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OZET

VERIi YETERSIZLiGi ALTINDA MiKROBIYAL MUTANTLARIN
FENOTIPLERINi TAHMIN ETMEK iCiN METABOLIK MODELLEME
STRATEJILERININ ARASTIRILMASI

Ece Anturan

Yiksek Lisans, Kimya Miihendisligi Bélimii
Tez Danigsmani: Dog. Dr. Eda CELIK AKDUR
Es Danisman: Dr. Birgitta EBERT
1 Ocak 2020, 133 sayfa

Mikroorganizmalarin fenotip tahminleri, bilisim calismalari arasinda gelisen bir

arastirma alanidir. Bu tahminler igin bircok modelleme stratejisi gelistirilmistir;
} ancak bu stratejilerin ¢ogu, mikroorganizmalarin dogal tiri igcin tahminlerde
| bulunmaktadir. Ozellikle asetat ve biyokiitle verimleri icin yiksek dogrulukta bir

mutant fenotipi tahmini yénteminin bulunmamasi nedeniyle, bu c¢alismada,
‘ Escherichia coli susuna ait 21 mutantin fenotip tahminleri icin protein ayirnm
kisitlamalarinin  genom 6&lgekli model (GEM) iizerine eklenmesinin etkisi;
literatlirde bulunan cesitli modelleme stratejilerini birlestirerek ve ayni zamanda
sadece dogal tir icin bilgi saglama veya mutant i¢in minimum bilgi saglama

kosulu gerceklestirilerek calisiimistir.

Bu calismada, Aki Dengesi Analizi (FBA), Metabolit Dengesinin Minimize
Edilmesi (MiMBI) ve Metabolik Diizenleme Minimizasyon Ydéntemi (MOMA)
modelleme stratejilerinin, Kisitlanmig Dagdiim (CA) ve Kinetik ve Omik verileri
kullanarak Enzimatik Kisitlamalari olan GEM (GECKO) yéntemleri ile

kombinasyonlari sunulmustur. Kombine stratejiler ile optimal aki dagihmini elde



etmek icin dogrusal (LP) ve quadratik programlama (QP) ¢dzim ydéntemleri
kullaniimigtir. Genel olarak, bu kombine stratejilerden gelen mutant fenotip
tahminleri, 6zellikle godalma hizi tahminleri igin, dnceki ¢alismalarda uygulanan
diger stratejilerden daha dogru bir sekilde gerceklesmistir. Pearson Korelasyon
Katsayilarina (PCC, p) gére, mutahtlann substrat alimi hakkinda bilgi
saglanmadidi kosulda (veri yetersizligi altinda), en iyi asetat verimi (p = 0.53),
biyokitle verimi (o = 0.71) ve ¢ogalma hizi (o= -0.53), bu ¢alismada gelistirilen
“GECKO-MiMBI-Reaksiyon” kombine algoritmasi kullanilarak elde edilmistir. Bu
degerler literatiirde benzer senaryolar i¢in mevcut olan PCC degerlerine goére
%13-64 daha yiiksektir. Ozetle, GEM kullanan kombine ydntemler igin yeni
gelistirilen algoritmalar ile Escherichia coli 'nin mutant fenotipleri icin daha dogru

tahminler elde edilmistir.

Anahtar Kelimeler: Aki Denge Analizi, CAFBA, MiMBI, MOMA, Fenotip Tahmini,
Escherichia coli, Gen Nakavti, Genom Olgekli Metabolik Model



ABSTRACT
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Phenotype predictions of microorganisms are a developing research area in
computational studies. For these predictions, many modeling strategies have
been developed; however, most of these strategies are only suitable for wild-type
predictions. In this study, because of the lack of methods to predict an accurate
mutant phenotype, especially for acetate and biomass yields, the influence of
adding protein allocation constraints to Genome-scale Models (GEM) for
phenotype predictions of 21 mutant strains of Escherichia coli were studied by
combining various modelling strategies available in the literature. Conditional
information for only the wild-type or minimal information for the mutants were

supplied for the predictions.

Here, we provide combinations of Flux Balance Analysis (FBA), Minimization of
Metabolites Balance (MiMBI) and Metabolic Adjustment Minimization Method
(MOMA) modeling strategies with Constrained Allocation (CA) and GEM with
Enzymatic Constraints using Kinetic and Omics data (GECKO) methods. In order
to solve for the optimal flux distribution using these combined strategies, linear

(LP) and quadratic programming (QP) were used. Generally, with the combined



strategies, the mutant phenotype was predicted with more accuracy compared to
using the other strategies in the previous studies, especially for growth rate
predictions. According to Pearson Correlation Coefficients (PCC, p), when no
information about nutrient uptake of mutants were supplied (i.e. under data
scarcity), the best acetate yield (p=0.53), biomass yield (p=0.71) and growth rate
(0=-0.53) predictions of the experimental data were obtained, using the “GECKO-
MiMBI-Reaction” combined algorithm developed in this study. These values were
13 - 64% higher, compared to the PCC values present in the literature for similar
scenarios. Overall, with the newly developed algorithms for combined methods
using GEM, more accurate predictions for mutant phenotypes of Escherichia coli

have been obtained.

Keywords: Flux Balance Analysis, CAFBA, MiMBI, MOMA, Phenotype
Prediction, Escherichia coli, Gene Knockout, Genom Scale Metabolic Model
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1. INTRODUCTION

Systems biology is a rapidly developing area [1, 2] based on the production and
verification of in silico models for biological systems by utilizing experimental
data. These models can be used to produce new, testable and generally
quantitative predictions of cellular behavior [2, 3]. Constraint-based modeling,
which allows calculation of metabolic fluxes from intracellular metabolites’ mass
balances and reaction stoichiometry, has widely been utilized to achieve this aim
for the last decade [2, 4, 5].

Genome-wide types of constraint-based models are called genome-scale models
(GEMs) and they have been extensively used to predict phenotypes of the
knockout mutants, especially production rates of some metabolite or the biomass
yield. These models consist of information such as reactions, genes, metabolites,

and reaction stoichiometry of a microorganism [2, 6, 7].

One of the latest constraints is proteome allocation. The proteome allocation is
based upon the 'supply and demand' analogy. In this analogy, cells handle
challenges to growth-limiting perturbations, for instance, nutrient limitation, by
raising the number of enzymes allocated to overcoming the limited process. A
cell has only a limited amount of protein, and the cell has to distribute this protein
amount from different proteome sectors according td different metabolic activities
in the cell [8].

Analysis methods, which use the metabolic models, have been improved to be
able to make accurate phenotypic predictions. The Flux Balance Analysis (FBA)
method calculates the flux of metabolites [9], while Constrained Allocation Flux
Balance Analysis (CAFBA) combines conventional FBA with proteome allocation
constraints. Its aim is to make more accurate predictions of acetate excretion rate
and biomass yield [10]. The GEM with Enzymatic Constraints using Kinetic and

Omics data (GECKO) method improves a GEM by explicitly describing enzymes



as part of reactions. By this way, each metabolic flux is constrained to be at or
below the maximal catalytic capacity of the corresponding enzyme, which equals
the product of a turnover number and the enzyme’s abundance or molar
concentration [2]. On the other hand, Minimization of Metabolites Balance
(MiMBI) minimizes metabolite balance between wild-type and mutant [11], and
Metabolic Adjustment Minimization Method (MOMA) does a minimum re-
distribution of metabolic fluxes of the knockout relative to the flux distribution of
the wild-type [12]. There are several methods that claim to predict mutant strain
behaviors, but so far none of them has proven to make sufficiently accurate
predictions. Also, in the literature, there are studies predicting the mutant
phenotype of Escherichia coli; however, in these studies, protein limitation

constraints were not applied.

In this study, investigation of the influence of adding protein allocation constraints
to GEM on phenotype predictions of Escherichia coli mutant strains was studied
by providing information for only the wild-type. In addition, several combinations
of some of the aforementioned methods were investigated to achieve more

accurate predictions, especially for biomass and acetate yields of mutants.



2. LITERATURE SURVEY

2.1. Genome-Scale Metabolic Models

Over the past 10 years, there has been steady progress in improving genome-
scale models of metabolism (Metabolic Model, M-Models) for fundamental
research and industrial implementations [13-16].

M-Models are stoichiometric representations of the enzymatic and biochemical
reactions related to a microorganism’s genome-scale metabolic network;
however, M-Models do not explicitly define gene expression [16]. In recent years,
M-Models have been enlarged to contain the process of gene expression to
obtain Macromolecular Expression (ME) models [16, 17], opening up a
completely new perspective in the improvement of microbial systems biology [18].
ME-Models supply a chemically and genetically consistent definition of an
organism, therefore, they start to bridge the gap between molecular biology and
cellular physiology [16].

Genome-scale metabolic models (GEMs) and Genome-scale network
reconstructions, helps for (i) explaining bio-molecular functions [19, 20], (ii)
predicting phenotypic behavior [20, 21], (iii) finding new biological knowledge [19,
20, 22], and (iv) designing experiments to apply them in engineering applications
[20, 23, 24].

Firstly, a component list is created from the genome annotation and information
taken from different databases. After that, the prepared component list is
manually curated with the help of a fundamental review of previous studies. By
this way, mass and charge balanced reactions are obtained. This is combined
into pathways. The stoichiometric matrix represents the network. In this matrix,
reactions are represented in columns and metabolites are represented in rows.
The stoichiometric coefficients are the elements of the matrix. These values are
defined for each metabolite in each reaction (reactants are shown as negative
values, and products are shown as positive values). The collection of these
reactions, represented according to this definition is called the stoichiometric

matrix, S (Fig. 2.2). At this step condition, special constraints such as measured
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uptake and secretion rates, or known regulatory constraints are going to be
applied to external and internal reactions. By this way, the resulting set becomes
a distinct, condition-specific set. In the case of a distinct set of constraints is used

for the same reconstruction, distinct models will be obtained [20].

As the third step, the debugging of the reconstructions is executed by
computationally testing the capabilities and properties of the model to guarantee
that the derived reconstructions and real organisms have similar capabilities.
Gaps in the pathway can be resolved by the help of provided experimental work.
In the last step, analysis and simulation are done to reconcile the reconstruction
model with experimental data. This can lead to further refinements of the model

(Fig. 2.1) [20].
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Figure 2.1 The metabolic network reconstruction process summary [20].
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Figure 2.2 Metabolic network reconstruction. Figure modified from [20].

A GEM has been used to apply in silico gene knockout studies [25, 26], it was
also used to predict both growth behavior of the cell under different environmental
conditions [26, 27] and the results of adaptive evolution [26, 28].

Metabolism's genome-scale network reconstructions are freely available from the
biochemical, genetic, and genomic (BiGG) knowledge-base [6]. The BiGG
database contains information on the biochemical, genomic and proteomic
components which includes relationships between each component in a specific

microorganism and cell [20].

Genome-scale models are constrained via (i) the stoichiometry of a metabolic
network; (ii) pre-set upper and lower boundaries for chosen reactions (usually
substrate uptake reactions, or can also describe thermodynamics); (iii) a steady-
state assumption is required. The assumption accepts that all metabolite
concentrations are constant over time. This status would be achieved in
chemostat cultivation experiments. Theoretically, throughout the controlled batch,
the logarithmic growth phase and the regulation of growth will not be affected by

the change of substrate concentration or product formation [7].

2.1.1. Escherichia coli GEMs

The genome-scale reconstruction of E. coli defines a milestone in systems
biology. It will make a possible quantitative combination of ‘-omics’ datasets. Also
with the help of this milestone, studies about the mechanic principles underlying

the genotype-phenotype relationship become achievable [29].



Genome-scale reconstructions are very important in quantifying genotype-
phenotype relations. Applications of implementations of the genome-scale model

(GEM) of E. coli are separated into the following five categories [15]:

1. A predicted aspect from a loss-of-function mutation in a basic system is
utilized. In silico strain design and metabolic engineering studies have
been investigated by using E. coli metabolic reconstructions to over-
produce desired products [15, 23, 24, 30-38].

2. A metabolic network along with biochemical and genetic knowledge is
used to drive biological invention, for example predicting genes
responsible for orphan reactions [15, 19, 39-42].

3. Computational analyses have investigated a gene [15, 43-47], metabolite
[15, 48, 49] and reaction [15, 50-53] essentiality along with considering
thermodynamics [15, 44, 52, 54-60] by using the reconstruction in
phenotypic studies. These studies try to make better predictions about the
physiological status of a cell for a given static environmental condition [15].

4. The E. coli reconstructions are used to analyze the actual properties of
biological networks. For example finding coupled reaction activities across
distinct growth conditions [15, 61].

5. Evolutionary studies investigate the cellular network [15, 62] in terms of
adaptive evolution cases [15, 62] or horizontal gene transfer [15, 62, 63].
There are studies with minimal metabolic network evolution by using
network reconstruction [15, 64].

iIML1515 is the newest genome-scale metabolic model of E. coli, which allows an
analysis of several data types [65]. These data types include proteomes,
transcriptomes, and metabolomes, contain 1,515 open reading frames and 2,719
metabolic reactions containing unique metabolites. The iIML1515 information
base is connected to 1,515 protein structures for supplying an integrated

modeling framework, which combines systems and structural biology [65].

2.2. Genetic Knockout
Studying the cellular system after a genetic knockout is a very effective method

for getting new information on network structure. It is also possible to gain



information about the regulations and dynamics of the cell. Escherichia coli is
easy to handle in the laboratory studies and it has established tools for its
strains’s genetic manipulation. Escherichia coli is an ideal model prokaryotic
organism and suited well for gene knockout studies. A number of studies have
been performed on E. coli knockouts [66]. Libraries of numerous viable E. coli
single-gene knockouts, such as the Keio collection, are now simplifying these
studies [66, 67]. Relevant data for metabolic engineering and biotechnological
applications in addition to having significant value in biological sciences are

provided by quantitative studies related to gene knockouts [66].

Knockouts created by modifying the central carbon metabolism enzymes in E.
coli causes significant physiological and metabolic changes, which can be also
called as metabolic rewiring [68]. Large differences in substrate uptake rates,
biomass yield, acetate yield, the specific growth rate, and changes in biomass
composition can be observed. The external metabolic fluxes of biomass
generation, glucose uptake, and acetate generation provide a sign for the

regulatory adjustments and kinetic limitations occurring in these knockouts [68].

2.3. Metabolic Modelling Strategies

The development of computational methods utilizing metabolic models has been
done to predict and interpret a microbe’s performance under different ranges of
growth conditions [21]. The prediction and interpretation of metabolic flux
distributions require computer simulation and mathematical modeling. There
exists a prolonged history of quantitative metabolic modeling [21, 69]. A few well-
developed mathematical approximations are available to analyze cellular
metabolism and its regulation [21, 70-78]. The bigger part of these methods
needs comprehensive kinetic and concentration information about enzymes and
varied cofactors. Cellular components information is fast developing, however,
the implementation of a lot of methods of mathematical modeling is set back by
an absence of the needed kinetic information and enzyme concentration data [21,
79-81]. Several methods (Table 2.1) have been developed for the analysis of
metabolic networks via constraint-based reconstructions using empirical data to

answer biological questions [20].



Table 2.1 Methods for analyzing metabolic networks. The table has been taken
from Lewis et al. 2008 [20].

Method Basis Example
Determining the number of flux status that can be | [82-86]
Alternate Optima reached by maximization or minimization of an
objective function.
Extreme pathways | Describing a biochemically possible, unique set of | [87-89]
(ExPa)/Elementary | reactions that span the steady-state solution space.
Modes (EIMo)
Flux Balance Determining the maximum or minimum value of a | [90-93]
Analysis (FBA) cellular objective function.
Determining the reliability intervals for fluxes when | [94]
Flux Confidence fluxomic data is used with the constraint-based
Interval model.
Determining the sets of network reactions that are | [61]
Flux Coupling completely, partly or directionally coupled.
Determining the maximum and minimum flux (i.e., | [84]
Flux Variability determining the limiting box of the solution space)
Analysis for each reaction under a certain set of constraints.
Minimization of Separating the artifacts of stoichiometry | [11]
Metabolites representment from the requested objective
Balance (MiMBI) functions formulation by casting objective functions
utilizing metabolite turnovers instead of fluxes.
Minimization of Detection of the possibility for suboptimal growth | [12]
Metabolic predictions to be more consistent with experimental
Adjustment data in wild-type and knock-out strains.
(MOMA)
Objective function | Determining the distinct probable cellular objectives. | [95-97]
finder/ ObjFind
OptKnock / Desigr_1ing a knock-out strain optimized for the | [38, 98]
OptGene secretion of a byproduct coupled to cellular growth.
Determining the optimum reaction | [33]
OptReg activations/inhibitions and eliminations to enhance
biochemical production.
Detection of reactions (not genome encoded) needs | [36]
OptStrain to be added for enabling a strain to produce a foreign
compound.
Regulatory Flux !Detection of how transcriptioqal .r-egulatory rules | [22]
Balance Analysis influence the range of probable in silico phenotypes.
Regulatory On/Off | Determining the most probable flux distribution that | [99]
Minimization requires a minimal change in transcriptional
(ROOM) regulation following a gene knockout.




Robustness Determining how an objective function changes as a | [100]
analysis function of another network flux.
Steady-state Determining the levels of metabolic and |[101]
Regulatory Flux transcriptional regulatory constraints that will
Balance Analysis influence the metabolic behavior.

Determining how intracellular flux predictions can be | [102]
Stable Isotope experimentally validated, and which pathways are
Tracers active under distinct conditions.
Thermodynamics- | Determining how to use thermodynamic data to | [56]
based Metabolic generate thermodynamically probable flux profiles.
Flux Analysis

Determining the distributions of network states that | [103-
Uniform Random have not been removed based on physicochemical | 106]
Sampling constraints and/or experimental measurements and

determining the fully or partially related reaction

sets.

2.3.1. Flux Balance Analysis

The most widely implemented metabolic modeling framework is called Flux
Balance Analysis (FBA). This method predicts flux over a metabolic network
quantitatively, which will maximize a given criterion thought to resemble the
evolved microbial nature [107, 108]. One of the most important elements for FBA
method is the objective function. FBA predicts optimal flux distribution depending
on this function.

The objective function has been generally described as maximal cellular growth
by the studies involving microbial cells. Even though such optimal solutions can
be computed, these flux distributions may predict the actual cell behavior
incorrectly. If the actual and predicted metabolic fluxes are similar, the data will

promote the hypothesis [21].

In the conventional FBA method, metabolic reactions are indicated as a
stoichiometric matrix (S) in the range of m x n [9]. Each row of this matrix indicates
a unique metabolite (for m metabolite system), and each column indicates a
reaction (n reaction). Stoichiometric coefficients of the metabolites which take
part in the reaction are put as inputs in each column. There is a negative and
positive coefficient for every consumed and produced metabolite, respectively.

For each metabolite that does not take part in a given reaction, zero is used as
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stoichiometric coefficient. Throughout all the reactions in a network, the flux is
represented by a vector v of length n. Metabolite accumulation vector is
represented by x, with a length of m [9]. The mass flux balance equations are

shown as linear vectors of differential equations as follows [109]:

S* v(t) = x(t) 2.1)

x(t) in Equation 2.1 can be divided into two sub-vectors:

x(t) = xa1(t) + x2(t) (2.2)

where, xi(t) & x2(t) are accumulation vectors of extracellular and intracellular

metabolites, respectively.

The concentration of different metabolite pools is rapidly adjusted to new levels,
even after large deviations in the fermentation broth, due to the high turnover rate
of most metabolite pools. Thus, the pseudo-steady state approach can be used
for intracellular metabolites, x2(t) = 0 is acceptable [109].

As shown in Equation 2.3, the system is assumed to be in a steady position.

dXi/dt =0 (2.3)
S*v(t) = 0 (2.4)

There are infinite solutions to Equation 2.4. The number of reactions is higher
than the number of compounds (n>m) in any realistic large-scale metabolic
model. That is, there are more unknown variables than equations , therefore no
unique solution can be found for this equation system. A biological network's flux
distribution can be found at any position in a solution space with no constraints.
The constraints of mass balance implemented by the stoichiometric matrix S and
the capacity constraints implemented by the lower and upper limits describe an

allowable solution space. Any flux distribution can be computed by FBA within
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this space, but the points outside of the space are not accepted by the constraints

[9].

Null Space

Particular solution
(optimal)

Solution space

Figure 2.3 A schematic representation of solution space and optimal solution [4,
133].

The FBA can find an optimal flux distribution at the edge of the allowed solution
space by optimizing an objective function [9]. FBA method is used for identifying
an optimal point inside of the constrained space [9]

Z=c'v (2.5)

where,
Z: alinear combination of fluxes
c: reaction weight vector

v: flux vector

FBA aims to optimize an objective function as shown in Equation 2.5, which may
be any combination of linear functions. Here, 'c' indicates a weight vector
displaying how much each reaction (for example, biomass formation reaction)
contributes to the objective function [9].

Optimizing this kind of system is performed by linear programming. Therefore,

FBA can be described as a linear program for solving Equation 2.4.
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Application of FBA is the predicting of phenotypic impacts deriving from partial or
complete metabolic gene knockouts [12, 25, 100, 110]. A gene knockout is
applied by equating the corresponding flux value to zero. Then for the new
genotype, the flux distribution and maximum growth yield are supplied by linear

programming [12].

2.3.2. Metabolic Adjustment Minimization Method
Mutant flux distributions can be computed by method of minimization of metabolic

adjustment (MOMA). MOMA supplies a mathematically observable approach for
this intermediate suboptimal status, based on the presumption that the mutant
flux distribution remains initially as close as possible to the wild-type optimum flux
distribution (Fig. 2.4) [12, 111, 112].

In summary, MOMA is defined by the following optimization problem [4]:

min ||v-w|]> () S.v=0 (2.6)
(i) Vimin < Vj £ Vjmax (2.7)
(iii) Gene knockout : vi=0 j€A (2.8)
where,

v: flux vector

w: wild-type flux distribution

S: stoichiometric matrix

A: a series of reactions associated with deleted genes

MOMA minimizes distance between a given reference wild-type and a gene
deletion mutant flux distribution. Since distance in flux space is a quadratic
function, for solving this problem, quadratic programming (QP) is used [12, 113].
MOMA and FBA use the same stoichiometric constraints, but MOMA relaxes the
assumption of optimal growth flux used for gene deletions, therefore it can be
used to better figure out the flux status of mutants [12]. Furthermore, for the
analysis of artificially engineered bacteria, suggesting MOMA as a computational
tool can help to figure out how a cell fits the loss of a gene by regulation and

evolutionary optimization [12].
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Figure 2.4 Schematic representation of the Metabolic Adjustment Minimization
method [4, 12].

2.3.3. Minimization of Metabolites Balance

Minimization of Metabolites Balance (MiMBI) is a method which works like
MOMA, but minimizes the differences in the metabolite balances instead of
fluxes. A metabolite balance is the sum of absolute fluxes producing or
consuming a metabolite. These metabolite balances are set up for each
metabolite of the reconstruction. MiMBI takes a reference flux distribution as an
input, computes all metabolite balances from it, and then minimizes the distance
to this metabolite balance distribution considering the perturbed metabolic
network (constraints). MiMBI separates the artifacts of stoichiometry
representment from the requested objective functions formulation by casting
objective functions utilizing metabolite turnovers instead of fluxes [11, 112] .

MiMBI provides an approximate solution for a suboptimal growth flux condition

for mutant by making a metabolite balance between wild-type and mutant (Fig.
2.5).
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Figure 2.5 Schematic representation of Minimization of Metabolites Balance

method

MiMBI explains reaction stoichiometry in the objective function by matching the
flux space into the metabolite balance space. By this way, it makes metabolite-
usage as a determinant for the prediction of metabolic phenotypes. MiMBI
displays robust predictions independent from the stoichiometry representment. In
MiMBI, the objective function is formulated as a linear combination of metabolite
balances (tm). The metabolite balance is explained as the summation of all fluxes
producing (or consuming) it, multiplied by the corresponding stoichiometric
coefficients. The objective function for minimizing metabolic adjustment is

formulated again in order to contain metabolite turnovers instead of fluxes [11].
th = ZiEN Am,iVi VYmeM, NmcN (29)

where,

Nm: the subset of N producing or consuming metabolite m

am,: the stoichiometric coefficient of metabolite m in reaction i (am, i is all the time
a positive number in this description, regardless of m being a substrate or a

product)

MiMBI consists of two optimizations. The first optimization minimizes the

summation of metabolite turnovers differences between wild-type and knockout.
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Then, the second optimization minimizes summation of flux difference between
wild-type and knockout [11].

First optimization [11]:

2.10

min )" |64 = £l &1
meM

s.t
Sv=0 2.11)
tm = Doy @miVi ViENmNmCN : Sm,i# 0 (2.12)
Qm,i = |Smi] VieN, meM (2.13)
viP < v S vt VieN (2.14)
Viz0 VieN (2.15)

Second optimization [11]:

“““Z oy [0}'7 = vyl VieN:vi"T#0 (2.16)
L )
s.t Sv=0 (2-17)
vibsvisvie  VieN (2.18)
Ve |HT = tl =min 3 [T — ty] (2.19)
where,

N: the set of all matrix

vi: the flux for reactions

M: the set of all intracellular metabolites

S: the stoichiometric reaction i

WT: stands for wild-type (or reference)

vi® and vi*?: the lower and upper bounds for the flux of reaction i

tm: metabolite balance
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am,i: the stoichiometric coefficient of metabolite m in reaction i (am, i is all the time
a positive number in this description, regardless of m being a substrate or a

product)

2.3.4. Proteome Allocation

The proteome can be separated into a few coarse-grained sectors. The growth-
variant components of proteome fractions comprise approximately 50% of the
proteome in terms of mass. The improved predictive capability of the model arise
from strict coordination between proteome allocation and metabolism, proposing
rules for resource allocation in the proteome economy of the cell. This strategy of
global gene regulation shall benefit as a base for future studies on gene
expression and establishing synthetic biological circuits [114]. A widely kept
perspective, supported by a many of observations, is the idea that cells handle
challenges to growth-limiting perturbations, for instance, nutrient limitation, by
raising the number of enzymes allocated to overcoming the limited process in

analogy with ‘supply and demand’ (Fig. 2.6) [8, 114-117].
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Figure 2.6 Schematic view of the proteome allocation [136].

Proteomic resource allocation models can quantitatively take into account all of
the observed behaviors, and accurately predict responses to new perturbations
[118]. External conditions and intracellular demands can coordinate protein
production in a living cell. This regulation guarantees that required proteins are

generated for growth-limiting processes [119].
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Figure 2.7 Effect of growth limitation on proteome composition. Figure modified
from [136].

Protein production is important for the cell physiology and is closely related with
cell division rate. Initiatives to model cellular physiology are restricted by the lack
of empirical data describing the molecular processes constraining protein
expression [119, 120].

The ME-models incorporate the whole translation as well as transcription
process, and by constraining the model to accurately allocate proteome to large
sectors, the growth rate and metabolism of the wild-type E. coli can be predicted
better [121]. Due to the total proteome is constrained in size, resource allocation
towards one sector may decrease protein availability for other sectors. For this
reason, the sector constraints display the costs of cellular determinations to over-
allocate proteomic resources for aims other than maximum growth on a minimum
medium [121]. One of the causes for use of ME-models in prior studies has been
to gain insight into macromolecular expression processes of E. coli under various
conditions [121, 122].

Even though their big predictive power has already been proven, for studying
whole biological processes related to metabolism, using resource allocation

models is not possible. For example, such models every time suppose optimality
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of growth. For starvation, this may not be a correct assumption when the objective
varies more against maximization survival rather than growth. In addition,
starvation starts distinct kinetics of uptaking of nutrients, where substrate affinity
has a role. Therefore, it is not anymore sufficient to take into account just upper
limits on uptake rates based upon turnover rate and enzyme amount, like in

models of resource allocation [123].

2.3.5. Overflow Metabolism

Fast-growing microorganisms attempt to refrain using high-yield respiratory
pathways to produce ATP, even if oxygen is present. These microorganisms
partly switch to fermentation instead of protein-costly respiration under
restrictions in the protein availability [10, 124-129]. The choice for low-yield
pathways becomes apparent by the presence of fermentation products such as
acetate for E. coli or ethanol for S. cerevisiae [10, 118, 126, 127, 129, 130], which
is called overflow metabolism. This behavior is predicted by standard FBA
schemes at a qualitative level only when added capacity constraints on
respiratory pathways [10, 131] or density constraints for soluble [10, 132, 133] or
membrane-bound [10, 134] enzymes are incorporated [10].

2.3.6. Constrained Allocation Flux Balance Analysis

Constrained Allocation Flux Balance Analysis, CA-FBA, is a computational
genome-scale framework that combines proteome allocation constraints into
traditional FBA [10, 135]. CA-FBA supplies an elementary, numerical
approximation to balancing the exchange between growth and proteome
allocation constraints. The central focus area of CA-FBA is to investigate cellular
strategies for energy production. By effectively modeling the trade-off between
growth and its biosynthetic costs, CA-FBA naturally produces cellular states with
suboptimal growth yields, where carbon overflow is obtained with quantitative

accuracy [10].

Constraint-based modeling's active area is a combination of omics data to
improve or make context-specific models. A general formalism for integrating

omics data from any empirical condition into constraint-based metabolism and
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ME-models is indicated by the sector constraints. The constraints can exist as
fine-grained (individual proteins) or coarse-grained (protein groups with a
functional relationship). An approximation for narrowing the gap between
governing principles of proteome allocation defined by systems-level models and
the complexity captured by omics data is supplied by this changeable formalism
[121, 136].

CA-FBA applies proteome allocation constraints on the fluxes. These constraints
define competition in the distribution of cellular resources. CA-FBA based on the
growth of E. coli in carbon-bound media constitutes a 4-sector segmentation of
the proteome.

These sectors are:
e ribosome-bound proteins (R-sector);
e biosynthetic enzymes (E-sector);
e proteins dedicated to carbon uptake and transport (C-sector);

e expression levels are core cleaning proteins (Q-sector) that are

independent of specific growth rate (Fig. 2.8) [10].

C We a C
Q - Q
R (G R

Figure 2.8 Schematic representation of proteome sectors in a cell [136]

dc+ Pr+ de+ Pa =1 (2.20)

Corresponding proteome fractions (indicated by ¢X for the X-sector) should add
up to 1 as shown in Equation 2.20. Proteome fractions of the sectors are
calculated as shown in Equations 2.21, 2.22 and 2.23 [10].
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dr = Pr0 + WRA (2.21)

where,

A: specific growth rate (h-")

wr: weight factor, specific growth rate proteome fraction separated into
ribosomal proteins per unit

¢r,0: a constant bound to the strain indicating the estimated ribosomal proteome

fraction when specific growth rate equals to zero

¢c = ¢c,0 + weve (2.22)

where,

vc: carbon uptake flux (mmol/gowh)

wc: weight factor, proteome fraction separated into units per carbon
flow to the C-sector

¢c.o: offset independent of specific growth rate

de= ot Zi wi|vi| (2.23)
¢e.0= Zi dio (2.24)
where,

vi: uptake flux of the i reaction (mmol/gowh)

wi: weight factor, the proteome fraction to be deposited in enzyme Ei
in the unit flow of i reaction

®io: offset

In CA-FBA, the E-sector represents the proteome sector for biosynthetic
enzymes, and also the proteome fraction of this sector is represented via the
weight wi to be invested in enzyme Ei per unit flux of reaction i. CA-FBA strategy
contains two different cases for the simulation of the strategy. In the homogenous
case, wi values for all E-sector related reactions were set to the same value We.

In the heterogenous case, 1000 sets of randomly chosen wi were generated, to
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represent one’s knowledge deficiency of their specific value. More obviously, wi
is gained from a determined probability distribution without any dependence
between reactions. The distribution's mean value <w> is remarkably close to we,
which is common weight for E-sector related reactions in the homogenous case,
for this, it sets the average specific growth rate (u) achieved for we = 0 to Amax.
1000 CA-FBA simulations with 1000 sets of randomly chosen wi were done for
wc value and average flux distribution (average of 1000 simulations for each flux)
was the output of this CA-FBA heterogenous case simulation [10].

WR A + weve + Zi Wi |Vi| = Pmax (2.25)
®Pmax=1-¢a - Pro - Pco- ¢e0 (2.26)

Here, ®max refers to the proteome fraction that can reach the protein sector
components depending on the specific growth rate and is estimated to be
approximately 50% for E. coli [10].

In summary, CA-FBA is defined by the following optimization problem. When a
metabolic network encoded by a stoichiometric matrix (S = (S)) is given, CA-FBA,
in the case of carbon limitation, is indicated as in Equations 2.27, 2.28 and 2.29
[10].

maxv A subjectto (i) ZiSuvi=0 Vpu (2.27)
(i) isvisu Vi (2.28)
(iii) wr A + weve + Zi Wi |Vi| = ®Omax (2.29)

Where A; specific growth rate, v = (vi); the flux vector and (l;, ui) indicate the lower
and upper limits for each vi flux, respectively, the elements of the stoichiometric
matrix of the metabolic network (With y; indexing metabolites and i; indexing

induction reactions) [10].

2.3.7. GEM with Enzymatic Constraints using Kinetic and Omics data
The GEMs are widely used to predict the production rate of a metabolite and

specific growth rate by assuming that the carbon uptake rate applies some
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constraints to production. However, rates are also constrained by enzyme
abundances. Since enzymes are not explicitly considered in classical GEMs,
there is attention in improving novel modeling notions that are going to make
possible the connection of enzyme levels and flux rates. Proteomics data have
until now commonly been associated with GEMs indirectly by being connected
with protein levels to corresponding fluxes [2, 137, 138]. GECKO is a method
which improves a GEM to take into explaining enzymes as a component of
reactions, by this way providing that every metabolic reaction operates within its
enzyme’s catalytic capacity, equivalent to the product of the enzyme’s abundance
and turnover number (Fig. 2.9) [2].

Metabolic-only model: Enzyme-constrained model:
Enzymes do not take part in reactions Enzymes are a part of reactions

Enzyme usage

[mmol/gDW]

(conslrained by

abundance)
. Flux [mmol/gDWh] Flux [mmoVgDWh] .

Stoichiomelry of reaction: A B Stoichiometry of reaction: A+ 1/k_E +B

Figure 2.9 The difference between GECKO and traditional GEMs. Figure
modified from [2].

GECKO expands the stoichiometric matrix by adding new columns representing
the enzymes and new columns representing the use of each enzyme in GECKO
[2]. Kinetics info, in terms of kcat values, is added as stoichiometric coefficients
to turn into the metabolic flux in mmol/gowh and into the enzyme use needed in
mmol/gDW. The upper left submatrix equals the original stoichiometric matrix and
the lower left submatrix represents the kinetic data (Fig. 2.10). The protein level
is added as an upper limit for every enzyme used; in this way, the constraint is
applied to every flux. A cell has limited total protein. Therefore, total enzyme
usage concentrations given as an upper limit are adjusted according to proteomic
data. Without proteomic data, a maximal total enzyme constraint is applied.

Turnover numbers are taken from databases such as BRENDA [2].

22



V| Vn e| e',
— i -
Ml s, -~ s, ,0 0
. . I . .
|
> - ‘
S m 5ml 5mn i 0 0
T LI rl |
E [-1/kY - 0 |1 0
: : B : I :
% 1/ 1
E,l 0 /K™ 10 l
\,b '
LB< v <UB 0<e <[E] mmp
Flux Enzyme usage
constraints constraints

Figure 2.10 Explanation of the stoichiometric matrix used in GECKO method.
M: metabolites; E: enzymes; v: metabolic fluxes; e: enzyme usage

2].

M L
- 28 2 sy, =0
i=1

Steady state
assumption

E 1
- ———v. 4+ e =0 Enzyme mass
kY, } ! balance

23

!

v, <k -[E]



3. MATERIALS AND METHODS

In this study, several metabolic modeling strategies were combined with each
other and these combined strategies were used to predict mutant phenotypes.
The methods for the combination of these modeling strategies and the model

used for the prediction of phenotypes are explained in the next subsections.

3.1. iML1515 model of Escherichia coli K-12 MG1655

iML1515 model of Escherichia coli K-12 MG1655 was obtained as a MATLAB file
(http://bigg.ucsd.edu/models/iML1515) from BIGG database [139], which has
2712 reactions and 1877 metabolites. The model contains not only irreversible

reactions but also reversible reactions. An objective function of the iIML1515
model from BIGG database is the maximization of the biomass formation
reaction. In the iML1515 model, 'Cob(l)alamin exchange' was an irreversible
reaction. Its reaction’s lower bound was equated to 0. However, with the new
objective function reaction, 'Cob(l)alamin exchange' reaction created no specific

growth rate. Therefore, this reaction’s lower bound was adjusted to -1000.

All combined modeling strategies perfomed in this study were done by converting
the iML1515 model into the model using only irreversible reactions. For the
application of GECKO method, enzymatic constraints were added to iML1515 as
one more row to the stoichiometric matrix in a GECKO fashion and the new
models were saved as ‘iIML1515_GECKO_BRENDA’ (for enzyme molar
concentration) and ‘iML1515_GECKO_BRENDA_2’ (for enzyme mass
concentration) by Tobias Alter via guidelines of the previous study [2]. Then, 21
genes were selected for mutant phenotype prediction studies; gene names,
subsystems and related reactions are shown in Table 3.1 and Figure A.1
according to experimental data [68]. Mutant phenotype predictions for single-
gene knockout was obtained for each gene in this study.
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Table 3.1 Gene list used in the model to predict mutant phenotypes

Gene | Subsystem in the model Reactions in the model
gk | Cofactor and Prosthetic Group | HEX1
Biosynthesis
zwf | Cobifactor and Prosthetic | GGPDH2r
Group Biosynthesis
gnd | Cofactor and Prosthetic Group | GND
Biosynthesis
rpe | Methylglyoxal Metabolism RPE
edd | Nucleotide Salvage Pathway | EDD
eda | Glycolysis/Gluconeogenesis EDA, OAADC
pgi | Extracellular exchange PGI
tpiA | Transport, Outer Membrane | TPI
Porin
ptsG | Alternate Carbon Metabolism | ACGAptspp, GLCptspp
ACGAptspp, GLCptspp
crr Cofactor and Prosthetic Group | SUCptspp, TREptspp
Biosynthesis ACMUMptspp,
MALTptspp
pgm | Alternate Carbon Metabolism | PGMT
rpiB | Folate Metabolism RPI, ALLPI
tktA | Pentose Phosphate Pathway | TKT1, TKT2
tktB | Glycolysis/Gluconeogenesis | TKT1, TKT2
talA | Glycolysis/Gluconeogenesis | TALA
talB | Glycolysis/Gluconeogenesis TALA
pfkA | Tyrosine, Tryptophan, and | PFK, PFK_2, PFK_3
Phenylalanine Metabolism
pfkB | Cysteine Metabolism PFK
fop | Alternate Carbon Metabolism | FBP
foaB | Extracellular exchange FBA
sgcE | - RPE
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3.2. Constrained Allocation Flux Balance Analysis

CA-FBA (protein allocation constraints added version of FBA method)
simulations can be done in a homogenous and heterogenous fashion (mentioned
in Section 2.3.6). The examination of CA-FBA (mentioned in Section 4.1) was
started with a test-case to understand whether the code taken from the previous
study [10] runs properly and gives similar results. Therefore, a specialized version
of the iJR904 model (outdated GEM model of E. coli K-12 MG1655) supplied in

the supplementary materials of the previous study [10] were taken and used.

3.2.1. CA-FBA Homogenous Case

For CA-FBA homogenous case simulations, the model for wild-type phenotype
prediction was modified for constrained allocation by equating glucose uptake
rate, we, We, Wr, and ®Pmax to 8.5 mmol/gow.h, 2x10® gowh/mmol, 1.3x103
gowh/mmol, 0.169 h, and 0.484, respectively. Only glucose uptake backward
reaction rate’s upper bound and lower bound in the model for single-gene
knockout mutant were equated to 1000 mmol/gow.h and 0 mmol/gow.h,

respectively as distinct from the model for wild-type.

3.2.2. CA-FBA Heterogenous Case

For CA-FBA heterogenous case simulations, the model for wild-type and single-
gene knockout mutant phenotype prediction was modified for constrained
allocation with the same wg, wr, ®max and glucose uptake rate as in the
homogenous case. In the heterogenous case, <w> was calculated as 1.5x1073
gowh/mmol. For the wi value, 1000 models were generated. Each model was
generated with a random set of weights which independently drawn from the
same probability density p (W)~1/w, Wmin < W < Wmax, Which corresponds to a
uniform density for the logarithm of w. p(w) is completely decided by its average
<w> and width 8 = log10(Wmax/Wmin). In accordance with this purpose,
‘setWeights_rand’ function from the previous study [10] was used to set wi values

randomly.
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3.3. Flux Balance Analysis via GEM with Enzymatic Constraints using
Kinetic and Omics Data

For a simulation of GECKO-FBA (enzymatic constraints added version of FBA
method) with molar/mass enzyme usage concentration, the model for wild-type
and single-gene knockout mutant of E. coli glucose uptake rate and total enzyme
amount were constrained to 8.5 mmol/gow.h and 29.65 pmol/gow (enzyme usage
molar concentration) or 2163.5 mg/gow (enzyme usage mass concentration),
respectively.

3.4. Minimization of Metabolites Balance

3.4.1. CA-MiMBI

For a simulation of CA-MiMBI (protein allocation constraints added version of
MiMBI method), all exchange reactions in the model and the last metabolite line
in the model's S matrix, which represents constrained allocation equation, were
excluded. Reference flux distribution was calculated by CA-FBA homogenous
case simulation for the wild-type of E. coli and ‘solMiMBI.x’ named solution vector
was saved with the ‘iIML1515_MiMBI_fluxdist WT’ name.

3.4.2. GECKO-MiMBI with Enzyme Usage Molar/Mass Concentration

GECKO-MiMBI (enzymatic constraints added version of MiMBI method)
simulation with enzyme usage molar concentration/mass concentration has been
constructed in 2 different ways: GECKO-MiMBI-Reaction and GECKO-MiMBI-
Enzyme. For a simulation of GECKO-MiMBI-Reaction, all exchange reactions in
the model, the last metabolite Iiné in the model's S matrix, which represents

enzymes and total enzyme usage amount, were excluded.

For a simulation of GECKO-MiMBI-Enzyme, all reactions in the model, and all
metabolite lines in the model's S matrix which represents metabolites and total
enzyme usage amount were excluded. Reference flux diétribution was calculated
by GECKO-FBA simulation.
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3.5. Metabolic Adjustment Minimization Method

The source code for the solution function of MOMA was taken from the COBRA
Toolbox library. However, metabolite accumulation vector which means right
hand side of ‘S.v=0’ equation (it is represented as ‘b’ vector in the MOMA function
code) is formed from zeros vector in the code. This vector does not contain any
total proteome or enzyme usage amount. Therefore, in the code, the b vector was
equated to the model b vector instead of zeros vector, and this new code was

saved and used in this study.

3.5.1. CA-MOMA

For a simulation of CA-MOMA (protein allocation constraints added version of
MOMA method), the model for wild-type of E. coli and single-gene knockout
mutant was modified for constrained allocation as in CA-FBA homogenous case.
MOMA solution for the closest mutant phenotype prediction to wild-type
prediction was calculated by using these modified models for wild-type and

single-gene knockout mutant.

3.5.2. GECKO-MOMA with Molar/Mass Enzyme Usage Concentration

For a simulation of GECKO-MOMA (enzymatic constraints added version of
MOMA method) with molar/mass enzyme usage concentration, the model for
wild-type E. coli and single-gene knockout mutant was modified for constrained

allocation as in GECKO-FBA homogenous case.

3.6. Single Gene Deletion to Predict Mutant Phenotype with
Unconstrained/Constrained Model

Single gene deletions in each modeling strategy were done by setting upper and
lower bounds of the corresponding reactions to zero. Related reactions can be
detected according to the gene-reaction rules in a model. All mutant phenotype
predictions were made with the unconstrained model (unconstrained substrate
uptake rate for each mutant) and constrained model (constrained model
substrate uptake rate for each mutant), separately. All predictions with
unconstrained model have occurred as mentioned in the previous sections (by

constraining glucose uptake rate for only wild-type). For predictions with
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constrained model, glucose and oxygen uptake rates were taken from a previous
study, specific for each single-gene knockout mutant [68] and these values were
used in determining the upper and lower bounds. Other details were applied

same as the procedure given for unconstrained model.

3.7. MATLAB and COBRA Toolbox

All modeling strategies (Figure 3.1) were applied via COBRA Toolbox v2.0 [140]
in MATLAB R2018b (MathWorks Inc., Natick, MA, USA) by using the adjusted
version of the E. coli iML1515 genome-scale model.

Metabolic
Modeling
Strategies

GECKO
GECKO- / GECKO-
< Molar > \ Mass
R GECKO- GECKO-
CA-MOMA FBA

N~

FBA
GECKO- \ | GECKO-

CA-MiMBI MOMA MOMA

GECKO-
MiMBI

GECKO-
MiMBI

GECKO-

MiMBI-Enz / | MiMBI-Enz
GECKO-

MiMBI-Rxn MiMBI-Rxn

Figure 3.1 Applied metabolic modeling strategies in this study

Gurobi 7.5.1 under an academic license was used for linear programming (LP)
and quadratic programming (QP) problem solutions. The general application
algorithm for these modeling strategies are shown in Figure 3.2. The predicted

results were then plotted against the experimental data using Origin Pro 2017.
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3.8. Pearson Correlation Coefficient
Pearson Correlation Coefficient (PCC, p) was used to estimate accuracy of the
predictions in this thesis and compare to the experimental results from the
previous study (Table A.1) [68]. The formula of PCC is given in Equation 3.1. x;
and y; represent i" observed result and i predicted result, respectively. pxy
represents pearson correlation coefficient between x and y. n represents the
number of results.

nYiXiyi—NXi LYi 3.1)
nExA-x) - Ly~ y)?

ny=J

PCC value varies between -1 and +1 to express the power of relationship. A

« ¢

‘+’ sign indicated a positive relationship and a sign indicates a negative

relationship between the compared values.
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4. RESULTS AND DISCUSSION

In this study, investigation of the influence of adding protein allocation constraints
to GEM on phenotype predictions of Escherichia coli mutant strains was studied
by providing information on the condition for only the wild-type strain. In addition,
several combinations of computational analysis methods were investigated to
achieve more accurate predictions than previous methods, especially for specific

growth rate, biomass and acetate yields of mutants.

For all the methods tested in this study, experimental data (Table A.1) [68] is
plotted against predicted results, where each data point indicates a different
mutant and a linear relationship is expected between the predicted and
experimental values. Then, pearson correlation coefficient (PCC) is used to
determine how well the predictions match with the experimental data. The PCC
depends on both variables being normally distributed. This means that the
variables should have a linear relationship. In addition, this coefficient is very
sensitive to outliers. The outliers can cause a lower coefficient than expected.
Therefore, correlation coefficients for non-parametrics were not used. All PCC

values for the combined strategies studied in this thesis are given in Table B.1.

4.1. Validation of CA-FBA

Firstly, the CA-FBA modeling strategy was examined and validated. The aim of
this part was to test the source code from a previous study [10] for CA-FBA to
understand whether the code runs properly and gives similar results; where, a
specialized version of the iJR904 model of E. coli K-12 MG1655 [10] was taken
and used. The source for the application of CA-FBA and the specialized version
of iJR904 model were taken from supplementary materials of the work by Mori et
al., 2016 [10]. In the homogenous case with nutrient limitation, wc was varied in
the range from zero to one. This range was divided into 100 equal values. For
each wc, flux distributions were calculated by CA-FBA. In the heterogenous
cases, Wc was also set in the range from zero to one (at wc=0, maximum specific
growth rate can be found) by dividing into 100 values. For each wc value, 1000
CA-FBA solutions were found with random wi’s, and an average value for each

flux was calculated as the output. The same values for the protein allocation
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constraints were applied in both homogenous and heterogenous cases, as in the

previous study [10]. Similar results were calculated with the method of previous

study [10] as shown in Figure 4.1. The results proved that the code and the model
worked properly.

Flux (mmol/gowh)

ED pathway b ED pathway )
== Acetale excretion (A) 14 =4 Acelate excretion ( B)
= AKGDH (TCA) flux ~—t—AKGDH (TCA) flux
~—4— Glyoxylate Shunt =t Glyoxylate Shunt
12 | === Glucose Up{ake '
Carbon dioxide Excretion (0.5)

Flux (mmol/ngh)
-

: it
0.2 0.4 0.6 0.8 1 ] 0.2 04 06 0.8 1 12
Growth rate (1/h) Growth rate (1/h)

Figure 4.1 Examination of CA-FBA with the same model and conditions as in the

previous study [10]. (A) The homogenous case of CA-FBA when the
carbon source is limited. Results are CA-FBA fluxes as a function of
specific growth rate (u), obtained by varying the degree of carbon
(glucose) limitation (C-lim), by adjusting wc value from zero to one
gowh/mmol. we and wr values were constant, 8.3x10“ gowh/mmol
and 0.169 h, respectively. (B) The heterogenous case of CA-FBA
when the carbon source is limited. Results are average CA-FBA
fluxes as a function of y, obtained by varying the degree of carbon
(glucose) limitation (C-lim) by adjusting wc value 0-1 gpwh/mmol.
<w> and wr values were constant, 8.8x10-“gowh/mmol and 0.169 h,
respectively. In both cases, ®max = 0.484.

4.2. Studying CA-FBA with iML1515 Model of Escherichia coli K-12 MG1655
The latest model of E. coli K-12 MG1655 is the iML1515 model [65]. Therefore,
as the next part of this study, CA-FBA modeling strategy was studied with
iIML1515 model. Between the iJR904 and iML1515 model of E. coli K-12
MG1655, there are approximately 1000 extra reactions. Because of this

difference, new we (for the homogenous case) and <w> (for the heterogenous
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case) values were needed and both were set at 7.8x10 gowh/mmol. These new
values were set based on specific growth rate, so that it reached its maximum
value (~1 h™') when wc was zero. After the integration, in the homogenous case
using the iML1515 model, acetate overflow metabolism started at approximately
a specific growth rate of p=0.7 h' and acetate excretion rate reached 14
mmol/gowh. These results (Figure 4.2.A) were similar to the previous study [10].
In the heterogenous case using the iIML1515 model, similar results (Figure 4.2.B)
were also obtained until y reached 0.8 h-'. The differences from the previous
study [10] after u=0.8 h-! might be caused by the setting of wi values randomly.
The exactly same wi values as wi values setted randomly in the previous study

[10] might not be setted so this situation might created this differences.

ED pathway ED pathway
~—t— Acelate excretion (A) F =4 Acelate excretion (B)
14 [ | e AKGDH (TCA) flux 12 | | === AKGDH (TCA) flux
~—+— Glyoxylale Shunt et Glyoxylate Shunt
12 = Glucose |:Jpllake A
Carbon dioxide Excretion (0.5)

Flux (mmol/gnwh)
Flux (mmollgDWh)

saaas s - + ) »

01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09
/h

Growth rate (1/h) Growth rate (1/h)

Figure 4.2 Studying CA-FBA with the iML1515 model.(A) The homogenous
case of CA-FBA, when the carbon source is limited. Results are CA-

FBA fluxes as a function of u, obtained by varying the degree of
carbon (glucose) limitation (C-lim) by adjusting wc value 0-1
gowh/mmol. (B) The heterogenous case of CA-FBA when carbon
source is limited. Results are average CAFBA fluxes as a function of
u, obtained by varying the degree of carbon (glucose) limitation (C-
lim) by adjusting wc value 0-1 gpwh/mmol. we or <w>, wr and ®max
values were constant, 7.8x10 gpwh/mmol and 0.169 h and 0.484,

respectively.
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43 Prediction of Mutant Phenotype Using Metabolic Modeling Strategies
with Constrained Allocation Method and the Unconstrained iML1515 Model

Phenotypes of mutants of E. coli K-12 MG1655 were predicted via metabolic
modeling strategies, which were combined with constrained allocation (CA)
method by using an unconstrained iML1515 model. For the mutants in the
unconstrained model, data were not defined for nutrient uptake. For knockout
predictions, as a starting point, 21 genes (without ybhE) were selected which are
the same genes from a previous study [68]. ybhE gene was not in the iIML1515
model, thus, AybhE phenotype predictions were not included. Also, experimental
results for glucose uptake, growth and acetate secretion rate of these genes were
taken from the previous study [68]. For AtktA and AtktB knockout phenotype,
biomass and acetate yields were calculated as zero, even though these
predictions were different from zero in the simulation results of the previous study
[68]. The reason for this can be the use of iIML1515 model. Because, in the
previous study by Long et al., 2016 [68], iAF1260 genome-scale model of E. coli
was used and they have simulated growth and acetate secretion rate of AtktA
and AtktB knockout as different from zero. Therefore, in the iIML1515 model
(latest model of E. coli), added new reactions distinct from the iAF1260 model

may prevent the accurate predictions for these knockouts.

According to results of Long et al. 2016 [68], wild-type of E. coli K-12 MG1655 for
8.5 mmol/gowh as glucose uptake rate, p was reported to be 0.63 h-'. In the
prediction strategies with CA method, wc, we and <w> values were set to 2x10°3
gowh/mmol, 1.3x10-3gpwh/mmol and 1.5x10-3 gpwh/mmol, respectively, to reach

the same glucose uptake rate and specific growth rate as the experimental values
[68].

In CA simulations for the wild-type flux distribution, both upper and lower bounds
of glucose uptake rates were set to 8.5 mmol/gowh as distinct from GECKO
simulations in order to get more accurate wild-type flux distribution. In GECKO
simulations for wild-type flux distribution, only the upper bound for glucose uptake

rate was equated to 8.5 mmol/gowh.
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4.3.1. CA-FBA Predictions

Mutant phenotype predictions by CA-FBA were computed by modifying the model
according to constrained allocation method as homogenous and heterogenous
cases, separately. In both cases, y, glucose uptake rate, acetate secretion rate,
CO:2 exchange rate, and Oz uptake rate were predicted, and biomass and acetate
yields were calculated for the 21 selected genes. Growth rate, acetate and
biomass yield results are shown in Figure 4.3, Figure 4.4, Table 4.1 and Table
4.2. All results are given in detail in Table C.1 and Table C.2.

Pearson correlation coefficient (PCC, p) values of biomass and acetate yield
predictions of CA-FBA method homogeneous case were 0.11 and 0.12,
respectively. PCC values of biomass and acetate yield predictions from Long et
al., 2016 [68] were 0.17 and -0.12, respectively. Therefore, biomass and acetate
yield predictions by homogenous case of CA-FBA method were calculated to be
close to the FBA predictions in the previous study [68] according to PCC values
(Figure 4.3.A, Figure 4.3.B). However, growth rate predictions (p=-0.28) were not
well as the FBA predictions in the previous study [68] (0=0.43) according to PCC
values (Figure 4.3.C). Also, acetate yield predictions of Aedd and Aeda
knockouts were found close to the experimental data in the homogenous case
(Figure 4.3.A).

In the heterogenous case, PCC values of biomass yield and growth rate
predictions were 0.25 and -0.27, respectively. PCC values of biomass yield and
growth rate predictions from Long et al., 2016 [68] were 0.17 and 0.43,
respectively. Therefore, biomass yield predictions by heterogenous case of CA-
FBA method were calculated better than the FBA predictions in the previous
study [68] according to PCC values (Figure 4.4.A). However, growth rate
predictions were not well as the FBA predictions in the previous study [68] (Figure
4.4.B).

Especially, for Apgi and Acrrknockouts, highly accurate biomass yield predictions
were obtained in the heterogenous case (Figure 4.4) and for the ‘AptsG’

knockout, a highly accurate acetate yield prediction was attained in the
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homogenous case (Figure 4.3.A) compared with the experimental data. Acetate
yield predictions of knockouts (except AtktA and AtktB knockouts) in
heterogenous cases were calculated as zero (data not plotted).
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Figure 4.3 Mutant phenotype prediction of unconstrained iML1515 model via the
homogenous case of the CA-FBA method. The comparison of
simulation results of (A) acetate yield, (B) biomass yield and (C)
growth rate for E. coli K-12 MG1655 strain single gene deletion
knockouts to experimental data, while wc, we, wr and Pmax values are

2x10® gowh/mmol, 1.3x10° gowh/mmol, 0.169 h and 0.484
respectively.
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Figure 4.4 Mutant phenotype prediction of unconstrained iML1515 model via the
heterogenous case of the CA-FBA method. The comparison of
simulation results of (A) biomass yield and (B) growth rate for E. coli
K-12 MG1655 strain single gene deletion knockouts to experimental
data while wc, <w>, wr and ®max values are 2x10- gowh/mmol,
1.5x10-3 gpwh/mmol, 0.169 h and 0.484 respectively.

4.3.2. CA-MOMA Predictions

Mutant phenotype predictions via CA-MOMA strategy were applied by modifying
the model according to constrained allocation method. In CA-MOMA, u, glucose
uptake rate, acetate secretion rate, CO2 exchange rate, and Oz uptake rate were
predicted and biomass yields and acetate yields were calculated for the 21
selected genes. Growth rate, acetate and biomass yield results are given in
Figure 4.5, Table 4.1 and Table 4.2. All results are given in detail in Table C.3.

PCC values of biomass yield predictions of CA-MOMA method and the MOMA
predictions in the previous study [68] were 0.30 and 0.07, respectively. Therefore,
biomass yield predictions by CA-MOMA method were calculated better than the
MOMA predictions in the previous study [68] according to PCC values (Figure
4.5.B). PCC values of acetate yield and growth rate predictions were -0.02 and -
0.21, respectively. PCC values of acetate yield and growth rate predictions from
Long et al., 2016 [68] were 0.24 and 0.51, respectively. Unfortunately, acetate
yield and growth rate predictions were not well as the MOMA predictions in the
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previous study [68] according to PCC values (Figure 4.5.A, Figure 4.5.C). There
is not much difference in the phenotypes between the various mutants, so the
slight growth defects observed for the mutant strains may not have been
predicted in detail.

Highly accurate acetate yield prediction (Figure 4.5.A) for AtpiA knockout was
calculated and also for ApfkA knockout, acetate yield prediction was close to the
experimental data. Highly accurate biomass yield predictions of most knockouts
were calculated in CA-MOMA, which was a better strategy than CA-FBA and CA-
MiMBI for biomass prediction.

4.3.3. CA-MiMBI Predictions

Mutant phenotype predictions via CA-MiMBI strategy were applied by calculating
reference flux distribution via CA-FBA homogenous case simulation for the wild-
type of E. coli. In CA-MiMBI, y, glucose uptake rate, acetate secretion rate, CO2
exchange rate, and Oz uptake rate were predicted and biomass yields and
acetate yields were calculated for the 21 selected genes. Growth rate, acetate
and biomass yield results are given in Figure 4.6 and Table 4.1 and Table 4.2

and also all results are given in Table C.4.

PCC values of biomass yield, acetate yield and growth rate predictions of CA-
MiMBI method were 0.34, -0.10 and -0.19, respectively. In the combinations of
CA methods with modelling strategies with unconstrained model, the best

biomass yield predictions according to PCC value was obtained with CA-MiMBI.

Highly accurate acetate yield prediction (Figure 4.6.A) for AtktA knockout was
calculated, however, biomass yield of this mutant equals to zero. Thus, the overall
phenotype is unconclusive. Also, for ApfkA, AtpiA and Acrr knockouts, acetate
yield predictions were close to the experimental data. Highly accurate biomass

yield predictions of most knockouts were calculated with CA-MiMBI.
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Figure 4.5 Mutant phenotype prediction of unconstrained iML1515 model via
CA-MOMA method. The comparison of simulation results of (A)
acetate yield, (B) biomass yield and (C) growth rate for E. coli K-12
MG1655 strain single gene deletion knockouts to experimental data
are shown. FBA simulations of reference wild-type and single-gene
deletion knockouts were done by CA-FBA, while wc, we, wr and ®max
values are 2x10-® gowh/mmol, 1.3x10-3 gowh/mmol, 0.169 h and
0.484 respectively. Glucose uptake rate for reference wild-type
CA-FBA simulation is fixed to 8.5 mmol/ gowh.
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Figure 4.6 Mutant phenotype prediction of unconstrained iIML1515 model via
CA-MiMBI method. The comparison of simulation results of (A)
acetate yield, (B) biomass yield and (C) growth rate for E. coli K-12
MG1655 strain single gene deletion knockouts to experimental data
are shown. Reference wild-type flux distribution was obtained by CA-
FBA while wc, we, wWr, ®max values and glucose uptake rate are
2x10-* gowh/mmol, 1.3x10-* gowh/mmol, 0.169 h, 0.484 and 8.5
mmol/ gowh respectively.
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Table 4.1 Biomass vyield results of mutants phenotype predictions of
unconstrained iML1515 model by modeling methods with the
combination of constrained allocation, compared with the experimental
data (Exp.) from [68].

Biomass Yield
Gene | CA-FBA-Homo | CA-FBA-Hete | CA-MOMA | CA-MiMBI Exp.
wt 0.335 0.483 0.412 0.412 0.415
glk 0.335 0.483 0.412 0.412 0.359
zwf 0.271 0.481 0.343 0.285 0.363
gnd 0.321 0.481 0.371 0.308 0.366
rpe 0.32 0.482 0.395 0.381 0.388
edd 0.331 0.483 0.353 0.255 0.419
eda 0.331 0.483 0.353 0.255 0.353
pgi 0.335 0.479 0.412 0.412 0.499
tpiA 0.32 0.464 0.246 0.227 0.398
ptsG 0.215 0.478 0.368 0.329 0.573
crr 0.215 0.478 0.368 0.329 0.462
pgm 0 0 0 0 0.377
rpiB 0.096 0.141 0.039 0.003 0.342
tktA 0 0 0 0 0.455
tktB 0 0 0 0 0.349
talA 0.335 0.483 0.412 0.409 0.401
talB 0.335 0.483 0.412 0.409 0.441
pfkA 0.328 0.48 0.412 0.412 0.431
pfkB 0.335 0.483 0.412 0.412 0.444
fop 0.335 0.483 0.412 0.412 0.412
foaB 0.335 0.483 0.412 0.412 0.431
sgcE 0.32 0.482 0.395 0.381 0.406
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Table 4.2 Acetate yield results of mutants phenotype prediction of unconstrained
iML1515 model by modeling methods with the combination of

constrained allocation, compared with the experimental data (Exp.)

from [68].
Acetate Yield

Gene | CA-FBA-Homo | CA-FBA-Hete | CA-MOMA | CA-MiMBI | Exp.
wt 1.030 0 0.492 0.492 0.714
glk 1.030 0 0.492 0.492 0.779
zwf 0.029 0 0.514 0.538 0.778
gnd 1.105 0 0.484 0.507 0.946
rpe 1.087 0 0.491 0.495 0.594
edd 0.679 0 0.455 0.448 0.755
eda 0.679 0 0.455 0.448 0.839
pgi 1.030 0 0.492 0.492 0.017
tpiA 1.077 0 0.416 0.492 0.397
ptsG 0.023 0 0.501 0.529 0.000
crr 0.023 0 0.501 0.529 0.594
pgm 0 0 0.492 0.503 0.667
rpiB 0.123 0 0.454 0.551 0.657
tktA 0.077 2 0.469 0.577 0.584
tktB 0.077 2 0.469 0.577 0.796
talA 1.030 0 0.492 0.492 0.754
talB 1.030 0 0.492 0.492 0.596
pfkA 1.051 0 0.492 0.492 0.420
pfkB 1.030 0 0.492 0.492 0.777
fbp 1.030 0 0.492 0.492 0.760
fbaB 1.030 0 0.492 0.492 0.790
sgcE 1.087 0 0.491 0.495 0.762

In summary, mutant phenotype prediction results by applying combination of
modelling strategies with CA method were given when nutrient uptakes were not

constrained for mutants. Within these four combined methods, CA-FBA
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homogenous case for both acetate yield and growth rate, and CA-MiMBI for
biomass yield predictions were the best methods according to their PCC values.
In the previous studies [68, 141, 142], for different engineered E. coli strains and
several mutants of E. coli, PCC values for FBA were varied in 0.10-0.30 range
and for MOMA in the 0.20-0.50 range. Therefore, these modelling strategies in
this section shows similar accuracy with the previous studies according to PCC
values. No overflow metabolism were seen in CA-FBA heterogenous case. This
situation might be due to the absence of protein limitation, which would have
enforced ATP production via fermentation pathways. In addition, the situation
might be that this combined strategy could not reach the acetate yield of the
experimental data for wild-type, therefore the insufficiency of prediction might

have continued for mutants.

4.4. Prediction of Mutant Phenotype Using GECKO Model and the
Unconstrained iML1515 Model

Phenotypes of mutants of E. coli K-12 MG1655 were predicted via metabolic
modeling strategies, which were combined with a model modified from the
iML1515 model according to the GECKO method. Predictions were done with the
unconstrained model. For mutants of unconstrained model, data were not defined
for nutrient uptake. For knockout predictions, as a starting point, 21 genes
(without ybhE) were selected which are the same genes from the previous study
[68]. ybhE gene was not in the iML1515 model and also in the model modified by
GECKO. Hence, ybhE knockout phenotype predictions were not done. Also,
experimental results for glucose uptake, growth and acetate secretion rate of

these genes were taken from the previous study [68].

According to the results of Long et al. 2016 [91], for 8.5 mmol/gowh as glucose
uptake rate of wild-type of E. coli K-12 MG1655, p is 0.63 h™'. The prediction
strategies with the GECKO method, total enzyme usage concentrations were

adjusted to reach the same glucose uptake and p as these experimental values.
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4.4.1. Total Enzyme Usage Concentration Determination

Because the total protein in the cell is limited, total enzyme usage concentration
can be provided as input to the model as an upper bound for each enzyme usage
in GECKO method [2]. Therefore, total enzyme usage was calculated as 29.65
pumol/gow (Figure 4.7, Table C.5) and applied to the model in order to reach
experimental phenotypes of wild-type of E. coli K-12 MG1655, mentioned in

Section 4.4.
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Figure 4.7 Sensitivity analysis for enzyme molar concentration as total enzyme

usage amount.

The total enzyme usage molar concentration is related to the number of enzymes.
However, the intracellular space is limited and enzymes occupied volume varies
depending on the amino acid chain length. Therefore, not only total enzyme
usage molar concentration, but also total enzyme usage mass concentration was
calculated, which better reflects the total occupied space of all enzymes. In this
case, by the same way mentioned in Section 4.4, the total enzyme usage mass
concentration was determined as 318 mg/gowwhich were taken from the previous
study [143]. However, this value could not supply growth rate as 0.63 h-'. That
growth rate was supplied by 2163.5 mg/gow (Figure 4.8, Table C.6). Therefore,
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the value from the previous study [143] was multiplied with a correction factor,
which was calculated as 6.8 to reach 2163.5 mg/gow. The value of the total
enzyme usage mass concentration was seen as impossible in terms of biological
meaning. However, this value was calculated to reach the experimental value.
This situation might be because of underestimated kcat values of the enzymes.
From now on, it should be thought as a scalar number which was calculated to

provide the aim instead of its biological meaning.
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Figure 4.8 Sensitivity analysis for enzyme mass concentration as total

enzyme usage amount.

4.4.2. GECKO-FBA Predictions

Mutant phenotype predictions via GECKO-FBA strategy were applied as
GECKO-FBA method by using enzyme molar concentration and enzyme mass
concentration, separately. In both cases, p, glucose uptake rate, acetate
secretion rate, CO2 exchange rate, and Oz uptake rate were predicted and
biomass yields and acetate yields were calculated for the 21 selected genes.
Growth rate, acetate and biomass yield results are given in Figure 4.9, Figure
4.10 and Table 4.3 and Table 4.4 and also all results are given in Table C.7 and
Table C.8.
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PCC values of biomass yield predictions of GECKO-FBA method by using
enzyme molar concentration, enzyme mass concentration and the FBA
predictions in the previous study [68] were 0.28, 0.28 and 0.17, respectively.
Therefore, biomass yield predictions of GECKO-FBA method by using both type
of concentration were calculated better than the FBA predictions in the previous
study [68] according to PCC values (Figure 4.9.B, Figure 4.10.B). PCC values of
acetate yield and growth rate predictions of GECKO-FBA method by using
enzyme molar concentration were 0.05 and -0.27, respectively (Figure 4.9.A,
Figure 4.9.C). PCC values of acetate yield and growth rate predictions of
GECKO-FBA method by using enzyme mass concentration were 0.10 and -0.27,
respectively (Figure 4.10.A, Figure 4.10.C). PCC values of acetate yield and
growth rate predictions from Long et al., 2016 [68] were -0.12 and 0.43,
respectively. Unfortunately, acetate yield and growth rate predictions of GECKO-
FBA method by using both type of concentration were not well as the FBA
predictions in the previous study [68] according to PCC values.

Biomass yield predictions for most knockouts except AtktA, AtktB, ArpiB, and
Apgm knockouts were close to experimental data in both enzyme concentration
type (Figure 4.9.B, Figure 4.10.B). Acetate yield predictions for AfpiA and ApfkA
knockouts were close to experimental data in molar enzyme concentration type
(Figure 4.9.A) and for AtpiA, ApfkA and AtalB knockouts were close to

experimental data in enzyme mass concentration type (Figure 4.10.A).
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Figure 4.9 Mutant phenotype prediction of unconstrained iML1515 model via the
GECKO-FBA method by using enzyme molar concentration. The
comparison of simulation results of (A) acetate yield, (B) biomass
yield and (C) growth rate of E. coli K-12 MG1655 strain single gene
deletion knockouts to experimental data, while total usage amount
equals to 29.65 umol/gow and upper bound of glucose uptake rate
equals to 8.5 mmol/gowh, are shown.
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Figure 4.10 Mutant phenotype prediction of unconstrained iML1515 model via
GECKO-FBA method by using enzyme mass concentration. The
comparison of simulation results of (A) acetate yield, (B) biomass
yield and (C) growth rate for E. coli K-12 MG1655 strain single
gene deletion knockouts to experimental data, while total usage
amount equals to 2163.5 mg/gow and upper bound of glucose
uptake rate equals to 8.5 mmol/gowh, are shown.

4.4.3. GECKO-MOMA Predictions
Mutant phenotype predictions by GECKO-MOMA strategy were applied as
GECKO-MOMA method by using enzyme molar concentration and enzyme mass

concentration, separately. In both cases, y, glucose uptake rate, acetate
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secretion rate, CO2 exchange rate, and O: uptake rate were predicted and
biomass vyields and acetate yields were calculated for the 21 selected genes.
Growth rate, acetate and biomass yield results from GECKO-MOMA method by
using enzyme molar concentration are given in Figure 4.11, Table 4.3 and Table
4.4 and also all results are given in Table C.9. In the GECKO-MOMA method by
using enzyme mass concentration, the prediction could be done only for Apgi

knockout. The result of this phenotype prediction is given in Table C.10.

PCC values of biomass yield predictions of GECKO-MOMA method by using
enzyme molar concentration and the MOMA predictions in the previous study [68]
were 0.22 and 0.07, respectively. Therefore, biomass yield predictions of
GECKO-MOMA method by using enzyme molar concentration were calculated
better than the experimental data according to PCC values (Figure 4.11.B). PCC
values of acetate yield and growth rate predictions of GECKO-MOMA method by
using enzyme molar concentration were -0.16 and -0.38, respectively (Figure
4.11.A, Figure 4.11.C). PCC values of acetate yield and growth rate predictions
from Long et al., 2016 [68] were 0.24 and 0.51, respectively. Unfortunately,
acetate yield and growth rate predictions of GECKO-MOMA method by using
using enzyme molar concentration were not well as the MOMA predictions in the

previous study [68] according to PCC values.

In GECKO-MOMA method by using enzyme mass concentration, highly accurate
biomass yield predictions of knockouts except AtktA, AtktB, Apgm, Aedd, Acrr,
Apgi and AptsG knockouts were calculated (Figure 4.11.B). Biomass yields of
Aedd, Acrr, Apgi and AptsG knockouts were close to experimental data (Figure
4.11.B).
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Figure 4.11 Mutant phenotype prediction of unconstrained iML1515 model via
GECKO-MOMA method by using enzyme molar concentration. The
comparison of simulation results of (A) acetate yield, (B) biomass
yield and (C) growth rate for E. coli K-12 MG1655 strain single gene
deletion knockouts to experimental data are shown FBA
simulations of reference wild-type and single-gene deletion
knockouts were done by GECKO-FBA, while glucose uptake rate
for reference wild-type CA-FBA simulation is fixed to 8.5

mmol/gowh. The total usage amount equals to 29.65 pmol/gow.
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4.4.4. GECKO-MiMBI Predictions

Mutant phenotype predictions by the GECKO-MiMBI strategy were done by
excluding enzyme and exchange reactions (GECKO-MiMBI-Reaction) and
excluding reactions except the enzyme reactions (GECKO-MiMBI-Enzyme),
separately. In both methods, predictions were done by considering upper bounds
for the total enzyme molar concentration and enzyme mass concentration,
separately. In both cases, y, glucose uptake rate, acetate secretion rate, CO2
exchange rate, and Oz uptake rate were predicted and biomass yields and
acetate yields were calculated for the 21 selected genes. Growth rate, acetate
and biomass yield results from GECKO-MiMBI-Reaction method (with enzyme
molar concentration) are given in Figure 4.12, results from GECKO-MiMBI-
Reaction method (with enzyme mass concentration) are given in Figure 4.14.
Growth rate, acetate and biomass yield results from the GECKO-MiMBI method-
Enzyme (with enzyme molar concentration) are given in Figure 4.13, results from
GECKO-MiMBI-Enzyme method (with enzyme mass concentration) are given in
Figure 4.15. The summary of GECKO-MiMBI is given in Table 4.3 and Table 4.4
and also all results are given in Table C.11, Table C.12, Table C.13, and Table
C.14.

PCC values of biomass yield, acetate yield and growth rate predictions of
GECKO-MiMBI-Reaction method by using enzyme molar concentration were
0.34, -0.18 and -0.33, respectively (Figure 4.12.A, Figure 4.12.B, Figure 4.12.C).
With the GECKO-MiMBI-Reaction method by using enzyme molar concentration,
highly accurate biomass yield predictions of knockouts except AtktA, AtktB,
Apgm, Aedd, ArpiB, Apgi, Acrr, AptsG and Azwf knockouts were calculated
(Figure 4.12.B). Biomass yields for Apgi, Acrr, AptsG and Azwf knockouts were
close to experimental data (Figure 4.12.B). Acetate yields of AfpiA and ApfkA
knockouts were predicted better than other knockouts and also they were close
to experimental data (Figure 4.12.A).
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Figure 4.12 Mutant phenotype prediction of unconstrained iIML1515 model via

GECKO-MiMBI-Reaction method by using enzyme molar
concentration. The comparison of simulation results of (A) acetate
yield, (B) biomass yield and (C) growth rate for E. coli K-12 MG1655
strain single gene deletion knockouts to experimental data are
shown. Reference wild-type flux distribution was obtained by
GECKO-FBA, while glucose uptake rate is fixed to 8.5 mmol/gowh.
The total usage amount equals to 29.65 pmol/gow.
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PCC values of biomass yield, acetate yield and growth rate predictions of
GECKO-MiMBI-Enzyme method by using enzyme molar concentration were
0.34, -0.21 and -0.30, respectively (Figure 4.13.A, Figure 4.13.B, Figure 4.13.C).
With the GECKO-MiMBI-Enzyme method by using enzyme molar concentration,
highly accurate biomass yield predictions of knockouts except AtktA, AtktB,
Apgm, ArpiB, Aedd, Apgi, Acrr, and AptsG knockouts were calculated (Figure
4.13.B). Biomass yields of Apgi, Acrr, AptsG and Aedd knockouts were close to
experimental data (Figure 4.13.B). Acetate yield of ApfkA knockout was predicted
better than other knockouts and also it was close to experimental data (Figure
4.13.A).

PCC values of biomass yield, acetate yield and growth rate predictions of
GECKO-MiMBI-Reaction method by using enzyme mass concentration were
0.53, 0.71 and -0.53, respectively (Figure 4.14.A, Figure 4.14.B, Figure 4.14.C).
For three type predictions, GECKO-MiMBI-Reaction method by using enzyme
mass concentration was the best method in the combinations of GECKO methods

with modelling strategies using unconstrained model.

In GECKO-MiMBI-Reaction method by using enzyme mass concentration,
biomass yield predictions of knockouts except AtktA, AtktB, Apgm, ArpiB, AtalA,
AtalB and AsgcE knockouts were close to experimental data (Figure 4.14.B).

Acetate yields of most knockouts were close to experimental data (Figure 4.14.A).
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Figure 4.13 Mutant phenotype prediction of unconstrained iML1515 model via
GECKO-MiMBI-Enzyme method by using enzyme molar
concentration. The comparison of simulation results of (A) acetate
yield, (B) biomass yield and (C) growth rate for E. coli K-12 MG1655
strain single gene deletion knockouts to experimental data are
shown. Reference wild-type flux distribution was obtained by
GECKO-FBA, while glucose uptake rate is fixed to 8.5

mmol/gowh. The total usage amount equals to 29.65 pmol/gow.
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Figure 4.14 Mutant phenotype prediction of unconstrained iML1515 model via

GECKO-MiMBI-Reaction

method by

using enzyme mass

concentration. The comparison of simulation results of (A) acetate
yield, (B) biomass yield and (C) growth rate for E. coli K-12 MG1655

strain single gene deletion knockouts to experimental data are

shown. Reference wild-type flux distribution was obtained by

GECKO-FBA, while glucose uptake rate is fixed to 8.5 mmol/gowh.

The total usage amount equals to 2163.5 mg/gow.
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PCC values of biomass yield, acetate yield and growth rate predictions of
GECKO-MiIMBI-Enzyme method by using enzyme mass concentration were 0.29,
0.20 and -0.25, respectively (Figure 4.15.A, Figure 4.15.B, Figure 4.15.C).

In the GECKO-MIMBI-Enzyme method by using enzyme mass concentration,
biomass yield predictions of knockouts except AtktA, AtktB, Apgm and ArpiB
knockouts were close to experimental data (Figure 4.15.B). In addition, highly
accurate biomass yields of Afbp and Aedd knockouts were predicted (Figure
4.15.B). Acetate yields of ApfkA, AtktB, Agnd and AtalA knockouts were close to
experimental data (Figure 4.15.A). Since biomass yield of AtktB was zero,
although acetate yield predictions were good, overall phenotype was falsely
predicted.
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Figure 4.15 Mutant phenotype prediction of unconstrained iML1515 model via
GECKO-MiMBI-Enzyme method
concentration. The comparison of simulation results of (A) acetate
yield, (B) biomass yield and (C) growth rate of E. coli K-12 MG1655

strain single gene deletion knockouts to experimental data are

by

using enzyme

mass

shown. Reference wild-type flux distribution was obtained by

GECKO-FBA, while glucose uptake rate is fixed to 8.5 mmol/gowh.

The total usage amount equals 2163.5 mg/gow.
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Table 4.3 Biomass yield

results of mutants phenotype predictions of

unconstrained iML1515 model by modeling methods with the

combination of GECKO, compared with the experimental data (Exp.)

from [68].
Biomass Yield
Enzyme Usage Molar Enzyme Usage Mass
Concentration Concentration
Gene | GECKO | GECKO | GECKO | GECKO | GECKO | GECKO | GECKO | Exp.
-FBA -MOMA | -MiMBI | -MiMBI -FBA -MiMBI | -MiMBI
-Rxn -Enz -Rxn -Enz

wit 0.414 0.414 0.414 0.414 0.414 - 0.414 0.415
glk 0.414 0.41 0.413 0.382 0.414 - 0.414 0.359
zwf 0.414 - 0.258 0.352 0.414 - 0.414 0.363
gnd 0.414 0.408 0.395 - 0.412 0 0.326 0.366
rpe 0.414 0.407 0.405 0.413 0.412 0.334 0.388
edd 0.411 0.256 0 0.328 0.414 -- 0.414 0.419
eda 0.411 - 0 0.328 0.414 - 0.414 0.353
pai 0.414 0.411 0.414 0.414 0.414 0.407 0.402 0.499
tpiA 0.414 0.411 0.395 - 0.41 -- 0.315 0.398
ptsG 0.414 0.383 0.348 0.37 0.414 0.4 0.401 0.573
crr 0.414 0.383 0.348 0.37 0.414 0.4 0.401 0.462
pgm 0 0 0 0 0 0 0 0.377
rpiB 0.045 - 0 0.003 0.024 0 0 0.342
tktA 0 0 0 0 0 0 0 0.455
tktB 0 0 0 0 0 0 0 0.349
talA 0.414 -- 0.412 0.413 0.412 0.033 0.33 0.401
talB 0.414 - 0.412 0.413 0.412 0.033 0.33 0.441
pfkA 0.414 0.414 0.414 0.414 0.41 0.382 0.305 0.431
pfkB 0.414 0.414 0.414 - 0.41 0.382 0.305 0.444
fbp 0.414 0.414 0.414 - 0.414 - 0.414 0.412
fbaB 0.414 0.414 0.414 0.414 0.41 0.383 0.305 0.431
sgcE 0.414 0.407 0.405 0.413 0.412 0 0.334 0.406
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Table 4.4 Acetate vyield results of mutants phenotype predictions of
unconstrained iML1515 model by modeling methods with the
combination of GECKO, compared with the experimental data (Exp.)

from [68].
Acetate Yield
Enzyme Usage Molar Enzyme Usage Mass
Concentration Concentration

Gene | GECKO | GECKO | GECKO | GECKO | GECKO | GECKO | GECKO | Exp.
-FBA -MOMA | -MiMBI | -MiMBI -FBA -MiMBI | -MiMBI

-Rxn -Enz -Rxn -Enz

wt 0.292 0.291 0.292 0.292 0.337 - 0.337 | 0.714
glk 0.28 0.29 0.292 0.269 0.337 - 0.337 | 0.779
zwf 0.204 - 0.348 0.339 0.337 - 0.337 | 0.778
gnd 0.298 0.293 0.292 - 0.423 0.498 0.866 | 0.946
rpe 0.286 0.288 0.295 0.255 0.424 0.477 0.832 | 0.594
edd 0.47 0.152 0 0 0.337 - 0.337 | 0.755
eda 0.47 - 0 0 0.337 - 0.337 | 0.839
pgi 0.285 0.29 0.292 0.292 0.315 0.339 0.328 | 0.017
tpiA 0.296 0.291 0.291 -- 0.297 - 0.626 | 0.397

ptsG | 0.272 0.287 0.294 0.261 0.333 0.34 0.326 | 0.000

crr 0.272 0.287 0.294 0.261 0.333 0.34 0.326 | 0.594

pgm 1.304 0.271 0.312 0.301 2 0.388 0.322 | 0.667
rpiB 1.44 - 0.318 0.319 1.705 0.51 0.878 | 0.657
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