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Introduction

Metabolism is a vital cellular process and its malfunction is a major contributor to human disease. For this
reason, it is important to construct and investigate metabolic networks. We can safely say that such
metabolic networks are complex and highly interconnected, therefore degstlnsomputational
approaches are required to understand metabolic gerglygmmtype relationships. One of the major
fields of research in systems biology is the reconstructidinese metabolic networks-Pl]. The
reconstructed network can be used to suggest potential alternatives to known drug targets or could reveal
the effects and causes of diseases and therapies.

To understand the complé&ehavior of the systeme need to translate the metabolic network
into a dynamical model with rate laws for each enzymatic readileese rate laws are defined as
mathematical expressions which heavily depend on the underlying nwohafrthe enzymatic reactions
andcan becona quite complex witla large quantity of parameteiithere are two main reasons to use
dynamical models: (e wish to gain more knowledge about the systerwé)vant to control the
system. To model the system as accurately as passibleish to havecomplete and accurate set of
parameters which characterize the system. This definition is by the fact that some parameters are: (1)
corrupted by measurement noise (2) influenced by biological variability (3) completely uniiiown.
these factors of unceaitity and missing knowledge lead to problems in the dynamic modeling of
metabolic networks.

To account for these issues we could perform model parameter estimation, also called system
identification. With the use of measurement data and the model seruatican estimate the parameters
as accurately as possible, whentually leadto a dynamic model that can make accurate predictions
and would be a gain for fundamental research in various fields.

This document gives an overview of the state of thenahe field of system identification in metabolic
engineeringFirst the reader will be introduced to the concept of metabolic engineering after which the
reader will be further instructed about its goals, procedures and limitations.

Next the reader iV be introduced to the field of metabolic networks and dynamic modeling. The
reader will be instructed about its goals, procedures and theoretical methods to extract quantitative and
gualitative information.

To translate the metabolic netwdrko a dynamic model one has to dedi rate laws for each
reaction and iexplained in Chapter 4. The most wetlown and topically important rate laws will be
explained in full detail. Not only shall we derive the mathematical expressions for these ratritawes
will also spend effort on the epiphany of the method in terms of assumptions and underlying biological
ideas.The reader will not only sebe mathematical derivation, but can also see the types of reaction
mechanisms we are trying to model.

Although rmuch information of the metabolic model and its dynamics has been gathered over
time, they are still handicapped by uncertain model parameters. As already exphainglinitations
can lead to inaccurate model predications with respect to the obsen®&deneants. To account for
these issues we introduce in Chapter 5 different ndsttmestimate model parameters

Chapter 6 discussthe limitations of the described methotisgether with the open problems
and directions of future work. Next we proposetmbine some complementing methods to form a
synergy. Finally a discussion and conclusion will be given.

M.A. Sanders



Metabolic Engineering
2.1 Introduction

The fundamental goal of the methods discussed later is to accurately model metabolist sueltan
understand its behavior and improve it by engineering. Here we define metabolic engineering, its goals
and applications. There are external influences on metabolism that are not directly obvious and shall be
addressed in this chapter. Furthermtbiere are currently some limitations and challenges in metabolic
engineering that we are trying to overcome or resolvené\heart ofnetabolic engineering lies the
measurement of parameters to reconstruct the dynamic behavior of the metabolic model.

2.2 Metabolism

Metabolism is defined as the total of all chemical reactions that are carried out in an organism. These
chemical reactions are catalyzed by enzymes and change the structure of one or more chemical
compounds, also called metabolites. Thdsmnges are also called biotransformations. A sequence of
biotransformations is called a metabolic pathwayaf8]llustrated in Figure 2.1
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Figure2.1: A metabolic pathway where multiple biotransformations take place. The substrate of one retiwtion is
product of a previous reaction.

Input metabolites of a metabolic pathway are cadidastratesand output metabolites are call@ducts
Metabolites can originate from ingestion of food, but can also be products of other metabolic pathways. It
alrealy seems obvious that enzymes, as biological catalysts, have a major influence on the metabolism.

For a metabolic pathway to operate efficiently, its activity must be coordinated and regulated by the cell.
It seems very unnecessary to synthesize a conspebithis already plenty present.
Regulation of metabolic pathways depends on elegant mechanisms. FAjayesl2ows a metabolic

pathway catalyzed by three enzymes. This metabolic pathway has no feedback mechanism, but as shown

in Figure 22(b) the end mduct of this pathway influences the activity of the first enzyme. It binds to an
allosteric site on the enzyme that catalyzes the first reaction, resulting in the regulation of the enzyme



activity. Shutting down the first reaction in the pathway effittieshuts down the whole pathway. This
mode of regulation is also called feedback inhibition
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Figure 2.2: (a) A biochemical pathway without feedback inhibition. (b) A biochemical pathway in which the end

product is an allosteric inhibitor of the firstzyme in the pathway.

2.3 Metabolic Engineering

The phenotype of the cell, i.e. its appearance and functioning, is to a large extent determined by its
metabolism. Manipulating the regulation of metabolic pathways through different components of
metabolisn, such as enzyme and substrate concentrations, gives bioengineers tools to improve the cellular
properties. Although metabolic engineering is a young field, many laboratories have succeeded in
reconstructing metabolic pathwaiyssilico. Individual enzymas, metabolites, their respective
interactions and reaction mechanisms involved in these pathways have beerfstudany years and
results arestored in different databases, e.g.:

e Kyoto Encyclopedia of Genes and Genomes (KEGG) Pathway database

(http://www.genome.ad.jp.kegg/pathway.html)
e BRENDA (http://www.brendeenzymes.info/)

To improve cellular properties or research cellular behargsearchers make use of genetic engineering

(gene duplications or deletions) to alter the gene expreksiels which influencéhe metabolism.

Manipulation of one specific enzyme is also calietie targetingA major problem is that most enzymes
participate in multiplgpathways, thua

mani pul ati on of

an

enzymeos

on multple pathways, which could result in undesired side eff@ctsiccount for these issyes
researchers have developed a mathematical tool dd#e&abolic Control Analysiswvhich puts emphasis
on thedistribution of control over the enzymes in specific patysv This allows uto infer whether
targeting a particular gene will influence other pathwayshe supplement, section S3.3, a full
description of Metabolic Control Analysis is given.

These interventions and methods allow us to better understanernbigygephenotype relationship.
In most cases the engineers make use of a strain, sisiclzerichia colito modify. Analysis of the

recombinant strain should be applied to see if the performance improved with respect to the original

strain. Often, suchn analysis will indicate an additional genetiodification isrequired to further

conc



improve performance. Researchers apply analysis and genetic engineering recursively until a desired
performance level is achieved:

Analysis: Analyze a pathway and gainowledgeon how it influences the overall cell function
and the desired property.

Design Find the next target for genetic engineering.

Synthesis Perform genetic modifications to construct the recombinant strain with improved
properties.

2.4 Goals

The goals of metabolic engineering are to improve certain cellular activities or to study the behavior of
the cell after modifications. These goals are rather abstract; below wsogiecelaborated godlis-4].

Study of behavior: By studying the behavior ohé metabolic pathways after genetic
modifications one could suggest alternatives to known drug targets or reveal the effects and
causes of diseases and therapies.

Heterologous protein production: A specific genetic sequence from one organism is inserted
into the DNA of another, hence the name heterologous, to create a specific protein. Examples are
the production of pharmaceutical proteins (hormones, antibodies, etc.) and novel enzymes. An
example is the product of human insulin by a recombiBaDoli stran.

Improvement of productivity: In many industrial processes it is important to continuously
improve productivity. This can be achieved by increasing the biosynthetic pathway activity, e.g.
by inserting additional gene copies. This will not always workomse metabolic pathways

involve many enzymes and the increase of activity of one enzyme does not necessarily result in a
higher productivity. In these cases Metabolic Control Analysis can help.

New product construction: It could be interesting to use ahet host to produce different
products. This can be achieved by extending existing metabolic pathways by recruiting
heterologous enzymes.

Reduction of by-product formation: In many industrial processes-pyoducts are formed. If

these are toxic, they manterfere other metabolic pathways or with the purification of the
product. Metabolic engineering may reduce the concentration of theodyct.

Substrate utility: It could be interesting to extend the number of substrates which the organism
can utilize inorder to more efficiently utilize raw material. Inserting a pathway processing the
substrate of interest could however lead to (potentially fataprbgiuct formation.



2.5 The influence of other information on metabolic engineering

Various types of iformation have had an influence on metabolic engineering and changed the views in
this field of research [1],[5

e Genome sequencever the last decades, the full genomes of multiple organisms have been
sequenced. The availability of the full genoallews metabolic engineers to identify genes
participating in metabolic pathways together with their regulatory elements.

¢ Gene regulation:Methods to measure and infer networks, such as the yeahbytwid system,
allow researchers to predict what the aopof a genetic modification on other genes and on the
metabolic pathway will be.

e Control driven modulation: Control of the reactions rates along a pathway may be distributed
along the enzymes, as elucidated by Metabolic Control Analysis. This meawhémabne tries
to optimize the performance of a metabolic pathway, one has to modify the gene expression
levels of multiple enzymes.

¢ Metabolic network modeling: Many tools have been developed to analyze metabolic networks.
Although not all kinetic informigon is currently available, the structure based on its
stoichiometry can already provide a ddrection
dynami co model neglects regulation and control
predictions bymethods such as Flux Balance Analysis (FBA). FiguBsshows the typical
constructiorof such arin silico model.

e Gene expression microarraysMeasuring gene expression with microarrays can give an
indication what the enzyme levels are at certain tinietpoA challenge is that the mRNA levels
measured are not the same as the enzyme Jelelto postranscriptional and pogtanslational
processes.

e Metabolic concentration levels:Measuring the concentration levels of metabolites can be done
by Mass Spctrometry, section S2.1 in the supplement has been dedicated to this procedure. We
ultimately want to know if the alterations have affect on the metabolite concentrations.
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2.6 Limitations and challenges

Recent progress in the field of metabolic engineering has been tremendous. Many different recombinant
strains have been designed to produce substances needed by industry: pharmaceuticals, fuels, food
ingredients, etdVe now give some limitationnametabbc engineering:

e Complexity and connectivity: A major problem in metabolic engineering is that the metabolism
is highly complex and interconnected. We can measure many properties of the metabolic system,
but we generally do not know what the full mechanixehind its regulation is.

¢ Regulation and control: Although there are metabolic models based on bibliomic data,
estimations and simulations, these still leave out the regulation and control. A challenge for the
future is to combine metabolic models wifbne regulation models to gain insight into the
mechanism behind pathways, thriving on new and improved measurement techniques.

e Missing genomic information: A significant challenge is that we may have fully sequenced the
genome, but still not have assigredldlORFs &unction. Even for wétmodeled organisms such
asSaccharomyces cerevisiandEscherichiacolonl v 50% of the ORF&s have
function [1].



Metabolic Networks

3.1 Introduction

With the availability of the genome sequence andntsotation we can attempt to define all metabolic
enzymes. In addition many metabolic genes and enzymes have been studied, resulting in a collective
knowledge base, including reactions mechanisms and characterized interactions. Manual cedmgponent
componehreconstruction of genomic and enzymatic data will lead to a structured reconstruction, also
called a metabolic network. This model can be used to compute allowable network states under governing
chemical and genetic constraints.

3.2 Reconstructing the me tabolic network

The first step is to identify genes from the annotation of the genomic sequence, followed by their
functional assignment using various experimental methods and bioinformatics tools (e.g. BLAST). Once
we have derived the biological compotwefirom the genome sequence, we would like to infer the
interactions between them. Next we should define the metabolic specificity for all enzymes. Although
high geneand proteirsequence homology implies a similar function for gene products, this dimuld
experimentally verified. Enzymes can be classified into two groups on the basis of substrate specificity.

1. Structure specificity: Those that function on one or a few highly similar substrates.
2. Broad specificity: Those that can function on a classompounds with similar functional
groups.

Substrate specificity of enzymes can differ betwaganismsthis is especially the case for coenzymes.

In addition to primary substrate specificity, enzymes from different organisms preferentially use different
coenzymes. Since binding sites for coenzymes often share common sequence and structural motifs,
consensus sequence motifs can be used to identify coenzyme binding sites based of persevered protein
folds [7]. However, primary literature is the most rel@abburce of information to determine the

coenzyme specificity. Next, we need to know the structural formulas of the metabolite, as we need to
balance the reaction mechanism to satisfy mass and energy conservation laws. This defines the
stoichiometry of the@eaction.

Then, the directionality or reversibility of a reaction needs to be specified. Directionality is a function of
the thermodynamics of a reaction. To understand the thermodynamics of a biochemical system, section
S3.1 about thermodynamics is adde the supplement. Not all biochemical reactions are reversible;
modeling this incorrectly can lead to incorrect predictions and behavior. For most reactions, reversibility
is specified, but for other reactions calculated thermodynamic properties uaaedo® determine it.

Reactions with a highly negative Gibbs free enefdy, can be assumed to be irreversible, while those

with a Gibbs free energy close to zero can be seen as reversible. The Gibbs free energy of a reaction can
be estimated from thergttures of the metabolites using a group contribution method [8]. Care needs to

be taken as directionality can differ betweewitro andin vivodue to temperature, pH and metabolite
concentration differences. FiguBel shows the steps involved in dafig all metabolic reactions.
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Level 1: Metabolite specificity
Primary metabolites Coenzymes

[MC | [Py ] | NAD | INADH]

Level 2: Metabolite formulae
Neutral formulae
| C.H,0, l I C,H.O, | |CquaN.‘OuPz

|CquerOup;|

Charged formulae
[EHor] [EHO ] [CaHuNOLPr | [CuHaN0.Px]

Level 3: Stoichiometry
1LAC + 1NAD ? 1PYR+1NADH +1H

Level 4: Thermodynamic considerations and/or directionality
1LAC+1NAD <> 1PYR+1NADH +1H

Figure 3.1: Defining metabolic reactions

Stap-wise incorporation of information

After defining the metabolic reactions we can assemble the metabolic network by:

¢ Analysing traditional biochemical pathways:These pathways are the fueling reactions of the
organisn under study. If they cannot construct the building blocks of life (e.g. glucose), some
reactions are missing.

¢ Filling in missing metabolic activities: Sometimes metabolic reactions can be found in the
organism under study, but the genome sequence dbsspport them. This is most likely caused
by an incomplete annotation of the genome.

Generally, one begins with the assembly of the central metabolism (present in all organisms), and then
moves on to the biosynthesis of individual macromolecular buildimgks (e.g. amino acids or lipids).

Once all the main metabolic pathways are included, several reactions not included in the traditional
biochemical pathways, need to be included. The assembled metabolic network can be mathematically
represented by theaschiometric matrixN. Thisi x I matrix is defined for thé metabolites and the
reactions. Each column of the matrix represents a reaction whereas its elements are the stoichiometric
coefficients:

Ny} = { Stoichiometric coef ficient If it participates in the reaction
=10 Ifitdoesn't participate in the reaction

If the meabolite is a substrate of the reaction its stoichiometric coefficient is negative, if it is a product it
is positive. Figure 3.2 shows a set of reactions mathematically represented by the stoichiometric matrix.

Abbreviation  Glycolytic reactions Genes

HEX1 [c]JGLC + ATP — G6P +ADP+ H glk

PGI [c]G6P == F&P pgt

PFK [c]ATP + F6P—> ADFP +FDP +H kA, pfkB

FBA [c]FDP <> DHAP + G3P foaA. fbaB

TPI [c]DHAP = G3P ptA

GAPD [€]G3P + NAD + Pl == 13DPG+H +NADH  gapA.gapC1.gapC2
PCGK [c]13DPG + ADP <> 3PG + ATP pgk

PGM [€]3PG <> 2PG gpmA. gpmB

ENO [€]2PG <= H,O + PEP eno

PYK [cJADP + H+ PEP — ATP + PYR PrkA. pykF

ATP =X o o o o o 1 o o 1
GLC =l o o o o o o o o o
ADP 1 o 1 o o o =7 o o —i !
GeP 1 =k o o [ o o o o o
H 1 o 1 o o i o o (] =
F&P o 1 B 0 o o o o o o
FDP o o 1 =3 o o o o o o
DHAP o o o 1 =t o o o o o
G3P o o o 1 1 i o o o o
NAD o o o o o -1 o o o o
Pl o o o o o =k o o o o
13DPG o o o o o 1 =i o o o
NADH o o o o o 1 o o o o
3PG o o o o o o 1 =3 o o
2PG o o o o o o o 1 =3 0
PEP o o o o o o o o 1 =k
H,O o o o o o o o o 1 o
PYR o o o o o o o o o 1

HEX1 PGl PFK FBA TPI GAPD PGK PCM ENO PYK

Figure 3.2: Stoichiometric representatidraanetabolic network.
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3.3 Dynamic models

3.3.1 Introduction

Perturbations o biochemical system, e.g. by gene modulation or drug treatment, can lead to global
effects that are by no means selident. To understand and predict its behavior we can oskef
systens biology. Systems biologys a biologybased intedisciplinary study field that focuses on the
systematic study of complex interactions in biological systems, using a new perspective (integration
instead of reduction) to study them. We His toy computer simulations, for which a mathematical model
of the biochemical networks is required. Using only the structure of a metabolic network, we can
calculate metabolic fluxes (reaction rates in steady state) by patbwegnstrainecdbased metha] such
as Flux Balance Analysis (FBA). However, such methods do not explain how rates are actually
influenced by the activities of enzymes and how they respond to perturbations. Also the stability of the
system in chemical equilibrium is not describedHig model.

These questions are answered by dynamic or kinetic models, which esnlilegrydifferential
equationfODE) to describe the temporal behavior of thetegysin a deterministic way. Thes®wdels
give the researchers a tooltnderstand and estimate the behavior of dynamically closed or open
systems such as metabolismo.illustrate the ODE approacén example of the GLUT transporter is
shown in Figure 3.

(A)

EXTERIOR CYTOPLASM

Glucose

(B)

Figure 3.3: (A) The four states of the GLUT transporter. (B) fabate kinetic diagram of a GLUT transporter.

The rates of the elementary process illustrated in the kinetic diagra), 216 determined by thaw of
mass actionThis law states that the rate of a reaction is proportional to the product of the concentrations
of the molecular species involved in the reaction. We déftnas the proportionality constant (rate
constant) and the forward rate fromeostate to the other is given hy= k* [];[C;]. It is now easy to

write down the system of ODEs. To do so one must keep track of the change that each elementary process

makes for each state. Thus the rate of transitiditatde, to State, is gven byk;,[G] X1, Wherex, is
the concentration of the first state.

12



Writing out the system of ODESs gives:

dx;

a5 = laalCGlousts + karXo = kaaXy + kagx

de

E = —k21x2 + k12 [G]outxl - k23x2 + k32x3
dX3

dx4,

E = —k41X4 + k14x1 - k43 [G]inx4 + k34x3

Using the package XPPAU(ttp://www.math.pitt.edu/~bard/xpp/xpp.hinb solve the system of ODEs
we constructed Figure 3.4, which shows the temporal behavior of the concentrations. The highest curve to
the lowest curve is the concentratiom@fx,, x; and x, respectively.

Figure 3.4: Concentration of the mlemuispecies over time.

Concentrations stop changing after a short time period. This is called chemical equilibrium or steady state
and indicates that the reaction rates for the production and degradation of the metabolites are equal. The
system of ODEs caalso conveniently be expressed as:

dx N#(%,k) (3.1)

— = Nv(X, :

dt

WhereX is the concentration vector, N the stoichiometric mafrithe reaction rate vectgin this case

expressed by law of mass actitam)jl-é the parameter vector. Steady state would indicate:

The reaction rate vectorstaysconstanendin this case also called the flux vecfoDue to a large
variance of enzymatic reactions the reaction rates can @lsmbeled by different rate laws than the law
of mass action. This shall be the topic of Chapter 4.

13



3.3.2 Thermodynamics and chemical equilibrium

We can describe a chemical reaction as a function of the thermodynamic driving force, ultimately
resulting inchemical equilibrium [1.1]. The occurrence of a reaction is also named a natural process or
spontaneous changgontaneous change that which, once initiated, proceeds on its own until some
state of equilibriunis attained. One could think of a ba#ing rolled up a mountain, containing potential
energy, and once released this potential energy is converted to kinetic energy ultimately let the ball roll
until it halts (the equilibrium state). To further understand this we first introduce some iniportan
properties of chemical systems.

Thermal energy or kinetic energy has the tendency to disperse as widely as possible and this is what
drives all spontaneous processes. To understand how the direction and extent of the spreading and sharing
of thermal enmgy is related to measurable properties of substances we introduce the entropy:

S:Entropy is a measure of the degree of spreading and sharing of thermal energy
within a system. This is also called the disorder of the system.

As a substance becomes more dispersed in space, the thermal energy is also spread over a larger volume,
leading to an increase in entropy. Although this holds for ideal gases and cannot be used for all solids or
liquids, it turns out that in a dilute soiom, the solute can often be treated as a gas dispersed in the

volume of the solution. This led to the following definition of the change of entropy as reflected by a
change of concentration 6f to C,.

AS = RIn (%) (3.3)

We define the change ofigopy in terms of another quantity namely hgatinder the assumption that
the temperature stays constant. For a process that exchanges a quantity of et the
surroundings, the entropy change is defined as.

qsur
AS =—— (34
(34

Becaus all natural processes lead to the spreading and sharing of thermal energy and because entropy is a
measure of the extent to which energy is dispersed in the world, it follows that

In any spontaneous macroscopic change, such as chemical reactions, thieogy of the world
increases
This is known as the second law of thermodynamics. The most important entropy in the definition of
thermodynamics is not the entropy of the system or surroundings, but the total entropy, called the entropy

of the world.

AStor = ASgys + ASgyr (3.5)

The only way the entropy of the surrounding changes is through exchange of heat with the
system:

AS,,, = % (3.6)

14



The most fundamental property of a chemical system is its Gibbs free dhéalgs energy tbreak the
chemical bonds that hold the atoms in a molecule together. Thermal energy, because it increases atomic
motion (increase in disorder), makes it easier for the atoms to be pulled apart. Both chemical bonding and
heat have a significant influence amolecule; the former reducing disorder, the latter increasing it. The

net effect, the amount of energy actually available to break and subsequently form other chemical bonds,
is called the free energy of that molecule. More generally, free energyrniedias the energy available to

do work in any system. For a molecule within a cell, where pressure and volume usually do not change,
the free energy is denoted@sThe free energy is defined by the energy contained in the chemical bonds,
enthalpyH, and the disorder and temperature in degrees Kelvif).(3.

G=H-TS3.7)

Chemical reactions break some bonds in the reactants and form new bonds in the products. Consequently,
reactions can produce changes in free energy. (3.

AG = AH — TAS (3.8)

This change in free energy is a fundamental property of chemical reactions. In some reactions, the change
of free energy is positive, indicating that the products of a reaction contain more free energy than its
reactants. These so called endergonic reastim not occur spontaneously as they require an input of

energy. Any chemical reaction tends to occur spontaneously if the difference in disorder between the
reactants and products is greater than the difference in bond energies. Bsh6) (8e can deve (39).

To perform the chemical reaction the heat is drawn from the surrounding:

ASior = ASsys + ASqyr = — q;’," + AS (3.9)
This can be written as the change of enthalpy:
AH
AStor = ==+ AS (3.10)

Multiplying both sides byT results in

—TAS, = AH — TAS (3.11)
and substituting-TAS;,; = AG gives (38).
In order to make use of free energieptedict the direction of thgpontaneous reactions, we need to
know the free energies of the individual components of a reactiothiSgurpose we can combine the
standard enthalpy of formation and the standard entropy of a substance tstgetisd free energy of
formation.

AGy = AHp» — TAS - (3.12)
and then determine the standard Gibbs free energy of the reactiamling to

AG® = Z AG (p) - Z AG(r) (3.13)

peproducts rereactants
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