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Abstract

Abstract

Metabolism, the sum of biochemical processes that sustain life in an organism, is a complex
network of intertwined reactions. These reactions facilitate the transformation of nutrients into
energy and building blocks necessary for growth, reproduction, and maintaining cellular
structures. Deciphering this intricate system is not only crucial for comprehending fundamental
biological processes but is also central to numerous applications in biotechnology, health, and

disease research.

Understanding and predicting the complexity of metabolic systems presents a formidable
challenge. Each metabolic system constitutes an intricate web of concurrent reactions,
intricately interlinked via sophisticated regulatory networks and feedback mechanisms.
Additionally, these systems exhibit spatial and temporal dynamism, profoundly influenced by
external determinants such as nutrient availability and environmental variables. Given the
scale and complexity inherent in these systems, strictly experimental approaches often
struggle to provide comprehensive insights. As such, a more holistic and integrative strategy

is imperative for a thorough understanding of the nuanced intricacies of metabolic processes.

In light of this complexity, mathematical and computational modeling assert themselves as
indispensable tools. They offer a systematic and quantitative approach to understand, analyze,
and predict metabolic behavior. Mathematical models can integrate a myriad of biological
details into a structured and manageable framework, enabling us to make sense of the data
that experimental observations provide. By transposing our theoretical understanding of
metabolic processes into a mathematical language, these models serve as a potent conduit,
bridging the divide between empirical measurements and a holistic understanding of the

system's behavior.

In this thesis, we utilize coarse-grained models to study fundamental questions concerning the
physiology of autocatalytic systems. As a specialized class within the mathematical and

computational modeling approaches, coarse-grained models serve as effective tools for
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simplifying complex systems. By abstracting and reducing the level of detail, these models
retain crucial components that accurately capture the system's overall behavior. They enable
the distillation of numerous intricate reactions into key metabolic pathways or groups of
reactions, rendering the inherent complexity of metabolic systems more tractable and
interpretable. Using these models, we probe into the significant aspects of nutrient utilization

and biomass generation in various growth conditions.

In Chapter 1 we refined a quantitative framework, utilizing a coarse-grained proteome
allocation model to study nutrient utilization in bacterial growth. Our focus is on the
maintenance and yield coefficients in balanced growth conditions. We were able to elucidate
the impact of distinct metabolic pathways, energy expenditure, and proteome allocation on
these coefficients. Moreover, the model illuminates how various growth-limiting constraints
affect cellular resource allocation under differing conditions. Notably, our analysis reveals that
the maintenance coefficient, typically known to be influenced by the energy expenditures for
maintenance processes and the efficiencies of active energy-generating pathways, is also
affected by the size of non-active proteome sectors. Further extending the utility of this model,
we present an approach to evaluate the cost of precursor biosynthesis including both the

energetic and proteome costs.

In Chapter 2, we focus on nutrient utilization efficiency within a closed system, where all
available nutrients are entirely consumed. We examine the implications of this scenario on
biomass generation, particularly when growth involves multiple nutrients. To explore this, we
built upon existing nutrient utilization models, commonly referred to as black box models, and
extended them to incorporate the effects of multiple nutrients. Our research demonstrates that
overall biomass yield is not solely reliant on nutrient availability, but also strongly influenced by
the initial proportions of these nutrients. An intriguing observation was that supplementing
specific nutrients could potentially trigger a decrease in biomass gain from others, adding
another layer of complexity to the dynamics of nutrient utilization. Moreover, our methodology

predicts the impact of each nutrient combination on broad metabolic processes, namely
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catabolism, anabolism, or biomass precursor synthesis, offering intriguing insights for future

investigations.

In the Conclusions and outlook section we encapsulate the significant contributions of this
thesis towards enhancing our comprehension of nutrient utilization in bacterial growth and
biomass generation. We evaluate the coarse-grained proteome allocation and black box
models used in our research, offering critical insights into the role of model assumptions in
metabolic modeling. We also envision the expansion of this work, suggesting the
interconnection of the models to further decipher the mutual influence of multiple nutrient
metabolism. The potential applications in the healthcare sector are also discussed, offering
directions for future exploration. Furthermore, we critically analyze the current state of
metabolic modeling, elucidating potential areas for development. From this vantage point, we
propose a future path for metabolic modeling that lays greater emphasis on the underlying

assumptions of the model, rather than primarily focusing on its mathematical formulation.
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Zusammenfassung

Der Metabolismus ist die Summe der biochemischen Prozesse, die das Leben eines
Organismus aufrechterhalten, und besteht aus einem komplexen Netzwerk von miteinander
verflochtenen Reaktionen. Diese Reaktionen ermdglichen die Umwandlung von Nahrstoffen
in Energie und Bausteine, welche fir Wachstum, Fortpflanzung und den Erhalt von
Zellstrukturen notwendig sind. Dieses komplexe System besser zu verstehen ist nicht nur
entscheidend fir das Verstandnis grundlegender biologischer Prozesse, sondern auch zentral

fur zahlreiche Anwendungen in Biotechnologie, Gesundheit und Krankheitsforschung.

Das Verstandnis und die Vorhersage der Komplexitat von Stoffwechselsystemen stellen eine
groBe Herausforderung dar. Jedes Stoffwechselsystem besteht aus einem komplexen
Netzwerk von gleichzeitig ablaufenden Reaktionen, die Uber ausgefeilte regulatorische
Netzwerke und Feedbackmechanismen miteinander verknupft sind. Dartber hinaus zeigen
diese Systeme eine raumliche und zeitliche Dynamik, die stark von externen Faktoren wie der
Verfugbarkeit von Nahrstoffen und Umgebungsvariablen beeinflusst wird. Angesichts der
Grolke und Komplexitat dieser Systeme stoRen rein experimentelle Ansatze oft an ihre
Grenzen. Daher sind umfassendere und integrativere Strategien notwendig, um die Feinheiten

von meatbolischen Prozesse zu verstehen.

Angesichts dieser Komplexitat erweisen sich mathematische und rechnergestitzte Modelle
als unverzichtbare Werkzeuge. Sie bieten einen systematischen und quantitativen Ansatz zum
Verstandnis, zur Analyse und zur Vorhersage des metabolischen Verhaltens. Mathematische
Modelle kdnnen eine Vielzahl von biologischen Details in einen strukturierten und
handhabbaren Rahmen integrieren, der es uns ermdglicht, die Daten, die experimentelle
Beobachtungen liefern, zu interpretieren. Indem sie unser theoretisches Verstandnis von
Stoffwechselprozessen in eine mathematische Sprache Uibersetzen, dienen diese Modelle als
leistungsstarkes Bindeglied, das die Kluft zwischen empirischen Messungen und einem

ganzheitlichen Verstandnis des Systemverhaltens Uberbrickt.
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In dieser Dissertation nutzen wir grobkérnige (vereinfachte) Modelle, um grundlegende Fragen
zur Physiologie von autokatalytischen Systemen zu untersuchen. Als spezialisierte Klasse
innerhalb der mathematischen und rechnergestiitzten Modellierungsansatze dienen
grobkérnige Modelle als wirksame Werkzeuge zur Vereinfachung komplexer Systeme. Durch
die Abstraktion und Reduzierung des Detailgrades behalten diese Modelle wesentliche
Komponenten bei, die das Gesamtverhalten des Systems erfassen. Sie ermdglichen es,
zahlreiche komplexe Reaktionen auf Schlisselstoffwechselwege oder Gruppen von
Reaktionen zu begrenzen, was die inharente Komplexitdt von Stoffwechselsystemen
handhabbarer und interpretierbarer macht. Mit diesen Modellen gehen wir wichtigen Aspekten
der Nahrstoffnutzung und Biomasseerzeugung in verschiedenen Wachstumsbedingungen auf

den Grund.

Im Kapitel 1 haben wir einen quantitativen Rahmen weiterentwickelt und ein grobkérniges
Proteomallokationsmodell zur Untersuchung der Nahrstoffnutzung im bakteriellen Wachstum
verwendet. Unser Fokus liegt auf den Instandhaltungs- und Ertragskoeffizienten in
ausgewogenen Wachstumsbedingungen. Wir konnten die  Auswirkungen von
unterschiedlichen Stoffwechselwegen, Energieaufwendungen und Proteomzuteilungen auf
diese Koeffizienten aufzeigen. Darlber hinaus beleuchtet das Modell, wie verschiedene
wachstumsbegrenzende Faktoren die zellulare Ressourcenallokation unter unterschiedlichen
Bedingungen beeinflussen. Bemerkenswert ist, dass unsere Analyse zeigt, dass der
Instandhaltungskoeffizient, der in der Regel durch die Energieaufwendungen fir
Instandhaltungsprozesse und die Effizienz aktiver Energieerzeugungswege beeinflusst wird,
auch durch die GréRe der nicht aktiven Proteomsektoren beeinflusst wird. Darlber hinaus
prasentieren wir einen Ansatz zur Bewertung der Kosten der Vorlauferbiosynthese,

einschliellich der energetischen und Proteomkosten.

In Kapitel 2 konzentrieren wir uns auf die Nahrstoffverwertungseffizienz in einem
geschlossenen System, in dem alle verfliigbaren Nahrstoffe vollstandig verbraucht werden. Wir

untersuchen die Auswirkungen dieses Szenarios auf die Biomassebildung, insbesondere
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wenn das Wachstum mehrere Nahrstoffe beinhaltet. Um dies zu untersuchen, haben wir auf
bestehende Nahrstoffnutzungsmodelle, die Ublicherweise als "Black-Box"-Modelle bezeichnet
werden, aufgebaut und sie erweitert, um die Auswirkungen von mehreren Nahrstoffen zu
berucksichtigen. Unsere Forschung zeigt, dass der gesamte Biomasseertrag nicht nur von der
Verfugbarkeit der Nahrstoffe abhangt, sondern auch stark von den urspringlichen Anteilen
dieser Nahrstoffe beeinflusst wird. Eine interessante Beobachtung war, dass die Erganzung
bestimmter Nahrstoffe potenziell einen Rickgang der Biomassezunahme aus anderen
auslésen konnte, was eine weitere Ebene der Komplexitdt zu der Dynamik der
Nahrstoffnutzung hinzufligt. Darlber hinaus prognostiziert unsere Methode den Einfluss jeder
Nahrstoffkombination auf breite Stoffwechselprozesse, namlich Katabolismus, Anabolismus
oder Biomasse-Vorlaufersynthese, und bietet faszinierende Einblicke fur zukinftige

Untersuchungen.

Im Abschnitt Schlussfolgerungen und Ausblick fassen wir die wesentlichen Beitrage dieser
Dissertation zur Verbesserung unseres Verstandnisses der Nahrstoffnutzung im bakteriellen
Wachstum und der Biomasseerzeugung zusammen. Wir bewerten die grobkornigen
Proteomallokations- und Black-Box-Modelle, die in unserer Forschung verwendet wurden, und
bieten kritische Einblicke in die Rolle von Modellannahmen in der metabolischen Modellierung.
Wir skizzieren auch die Erweiterung dieser Arbeit und schlagen die Verbindung der Modelle
vor, um den gegenseitigen Einfluss des mehrfachen N&hrstoffmetabolismus weiter zu
entschlisseln. Die potenziellen Anwendungen im Gesundheitssektor werden ebenfalls
diskutiert und bieten Richtungen fur zukunftige Erkundungen. Darlber hinaus analysieren wir
den aktuellen Stand der metabolischen Modellierung kritisch und beleuchten potenzielle
Entwicklungsbereiche. Von diesem Standpunkt aus schlagen wir einen zukiinftigen Weg fir
die metabolische Modellierung vor, der mehr Gewicht auf die zugrundeliegenden Annahmen
des Modells legt, anstatt sich hauptsachlich auf seine mathematische Formulierung zu

konzentrieren.
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Chapter 1 — General introduction

Bacterial growth

A fundamental characteristic of living systems is their capacity for growth and reproduction
[1,2]. The reproductive success of a living system in a given environment determines its fitness.
The study of the growth of bacteria and other microorganisms is crucial for better
understanding their capacity to cause diseases in humans or for better exploiting their use in
biotechnological or environmental processes. Beyond their numerous practical applications,
bacteria and other microorganisms have emerged as ideal model systems for investigating
fundamental questions surrounding the relationship between growth, fithess, and

environmental characteristics.

Microbial growth entails the uptake of nutrients from the environment and their conversion into
new microbial cells through a series of interconnected metabolic processes. This highlights the
self-replicating or autocatalytic nature of microbial growth [3-8], wherein cells transform
environmental nutrients into new cells (fig. 1A). In this thesis, we consider growth on the
population level, that is, an increase in the total amount of cells or, equivalently in many
situations, an increase of the overall biomass of the population. This perspective leads to the
well-known model of microbial growth, where the growth in biomass over time is proportional

to the existing biomass resulting in exponential growth [2].

Classical experiments for microbial growth are known as batch culture experiments, in which
bacteria are inoculated into a medium containing limited resources [1]. The growth of the
bacterial population as a function of time is monitored, revealing a characteristic bacterial
growth curve which is generally separated into three distinct phases [9-11] (fig. 1B): the lag
phase, the exponential growth phase, and the stationary phase, each characterized by specific
growth dynamics and physiology. Initially, the bacteria take time to adapt to the new conditions
before they start growing, this is the lag phase. Following this adjustment, the bacteria enter
the exponential growth phase, where they proliferate rapidly. When a limiting nutrient is

depleted, the bacteria cease to grow, entering the stationary phase.

12



Chapter 1 — General introduction

Bacterial growth laws

One of the first to study the growth of bacterial cultures systematically and quantitatively was

Jacques Monod in the 1940s [12]. He characterized bacterial growth by means of batch culture

experiments in a well-defined growth medium studying the different phases of the bacterial

growth curve. Together with the chemostat, a device allowing continuous culture of

microorganisms at a predefined growth rate [13-16], these methods have become standard in

microbial physiology. They notably underlie the discovery of a number of so-called growth

laws, relating the growth rate to a variety of properties of the physiology of growing

bacteria [17-19]. The growth laws are conserved across different organisms and a broad range

of experimental conditions. Here, we list three examples of well-known growth laws:

1.

Dependency of the growth rate on nutrient availability [1,9,11]: In his
characterization of bacterial growth, Monod discovered the first growth law. He
observed that the growth rate of bacteria depends upon the nutrient concentration in
the medium in a hyperbolic fashion (fig. 2A).

Correlation between growth rate and nutrient uptake rate [14-16,20,21]: In
continuous cultures, the growth rate was shown to vary linearly with the nutrient uptake
rate (fig. 2B). The slope of this linear relation is called the biomass yield and the offset
the ‘maintenance energy’, as it is assumed to be derived from the energy spent on
processes required to maintain the basic processes of the cell, in the absence of growth
[20,22-24].

Correlation between growth rate and cellular composition [25,26]: In 1959,
Schaechter, Maalge and Kjeldgaard showed that RNA, DNA and the number of nuclei
in Salmonella typhimurium linearly correlate with the growth rate [25]. Later, it was
further shown that other physiological parameters, such as the mass fraction of
ribosomes in growing populations, also linearly correlate with the growth rate (fig. 2C)
[26]. Initially, it was believed that the correlation between ribosomal mass fraction and
growth was strictly positive, however, Scott et al. [27] showed that when growth is

13
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inhibited through translation-inhibiting drugs, growth rate and ribosomal mass fraction

exhibit a negative (near-)linear relation.

Mathematical models of microbial growth

The conserved nature of the growth laws has led scientists to ask whether there are
fundamental principles governing bacterial growth. To answer this question, different types of
mathematical models have been developed. One approach aims at integrating all known
molecular constituents of the cell and the reactions involving these constituents into a big
model, an in-silico copy, or ‘digital twin’, of the cell. Such models, known as fine-grained
models, can be useful to predict emergent phenotypes [28-31], but they are difficult to
construct and maintain, and their complexity makes it hard to grasp certain principles that
underpin growth. In this thesis, we will focus on coarse-grained models of bacterial growth.
Rather than assembling individual reactions in a bottom-up manner, these models are based
on the top-down definition of a limited number of basic cellular functions or processes involved
in growth, described by appropriate macro-reactions [32,33] (fig. 3). Coarse-grained models
are smaller and therefore easier to construct and analyze. The lack of molecular detail can
make their predictions less accurate, but their simplicity allows a focus on how basic cellular
functions and their interactions shape bacterial growth. How much detail is included in a model,
also known as its granularity, and which assumptions are considered depends on the specific

scientific question asked.
Fundamental assumptions in mathematical models of

microbial growth

All mathematical models of microbial growth, irrespective of their granularity, are based on a
set of fundamental assumptions that follow from biochemical and biophysical constraints.
These assumptions serve as the foundations upon which the structure and equations of the
model are built. Each model utilizes the assumptions relevant to the scientific question it seeks

to address, allowing it to abstract and simplify the complex reality of microbial growth while

14



Chapter 1 — General introduction

retaining the essential aspects necessary for the investigation. In this section, we enumerate

the most prominent assumptions that underpin various models of microbial growth.

Conservation of mass and quasi-steady-state assumption

According to the law of mass conservation, the change of mass is equal to the inflow minus
the outflow of mass. Therefore, the change in concentration of a cell component, for example
a metabolite, is determined by the sum of the rates of the reactions consuming and producing
this cell component (fig. 4A). When the incoming and outgoing flux of a cell component are
equal, the concentration of the cell component is constant in time. A quasi-steady-state
assumption states that the concentration of all cell components is constant in time. This is a
typical assumption that simplifies the mathematical analysis of the system significantly and

holds for growth in constant conditions known as balanced growth.

Proteome allocation assumption

The biochemical reactions breaking down nutrients into intracellular metabolites, and the
reactions utilizing these metabolites for the synthesis of new biomass, do not occur
spontaneously. The reactions are catalyzed mostly by proteins complexes, in particular

metabolic enzymes and ribosomes.

In fine-grained models, the components of each biochemical reaction including the proteins
catalyze it and each substrate are described separately. Alternatively, in coarse-grained
models, well-defined sets of biochemical reactions are grouped together into macro-reactions.
The cell components that are necessary to catalyze the individual steps of a macro-reaction
are grouped together into a corresponding so-called proteome sector. A proteome sector
includes mostly proteins that catalyze metabolic reactions but also ribosomes catalyzing the

reaction of protein biosynthesis.

Proteins constitute most of the biomass of the cell [34]. As a first approximation, therefore, the
sum of the proteins or the proteome sectors equals the total biomass of the growing population.

The proteins or proteome sectors mass as defined above are extensive quantities, summed

15
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over the entire growing population. For the models, we are rather interested in intensive
quantities, the amount of a proteome sector relative to the total amount of biomass (protein),
corresponding to protein concentrations or protein fractions. As such, it is convenient to divide
the protein mass, or proteome sector mass by the total cell mass and work with dimensionless

or protein or proteome fractions that sum up to one [35,36] (fig. 4B).

Mathematical description of reaction fluxes

The rate at which a reaction is converting one cell component, e.g., a metabolite, into another
is determined by the amount of enzymes carrying out this reaction (fine-grained model) or size
of the relevant proteome fraction (coarse-grained model), the efficiency of the enzymes or
proteome sector, the concentrations of the substrates of the reaction and possible regulation
by other cell components in the system. While mass-action kinetics provide a principled
framework to develop rate equations for biochemical reactions, in practice, various
approximations based on mechanistic assumptions are often used to obtain simplified
equations. The simplest relation of the flux to the relevant proteome sector is linear. This
expression assumes that the substrates are in excess and disregards any regulation of the flux
by allosteric interactions of the enzymes and other cell components. While this assumption
simplifies the model, it is lacking in the realistic details. A more complex relation is obtained
when the substrate is not in excess and allosteric interactions involving other cell components
play a role in the modulation of the flux [37—41]. The expression of the flux is multiplied by
regulatory functions describing the modulation of the flux by the substrate and the allosteric
cell component. Typically, a Michaelis-Menten relation is taken for the effect of the

concentration of substrate on the flux (fig. 4C).

Volume and surface area assumptions

The intracellular volume as well as the surface area of the cell are limited. Obviously, the total
volume occupied by the components of the cell, in particular proteins, cannot be larger than
the cell volume. As such, the total volume of the cell is larger than the sum of the volume of

the proteome sectors that are functioning inside [42,43] (fig. 4D). Other cell components such
16
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as the DNA strands can be considered by adding a factor to the volume of the cell components.
Similarly, the total surface occupied by proteins and lipids making up the cell membrane must

equal the surface area of the cell [44].

Further assumptions in modeling of microbial growth

Due to the complexity of the biological systems, additional assumptions that are not strictly
based on biophysical and biochemical constraints are often necessary to model metabolism
effectively. These include phenomenological assumptions, which are based on prior
experimental data [45—48] without understanding the forces involved and usually establish a
relationship between physiological parameters and internal constituents. For instance,
empirical observations showing a linear relationship between the growth rate and the number
of ribosomes [26] (fig. 2C) lead to a mathematical constraint in the model, stipulating that the
portion of the proteome that includes the ribosomes is always linearly related to the growth

rate.

Another set of assumptions is based on the optimization principle. This principle stems from
the understanding that biological systems, having evolved over millions of years, operate in a
way that optimizes certain objectives [49]. This optimization is not arbitrary but is rather a
reflection of the selective pressures exerted on these systems over evolutionary time. As an
illustration, microbes in natural environments are persistently engaged in resource competition,
not only with members of their own species but also with other organisms. One strategy to
compete for resources and ensure survival is to grow faster than competitors [50,51], thereby
securing access to resources earlier. Consequently, in environments characterized by such
competition, the fastest growing microbes are likely to survive and be evolutionarily selected.
This survival of the fittest lends credibility to the assumption that metabolism is shaped by
evolution to optimize the growth rate, an assumption that features prominently in many

metabolic models. [52-55].

While the principle of growth rate maximization is frequently employed in metabolic modeling,

it may not always be applicable or optimal [56]. Growth depends on a variety of factors, such
17
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as nutrient availability, temperature, and acidity, to name a few. While a microbe might optimize
its metabolic pathways for rapid growth in nutrient-rich, stress-free environments, such ideal
conditions may not be sustainable over time. Organisms can encounter sudden environmental
shifts, including nutrient scarcity or the presence of toxins, necessitating a recalibration of their
survival strategy. In such stressful circumstances, a singular focus on maximizing growth rate
might not be the most advantageous approach [57]. Rather, microbes that have allocated
resources towards stress resistance mechanisms may demonstrate enhanced adaptability and
survival potential [58]. This scenario exemplifies a crucial trade-off that organisms face: the
optimization of growth rates versus the investment in stress resistance mechanisms. These
trade-offs are integral to the nuance of microbial metabolic modeling, as models aim to
encapsulate cellular strategies in diverse environments and elucidate the complex trade-offs

faced by cells [59,60].
Model examples

Several modeling methods have emerged as pillars in the field of metabolic modeling, each
with its unique strengths and applications. These models employ different levels of granularity
and utilize a variety of mathematical frameworks and assumptions. Here, we will present some

of the most prominent modeling methods.

Flux balance analysis

Flux Balance Analysis (FBA) is a cornerstone of genome-scale metabolic models for exploring
biochemical networks. It has found widespread use in systems biology and metabolic
engineering, enabling the calculation of the flow or "flux" of metabolites through a metabolic
network, hence the terminology "Flux Balance Analysis." FBA is built upon assumptions of
mass conservation and steady state, along with phenomenological assumptions to set bounds
on flux rates. The methodology translates the system of biochemical reactions into a set of
linear equations and assumes the system optimizes an objective function, typically the growth

rate [61-63].
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Since its inception in the 1990s, FBA has continually evolved to incorporate additional
constraints and assumptions. These advancements include considerations of proteome
allocation [64—-67], gene regulation [68-70] and the impact of thermodynamic effects on
reaction fluxes [71,72]. FBA has been extended to generate dynamic profiles of cell growth as
well as substrate and by-product concentrations [73—-76]. While FBA has proven to be a
powerful tool for understanding and engineering metabolism, it is essential to recognize that
its base assumptions may not always be valid and its high level of detail make it difficult to
deduct general conclusions. Furthermore, it necessitates a comprehensive and accurate

metabolic network reconstruction, which may not always be accessible.

Metabolism and expression models

Metabolism and Expression (ME) models represent an advanced genre of genome-scale
metabolic models, encompassing both metabolic processes and protein expression
mechanisms [77]. Unlike FBA models, ME models incorporate information about the gene
expression machinery necessary for the production of the enzymes catalyzing metabolic
reactions. This integrated perspective allows for a more comprehensive understanding of a
cell's metabolic capabilities, factoring in the proteome and mass balance assumptions as well
as the costs of gene expression machinery. ME models offer the ability to predict the impacts
of various genetic and environmental perturbations on microbial growth [77]. They yield
insights into how cells distribute their resources under diverse conditions and illuminate how
alterations in gene expression can precipitate different metabolic phenotypes [78-80].
However, ME models, while powerful, are relatively complex, require significant computational
resources to solve, and like FBA models necessitate detailed information about the organism's

metabolic and protein expression systems, which may not always be available.

Coarse-grained proteome allocation models

Coarse-grained proteome allocation models serve as an efficient approach to simplifying the
intricacies of biological systems, focusing on broader components or behaviors rather than

capturing every minute detail. Formulated as resource allocation problems, these models
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concentrate on the proteome constraint and how it is allocated across the cell pathways. Such
models have proven instrumental in elucidating the fundamental trade-offs that cells navigate
when faced with competing demands, such as balancing growth and stress response [81,82]
or optimizing the use of alternative metabolic pathways [52,83]. Furthermore, these models
shed light on the regulatory mechanisms of metabolic pathways such as allosteric regulation
[56,84]. Despite relying on simplifying assumptions and potentially omitting certain
complexities of the biological system, they provide valuable insights into the fundamental
principles governing proteome allocation and predict cellular responses to different conditions

or perturbations.

Mechanistic models

Mechanistic models simulate growth based on a thorough understanding of the integral
biological processes involved. These models aim to consolidate our existing knowledge of all
mechanisms within the system, thereby deriving holistic inferences about the system's
comprehensive behavior. Typically not relying on phenomenological or optimization
assumptions, they prioritize inherent biochemical and biophysical interactions that underpin
system dynamics. They encompass a wide range of scales, extending from molecular and
cellular models to those pertaining to tissues, organs, and entire organisms, highlighting their

utility in capturing complex biological phenomena at varying levels of detail [60,85,86].

Self-replicating systems beyond biology

Thus far, we have elucidated the principles of microbial metabolism and the mathematical
models employed to enhance our understanding of it. In this section, we aim to extend the
purview of metabolism beyond biological systems, thereby broadening the applicability of
these models to other domains. The term "metabolism" typically describes the collection of
chemical reactions within biological organisms that synthesize and transform molecules
essential for life. While this definition is useful, it gives no scientific or mathematical ground for
the analysis of metabolic systems. To address this, we propose a broader interpretation of

metabolic systems and begin with a more formal definition that can be applied beyond the
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confines of biological systems. We us a definition of a metabolic system as a "well-defined

system that absorbs nutrients and utilizes them to sustain itself" [87—-89].

To illustrate the breadth of our definition of a metabolic system, let's consider an example
outside the sphere of biology: an economic entity, specifically, a construction firm. Analogous
to a cell's intake of nutrients, the construction firm sources raw materials like steel, cement,
and wood, along with skilled labor and financial resources. These inputs, similar to a cell's
nutrients, are integral to the firm's survival and growth. The firm's workforce, akin to the
enzymes within a cell, then facilitates the transformation of these raw materials into a finished
product — the building. This process mirrors a cell's conversion of nutrients into biomolecules

necessary for its survival and proliferation.

In essence, just as a biological cell represents a metabolic system that absorbs nutrients and
utilizes them for self-sustenance, a construction firm can similarly be perceived as a metabolic
system within the economic domain, ingesting raw materials and resources to maintain its
operations and promote growth [87]. Expanding upon this analogy, it is important to note that,
since a construction firm aligns within our definition of a metabolic system, the mathematical
models described in this work can also be applied to this context. These models can provide
insights into the resource allocation and efficiency of the firm's operations, just as they do for
biological systems. This highlights the universality and versatility of our mathematical

framework, demonstrating its potential utility beyond the realm of biological metabolism.

Thesis outline

In this Introduction, we delineate the fundamentals of bacterial growth, outline the primary
assumptions employed in the modeling of bacterial growth, and provide illustrative examples
of such models. In Chapter 1 we present a refined coarse-grained proteome allocation model,
elucidating the complex interplay between cellular processes and physiological growth
parameters. In Chapter 2 we explore the reciprocal effects of varying nutrient combinations
on microbial biomass yield, employing a coarse-grained thermodynamic model to encapsulate

these effects. Finally, in the Conclusions and outlook section, we outline the major
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conclusions of this thesis, discuss the future trajectory of metabolic models and their

applications.
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Figure 1 — Microbial growth. (A) An autocatalytic system. (B) A microbial growth curve.
Inoculation of microbes in an environment with limited nutrients begins with a lag time until the
microbes adjust to the new environment. It is followed by the exponential growth phase in
which the microbes reproduce rapidly. When the nutrients in the environment are depleted, the

microbes stop reproducing and stationary phase is reached.

23



Chapter 1 — General introduction

>
W
o

C
1.5 0.8 © 25
° - © ° g
3 Lot o © S o6 ° B 20
£ 1 g - 2
@ ol =
Q. Q-
c S o4 % 15
3 B o 5
=05 3 = .
a 3 02 =)
o ?
8 o,
0 0 © 5
0 5 10 0 0.1 0.2 0.3 04 05 1 15 >
Glucose concentration [10 M] Growth rate [h-"] Growth rate [h-"]

Figure 2 — Microbial growth laws. (A) Monod growth law: growth rate dependency on
nutrient availability. In this example, the nutrient is the sugar glucose [Data from [1]] (B)
Correlation between growth rate and nutrient uptake rate. In this example, the nutrient is the
sugar glucose [Data from [90]]. (C) Correlation between growth rate and cellular composition.

In this example of the concentration of ribosomes [Data from [26]].
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Figure 3 — Coarse grained modeling of metabolism. Compared to genome-scale and
whole-cell models, coarse grained models zoom out of the molecular detail and focus on key

processes.
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Figure 4 — Fundamental assumptions in the modeling of microbial growth. (A)
Conservation of mass and steady-state assumption: The change in concentration of a cell
component is equal to the incoming flux minus the outgoing flux. At steady state, the
concentration of the cell component is constant. (B) Proteome allocation assumption: the
proteome is divided into different proteome sectors. The number
of proteome sectors in a model depends on the model granularity. The sum of all the proteome
sectors always equals 1. (C) Example of flux assumption according to Michaelis-Menten
kinetics: the reaction is carried out by proteome sector. The maximal rate is reached for
saturating substrate concentrations and is determined by the size of the proteome sector. (D)
Volume and surface area assumption: schematic representation showing the volume of the
cell is limited and is filled with intracellular cell components such as proteins. The sum of the
volumes of the intracellular cell components is equal to the cell volume. Similarly, the surface
area of the cell is limited and contains membrane cell components such as lipids. The sum of

the surface areas of membrane cell components is equal to the cell surface area.
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Abstract

We present a coarse-grained proteome allocation model to investigate the cellular processes
underlying physiological growth coefficients in microbial cells, with a focus on maintenance
and yield. The model qualitatively captures how the growth coefficients are affected by the
utilization of different metabolic pathways, including the switch from respiration to partial
aerobic fermentation. Our analysis reveals that the maintenance coefficient is influenced not
only by the energy expenditures for maintenance processes and the efficiencies of active
energy-generating pathways but also the size of non-active proteome sectors. The model is
further expanded to include growth on two nutrient sources, a sugar and a biomass precursor
such as an amino acid. The model qualitatively predicts the effect of amino acid
supplementation on the physiological growth coefficients, providing valuable insights into
precursor biosynthesis costs. Overall, our model bridges the gap between physiological
measured parameters and cell processes, facilitating the identification of growth-limiting

constraints under various conditions.

Introduction

Metabolism constitutes a complex web of interconnected biochemical reactions that transform
nutrients into energy and essential cellular components. Understanding the relationship
between metabolic processes and cell physiology, including growth rate and biomass yield on
different nutrients, is essential for optimizing industrial bioprocesses, combating infectious
diseases, and comprehending ecological systems. Nevertheless, the intricate nature of
metabolic networks presents considerable challenges in establishing these relationships.
Consequently, computational approaches are valuable tools to bridge these gaps and provide

a deeper understanding of metabolism.

In this study, we scrutinize the fundamental association between nutrient uptake rate and
growth rate. Initial theoretical predictions posited a linear relationship between these factors,

where the slope corresponds to the reciprocal of the biomass yield coefficient and the y-
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intercept signifies the maintenance coefficient [1,2]. However, this relationship is not
universally applicable across diverse growth conditions as demonstrated by empirical data [3—
6]. To reconcile this inconsistency, subsequent research introduced a phenomenological
modification to the maintenance coefficient, rendering it dependent on the growth rate [7-11].
These alterations were ascribed to variations in metabolic pathways, energy-spilling reactions,
and other contributing factors [10,12—14]. However, a definitive connection between specific
cellular processes and physiological parameters remains to be established. To tackle this
challenge, we introduce a coarse-grained proteome allocation model [15,16] that aims to
explore the underlying mechanisms and furnish a more holistic understanding of the interplay

between nutrient uptake rate, growth rate, and particular cellular processes.

Our study concentrates on Escherichia coli growth on glucose that is known to exhibit a non-
linear relationship between uptake and growth rate curves [4]. This non-linearity has been
proposed to arise from the activation of the less carbon-efficient aerobic fermentation pathway
at high growth rates, a phenomenon referred to as acetate overflow metabolism [4,6]. To
substantiate this hypothesis, we evaluate the impact of supplementing amino acids as biomass
precursors on the physiological coefficients and compare the onset of the aerobic fermentation
pathway activation with the non-linearity in the glucose uptake curve. Subsequently, using our
model, we establish connections between physiological coefficients—namely, yield and
maintenance—and specific cellular process parameters, including stoichiometric coefficients,

proteome sector efficiency, and amino acid biosynthesis costs.

Overall, by establishing connections between physiological parameters and specific cellular
process parameters, our results offer a systematic and quantitative framework for elucidating
nutrient utilization in E. coli. Since the presented methodology can be generalized to other
organisms, nutrient availabilities, and stress conditions, it provides a foundation for future

investigations of the intricate interplay between metabolism and physiological parameters.
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Results

To gain insights into the underlying cellular processes governing nutrient utilization and
associated growth coefficients, we characterized the factors influencing the relationship
between nutrient uptake rate and growth rate. In continuous cultures this relationship has been

theoretically predicted to be linear, as represented by:

Yk

where J;,, refers to the specific nutrient uptake rate per unit biomass, A denotes the growth rate,
m signifies the maintenance coefficient, and Y;, denotes the biomass yield coefficient of nutrient
k [1,2,17]. Notably, the biomass yield quantifies the efficiency with which the nutrient
contributes to growth, while the maintenance coefficient characterizes the proportion of the
nutrient utilized for non-growth-related processes. The latter encompasses all processes that
do not directly contribute to an increase in biomass such as energy spilling reactions, motility,

macromolecular turnover, or defense against stress [10,13,18-20].

Empirical assessment of nutrient uptake rates across diverse organisms and nutrient sources
showed a linear relation for Aerobacter aerogenes and Aerobacter cloacae, but not for
Selenomonas, Klebsiella aerogenes, or E. coli, which exhibited two distinct linear trends. This
finding contradicts conventional theoretical predictions [1,4,5]. This deviation from linearity has
been ascribed to alterations in metabolic pathways or growth limiting constraints, as well as a
growth rate-dependent maintenance cost [10,21]. To theoretically accommodate this deviation,
a phenomenological growth rate-dependent maintenance coefficient has been proposed
[7,10,18], but the processes that cause this non-linearity, their connection to the measured
physiological coefficients, and the degree to which they influence this relationship remain to

be elucidated.

To identify the specific cellular processes impacting the measured physiological coefficients,
we determined glucose uptake rates of E. coli in batch cultures with glucose as the sole carbon

source or glucose supplemented with either the degradable or non-degradable amino acid
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aspartate and methionine, respectively [22,23]. Supplementing a non-degradable precursor
primarily affects the proteome balance, while a degradable precursor impacts both the
proteome and energy balance. Growth rates were modulated by titrating glucose uptake in a
strain with an inducible genomic promoter of the transporter encoding gene ptsG [24]. Under
all conditions, the uptake versus growth rate curve displayed two distinct linear trends, with the
second trend exhibiting reduced vyield (increased slope) and maintenance (decreased y-
intercept) in comparison to the first (fig. 1A). Consistent with expectations [4], the transition to
the second, lower yield phase coincided with the onset of acetate secretion (fig. 1B), supporting
the hypothesis of a metabolic shift from respiration to partial aerobic fermentation. From these
observations we concluded that the active energy generating pathways and availability of

biomass precursors influence the yield and maintenance coefficients.

Mathematical model

Driven by the understanding that the physiological coefficients are affected by the active
energy generating pathways and the availability of biomass precursors. We therefore aimed
to determine how specific cellular parameters, such as the efficiency of the metabolic pathways
and the cost of precursor biosynthesis, influence the yield and maintenance coefficients. To
associate specific metabolic parameters with the glucose uptake curve, we built upon a
previously established coarse-grained proteome allocation model that accurately captures this
shift [24]. This model coarse-grains the energy generating pathways of the cell to two
pathways: respiration, which fully oxidizes nutrients and is thus more carbon-efficient, and
aerobic fermentation, which partially oxidizes nutrients but requires a smaller portion of the
proteome, making it less carbon efficient but more proteome-efficient than respiration. At high
growth rates, the cell enters a proteome-limited state in which the more proteome-efficient
aerobic fermentation pathway that requires much less enzymes than respiration is activated.
To represent the glucose uptake curve under different growth conditions, we expanded this
model (fig. 2, full mathematical description in Supplementary note 1). Specifically, we divided

the growth reaction into a reaction for the biosynthesis of a specific biomass precursor and a
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reaction for the remaining growth processes, added reactions for the degradation and uptake

of the precursor, and incorporated a growth rate independent maintenance energy demand.

Our expanded model represents a cell that takes in a nutrient source, typically a sugar, at rate
Jin into metabolite pool x and biomass precursor at rate /§_, , into precursor A metabolite pool.
The precursor can be used either for biomass biosynthesis or degraded to metabolite x pool
for energy at rate J§,,. Metabolite x is utilized in the precursor biosynthesis pathway, the
biomass biosynthesis pathway or to generate energy via either the respiration or aerobic
fermentation pathways. The carbon flux from metabolite x to respiration, aerobic fermentation,
precursor biosynthesis and biomass biosynthesis is denoted by J¢.,,., ])E_,f, JE, 4 and JC 5,

respectively.

The energy flux generated via the precursor degradation pathway J%_ ., respiration JE. or

aerobic fermentation ],’f_,f pathways is used in the pathways for precursor biosynthesis, cell

biosynthesis and maintenance, at rates J£,, JE,; and JE,, respectively. The maintenance
energy represents energy expenditure and is therefore not correlated with the growth rate. It
is important to note that the maintenance energy and maintenance coefficient are two separate
terms with the later representing the y-axis intercept of the glucose uptake curve. We partition
the overall cell proteome into coarse-grained sectors that facilitate each of the pathways:
biomass biosynthesis (p,_g), precursor biosynthesis (p,_4), respiration (p,_,-), fermentation

(px-y) and maintenance (py_y).

The model is based on several key assumptions: (a) Mass balance and steady state
assumption. The system is in steady state such that the cell components concentrations, i.e.,
energy, biomass precursor and metabolite x, are constant in time. This assumption is

represented by (fig. 2 C-E):

Q) St iox =T i s Hia
(3) ]JE;—W +]5—>f +]£—>x =]5—>A +]ch?—>B +]ch?—>M

4 ]J€—>A +]£S—>A = ]g—>B +]£—>x
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(b) Proteome allocation. The sum of the coarse-grained proteome sectors is equal to one

(fig. 2F):
(5) px—>f + Px-r + Px-B + Px-a + Pa-x + Px-m = 1

(c) Reaction rates. The rate of a given reaction is linear to the size of the proteome sector

processing this reaction as supported by empirical evidence [25]:
©)  JE; = DisjBis)

where jlﬂj is the energy flux of the reaction, p;_,; is the proteome size that executes the
pathway and B;_,; is a parameter describing the efficiency of the proteome sector. (d) Set

stoichiometry. The aerobic fermentation and respiration reactions take in carbon from the
metabolite x pool as a substrate and produce energy as product. The ratio of carbon to energy

is given by:
@) ]JE;—W = Ex—>r]3(c:—>r ; ];lc?—>f = Ex—>f]9(c:—>f

where €, and ¢, are the stoichiometric parameters of the respiration and aerobic

fermentation pathways respectively. The stoichiometric relations for carbon to energy in the

biosynthesis and degradation of the biomass precursor are:

E _ Cc . JE _ Cc
(8) ]x—>A - 6x—>A]x—>A: ]A—»x - 6A—>x]A—>x

where €,_, and ¢,_,, are the stoichiometric parameters of the biosynthesis and degradation
of the biomass precursor pathways respectively. (e) Growth rate demands. The cell
biosynthesis proteome fraction p,_z under carbon limitation follows a linear growth rate

dependence [24-27]:

) Px—p = Do + 0x-p/

The cell biosynthesis rate is proportional to the flux of the necessary growth components
(energy, carbon, and biomass precursor) according to a fixed stoichiometry of the metabolic

network [28,29]:
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(10)  Ji.p=o0gl §]§—>B =0l §]£—>B = o4

(f) Maintenance energy. The demand is constant and independent of the growth rate:

(1) ]5—>M =Ey

any maintenance energy that is proportional to the growth rate is coarse-grained into the cell

biosynthesis reaction.

The difference in efficiencies of the two energy-generating pathways, respiration and
fermentation, is represented in the metabolic stoichiometry and proteome efficiency
parameters. Respiration has a higher carbon efficiency, meaning it generates more energy per
carbon compared to aerobic fermentation [30]. This is reflected in the stoichiometric

parameters describing the energy generated per carbon unit €,_,, > €, (According to [24]:

ATP ATP
Ex—>f =2

)- On the other hand, aerobic fermentation is more proteome

carbon

€ =42——
xX=r carbon’

efficient [24,31-33], meaning it generates more energy per proteome fraction than respiration.

This is reflected in the proteome efficiency parameters describing the energy generated per

mM ATP
0D600h

mM ATP
ODGOOh

proteome unit B, s > By (Measured by [24]: B, = 390 , By =750 ).

Growth on a single nutrient source

To ascertain whether our model successfully captures the transition from respiration to partial
aerobic fermentation, we first predicted growth on a single nutrient source. In this scenario,
there is no uptake flux of the biomass precursor, meaning /5s_,, = 0, and the cell is tasked with
synthesizing all necessary precursors for growth (fig. 2A). We assume that no futile cycle
occurs involving the degradation and biosynthesis of the biomass precursor, setting p,_,, =
J5.,, = 0. The acetate secretion rate is determined by the flux through the aerobic fermentation
pathway given by J,. = SaC],E_)f, where S,. being determined by the involved stoichiometry.
Solving eqgs. 3-11 for acetate secretion gives an acetate secretion rate that increases linearly

with the growth rate (fig. 3B, solid brown curve):
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. . Sac n 1 1
(12)  Juc(single nutrient) = Py <p P — <Ux_,3 + — ﬁ,x_)r t 0p€x5a (ﬁx—vr + ﬁx—>A)> ﬂE)

Bxafﬁx—»r

where S = ) As the aerobic fermentation pathway

14 1
and p E=pE_EM(ﬁ +ﬁx—»r

ﬁx—»r‘ﬁxaf
is more proteome efficient, ; has a negative value, resulting in a positive slope and a negative
y-intercept, providing a good fit to the experimental data (compare solid brown curve in fig. 3B

to blue curve fig. 1B). Since negative acetate secretion is not feasible, the model predicts that

the growth rate for onset of acetate secretion, 4,., occurs when J,. = 0:

(13)  Age = PUE

_OFE 1 1
Ox-Bt g2 +O-A6x_»A(Bx—>r +B,HA)

At growth rates below the onset of acetate secretion, there is no flux through the aerobic
fermentation pathway, so the aerobic fermentation proteome sector size is zero:

Px-5 (A < Agc) = 0. Thus, the model captures the acetate secretion curve.

To explore the model's solution for the glucose uptake curve, we split the solution into two
regimes based on whether the growth rate is above or below the onset of acetate secretion.
For growth rates above the onset of acetate secretion where the aerobic fermentation pathway

is active, combining eqgs. 2-11 gives (fig. 3A, solid brown curve):

(14)  Jin (single nutrient, A > A,.) = ﬁE g (O’C + :E +0'y—0af — (ax_,B +
x-T
234
Bx-r/ €E
where e; = 22220 51 = (1 + E’HA) and g; = aAﬁ ex_,A( L4 1 ) . This solution
Ex—sr—€Exf Exor Bx—r Bx-a

yields a linear curve with a positive slope representing the theoretical reciprocal of the yield

)@), and a y-

€E

coefficient " (single nutrient,A > A,.) = (O‘C +—=+4+0y- (Jx_,B +
Exor

ﬁx—»r

theo

intercept representing the theoretical maintenance coefficient mg,,(single nutrient, A >

ﬁ n E
Aac)ze_ip E+ M

Ex—r
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Upon extrapolation to zero growth, in this growth rate range, the model would predict a
maintenance coefficient that could potentially be negative, contradicting the interpretation of
this coefficient as nutrient flux utilized for non-growth-related processes. Instead, the model
shows this coefficient is composed of the combined non-growth correlated energy and
proteome costs normalized by their efficiencies. A linear fit to the experimental results in this
range (fig. 1A, blue curve) indeed yields a negative value (fig. 4A, blue bar), but the large

measurement error renders it inconclusive. Previous measurements reported a maintenance

mM
gdw h

mM
gdw h

coefficient of —0.0012 for

for Aerobacter aerogenes [6] or —-7.9

Schizosaccharomyces pombe [21] in glucose-limited culture which demonstrates a good
qualitative fit to the negative theoretical prediction. Moreover, eq. 15 shows that the
maintenance coefficient is a factor of not only the maintenance energy E,;, but is also highly

dependent on the energy pathways efficiency parameters (€., €x_r, Bxor, Bxmr) @and the

non-growth-related proteome sector (pg).

For growth rates below the onset of acetate secretion, where the aerobic fermentation pathway
is inactive, the model encounters more constraints than parameters, resulting in three possible
solutions. Each of these solutions neglects one of the three governing equations (carbon
balance, energy balance, or proteome allocation) as only two can be effective simultaneously.
The first solution is carbon sufficient growth, which neglects the carbon balance constraint (eq.
2) and relies on the constraints for the energy balance (eq. 3) and proteome allocation (eq. 5).

This solution produces (fig. 3A, black dashed curve):

(15) A= Pk

(o} + IE OpE ( L + L )
} }
=BT g CAT AR T Broa

However, we dismiss this solution, as it predicts a constant growth rate independent of nutrient
uptake rate, which contradicts the experimental evidence showing a strong correlation
between the two factors. The second solution is energy-limited growth, considering both the
carbon and energy constraints but disregarding the proteome allocation constraint (eq. 5). This

solution yields (fig. 3A, solid red curve):

42



Chapter 2 — Proteome Allocation Model of Nutrient Utilization Links Specific Processes to Yield and
Maintenance Coefficients

(16)  Jin (single nutrient, A < Ay.) = My (GC + % 4 U'A)A

ex =T ex—rr'

Lastly, the third solution is proteome-limited growth, which is based on the carbon balance (eq.
2) and proteome allocation (eq. 5) constraints but disregards the energy balance constraint

(eq. 3). This solution produces (fig. 3A, blue curve):

(17)  Jin (single nutrient,1 < Ayc) = % (pr — ) + (O'C - /:x_’r Oyop+0'4— E"—_’Aa}f)/l

Bx-sm x-T Exor

where a}f =0y (1 + &) Both the energy-limited and proteome-limited solutions expressed

ﬁx—»A
in egs. 17-18 predict a linear solution with a positive slope and y-intercept (see supplementary

note 1 for parameter value assessment).

The above model analysis relates specific cellular processes to the physiological coefficients
of maintenance energy and biomass yield. Below the onset of acetate secretion, it is unclear
whether cell growth is limited by energy or proteome. To differentiate, we compared the
theoretical physiological coefficients to the measured ones (fig. 4C-D, compare blue bar to
stroked bars). The reciprocal of the yield coefficient (the slope of the glucose uptake to growth
rate) shows a slightly better fit to the theoretical solution for energy-limited than proteome-
limited growth but the large error renders this inconclusive (fig. 4D). The measured
maintenance parameter shows a better fit to energy-limited compared to proteome-limited

growth. Previous measurements of the maintenance coefficient for E. coli strain ML308 data

mmol carbon

reported a value of 0.09 obh [3] which also gives a better fit to the values predicted for
600

energy-limited growth.

Theoretically, two limitation scenarios could govern E. coli physiology at growth rates below
the onset of acetate secretion, of which the experimental data support the energy-limited
scenario. A key question arises: what occurs when the growth rate increases, and the energy-
limited solution intersects with the proteome-limited solution? Do cells experience a transition
to exclusively proteome-limited growth at a specific growth rate? To explore this, we first
investigated the specific growth rate at which this intersection occurs. By equating the two
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solutions (eqs. 17 and 18), we calculated the growth rate where the energy-limited and
proteome-limited solutions intersect. Intriguingly, this intersection happens at the same growth
rate 1,. as the onset of acetate secretion, after which the cell activates the more proteome
efficient aerobic fermentation pathway. Previous studies demonstrated that the activation of
the partial aerobic fermentation pathway at high growth rates is a programmed global response
used by cells to balance the conflicting proteomic demands of energy biogenesis and biomass
synthesis for rapid growth [24]. Here, we offer a supplementary perspective where the model
predicts a metabolic switch at the intersect of the energy and proteome limited solutions without
prior information about the fermentation pathway. The observed switch to partial aerobic

fermentation fits this prediction.

Growth on dual nutrient sources: sugar and biomass precursor

To further test the model, we considered the amino acid supplementation experiments (fig. 1)
that perturbed energy and proteome resources by alleviating the need for their biosynthesis
(fig. 3B). The degradable amino acid aspartate can both be catabolized and used directly for
biosynthesis, thus may affect both the energy and proteome balance. The non-degradable
amino acid methionine, in contrast, can only be utilized for biosynthesis and therefore affects

primarily the proteome balance.

To accommodate the model to supplementation of the non-degradable methionine, the
degradation flux and the corresponding proteome sector were set to zero: J,, = pasy = 0.
Furthermore, we assume that due to the high concentration of the precursor in the growth
medium and its low uptake cost compared to biosynthesis, the cell acquires it solely through
uptake and does not engage in its biosynthesis. As a result, the precursor biosynthesis flux
and the corresponding proteome sector are also set to zero: J¢,, = p,_4 = 0. Under these
conditions, by solving egs. 3-11, the model predicts the following acetate secretion curve (fig.

3B, dashed brown curve) and growth rate for onset of acetate secretion:

Sac rn
(18)  Jqc (non — degradable) = (p Bs— 2 (Ux—>B n [;i) ,BE)

Ex—f x-r
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— __ s
(19)  Agzc(non — degradable) GX*BJ'B:T.

To assess the impact of precursor supplementation, we compared the model predictions for
growth with and without the precursor by subtracting the respective solutions. The effect on
the acetate secretion curve is a decrease in slope without affecting the y-intercept,

demonstrated by the following equation (subtract eq. 18 from eq. 12):

(20)  Juc(non — degradable) — ], (single nutrient) = Sac Be| 04€x5a (; +— ) A
Ex—f Bx-a  Bxor

Eq. 20 reveals the specific parameters that influence the shift in the slope, such as the
proteome and carbon efficiencies of the biomass precursor biosynthesis pathway, as well as
the demand for the biomass precursor for growth. Linear fits to the acetate secretion curves
show that the addition of methionine does not affect the y-intercept of the acetate secretion
curve, consistent with the model prediction (Supplementary fig. 1). The slope of the acetate
secretion curve of the methionine curve was smaller than that of growth on glucose alone as
predicted, though not significantly (Supplementary fig. 1). However, the onset of acetate
secretion with methionine was clearly higher for growth with methionine (see Figure 1B,

compare blue and black curves), as predicted (see Supplementary note 1, eq. S73).

The glucose uptake curve is again divided into two regions, below and above the onset of
acetate secretion. For growth rates above the onset of acetate secretion, the aerobic

fermentation pathway is active (],‘c"_)f > 0). Combining egs. 2-11 with the constraints for this

growth rate region, we obtain:

21)  Jin (non —degradable,A > 2,.) = Be p'g +

Em
€E x-T

€

+ (0¢ + 2= = (04mp + ) ) 2.

x-T Bx-r/ €E

Similar to the solution for growth on a single nutrient source, the model predicts a linear curve

1 Of

with a positive slope (reciprocal of the yield) (non — degradable, 1 > A,.) = oc +

Ytheo Ex—r

(a,HB + szr) /:—z However, a negative maintenance coefficient (the y-intercept) m,,(non —
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degradable,A > A,.) = ?p”E + EE—M The experimental results show a good qualitative fit to
E

X-T

these predictions (fig. 4A-B, black bar).

The effect of a non-degradable biomass precursor on the glucose uptake curve in this range

as depicted by the difference in the curves gives (subtract eq. 21 from eq. 14):

E 1

(22)  Jin (non —degradable, A > A,.) — Jin, (single nutrient,1 > A,.) = A04€,4 <B—(

€E
1 1 1
- +—).
ﬁx—»r) (Ex—>A Exor )

Eq. 22 shows that addition of a non-degradable precursor is predicted to have no effect on the

ﬁ x—A

maintenance coefficient (the y-intercept doesn’t change) but increases the yield (decrease the
slope of the curve). The experimental data indeed shows an increased yield and a

maintenance coefficient within this range (fig. 4A-B, compare blue and black bars).

For growth rates below the onset of acetate secretion, the aerobic fermentation pathway is
inactive (],f_)f = 0) and as in the case for growth on a single nutrient source there are three
solutions. The carbon sufficient solution neglects the carbon balance constraint (eq. 2) and is
based on the energy balance (eq. 3) and proteome allocation (eq. 5) constraints. This solution

yields (fig 3A, dashed grey line):

This solution gives a constant growth rate which does not fit the experimental results of
correlation between the growth rate and nutrient uptake rate. The energy-limited growth
solution considers both the carbon (eq. 2) and energy (eq. 3) balance constraints but
disregards the proteome allocation constraint (eq. 5). This solution yields (fig. 3A, dashed red

curve):

(24)  Jin (non —degradable,A < A,.) = Em (Gc + %€ )/’L

Ex—r Ex—r
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The proteome-limited growth solution considers both the carbon (eq. 2) and energy balance
constraints (eq. 3) but disregards the proteome allocation constraint (eq. 5). This solution

results in a curve (fig. 3A, dashed blue curve) given by:

(25)  Jin (non —degradable, A < 2,.) = %(p — L ) + (O'C N Bror ) A.

E
x-r Bx—>M

Both the energy- and proteome-limited solutions give a linear curve with reciprocal of yield

coefficient of Yelne (non — degradable, 2 < 2,.) = (O‘C +

theo

OF

) and % (non — degradable, 2 <

€
x=r theo

Aoe) = (0'(: — Oyxsp % ) and a maintenance coefficient of m{/'s,(non — degradable, 1 < 1,.) =

X-T

Ep prot

and my,,, (non —degradable, 1 < 1,.) = h(p,; - BEM ) for the energy-limited and

Exor x->M

Ex—r

proteome-limited solutions, respectively.

The effect of a non-degradable biomass precursor on the glucose uptake curve, as depicted
by the difference in the curves, is as follows. For the energy-limited solution (subtract eq. 24

from eq. 16):

(26)  Jin (non —degradable, A < A,4.) — Jin (single nutrient,A < A,.) = —0y (1 + Zx"A) A
and for the proteome-limited solution (subtract eq. 25 from 17):

Jin (non —degradable, A < A,4.) — Jin (single nutrient,A < 1,.) = —0y (1 - 6’“—"‘4&)1.

€xor Bxoa

For both limitations, the addition of the biomass precursor is expected to increase the yield

(reduce slope) without affecting the maintenance coefficient (the y-intercept).

The maintenance coefficient comparison for growth with and without methionine showed no
significant difference, as predicted by the model, although there were high measurement errors
(fig 4.C). The difference in slope for growth with and without methionine represents the reduced
proteome and energy costs for methionine biosynthesis. The varying results for growth rates
below and above the onset of acetate secretion (fig 4. B,D) indicate that this cost depends on

the active metabolic pathways, consistent with the model's predictions. The disparity in yield
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between growth with methionine and growth without methionine is more pronounced in the
growth range below the onset of fermentation, indicating a higher cost associated with its

biosynthesis in this range.

To investigate the more complicated case of growth with the degradable biomass precursor
aspartate that can be used for both biosynthesis and energy generation, we made the following
assumptions. Similar to a non-degradable precursor, we assume that uptake is preferred over
biosynthesis, such that /¢, , = p,_,, = 0. Since, in this case, the precursor can be degraded
back to the metabolite x pool, we add a free parameter to the model to include that possibility.
Assuming that the uptake rate of the precursor J§s_, , is linear to the growth rate in each growth
region in the form JSs_ 4 = & + &45-44, determining the parameters &, and &5, Will also
establish how the precursor is utilized by the cell. For example, £, = 0 would indicate that the
precursor is used only for cell biosynthesis and not degraded (full model solution in
supplementary note 1). Comparison of the linear fits of the glucose uptake curve with
supplementation of aspartate (fig. 1A, red curves) to that with growth only on glucose (fig. 1A,
blue curves) revealed that aspartate affected both the maintenance and yield in both growth
regions (fig. 4). The shift in the maintenance coefficient indicates that indeed some fraction of
aspartate was degraded rather than utilized for cell biosynthesis. Surprisingly, aspartate
decreased both the maintenance coefficient and the yield (increased the slope) at growth rates
above the onset of acetate secretion (fig. 4A-B). This suggests a possible tradeoff in the
utilization of aspartate between decreasing maintenance and increasing the yield of the utilized

sugar.

Discussion

Understanding the connections between metabolic processes and cell physiology has been a
challenge for scientists for over a century. In this study, we develop a systematic and
quantitative framework for understanding nutrient utilization in bacterial growth. We focus on
two primary physiological parameters, the maintenance and yield coefficients in E. coli. Using

a proteome allocation model that incorporates the proteome, energy and carbon constraints,
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we show how the growth coefficients are affected by the utilization of distinct metabolic
pathways, specifically respiration and aerobic fermentation. Our analysis shows that the
maintenance coefficient is influenced by not only the energy expenditures for maintenance
processes and the efficiencies of active energy-generating pathways, but also the non-active
proteome sectors. Thus, we provide a quantitative framework capable of discerning the impact
of various growth-limiting constraints and key cellular parameters on physiological growth
coefficients. Leveraging this framework, we introduce a measure to assess the cost of

precursor biosynthesis.

Previous studies attempted to connect metabolic processes and cell physiology by integrating
the molecular constituents of cells into a genome-scale models [4,34—-38]. While such models
can be useful in predicting emergent phenotypes, they are difficult to construct and maintain,
require kinetic parameters that are not readily available [39], and their complexity makes it hard
to relate specific cell processes to the physiological parameters. Other models were either
exclusively phenomenological [40,41] or focused solely on stoichiometry, overlooking
proteome costs [40,42]. Alternative models accounted for the proteome cost associated with
precursor biosynthesis but neglected the energy flux balance within the cell, disregarding the
energetic expenditures for precursor and cellular biosynthesis, as well as energy-generating
pathways [43]. In this study, we expand upon prior coarse-grained proteome allocation
models[24—27] to encompass stoichiometry, energy balance, and proteome costs, offering a

more comprehensive perspective.

The concept of maintenance expenditures is complex and has been a long-standing subject
of debate [10]. It has been attributed to various cellular processes such as cell motility,
osmoregulation, turnover of macromolecular compounds, defense against stress, energy
spilling, and extracellular losses of compounds [10,12,13,18]. Although the physiological
maintenance coefficient in continuous culture has been described phenomenologically, the
direct effect of specific cell processes has not been linked to it. In our study, we differentiate

between the maintenance coefficient, defined as the y-axis intercept of the glucose uptake
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curve, and maintenance energy, which encapsulates all non-growth-rate-correlated energy
expenditures of the cell. Our analysis reveals that the maintenance coefficient depends not
only on the maintenance energy and the efficiencies of active energy generating pathways, as
been preciously suggested [44], but also on the non-active proteome sectors. We focus on the
shift from respiration metabolism to fermentation to demonstrate that this change in metabolic
pathway utilization can indeed affect the maintenance coefficient. Furthermore, when multiple
energy generating pathways are active, the maintenance coefficient can be negative,
contradicting the interpretation of the maintenance coefficient as nutrient utilized for non-
growth-related purposes. It is important to note that the biological significance of this coefficient
should not be interpreted as nutrient utilization at zero growth rate, as this extrapolation leads
to an unrealistic scenario in which cells secrete nutrients. Instead, it should be considered as
a valuable measurable parameter that provides abundant information about growth limiting
constraints and nutrient utilization preferences as demonstrated here for the case of growth

with supplementation of aspartate.

In the field of metabolic engineering, efforts are often focused on maximizing the production of
valuable by-products. As part of this process, the yield and maintenance coefficients serve as
practical proxies for understanding the effects of genetic modifications on cellular processes
[44,45]. Typically, strategies aim to increase the yield and reduce the maintenance coefficient
as measured for the growth range below the onset of fermentation. However, it is crucial to
note that these coefficients might not always be the most pertinent parameters in all scenarios.
Specifically, many bioproduct formation processes occur during the fermentation range
[44,45]. Our analysis reveals that in this range, the yield and maintenance coefficients are also
influenced by parameters other than the ones observed below the onset of fermentation, such
as the proteome efficiencies of the various pathways. Furthermore, the effect of the different
parameters is not always trivial. For example, our analysis predicts that improving the
proteome efficiency of the respiration pathway could potentially decrease the maintenance
coefficient (to a higher negative value) but also decrease the yield in the fermentation range

(supplementary fig. 2).
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At growth rates below the onset of fermentation, our analysis indicates that multiple model
solutions can arise depending on the specific constraints considered — namely, carbon
sufficient, energy-limited, or proteome-limited growth. By fitting experimental data to the model,
we propose that for respiratory growth of E. coli under glucose-limited conditions, growth is
predominantly energy-limited. Whether purely proteome-limited growth occurs under certain
conditions remains an open question. Previous research has proposed that that the growth
limiting substrate depends on the nutrient's degree of reduction such that lowly reduced
nutrient lead to energy-limited growth while highly reduced nutrients result in carbon limited
growth [46]. Our model predicts that carbon limitation always coincides with either proteome
or energy limitation, as both energy- and proteome-limited growth solutions incorporate the
carbon balance assumption. Instead, we speculate that growth in highly reduced nutrients
leads to proteome-limited growth. Alternatively, proteome-limited growth might occur under
high-stress conditions such as those experienced in high heat or under antibiotic treatment

that necessitate substantial proteome investment.

An important question in evolutionary biology and biotechnology are the cost for precursor
biosynthesis [47]. Previous studies have calculated these costs based on either the energetic
costs involved in precursor biosynthesis [48-53] or the proteome cost associated with the
precursor biosynthesis pathway [54]. In this study, we suggest using the shift in maintenance
and vyield coefficients as a proxy for the comprehensive cost of biomass precursor
biosynthesis, encompassing both energetic and proteomic costs. By utilizing our model, we
were able to identify which growth parameters affect the coefficients and predict that the cost
of amino acid biosynthesis varies under different growth modes, such as respiratory and partial
aerobic fermentation [55]. This approach holds the potential to clarify deviations from the
theoretical predicted trend of amino acid usage abundance to cost of biosynthesis as
measured only by the energetic cost [47,56] or proteome cost [54] in yeast, or deviations from
expected uptake of amino acids according to cost in E. coli [57]. Our previous research
demonstrated that amino acids utilization efficiency in batch culture is affected by the

availability and the relative amounts of other nutrients, deviating from the theoretical prediction
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based on the sum of nutrient dissipation energies [58]. Our current analysis proposes that this
deviation could potentially result from the effect of proteome allocation on yield, a factor not

included in the model of the previous study.

Our coarse-grained proteome allocation model offers a comprehensive framework for
understanding nutrient utilization; however, it is essential to acknowledge that it does not
account for all possible constraints impacting cellular metabolism. Factors such as molecular
and membrane crowding, as well as the effects of different stresses such as pH, temperature,
and oxidative stress are not explicitly included in the model. For example, intracellular and
membrane crowding [59-63], which has been proposed as the growth-limiting constraint at
high growth rates in yeast [21], is not considered in our analysis. Moreover, the assumptions
of the model may not hold true in extremely low nutrient concentrations. Under these
conditions, metabolic pathway flux may no longer exhibit a linear relation with the proteome
sector due to low substrate concentrations. An alternative definition of maintenance considers
it as the minimal energy required to sustain the organism during starvation [10,64,65]. Values
measured according to this definition do not fit the values measured according to the intercept
with the y-axis of the nutrient uptake curve [65]. Our model cannot predict the maintenance in
this range as it does not hold in low nutrient concentrations or under starvation. Nevertheless,
our model provides a framework that can be adapted to accommodate these additional
constraints and complexities. Future work can focus on incorporating these factors into the

model to enhance its accuracy and applicability.

Our study provides valuable insights into the underlying cellular processes that govern nutrient
utilization and the associated growth coefficients, which have implications for both evolutionary
biology [11,66] and biotechnology [67—69]. Our coarse-grained proteome allocation model
serves as a starting point for further investigation and development of more comprehensive
models that account for additional constraints and stress factors. For instance, extending the
model to account for challenging environments, such as those encountered during antibiotic

treatment, could potentially reveal proteome trade-offs cells are forced to make, enabling the
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identification of strategies for optimizing antibiotic therapy to target specific bacterial

vulnerabilities and minimize the risk of resistance development.

Material and methods

Data analysis:

The OD measured by the microplate reader was linearized using a premeasured calibration
curve. Growth curves obtained in the microplate reader were compared to growth curves
obtained in shake flask and were equivalent. All linear fits were done to the average of the

triplicate measurements by method of least-mean-square [70].

Strains and growth essays:

In the growth essays the NQ1243 [24] was used. The experiment was done at 37°C shaker
shaking at 350 rpm in three steps: seed culture, pre-culture and experimental culture. For seed
culture, one colony from fresh LB agar plate was inoculated into test tube with M9 minimal
medium with 4 gr/l glucose and cultured in 37°C shaking at 350 rpm for 8-9 hours. The culture
was then diluted in pre-warmed 96 deep well plate to an ODeyo of 0.05-0.4 so that all cultures
reached exponential phase at the same time. Each growth condition in the deep well plate was
run in triplicates. All conditions contained m9 minimal medium, 4 gr/l glucose and different
concentrations of the inducer for the glucose uptake promoter 3methyl-benzyl. The growth
conditions with methionine or aspartate contained 0.1 gr/l methionine or 1 gr/l aspartate
respectively. Every 30 min, 40 ul culture from every well were collected and used to measure
ODeoo using Tecan microplate reader (Tecan Infinite M200). Another 100 pl culture from every
well was collected, centrifuged at 15,000 rpm, the supernatant was collected and immediately

frozen.

Supernatant were used to measure acetate concentrations using Acetate assay kit
(Megazyme Acetic Acid Assay Kit) amd glucose concentrations using D-Glucose Assay Kit

(Gopod format). The slope of the plot of acetate/glucose concentrations versus ODsgo for all
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replicates (multiplied with the measured growth rate) was used to determine the acetate

secretion/glucose uptake rate.

Supplementary material

All supplementary material is available on: https://doi.org/10.5281/zen0do.8359139 .

Acknowledgments

OGo and US acknowledge support by Marie Sktodowska-Curie Actions ITN “SynCrop” (grant

agreement no. 764591). Figures were generated using Biorender.

We are grateful to H. de Jong and A. Y. Weile for valuable discussion and comments.

54


https://doi.org/10.5281/zenodo.8359139

Chapter 2 — Proteome Allocation Model of Nutrient Utilization Links Specific Processes to Yield and
Maintenance Coefficients

Figures

>
w

—— No precursor —— No precursor

—— Methionine —— Methionine

— Aspartate

3 —— Aspartate

Glucose uptake rate [mMM/hOD]
Acetate secretion rate [mM/hOD]
~n

0.6 0.7 0.8 0.9 1 0.6 0.7 0.8 0.9 1 11
Growth rate [1/h] Growth rate [1/h]

Figure 1 — Physiological growth coefficients of growth in different conditions. (A-B)
Glucose uptake and acetate secretion rates as function of growth rate for growth without
supplementation of a biomass precursor and supplementation of methionine or aspartate.

Curves show linear fit region (fit parameter R2>0.9). Error bars depict error of fit parameter.
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Figure 2 — Mathematical model for growth on a single nutrient source. (A) Model
schematics. The cell takes in some sugar into metabolite x pool. Metabolite x is used to
generate energy via the respiration or aerobic fermentation pathways, to biosynthesize the
biomass precursor or for cell biosynthesis. (B) With availability of a biomass precursor source,

the cell no longer needs to biosynthesize the precursor and is also able to degrade it back to
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an intermediate metabolite. (C) Energy flux balance. The energy generated in the respiration
(JE,,) and fermentation (]f_)f) pathways is used for cell biosynthesis (JE.;), precursor
biosynthesis (J£, ,) and maintenance (J£,,). (D) Precursor flux balance. The precursor coming
in from uptake (J$s_,4) and biosynthesis (J<,,) is utilized in the precursor degradation (J5_,)
and biomass biosynthesis pathways (J<_ ). (E) Carbon flux balance. The carbon coming in
from the uptake of the nutrient (J;,,) and degradation of the precursor (J5.,,) is utilized to
generate energy via either the respiration (/¢_,,,) and aerobic fermentation ([,f_>f) pathways, for
precursor biosynthesis (J¢_,,) or for biomass biosynthesis (J¢,z). (F) Proteome allocation
constraint. The proteome is distributed to the different proteome sectors: Energy generation
via the respiration (p,_,) or aerobic fermentation (p,_;) pathways, precursor biosynthesis

(px-a), precursor degradation (p4_,,), cell biosynthesis (p,_5) or maintenance (p,_u).
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Figure 3 — Model solutions for growth with and without supplementation of a non-
degradable biomass precursor. (A-B) Model predictions for the nutrient uptake rate (A) and
acetate secretion rate (B) as function of growth rate. Solid lines depict model predictions for
growth on a single nutrient source. Dashed lines depict model predictions for the effect of a
non-degradable biomass precursor. Brown curves show model predictions for growth rates
higher than the onset of acetate secretion; blue and red curves show model solutions for the

proteome and energy-limited solutions respectively.
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Figure 4 — Comparison of experimental results to model predictions. Comparison of the
maintenance and reciprocal of the yield experimental results (solid bars) for growth on glucose
or glucose with supplementation of methionine or aspartate compared to model predictions
(dashed bars). (A-B) Growth rates above the onset of acetate secretion. (C-D) Growth rates

below the onset of acetate secretion.
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Abstract

Microorganisms utilize nutrients primarily to generate biomass and replicate. When a single
nutrient source is available, the produced biomass increases linearly with the initial amount of
the available nutrient. This linear trend can be predicted to high accuracy by “black box models”
that consider growth as a single chemical reaction with nutrients as substrates and biomass
as a product. Since natural environments typically feature multiple nutrients, we extended the
black box framework to include catabolism, anabolism, and biosynthesis of biomass
precursors to quantify co-utilization of multiple nutrients on microbial biomass production. The
model differentiates between different types of nutrients: degradable nutrients that first must
be catabolized before they can be used from non-degradable nutrients that can only be used
as a biomass precursor. Experimentally, we demonstrated that contradictory to the model
predictions, there is a mutual effect between different nutrients on Escherichia coli’s nutrient
utilization, where the ability to utilize one is affected by the other; i.e., for some combinations
the produced biomass was no longer linear to the initial amount of nutrients. To capture such
mutual effects with a black box model, we phenomenologically added an interaction between
the metabolic processes used in utilizing the nutrient sources. The phenomenological model
qualitatively captures the experimental observations and, unexpectedly, predicts that the
produced biomass does not only depend on the combination of nutrient sources but also on
their relative initial amounts — a prediction we validated experimentally. Moreover, the model
predicts which metabolic processes — catabolism, anabolism, or precursor biosynthesis — is

affected in each nutrient combination.

Introduction

Natural environments are characterized by a broad spectrum of physicochemical
parameters that collectively define constraints within which species survive and thrive. Of
particular importance to niche occupancy by different microbes are the type of nutrients and
their temporal availability. For example, bacteria growing in a riverbed might experience

continuous nutrient flux and high spatial homogeneity while bacteria growing in pulsating
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environments, such as tidal wetlands or at the sea bottom, receive nutrients only sporadically
[1,2]. Different physiological traits provide fithess advantages for different nutrient dynamics.
Continuous nutrient flux environments favor organisms with higher growth rate so that they
can exploit the otherwise washed out nutrients, while environments of sporadic nutrient flux

and high spatial heterogeneity favor organisms that utilize resources more efficiently [3—6].

In conditions of continuous nutrient flux, the biomass produced per consumed nutrient is
physiologically defined as the biomass yield parameter that describes the efficiency of nutrient
utilization [7—9]. Theoretical models, known as ‘black box models’, predict the biomass yield
for growth on a single nutrient source in conditions of continuous flux such as those observed
in chemostat experiments to high accuracy [10—12]. These models consider growth as a single
chemical reaction with the nutrients as substrates and the produced biomass and secreted
byproducts as products. By calculating the change in free energy of the whole reaction, the
biomass vyield is predicted. Here, we adopt these models to qualitatively predict and then test
the overall biomass yield in batch cultures of Escherichia coli, where the outgoing flux of
nutrients is limited so that all available nutrients is utilized, including reutilization of secreted
byproducts, a condition akin to a single nutrient pulse in natural pulsating environments. Since
natural environments typically contain multiple nutrients [13—-15], we investigate whether the
overall biomass yield of a nutrient depends on the availability and metabolic properties of a

second nutrient, for example if it can be degraded or only used as a building block for biomass.

Generally, black box models describe scenarios without mutual effects between nutrients;
hence, the overall biomass yield of each nutrient is independent of the availability of another.
We tested this prediction experimentally by titrating a second nutrient to batch cultures grown
on a single carbon source, demonstrating that the overall biomass yield depends not only on
the availability but also on the initial amount of other nutrients, and that this mutual effect can
be negative. To explain these observations, we expanded the black box model to consider
whether a second nutrient can only be used for biomass synthesis or also degraded for energy

generation and included mutual effects between the metabolic processes of the nutrient
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sources. The model qualitatively captures the experimental observations and explains how the
combination of nutrients affects metabolism. Furthermore, using the model, we determine the

mutual effect of different nutrient combinations on growth processes.

Results

Growth on a single nutrient source

The classical system to investigate the efficiency of nutrient utilization in pulsating
environments where organisms have sufficient time to fully utilize all available nutrients in a
single nutrient pulse are batch cultures. Here we follow growth of E. coli until depletion of the
initial nutrient source and potential secreted byproducts when stationary phase is reached in
M9 minimal medium with glucose, malate, or aspartate as sole carbon sources [16,17]. These
carbon sources were chosen as respiro-fermentative, strictly respiratory, and a degradable
biomass component. The produced biomass (AB), that is the biomass reached at stationary
phase minus the biomass at inoculation, was recorded as the optical density at 600nm,
converted to cellular dry weight using a predetermined conversion factor [18], and plotted
against the initial nutrient amount (Fig 1; S1 Fig). The produced biomass shows a good linear
fit to the initial amount of the sole carbon source (Fig 1B) and as such, can be described by

[16]:
(1) AB = Yx/pNp

where Np, is the initial amount of nutrient D and Yy, the overall biomass yield for organism X

on nutrient D which describes the efficiency of full utilization of the available nutrient.

Fig 1. Overall biomass yield of malate (A) Growth curves of E. coli for different initial
amounts of malate. Curves are averages of three biological replicates. The produced biomass
(ABM) is the final biomass reached in stationary phase minus the initial biomass at inoculation.
(B) The produced biomass of the different growth curves in Fig 1A as function of the initial

nutrient amount. The slope of the linear fit is the overall biomass yield (fit parameter R?>0.9).
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Bars of standard errors of the biological replicates are too small to be noticeable. Data for

glucose and aspartate experiments are shown in S1 Fig.

To predict the produced biomass, we used a black box formalism [10] that separates the
growth reaction of chemotrophic organisms to a two-reaction process (Fig 2A). The first is a
catabolic reaction that releases Gibbs free energy by breakdown of nutrients. The second is
the anabolic reaction that uses the released free energy for the synthesis of new biomass. The

overall Gibbs energy dissipation AGy of the growth process is given by ([10], S1A text):
1
(2) AGy = 7 AGeqe + AGgn
X/D

where the subscripts cat, and an refer to the Gibbs energy of dissipation of the catabolic and
anabolic reactions, respectively. Given that all secreted byproducts are utilized in the here
investigated growth conditions, the free energy of the secreted byproducts can be set to 0, the

overall biomass yield may be predicted as [10]:

— AGcat‘
(3) Yx/p = 36 —ncr

Combining equations (1) and (3) predicts a linear correlation of the produced biomass as
function of initial nutrient amount with a slope that depends only on the type of nutrient
through AG,.,;. This prediction fits qualitatively well with all measured nutrients [16,17] (Fig 1B,

S1 Fig).

Growth on multiple nutrient sources

Since organisms typically encounter multiple nutrients in natural environments, we next
asked whether the availability of one nutrient affects the overall biomass yield of another. To
enable a black box model to capture such effects, we added another reaction that depends on
the type of second nutrient: A) degradable nutrients that first must be catabolized before they
can be used, such as a sugar; B) non-degradable nutrients that can be used only as a biomass
precursor, such as the non-degradable amino acid methionine in E. coli; and C) nutrients that

can be both catabolized or used directly as a biomass precursor, such as the amino acid
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aspartate in E. coli. For the combination of two degradable nutrients the added reaction is

catabolic (S1B text, Fig 2B). In this case, the overall Gibbs energy dissipation gives:

_ 1 Ny 1 N,
(4) AGy = Ve AGcat + Yams AGcat

+ AGgy,

where AGY!

ot 18 the Gibbs energy of dissipation for the catabolic process of nutrient i. When the

second nutrient source is a non-degradable biomass precursor, we split the anabolic reaction
into two — a reaction for biosynthesis of the biomass precursor and a reaction for the general

anabolic process (S1C text, Fig 2C). The overall Gibbs energy of dissipation in this case gives:

1 b
(5) AGx = Yx/N AGegr + AGarszyn + AGbsyn(1 — Myy)
1

where AGp,,y is the Gibbs energy of dissipation for synthesis of the biomass precursor and

Afof’” is the dissipation energy for the general anabolic process minus that of the biomass
precursor. The function M,,;; describes the ratio of available biomass precursor to that required
to generate the produced biomass during the growth process. It is dependent on biomass
precursor availability such that when all the necessary biomass precursor is available in the
environment, the function assumes the maximal value of 1 and the cost for this precursor

biosynthesis is alleviated.

Combining equations (4) or (5) with equation (1) shows that regardless of the type of nutrient
supplemented, the produced biomass is predicted to be a linear sum of the biomass gained
from the available nutrients and the overall biomass yield of each nutrient is independent of

the availability of others (S1B-C text, Fig 2D):
(6) AB = Yy n1 N1 + Yx/n2 N,

where N; is the amount of nutrient i in the growth medium and Yy ,y; is the overall biomass

yield of nutrient i.

To test the prediction that the overall biomass yield of a nutrient is independent of the

availability of others, we compared the overall biomass yield of E. coli for different nutrients,
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henceforth referred to as the measured nutrient, in the presence or absence of a second
nutrient, termed the base nutrient. To do so, the initial amount of the measured nutrient was
varied for each batch culture experiment at constant initial amounts of the base nutrient
between 0 and 1.2 g/l for glucose, acetate, or aspartate and 0 and 0.06 g/l for methionine. The
produced biomass was plotted against the initial amount of the measured nutrient and the
overall biomass yield was determined as the slope of a linear fit of that curve (Fig 3A,B). In
combination with glucose, succinate, or acetate as base nutrients, we determined the overall
biomass yield of xylose and methionine as measured nutrients, as examples of degradable or
non-degradable nutrients, respectively (Fig 3). The initial amount of base nutrient determines
the intercept with the Y-axis and was chosen such that the measured parameters remain within

measurable range.

The overall biomass yield was highly dependent on the base nutrient. For xylose, the overall
biomass yield was higher on succinate as base nutrient than on glucose or when used alone,
and for methionine the overall yield was by far the highest on glucose (Fig 3C,D). For most
combinations, the influence of the second nutrient was monotonous across the tested
concentrations, i.e., the overall biomass yield of the measured nutrient can be determined from
the slope of a linear fit (Fig 3A,B). An exception was the non-monotonous behavior of
methionine as the measured nutrient in combination with glucose as a base nutrient (Fig 3B).
At low initial amounts of methionine (below 3 pg), increasing initial amounts of methionine
unexpectedly decreased the produced biomass. In the higher range of initial amounts (above

3 pg), increasing methionine initial amounts increased the produced biomass linearly.

Thus, the overall biomass yield of a measured nutrient is dependent on the base nutrient,
consequently black box theory cannot capture the produced biomass of multiple nutrient
sources. To enable the model to describe such mutual effects, we expand it to include such
effects phenomenologically. To do so, we coupled a function that is dependent on the

combination of available nutrients to the Gibbs energy dissipation of each reaction in the
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growth processes. For simplicity, we assumed these functions are linear to the initial nutrient

amount.

As such, the overall Gibbs energy dissipation of growth on two degradable nutrient sources is

described as (S1D text):

(7) AGx = Y AGcatfcatl (N2) LT AGéVaztfcatz (N1) + AGgnfan(Ny, Ny)

where f..:(N;), fan(N;) are linear functions to the initial amounts of nutrient source i, with

coefficients m gr’l respectively. These functions phenomenologically depict the mutual

cat '
effect of the nutrient combination on the growth processes. Combining equations (1) and (7)

predicts the produced biomass:

(8) AB = ek

N1+AGcatN2+AmC AT2N1N2
AGX AGanfan(Nl NZ)

where Amgﬂ'z = AGZV;tmICV;t + AGmtmICV;t and f,,(N;,N,) = 1 +mhiN, +mh2N,. Given a
mutual effect between nutrients, the produced biomass is thus made of three terms, two
describing the direct effect of catabolism of the two nutrient sources and a third term describing
the mutual catabolic effect depending on availability of both substrates. Exploring the solution
space of the model shows that, depending on the type of mutualism, qualitatively different
relationships are predicted between available nutrients and biomass formation (Fig 4A) — a
positive mutual catabolic effect increases the overall biomass yield (Fig 4A, orange curve)
while a negative catabolic effect decreases it (Fig 4A, purple curve). The expanded model can
capture the experimentally observed mutual effect of increased overall biomass yield with a

positive mutual catabolic effect (compare increased slope for different base nutrients in Fig 3A

to the orange curve in Fig 4A).

For growth on a combination of a degradable nutrient and a non-degradable biomass

precursor, the overall Gibbs energy dissipation is described as (S1E text):

1
(9) AGX = mAGcatfcat(M) + AGanfan(N: M) + AGI%yn fbsyn(N)(l - Mutl)
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where feot(Myer), fan(N, Myer), fosyn(Myy) are linear functions with coefficients m,,, my,,
men , Mspyn respectively. These functions depict the mutual effect between the nutrient sources
on the Gibbs free energy of each growth reaction. Solving equations (1) and (9) for the

produced biomass gives a quadratic equation:

AGeqt
AGy

(10) AB? — AATL: (NAGegr + M (M, AGan — (1 + Mgy N)AGH ) ) — N2 M = 0

where AGy = (AGy — AGan(1 = Ny ) — AGHL,,(1+ Mgy, N)) and M’ = My 8B,

Unlike the solution for growth on two degradable nutrient sources, solving equation (10) for the
produced biomass shows that a mutual effect between a biomass precursor and a degradable
nutrient can give rise to non-monotonous solutions. Fig 4B explores the solution space of
possible mutual effects between a precursor and a degradable nutrient. The case of a negative
catabolic effect (Fig 4B, orange curve) fits qualitatively well with the experimental observation

of the biomass precursor methionine on glucose as base nutrient (Fig 3B, green data points).

The coefficients of the linear functions depicting the mutual effect between the nutrients are a
key output of the model since they infer how each combination of nutrients effects the different
growth reactions. Fitting these coefficients to the experimental results of methionine growing
with glucose as a base nutrient gives a qualitative fit to a negative value for the catabolic
parameter (coefficient m.,;), revealing that methionine decreases the catabolic efficiency of
glucose. Furthermore, the overall biomass yield of methionine on glucose in the linear region
is higher than that on succinate or acetate (Fig 3D), suggesting a mutual effect on another
metabolic process in one of these combinations, potentially the precursor biosynthesis

processes (coefficient mgy,,). For all combinations of two degradable nutrients, the overall

biomass yield increased as compared to growth on sole nutrient sources (Fig 3C), a result that

fits a positive mutual effect on the catabolic process (coefficient m4;).

An unexpected model prediction is noticeable in equations (9) and (10) where the initial
amounts of the two available nutrients are coupled in at least one term. Hence, the model

predicts that the overall biomass yield of a measured nutrient depends not only on the
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availability of a base nutrient, but also on the relative initial amounts of the nutrients. For a
combination of two degradable nutrient sources with a positive catabolic effect, as observed
experimentally for xylose on the two base nutrients (Fig 3A,C), the overall biomass yield is
predicted to increase with increasing initial amounts of the base nutrient (Fig 4C). For the
combination of a degradable nutrient and a biomass precursor, such as methionine on glucose,
with a negative catabolic effect and positive effect on precursor biosynthesis, the model
predicts a shift of the curves for the non-linear part as well as an increase in the slope of the

linear part with increasing initial amounts of base nutrient (Fig 4D).

To test these predictions, we determined the produced biomass on xylose and methionine as
the measured nutrients on different initial amounts of succinate and glucose as the base
nutrients, respectively (Fig 5A,B). The overall biomass yield of xylose (i.e., slope of the curve)
increased linearly with the initial amount of the base nutrient succinate (Fig 5A, C). This
observation fits well with the model prediction for a positive catabolic effect between two
degradable nutrients (Fig 4C). The curve of the produced biomass on methionine exhibits a
more complex dependency on the initial amount of glucose as the base nutrient. Above 5 pg
methionine, the slope of all curves increased linearly with the amount of the base nutrient
glucose, but below 5 ug methionine there was no linear dependency and the amount of base
nutrient varied the curve shape (Fig 5B, D). This observation fits well with the theoretical
prediction (Fig 4D) that this nutrient combination not only has a positive effect on the precursor
biosynthesis reaction (i.e., the linear dependency at higher methionine supplementation), but
also a negative catabolic effect where at low methionine concentrations, in some cases, more

methionine leads to lower biomass gain.

Which mechanism underlies the negative catabolic effect of methionine on glucose? The
growth curves followed the classical diauxic shift with exponential growth on glucose and a
second phase on previously secreted acetate (S2A Fig). For the example of 160 pg glucose
as the base nutrient (Fig 5, pink curve), the first phase lasted 4-4.5 hours and growth on acetate

resumed between 7-10 hours (S2A Fig). In both phases, the biomass gain (calculated as the
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biomass at the end minus the biomass at the beginning) increased linearly with methionine
amounts greater than 2 ug (S2B, C Fig). The biomass gain was much higher than the trendline
in the absence of or at very low methionine concentrations. During exponential growth on
glucose in the first phase, methionine decreased the gain in biomass but increased the growth
rate (S2D Fig.). Given the diauxic shift from growth on glucose to previously secreted acetate
(S2E Fig), the most plausible explanation for the higher biomass gain without or low methionine
in the second phase is due to higher acetate secretion in the first phase. To test whether
methionine supplementation indeed reduced acetate secretion, we varied acetate secretion
rates by altering steady state growth through an inducible promoter for the glucose uptake
gene ptsG that limits glucose uptake [19]. Comparing acetate secretion in the presence and
absence of methionine shows that methionine indeed decreases acetate secretion (S2F Fig).
Thus, the negative catabolic effect of methionine on glucose catabolism appears to be a
combination of a lower biomass gain during the first growth phase, with a higher growth rate
and less acetate secretion, and a lower biomass gain in the second phase because less

acetate was secreted.

At the lowest amounts of methionine (0 and 1.43 pg) we noted a shorter lag time for growth on
acetate (S2A Fig, compare red and black curves to the other curves). Growth with 1.43 ug
methionine was somewhat special as it followed the biomass trendline in the first growth phase
but could not sustain the higher growth rate throughout this growth phase (S2A Fig, red curve
between 2-4h), presumably because methionine was used up, which explains why its biomass
gain in the second phase was indistinguishable from the no methionine condition (S2C Fig).
Consistently, 1.43 pg methionine was below the amount necessary to produce the biomass
reached at the end of the first growth phase (about 1.7 pg of methionine is required to generate

0.8 gDCW of biomass [20]).

Growth with a second nutrient that can be degraded and used as a biomass precursor

So far, we focused on degradable nutrients or nutrients that can only be used as biomass

precursors. Some nutrients such as degradable amino acids, however, can be directly used
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both as biomass precursors or energy source. Given the complex curves observed for the
combination of biomass precursor and degradable nutrient, we expected that a degradable
amino acid in combination with a degradable nutrient would also produce non-monotonous
curves. To investigate the effects of such nutrient combinations, we measured the produced
biomass on the degradable amino acid aspartate on different initial amounts of glucose and
acetate as base nutrients (Fig 6A,B). The combination of aspartate and acetate led to a
complex curve with two linear phases separated by a double shift in slope at intermediate
concentrations (between 100 — 150 pug, Fig 6A). The first phase at low initial amounts of
aspartate resulted in a linear slope that increases with initial amount of acetate while the slope
of the second phase shows only a low dependency on acetate initial amounts (Fig 6C).
Aspartate on glucose also shows a complex curve with two linear phases (Fig 6B). In this
nutrient combination, the slope of the first phase is independent of the initial amount of glucose
yet the length of this phase increases with increasing initial glucose amounts (Fig 6D). The
slope of the second linear phase increases with increasing glucose initial amounts. The
complex behavior observed in these experiments cannot be captured even with the mutual
effect model presented here. We hypothesize that the ratio of how much aspartate is utilized
as a biomass precursor to how much is catabolized affects the overall biomass yield. The
multiple utilization possibilities add an additional degree of freedom to the system and as such,
capturing the behavior of these nutrients in a model requires time-resolved intracellular flux

information.

Discussion

In conditions of low nutrient flux, organisms utilize all nutrients in the environment and
reabsorb previously secreted byproducts to fuel further growth. Here we asked whether the
availability of one nutrient affects the utilization efficiency of another? We showed that different
nutrient combinations have different mutual effects on an organism’s ability to generate
biomass, presumably by changing intracellular metabolism, secretion, and reabsorption of

secreted byproducts. While microbial utilization of multiple nutrients has been extensively

76



Chapter 3 — Overall biomass yield on multiple nutrient sources

studied, yielding significant findings like the diauxic shift [21-23] or the complex interplay of
factors in multiple nutrient environments [24-27], these studies don’t differentiate between
different nutrient types, focus on specific growth phases and as such are incapable of capturing

the biomass gain from the entire growth curve.

To address this challenge and gain a more comprehensive understanding, we expanded
previous black box models to depict the full growth process for growth on multiple nutrients.
We expanded the model to account for the effect of different nutrient types and incorporated a
phenomenological representation of mutual effects between nutrient sources. The expanded
black box model was able to qualitatively capture the experimental observation and further
predicts that the overall biomass yield of a nutrient depends not only on the availability of other
nutrients but also on the ratio of initial amounts of the different nutrients. Given the coarse
granularity of a black box model, it does not identify the specific metabolic reactions. However,
by fitting the model to experimental measurements, the model can determine which coarse-
grained metabolic process — catabolism, anabolism or precursor biosynthesis — in each
nutrient combination is the cause of the mutual effect. This leads to generate hypotheses on
which specific pathways are affected. For instance, we observed that for E. coli growing on
glucose, methionine supplementation decreases the catabolic efficiency of glucose utilization,
and provide circumstantial evidence that this is caused by a combination of the effect of

methionine on the growth rate and reduced acetate secretion.

For all nutrient combinations, the initial amount of the base nutrient had a positive effect on the
overall biomass yield of the measured nutrient, for at least some region of the measured range.
This result is consistent with previous reports, for example, the supplementation of growth
media with casamino acids or yeast extract has been shown to increase the carbon utilization
efficiency of succinate or asparagine in batch culture experiments of Enterobacter aerogenes
and Pseudomonas perfectomarinus [28]. Similarly, the utilization of mixtures of different
dissolved organic carbon sources by bacterial communities in aquatic systems has been found

to be more efficient than the utilization of a single source [29-33]. Moreover, the carbon
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utilization efficiency of Candida utilis, P. oxalaticus, Saccharomyces cerevisiae, Paracoccus
denitrificans, and Thiobacilius versutus has been found to be higher than theoretically
predicted when a nutrient source that can be utilized solely as an energy source was
supplemented during balanced growth conditions [34—36]. It is tempting to conclude that the
underlying reason for this deviation from the theoretical prediction is similar in all cases,
regardless of the experimental setup and measured parameter, i.e., biomass yield as
measured in a chemostat continuous culture [7—-9] or the overall biomass yield as measured
in batch cultures. Our analysis suggests that the different nutrients affect each other’s
catabolism, although the specific metabolic pathways that are affected remain unresolved. One
potential explanation could lie in the concept of maintenance energy, which can potentially
vary depending on nutrient availability. A maintenance energy that decreases due to
supplementation of a second nutrient would consequently increase the efficiency of nutrient
utilization. To further investigate these mechanisms and identify a possible global mechanism,
a more detailed resolution of metabolic pathways and their fluxes will be necessary, possibly
by combining the thermodynamic black-box approach presented here with genome-scale

metabolic models [37,38].

Inherent to the black box models is the conception that the biomass produced is ultimately
constrained by the energy available in the system. These models hinge on a thermodynamic
balance, where the energy gleaned from catabolic processes is weighed against the energy
expended in anabolic processes. While these models address the energy balance, implications
for the carbon balance can extrapolated from the results. Given the conservation of carbon in
the system, our findings suggest that the combination of nutrients could have a substantial
impact on CO- production as the primary carbon byproduct during growth. In cases where a
base nutrient augments the yield of the measured nutrient, CO- production per nutrient utilized
would decrease, while a base nutrient that diminishes the yield of the measured nutrient can

result in an increase in CO2 production per nutrient utilized.
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Understanding the influence of nutrient combinations on CO, production opens up broader
ecological considerations, especially when changes in CO; production can significantly impact
the environment [39,40]. Microbes metabolize a wide range of compounds, which affects the
dynamics of organic matter and CO; emissions [41-43], potentially impacting agricultural
productivity, ocean nutrient balance, and the global climate [43]. For example, heterotrophic
microbes respire 60 gigatonnes of terrestrial organic matter annually, roughly six times the
annual anthropogenic emissions. Given that microbes utilize multiple nutrients in most growth
environments, understanding the interplay between different nutrients, as explored in this
study, could pave the way for more informed research in ecological systems, and even aid in
mitigating the environmental impact of agriculture and the biotechnology industry by

decreasing CO; emissions.

Nutrient utilization efficiency is important in other contexts, including evolution, microbiome-
host interactions and synthetic biology. For example, different nutrient combinations have been
shown to impact the gut microbiome [44,45], sometimes unintuitively where supplementation
of another nutrient such as an amino acid reduces the overall biomass gain of gut bacteria
[46]. Our observation showing the effects of amino acid supplementation on the overall
biomass yield and specifically the reduced biomass gain due to supplementation of methionine
could help elucidate the phenomenon. The analysis presented here was done for a single
organism and experimentally tested on E. coli, but since the abstracted reactions occur in any
metabolic system our approach can be extended to analyze growth of consortia or even larger
ecological systems. It remains an open question whether there are general principles
governing the here described mutual effects or whether each nutrient combination has its own

uniqgue mechanism in a given organism.

Materials and methods

Strains and growth essays:
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In the growth essays the NCM3722 strain [47,48] as used and in the acetate secretion essay
NQ1243 [19]. Each experiment was carried out in three steps: seed culture, pre-culture and
experimental culture. For seed culture, one colony from fresh LB agar plate was inoculated
into test tube with M9 minimal medium with 4 gr/l glucose and cultured in 37°C shaking at 350
rpm for 8-9 hours. The cell culture was then diluted to ODgpo=0.1-0.2 in pre-warmed shake
flask with m9 minimal medium with the same base nutrient as the experiment and left to grow
for two hours in 37°C shaking at 350 rpm (pre-culture). The cell culture was then diluted to
ODe600=0.03-0.08 in pre-warmed 96 deep well plate with 1 ml. Each well contained medium with
the experimental growth conditions (M9 minimal medium with nutrients according to
experiment, each condition was set in triplicates) and mixed thoroughly. 200 pl cell culture from
every well was then transferred to 96 deep well transparent essay plate and placed in Tecan
microplate reader (Tecan infinite M200) for growth measurement. Microplate reader was
programmed to maintain temperature at 37°C, maximal shaking and measure ODsoo every 10

minutes.

Data analysis:

The OD measured by the microplate reader was linearized using a premeasured calibration
curve. Growth curves obtained in the microplate reader were compared to growth curves

obtained in shake flask and were equivalent. The optical density was then converted to dry
weight according to known calibration 0.396% [49]. The final biomass point was recorded at

3-5 hours after maximal OD was reached. All linear fits were done to the average of the
triplicate measurements by method of least-mean-square [50] in the range that displayed a

clear linear trend.

Acetate secretion rate experiment:

The experiment was done at 37°C shaker shaking at 350 rpm in three steps: seed culture, pre-
culture and experimental culture. For seed culture, one colony from fresh LB agar plate was

inoculated into test tube with M9 minimal medium with 4 gr/l glucose and cultured in 37°C
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shaking at 350 rpm for 8-9 hours. The culture was then diluted in pre-warmed 96 deep well
plate to an ODsgo of 0.05-0.4 so that all cultures reached exponential phase at the same time.
Each growth condition in the deep well plate was run in triplicates. All conditions contained m9
minimal medium, 4 gr/l glucose and different concentrations of the inducer for the glucose
uptake promoter 3methyl-benzyl. Half of the growth conditions contained 0.1 gr/l methionine.
Every 30 min, 40 pl culture from every well were collected and used to measure ODggo Using
Tecan microplate reader (Tecan Infinite M200). Another 100 ul culture from every well was

collected, centrifuged at 15,000 rpm, the supernatant was collected and immediately frozen.

Supernatant were used to measure acetate concentrations using Acetate assay kit (Megazyme
Acetic Acid Assay Kit). The slope of the plot of acetate concentrations versus ODeggo for all
replicates (multiplied with the measured growth rate) was used to determine the acetate

secretion rate.

Supplementary material

All supplementary material is available at: https://doi.org/10.5281/zenod0.8359121.
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Figure 1. Overall biomass yield of malate. (A) Growth curves of E. coli for different initial
amounts of malate. Curves are averages of three biological replicates. The produced biomass
(ABM) is the final biomass reached in stationary phase minus the initial biomass at inoculation.
(B) The produced biomass of the different growth curves in Fig 1A as function of the initial
nutrient amount. The slope of the linear fit is the overall biomass yield (fit parameter R?>0.9).
Bars of standard errors of the biological replicates are too small to be noticeable. Data for

glucose and aspartate experiments are shown in S1 Fig.
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Figure 2 Expansion of black box model to include multiple nutrients. (A) The overall
growth process is split into two reactions — a catabolic process in which free energy is released
and an anabolic process in which new biomass is formed. The ring in the middle of the cell
represents the coupling of anabolism and catabolism by ATP and other biochemical process.
(B) Schematics of black box model expansion for two degradable nutrients. A catabolic
reaction is added for each nutrient. (C) Schematics of model expansion for a combination of a
degradable nutrient and a second nutrient that can only be used as a biomass precursor. The
anabolic reaction is separated into two reactions — one for the biosynthesis of the biomass
precursor and a second for the rest of the anabolic process excluding the biosynthesis reaction
of the biomass precursor. (D) Black box model prediction for growth on two nutrient sources
without mutual effect. The model predicts the produced biomass is a linear sum of the biomass
gained from each nutrient. The overall biomass yield, the slope of the curve, is independent of

availability of different nutrients.
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Figure 3. Produced biomass and biomass yield on different nutrient bases. (A-B) The
produced biomass as function of initial amounts of the measured nutrients: xylose with or
without different base nutrient sources (A, black— no base, green — 160 pg glucose, orange —
160 pg succinate), and methionine with different base nutrient sources (B, green — 160 pg
glucose, orange — 80 pg succinate, purple — 160 pg acetate). Error bars depicting standard
error for three biological replicates are in several cases not visible. Curves show a linear fit to
the average of the three biological replicates of the linear region (fit parameter R?>0.9). (C-D)
The overall biomass yield (slope of the fits above) for xylose and methionine for growth on the
different base nutrients. Black bar depicts growth with no base nutrient. Error bars depict error

of fit parameter. The overall biomass yield is dependent on the nutrient base.
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Figure 4. Expanded model prediction including mutual effects between two nutrients.
(A-B) Simulations of expanded model with different mutual effects for growth on two
degradable nutrient sources (A) and a biomass precursor in combination with a degradable
nutrient (B). Initial nutrient amount of the base nutrient were kept constant in all simulations.
(C) Simulations of expanded model for growth on two degradable nutrients for different initial
amounts of base nutrient with positive catabolic mutual effect. The overall biomass yield
(slope) increases with increasing initial amount of base nutrient. (D) Simulations of expanded
model for growth on a biomass precursor and a degradable base nutrient with a negative
catabolic effect and positive effect on precursor biosynthesis. Increased initial amount of base
nutrient shifts the initial decreasing part and increases the slope (the overall biomass yield) of

the linear part.
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Figure 5. Effects of initial amounts of base nutrients on the overall biomass yield. (A-
B) The produced biomass as a function of the initial amount of xylose (A) and methionine (B)
at different initial amounts of the base nutrient succinate (A) and glucose (B). Data points are
average of three biological replicates and error bars are standard error that are too small to
notice. Curves are linear fits in the linear region to the average of the three biological replicates
(fit parameter R2>0.9 for all fits except for methionine on 40 pg glucose which showed a good
fit to a constant (p-value<0.05)). (C-D) The overall biomass yield as a function of initial nutrient
amount as calculate from the conditions in A-B. Curves show linear fit region (fit parameter

R?>0.9). Error bars depict error of fit parameter.
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Figure 6. Effects of initial amounts of base nutrients on the overall biomass yield. (A-

B) The produced biomass as function of initial nutrient amount of aspartate for different initial

amounts of the base nutrient ((A) — glucose, (B) — acetate). Data points are average of three

biological replicates and error bars are standard error that are too small to notice. Curves are

linear fits to the average of the three replicates in the linear regions (fit parameter R?>0.9). (C-

D) The overall biomass yield as function of initial nutrient amount as calculated from the

conditions in A-B respectively. Black data points show the slope of the first linear phase and

blue data points show the second. Curves show linear fit (fit parameter R%>0.9 for first linear

fit on acetate and second linear phase on glucose, the other fits show a good fit to a constant

(p-value<0.05)). Error bars depict error of fit parameter.
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Understanding the intricate nature of biological systems is an endeavor that has baffled and
intrigued scientists for centuries. Biological processes are highly complex, governed by a
myriad of interconnected components that work together in finely tuned networks. From the
most detailed genetic mechanisms to the macro-level interactions of ecosystems, the
complexity increases exponentially, encompassing a multitude of variables, feedback loops,
and non-linear dynamics. This complexity often makes it difficult to predict system behavior,
and even harder to manipulate systems in desired ways. Mathematical modeling, therefore,
plays a crucial role in biological research. It provides a systematic framework for synthesizing
known information, for revealing gaps in our understanding, and for predicting system behavior

under various conditions.

While the value of mathematical modeling in biology is immense, it comes with inherent
challenges and obstacles [1,2]. A significant challenge lies in the process of model formulation
itself. Each model requires careful consideration of the level of detail it entails, the relevant
parameters, and the most appropriate mathematical approach. Model oversimplification could
potentially lead to inaccurate or incomplete predictions, while overcomplicated models may
become intractable or difficult to interpret. Parameter estimation constitutes another significant
challenge. Biological systems are notorious for their variability, and data for parameterization
can often be noisy, incomplete, or even contradictory [3-5]. Given this inherent uncertainty in
biological data, it can be challenging to quantitatively validate models to a high degree of

confidence.

Given these challenges, two primary approaches have been adopted: the bottom-up and the
top-down approach. The bottom-up, or fine-grained approach [1,6,7], models the system by
considering all known biochemical interactions and processes within a cell. By compiling these
reactions together to a single model and simulating cell behavior under varying growth
conditions or genetic manipulations, this approach facilitates drawing conclusions and
predictions. Conversely, the top-down, or coarse-grained approach [8,9], rather than focusing

on the details of individual biochemical interactions, seeks to capture the system's overall
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behavior by concentrating on higher-level properties and dynamics. This approach generally
requires fewer details and may be more suitable for larger-scale, system-level analysis, where

the fine-grained details are less critical to understanding the overall system behavior.

These two modeling approaches - bottom-up and top-down - are not strictly defined but rather
lie on a continuum of granularity. The choice between them largely depends on the specific
research questions being asked and the available data. A coarse-grained model, for example,
can be expanded or refined to include more details, thereby becoming more finely grained.
This flexibility allows a model to evolve and adapt as new information becomes available or as
the research focus shifts. Ultimately, the level of detail incorporated into a model must balance
the need for accuracy and comprehensibility with the practicalities of data availability and

computational feasibility.

The work presented in this thesis set out to tackle fundamental questions in the physiology of
autocatalytic systems using the top-down modeling approach. Focusing on the intricate
processes of nutrient utilization in E. coli, our investigation sought to understand the basic laws
governing nutrient utilization in both steady-state balanced growth and batch culture
conditions. We honed in on the specific impact of growth on multiple nutrient sources — the
reality of nearly all natural and engineered biological systems. To enhance our understanding
and generate robust conclusions, we expanded previous coarse-grained models to
accommodate this multi-nutrient growth paradigm. By augmenting these models, we were able
to effectively interpret our data, revealing crucial insights into the dynamics of autocatalytic

systems and laying the groundwork for future research and potential applications.

Main conclusions

In Chapter 1, we built upon a refined coarse-grained proteome allocation model [10],
extending it to encompass growth on multiple nutrient sources. This expansion facilitated a
deeper understanding of the cellular processes that govern nutrient utilization and associated
growth coefficients in microbial cells. Focusing on maintenance and yield coefficients during

balanced growth, our model elucidated the impact of different metabolic processes — notably
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the energy generating pathways of respiration and partial respiro-fermentation — on these
parameters. A significant insight from our study is the impact of non-active proteome sectors
on the maintenance coefficient, a measure traditionally associated exclusively with energy
expenditures for maintenance processes and the efficiencies of active energy-generating
pathways [11-14]. Moreover, the expanded model accurately predicted the effects of amino
acid supplementation on the physiological growth coefficients. Contrasting with prior studies
that calculated the cost of precursor biosynthesis based on either energetic or proteomic costs
[15-19], our model offers a comprehensive assessment, incorporating both these aspects to

quantify the total cost of precursor biosynthesis.

Chapter 2 offers a comprehensive study exploring how nutrient availability impacts an
organism's nutrient utilization efficiency, with a particular emphasis on biomass generation in
a closed environment such that all available nutrients are fully utilized. Our research expands
on existing black box models [20,21], innovatively extending them to accommodate growth
based on multiple nutrient sources with differing utilization characteristics. This includes
degradable nutrients that require degradation prior to utilization, such as sugars, non-
degradable biomass precursors like certain amino acids that can only be directly used for
biomass biosynthesis, and degradable biomass precursors like some amino acids that can be

used both directly for biomass biosynthesis and degraded for energy and carbon.

The developed model qualitatively reflects experimental observations and predicts that the
overall biomass gain is influenced not only by the availability of different nutrients but also by
their initial proportions. This conclusion challenges the traditional perspective that the yield of
a chemotrophic organism is exclusively dependent on the nutrients' reduction level [20-22].
Furthermore, we found that supplementing a specific nutrient can potentially lead to a decrease
in the utilization efficiency of another - a phenomenon exemplified by E. coli's growth pattern
in the presence of methionine and glucose. Although our model's coarse granularity precludes

detailing specific metabolic pathways, it facilitates the identification of which growth processes
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- catabolism, anabolism, or biomass precursor synthesis - are influenced by each nutrient

combination, thereby encouraging the generation of novel hypotheses.

Beyond its immediate insights, our approach paves the way for further investigation of larger
ecological systems and microbial consortia, stimulating intriguing questions for future research.
For example, are there universal principles governing nutrient interactions, or does each
nutrient pairing cultivate its unique mechanisms within specific organisms? These questions

invite further exploration.

Outlook

Integrating insights from both models

A common thread uniting both chapters of this thesis is the investigation of biomass yield. In
Chapter 1, we explore yield in the context of steady-state balanced growth, Chapter 2 focuses
on the comprehensive biomass yield in batch culture conditions where all available nutrients
are fully consumed, including the reutilization of secreted byproducts. Each chapter expands
a previous model grounded in differing basic assumptions, tailoring them to align with the
respective experimental growth conditions. In Chapter 1, the model hinges on the assumption
of balanced growth, whereas Chapter 2 builds on the black box model, which stipulates that

the yield is solely predicated on the dissipation energy of the available nutrients.

The natural progression of our research suggests a comparison of these models as the next
logical step. Such a comparative analysis could shed light on the mechanistic cause behind
the mutual effect between nutrients as observed in Chapter 3, as well as reveal other factors
that differentiate the overall yield in batch cultures from the yield observed in steady-state
conditions. To facilitate this, the steady-state model needs to be extrapolated across the full
growth curve. Essentially, the model would need to be solved for every growth condition that
the cells experience throughout the curve: beginning with the availability of all nutrients,
proceeding to post-depletion of a particular nutrient, and continuing to growth on secreted
byproducts, both with and without each nutrient. The sum of the solutions of the full curve

would then be compared to the solution of the expanded black box model.
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Metabolic Models: Current Landscape, Contributions, and Future Directions

In the current landscape of metabolic research, an array of distinct metabolic models exists,
each characterized by its unique mathematical formulation and the algorithm employed for
solving the system. The work presented in this thesis extends this body of knowledge by
introducing and refining two such models based on pre-existing ones: a coarse-grained

proteome allocation model (Chapter 1), and a black box model (Chapter 2).

One of the fundamental assumptions underpinning the proteome allocation model in Chapter
1 is the law of conservation of mass, a foundational principle in physics that also encompasses
the balance of energy. The black box model in Chapter 2, on the other hand, rests on the laws
of thermodynamics, where the required energy for biomass biosynthesis is derived from
nutrient degradation. At their core, these assumptions are equivalent and provide a solid

foundation for understanding metabolic processes.

The key distinction between the two models, however, lies not in their mathematical
representation, but in the set of underlying assumptions each one adopts. For instance,
assumptions regarding proteome allocation and the mass balance of carbon form a part of the
model in Chapter 1 but are absent in Chapter 2. Thus, what differentiates one model from
another is essentially the selection and prioritization of assumptions rather than the formulation

of the mathematical representation itself.

Similarly, other metabolic models in use today can be differentiated more by the assumptions
they accommodate than by their mathematical constructs. Consequently, one of the future
directions in metabolic modeling is to devise a flexible mathematical representation that can
account for or disregard a broad spectrum of possible constraints and assumptions as needed,

as well as capture all levels of granularity.

To elucidate this concept, let's draw an analogy to the mathematical representation of waves.
Historically, sound waves, sea waves, waves on a string, and electromagnetic waves were all
described as distinct phenomena. However, a comprehensive mathematical description

revealed that they all behave according to the same principles as described by the wave
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equation. The distinctions among these various wave phenomena lie in their dimensionality
and specific parameters. Thus, what initially appeared to be disparate phenomena are, in fact,
fundamentally similar. The insights gained from studying one system can be extrapolated and

applied to the others.

In a parallel manner, different autocatalytic systems are often studied separately, even though,
at their core, they adhere to the same set of constraints outlined in the introduction, albeit with
varying parameters and levels of granularity. The development of a unified, overarching
description of the autocatalytic system could potentially enable the transfer of conclusions and

understandings between systems, akin to the cross-applications observed in wave studies.

Such a unified model would foster clearer discussions and enhance communication in the field,
thereby helping researchers to understand and communicate the core principles and
assumptions underpinning their models more effectively. Moreover, a flexible, assumption-
based model would hold great potential for application beyond biological systems. For
example, it could be adapted for use in non-biological living systems such as economic

systems, as alluded to in the introduction.

Potential real-world applications

The work presented in this thesis is driven by a commitment to answer fundamental questions
in science. While the quest for understanding for its own sake is a worthy pursuit, we also

acknowledge the potential applications that could arise from these explorations.

One particularly promising direction lies within the realm of healthcare. Today, one of the most
formidable challenges healthcare faces is the growing resistance to antibiotics of bacterial
infections. Increasingly, infections are developing resistance to these critical drugs, leading to

a significant rise in mortality rates [23].

An intersection of our research lies with this healthcare challenge. The models developed in
this thesis could potentially be expanded to support antibiotic treatments with appropriate

nutritional supplementation. By understanding the nutrient utilization of bacteria and their
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growth under various nutrient combinations, we could potentially devise nutrition plans that
limit the growth of infections and simultaneously augment the effect of antibiotics. For example,
we observed that supplementation of certain nutrients such as the amino acid methionine
decreased the biomass gain of E. coli in batch culture. Supplementing the correct nutrient
could potentially also decrease the biomass gain of infectious agents and limit their growth.
This approach holds promise in contributing significantly to the ongoing battle against antibiotic

resistance, thereby demonstrating the real-world impact of our research.

After healthcare, another sector that stands to benefit from our research is environmental
science, particularly in the area of global climate. Carbon sequestration serves as a critical tool
for mitigating the impacts of climate change by capturing and storing atmospheric CO>—a key
greenhouse gas. Building on this concept, our work on efficient nutrient utilization could be
particularly useful for enhancing carbon capture technologies that rely on bacteria or extended
to photosynthetic organisms like algae. By leveraging the insights gained from our metabolic
models to better understand nutrient interactions, we could potentially improve the efficiency
of existing carbon sequestration methods. This broadens the scope of our research's

applicability, extending its reach beyond the primary focus of metabolic processes.
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