000 parameter sets for both open loop control (4-
dimensional) and negative feedback (5-dimensional). Bounds for the parameter search
space are given in Appendix B. Host-pathway simulations were run for 24h and then
scored with the cumulative beta-carotene production and cumulative growth defect, de-
fined as fOT Bear(t) dt and fOT()\WT — A(t)) dt, respectively; Awr is the wild type growth
rate. An trade-off front emerges between production and growth defect (dashed black
line).
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Figure 4.19: Beta-carotene production dynamics. The median curves are darker;
lighter curves are sampled randomly from +1 standard deviation around the median
beta-carotene timecourse. The negative feedback architecture (orange) tends to increase
peak beta-carotene concentration when compared to the open loop (red).



118 CHAPTER 4. HOST-PATHWAY SIMULATOR

Global optimization of control circuits

As a final test of my approach, I used it to automatically search for optimal
control parameters and architectures using the BayesOpt framework introduced
in Chapter 3. I chose the glucaric acid pathway as a test case and restricted the
search to three genetic feedback architectures in addition to open loop control
(Figure 4.20). This is a challenging optimization problem that requires simulating
the pathway dynamics at many points in the input space, and thus a ideal test to
assess if my simulation approach could be deployed within such computationally

intensive tasks.

102

a=05 “’Z o ast
Minimum growth defect

a=0
Maximum production

Balanced production

open loop control and growth defect

107

ective Function Value (log)

ective Function Value (log)

ective Function Value (log)
5

downstream activation

dual control

obj
Obj
obj

[ 20 80 100 0 20 80 100 0 20 80 100

40 60 40 60 40 60
Number of Iterations Number of Iterations Number of Iterations

Figure 4.20: Control circuit screening for glucaric acid production using mixed-integer
optimization of both regulatory architectures and parameters. Points are coloured by
their respective architectures (shown in Figure 4.8) and the black line traces the best
architecture found throughout the optimization run. Bounds for the parameter search
space are given in Appendix B.

Since the glucaric acid pathway leads to a permanent growth defect (Figure
4.9), T constructed an objective function J that weighs the drop in steady state
growth rate and the cumulative production of glucaric acid

AWT — Ass 1

J:a——i-a(l—a)m,

4.17
or (4.17)

where \gg and Awr are the steady state growth rate of the production and wild
type strain, respectively, and GA is the concentration of glucaric acid. The
parameter o is scaling factor to ensure both terms are in the same magnitude,
and « is a weight to control the balance between growth defect and production.
The scaling factor was set to ¢ = 1,256. The optimization results in Figure
4.20 show that the optimizer can effectively single out optimal design; for a fixed
value of a, each optimization run (N = 100 iterations, 10h of simulation time

per iteration) took 4.1h of computations. In all considered cases I observed the
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optimizer converging to an optimal control circuit.

4.4 Discussion

The interplay between pathways and the cellular growth rate, consumption of na-
tive metabolite precursors, and the accumulation of toxic pathway intermediates
all affect production phenotypes. My work contributes to the emerging area of
hybrid metabolic modelling that attempts to expand the predictive power of tra-
ditional approaches and incorporate a broader range of cellular processes relevant
for pathway engineering. Recent examples include the use of machine learning to
augment the predictive power of GEMs (Faure et al., 2023; Hasibi et al., 2024)
and improve genome-scale kinetic modelling (Choudhury et al., 2022).

Our approach includes several key innovations which give it advantages over
previous modelling approaches in the literature. Several works have already pro-
posed extensions to genome-scale metabolic modelling (GEM) to include temporal
dynamics, including various extensions of Flux Balance Analysis (FBA) (Jeanne
et al., 2018; Reimers et al., 2017; Waldherr et al., 2015; Yang et al., 2019b), but
these methods are not able to account for metabolite or enzyme dynamics. In
the synthetic biology literature, dynamic models for host-circuit interactions have
been subject of much attention in the past decade, including several approaches
to model competition for shared cellular resources (Gorochowski et al., 2016; Liao
et al., 2017; Nikolados et al., 2019) or the impact of growth feedback on circuit
function (Melendez-Alvarez et al., 2021). Yet so far these approaches do not
incorporate metabolic dynamics and are limited to predictions on gene expres-
sion alone. My approach can predict intracellular metabolite trajectories, unlike
dFBA or other hybrid modelling approaches considered in literature which can
only include extracellular ones (Espinel-Rios and Avalos, 2024a; Gilbert et al.,
2019). In addition, my approach predicts enzyme concentrations and includes
transcriptional control of enzyme expression as a multiscale feedback circuit in
the ODE model. To my knowledge, no other computational approaches in the

literature can produce such predictions.
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The simulator can be employed to explore the impact of pathway dynamics
on production phenotypes, for example by studying pathway bottlenecks due to
metabolite accumulation, or the onset of toxicity or stress responses upon enzyme
overexpression. This may also provide insights on dynamic control strategies
that can potentially mitigate the impact host-pathway interactions and enable
the identification of control architectures with improved performance (Liu et al.,
2018). Such control strategies have been shown to help manage the cross-talk
between gene circuits and their host (Ceroni et al., 2018; Stone et al., 2024), and

they may also provide benefits in pathway engineering.

Another promising application of this work is the study of metabolic burden
(Snoeck et al., 2024). The synthetic biology literature has so far focused mostly
on expression burden and its impact on cell physiology (Darlington et al., 2018;
Grob et al., 2021; Nikolados et al., 2019; Weife et al., 2015). In a seminal work,
Borkowski and colleagues (Borkowski et al., 2018) employed a cell free platform to
show that metabolic burden, as quantified by a decreased pathway titer, could not
be explained solely by the increased competition for gene expression resources.
This hints to a metabolic source of burden that is challenging to define and
quantify, which is an area of research where my approach can help to draw new

hypotheses on the sources and impact of metabolic burden.

Moreover, my method can serve as a tool for genome-scale knockout screens
to identify genomes with improved production phenotypes. While host-pathway
interactions are normally seen as deleterious for production, it is well known that
genetic knockouts can cause unexpected effects on cell physiology; for example,
a large-scale study showed that a small fraction of double yeast knockouts can
improve fitness (Costanzo et al., 2016), while multiplexed CRISPR screens have
found combinations of knockouts with improved metabolic phenotypes (Cachera
et al., 2023b; Lian et al., 2017). Such findings pave the way for the use of such
synergistic genetic interactions as a novel strategy to improve production. My
simulation approach could be thus employed in combination with well-adopted
strain optimization tools such as OptKnock or OptForce (Burgard et al., 2003;
Ranganathan et al., 2010) to identify genetic edits with improved pathway dy-
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namics.

4.5 Limitations and future work

A key enabler in my approach was the use of machine learning models to replace
costly FBA calculations. This led to substantial gains in simulation speed that
would have otherwise made the FBA-ODE integration too slow for practical use.
However, there is additional room for further improvements to computational
efficiency. The main bottleneck is the generation of data for training the surro-
gate machine learning models, which must be instantiated separately for every
modification of the GEM, including knockouts and changes to media conditions.
A transfer learning approach that selects minimal training data computed on
modified GEMs could potentially speed up this process (Gherman et al., 2023).
Previous work has used iterative active learning approaches to train surrogate
models with fewer expensive computational simulations (Lye et al., 2021) or used
iterative parallel computing across multiple cores to speed up the training data
generation (Balaprakash et al., 2013).

Another drawback is that model integration must be done in a pathway-
specific fashion. I have illustrated how to define the boundary fluxes and modify
the kinetic model so that the FBA steady state constraints are respected. In gen-
eral, however, such model modifications are pathway-dependent and thus may
require substantial user input. In Appendix C I have enumerated some repre-
sentative pathway topologies to ease the application of my strategy across other
pathways with more complex branch point topologies than the considered case
studies. In cases where engineered strains or deletion mutants cannot maximize
their growth rate as in wild-type (Patil et al., 2005), alternate approaches are
used to determine the growth rate, including MOMA (Segre et al., 2002) and
Energy Balance Analysis (EBA) (Beard et al., 2002). Future work could incor-
porate these methods, which are commonly used for gene deletion screens, into

the simulator.

The simulator is currently implemented only in systems with engineered path-
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ways branching from native metabolism. The steady-state constraint imposed by
FBA at the model boundary requires that all pathway fluxes can be summed as a
single outward flux from metabolism. Loops or cycles which direct flux from the
ODE model back into native metabolism (modelled by the GEM) would require
the ODE model to conform to the steady-state constraint, which it cannot while
still including nonlinear metabolite dynamics. As a result, the simulator as cur-
rently designed must describe pathways which branch off metabolism at a single
point and are not included in the GEM. Future work could focus on possible so-
lutions to this caveat, including removing reactions from the GEM or modifying

reaction connectivity.

4.6 Conclusion

This chapter introduces a novel modelling approach which combines dynamic
ODE models with genome-scale FBA models to simulate nonlinear interactions
between host metabolism and an engineered pathway. By iterating between
short ODE integrations and FBA optimizations, I pass information about na-
tive metabolism from the genome-scale model to the differential equation, and
constrain metabolic states based on dynamic pathway fluxes. I demonstrate the
effectiveness of this approach through two case studies of glucaric acid and beta-
carotene production in F. coli. The glucaric acid pathway branches directly off of
central carbon metabolism and thus production is directly linked to a sustained
drop in growth rate, whereas the beta-carotene pathway is farther downstream
and affects growth via the consumption of key precursors during product produc-
tion. I faced several challenges when implementing my new simulator method.
First, the large number of computationally expensive FBA iterations required
the training of a surrogate model to reduce simulation runtime. These surro-
gate models present one path forward for the integration of machine learning
with mechanistic models. Second, I had to perform pathway-specific balancing
of fluxes present in both the ODE and GEM to avoid violating FBA’s steady-

state constraint. Finally, I had to select appropriate initial concentrations for the
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ODE, which required the construction of a Bayesian warm-up routine. I confirmed
the validity of my simulation results by examining results across various carbon
sources. I also performed a genome-wide screen of all metabolic gene deletions,
identifying which ones resulted in changes to product production dynamics. Fi-
nally, I explored the applicability of my approach to host-aware metabolic circuit
design via large-scale random parameter sampling and Bayesian optimization of
control circuit parameters. This novel method presents the opportunity to explore
metabolic burden and the complex interactions between a heterologous pathway
and native metabolism. Future work could improve the machine learning surro-
gates using transfer or active learning and develop a less pathway-specific method

for model integration.
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Chapter 5

Prediction of gene deletion
phenotypes from high-dimensional

metabolic spaces

The prediction of mutant phenotypes is a key problem in industrial biotechnology,
drug discovery, precision medicine, and numerous other fields. Gene deletions, in
particular, can fundamentally impair cell physiology and lead to cell death. For
example, identifying lethal deletions is key for new cancer therapies (Chang et
al., 2021) or antimicrobial treatments that bypass drug resistance (Rosconi et al.,
2022). In biotechnology, non-lethal deletions are a powerful strategy to redirect
chemical flux toward production of high-value compounds for the food, energy,
and pharmaceutical sectors, using genetically engineered cells as an alternative to
petrochemicals (Rancati et al., 2018). In this chapter, I show that deletions can
alter the shape of the metabolic flux space, and these changes can be learned using
supervised learning algorithms. Flux Cone Learning uses Monte Carlo sampling
of genome-scale metabolic models in tandem with supervised learning of fitness
scores from deletion screens. I demonstrate unparalleled predictive accuracy for
metabolic gene essentiality in organisms of varied complexity (Escherichia coli,
Saccharomyces cerevisiae, Chinese Hamster Ovary cells). To demonstrate the
method’s robustness, I reduce the training set size and apply it to less well-curated

models of E. coli. 1 also investigate which reactions given to the machine learning
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model as training features are most predictive of essentiality. Finally, I present the
first predictive model for small molecule production from deletion screening data.
This approach lays the groundwork for the development of predictive algorithms

for a range of cellular phenotypes.

5.1 Background and motivation

5.1.1 Mutational phenotype prediction

Mutations are changes to the genetic sequence which encodes proteins. Changes
to this code, whether via substitution, deletion, or insertion, can cause changes
to overall cellular phenotypes, ranging from adaptive improvements to fitness to
lethal mutations that result in cell death. Multiple mutations can result in similar
phenotypes, but a particular mutation’s effect on overall fitness can be difficult
to intuit from the gene’s function, even if it is known (Dowell et al., 2010). This
is particularly true for metabolic gene mutations, where a loss-of-function to one
particular enzyme, for example, can have significant downstream effects on other
interconnected reactions in metabolism. Understanding how genetic deletions
affect cellular phenotypes is a core problem in fields across biotechnology and
medicine. In biotechnology, the ability to predict and select deletions that yield
industrially relevant phenotypes is essential for optimizing microbial cell factories,
enabling more efficient bioprocesses and increasing product titers (Fernandez-
Cabezon et al., 2019). However, identifying deletions without extensive trial-
and-error experimentation remains a significant challenge.

In precision medicine, decoding the phenotypic effects of rare mutations is
crucial for advancing targeted therapies. Such insights can provide valuable in-
formation on the potential efficacy and toxicity of targeting that gene product for
treating more common human diseases (Dugger et al., 2018). For example, in on-
cology, discovering tumour-specific deletions which in combination with a cancer
therapeutic cause lethality is key to drug discovery (O’Neil et al., 2017). Despite
its importance, our ability to systematically map mutations to phenotypic out-

comes remains limited, underscoring the need for innovative computational and
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experimental strategies to bridge this gap.

5.1.2 High-throughput screening of gene knockouts

Recent developments in high-throughput screening data have opened new avenues
to predicting phenotype from genotype, especially when combined with advances
in machine learning (Borkenhagen et al., 2021; Danilevicz et al., 2022; Nikola-
dos et al., 2022). Since the 1990s, advances in automation, genetic engineer-
ing tools such as CRISPR/Cas9 (Hart et al., 2017) and detection technologies
such as fluorescence activated cell sorting (FACS) (Lanier, 2014) have allowed
for screens of large numbers of mutations, including full-genome screens (Ipsen
et al., 2022; Yeung et al., 2019). For instance, CRISPR/Cas9 has accelerated
functional genomics by facilitating precise gene editing, allowing researchers to
conduct genome-wide knockout screens to identify gene functions and interac-
tions. Similarly, FACS technology has improved the sorting and analysis of cells
based on specific fluorescent markers, streamlining the identification of phenotypic
changes resulting from genetic modifications. The case of single-gene metabolic
deletions, where an entire gene is removed or its product rendered non-functional
by a deletion mutation, is a common screening task with multiple studies pro-
ducing genome-wide results for several tasks. I next discuss two of these tasks

addressed by my method: gene essentiality and metabolite production prediction.

Gene essentiality prediction

Gene essentiality prediction involves identifying genes that are critical for an or-
ganism’s survival and reproduction. A gene is deemed essential if its deletion
leads to cell death. Essential genes are required for core biological processes,
including DNA replication, transcription, translation, and cellular metabolism
(Dubois-Mignon and Monget, 2022). It’s important to note that gene essentiality
is not an absolute attribute; rather, it is highly context-dependent. The essential
nature of a gene can vary based on environmental conditions, genetic background,
and developmental stages. For instance, a gene that is essential under specific

environmental conditions may be non-essential under others (Larrimore and Ran-
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cati, 2019). Even defining essentiality in multicellular organisms can be difficult,
as certain genes may be required for the organism’s overall growth and fitness
while others may be lethal at the individual cellular level (Cacheiro and Smedley,

2023; Rancati et al., 2018).

Identifying essential genes is pivotal in functional genomics, as it provides
insights into the minimal genetic requirements for life and informs the develop-
ment of therapeutic strategies targeting essential genes in pathogens or cancer
cells (Patel et al., 2017). Additionally, studying essential genes across different
species enhances our comprehension of evolutionary conservation and divergence
in gene function. As a result, substantial previous work has been done to develop
computational methods of predicting gene essentiality. There are several differ-
ent approaches in this field, ranging from sequence-based models (Aromolaran
et al., 2021; Guo et al., 2021) to those analysing biological networks (Freischem
et al., 2022). However, the gold standard for metabolic genes is FBA, which
is particularly effective at predicting gene essentiality in microbes but less so in

higher-order organisms (Bordbar et al., 2014; Lin et al., 2025; Segre et al., 2002).

Alternate methods for essentiality prediction include gene Minimal Cut Sets,
non-metabolic network-based methods, and sequence models. gMCS methods
identify combinations of gene deletions that eliminate specific cellular functions
(Apaolaza et al., 2017, 2019). This approach has been particularly valuable
for predicting synthetic lethality in cancer, where the simultaneous targeting
of multiple pathways can selectively kill cancer cells while sparing normal cells
(Olaverri-Mendizabal et al., 2024). Non-metabolic network-based methods lever-
age protein-protein interaction (PPI) networks under the assumption that essen-
tial genes often encode highly connected proteins or occupy critical positions in
cellular networks (Hahn and Kern, 2005; Joy et al., 2005). Centrality measures
such as degree, betweenness, and eigenvector centrality have been widely used
to rank protein importance. However, these approaches are inherently limited to
proteins present in the PPI network and suffer from the incomplete and biased na-
ture of current interactome data (Li et al., 2016). Recent efforts have attempted

to overcome these limitations by integrating multiple network types, including
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metabolic, regulatory, and signalling networks, to create more comprehensive cel-
lular network models (Kim et al., 2016). More recently, sequence-based models
have emerged alternatives that can predict gene essentiality across all genes with-
out requiring prior network knowledge (Hasan and Lonardi, 2020; Zhang et al.,
2020b). These deep learning approaches typically employ convolutional neural
networks or transformer architectures to extract features directly from DNA or
protein sequences (Kang et al., 2025). Despite these advances, sequence-based
methods are generally are tested on all genes, including significantly easier-to-
predict structural proteins, which means their performance on metabolic genes

may be significantly lower.

Prediction of metabolite production

Predicting the production of target compounds in metabolic engineering can ac-
celerate the design of optimized microbial strains (Long et al., 2015). Traditional
approaches often rely on GEMs to identify potential genetic modifications which
could improve product titer. However, there have been increased attempts to
apply machine learning (ML) strategies to predict beneficial gene deletions (Kim
et al., 2020). ML techniques can analyse large-scale -omics datasets to uncover
complex, non-linear relationships between genetic modifications and metabolic
outputs. For instance, supervised learning algorithms have been employed to
predict the efficacy of specific gene knockouts or overexpressions on product for-
mation, thereby guiding strain design decisions (Cheng et al., 2023; Lawson et
al., 2021). ML models can integrate diverse data types, such as transcriptomic,
proteomic, and metabolomic profiles. However, the primary challenge of ML
methods is how data-hungry they are; they typically require large, high-quality
datasets to accurately learn predictive patterns, and acquiring such comprehen-
sive experimental data in metabolic engineering contexts can be resource-intensive
and time-consuming. Some recent work has attempted to address this problem
by creating hybrid models that combine mechanistic insights from GEMs with
data-driven ML predictions (Zhang et al., 2020a). These models leverage the

strengths of both approaches, using ML to refine and inform the constraints and
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parameters within GEMs, leading to more reliable predictions of metabolic be-
haviour under genetic perturbations. However, currently there are no algorithms
capable of predicting the impact of metabolic gene deletions on non-metabolic

phenotypes from GEMs.

5.1.3 Flux balance analysis, optimality, and alternative meth-

ods

In Section 2.2.2, T introduced Flux Balance Analysis (FBA), a computational
method that predicts metabolic phenotypes by combining genome-scale metabolic
models (GEM) with an optimality principle (Orth et al., 2010). This technique
can model many metabolic tasks such as growth capabilities in various substrates
(Monk et al., 2017), cell-specific auxotrophies (Wang et al., 2018), or responses
to drug interventions (Kim et al., 2011). FBA operates under an optimality as-
sumption; that is, it uses linear optimization to find a set of fluxes that maximizes
an objective, usually a reaction in the GEM that represents the biomass accumu-
lation rate or growth rate. For organisms like wild-type E. coli, the assumption
that the organism does in fact attempt to maximize its growth rate and that that
growth rate can be specified in terms of other known metabolic reactions present
in the GEM is a relatively accurate one, and FBA achieves high predictive ac-
curacy (Bordbar et al., 2014). However, when FBA is applied to higher-order
organisms where the optimality objective is unknown, its performance drops (Lin
et al., 2025; Segre et al., 2002). For models of mammalian cells, including hu-
man cell lines (Agren et al., 2014; Swainston et al., 2016), what the optimality
objective would even be is quite unclear, and different cell types, for example,
are likely maximizing very different fitness metrics in the context of multicellular

tissues.

Furthermore, even a successful FBA run only generates a single point in the
flux cone. Additionally, FBA can only predict metabolic phenotypes encoded in
the genome-scale model. There are several alternatives to FBA including Flux

Variability Analysis (FVA) and Minimization of Metabolic Adjustment (MOMA).
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FVA extends FBA by calculating the possible range for each metabolic flux within
the constraints of the model, thereby identifying which fluxes are constrained and
which can vary over large ranges (Gudmundsson and Thiele, 2010). MOMA is
another alternative that predicts the metabolic state of a mutant organism by
assuming that, following a genetic perturbation, the organism’s metabolism will
adjust minimally from its wild-type state (Segre et al., 2002). MOMA employs
quadratic programming to find a flux distribution in the mutant that is closest
to the wild-type flux distribution while satisfying the new constraints imposed
by the mutation. This method has been shown to more accurately predict the
behaviour of perturbed metabolic networks, as demonstrated in studies where
MOMA'’s predictions correlated well with experimental data from E. coli mutants.
However, both MOMA and FVA have limitations. FVA only determines the
maximum and minimum possible flux values for each reaction rather than their
distribution. MOMA assumes that genetic mutants minimize their deviation
from a wild-type state, which may not always be an accurate assumption. These
limitations make it challenging to fully capture the range of possible metabolic
states and how they are distributed within the solution space. To address this,
flux sampling generates a distribution of feasible fluxes without relying on strict
optimization criteria or assumptions about mutants’ deviation from wild-type

optimality.

5.1.4 Flux sampling and genome scale models across the

kingdom of life

Flux sampling, an alternative to optimization-based techniques, was introduced
in Section 2.2.3. In this chapter, I sample several different GEMs from various
organisms of increasing complexity (see Figure 5.1). The number of genes and
reactions in a GEM varies based on both the complexity of the organism and
the quality of model curation. The programmatically generated SEED models
shown in Figure 2.4, for example, are smaller than the best manually curated

bacterial models (iIML1515 of E. coli), even for species with a larger number of
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Figure 5.1: Dimensionality of genome-scale models across species.

genes. More complex organisms like the yeast Saccharomyces cerevisiae (Yeast9)
and Chinese Hamster Ovary cells (iCHO2291) have much higher stoichiometric
nullities of over 1,000 dimensions (see Figure 2.4). These models are much slower
to sample due to their higher dimensionality. This computational cost becomes
increasingly substantial when many modified versions of a GEM must be sampled,
such as in the case of various mutant versions of an organism. I list the GEMs
sampled in this chapter in Table 5.1: Four E. coli models and the state-of-the-art
yeast and CHO models.

GEM Number of genes Number of reactions Stoichiometric nullity
iML1515 1516 2712 867
iJO1366 1367 2583 817
iAF1260 1261 2382 752
ijr904 904 1075 332
| Yeast9 | 1162 4130 1539 |
| iCHO2291 | 2291 6236 2390 |

Table 5.1: Summary of genome-scale metabolic models employed in this chapter.
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5.2 Predicting fitness from the shape of the flux
cone

In this section, I describe Flux Cone Learning, a versatile machine learning strat-
egy for predicting deletion phenotypes from the shape of the metabolic space.
Flux Cone Learning utilizes mechanistic information encoded in a genome-scale
metabolic model to produce a large corpus of training data for each deletion.
These data can then be paired with an experimental fitness readout for any phe-
notype of interest which correlates with metabolic changes and then employed

for training predictive models with supervised learning.

5.2.1 Learning the shape of the flux cone

Flux Cone Learning relies on the observation that the high-dimensional cone
formed by the set of all reactions in a genome-scale model (see Section 2.2.1)
has a shape that can be learned by machine learning algorithms. I hypothesized
that the shape differences between cones could be captured from random sam-
ples taken by a flux sampler. To test this hypothesis and check if such learned
representations could preserve biologically relevant structure in the data, I de-
cided to apply an unsupervised learning technique we developed in Cain et al.,
2024. 1 first sampled five metabolically diverse pathogens (Bordetella pertussis,
Pseudomonas aeruginosa, Helicobacter pylori, Mycobacterium tuberculosis, and
Streptococcus pneumoniae) from programatically generated GEMs to avoid con-
founders introduced by variations in model quality (Devoid et al., 2013). I then
trained a variational autoencoder (VAE) (Kingma, Welling, et al., 2019) based on
two fully-connected neural networks to compute low-dimensional representations
of each species cone, using a large set of Monte Carlo samples of the N = 494
metabolic reactions shared across the five species and removing species-specific
reactions. The final embedding dimension D = 8 was reached via 5 linearly de-
creasing (D = 494, D = 397, D = 300, D = 203, D = 107, D = 8) fully connected
layers and the VAE was trained with PyTorch for 100 epochs with default hy-

perparameters using the Adam optimizer; t-SNE embeddings were employed for
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Figure 5.2: Variational autoencoder compression of five bacterial pathogens. A varia-
tional autoencoder (VAE) was trained on the common N = 494 reactions shared across
all species. The final embedding dimension D =8 was reached via 5 linearly decreasing
(D =494, D = 397, D = 300, D = 203, D = 107, D = 8) fully connected layers and
the VAE was trained with PyTorch for 100 epochs with default hyperparameters using
the Adam optimizer; t-SNE embeddings were employed for 2-dimensional visualization.

2-dimensional visualization (see Figure 5.2). The embeddings capture the separa-
tion of metabolic spaces across species. While the learned representation displays
a small number of outliers, overall I found that all 5 pathogens retain distinct
clustering despite the VAE only being trained on non species-specific reactions.
This suggests that the cone geometry can be learned from Monte Carlo samples,
and offers a path toward the construction of metabolic foundation models across
many species and genomic perturbations.

However, these results are across five very different species distributed across
the tree of life. To better understand if lower-dimensional manifolds captured bio-
logically relevant information in a single species, I sampled the iML1515 genome-
scale model of E. coli N = 5000 times. The resulting data was normalized using
zero mean and unit variance. I performed PCA, a dimensionality reduction tech-

nique, to visualize the data (Mackiewicz and Ratajczak, 1993). The first two
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Figure 5.3: PCA representation of flux cone of wild type E. coli metabolism.

principal components, plotted on Figure 5.3, are the two directions where the

data varies the most.

In this analysis, the first two principal components (PCs) explained 5.5%
and 5.4% of the variance, respectively. To capture 95% of the total variance,
621 PCs were needed. Given the original feature set of R = 2712 reactions,
this represents a 77% reduction in dimensionality while preserving most of the
variance. Biomass reactions were excluded from the PCA (see Table 5.3), but
in Figure 5.3, I coloured the first two PCs by the value of the forward biomass
reaction. A clear trend emerges: high-growth samples cluster in the top right of
the plot, while low-growth samples (the majority) cluster in the bottom left. This
suggests that biologically relevant features like growth rate can be captured by a
relatively low-dimensional subset of the full reaction space, even when sampled

randomly from the flux cone.

These results support the core hypothesis of Flux Cone Learning: that the
structure of high-dimensional metabolic spaces can be effectively learned and
compressed into lower-dimensional representations while preserving biologically
meaningful signals. Across both inter-species and intra-species analyses, unsu-
pervised learning methods (VAEs and PCA) revealed consistent organization in

the sampled flux spaces, reflecting traits such as species and growth rate. The
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ability to extract this structure—even from random samples and in the absence
of species-specific features—demonstrates the robustness of cone geometry as a
foundation for data-driven exploration of metabolism. Having established that bi-
ologically relevant information is embedded within these learned representations,
I next explore how this structure can be leveraged for predictive tasks, including

supervised classification and regression across diverse metabolic phenotypes.

5.2.2 Framework for Flux Cone Learning

Flux Cone Learning utilizes sampling data generated with a random walk on a
deletion-specific genome-scale metabolic model (GEM). In a GEM, a gene deletion

is modelled by zeroing out the bounds on a reaction v;:
‘/imin S v; S V;max7 (51)

where (V™ Vmax) are flux bounds that can be used to model gene deletions
through a Gene-Protein-Reaction (GPR) map. Upon deletion of gene g;, the GPR
determines which flux bounds need to be zeroed out in the GEM, i.e. by setting
ymin — yymar — () Changing these bounds also changes the shape of the flux
cone. A single gene deletion can affect multiple reaction fluxes in the GEM, and
conversely, a single reaction may be influenced by the deletion of multiple genes.
Despite this complexity, gene deletions represent a relatively minor perturbation
to the flux cone compared to the substantial differences observed across species,
cell types (Cain et al., 2024), or growth media. Therefore, I anticipated that
detecting such subtle changes would be more challenging.

The steps of the pipeline are shown in Figure 5.4. First, a wild type GEM
is modified with a gene deletion by setting the corresponding reaction bounds
to zero. The high-dimensional flux cone of the deletion GEM is sampled us-
ing a random walk sampler; in my implementations I opted for OptGPSampler
(Megchelenbrink et al., 2014), a fast Monte Carlo method that aims to uniformly
sample the flux cone. The sampler first transforms the problem into a convex

optimization problem in logarithmic space using geometric programming, then
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Figure 5.4: Flux Cone Learning of metabolic deletion phenotypes.

employs a hit-and-run algorithm to sample the interior of the cone. The feature
matrix for model training has k x ¢ rows and n columns, where k is the num-
ber of gene deletions, ¢ is the number of flux samples per deletion cone, and n
is the number of reactions in the GEM. This approach leads to large datasets;
for example, in the case of the iML1515 model of Escherichia coli (Monk et al.,
2017), acquiring 100 Monte Carlo samples for the 2,712 reactions and every gene
deletion leads to a dataset over 3Gb in single-precision floating-point format.

A supervised machine learning model is then trained on the flux samples
alongside measured phenotypic fitness labels for each deletion; all samples in a
deletion cone get assigned the same label. FCL does not prescribe the choice of
machine learning model and can be applied to both regression and classification
tasks. The fitness score can be either discrete or continuous depending on the
fitness readout under study. The model predictions are made at level of flux
samples, i.e. the model is trained on single-sample flux vectors. Therefore, every
sample from each deletion GEM is assigned an individual predicted score, and the
distribution of these scores is finally averaged to obtain a gene-level prediction.
Flux Cone Learning can deliver high predictive accuracy because it is trained
to learn correlations between the geometry of the flux cone and the resulting
phenotype. This method improves the classification performance, in some cases
significantly, because it allows Flux Cone Learning to weigh samples across the
cone, including from regions especially perturbed by the deletion of interest. I
next provide a more precise methodological overview of the steps of Flux Cone

Learning, including the details necessary to reproduce all experiments in Sections

5.3, 5.4, and 5.5.



138 CHAPTER 5. DELETION PHENOTYPE PREDICTION

A. Generation of deletion-specific GEMs and flux sampling

I chose to use OptGPSampler for all sampling runs in this chapter; I ran the
sample function on all single-gene deletions in four Escherichia coli models, the
Yeast9 model for Saccharomyces cerevisiae, and the iCHO2291 model for Chinese
Hamster Ovary cells (see Table 5.1). For training supervised machine learning
models, sampling data were normalized to zero mean and unit variance. There
were a small number of deletions in each GEM where the sampling failed to
converge; these were not included in training or testing. A summary of the
GEMSs sampled is in Table 5.1 and details of sampling runs are found in Table
5.2. For example, in the Yeast9 model I sampled 1,159 single-gene deletions with
a step size of k =5,000 for a sampling density of N =124 samples/cone, leading
to a total of 143,716 samples with D =4,130 fluxes each (total data size 4.43GDb).
The resulting NPZ file with Float32 precision is 4.43Gb; compression is of limited

use here as the flux sampling data matrix is highly non-sparse.

GSM Sampled Total S Density Step size Subsampling || Size of
KOs per cone NPZ file
iML1515 | 1502 150313 101 100 50 3.06Gb
iJO1366 | 1318 163680 124 5000 1 3.17Gb
iAF1260 | 1214 150784 124 5000 1 2.69Gb
ijr904 | 866 107508 124 5000 1 0.89Gb
| Yeast9 [ 1121 143716 124 1 1 | 4.43Gb |
[ iCHO2291 | 2290 291028 127 1 1 | 13.53Gb ||

Table 5.2: Summary of model sampling details. All models were sampled with the
same step size, except iML1515 which employed a smaller step size to generate more
samples and the subsampled.

For all models except FEscherichia coli, I sampled with a high step size of
k =5,000. To ensure robust performance evaluations in the FEscherichia coli
iML1515 model (Figure 5.6), I retrained models many times using different train-
ing sets. For computational efficiency and due to large data sizes, after computing
an initial large set of samples, using a fine step size of £k = 100, I subsampled
the data 10 times to have the same number of samples per deletion (N =100

samples/cone). Three smaller E. coli models (1AF1260, iJO1366, iJR904) were
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employed for the comparison in Figure 5.11. In these models, deletion GEMs
were sampled with N =100 samples/cone and k£ =5,000. To equalize the amount
of training features between models, only the deletions present in all models
(D =864 reactions) were included in the training and test sets for the models
in Figure 5.11. The biomass reactions were removed to ensure the models were
learning from the true reaction fluxes, not the biomass reaction used to compute

FBA predictions (see Table 5.3).

GSM Biomass Reactions Removed [IDs]

- BIOMASS Ec iMLI515 core 75p37M [2669],

BIOMASS Ec iML1515 core 75p37M reverse 35685 [2670]

101366 BIOMASS Ec 1JO1366 core 53p95M [19],
BIOMASS Ec 1JO1366 core 53p95M reverse 5c¢8bl [14]

iAF1260 BIOMASS Ec_iAF1260 core 59p81M [926]

. BIOMASS Ecoli [269],

jro0a BIOMASS_ Fcoli_reverse bf7al [270]

Total 864
Common
Reactions

Table 5.3: Biomass reactions removed for E. coli models and their common reactions.

B. Annotation with experimental fitness labels

Flux sampling generates a large data set with the number of features equal to
the number of reactions and the number of data points equal to the number
of samples generated. However, training a supervised machine learning model
to predict phenotype requires phenotypic labels. I extracted these labels from
the literature; in particular experimental results from high-throughput deletion
screens. In Sections 5.1.2 and 5.1.2, I introduced the two prediction tasks for
FCL: gene essentiality classification and product production prediction. I will
discuss how I obtained the labels for each task in turn.

Gene essentiality is usually measured by the cell growth rate, with the thresh-
old for classification as essential or nonessential being set empirically (Monk et
al., 2017). In some cases, the raw growth rate is reported; in others the growth

rate relative to wild type. The gene essentiality labels for E. coli, S. cerevisiae



140 CHAPTER 5. DELETION PHENOTYPE PREDICTION

and CHO cells were obtained from the literature (Monk et al., 2017; Xiong et al.,
2021; Zhang et al., 2024). The yeast essentiality labels included non-metabolic
genes and were labelled with both gene and ORF labels. Gene names were stan-
dardized to their systematic names from the Saccharomyces Genome Database,
resulting in N = 1121 metabolic gene deletions labelled with essentiality data,
sampled, and included in the final dataset for model training. ORFs and gene
names were linked using a tool from Yeastract.

For the production task, I chose to focus on a large deletion screen of S. cere-
visiae mutants engineered to synthesize betaxanthin (Cachera et al., 2023a), a
tyrosine-derived pigment widely employed in the food sector. The screen mea-
sured betaxanthin autofluorescence readouts for NV = 811 yeast deletions averaged
across four cultures (see Figure 5.5. While one gene (YBRO011C) was also iden-
tified as essential in the essentiality dataset, I included it in my analysis as I
hypothesized this could be a conditionally essential deletion which can grow in
alternative strain and media conditions. The raw mean betaxanthin production
fluorescence values varied from 0.28 to 0.61. I normalized the average autofluo-
rescence for each deletion to have zero mean and unit variance. To simplify the
production prediction task, I binned the data into three classes. This class split
was determined qualitatively from the distribution of autofluorescence. In all case

studies, labels were highly class imbalanced, as shown in Table 5.4.

Task Class imbalance Class breakdown
E. coli essentiality 83/17 N=1252 non-essential, N=251 essential
Yeast essentiality 86/14 N=964 non-essential, N=157 essential
CHO essentiality 83/17 N=1898 non-essential, N=392 essential
Yeast production 17/67/16 N=138 low, N=545 medium, N=128 high

Table 5.4: Class imbalances for each task.

C. Supervised machine learning on fluxomic data

Next, a supervised machine learning model is trained on the flux samples along-
side measured phenotypic fitness labels for each deletion. Flux Cone Learning

does not prescribe the choice of machine learning model and can be applied to
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Figure 5.5: High-throughput deletion screening data of S. cerevisiae strains engineered
to produce betaxanthin (Cachera et al., 2023a).

both regression and classification tasks. I will discuss the exact details of the
model(s) trained for each task in the corresponding results sections. All models

were trained using the scikit-learn package in Python.

D. Knockout-level score aggregation

The final step of the Flux Cone Learning pipeline is the aggregation of scores
across samples into a single deletion-level label. The training procedure is done
sample-wise, with each training data point being a single sample vector of fluxes
taken at a single point in the cone. Many samples from the same flux cone
are passed into the machine learning model. However, at test time the same
call must be made for all samples taken from the same cone. I term this the
knockout-level call and compute it by averaging the prediction scores across all
samples from the same cone. If this average is above the predetermined threshold,
the knockout is classified as the positive class and vice versa. This knockout-level
score aggregation procedure improves the performance of Flux Cone Learning in
some tasks by making the knockout level call robust to outliers from nonperturbed

areas of the cone which could be misclassified.
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5.3 Accurate prediction of FE. coli essentiality

5.3.1 Benchmarking against FBA

I first tested FCL as a predictor of gene essentiality in Fscherichia coli. 1 chose
E. coli because it has the best curated GEM in the literature (iML1515, Monk et
al., 2017) which mitigates the impact of poor GEM quality on predictive perfor-
mance. In addition, FBA has a strong performance in wild-type E. coli because
its assumption of optimized growth is accurate to the bacterium. When tested
across different carbon sources, FBA delivers a maximal accuracy of 93.5% cor-
rectly predicted genes for E. coli growing aerobically in glucose with biomass

synthesis as the optimization objective (Monk et al., 2017).

Details of machine learning model

A random forest model classifier was trained using N =1,202 gene deletions (80%
training set) with ¢ = 100 samples/cone to be a binary classifier of gene essen-
tiality. The training set was stratified to maintain the class imbalance and the
biomass reaction was removed from training features to prevent the model from
learning the correlation between biomass and essentiality that supports FBA
predictions (see Table 5.3, Figure 5.3). This led to a training dataset with
N =120,285 samples with n =2,712 features (see Table 5.2). I chose a ran-
dom forest classifier as a suitable compromise between model flexibility, which
allows it to fit complex functions learned across the high-dimensional training set
and interpretability, as every decision tree can be extracted from the model and
its structure attributed to specific training features. I fixed the model hyperpa-
rameters to standard values: max_depth None and min_samples_split 2. The
random forest was retrained N =5 times with different test sets to confirm that
performance was not significantly affected by the composition of the training set.
The FBA baseline was obtained using the single_gene_deletion function in
the CobraPy package (Ebrahim et al., 2013) applied to all genes in the iML1515
model with default biomass objective function, aerobic conditions, and glucose

as carbon source. I chose 0.4 1/hr as the cutoff for FBA essentiality predictions.
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This was chosen to match the experimental growth rate cutoff employed by the
original iML1515 source (Monk et al., 2017), which is 50% of the wild-type growth
rate (predicted to be ~0.8 1/hr by FBA). The naive baseline was compared by
predicting all genes as non-essential (majority class). Once trained on the sample
level, the prediction score of all samples from a single deletion was averaged; if

this score was less than 0.5, the deletion was classified as essential.

Results of benchmarking

Test results in a random set of N =300 genes (20%) outperformed the FBA
predictions in accuracy, precision and recall, achieving an average 95% accuracy
for all test genes across training repeats (Figure 5.6). I used several different
metrics to evaluate the performance of FCL. In a class-imbalanced task such
as essentiality prediction, only using standard accuracy (the fraction of correct
predictions out of all test set samples) can hide significant discrepancies in class-
to-class prediction (Powers, 2020). I also computed the precision, recall, and
F1 score. I refer to nonessential genes as the positive class since they are the
majority. Thus, precision is the proportion of true nonessential predictions among
all deletions predicted as nonessential, while recall is the proportion of actual
nonessential genes that were correctly predicted. The F1 score is the harmonic
mean of precision and recall, which balances false negatives and false positives
(Sokolova and Lapalme, 2009). The difference between the three metrics can be
seen most clearly in the naive baseline case, which has an accuracy of 82% despite
incorrectly classifying all essential deletions as nonessential. 1 also plotted the
class-level accuracy scores in Figure 5.7. FCL achieved a 1% and 6% improvement
in classification of non-essential and essential genes, respectively, as compared to
FBA. As FBA is the gold standard for metabolic gene essentiality prediction, the
improvements FCL achieves result in the best known predictive performance for
gene essentiality in the literature.

I randomly selected a model to create the prediction score distributions in
Figure 5.8. The prediction scores for each sample in the test set cone (N = 100

samples per deletion) were plotted as a density histogram in one dimension. In-



144 CHAPTER 5. DELETION PHENOTYPE PREDICTION

10 I Naive N FCL FBA
0.9 1
o
Q
[&]
)
0.8 1
0.7 =
Accuracy Precision Recall F1

Figure 5.6: Flux Cone Learning (FCL) delivers best results for metabolic gene essen-
tiality prediction in F. coli, outperforming the current gold standard predictions from
Flux Balance Analysis (FBA). Error bars denote standard error computed across N = 5
training repeats using N = 10 training subsamples with ¢ = 100 samples/cone.
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Figure 5.7: Prediction accuracy for essential and non-essential genes in E. coli.
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spection of the distributions show that a small number of deletions get incor-
rectly classified as their prediction score distributions have a mean on the wrong
side of the thresholds. I examined several of these distributions in more detail
(bottom of Figure 5.8) and saw that some (b1812) had much higher variance in
their prediction scores than others (b2435), even if the deletion-level prediction
was correct. Incorrectly predicted knockouts fell into two categories: first were
knockouts (b1252) which had very low variance in prediction scores and a mean
score close to zero or one. These misclassifications are cases where the model is
“confidently” incorrect, likely due to GEM misspecifications. The other case are
knockouts (b2416, b2103) which had a much higher variance in the distribution
and have a mean close to 0.5. These deletions are more likely due to the knockout
having a smaller or larger than average perturbation to the flux cone, or due to a

flux sampling run that did not explore the perturbed areas of the cone sufficiently.

5.3.2 Feature importance and model explainability

I next trained N = 50 random forest classifiers on a consistent single subsample,
with random held-out test sets. The feature importance scores were extracted
from the Random Forest object. A feature importance score quantifies how much
each input feature contributes to the model’s predictions. The metric used is the
average decrease in Gini impurity when each feature is used to split data across
all trees in the forest. The input features to the random forest are the set of
all non-biomass reactions in iML1515; as a result, more important features are
reactions which have a higher impact on essentiality prediction. Interpretabil-
ity analysis of the 50 repeats revealed that as few as ~100 reactions can explain
model predictions (see top of Figure 5.9). There are 40 categories of reaction, but
the top 20 most important reactions contains only 5 categories, which are highly
enriched for transport and exchange reactions. The variance in feature impor-
tance is significantly different between different reactions; this could mean that
some reactions are consistently very important (copper exchange, for example)

while others are not required for good predictive accuracy.
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Figure 5.8: Top: Distribution of sample-level FCL prediction scores across 300 test
genes for one representative random forest model. The intensity of the colour correlates
with the number of samples in that bin.The red samples are ground truth essential;
the blue are nonessential. Bottom: Representative prediction score distributions for
correctly and incorrectly predicted genes.
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Figure 5.9: Top: reaction feature importance across all genes employed for training,
using the random forest feature importance scores. Bottom: Importance of top 20
features across 50 repeats; box plots show mean, IQR, and whiskers are all samples not
determined to be outliers.
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[ removed the biomass reaction from the training features to prevent FCL from
learning the exact objective function required for FBA. The feature importance
data shows that are other reactions strongly associated with essentiality such
as exchange reactions and the random forest model picks up these correlations.
However, the point of FCL is that it can predict the correlations between reac-
tion changes and a fitness label like essentiality without a manually constructed
objective function. The random forest model can learn that similar reactions to
those in the objective function are important. However, the feature importance
results in Figure 5.9 do not suggest this as there are several reactions with con-
sistently high feature importance to the RF which have substrates not present in

the biomass equation (e.g. THZPSN3).

5.3.3 Degrading model performance

To investigate which factors determine FCL performance, I first retrained the
model with less dense cone sampling and fewer gene deletions, both of which
reduce the size of the training set. The training set size was reduced in two
ways: first, by varying the train/test split, and second by decreasing the number
of samples per deletion cone in the training set. I performed experiments for
three deletion densities: 100 samples per deletion, 10 samples per deletion, and
1 sample per deletion. I used four test splits: 20% (the baseline), 80%, 95%, and
99%. These splits reduce the number of discrete deletions in the training set from
N=1212 to N=15 in the extreme case. The class stratification is preserved across
all splits. Sample-level accuracy was used as the comparison metric for all models.
I found that the models degraded to the naive baseline accuracy as the number
of discrete deletions in the training set was reduced, and degraded more quickly
for 1 sample/deletion models (see Figure 5.10). Models trained on as few as 10
samples/cone already matched the current state-of-the-art FBA accuracy. These
results indicate that denser or longer sampling runs can improve performance
but only to a point; even fairly limited training set sizes are sufficient to achieve

better than baseline accuracy.
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Figure 5.10: Performance of FCL with smaller and less dense training data; error bars
are standard error across 5 training repeats with different initializations.

5.3.4 Smaller GSMs of E. coli

I additionally retrained FCL with smaller and less complete GEMs for E. coli:
iAF1260, iJO1366, and iJR904. I trained N=5 random forests on all four E. coli
GEMs with different 20% class-stratified test sets (Figure 5.11). Two-sided pair-
wise t-tests were conducted between iML1515 and the other models with a signif-
icance level of p=0.05. I found that only the smallest GEM (iJR904) displayed a
statistically significant drop in performance when compared to the iML1515 accu-
racy (p=0.006). These results indicate that improving GEMs through additional
reactions and correcting structure via manual curation can improve predictive ac-
curacy. However, there is a limit to the accuracy benefits of adding more genes.
The two larger models iAF1260 and iJO1366 approach a similar number of reac-
tions and the stoichiometric nullity of iJO1366 is only 5.7% lower than iML1515
despite having over 10% fewer genes. Model curation improves FBA-only predic-
tions in a similar fashion to FCL; this is also likely due to further manual curation
of the GEM. 1JR904 (the smallest GEM) has 4% lower essentiality accuracy than
iAF1260 for genes in common between the two GEMS (Feist et al., 2007). How-
ever, FBA-only performance in smaller genome-scale models is lower than FCL -
in 1AF1260, for example, FBA achieves 92% accuracy compared to 94% accuracy
with FCL.
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Figure 5.11: Performance of FCL with earlier versions of the E. coli genome-scale
metabolic model. Test results were computed across N =848 genes shared by the four
models (King et al., 2016). Significance was determined at p < 0.05 with a one-sided
t-test; error bars are standard error across 5 training repeats.

5.3.5 Defining a metabolic distance metric

I next sought to exploit the excellent predictive performance of FCL to define
a distance metric between deletions and the wild type strain. To this end, I
retrained FCL on all E. coli gene deletions (N =1515 genes), and computed
the distribution of prediction scores for all flux samples in the wild type and each
deletion strain. I then queried the model with flux samples of the wild-type GEM
and each deletion cone (100 samples/cone), to produce distributions of prediction
scores for the WT and each deletion strain. I scored each strain with the Jensen-
Shannon divergence and Hellinger distance between the score distributions of each
deletion and the wild type. The Jensen-Shannon Divergence is a smoothed and
symmetrical version of the Kullback-Leibler divergence D(P||Q) defined between
two distributions P and Q:

JSD(P|Q) = 5D(PIM) + SD(Q|M), (2

where M = 3(P+ Q) is a mixture distribution between P and . The Kullback-

Leibler divergence is defined as:

MW@=ZHM%(

rzeX

P(x)
Q(m)) (53)
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Figure 5.12: Complete classifier sample scoring with Jensen-Shannon divergence and
Hellinger distance.

The Hellinger distance between two distributions P and @ is defined as:

k
1
H(P,Q) = —=| >_ (Vi = Va&)?, (5.4)
V2 i=1
and is bounded from 0 to 1, with higher values denoting larger differences be-
tween the distributions. Based on a one-sided t-test with p-value < 0.05, I found
statistically significant differences in score distribution of non-essential and es-

sential genes, which reinforces the conclusion that perturbations to the flux cone

are indicative of gene essentiality (see Figure 5.12).

5.4 High performance across more complex or-
ganisms

I tested FCL for essentiality prediction in Saccharomyces cerevisiae and Chi-
nese Hamster Ovary (CHO) cells, two more complex organisms with well-curated
GEMs and essentiality screens (Yeo et al., 2020; Zhang et al., 2024). These mod-

els have 52% and 130% more reactions than E. coli, respectively, leading to a
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higher dimensionality of the flux cone and more features for training (see Figure

5.1 and Table 5.1).

5.4.1 Yeast model training

The Yeast9.0.1 model was downloaded from https://github.com/SysBioChalmers/
yeast-GEM as a SBML XML file. The OptGPSampler from CobraPy was used
to sample all genes present in the model genes list. 3 genes were not possible
to sample due to repeated failures; these were excluded from further analysis.
1159 genes were sampled 100 times with a step size of 5000. For essentiality
prediction, a class-stratified 20% of deletions (192 non-essential; 31 essential)
was held out as a consistent test set. The remaining 80% of deletions (772 non-
essential; 126 essential) were split into 5-fold cross validation sets and a ran-
dom forest model was trained on each fold. The max_depth, n_estimators, and
min_samples_split hyperparameters were tuned using a grid search and the
model with the highest average cross validation accuracy was selected and the
confusion matrix and ROC curve computed for Figure 5.13. The best max_depth
value was 30, the best n_estimators value (the number of trees) was 300, and the
best min_samples_split (the minimum number of data points to split a leaf on
the random forest) value was 2. The minimum deletion-level accuracy was 87.5%,
the maximum was 90.3%. The test set results was computed by running the held-
out test set through all 5 fold models and averaging the deletion-level scores across
all models. The FBA baseline was computed using the single_gene_deletion
function in Cobrapy for all genes with glucose as the carbon source and the stan-
dard biomass reaction. AUROC metrics for FCL models were computed as an
average across folds & one standard deviation. The solid black line in Figure 5.13

is the FBA baseline predictions computed for all genes in the GEM.

5.4.2 Chinese Hamster Ovary model training

For the CHO case, models were trained on N =1,832 class-stratified gene deletions

with ¢ =127 samples/cone computed from a well-adopted genome-scale model


https://github.com/SysBioChalmers/yeast-GEM
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Figure 5.13: Reciever operating characteristic (ROC) curves of FCL model for Sac-
charomyces cerevisiae in 5-fold cross validation.

(Yeo et al., 2020). The large training set data size required training models across
4 CPU nodes of to load all training data into memory. Instead of a random forest,
I trained the more memory-efficient HistGradientBoosting classifier on a 5-fold
cross validation of the training set. A 20% test set was held out and not included
in the cross validation. The hyperparameters learning_rate, max_iter, and
max_depth parameters were tuned via grid search and the model with the highest
average cross validation accuracy was selected and the confusion matrix and ROC
curve computed for Figure 5.14. The learning_rate was varied between 0.01
and 0.2, the max_iter between 100 and 500, and the max_depth set to 5, 10, or
None. The best model had a learning_rate of 0.05, a max_iter of 100, and a
max_depth of None. The test set results were computed by running the held-out
test set through all 5 fold models and averaging the deletion-level scores across
all models. The confusion matrix was computed for a class threshold value of 0.5
for each fold and counts were averaged across all 5 folds. The FBA results were
computed using the single_gene_deletion function in Cobrapy for all deletions

and the default carbon source and objective function in the iCHO2291 model.

FCL achieved better receiver operating characteristic (ROC) performance
than FBA in both models (Figures 5.13 and 5.14), with improved sensitivity
and specificity (11.4% and 14.3% increase in AUROC, respectively). I found
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Figure 5.14: Receiver operating characteristic (ROC) curves of FCL model for Chinese
Hamster Ovary cells in 5-fold cross validation.

that FCL showed similar prediction errors as FBA, with a tendency to misclas-
sify some essential genes as non-essential, likely due to the class imbalance in
the training data (most genes are non-essential). Taken together, the improved
performance of FCL on E. coli, S. cerevisiae and CHO cells strongly suggests
that the optimality assumption of FBA is not required to predict metabolic gene

essentiality.

5.5 Expanding deletion prediction to non-metabolic
phenotypes

To explore the power of FCL for predicting other phenotypes, I focused on small
molecule biosynthesis in microbial strains engineered with heterologous pathways
(Han et al., 2023). Non-essential deletions can both suppress or boost metabolite
production; for example, deletions that disrupt enzymatic co-factor homeosta-
sis are deleterious for product synthesis, while other non-essential deletions can
re-direct metabolic flux away from non-essential pathways toward increased pro-
duction (Rancati et al., 2018). I selected a large deletion screen S. cerevisiae
mutants engineered to synthesize betaxanthin from the literature (Cachera et al.,

2023a). The average autofluorescence was (0,1) normalized (raw range 0.28, 0.61).
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Figure 5.15: Accuracy results for several FCL models with different algorithms for
multiclass classification of deletion strains.

I first framed the problem as a regression task, but this proved challenging with
the limited number of knockouts at the high and low ends of the autofluorescence
distribution. Recognizing that predicting high or low producers is a core task in
several applications, I chose to train a three-class classifier by binning the data
into three classes of high, medium, and low producers (see Figure 5.5). I set the
thresholds qualitatively to label 67% of samples as medium producers (within ~1

standard deviation from the mean).

I employed FCL to build a 3-class classifier that predicts betaxanthin synthe-
sis using Monte Carlo sampling of the deletion GEMs. Due to the imbalanced
data size across classes (17.1%, 67.2% and 15.7%, resp., see Table 5.4), I trialled
various model architectures in combination with re-balancing strategies (Figure
5.15). The following model types were trained: HistGradientBoostingClassifier,
Linear Support Vector Classifier, Logistic Regression Classifier, Random Forest
Classifier (Figure 5.16). I implemented two class balancing techniques to improve
the minority class performance: balancing, which weights the class labels to ac-
count for the class imbalance, and resampling, which subsamples the majority
class to be the same size as the minority classes. The best performing model
(random forest) delivered promising accuracy (69.8%). I observed a tendency to

underpredict the high-producing deletions due to these being underrepresented
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Figure 5.16: Ternary plots of model predictions on the test set for representative
models with varying predictive accuracy across the three classes. Vertices represents
class prediction with probability one (full confidence), whereas central points deletions
predicted to be equally likely to be any of the three classes. Each sample has been
colour coded according to their ground truth class labels.

in the training data, though high producer accuracy improvements between 5.5%

and 28.3% could be obtained via various class balancing techniques (see Table

5.5).

Model Name Baseline | Resampled| Balanced| Both Max % im-
provement

HistGradient Boost- | 11.4 13.6 14.1 14.6 28.3

ing Classifier

Linear SVC 23.8 24.0 27.2 26.8 27.2

Logistic Regression 23.3 26.2 29.5 28.9 14.2

Random Forest Clas- | 18.1 11.7 19.1 18.4 5.5

sifier

Table 5.5: Accuracy for high producer deletion yeast deletion strains for each class
balancing methods in Figure 5.15. Models were assessed across all genes in a held-out,
class-stratified 20% test set (N =649 deletions).

To the best of my knowledge, this is the first demonstration that small
molecule synthesis can be computationally predicted from deletion screening data,
and adds to the growing number of tools to predict metabolite production using
various data modalities and computational approaches Djoumbou-Feunang et al.,
2019; Schneider et al., 2020. Since FCL relies purely on the wild-type GEM and
experimental fitness readouts, it does not require extending the GEM with a het-
erologous pathway of interest, which can be beneficial in use cases where pathway

stoichiometry is not well characterized.
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5.6 Discussion

Advances in high-throughput genetic engineering and automated screening have
made it possible to conduct studies that were once infeasible, generating large
amounts of data. These quantities of data open an opportunity to utilize such
data for building predictors of the phenotypic response to genetic mutations, in-
cluding single-gene deletions. Recent work integrating learning algorithms with
genome-scale metabolic models has shown substantial promise for improved pre-
dictivity across various tasks (Faure et al., 2023; Gopalakrishnan et al., 2024; Lin
et al., 2025; Yang et al., 2019a). In this chapter, I presented Flux Cone Learning,
a general strategy to detect correlations between metabolic genotypes and pheno-
typic readouts. The method combines experimental fitness data with mechanistic
knowledge into a machine learning system able to draw phenotypic predictions for
a specific gene deletion. I applied Flux Cone Learning to two tasks: gene essen-
tiality prediction and betaxanthin production prediction, though the algorithm
can be applied to phenotypes created by many different fitness assays. Although
FCL is agnostic to the fitness score employed for training, its effectiveness is lim-
ited by the strength of correlations between metabolic activity and the phenotype
of interest. In the case of gene essentiality, for example, FCL works well because
deletions in pathways that supply key metabolites for growth can strongly im-
pact cell viability. Other phenotypes with weaker or no associations to metabolic

activity may require additional modalities of data for accurate prediction.

For the essentiality task, I demonstrated that FCL outperforms the state-
of-the-art FBA predictions of metabolic gene essentiality. One limitation of my
method is that it requires a training and test set split. In contrast, FBA is a zero-
shot predictor because it does not need to be trained on fitness data. Instead,
FBA uses a biological optimality assumption (see Section 5.1.3) to draw predic-
tions. For non-engineered microbes, maximal growth rate or biomass synthesis
rate are well validated metabolic objectives. However, for most organisms beyond
the microbial world as well as engineered organisms, such optimality assumptions

are not warranted and there is no consensus on how to define suitable metabolic
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objectives for higher-order organisms (Bordbar et al., 2014; Lin et al., 2025).

Various studies have developed computational and theoretical strategies to
account for the inherently multiobjective nature of metabolic optimality in bio-
logical systems. This complexity arises because organisms often need to balance
competing objectives—such as maximizing growth rate, minimizing energy ex-
penditure, and maintaining metabolic robustness—within the constraints of a
finite resource pool. Evolutionary pressures can shape phenotypes, even higher-
order morphological traits, to lie near low-dimensional trade-off surfaces, thereby
enabling the inference of underlying selective pressures from phenotypic data
(Shoval et al., 2012). Schuetz et al., 2012 applied this approach in microbes
using flux balance analysis (FBA) and C-13 flux data to demonstrate that no
single objective function universally describes cellular metabolism. Instead, cells
may operate at different points along a Pareto front, balancing tradeoffs between
multiple competing objectives. Other work has attempted to reverse-engineer
metabolic objectives from empirical -omics data. These methods seek to in-
fer what objective functions organisms are optimizing, rather than presupposing
them (Richelle et al., 2021; Zhao et al., 2016). Tradeoff analysis has been used to
understand how cells prioritize between conflicting metabolic goals, particularly
in pathological contexts (Hausser and Alon, 2020). Lin et al., 2025 introduced
novel inference techniques for extracting tradeoff strategies directly from single-
cell data, revealing the adaptive strategies cells employ to navigate metabolic

constraints under varying environmental pressures.

Yet even in cases where an objective can be identified, however, it is often only
one of multiple competing optimization principles. Furthermore, there is little
evidence that optimal objectives of the wild-type organism would be preserved
upon a gene deletion (Dekel and Alon, 2005; Leiby and Marx, 2014). Mutants
are likely to be subject to different evolutionary pressures that shift their genetic
programs away from the physiological objectives of the wild-type. By basing its
performance on flux sampling data rather than optimization, Flux Cone Learning
allows essentiality predictions in a much wider range of cell types than current

methods, including those with unknown optimality principles such as human cell
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types (Brunk et al., 2018) or the gut microbiome (Heinken et al., 2023).

The insight behind Flux Cone Learning is that it is possible to learn the shape
of the metabolic space through random sampling of genome-scale metabolic mod-
els. High-dimensional sampling remains a key challenge in statistical learning
(Hastie et al., 2009) because in high dimensions samples tend to be equidistant
and concentrate on the boundaries of the space (Wainwright, 2019). In tra-
ditional probabilistic inference problems, this boundary concentration property
renders many sampling-based techniques less useful, since reaching the interior of
the space can be difficult without extensive sampling. While expectation would
suggest that dense sampling is needed to accurately capture the cone geometry,
in my tests I consistently found that accurate FCL models could be trained from
shallow sampling with as few as 100 samples per deletion. I hypothesize that
this could be a case of the curse of dimensionality operating as a “blessing of
dimensionality”. Deletions change the boundaries of the cone by definition rather
than the interior. To capture these changes with a machine learning algorithm
only requires samples at the boundary, and therefore a relatively small number

of samples are sufficient for accurate prediction.

This observation is supported by preliminary work from Alperen Dalkiran, a
postdoctoral research associate in the Oyarztn lab, who trained deep learning
models—including feedforward and convolutional neural networks. These mod-
els did not yield improved performance, even when trained on larger datasets
containing more than ¢ =5,000 samples/cone. This is likely due to the fact
that such models are overparameterized to capture complex nonlinear relation-
ships, whereas flux samples in this context exhibit primarily linear correlations.
Dimensionality reduction using Principal Component Analysis (PCA) prior to
model training was also explored, but consistently resulted in reduced accuracy.
As with the neural networks, this outcome may stem from the removal of fea-
tures encoding subtle linear correlations between essentiality and cone shape, or
from the need for a high-dimensional representation to effectively capture these

relationships.

Recent advances in large language and vision models have demonstrated that



160 CHAPTER 5. DELETION PHENOTYPE PREDICTION

training on extremely large datasets enables broad task generalization (Bom-
masani et al., 2021). This approach has been extended to molecular biology,
where foundation models trained on DNA sequence data have been applied to
a variety of genomic tasks (Si et al., 2024). These models typically operate by
learning lower-dimensional embeddings of sequence data, which are then used to
generate novel sequences or evaluate the functional consequences of specific mu-
tations (Dalla-Torre et al., 2024; Nguyen et al., 2024). The performance of FCL
indicates that similarly informative representations of metabolic function can be
derived from Monte Carlo sampling of genome-scale metabolic models. With suf-
ficiently large-scale sampling across diverse species, growth conditions, and gene
deletion genotypes, future work could enable the development of metabolic foun-
dation models capable of generalizing across taxonomic domains and a range of
fitness scores with minimal fine-tuning. Such efforts would expand the scope of
biological foundation models to encompass a broader range of data modalities

than is currently achievable (Brixi et al., 2025; Cui et al., 2024).

Sequence-based prediction represent an alternate approach to predicting gene
essentiality, which until recently had achieved limited success and low accuracy
rates compared to FBA (Aromolaran et al., 2021). However, Kang et al., 2024
recently tuned a pretrained protein language model to predict human protein
essentiality. While they achieve very high ROC scores in human and mouse pro-
teins, they do not restrict their analysis to metabolic proteins only, which are
often harder to predict than core structural components of the cell such as mem-
brane proteins. The performance of these models may well continue to improve
as protein language models such as evolutionary-scale predictions improve (Lin et
al., 2023); however, their combination with multimodal forms of data and mech-
anistic models is likely to provide further information for the machine learning
algorithm. Combining various data modalities and incorporating non-sequence
data remains a challenge, but recent work has combined protein interaction net-
works and single-cell -omics data to improve prediction of gene networks (Afshar
et al., 2023). Overall, Flux Cone Learning represents an important first step

towards predicting not just essentiality but other metabolic and non-metabolic
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phenotypes. I expect that Flux Cone Learning will open new routes for com-
putational prediction of many cellular fitness metrics, with applications in basic

discovery, biotechnology and future therapies.

5.7 Limitations and future work

While Flux Cone Learning achieves state-of-the-art prediction in essentiality tasks
across species, it has known limitations and areas for future improvement. First,
the method can only predict metabolic gene phenotypes; the deleted genes must
be present in the genome-scale metabolic model. Furthermore, deletions that do
not perturb the flux cone enough for the sampler to detect can be difficult to
predict. The method does not achieve 100% accuracy, which could be due to a
variety of factors including inaccurate genome-scale model curation or insufficient
sampling. Another limitation of the model is its need for training data. Improve-
ments in the future could reduce the size of the training set needed or even train
low-shot predictors based on generalization across multiple species.

An area of the pipeline where substantial improvements could be implemented
is the sampling step. There are several alternatives to OptGPSampler and im-
provements that could reduce the total time needed to sample all deletion flux
cones. For context, the time needed to sample the CHO flux cone exceeded 3 min-
utes per deletion, which was not possible without significant parallelization on an
external server. One option would be to sample the wild-type flux cone deeply
(N = 5000 samples per cone or more) and then use these samples to warm-start
each deletion. It is relatively quick to check if a specific flux vector satisfies the
constraints of a deletion GEM, after which feasible samples can be included in the
training dataset as present in the cones of that deletion. An alternative would be
to use an improved flux sampler of which there are several (Fallahi et al., 2020).

A different family of samplers are based on geometric programming, which use
the Billiard Walk algorithm. Unlike traditional Hit-and-Run algorithms, which
select random directions and step sizes to generate sample points, Billiard Walk

simulates the trajectory of a particle reflecting off the polytope’s boundaries, akin
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to a billiard ball’s motion (Polyak and Gryazina, 2014). Billiard walk can in some
cases converge much faster than Hit-and-Run algorithms, which can shorten the
computational time required to sample each deletion (Chalkis and Fisikopoulos,
2020). Recent work has developed a Multiphase Monte Carlo Sampler (MMCS)
that combines flux cone rounding and sampling into a single pass based on the
Billiard Walk (Chalkis et al., 2020). This algorithm brings into reach uniform
sampling of human genome-scale models such as Recon3D, which expands the

applications possible for Flux Cone Learning.

Another option to improve the performance of FCL is to oversample minority
class deletions to balance the distribution of the training set. Because the training
set for FCL is generated on-demand from a mechanistic model, more samples
can be generated from knockouts that are more challenging to predict, either
because they are in the minority class (essential knockouts and high producers
of betaxanthin, for example) or because they are less perturbed and therefore
differences in the cone are less identifiable. This oversampling could be done
either based on the ground truth label (oversampling minority classes) or as
part of an active learning loop where knockouts with consistent incorrect calls
during training receive further sampling to improve the machine learning model

iteratively (Liu et al., 2022).

In addition to essentiality, Flux Cone Learning can be applied to the predic-
tion of other deletion phenotypes. These phenotypes do not need to be based
on elements present in the genome-scale model, or indeed even be metabolic in
scope. I introduced a first known model for prediction small molecule product
prediction from a genome-scale model in this chapter. Betaxanthin, the chemi-
cal I chose to predict, is produced by an engineered pathway not present in the
genome-scale Yeast9 model; however, I still achieved above-baseline results for
high producer accuracy and other metrics (see Section 5.5). Future work could
employ FCL to predict single-cell metabolic capabilities, providing insight into
metabolic heterogeneity across individual cells and enabling more precise iden-
tification of cell-specific metabolic pathways and vulnerabilities (Gustafsson et

al., 2023). FCL could also accelerate the discovery of synthetic lethal genes for
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cancer therapies (Srivatsa et al., 2022). Synthetic lethal genes are deletions that
individually have minimal impact but become lethal in combination with vari-
ous chemotherapeutics (Kaelin Jr, 2005). Furthermore, FCL might facilitate the
identification of gain-of-function deletions (mutations that confer advantageous
metabolic traits), thus enabling targeted metabolic engineering strategies aimed
at optimizing microbial production systems or adapting cells to specific environ-
mental stresses (Ye et al., 2022). Additional high-throughput screens published
during the preparation of this thesis could provide further case studies to demon-
strate FCL’s efficacy in metabolic engineering applications (Fang et al., 2025).
Even outside of gene deletions, there are perturbations to the flux cone caused by
changes in environmental conditions, exchange fluxes, or larger mutations that
could be captured by my pipeline of flux sampling followed by machine learn-
ing. Future work could expand FCL to predict the effects of various medium

conditions based on large metabolomic screens (Albornoz et al., 2024).

5.8 Conclusion

In this chapter, I introduced Flux Cone Learning (FCL), a novel strategy for
the prediction of gene deletion phenotype from the shape of a high-dimensional
metabolic flux cone generated by sampling from a genome-scale metabolic model.
I first introduced the challenges to sampling high-dimensional spaces and the scale
of the problem faced when sampling even relatively simple organisms. Following
this introduction, I introduced recent advances in high-throughput genome-wide
knockout deletion studies, which have enabled significant advances in machine
learning. I next give background on the problem of predicting mutational ef-
fects, specifically essentiality and product production for metabolic engineering
applications. I then walk through the Flux Cone Learning pipeline, giving fur-
ther methodological detail on each step. I present state-of-the-art results in £.
coli essentiality prediction in the best-curated GEM, iML1515. I explore this
result further by reducing the training set size in two ways: the number of sam-

ples per cone and the number of discrete knockouts in the training set. I show
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that model performance degrades to the naive baseline as the training set gets
smaller and less dense. The prediction accuracy of FCL also drops in smaller, less
curated models of E. coli. 1 finally show that by two metrics of divergence, essen-
tial and nonessential knockouts are significantly different. I next apply FCL to
essentiality prediction in yeast and CHO cells, achieving state-of-the-art perfor-
mance in these applications as well. Finally, I use FCL to classify high producer
knockouts for betaxanthin production, presenting the first-of-its kind model for
production prediction. I expect that Flux Cone Learning will open new routes
for computational prediction of many cellular phenotypes, with applications in

basic discovery, biotechnology and future therapies.



Chapter 6

Outlook and future perspectives

Biological systems are inherently complex, characterized by non-linear dynamics
and multi-scale interactions. This complexity presents challenges for both tra-
ditional simulation approaches and purely data-driven machine learning (ML)
models. In this thesis, I presented three different approaches to combining ma-
chine learning and mechanistic modelling: the use of machine learning tools to
optimize mechanistic models (as in Chapter 3), the replacement of mechanistic
models with machine learning surrogates (Chapter 4), and the improvement of
model predictions with machine learning (Chapter 5). In this chapter, I summa-
rize each of the results chapters in turn and extrapolate to the broader field, in-
cluding examples of previous methods from literature that apply machine learning
in a similar manner. I discuss some general challenges to the widespread adoption
of hybrid modelling methods and end with a discussion of future directions for
the field. For conciseness, I do not discuss details of specific machine learning
or mechanistic models presented in previous literature, as this is an extensive
subject beyond the scope of this chapter. Parts of this chapter are adapted from
my paper published in Biochemical Society Transactions entitled “Applications
of artificial intelligence and machine learning in dynamic pathway engineering".
For a primer on Al and machine learning for biological applications, I refer the

reader to the excellent review by Greener and colleagues (Greener et al., 2022).
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6.1 Machine learning to optimize mechanistic mod-

els

The design and optimization of mechanistic models which match observed macro-
level behaviour is a core problem in systems biology. Selecting and designing
mechanistic models often requires significant expertise and fine-tuning. Machine
learning methods offer one alternative. Chapter 3 describes a Bayesian opti-
mization method for the optimization of genetic control circuits in engineered
metabolic pathways. [ applied Hyperopt, a package previously used to select
hyperparameters in deep neural networks, to rapidly and robustly find ordinary
differential equation (ODE) models which maximize product production while
minimizing cellular costs. Engineered pathways exert metabolic and genetic bur-
dens on the host cell when producing a desired product, which can lead to slow
growth and other deleterious effects. As a result, dynamic control circuits have
been built which respond to intracellular conditions by regulating an engineered
pathway via transcription factor-mediated feedback loops. However, designing
these circuits without computational optimization is challenging due to their
large design space, multiple timescales, non-linearities, and the need to select
both a discrete control architecture and a set of continuous dose-response pa-
rameters which determine the strength and response curve of the feedback loops.
Previous work used random and exhaustive search as well as genetic algorithms.
Bayesian optimization iteratively selects a candidate circuit, computes the value
of a user-defined objective function, updates a nonparametric model of the objec-
tive function space based on the samples seen so far, and selects the next sample

balancing exploration and exploitation.

My work explored various objective functions in a model of free fatty acid
(FFA) production, specifically including objectives which incorporate the nonlin-
ear dynamics present in a multiscale model which includes both fast metabolic
reactions and slower gene expression dynamics. I discovered a trade-off between
product rise time and overshoot where different areas of the optimality curve

are occupied by different control architectures (Figure 3.13), indicating that cir-
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cuit designers must balance several competing objectives when selecting which
architecture is globally optimal for a certain task. A core benefit of Bayesian
optimization is that it can easily be applied to relatively large systems (such as
the p-aminostyrene model, which has 27 architectures, see Figure 3.14) and still
converge in minutes. This flexibility makes it applicable to a wide variety of

circuit design problems in metabolic engineering.

In parallel with Bayesian approaches, machine learning methods have increas-
ingly been applied to accelerate and improve the design of gene circuits. Gradient
descent algorithms, for instance, have enabled efficient parameter optimization in
ODE-based models of gene circuits, supporting both rapid exploration and real-
time tuning (Hiscock, 2019). Beyond parameter fitting, machine learning can
assist in model discrimination, selection, and generation. Techniques such as
Bayesian inference and Gaussian processes have been successfully used to infer
model parameters and identify suitable dynamical system models (Devoid et al.,

2013; Jarvenpéad et al., 2018; Toni et al., 2009).

Alternatively, model reduction approaches that generate smaller dynamic
models which accurately represent overall system behaviour in fewer equations
often use projection approaches similar to principal component analysis (PCA)
(Benner et al., 2015). For example, ML models can also be trained on a set
of candidate ODE models to reduce mechanistic model dimensionality and com-
plexity (Brunton et al., 2016; Regazzoni et al., 2019). In many cases, the com-
putational costs of simulating a mechanistic model many times to optimize it
remains a bottleneck. In these cases, surrogate machine learning models which
replace the mechanistic model entirely offer a practical and efficient alternative
for navigating high-dimensional design spaces. In (Pfrommer et al., 2018), circuit
optimization was sped up by training a neural network surrogate model on results
from a finite element mechanistic model, then querying that model during the
optimization process. The machine learning model was able to interpolate the

high-dimensional design space and navigate towards the optimal bioprocess.
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6.2 Replacing a mechanistic model with a ma-

chine learning surrogate

As our understanding of biological systems has grown in scope and detail, so
have the mathematical models constructed to emulate their dynamics. While the
predictive performance of these larger models can encompass a wider range of
biological phenomena, their size and non-linearities make them intractable an-
alytically and require slow numerical simulation methods (Wang et al., 2019).
Problems that require many thousands of model simulations, such as parameter
selection, sensitivity analysis, or iterative model design, are particularly chal-
lenging. In Chapter 4, running FBA thousands of times in the simulator loop
quickly became computationally infeasible. The goal of the novel simulator was
to combine ODE models of heterologous pathways with genome-scale models of
native metabolism. The complex and nonlinear interactions between host and
pathway are often neglected in ODE-only or GEM-only modelling frameworks.
For example, growth rates are assumed to be constant in many ODE models
including those considered in Chapter 3, whereas GEMs assume all reactions in
metabolism to be at steady state. I built a simulator loop which iteratively passes
information between a GEM and an ODE. Once initial concentrations for native
metabolites contained in the ODE are established via a Bayesian warmup rou-
tine, the loop begins by integrating the ODE for 1 second of simulation time.
After each timepoint, the pathway fluxes generated by the ODE constrain the
next FBA optimization, which produces a growth rate and boundary influxes to

the pathway from native metabolism.

However, after discovering that the FBA optimization comprised 90% of the
simulation runtime and rendered long simulations intractable, I decided to replace
it with a machine learning surrogate model. Surrogate models aim to completely
replace computationally costly mechanistic model simulations with a machine
learning model which regresses the desired inputs and outputs (Gherman et al.,
2023). Mechanistic models can be simulated enough times to generate a large set

of training data. While model training can take significant resources, the abil-
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ity to parallelize many models across GPUs and the constant test-time inference
costs make up for the upfront time sink (Cozad et al., 2014). My surrogate mod-
els included logistic regression to classify the feasibility of the FBA task, linear
regression to predict growth rate, and a deep neural network to predict boundary
fluxes. Even when accounting for total training time, the ML surrogate approach
achieved a several orders of magnitude speed-up on the simulation process and

enabled large-scale parameter sampling experiments.

The simulator was applied to two case study pathways already implemented
experimentally in the literature. One pathway produces glucaric acid and branches
from central carbon metabolism, which leads to a direct dependence on growth
and a sustained drop in the predicted growth rate. The other produces beta-
carotene and impacts growth not directly through a precursor reaction present in
the FBA objective function but rather through depletion of native metabolites
which indirectly slows biomass-linked metabolism. I validated the results of the
simulator by comparing to previous results across different carbon sources and
then applied Bayesian optimization and random sampling to explore the dynamic
control circuit design space, finding trade-offs between production and burden in
both pathways. The scale of the experimentation in Section 4.3.2 would not have

been possible without the surrogate machine learning models.

Surrogate models have been built previously for ODE, PDE, and constraint-
based systems, although many of the recently developed methods have not yet
been applied to metabolic engineering (Gilpin et al., 2020). For example, a work
trained machine learning models on proteomic and metabolomic timeseries data
(Costello and Garcia Martin, 2018). However, traditional supervised ML models
are data-hungry and not optimized to learn physical dynamics. Newer meth-
ods seek to enforce mechanistic model structure which reflects domain knowledge
and constrain the model search space using ODEs to represent underlying system
dynamics. These methods can reduce the amount of data needed to train learn-
ing models. Physics-informed neural networks (PINNs) and their biologically-
informed extensions (BINNs), use general forms of known ODEs where individual

terms are replaced by an ANN trained on sparse experimental data (Lagergren et
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al., 2020; Raissi et al., 2019). Universal Differential Equations similarly use neural
networks to represent terms in an ODE (Rackauckas et al., 2020). The structure
and domain knowledge encoded by the ODE allows for more data-efficient re-
construction of system dynamics. Alternate approaches to solve similar problems
include ODENet, a deep neural network which uses numerical ODE integration as
a forward pass and traditional neural network backpropagation, and a Gaussian
process approach which directly incorporates ODE dynamics into the method
kernel (Hu et al., 2022; Raissi and Karniadakis, 2018). As an example of an
application to biology, an LSTM neural network surrogate was trained to pre-
dict spatial patterns in E. coli programmed with synthetic gene circuits. This
surrogate achieved a 30,000-fold speed-up, enabling the screening of parameter
sets that would have taken thousands of years to simulate using the original PDE

model (Wang et al., 2019).

Unlike ODEs, traditional fully-connected neural networks do not incorporate
an inherent sense of time. There are several ways to work around this limitation.
Models can be trained on only equilibrium or steady-state conditions, though this
prevents learning of time-dependent system dynamics. Other machine learning
techniques take entire time trajectories as learning inputs, such as recent work
learning to predict proteomics trajectories from previous timesteps (Costello and
Garcia Martin, 2018). Alternate approaches include recurrent neural networks,
which keep track of a current system state and update it iteratively with each
time step. Finally, the layers of a deep neural network can be conceptualized as
different time points. Once trained, propagating a signal forward through the

network gives a time trajectory of system dynamics (Gilpin et al., 2020).
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6.3 Improving predictive accuracy using ML mod-
els trained on mechanistic and experimental

data

For many problems, replacement of an entire mechanistic model is not necessary
and additional labels from experiments are available. In these case, supervised
machine learning models can be applied to both improve a mechanistic model
and to improve the predictions generated from said model. Flux Cone Learning,
the strategy I introduced in Chapter 5, applies machine learning to fluxomic data
generated from large-scale flux sampling of genome-scale models to several biolog-
ically relevant prediction tasks, including gene essentiality prediction and classify-
ing high producers of relevant chemicals. Flux Cone Learning relies on the insight
that gene deletions affect the shape of the high-dimensional flux cone defined by
a genome-scale model. These changes in shape can be detected by machine learn-
ing models, which are extremely good at detecting patterns across thousands of
features and hundreds of thousands of data points. Genome-scale models can be
modified to knock out genes by adjusting the constraints on reactions catalyzed
by a gene’s product enzyme. Monte Carlo flux sampling algorithms then perform
random walks across the flux cone, converging to a uniform distribution and gen-
erating hundreds to thousands of samples per gene deletion. These samples are
then paired with high-throughput experimental data from genome-wide screens
of deletions paired with a fitness phenotype. The two phenotypes I considered
were gene essentiality, which describes whether a cell lives or dies following a gene
deletion, and betaxanthin production for metabolic engineering applications. A
supervised machine learning algorithm takes the fluxomic data and fitness phe-
notypes as training data pairs. The models are trained on single samples from
the flux cone; to improve the deletion-level accuracy, all samples from a single
knockout are averaged via their model prediction score, which helps downweight
samples from noninformative parts of the cone. Flux Cone Learning achieves

state-of-the-art accuracy on gene essentiality prediction in E. coli, S. cerevisiae,
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and Chinese Hamster Ovary cells. While FBA works well in E. coli as a zero-shot
predictor of gene essentiality based on the biomass objective function, it assumes
cells optimize a defined objective, which in higher organisms is often unknown
or untrue. Flux Cone Learning does not rely on such an objective and does not
require the predicted variable to be present in the metabolic model; as a result,
it can be applied to a wider range of contexts and phenotypes. I presented a first
demonstration of small molecule synthesis prediction for betaxanthin, a pigment,
in S. cerevisiae. To simplify the machine learning task, I converted the task from
regression to three-way classification. Betaxanthin autofluorescence data from a
high-throughput screen was binned into high, medium, and low producers (ap-
proximately 15/60/15 split) and a suite of models were trained to predict each
class. I applied several class balancing techniques to improve high producer ac-
curacy, as in a real-world application this accuracy is most relevant to metabolic
engineers. Often, the key to significant improvements in prediction accuracy is
framing the problem as one that is most tractable to machine learning algorithms.
In Flux Cone Learning, that included performing a second deletion-level aggre-
gation step following the machine learning model to allow it to be trained on
sample-level feature vectors and reframing the betaxanthin prediction problem

from a regression to a classification task.

Machine learning has also been employed to estimate ordinary differential
equation (ODE) parameters and quantify their associated uncertainties (Presnell
and Alper, 2019). For example, the iSCHRUNK toolbox uses decision tree models
to characterize uncertainty distributions over kinetic parameters (Andreozzi et al.,
2016), while Bayesian approaches have been applied to the same task, offering
probabilistic interpretations and robustness to limited data (St. John et al., 2019;
Vega-Ramon et al., 2021). In cases where experimental data on enzyme kinetics is
scarce, machine learning models can be used to infer missing values. Heckmann et
al., 2018 used random forests to predict enzyme turnover numbers from structural
and biochemical features. Similarly, in my work, I employed a deep learning
model trained on the BRENDA database to estimate missing kinetic parameters

for a beta-carotene production model, allowing for more accurate simulations and
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predictions.

Beyond parameter estimation, machine learning can facilitate iterative model
refinement through active and reinforcement learning. These approaches integrate
feedback between experimental results, mechanistic modelling, and algorithmic
predictions, enabling multiple design cycles with improved efficiency (Faulon and
Faure, 2021). Once implemented, such frameworks can reduce the number of
required experiments while enhancing model accuracy, even in data-limited con-
texts (HamediRad et al., 2019; Wang et al., 2020a). While active learning has
been successfully demonstrated in protein and pathway design (Lu et al., 2022;
Xiao et al., 2015), further proof-of-concept studies are needed to fully realize its

potential in metabolic engineering.

6.4 Challenges and drawbacks

While this thesis proposes several approaches to apply machine learning to mech-
anistic modelling, substantial challenges to the widespread integration of the two
paradigms remain. In this section, I will discuss downsides to the approaches
presented in this thesis, including data availability, noise, data formatting, and
explainability.

One of the consistent challenges to applying machine learning to biological
problems is data availability. Unlike language or vision models, which can be
trained on a large amount of data already present and easily accessible in the
world (internet posts, Google images, YouTube videos, etc.), biological problems
require data which is only obtainable through costly laboratory experiments,
clinical trials, patient records, or peer-reviewed scientific literature. Aside from
the privacy and ethical implications of using human biomedical data, which is
outside the scope of this thesis, the curation and management of these large
multimodal datasets requires computational resources, time, and often expert
labelling.

An inherent drawback of supervised machine learning methods is that most

require a training set to fit the model parameters. In contrast, mechanistic meth-
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ods such as FBA are zero-shot predictors once the model is built. Commonly, the
training set must be a majority of the total data available (often upwards of 75%)
to achieve good generalization to novel data. Once trained, the machine learning
model can be applied to new data quickly and easily, but many problems do not
have the scale of data required to train a ML model in the first place. One of the
ways I circumvented this problem in my thesis was the use of mechanistic models
as generators of synthetic data. In cases where a limited amount of experimental
data is available in addition to a mechanistic model, synthetic data generated
from the mechanistic model can prime models to generalize within reasonable
biological limits.

Finally, mechanistic models are written in human-readable equations gener-
ally composed of terms which represent physical processes. These equations are
often complex and highly nonlinear, but their components can be characterized
and understood (for example, the Michaelis-Menten equation as a component of
substrate dynamics). Experts can make modifications to the equations based on
hypotheses, which can then be validated or disproven with experimental data
showing the downstream dynamics. Furthermore, the parameters of the equa-
tions are often directly measurable, as in the case of the cellular concentrations
of metabolites or the kinetic parameters of enzymes. In contrast, machine learn-
ing methods are often considered “black boxes”; that is, the causal links between
their input data and output predictions are not clear. Neural networks can be
thought of as very flexible function approximators which can map data from one
dimension to another; however, the functions and their weights learned from the
training data are not interpretable to humans. While significant work has been

done to improve the black box nature of ML models, it fundamentally remains.

6.5 Expected trajectory of the field

As the current literature shows, machine learning methods have so far been ap-
plied to a wide variety of tasks in systems biology, all of which can require

different input data modalities, model architectures and strategies for perfor-
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mance evaluation. Although this flexibility endows designers with a wide range
of powerful algorithms, it comes at the cost of large datasets available for model
training. Progress in laboratory automation and high-throughput screening are
paving the way to a data-rich approach for biological design. The development
of biofoundries across the globe (Hillson et al., 2019) together with progress in
self-driving laboratories (Martin et al., 2023) offer exciting opportunities for large-
scale data acquisition, which can pave the way for the systematic integration of
Al and machine learning into pathway design pipelines. The interface between
machine learning and metabolism is a relatively new and evolving field, with
much of the recent work is still at a proof-of-concept stage. Future efforts will
likely place an increasing focus on more user-friendly software tools that can bring
this technology into the hands of wet lab practitioners, much like in other areas
that enjoy a growing number of bespoke software packages aimed at end users
(Chen et al., 2019; Hérisson et al., 2022; Nielsen et al., 2016). One area of par-
ticular interest is the use of active learning for pathway design. Active learning
is a machine learning paradigm where the model selects the most informative
designs to implement, thereby reducing the number of experiments required to
explore the design space effectively. Several software packages such as BioAu-
tomata (HamediRad et al., 2019), ART (Radivojevi¢ et al., 2020), ActiveOpt
(Kumar et al., 2021), and METIS (Pandi et al., 2022) have implemented active
learning pipelines for the design of static production pathways. In the case of dy-
namic pathways, however there is a pressing lack of comprehensive computational
tools that support end-to-end system design. Given the complexity and number
of designable components of dynamic pathways, the application of active learning
tools could lead to important efficiency gains in implementation and prototyp-
ing. With the growing number of applications of machine learning in dynamic
pathway engineering and the continued efforts to develop comprehensive software
packages, I expect significant advancements in this area in the coming years that

will support the wider adoption of AI and machine learning in strain design.
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Appendix A

Specification of p-aminostyrene

model

The p-aminostryene synthesis model is the largest and most complex pathway
under study. It includes two metabolites which can act on transcription factors:
p-ACA and p-AF. There are a large number of possible architectures possible
for this model (27 excluding positive feedback loops). As a result, we do not
explicitly name the architectures. The p-aminostyrene pathway is based on one
studied in (Stevens and Carothers, 2015). There are 7 pathway metabolites,
3 DNA promoter elements, 5 mRNA transcripts, 4 unfolded enzymes, 5 folded
enzymes, and a folded and unfolded efflux pump protein described in the mass
balance equations. We modified the Stevens model to simplify the multiple ex-

plicit equations describing aRED aptamer folding into a single sigmoid similar to
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those in Equation 3.4. The metabolite mass balance equations are

w = Vihorismate™ — f(papA, chorismate) — § - chorismate,

dpAl

Izi—t = f(papA, chorismate) — f(papB, pAl) — ¢ - pAl,
dpA2

;= /(papB, pAl) — f(papC, pA2) — 4 - pA2,
dpA3 .

e f(papC, pA2) — f(deaminase, pA3) — § - pA3, (A1)
dpAF

pd—t — f(deaminase, pA3) — f(LAAO, pAF) — § - pAF — L,

dpACA

Pdtc — F(LAAO, PAF) — f(Pemus, pPACA) — 6 - pACA,
dpAS

IZl—t = (Pemuxa pACA)

Here, the constant L is the rate of loss of p-AF through the leaky cellular
membrane, and Viorsmate 1S a constant parameter defined in Table A.3. The
constant 7 is the toxicity factor which scales concentrations to account for inter-
mediate metabolite toxicity. The constant ¢ is the dilution rate due to cellular

growth. The function f is a variation on the Michaelis-Menten equation:

T
_ Na Voleent
f(eu .CL’) - kcatek + ch T,
m ' Na+Voleen

where: (A.2)
e € {papA, papB, papC, deaminase, LAAO, P},

x € {chorismate, pAl, pA2, pA3, pAF, pACA}.

The promoter and mRNA transcript concentrations are modeled separately here,
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unlike in the previous models. The mass-balance equations for these elements are

dPI‘1

ar —inemo b,
ddPtr?’ = Pr3f — 6 - Pry,
% = wit(pPAF, k1 par, 01 par) + (1 — wi)u(pACA, k1 paca, 01paca)
— & - mRNA oo — 7 - mRNA 4,
% = wiu(pAF, kg par, 01 par) + (1 — wi)u(pACA, k2paca; 1 paca)
—§-mRNA .8 — 7+ it mRNA ..,
% = wit(PAF, ks par, 01par) + (1 — w1)u(pACA, ks paca, 01paca)
— 0 -mRNA ¢ — 7 - - mRNA 0,
% = wat(PAF, kypar, O2,par) + (1 — w2)u(pPACA, kypaca, O2paca)
— 0 -mRNApar0 — 7 - mRNAAn0,
dm%?l)m( = wa(pAF, ks par, 03 par) + (1 — ws)u(pACA, ks paca, U3 paca)

—0- mRNApemux — T - I’IlRNAp

efflux’?

(A.3)

where the function u(x, k, #) is the sigmoidal control function defined in Equation
3.4. The binary parameters w; define which metabolite exerts control on each

promoter:

1 papABC controlled by p-AF,
w1 = 9
0 papABC controlled by p-ACA,

1 LAAO controlled by p-AF,
Wy = (A4>

0 LAAO controlled by p-ACA,

1 Peguxcontrolled by p-AF,

0 Pemuxcontrolled by p-ACS.




202 APPENDIX A. SPECIFICATION OF P-AMINOSTYRENE MODEL

w1 wa w3
0 0 0
1 0 0
0 1 0
0 0 1
1 1 0
1 0 1
0 1 1
1 1 1

Table A.1: Ligand binding encodings for all possible combinations of ligand control
points. The binary variables w1, ws, and ws turn transcriptional control on and off at
each locus (see Equation A.3). There are three possible control types by each ligand at
each locus (activation, repression, no control) determined by the form of the function
u.

To avoid circuits with multistable dynamics, we restrict the search to architectures
without positive feedback loops. This means that we consider a total of 3% = 27,

i.e. those where:

e promoter papABC is either unregulated or repressed by one of the two
intermediates (p-AF or p-ACA),

e promoter LAAO is unregulated, activated by p-AF, or repressed by p-ACA,

e promoter P.g,y is either unregulated or activated by one of the two inter-

mediates (p-AF or p-ACA).

We restrict the architectures to only those with no positive feedback loops,
which limits the possible control topologies to activation at the first promoter
and repression at the last promoter. p-ACA is downstream of the middle/second
promoter and therefore is limited to repression to create a negative feedback loop
on that promoter (upstream repression). Conversely, p-AF is upstream of the
second promoter and is limited to activation at each promoter. As a result, there
are 3 remaining control topologies possible at each locus (including no control at

each), resulting 3 - 3 - 3 = 27 architectures with only negative feedback loops.

The constant § is the DNA duplication rate. The constant p is the mRNA
degradation rate constant, which is assumed to be constant for all mRNAs. PapA,
PapB, and PapC are all expressed from the same promoter but their translation

rates are variable, so their mRNAs are modeled separately. Finally, the protein
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folding process is modeled explicitly, with each of the 4 enzymes and the efHux
pump having a folded and unfolded state. Additionally, the enzyme deaminase
is expressed constitutively but its concentration rises to steady state and thus its

dynamics are also modeled. The enzyme mass balance equations are

dpapA
p?& = 0(mRNApapa) = 77 7 - papAys — 8 - PapAye — p - T - papA,,
dpapB
pacbii = 0(mRNApapp) — 7+ 7 - papBye — 0 - papBye — p - 7 - papByy,
dpapC
piﬁ % = v(mRNApc) =7 7 papCy — 6 - papCy — p - 7 papCy,
dLAAO,
dt - = v(mRNALAr0) =7 7 - LAAOys — 0 - LAAOys — p - 7 - LAAOy,
Pe ux, u
ﬂ;it - - U(mRNAPefﬁux, uf) - 77 ©T Peﬂ:lUX, uf — 5 : Pefﬂux, uf — p T Pefﬂux, uf;
dpapA
n :U.T.papAuf—&papA—p'T'PapA»
dpapB
N :n.T.papBuf—d-papB—p'T'paPBa
dpapC
n :n.T.papCuf—5-papC—,0'T’papC»
dLAAO
=n-7-LAAOy — 0 -LAAO — p-7-LAAO,
dt
dPefiux
dl;ﬂ :U'T'Peﬂ‘lux,uf_d‘Pefﬁux_p'T'PeH‘lux’
dd i
w - ‘/deaminase — 0 - deaminase.

(A.5)

Here, the constant p is the protein degradation rate and 7 is the protein folding

rate. The function v is the translation rate equation:

v(m) = S L— (A.6)

L )
Tinie + 3

where Tj,;; is the transcription initiation rate, L,, is the length of the mRNA, and
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Pathway Product P-Aminostyrene
Decision Variables

O, par, 01, paca,  Oo par,
02, paca, U3 par, 03 paca,
ki par, k1, paca, K2, par,
ko, paca, ks, par, K3, paca,
ks, pavs k1, paca,  Ks, par,

ks, paca
Pathway Metabolites Chorismate, PA1l, PA2,
PA3, pAF, pACA, PAS
Pathway Enzymes papA, papB, papC, LAAO,
Efflux pump, Deaminase
Integration Time 1.73 - 10°s
Initial Conditions z(0) = 0mM (for all metabo-
lites)
e(0) = OmM (for all en-
zymes)

Table A.2: P-Aminostryene model summary. The initial conditions for all model
components are set to OmM. Architectures are unnamed and thus not listed here.

R is the ribosome elongation rate. The objective function for the p-AS model is

T
J = a7 / |V::h0rismate7— - f(PefHuX7 pACA)| dt
0

T
+ Oéz/ {(Wlu(pAF7 lﬁ, pPAF, 91, pAF) + (1 — w1)U(PACA, kl, pACA, 91, pACA)
0

+ (w1u(pAF, k2, par, 01, par) + (1 — w1)u(pACA, k2, paca, 01, paca)
+ (w1 u(pAF, k3 par, 01, par) + (1 — wi)u(pACA, k3, paca, 01, paca)
+ (wau(pAF, kg, par, 02 par) + (1 — wo)u(pACA, ka, paca, 02, paca)
+ (wsu(pAF, ks par, 05, par) + (1 — ws)u(pACA, k5, paca, 03, paca) } dt,
(A7)

where pathway cost is the sum of all heterologous enzyme transcription rates
across all loci and ligands, and the rate f(Peux, PACA) is defined in Equation
A.2. The constant Viorismate a8 well as any other fixed parameter values in the

model are defined in Table A.3. Table A.2 summarizes the model details.



Parameter Symbol Value Units
Chorismate production rate | Viporismate 1100. 1/s
Deaminase production rate | Vieaminase 10. 1/s

p-AF Loss L 1.4E-5 1/s
mRNA degradation rate M 3E-3 1/s
Protein degradation rate P 2E-4 1/s

Protein folding rate F 20 1/s
Dilution rate ) 5.79E-4 1/s
DNA duplication rate 64 5.78E-4 1/s
Avogadro’s number Na 6.02214E23 N/A

Cell volume Voleen 2.5E-15 L

Metabolite-induced toxicity ta S5E-4 N/A
Protein-induced toxicity tp 50 N/A
Enzyme-induced toxicity t 50 N/A

Toxicity constant k; 5E-5 M
Pap operon mRNA length L., 3400 nucleotides
Efflux pump mRNA length L, 2900 nucleotides
LAAO mRNA length L., 1600 nucleotides
Ribosome elongation rate R 20 amino acids/s
Translation initiation rate Tinit 2E-1 1/s
Deaminase ket Kcat 5 M/s
Deaminase ki, ki 1E-6 M

papA Eecat Eecat 0.2975 M/s

papA ki, km 0.056 M

papB keat Eecat 39 M/s

papB k., km 0.38 M

papC keat Kcat 20.44 M/s

papC ky, km 0.555 M

LAAO Fkeat Eecat 1.29 M/s

LAAO ky, km 10.82 M

Efflux pump rate km 275 M

Table A.3: P-Aminostyrene model kinetic parameters
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Appendix B

Parameters for Chapter 3

simulations
Figure Model Simulation Parameter Values
dual control architecture
ky=2x107°

2 glucaric acid | sample simulation ko =22x1073

0, =33

0y =1.0
ki =6.5x107°
2 beta-carotene | sample simulation by = 2.3 107
ks =3.2 x 1072
ky=1.2x 1072

open loop architecture

3 glucaric acid | medium conditions ky =4.1x107°
ko =227 x 1074
ki =241 x 107"
3 beta-carotene | knockouts by = 9.7 107
ks =9.8x107°
ky = 3.67 x 1074
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Figure Model Simulation Parameter Values

1078 <k, <1076
1077 < ky <1075

4 beta-carotene | large-scale parameter 1076 < k3 <1070
sampling 107° < ky <1074
107° < 9 < 10

4 architectures:
open loop control
upstream repression
downstream activation

4 glucaric acid | global optimization of dual control

control circuits 107" < k; <1073
107" < ky <1072
1077 < 6y <10
1077 < 6, < 10

Table B.1: Parameter values and bounds for simulations in Figures 4.9, 4.11 in the
main text.




Appendix C

Pathway balancing equations

Reaction topology

Balance equations

Modified precursor equations

Vo PV,
> O > Vin =V 42 = Vi, =V, — AP
v, Biov
—
v, [
—
P2 dd%:‘/livpi)\Pl
Vi=V =V,
L =V, -V, — APy
v, Biowv
— O
!
P -
’ e dh =2V, — AP,
a — “'p 1
‘/2:Vp
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APPENDIX C. PATHWAY BALANCING EQUATIONS

Reaction topology

Balance equations

Modified precursor equations

v, Py
—l

\’!
Opr,
\!

V2=V4+Vp

Vi=WVa+V, L =V -V, — AP
A%
Vl PIT :
V2¢/
Op,
\Z7%! Vi=VotV,+ Vs 4Py V2V, — APy

dfe = —Vy — APy

Table C.1:

Reaction topologies and their associated balancing equations.

Balancing the pathway fluxes at the boundary for various reaction topologies requires
algebraic substitutions to modify the ODE model so that they maintain the steady-
state assumption at each timestep. Table shows only the precursor equations that need
to be modified. The glucaric acid and beta-carotene pathways in Figures 4.8 and 4.10
correspond to the first and last topology, respectively.
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