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ABSTRACT
The central theme of this dissertation is the development of computational
frameworks to analyze and improve the content of metabolic networks. The key
questions that are addressed in this work are how does one a) characterize and
automatically identify topological inconsistencies in a given metabolic network,
b) rectify these inconsistencies by modifying these networks both internally and
externally, c) develop a systematic framework to compare predictions of a given
metabolic network with observed experimental data, d) develop optimization
tools to reconcile any inconsistencies between model predictions and observed
data and e) apply these tools during the elucidation of metabolic networks for
novel organisms instead of applying them to existing metabolic networks.
In the first part of the dissertation, we will provide the background in biology
needed to understand the role of metabolism in the cell. We will then introduce
the formalisms established to model this cellular process as a large-scale
network. Equipped with these concepts, in the second part of the dissertation, we
will characterize notions of topological inconsistencies (“gaps”) in these
networks and design a Mixed Integer Linear Program (MILP) (GapFind)
developed to automatically pinpoint them. Subsequently, we will introduce a
MILP (GapFill) developed to automatically correct these inconsistencies by
minimally adding foreign reactions from external databases and alternatively, by
suggesting modifications of thermodynamic assumptions in the existing
network. We demonstrate these procedures by analyzing the metabolic networks
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of Escherichia coli and Saccharomyces cervisiae (commonly known as yeast), which
are model organisms used extensively in the biological community.
In the next part of the dissertation, we utilize the gold standard for testing the
accuracy and completeness of these models of metabolism, which is to compare
their cellular growth predictions (i.e., cell life/death) across different scenarios
with available experimental data. Although these comparisons have been used to
suggest model modifications in prior efforts, the key step of identifying these
modifications has often been performed manually. In this part of the thesis, we
describe an automated procedure GrowMatch that addresses this challenge.
When the model over-predicts the metabolic capabilities of the organism by
predicting growth in contrast with experimental data, we use a minimax inspired
bilevel optimization model to restore consistency by suppressing growth
enabling biotransformations in the model. Alternatively, when the model underpredicts the metabolic capabilities of the organism by predicting no growth (i.e.,
cell death) in contrast with available data, we use an MILP to restore consistency
by adding growth-enabling biotransformations to the model. We demonstrate
the use of GrowMatch by reconciling growth prediction inconsistencies of the
latest Escherichia coli model with data available at the Keio database.
In the final part of the dissertation, we will demonstrate the use of these
procedures during the reconstruction of metabolic models of the organisms,
Methanosarcina acetivorans and Mycoplasma genitalium.
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Chapter 1
Introduction
Research in molecular biology has shifted from reductionist approaches focusing
on individual biological components in cells (e.g., individual genes, proteins,
metabolites etc., see for [1, 2] definitions and introduction, also see Table 1.1 for
quick reference) to holistic approaches that focus instead on the complex
interactions between these individual components. These approaches have been
pursued by coupling the available flood of biological datasets with appropriate
mathematical models and tools to unravel and analyze ‘networks’ in cells across
different organizational scales. Many of these mathematical tools are drawn from
areas that fall under the auspices of operations research (O.R) as a discipline
(e.g., machine learning, optimization, dynamic programming etc) (see [1, 2] for
reviews). This thesis develops optimization models to analyze and improve
metabolic networks, which are abstract representations of a primary cellular
process called metabolism.

The remainder of this chapter provides the

background in biology needed to understand mathematical models of
metabolism. Specifically, we will introduce the network representation of
metabolism, the use of constrained based optimization as a modeling framework
for this representation and the characteristics of the feasible space in these
constrained optimization problems.

1.1 Biology foundations for metabolic networks
We will first define and briefly discuss the biological background necessary for
this dissertation. All living organisms can primarily be classified into two
groups: prokaryotes and eukaryotes. Prokaryotes (e.g., Bacteria such as
Escherichia coli) are unicellular organisms that are characterized by the absence of
a nucleus whereas eukaryotes are multi cellular organisms (e.g., Mammals,
Fungi). Prokaryotes are further classified as bacteria and Archaea. Archaea are
characterized by vast genetic differences from bacteria and have unique cellular
capabilites. In contrast to the prokaryotes, each eukaryotic cell has a nucleus,
which consists of all the genetic material required for the functioning of the cell
and further reproduction of that particular cell.

Genetic information is stored in molecules called the Deoxyribonucleic acid
(DNA), which provides a template for cellular functions in all living organisms
and some viruses. The “Central dogma” dictates the direction of information
transfer in a cell: namely from the Deoxyribonucleic acid to the Ribonucleic acid
(RNA) to the protein. In particular, messenger RNA’s (mRNA’s) act as copying
machines that carry information from functional subsets of DNA called genes to
protein building factories called the ribosome (see [3] for detailed description).
This direction of information flow maps each gene in a cell to a corresponding
protein (see Figure 1.1). Of all the proteins in the cell, enzymes are arguably the
most important. Enzymes catalyze biochemical reactions in the cell and are
exquisitely selective when doing so. This selectivity results in a non-trivial
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mapping between enzymes and reactions is non-trivial. As shown in Figure 1.1,
isozymes and multi-domain proteins are enzymes that are involved in many-one
and one-many mappings with reactions respectively. “Metabolism” refers to the
set of all biochemical reactions that occurs in a cell. (see Table 1.1).

Figure 1.2 shows a schematic of a collection of metabolic reactions. As shown,
this collection is organized as a network and each individual reaction is involved
in the transformation of a set of small molecules called the reactants, into another
set of small molecules called the products. These small molecules (reactants and
products together) that are the intermediates and the products of metabolism are
referred to as metabolites. The raw materials (in the form of metabolites) that the
cell takes in from the external environment are referred to as the substrates of the
cell. Utilizing these substrates as raw material, the cell, after the completion of
intermediate reactions, secretes metabolites back out into the environment. These
output metabolites are referred to as byproducts.

The metabolic reactions in a metabolic network are further organized into
distinct functional subsets of reactions called metabolic pathways. Metabolic
pathways transform an input metabolite into a certain output metabolite through
a series of biochemical transformations [4, 5]. Specifically pathways that break
down large molecules into smaller molecules and release energy (release ATP:
Adenosine triphosphate, the universal energy currency in the cell) are called
catabolic pathways. These resulting smaller molecules are either assimilated by
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the cell or used as inputs to activate downstream pathways in the metabolic
network. Alternatively, pathways that utilize energy (i.e., ATP) to construct large
molecules from smaller molecules are called anabolic pathways. These large
molecules are then used as building blocks for the growth of the cell. Therefore
assembling all known catabolic and anabolic pathways in a targeted organism
brings to bear its entire metabolic network.

A genome-scale metabolic reconstruction [6] for a particular organism is
structured knowledge base of all the biochemical reactions known to occur in
that particular organism and the associated gene-protein-reaction (GPR)
associations. These reconstructions are typically carried out using DNA sequence
information, available experimental information and high-throughput biological
data that implicates the presence of certain metabolic functions in these organism
[7]. Genome-scale metabolic reconstructions have been developed for many
organisms and are increasingly being used to predict the response of metabolic
networks to genetic (e.g., deleting a particular gene (reaction)) and/or
environmental (e.g., high/low substrate concentrations) perturbations [8].
Several mathematical formalisms have been proposed be used on organismspecific metabolic reconstructions to understand their metabolic behavior and we
will discuss the most popular formalism in the next subsection.
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1.2 Constraint based models of cellular metabolism:
Constrained optimization models have been very successful in predicting the
metabolic behavior of cells [9]. The metabolism of a cell operates under certain
governing constraints that restrict their range of possible functions. To
mathematically represent these constraints, we first need to define the
constitutive index sets. Similar to the notations in Figure 1.2, we define the index
sets I={1,2…N} and J={1,2,…M} to represent the sets of metabolites (nodes) and
reactions (arcs) in the metabolic network respectively. The node-arc incidence
matrix of this network is denoted by S (an m×n matrix), called the stoichiometric
matrix (Figure 1.2). As shown in Figure 1.2, reactants of a reaction typically have
negative entries in S and vice versa. The variable vj denotes the flux in reaction j
and is defined as the rate of conversion of reactants to products in that particular
reaction. The most widely studied constrained optimization model is the Flux
Balance Analysis (FBA) model. Using these definitions, we define the most
popular contrained optimization model called Flux Balance Analysis (FBA) as
follows:

Maximize /
Minimize

Cellular Objective

s.t

∑S v
ij

j

=0 ∀ i

(FBA)
(1)

j

v atp
j = v atpreq

(2)

v uptake
= v uptake
j

(3)

LB j ≤ v j ≤ UB j

(4)

€
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In the optimization model FBA, constraint (1) ensures that there is no
accumulation of any metabolite in the cell when the cell operates under steady
state conditions. In other words, if a certain amount of any metabolite (excluding
substrate metabolites and byproduct metabolites) is produced by reactions in the
cell, the same amount of the metabolite must be consumed by other reactions in
the cell. We will refer to this constraint as the stoichiometric mass balance constraint.
In the absence of steady-state assumptions, this linear constraint can be replaced
by more complicated equations that account for the kinetics of enzyme behavior
[10]. Constraint (2) ensures that the amount of ATP is maintained to a minimum
level to maintain the energy level to drive cellular processes (both metabolic and
non-metabolic). This constraint is called the ATP maintenance constraint.
Constraint (3) fixes the fluxes in reactions that uptake metabolites from the
environment to a pre determined value. We will refer to it as the uptake
constraint. Constraint (4) restricts the fluxes in all reactions to occur to occur
within pre-determined upper and lower bounds. Reactions are assumed to be
reversible or not based on external evidence such as free energy values or
information available in public databases [11]. We will refer to them as Bound
Constraints.

The objective function in FBA is chosen such that it abstracts the dominant
factors driving flux reallocation. The most widely used objective function is the
maximization of cell biomass, which is an indicator of cell growth in the
environment. This hypothesis postulates that microbial production hosts under
growth selective pressures maintain biomass yield maximality in the face of
6

environmental or genetic perturbations. The topology of metabolic networks
lends unique characteristics to the feasible spaces of constrained optimization
models used to analyze them in general and the FBA optimization model in
particular. In the next subsection, we briefly review the efforts undertaken to
delineate these characteristics.

1.3 Characteristics of Metabolic Networks
In graph-theoretic terminology, metabolic networks fall under the broad
umbrella of hypergraphs [12]. Hypergraphs are characterized by each edge being
associated with one or more incoming/outgoing nodes. Hence, the stoichiometric
matrix (S) is not totally unimodular [12] and traditional network flow algorithms
are inapplicable to analyze metabolic networks. Several studies have been
undertaken to study the topological characteristics of metabolic networks and
their relationship to the predictive capabilities of the metabolic network.
Notably, the two different approaches of “extreme pathways” and “elementary
modes” gained precedence to conduct network-based analysis of metabolic
reaction networks [13-17]. A detailed comparison between these two approaches
is provided in [18, 19].

Elementary mode analysis is a popular way to conduct network-based pathway
analysis [15, 20]. An elementary mode is a set of reactions of a metabolic network
that consists of the minimum number of reactions required for it to operate as a
functional unit. Dandekar and coworkers used elementary mode analysis to map
evolutionary differences in glycolysis (an important pathway in aerobic
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organisms) between different organisms [21]. Furthermore, Schuster and
cowokers have also used elementary mode analysis for maximizing amino acid
synthesis, performing error checks in metabolic networks and identification of
drug targets in metabolic networks [15]. More recently, Klamt et al., introduced
used elementary mode analysis to pinpoint minimal cut sets in metabolic
networks [22]. Analogous to network flow concepts [23], a minimal cut set is the
minimal set of reactions in the metabolic network whose disruption will result is
the loss of certain cellular functions. Studies have also assessed the combinatorial
complexity by providing estimates of upper bound to the number of elementary
modes in a metabolic network [24].

The set of extreme pathways of a metabolic network is the set of unique,
independent and irreducible elementary modes of a metabolic network. Extreme
pathways of a metabolic network correspond to the extreme rays of the convex
cone formed by the intersection of the null space of the stoichiometric matrix, S,
and the flux bound constraints (2)-(4). Physiologically, they represent the
extreme functions of the metabolic network. Accounting for the bound
constraints in addition to stoichiometry ensures that extreme pathways are
biochemically and thermodynamically feasible. Based on convexity theory, every
point within this convex cone (i.e., every feasible flux distribution) can be
represented as a non-negative linear combination of fluxes in the extreme
pathways. Extreme pathway analysis has been used to analyze the metabolic
networks of many different organisms [13, 25-27]. Recently, an estimating
function of the number of extreme pathways in a metabolic network was
8

developed as a function of various network parameters [28]. A major drawback
of network-based analyses techniques is the prohibitive computational cost to
estimate EM”s and EP’s for genome-scale metabolic networks [29].

As an alternative to these network-based methods, Burgard et al., devised linear
programming based methods to pinpoint organizational principles in metabolic
networks [30]. In particular, coupled reactions (i.e., reactions whose activities are
related to different degrees) were identified using a fractional programming
problem. This fractional nonlinear programming problem was solved by
elegantly transforming it into an equivalent linear program. Notably, this
method was embedded into a simple algorithm identifying coupled reaction sets
(i.e., all reactions coupled to each reaction in the network) that scaled well with
increase in the size of networks. While the flux coupling procedure provided an
efficient way to identify related reactions in metabolic networks, it did not take
into account growth capabilities of the network. Assessments of the robustness of
a metabolic network have to take into account of its growth capabilities in
response to environmental and or genetic perturbations [31]. Several studies
have documented network response to genetic perturbations by exhaustively
eliminating tuples (single reactions, pairs of reactions, etc.,) of reactions; a
procedure plagued by the curse of dimensionality [32]. Suthers et al., recently
proposed a bilevel optimization based procedure that avoided this exponential
scaling to identify synthetic lethals in metabolic networks [31].
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Using this background in biological terminology and optimization theory as
applied to characterize metabolic networks, we will now discuss the outline of
the thesis.

1.4 Thesis outline
The remaining chapters are organized as follows. Chapter 2 focuses on
developing optimization-based methods to identify and resolve topological
inconsistencies in metabolic networks. First we identify the metabolites in the
metabolic network reconstruction which cannot be produced under any uptake
conditions and subsequently we identify the reactions from a customized multiorganism database that restores the connectivity of these metabolites to the
parent network using four mechanisms. This connectivity restoration is
hypothesized to take place through intra- as well as extra-model modifications.
We demonstrate this procedure for the genome- scale reconstruction of
Escherichia coli and also Saccharomyces cerevisiae wherein compartmentalization of
intra-cellular reactions results in a more complex topology of the metabolic
network.

In addition to topological consistency, the model quality is further determined by
the agreement of model predictions with experimental data. Chapter 3 focuses
on developing an optimization-based framework to pinpoint and correct
inconsistencies between model predictions and experimental data. The gold
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standard for testing the accuracy and completeness of these models is to compare
their cellular growth predictions (i.e., cell life/death) across different scenarios
with available experimental data. Here, we describe an automated procedure
GrowMatch that addresses this challenge. When the model over-predicts the
metabolic capabilities of the organism by predicting growth in contrast with
experimental data, we use GrowMatch to restore consistency by suppressing
growth enabling biotransformations in the model. Alternatively, when the model
under-predicts the metabolic capabilities of the organism by predicting no
growth (i.e., cell death) in contrast with available data, we use GrowMatch to
restore consistency by adding growth-enabling biotransformations to the model.
We demonstrate the use of GrowMatch by reconciling growth prediction
inconsistencies of the latest Escherichia coli model with data available at the Keio
database.

The next two chapters demonstrate the use of GapFind/GapFill and GrowMatch
during novel reconstruction efforts, instead of improving existing metabolic
reconstructions. Chapter 4 develops the metabolic reconstruction for a
methanogen. Methanogens are ancient organisms that are key players in the
carbon cycle accounting for about one billion tones of biological methane
produced annually. Methanosarcina acetivorans, with a genome size of ~5.7mb, is
the largest sequenced archaeon methanogen and unique amongst the
methanogens in its biochemical characteristics. Chapter 5 discusses the use of
GapFind/GapFill and GrowMatch during the metabolic reconstruction for
Mycoplasma genitalium which with a genome size of 580 kb and approximately
11

480 protein coding regions, is one of the smallest known self-replicating
organisms. Chapter 6 summarizes the work presented in the preceding chapters.

1.5 Uniqueness of contributions
Although research has been conducted to collate models with experimental data,
GapFind/GapFill and GrowMatch are the first methods to characterize and
resolve metabolic model inconsistencies using network-based methods. The use
of optimization methods makes this analysis computationally feasible and as
shall be discussed in the ensuing chapters, enables prediction of physiologically
relevant hypotheses. The allied literature is discussed in detail in Chapters 2 and
3.
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Table 1.1: Glossary of Biological terms.
Prokaryotes

Single Celled organisms with no nucleus.

Eukaryotes

Multi cellular organisms with a nucleus.

Cellular Metabolism

Set of all biochemical reactions in a cell.

Gene

A sequence of Deoxyribonucleic acid (DNA)
that codes for a functional protein.

Proteins

Products of genes which are the functional subunits
of all organisms.

Enzyme

A protein that catalyzes specific reactions
under specific environmental conditions.

ATP

A molecule that stores energy and powers
processes in the cell.

Substrate

Metabolites uptaken by the cell from the
external environment.

Byproducts

Metabolites secreted by the cell into the
external environment.

Metabolic reconstruction

Assemblage of all known metabolic processes
in an organism.

High throughput biological

Organism wide biological data concerning

Data

its genome, protein activities, metabolic functions
etc.

Wild type metabolic network

Typical form of an organism as it occurs in nature.

Engineered Strain

Form of the organism constructed by engineering
wild type to achieve desirable functionalities.

13

Figure 1.1 : Gene-protein-reaction association.
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Figure 1.2 : A schematic of a metabolic network.

15

Chapter 2
Identifying and rectifying topological inconsistencies in
metabolic networks
2.1 Background and Definitions
The genome of several microorganisms has been completely sequenced and
annotated in the past decade [33-36]. This information has aided the metabolic
reconstructions

of

several

microbial

and

eukaryotic

organisms

using

experimental evidence and bioinformatics based techniques providing single
compartment (e.g., Escherichia coli [37]) and multi-compartment models (e.g.,
Saccharomyces cerevisiae [38]).

All of these reconstructions are inherently

incomplete with some functionalities missing due to the lack of experimental
and/or homology information. These missing reaction steps may lead to the
prediction of erroneous genetic interventions for a targeted overproduction or
the elucidation of misleading organizational principles and properties of the
metabolic network. A key challenge in the automated generation of genome-scale
reconstructions is the elucidation of these gaps and the subsequent generation of
hypotheses to bridge them. This challenge has already been recognized and a
number of computational approaches have been under development to resolve
these discrepancies [39-43].
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Most of the aforementioned efforts are based on the use of sequence homology to
uncover missing genes. Specifically, sequence homology is used to pinpoint
genes in related species that have significant similarity with an unassigned ORF
of the curated microorganism [44]. Green et al formalized and further extended
this concept by introducing a method that identified missing enzymes in a
metabolic network using sequence homology related metrics within a Bayesian
framework [43]. Alternatively, non-homology based reconstructions have been
implemented by identifying candidate genes by measuring the similarity with
metrics such as mRNA co expression data [40] and phylogenetic profiles [42]
while also taking into account the local structure of the existing partially
reconstructed metabolic networks. A recent advancement in this direction uses
multiple types of association evidence including clustering of genes on the
chromosome and protein fusion events in addition to phylogenetic profiles [41].
All methods described above postulate a set of candidate genes and then
evaluate the likelihood that any of these candidate genes is present in the
microorganism’s metabolic network of interest using a variety of scoring metrics.
In addition to these approaches, various genomic context analyses have also been
used to identify missing metabolic genes [39, 45-48]. Specifically, a recent study
exploits the availability of highly curated metabolic networks to hypothesize
gene reaction interactions in less characterized organisms [48]. These
aforementioned methods predict missing enzymes in the metabolic network by
conducting sequence based comparisons of entire genomes and inferring
possible metabolic functions across different microorganisms.
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Alternatively, a recent systems based computational approach identifies the
location of missing metabolic functions in the E. coli iJR904 model by pinpointing
discrepancies between in silico model predictions and known in vivo growth
phenotypes [49]. Subsequently, an optimization based algorithm is used to
resolve these discrepancies by searching for missing metabolic functions from a
candidate database of reactions. In this chapter instead, we pinpoint metabolites
that cannot carry any flux through them and subsequently generate hypotheses
to restore connectivity. To this end, we introduce an optimization based
procedure (GapFind) to first identify such gaps in both single and multicompartment metabolic networks and subsequently using an optimization based
procedure (GapFill) restore their connectivity using separate pathology resolving
hypotheses. In contrast to the previous methods which fill gaps only by
identifying missing enzymes [40-43, 49] or adding transport reactions [49], we
also explore whether these gaps can be filled by making intra model
modifications. Figure 2.1 pictorially illustrates how such gaps arise in metabolic
reconstructions and introduces the definitions proposed in this chapter to
precisely describe these pathologies.

Gaps in metabolic reconstructions are manifested as (i) metabolites which cannot
be produced by any of the reactions or imported through any of the available
uptake pathways in the model; or (ii) metabolites that are not consumed by any
of the reactions in the network or exported based on any existing secretion
pathways. We refer to these metabolites as root no-production (e.g., metabolite A)
and root no-consumption metabolites (e.g., metabolite B) respectively. At steady18

state conditions no flow can pass through them due to the incomplete
connectivity with the rest of the network. Clearly, such pathologies are not
physiologically relevant and thus must be caused by omission and/or errors in
the model reconstruction process. Notably, the lack of flow in root no-production
metabolites

and

root

no-consumption

metabolites

is

propagated

downstream/upstream respectively giving rise to additional metabolites that
cannot carry any flow. We refer to these metabolites that are indirectly prevented
from carrying flow as downstream no-production (e.g., metabolite C) metabolites
and upstream no-consumption metabolites (e.g., metabolite D) respectively. It is
important to note that by restoring connectivity for the root problem metabolites
all upstream/downstream metabolites are also automatically fixed. We
concentrate on resolving only no-production metabolites in the case of cytosolic
metabolites. In the case of non-cytosolic (i.e., present in internal compartments)
metabolites, we identify mechanisms to resolve both no-production and noconsumption metabolites.

For single compartment metabolic networks (where we have only cytosolic
metabolites), we postulate three separate mechanisms for fixing no-production
metabolites (see also Figure 2.2). We explore whether (i) reversing the
directionality of existing reactions in the model (Mechanism 1), (ii) adding new
reactions from a multi-species database (e.g., MetaCyc [11]) (Mechanism 2) or
finally (iii) allowing for the direct importation of the problem metabolite restores
flow into the no-production metabolite (Mechanism 3). For multi-compartment
models, (e.g., S. cerevisiae) (Figure 2.3) we treat gaps in the cytosol differently
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than gaps in compartments (e.g., mitochondria, peroxisome etc). For cytosolic
no-production metabolites, in addition to the three connectivity restoration
mechanisms proposed for single compartment models, we additionally explore
whether they can be fixed by adding intracellular transport reactions between
compartments and the cytosol (Mechanism 4). For non-cytosolic problem
metabolites, present in internal compartments, direct importation from the
extracellular space is not possible. Thus, their connectivity to the network is
attempted to be restored based solely on reversing directionalities, adding
external reactions or adding transport reactions with the cytosol. In both single
and

multi-compartment

models,

downstream/upstream

no-

production/consumption metabolites are automatically fixed by restoring
connectivity to their corresponding root no-production/consumption metabolite.
Alternatively, we identify connectivity restoration mechanisms for downstream
problem metabolites in addition to the indirect mechanisms through the fixing of
root problem metabolites.

The proposed procedures are demonstrated on two widely used genome-scale
metabolic models: E. coli [37] and S. cerevisiae[38]. The resultant connectivity
resolving modifications in these models then serve as hypotheses. Specifically,
we test if reactions can be reversed in the E. coli model (Mechanism 1) using two
independent methods. First, we query the EcoCyc database [50] about the
reversibility of the tested reaction and subsequently we examine the reaction free
energy change ∆G values as approximated by Henry et al [51]. Values of ∆G
close to zero are indicative of a reversible reaction because the sign of ∆G will be
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sensitive to small concentration changes in the participating metabolites. Given
the limited information (compared to E. coli) available to thermodynamically
characterize reactions in S. cerevisiae, we only employ the first method of testing
for the latter model. We test if reactions are reversible by querying the MetaCyc
database for corresponding information; if no such information is available, we
check if the same reaction is reversible in other organisms.

Evidence for the presence of newly added reactions in the model is identified by
checking for sequence similarity based on bidirectional BLAST scores searches
[52]. Next, we determine whether a particular metabolite has an external
uptake/secretion route (Mechanism 3) by searching for evidence in the open
literature. Finally, in the case of multi-compartment models, we validate added
intracellular transport reactions by examining whether metabolites with similar
structures have known transport reactions in the metabolic network. The
developed mathematical frameworks for identifying and filling gaps are
discussed in the next section. The computational results section describe in detail
the results obtained by applying the above procedures to the two most highly
cited genome-scale models of E. coli [37] and Saccharomyces cerevisiae [38].
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2.2 Optimization models
2.2.1 (GapFind): Identification of no-production metabolites
First we describe a straightforward procedure to identify root no-production
metabolites in the metabolic network under steady-state conditions. Under
steady-state conditions, metabolite balances for a metabolic network comprised
of M metabolic reactions and N metabolites yield:

∑S v
ij

j

= bi ∀i = 1... N

(1)

j∈M

where bi is a parameter which signifies if metabolite i is uptaken ( bi is negative)
or secreted ( bi is positive), v j is the flux in reaction j of the metabolic network, Sij
is the stoichiometric coefficient of metabolite i in reaction j. A metabolite i is
inferred to be a root no-production metabolite by simply scanning the ith column
of the matrix containing the Sij elements and examining whether there exist any
positive entries (for irreversible reactions) or non-zero (for reversible reactions)
signifying production/uptake terms. If no such entries are present then there is
neither a direct production nor importation route for the tested metabolite
implying that it forms the root node of a no-production branch (see Figure 2.1a).
Note that root no-consumption metabolites can be identified in the metabolic
network by scanning the stoichiometric matrix and employing a procedure
symmetric to the one that identifies root no-production metabolites.
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In single compartment models, the identification of downstream no-production
metabolites cannot be accomplished by simply inspecting the entries of the Sij
matrix. Instead, an optimization procedure is proposed to pinpoint downstream
no-production metabolites. It is assumed that for all cytosolic metabolites a
consumption term is assured because of the diluting effect of cell division acting
as a metabolite sink, consumption by non-DNA controlled reactions,
participation in macromolecular processes absent from the model involved in
protein and DNA formation or simply export based on simple diffusion through
the cell membrane. To incorporate this assumption, constraint (1) is rewritten as

∑S v
ij

j

≥ 0 ∀i = 1... N

(2)

j∈M

The identification of the no-production metabolite set NP (a subset of N)
requires first the introduction of binary variables x np i and wij which are defined
as:
1 if metabolite i can be produced in the network
x np i = 
0 otherwise
1 if reaction j that produces metabolite i in the metabolic network is active
wij = 
0 otherwise

Given a parent metabolic network consisting of a reaction set M and a set N of
metabolites, the solution of the following optimization formulation (GapFind)
identifies all downstream no-production metabolites in addition to the root noproduction metabolites:
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Maximize ∑ ( x np i )

(GapFind)

(3)

i

s.t
Sij v j ≥ ε wij

∀ i ∈ N , j | ( Sij > 0 and j ∈ IR )

(4)

Sij v j ≤ Mwij

∀ i ∈ N , j | ( Sij > 0 and j ∈ IR )

(5)

Sij v j ≥ ε − M (1 − wij )

∀ i ∈ N , j | ( Sij ≠ 0 and j ∈ R )

(6)

Sij ''v j ≤ Mwij

∀ i ∈ N , j | ( Sij ≠ 0 and j ∈ R )

(7)

∑ wij ≥ x np i

∀i ∈ N

j'

(8)

LB j ≤ v j ≤ UB j , j ∈ Model

(9)

∑ Sij v j ≥ 0 ∀i ∈ N

(10)

j

x np i ∈ {0,1}, ∀i
wij ∈ {0,1}, ∀i, j
{ j ' ∈ M | ( Sij > 0 and j ∈ IR ) or ( Sij ≠ 0 and j ∈ R )}

In (GapFind), sets R and IR comprise of reversible and irreversible reactions in
the model respectively. Constraints (4) and (5) ensure that for each irreversible
reaction that produces the metabolite i, the binary variable wij assumes a value of
one only if the reaction produces atleast ε units of metabolite i (i.e., Sijvj ≥ 0) .
Similarly, constraints (6) and (7) ensure that for each reversible reaction in which
the metabolite i participates, the binary variable wij assumes a value of one only if
the reaction produces ε units of metabolite i. Constraint (8) then ensures that
metabolite i must have at least one production route if x np i = 1 by requiring a
minimum of that atleast for one reaction j that can produce metabolite i, the
value of a wij= 1 consequently implying that atleast ε units of the metabolite i is
produced. Constraint (9) restricts the fluxes in the reactions present in the model
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organism between predetermined upper and lower bounds, UB j and LB j ( LB j =
0 for irreversible reactions). The net positive balance assumption which led to (2)
is incorporated in constraint (10). Finally the objective function (3) maximizes the
sum of the binary variables x np i over all metabolites ensuring the identification of
all metabolites that have at least one production route given a set of available
substrates. Therefore, if at the optimal solution x np i is equal to zero then
metabolite i is a no-production metabolite thus belonging to set NP. By using this
procedure, all no-production metabolites are identified. Metabolites identified
previously as root no-production are subsequently subtracted from the list to
yield only the downstream no-production metabolites.

The (GapFind) procedure is slightly modified for multi-compartment models. As
shown in Figure 2.3, cytosolic metabolites can be drained out into the
extracellular space while non-cytosolic metabolites can only be transported out
into the cytosol. This implies that for metabolites present in compartments the
production term must match exactly the consumption term (see constraint (12))
as they cannot freely drain into the extracellular space. This implies that the
balance constraint (10) in (GapFind) is replaced by the following two constraints
in multi-compartment models.

∑ Sij v j ≥ 0 ∀ i ∈ cytosol

(11)

∑ Sij v j = 0 ∀ i ∉ cytosol

(12)

j

j
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2.2.2 (GapFill): Gap resolution based on minimal metabolic model
modifications
Upon the identification of all no-production metabolites in the model the next
step involves filling these gaps using minimally the three mechanisms described
earlier. We first explore whether reaction directionality reversal and/or addition
of reactions from Metacyc [11] absent from the original model links the problem
metabolite with the present substrates. This is accomplished by using a database
of candidate reactions consisting of (i) all reactions in the original model with
their directionalities reversed and (ii) reactions from a curated version of the
MetaCyc database including allowable transport mechanism entries between
compartments ( in the case of multi-compartment models). It should be noted
here that all the reactions in the MetaCyc database are treated as reversible in the
model. These reactions define set Database comprised of candidate reactions
while set Model is composed of the original genome-scale model reactions. It
should be noted that if none of the above two/three mechanisms is capable of
connecting the cytosolic no-production metabolite in single/multi-compartment
models then an uptake reaction is arbitrarily added to the model to restore
connectivity. However, if a non-cytosolic metabolite (in the case of multicompartment models) present in an inner compartment cannot be fixed by any of
the above mechanisms it is flagged as unfixable given the employed
mechanisms.
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In addition to the binary variable wij defined previously, the proposed (GapFill)
formulation relies on the binary variables y j defined as follows:
1 if reaction j from the external database is added to the parent network
yj = 
0 otherwise

For the case of single compartment models, the task of identifying the minimal
set of additional reactions that enable the production of a no-production
metabolite i * is posed as the following mixed integer linear programming
problem (GapFill).

Minimize ∑

j∈Database

yj

(GapFill)

(13)

s.t
Si* j v j ≥ δ − M (1 − wi* j )

∀ j | ( Sij ≠ 0 )

(14)

Si* j v j ≤ Mwi* j

∀ j | ( Sij ≠ 0 )

(15)

∑ wi* j ≥ 1

(16)

∑ Sij v j ≥ 0 ∀i ∈ N

(17)

j

j

LB j ≤ v j ≤ UB j ,

∀ j ∈ Model

(18)

LB j ⋅ y j ≤ v j ≤ UB j ⋅ y j ,

∀j ∈ Database

(19)

wij ∈ {0,1},

∀i , j

y j ∈ {0,1},

∀j ∈ Database

{ j ' ∈ M | ( Sij ≠ 0)}

In (GapFill), the objective function (13) minimizes the number of added reactions
from the Database so as to restore flow through metabolite i*. Constraints (14)
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and (15) are identical to (6) and (7). Constraint (16) ensures that these additions
are subject to a minimum of δ units for the no-production metabolite i* being
produced. Constraint set (17), as in (GapFind), allows for the free drain of all
cytosolic metabolites while bounds on reactions present in the Model are imposed
by constraint set (18). Constraint set (19) ensures that only those reactions from
the Database that have non zero flow are added to the model. This formulation
restores flow through no-production metabolites in single compartment models.
For multi-compartment models, the (GapFill) formulation is modified. First gaps
in the cytosol are filled using the mechanisms described earlier for single
compartment models. Specifically, the (GapFill) formulation is modified by
replacing constraint (17) with constraints (11) and (12) reflecting the fact that no
net production term can be imposed for metabolites present with compartments
incapable of communicating directly with the extracellular space. The solution of
formulation (GapFill) once for each no-production metabolite i* identifies one
mechanism at a time for resolving connectivity problems in the model. It should
be noted that through the use of integer cuts [32] multiple hypotheses can be
generated to resolve these connectivity problems. In this chapter, we evaluate the
merit of generated hypotheses and subsequently choose the most probable one
using the following three criteria sequentially a) The added hypotheses should
not have cycles: since the MetaCyc database consists of multiple copies of the
same reaction (which are present in different organisms), there is a proclivity to
fix metabolites by adding two copies of the same reaction in opposite directions
(since all reactions in the MetaCyc database are considered reversible) thereby
forming a cycle, b) We choose the hypotheses which enables production of the
problem metabolite with the least number of modifications and c) We choose a
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hypotheses that has higher probability of being accurate based on our validation
metrics ( e.g., if two reactions are added, we choose the one with the better blast
score).

2.3 Computational Results
2.3.1 E. coli
In this chapter, we first identify all no-production metabolites (both root and
downstream) using the (GapFind) formulation using the most recent E. coli
genome-scale model [37]. All metabolites in the iJR904 model [37] that are
identified as transport metabolites are allowed to enter and leave the cell. All
metabolite and reaction abbreviations used in this section are taken from the
iJR904 model [37]. Figure 2.4 summarizes the results obtained by using the
(GapFind) formulation on the iJR904 model. As shown in Figure 2.4, there are 64
no-production metabolites; 28 of these metabolites are root and 36 are
downstream no-production metabolites. Of the 64 identified no-production
metabolites, 31.2% belong to Cofactor and Prosthetic Group Biosynthesis, 25%
belong

to

Alternate

Carbon

Metabolism,

14%

belong

to

Oxidative

phosphorylation, 10.9% belong to Cell Envelope Biosynthesis, 7.8% belong to
Nucleotide Salvage and the remaining 12.5% are not assigned to any pathway.
The presence of so many unbalanced metabolites is quite surprising given how
extensively this model has been curated and how widely it is used.
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We next proceed with the gap-filling procedure using the (GapFill) formulation.
We first identify the metabolites for which production mechanisms are
established by reversing directionalities of existing reactions in E. coli. As shown
in Figure 2.4, for 26 out of 64 no-production metabolites, production pathways
are established by reversing directionality of existing reactions in E. coli. Also, 19
out of these 26 require a single reaction directionality reversal while three (i.e.,
3dgulnp, 5prdmbz, adocbip, bbtcoa, ctbtcoa) require the reversal of directionality
of two reactions while four metabolites (adocbi, dmbzid cbi and pc_EC) require
the reversal of three reactions respectively. To ensure that all 26 metabolites are
produced in the network, (GapFill) identifies that the directionalities of at least
twenty eight reactions have to be reversed. It is important to note that the
identified reaction directionality reversals leading to the establishment of
production routes for the problematic metabolites are to a large extent unique.
Specifically, only two additional reaction reversal are identified when the
(GapFill) model is re-solved (using integer cuts) to exhaustively identify all
possible reaction reversals capable of resolving all no-production metabolites
(See Table 2.1). These results indicate that the production of most of the noproduction metabolites can be enabled by expanding the directionality of
existing reactions in E. coli rather than adding new ones.

The validity of the identified reaction directionality reversals is examined by
employing two independent procedures as stated above. First we queried the
identified reaction directionalities in the EcoCyc [50] database. We found that
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eleven out of the identified 30 reactions are listed as reversible in EcoCyc even
though they are treated as irreversible in the iJR904 [37] model (Table 2.1). This
provides independent verification for allowing reversing the directionality of
these eleven reactions to be reversed when they are used in the context of the E.
coli genome-scale model. As shown in Table 2.1 seven out of the eleven reactions
belong to Cofactor and Prosthetic Group Biosynthesis, while two belong to
Alternate Carbon Metabolism, one to Cell Envelope Biosynthesis and one is not
assigned to any specific pathway. Notably, four of these eleven reactions which
are treated as reversible in EcoCyc [50] (ADOCBLS, ACBIPGT, NNDMBRT and
RZ5PP ) are involved in enabling the production of more than one no-production
metabolite. Of the remaining nineteen reactions for which the EcoCyc database
does not provide positive evidence, the directionality of two reactions is
unspecified whereas nine reactions take place in the direction specified in the
iJR904 model. There is no information regarding the remaining eight reactions in
the EcoCyc database.

As a second method of testing, we used the free energy change values ∆G of the
identified reactions as approximated by Henry et al [51]. It should be noted here
that ∆G values are available for only seventeen out of the 30 candidate reactions.
It is likely that reactions that have calculated ∆G values closer to zero are
reversible. These ∆G values are contrasted against the ∆G of all the reactions
present in the E. coli iJR904 model according to the procedure of Henry et al [51]
(see Figure 2.5). Further, we conducted a rank sum test on the two samples of
∆G values. We found that, with a probability of about 60%, we could not reject
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the null hypothesis of equal medians at 5 % significance. This means that we
cannot make any conclusions based on the ∆G values of the reactions that are
predicted to be reversible by (GapFill). Upon quantifying the uncertainty in the
approximated ∆G values based on the procedure by Henry and coworkers most
of the identified reactions (fourteen out of seventeen) involve free energy ranges
that span both negative and positive values (see Figure 2.6). This indicates that
there is a reasonable likelihood that these fourteen reactions are reversible.
Interestingly, five out of these fourteen reactions are also independently deemed
as reversible based on the EcoCyc data (Figure 2.6). Using these two separate
tracks of validation we find 35.71% unanimity in the prediction between the two
methods.

The second mechanism restores production routes by adding reactions from the
database described in the previous section. As shown in Figure 2.4, eleven out of
the 64 no-production metabolites are reconnected by adding reactions from the
customized external database. The reactions and the corresponding metabolites
are shown in Figure 2.7. (GapFill) identifies that at minimum nine reactions from
the external database must be added. As seen from Figure 7, metabolites tcynt
and cyan require the addition of the same set of five reactions from MetaCyc.
Interestingly, two of these reactions L-carnitine dehydratase and putative
cyanide hydratase are E. coli reactions that are present in the MetaCyc database
but absent in the iJR904 model. Notably, the reaction putative cyanide hydratase
is mentioned in [37] as a possible annotation for a conserved protein which is
transcribed by the gene ygiU. For the remaining added reactions, we determine
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e-values obtained by checking for sequence similarity using the BLAST [52]
algorithm between the candidate enzymes and the ORFs in the E. coli genome are
shown in Table 2.2. The enzyme with the best bidirectional BLAST score of (1e21,2e-23) phenylpyruvate decarboxylase, is involved in enabling the production
of four no-production metabolites (Tale 2). An e-value of 1e-21 indicates that
only an expected number of 1e-21alignments with equivalent or better bit scores
can occur in the database search by chance. The obtained low e-value four
enzymes (see Table 2.2) are indicative that these functions may indeed be present
in E .coli. Since the focus of this chapter is to provide testable hypotheses and not
to conduct a thorough bioinformatics based analysis of missing enzymes, we
believe that BLAST scores are sufficient. Alternatively, more elaborate scoring
matrices based on Bayesian analysis and BLAST searches have been published
by Green et al [43].

The connectivity restoration for five out of the sixty no-production metabolites
requires the combination of Mechanisms 1 and 2 (see Figure 2.4). Specifically, for
two of these metabolites (peamn and g3pi), in addition to requiring the reversal
of directionality of existing reactions in the iJR904 model (see Table 2.1)
additional reactions need to be added from MetaCyc to enable their production.
Interestingly for metabolite 3dhguln the added reaction L-xylulose kinase is
present in EcoCyc but absent in the iJR904 model [37].
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The production of the remaining twenty two no-production metabolites (Figure
2.4) is possible only by the uptake of the corresponding metabolite from outside
the cell. Four of these twenty four metabolites (dms, dmso, tma and tmao) even
though they have an extracellular component in the iJR904 model, there are no
corresponding reactions which explicitly allow transport into the cell (i.e., no
reactions of the form metabolite A[e] --> A[c]). Due to their presence as
extracellular components, it is reasonable to assume that the corresponding
transport reactions may also be present. For the remaining twenty metabolites,
the validity of adding uptake routes is tested by searching for corresponding
evidence in literature. While no direct evidence was retrieved for the existence of
uptake reactions for any of these sixteen metabolites, there exists evidence that
trans-acontitate is formed spontaneously from cis-acontitate which is an
intermediate in the citric acid cycle [53, 54]. In the next section we describe the
results obtained by applying the (GapFill) and the (GapFind) procedures to the
genome-scale model of Saccharomyces cerevisiae [38].
2.3.2 S. cerevisiae
In this chapter, we first identify the no-production metabolites using the
modified form of (GapFind) for multi-compartment models in the Saccharomyces
cerevisiae iND750 model [38]. All metabolite and reaction abbreviations used in
this section are taken from the iND750 model [38]. Figure 2.8 shows the
distribution of no-production metabolites across the different compartments in
the Saccharomyces cerevisiae iND750 model. As shown in Figure 2.8(A), a majority
of the problem metabolites are in the cytosol, the mitochondria and the
peroxisome. Surprisingly, Figure 2.8(B) reveals that none of the metabolites in
34

either the peroxisome or the golgi apparatus are accessible. On the other hand,
all the metabolites in the endoplasmic reticulum are connected. Also, as shown in
Figure 2.9, there are a number of common problem metabolites between the
cytosol and the inner compartments. Notably, as shown in the figure, more than
25% of the problem metabolites in the mitochondria also cannot be produced in
the cytosol. This suggests that identifying production pathways for cytosolic noproduction metabolites may automatically fix some of the corresponding
downstream problem metabolites in the inner compartments. Taking this into
account, we restore flow through problem metabolites in two steps: First we
identify production mechanisms for cytosolic no-production metabolites.
Subsequently, the identified additions/modifications that fix cytosolic noproduction metabolites are appended to the original network and the problem
metabolites in the remaining compartments are identified using (GapFill) for
each compartment separately.

Figure 2.10 shows the distribution of the production mechanisms identified by
(GapFill) to enable production of cytosolic no-production metabolites. As shown,
a majority, i.e., 14 metabolites are fixed by adding transport reactions from other
compartments to the cytosol. Also

14 metabolites are fixed by adding

missing reactions from the MetaCyc database and 19 metabolites are fixed by
reversing the directionalities of existing reactions in the Saccharomyces cerevisiae
model. Interestingly, 33 no-production metabolites are fixed by more than one of
the above mechanisms. Finally, since (GapFill) does not identify production
mechanisms for any of the remaining fifteen no-production metabolites, we
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enable their production by enabling transport reactions for them from the
environment. As shown in Figure 2.10, production pathways for seven
peroxisomal and seventeen mitochondrial metabolites are automatically
identified by fixing cytosolic no-production metabolites. Thus, identifying
production pathways for cytosolic metabolites restores connectivity to 24 out of
the 199 non-cytosolic problem metabolites.

Connectivity restoration mechanisms for the remaining problem metabolites in
the inner compartments are next identified using (GapFill). Figure 2.11 shows in
detail the generated hypotheses to enable production of the remaining problem
metabolites in non-cytosolic compartments. As shown a majority of the
metabolites are fixed by reversing directionalities of existing reactions in the
Saccharomyces cerevisiae model. Also, as shown in Figure 2.11, a large number of
metabolites are fixed adding missing reactions from the MetaCyc database.
However, it should also be noted that (GapFill) cannot identify production
mechanisms for about 17.5% of all metabolites in the inner compartments. This
means that none of these metabolites can be fixed by adding missing reactions
from the MetaCyc database, reversing the directionalities of existing reactions in
the model or adding intracellular transport reactions between the cytosol and the
other compartments. Resolving these remaining inconsistencies would require
currently absent functionalities and/or metabolites in the multi-species reaction
database.
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As an example, we examine in detail the results obtained for the golgi apparatus.
As shown in Figure 2.12(A), (GapFind) identifies that the lack of flow in the root
no-production metabolite, macchitppdol, results in fifteen downstream problem
metabolites. (GapFill) does not identify a production mechanism for
macchitppdol which would automatically enable production of the remaining
fifteen metabolites. Instead, it fixes ten of the sixteen no-production metabolites
by adding a reaction which is downstream of macchitppdol as shown in Figure
2.12(B). Interestingly, the enzyme guanylate kinase that catalyzes the added
reaction is present in the cytosol where it catalyzes the same reaction. This
information alludes to the possible presence of this activity in the golgi
apparatus.

As shown in Figures 2.10 and 2.11, 144 (108 exclusively by reversing
directionalities and 36 by a combination of reversing directionalities and other
mechanisms) (36.7%) of the problem metabolites across all compartments are
fixed by reversing the directionalities of 33 reactions in the Saccharomyces
cerevisiae model. Ten out of the 33 reactions are reversible in other organisms
according to information in the MetaCyc [11] database, four of them are always
irreversible, seven have unspecified directionality in other organisms and twelve
do not even have any information about the presence or absence of the
corresponding enzyme in MetaCyc. Interestingly reversing the directionalies of
FAO80p, a reaction that oxidizes Octanoyl-CoA as part of the fatty acid
degradation pathway in the peroxisome, and FA80tp, a reaction that transports
octanoate into the peroxisome from the cytosol, fixes 83% of all problem
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metabolites in the peroxisome. Notably, FAO80p is treated as reversible in other
organisms in MetaCyc.

Fifteen reactions are added to the existing Saccharomyces cerevisiae model to
enable the production of 47 problem metabolites (43 exclusively by adding
reactions and 4 by a combination of adding missing reactions and other
mechanisms). Of these, 18 are cytosolic metabolites (Figure 2.10) and 29 are noncytosolic metabolites (Figure 2.11)) metabolites the model. Table 2.3 shows the evalues (the negative logarithms of these e –values are plotted) obtained by
checking for sequence similarity between the candidate enzymes and the ORF’s
in the Saccharomyces cerevisiae genome by performing the bidirectional BLAST
analysis. As shown, eight of these enzymes have e-values less than 10-13 in both
the forward and reverse directions. This is indicative that these candidate
enzymes and the corresponding best hits in Saccharomyces cerevisiae genome are
orthologs and not paralogs [55]. Notably, four of these eight enzymes that fix non
cytosolic metabolites are already present in the Saccharomyces cerevisiae genome
as cytosolic reactions. This means that, in addition to identifying missing
reactions in the metabolic network, (GapFill) predicts potential activities of
existing enzymes across compartments in the model and hence, it could be used
effectively to aid in deciphering additional potential locations for activities of
existing enzymes in a genome-scale metabolic reconstruction.
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The production of the 65 (33 exclusively and 32 in combination with other
mechanisms) problem metabolites in the Saccharomyces cerevisiae model is
enabled by adding 22 intracellular transport reactions between the cytosol and
the remaining compartments (Figures 2.10 and 2.11). The 43 cytosolic problem
metabolites are fixed atleast partially (Figure 2.10) by adding 5 transport
reactions from the other compartments; specifically three transport reactions
between mitochondria and the cytosol (transporting the metabolites acACP,
ACP, and malACP) and two transport reaction between the peroxisome and the
cytosol ( ttccoa, hexccoa transport). Examination of the prevalent transport
mechanisms in the Saccharomyces cerevisiae model reveals that eight different
fatty-acyl carrier protein groups can be transported between the cytosol and the
mitochondria. Taking into consideration the structural similarity between
different acyl carrier proteins, we can hypothesize that the three added
intracellular transport reactions between the cytosol and the mitochondria
transporting ACP, malACP and acACP are likely to be present in the
Saccharomyces cerevisiae model. Also, because there are seven reactions that
transport metabolites with Coenzyme A groups from the cytosol to the
peroxisome, it is reasonable to hypothesize that the transport reactions
transporting ttccoa and hexccoa between the peroxisome and the cytosol may
indeed be present. Moving to the mitochondria, fifteen transport reactions added
between the cytosol and the mitochondria serve to atleast partially (taking into
account metabolites fixed by more that one mechanism) fix 16 problem
mitochondrial metabolites. Two of these transport reactions serve to transport
gdp and gtp between the cytosol and the mitochondria. Also, the three problem
metabolites in the vacuole are fixed by adding transport reactions to transport
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adp and atp from the cytosol and the vacuole. Finally the production of fifteen
cytosolic metabolites is enabled by uptaking them directly from the extracellular
space. We found no evidence in the literature to support or contradict these
uptake mechanisms.

2.4 Summary
In this chapter, we introduced two optimization based procedures, (GapFind)
and (GapFill), to identify and fill gaps in genome-scale metabolic reconstructions.
This was achieved by pinpointing metabolites can cannot be produced or
consumed in the network using (GapFind) and then using (GapFill) to generate
hypotheses that restored flow through these metabolites. These procedures were
demonstrated on the single compartment model of E. coli and the multicompartment model of Saccharomyces cerevisiae[38]. When applied to the single
compartment model of E. coli, the (GapFind) procedure identified that about
10.4% of all metabolites were disjoint from the rest of metabolism. Flow through
a majority of these metabolites was restored by reversing directionalities of
existing reactions in the E. coli model. As many as 40% of them could not be fixed
by any of the postulated mechanisms instead requiring their free uptake from the
extracellular space. Flow through the remaining metabolites was restored by
either exclusively adding missing reactions from MetaCyc or a combination of
reversing directionalities of existing reactions in the model and adding missing
reactions. Interestingly, for almost 50% of the reactions identified as reversible
by (GapFill) had supporting evidence in the information obtained from the
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EcoCyc database. In the case of the multi-compartment model of Saccharomyces
cerevisiae, (GapFind) identified that approximately 30% of all metabolites in the
model were disconnected. Flow through 22% of them was restored by adding
intracellular transport reactions in the model. Connectivity in the remaining 78%
of the metabolites was restored by a combination of the mechanisms discussed in
the case of E. coli. This left approximately 17.5% of all metabolites in the
Saccharomyces cerevisiae model whose connectivity restoration

cannot be

accomplished though the postulated mechanisms.

For both models we found that a substantial percentage of the metabolites are
disconnected from metabolism and cannot carry any flux. Despite these gaps in
silico growth predictions using models of E. coli and S. cerevisiae are typically in
good agreement with in vivo results [38, 56]. This is primarily due to the fact that
none of the identified gaps are in the well characterized central metabolism
pathways and thus have no effect on growth prediction results. However, we
anticipate that in de novo metabolic reconstructions of less well curated
microorganisms using software applications such as the hole filler algorithm in
the Pathway Tools software [57] gaps in central parts of metabolism are likely to
be present leading to erroneous in silico predictions. We believe that for such
automated reconstructions of less well studied microorganisms the utility of
(GapFind) and (GapFill) will be even more pronounced. We have already
applied some of these concepts in the reconstruction of the metabolic model of
Mycoplasma genitalium currently underway in our group.
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Clearly, the role of GapFill is to simply pinpoint a number of hypotheses which
need to subsequently be tested. Using the basic set of our validation test we were
able to relatively confidently validate or invalidate approximately 53% of the
reversal of directionality of reactions that were predicted by (GapFill). An
increase in experimental data, such as more information regarding ΔG values of
reactions, which would help determine more accurately the thermodynamic
feasibilities of transformations, will help increase this percentage. Also, use of
recently developed computational procedures which combines available ΔG
values with heuristic rules to elucidate thermodynamic constraints in genomescale models [58] may also further sharpen the elucidation of correctness of the
generated hypotheses. Furthermore, moving beyond the bidirectional BLAST
hits that we used to validate newly added reactions in this chapter, the likelihood
of the presence of the added enzymes can be more accurately assessed by using
previously developed cost functions [40-42]. Also, by adopting concepts first
proposed by Reed and co-workers [49], the gap-filled model can further be
refined by contrasting in silico predictions of growth phenotypes with
experimental observations. An inherent limitation of GapFill is the reliance on a
candidate database of reactions. One could envision extending GapFill to
consider hypothetical reactions in the spirit of the methods proposed by
Hatzimanikatis and coworkers [59]. In conclusion, here, we introduced a
systematic procedure to identify and fill gaps in metabolic reconstructions. As
seen by the results obtained, these procedures can be used to curate existing
metabolic reconstructions. In the future, we plan to deploy these methods during
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the

generation

phase

of

metabolic

microorganisms.
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reconstructions

of

less

curated

Table 2.1 Reactions whose directions have to be reversed to restore connectivity of
metabolites using mechanism 1.
The reactions in bold have support in the EcoCyc database. The pathways in which these
reactions are present and the metabolites whose production they enable are as shown.
The metabolites shown in bold are fixed by a combination of mechanisms 1 and 2.

(GapFill) identified reversible reactions in

E. coli

Corresponding metabolite(s) in

E. coli which is (are) fixed

Pathway

ADOCBLS

rdmbzi, agdpcbi, adocbi, adocbip

Cofactor and Prosthetic Group Biosynthesis

HETZK

4mhetz

Cofactor and Prosthetic Group Biosynthesis

HMPK1

4ahmmp

Cofactor and Prosthetic Group Biosynthesis

SPODM

o2-

Unassigned

DXYLK

dxyl

Cofactor and Prosthetic Group Biosynthesis

ACBIPGT

adocbi, adocbip, 5prdmbz

Cofactor and Prosthetic Group Biosynthesis

PGLYCP

2pglyc

Alternate Carbon Metabolism

NNDMBRT

5prdmbz, dmbzid

Cofactor and Prosthetic Group Biosynthesis

PEAMNO

peamn

Alternate Carbon Metabolism

ALDD19x

peamn

Alternate Carbon Metabolism

CRNt7

crn, gbbtn, ctbt, crncoa*,bbtcoa, ctbtcoa

Transport, Extracellular

AP4AH

ap4a

Nucleotide Salvage Pathways

2DGLCNRy

2dhglcn

Alternate Carbon Metabolism

DKGLCNR2x

2dhglcn, 25dkglcn

Alternate Carbon Metabolism

BETALDHx

betald

Unassigned

BETALDHy

betald

Unassigned

DKGLCNR1

25dkglcn, 2dhglcn

Alternate Carbon Metabolism

X5PL3E

ap5a, xu5pL,

Alternate Carbon Metabolism

DKGLCNR2y

25dkglcn

Alternate Carbon Metabolism

DKGLCNR2x

25dkglcn, 2dhglcn

Alternate Carbon Metabolism

2DGULRx

2dhguln

Alternate Carbon Metabolism

2DGULRy

2dhguln

Alternate Carbon Metabolism

GP4GH

gp4g

Nucleotide Salvage Pathways

DOGULNR

23doguln, 3dhguln

Alternate Carbon Metabolism

ADOCBIK

adocbi

Cofactor and Prosthetic Group Biosynthesis

KG6PDC

3dgulnp, 3dhguln

Alternate Carbon Metabolism

RZ5PP

dmbzid

Cofactor and Prosthetic Group Biosynthesis

GPDDA5

g3pi

Cell Envelope Biosynthesis

GPDDA3

g3ps

Cell Envelope Biosynthesis
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Table 2.2 BLAST scores of added reactions in E. coli
Candidate reactions from the MetaCyc database (along with BLAST scores) added to
enable production of no-production metabolites in E. coli.

Reactions

E Value

Best hit in E. coli

Organism

formiminoglutamate hydrolase
Histidase

9e-13,3e-17
3.8, 0.003

arginase/agmatinase/formimionoglutamate hydrolase
Putative formate acetyltransferase 3

Bacillus subtilis
Bacillus subtilis

imidazolone-5-propionate hydrolase
inositol-1-phosphate synthase

0.007,3e-07
no similarity

guanine deaminase
hypothetical protein EcolE_01002634

phenylalanine ammonia lyase

8.6 , 3e-04

Ornithine/acetylornithine aminotransferase

Bacillus subtilis
Mycobacterium
tuberculosis
Arabidopsis thaliana

phenylpyruvate decarboxylase

1e-21,2e-23

acetolactate synthase isozyme III

Thauera aromatica

Urocanase
L-carnitine dehydratase

0.006, 3e-07

hypothetical protein Z4243

Bacillus subtilis
E. coli

putative cyanide hydratase

------------- ------------------------- -------------

E. coli
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Table 2.3 BLAST scores of added reactions in S. cerevisiae
Candidate reactions from the MetaCyc database (along with BLAST scores) added to
enable production of no-production metabolites in S. cerevisiae.

Reactions

E Value

Reaction in S. cerevisiae

Organism

methionine &gamma;-lyase

1e-58,1e-68

Cystathionine gamma-lyase

Pseudomonas putida

2-hydroxyglutarate synthase( no gene identified yet)

------------------------------------------------

E. coli

2-oxoglutarate reductase/ phosphoglycerate dehydrogenase

3-phosphoglycerate dehydrogenase
Phosphatidylinositol 3-kinase TOR2

Bacillus subtilis

deoxyribose-phosphate aldolase

2e-14, 3e-18
7.7, 0.006

D-lactate dehydrogenase

2, 3e-04

Protein of unknown function

E. coli

L-tryptophan aminotransferase

no information no information

Enterobacter cloacae

Methylglyoxal synthase

1.5, 0.001

carbamyl phosphate synthetase

E. coli

phenylpyruvate decarboxylase

3E-35, 1e-39

Chain A, Pyruvate Decarboyxlase

Azoarcus sp. EbN1

tagatose-1,6-bisphosphate aldolase 2

1e-12, 1e-16

Fructose 1,6-bisphosphate aldolase

E. coli

tryptophan 2-monooxygenase

2.2, 5e-05

orf:PZA105

E. coli

5,10-methylenetetrahydrofolate reductase(present in the cytosol)

1E-38, 2e-42

Isozyme of methylenetetrahydrofolate reductase

E. coli

adenine phosphoribosyltransferase(present in cytosol)

2E-25, 1e-29 Adenine phosphoribosyltransferase

E. coli

guanylate kinase(present in cytosol)

9E-38, 7e-42

Guanylate kinase

E. coli

putative NAD+ kinase(present in cytosol)

2E-27, 6e-28

ATP-NADH kinase

E. coli

adenylate kinase(present in cytosol and mitochondria)

7E-51, 5e-55

Adenylate kinase

E. coli
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Mycoplasma pneumoniae

C

D

A

B

Figure 2.1 - Characterization of problem metabolites in metabolic networks.
Metabolite A is defined as a root no-production metabolite because there is noproduction or transport mechanism for it in the network. Metabolite C is a downstream
no-production metabolite because, despite there being a reaction that produces it, it can
carry no flux as A cannot be produced in the network. Equivalently, B and D are defined
as root and downstream no-consumption metabolites.
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Mechanism 1

Mechanism 2

(a)

A

(b)

B

Databas
e

Mode
l

Mechanism 3
(c)
ex

At

A

B
ex

Bt

Figure 2.2 – Connectivity restoration mechanisms for problem metabolites. In (a),
reversing the directionality of restores the connectivity of metabolite (A) to the network.
In (b) reactions are added from the external database to the model organism in order to
enable production and consumption of no-production and no-consumption metabolites
respectively. In (c), the production of no-production metabolite A is enabled by adding
an external uptake pathway, the consumption of no-consumption metabolite B is
enabled by adding an external secretion pathway.
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Figure 2.3 - The multi-compartment model of Saccharomyces cerevisiae. All
compartments interact only with the cytosol. Only the cytosol interacts with the
extracellular space.
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No Production
Metabolites
(64)

Mechanism
1

Mechanism
2

Mechanism
3

Mechanism
(1+2)

(26)

(11)

(22)

(5)

Single
reactions
reversal

Two
reactions
reversed

Three
reactions
reversed

E.Coli
reactions
added

(19 )

(3)

(4)

(1)

NonE.Coli
reactions
added
(2)

Figure 2.4 - Classification of mechanisms of restoring connectivity for no-production
metabolites in E. coli using (GapFill).
The numbers in the boxes indicate the mode of flow restoration for problem metabolites
in E. coli.
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Model identified reversible reactions

1000
100
10

-4
-3
.1
-2
.2
-1
.3
-0
.4
0.
5

1

-1
3
-1
2.
1
-1
1.
2
-1
0.
3
-9
.4
-8
.5
-7
.6
-6
.7
-5
.8
-4
.9

Number of reactions

E coli reactions

_ G Values (kcal/mol)

Figure 2.5 – ∆G values for (GapFill) identified reversible reactions in E. coli.
Contrasting ∆G values between reactions found under Mechanism 1 and reactions in the
iJR904 E. coli model on a log scale
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Model identified reversible reactions

1000
100

X5PL3E
LPLIPA5
NNDMBRT
DXYLK

10

HMPK1
KG6PDC
DOGULNR

1

DKGLCNR2y

-1
3
-1
2.
1
-1
1.
2
-1
0.
3
-9
.4
-8
.5
-7
.6
-6
.7
-5
.8
-4
.9

DKGLCNR2x

2DGULRy

-4
-3
.1
-2
.2
-1
.3
-0
.4
0.
5

Number of reactions

E coli reactions

2DGULRx

_ G Values (kcal/mol)
2DGLCNRy

2DGLCNRx

PGLYCP
RZ5PP
GPDDA3
GPDDA5

-25

-20

-15

-10

-5

0

5

10

Figure 2.6 - Range of ∆G values for (GapFill) identified reversible reactions.
The abbreviations of the reactions are as shown on the horizontal lines. EcoCyc
reversible reactions are those which have evidence in EcoCyc regarding their reversible
nature, while EcoCyc irreversible reactions correspond to those that do not have any
such evidence in EcoCyc.
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ctbt
crncoa
phaccoa
L-carnitine dehydratase

inost

Histidase

peamn

Inositol -1-phosphate synthase

g3pi

Urocanase

tcynt

Phenylpyruvate decarboxylase
cinnm
Formiminoglutamate

hydrolase

phenylalanine ammonia

cenchddd

lyase

pacald

Imidazoone -5- propionate hydrolase
cyan
Putative cyanide hydratase

pac
gbbtn
crn

Figure 2.7 – Restoration of flow by adding missing reactions in E. coli.
Mapping between the reactions (left hand side) added by (GapFill) for E. coli through
mechanism 2 and the metabolites (right hand side) whose connectivity they (partially)
serve to restore.
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A)

Distribution of blocked metabolites across compartments

Number of blocked
metabolites

100
80
60
40
20
0
cytosol

peroxisome

mitochondria

nucleus

golgi

vacuole

e. reticulum

Compartment

B)

Figure 2.8 - Problem metabolites identified by (GapFind) in the Saccharomyces
cerevisiae iND750 model.
8A) shows the number of problem metabolites in each of the compartments. 8B) shows
the percentage of metabolites in each of the compartments that are disconnected.
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Figure 2.9: Common problem metabolites between the cytosol and the inner
compartments. The numbers show the common problem metabolites between the
cytosol and the remaining compartments.
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Figure 2.10: (GapFill)-cytosol
Production mechanisms identified by (GapFill) for cytosolic no-production metabolites.
As shown, this results in the automatic fixing of seven peroxisomal and seventeen
mitochondrial metabolites.
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Mechanism

Compartment
Peroxisome

Golgi

Adding missing reactions

1

10

Reversing directionalities

67

Adding transport reactions

Nucleus

Vacuole

7

11

0

0

14

8

0

0

0

16

0

3

Reversing directionalities+
Adding transport reactions

0

0

2

1

0

Adding external reactions +
Adding transport reactions

0

0

0

0

0

Reversing directionalities
+Adding external reactions

0

0

0

0

0

3

6

19

7

0

7

0

17

0

0

Not fixed
Fixed by fixing cytosolic problem
metabolites

Mitochondria

Figure 2.11: (GapFill)-inner compartments
Generated hypotheses identified by (GapFill) to fix problem metabolites in the inner
compartments.
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A)

B)

Figure 2.12 : The metabolic map of the Golgi apparatus.

58

Chapter 3
Optimization methods to reconcile model predictions with
experimental data

3.1 Introduction
There are currently 700 completely sequenced genomes along with extensive
compilations of data [37] assembled after decades of experimental studies on the
metabolic behavior of organisms. This has enabled the reconstruction of
stoichiometric models of metabolism for about twenty [60] organisms. This
process began with the metabolic characterization of prokaryotic organisms such
as Escherichia coli [37], moved to the reconstruction of eukaryotic organisms such
as Saccharomyces cerevisiae [38] and, more recently, to the first reconstruction of
the more complex Homo Sapiens metabolic map [61]. The completeness and
accuracy of microbial metabolic reconstructions are typically assessed by
comparing the model growth predictions (i.e., presence or absence) of single
and/or multiple knockout mutants for a variety of substrates against
experimental data [62-64].

As shown in Figure 3.1, these comparisons lead to four possible outcomes: GG
when both model and experimental point at growth, GNG when the model
predicts growth but the experiment does not, NGG when the model fails to
predict the experimentally observed growth, and finally NGNG when both
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model and experiment show no growth. Cases GG and NGNG are indicative of
agreement between model predictions and experimental data whereas cases
GNG and NGG signify disagreement. Specifically, in GNG cases the model overpredicts the metabolic capabilities of the organism due to the use of reactions
that are absent in vivo, down-regulation or inhibition of genes/enzymes under
the experimental conditions, or absence of biomass constituents from the in silico
biomass description. Conversely in NGG cases, the model under-predicts the
metabolic capabilities of the organism due to the absence of relevant
functionalities/reactions
optimization-based
(conditionally

in

the

techniques

add/delete

model.
to

In

this

systematically

reactions,

chapter,
suggest

restrict/expand

we

introduce

modifications

directionalities

or

add/suppress uptake/secretion mechanisms for NGG/GNG inconsistencies) in
genome-scale metabolic reconstructions in order to reconcile experimental and
computational growth predictions across different mutants.

The proposed method makes use of gene essentiality data sets currently available
for many microorganisms [65-74]. For example, the Keio collection [74]
catalogues the optical density (OD), under different substrate conditions, of the
single gene deletion mutants of all 3,985 non essential genes in the E. coli K-12
BW25113. Several studies are already available that use gene essentiality data
available at the Keio database and other sources to suggest targeted
improvements in existing metabolic reconstructions [38, 56, 62, 64, 75, 76]. As
seen in Figure 3.2, in these studies, in silico models of increasing complexity were
successively contrasted against in vivo datasets of differing size to correct the
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predictive capabilities of the models. Recently, Joyce et al. [64] used the Keio
mutant collection [74] to pinpoint conditionally essential genes in vivo in a
glycerol supplemented minimal medium and then compared them with the
corresponding in silico predictions to suggest improvements in the model [64]. In
another study, Harrison and co-workers identified computationally predicted
synthetic lethal gene deletion pairs in yeast and then proceeded to test the
growth characteristics of these double deletion mutants in vivo [77]. While these
studies have successfully used gene deletion datasets in many different contexts
to pinpoint gaps in in silico models, the key step of resolving these gaps was
performed manually.

The need to develop automated procedures to improve the accuracy of existing
metabolic reconstructions has been recognized and has led to the development of
a number of computational procedures. To this end, Reed et al. [49] recently
described a systems based approach to modify an existing genome-scale
metabolic reconstruction of E. coli [37] by adding new reactions that ensured
growth in NGG cases by enabling in silico growth consistent with in vivo data
across various carbon/nitrogen substrates. Alternatively, methods to identify
and fill gaps in metabolic models based on connectivity information have also
been described and applied to the genome scale models of E. coli and S. cerevisiae
[78]. These studies represent only the beginning of efforts geared towards
methods that automatically resolve network inconsistencies using a variety of
metrics [39-43, 49, 78] ranging from unreachable metabolites, DNA microarray
data and gene essentiality data. It is becoming increasingly clear that it is
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necessary to bring to bear all types of experimental data to achieve the aim of a
high quality metabolic model.

In this chapter, we supplement previous efforts [78] on identifying (i.e., GapFind)
and filling (i.e., GapFill) gaps in metabolic reconstructions with an automated
procedure for resolving growth prediction inconsistencies while minimally
perturbing the original model. Briefly, we resolve GNG inconsistencies by
converting them into NGNG one-by-one by identifying the minimal set of
restrictions that need to be imposed (i.e., through reaction or transport
mechanism suppression or reaction reversibility prohibition) on the model
describing the GNG mutant so that biomass formation is negated (or reduced
below a pre-specified cutoff). If a particular identified restriction does not
invalidate any correct GG predictions then we refer to it as global suppression
meaning that it can be imposed universally for all experimental perturbations
(e.g., single gene deletion mutants and wild type). Alternatively, if an identified
restriction clashes with one or more GG predictions then it is referred to as a
conditional suppression meaning that it is imposed only in the mutant strain
associated with the GNG prediction for which it is correcting.

Similarly, NGG inconsistencies are corrected one-by-one to GG by identifying
the minimal set of model modifications (i.e., through reaction or transport
mechanism addition or reaction reversibility allowance) that enable biomass
formation (above a pre-specified cutoff). If none of these modifications affect any
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of the consistent NGNG cases, we refer to them as global additions; otherwise, we
refer to them as conditional additions. In the next section we discuss the results
obtained by applying GrowMatch to the most recent genome-scale model of E.
coli, iAF1260 [76]. We note here that we can also use GrowMatch to reconcile
growth prediction inconsistencies across different substrates. The E. coli
reconstruction was chosen as the focus of this chapter to benchmark the ability of
GrowMatch to identify model corrections even for a very well curated model.
Using GrowMatch, we improved the growth prediction consistency of the
iAF1260 model with the data available at the Keio database from 90.6% to 94.6%
when considering only globally valid corrections and to 96.7% when additionally
considering conditional corrections.

3.2 Optimization procedures
3.2.1 Definitions
First, we define the sets, parameters and variables that are common to the
mathematical procedures formulated to resolve NGG and GNG inconsistencies.
To this end, we define the index sets, {i|i=1, 2… M},{j|j=1, 2… N} and {k|k=1,
2… K} that span the M metabolites, N reactions and K genes, respectively present
in the metabolic network. Furthermore, we define the index set {l|l=1, 2… L} to
represent the L in vivo experiments under consideration. Set KOl is defined to
include genes that are knocked out in experiment l. We define a set Model to
include all reactions in the existing genome-scale metabolic reconstruction. We
maximize the formation of biomass subject to the available substrate feed and
mass balance constraints implied by the stoichiometric model. . The in silico
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predictions are then compared with in vivo data. Sij is the stoichiometric
coefficient of metabolite i in reaction j and parameters Gkjnec , Gkjsuf link reactions j to
genes k as follows:

Gkjnec

€
€
1 if gene k is necessary for reaction j to be active
=
0 otherwise

1 if gene k is sufficient for reaction j to be active
Gkjsuf = 
0 otherwise

€

€
These definitions imply that if there exists two isozymes k1 and k2 for reaction j
suf
suf
then Gk1necj = Gknec
2 j =0 whereas Gk1 j = Gk 2 j .=1. Alternatively, if the enzyme catalyzing

reaction j is multimeric requiring both genes k1 and k2 then Gk1necj = Gknec
2 j =1
€

€
€
€
whereas Gk1sufj = Gksuf2 j =0.
€
€

€

€

Upper and lower bounds, UBj and LBj, were chosen not to exclude any
physiologically relevant metabolic flux values. The upper bound for all reactions
was set to 1,000. Unless specified otherwise, the lower bound was set equal to
zero for irreversible reactions and to -1,000 for reversible reactions. The flux in
reaction j is denoted by variable vj and is restricted to vary between lower and
upper bounds LBj and UBj, respectively. Using these definitions,we will now
discuss the mathematical procedures developed to resolve GNG and NGG
inconsistencies.
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3.2.2 Resolution of GNG inconsistencies
A GNG single gene deletion mutant occurs when the model predicts growth
whereas no growth is observed in vivo. This could be due to the erroneous
presence in the model of pathways that produce biomass precursor metabolites.
The aim here is to identify the minimum number of suppressions that need to be
imposed for a given experiment l* corresponding to a GNG mutant to ensure that
the maximum biomass formation is zero. These suppressions are carried out by
either a) restricting flux in transport/ intracellular reactions or b) restricting the
reversibility of reactions defined as reversible in the model. The description of
these suppressions requires the definition of the binary variable yj to pinpoint
them in the network.

1 if reaction j is not suppressed
yj =
0 otherwise

€
The suppressions required to ensure that the maximum biomass formation is
biomass
below the imposed cut-off v min
for a GNG mutant corresponding to in vivo

experiment l* are identified by solving the following bilevel optimization

€
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problem GrowMatch:

Minimize v biomass
s.t

Maximize v biomass
[Inner]
∑ S v = 0

i = 1...M
 j ij j



atp
v atp = v



uptake
v uptake = v

LB j y j ≤ v j ≤ UB j y j ∀j ∈ Model 
∀j|Gkjnec = 1 & k ∈ KOl*

y j = 0,

∑ (1-y

j

)≤ n*

j

y j = {0,1}

∀j ∈ Model

The aim of GrowMatch is to identify the minimal number of reaction

€

suppressions needed to zero the maximum biomass formation. We do this by
ensuring that there is no biomass formation even when fluxes in the network are
systematically re-apportioned so as biomass formation is maximized. This leads
to a min-max formulation. Specifically, the inner optimization problem identifies
the maximum possible amount of biomass formation by redirecting metabolic
fluxes subject to stoichiometry, uptake and ATP maintenance. The outer
optimization problem minimizes biomass formation by choosing a pre-specified
number n* of reactions in the network to suppress. A zero objective function
value implies that the n* selected reaction suppressions (i.e., yj =0) successfully
prevent the network from forming biomass. This converts the GNG occurrence
for in vivo experiment l* into NGNG restoring consistency of prediction.
Alternative ways of restoring prediction consistency can be obtained by
imposing successive integer cuts [79] to exclude previously identified solutions
until all possible feasible solutions are exhausted. Reaction suppressions that do
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not inadvertently affect biomass formation in any of consistent GG prediction are
referred to as global suppressions. On the other hand, if any of these suppressions
restrict biomass production in any of the GG mutants, they are referred to as
conditional suppressions. The identified set of suppressions (including alternative
ones) is finally tested by contrasting them against literature evidence regarding
the presence or absence of activity of the suppressed reaction under the
experimental conditions.

For GNG mutants associated with genes encoding isozymes, we check if simply
deleting the associated reaction prohibits in silico growth thereby restoring
consistency to the mutant. For GNG mutants associated with blocked genes, we
check if adding a component from the corresponding reaction to the biomass
equation converts it into an NGNG mutant.
3.2.3 Resolution of NGG inconsistencies
NGG mutants are characterized by the lack of growth in silico despite growth in
vivo. This means that at least one precursor metabolite in the biomass equation
cannot be produced. The aim is to modify the existing genome-scale model by
adding pathways so as to restore biomass production that may achieve this. To
this end, we first construct a database of reactions consisting of a) reactions from
an external database of reactions, b) irreversible reactions from the original
genome-scale model with their directionalities reversed and c) transport
reactions that enable secretion pathways for metabolites. We define the
set

Database to represent the reactions that populate this database. For
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the external databases of reactions, we use the multi-organism databases,
MetaCyc [11] and KEGG [80],

as sources of non-native functionalities. We

attempt to resolve inconsistencies by adding reactions from these databases
sequentially since we were unable to integrate them into a single database due to
their different naming conventions. The following binary variables are defined to
describe the addition of to the model.

1 if reaction j from the set Database is added to the model
yj =
0 otherwise
Based on these definitions, we next identify the minimal number of

€

modifications required to correct a single NGG mutant corresponding to the in
vivo experiment l* using the following optimization formulation GrowMatch:

Minimize

∑y

j
j ∈Database

s.t
∀|G nec kj = 1 & k ∈ KOl*

v j = 0,

∑S v
ij

j

= 0i,

i = 1...M

j
min
v biomass > v biomass

v atp = v atp
v uptake = v uptake
LB j ≤ v j ≤ UB j

∀j ∈ Model

LB j y j ≤ v j ≤ UB j y j

∀j ∈ Database

y j = {0,1}

∀j ∈ Database

€
In GrowMatch, the objective function minimizes the number of modifications
(addition of reactions or activation of secretion of metabolites) in the metabolic
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model. The first constraint enforces zero flux through reactions that are rendered
absent through the elimination of the genes that are knocked out in experiment
l*. The next constraint imposes stoichiometric balance on all metabolites in the
model. The requirement of meeting a minimum amount of biomass, quantified
biomass
by parameter v min
, to ensure growth is imposed in the next constraint while

energy requirements and uptake restrictions are imposed in the next two

€
constraints.
The final constraint ensures that if yj=1 for a reaction j from the
database, then there is a non-zero flux through it. The optimal solution to
GrowMatch identifies the reactions that need to be added from the database
and/or the metabolites that need to be secreted from the metabolic network to
ensure a minimum necessary biomass production in the NGG mutant. As in the
case of GNG mutants, GrowMatch can be used to identify exhaustively all sets of
reactions that need to be added to resolve a particular NGG mutant using integer
cuts.

We test the hypotheses generated to resolve the NGG mutant using the following
two criteria. For reactions added from the database, we check the two-way
protein-protein BLAST expectation value between the enzyme that catalyzes that
reaction and the genome of interest (in this case E. coli). For irreversible reactions
selected to be made reversible, we query for such evidence in the literature and
also estimate the ∆G values [51] whenever available for the biotransformation in
question. Finally, for secretion pathways, we query the TransportDB database
[81]. A similar set of criteria were followed before in GapFill [78].
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In our simulations, we set the glucose uptake rate to 10 mmol/ gDW hr, ATP
maintenance to 8.39 mmol/ gDW and oxygen uptake rate to 15 mmol/ gDW hr.
We also turn off the reactions given in [76] that are down regulated in aerobic
glucose conditions. We use the core biomass composition available in iAF1260
[76] as the in silico biomass description. In summary, by using the GNG and
NGG GrowMatch optimization formulations, the following procedure is put
forth for correcting model growth predictions:
Step 1: Compare in silico (e.g.; iAF1260 E. coli model [76]) and in vivo (e.g. Keio
single gene-deletion collection [74]) growth predictions of all mutants. Classify
mutants as GG, GNG, NGNG or NGG accordingly.
Step 2: Resolve GNG mutants one-at-a-time using GrowMatch by searching for
suppressions (of intracellular/transport reactions and/or reversibility of
reversible reactions) in restricted domains of reactions that reduce biomass
biomass
production (below cutoff v min
). Check if these suppressions prohibit growth in

any of the GG mutants. If they do not, then they are denoted as global.

€ treated as conditional.
Otherwise, they are
Step 3: Resolve each NGG mutant one-at-a-time by adding pathways (using
external databases such as MetaCyc/KEGG [82, 83], allowing reversibility of
irreversible reactions in the model, or adding secretion pathways to metabolites)
to ensure biomass production using GrowMatch. Check if any of the added
pathways allow for growth in any of NGNG mutants. If they do not, the
additions are denoted as global. Otherwise, they are denoted as conditional.
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3.3 Computational Results
Here, we demonstrate the use of GrowMatch to resolve growth prediction
inconsistencies between the latest in silico model of E. coli [76], and single genedeletion mutants available at the Keio collection [74]. Specifically, we compare in
silico growth on minimal glucose medium with the in vivo OD measured after 48
hours on minimal glucose. To account for the genetic differences between
MG1655 (the strain used to construct the in silico model) and BW25113 (the strain
used in the in vivo study), we eliminated five reactions from the in silico model
(L-arabinose isomerase, L-ribulokinase, rhamnulokinase, L-rhamnose isomerase
and rhamnulose1-phosphate aldolase) that are associated with genes (araBAD
and rhaBAD) not present in the BW25113 strain. Characterizing a single genedeletion mutant as a ‘Grow’ (G) or a ‘No-Grow’ (NG) mutant requires a cutoff for
the computed (for the in silico model) and observed (for the in vivo experiment)
biomass
values of growth. In this chapter, we adopted as the growth cutoff (i.e. v min
on

the in silico side and ODmin on the in vivo side) the one proposed in the recent

€ average growth
study by Joyce and co-workers [64] defined as one–third of the
exhibited by€all the single gene deletions under consideration. We use the same
growth cutoff definition for both in vivo and in silico mutant classifications. For
the in vivo growth classifications, we determined the growth cutoff using the data
in the Keio database. For mutants with no OD measurements available, we
checked the essentiality scores (available in the supplementary material for [74])
to classify them as in vivo essential/ non-essential. Mutants with scores of greater
that zero were classified as essential and those with scores less than or equal to
zero were deemed non-essential. For the remaining mutants, we determined
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ODmin as described above and classified the gene deletion as in vivo essential/nonessential. Note that for computing the average OD, we assumed a value of zero

€

OD for essential mutants with no data. As shown in Table 3.1, the classification
of single gene-deletion mutants into one of the four categories is sensitive to the
chosen cutoff (especially for the in vivo case).

Figure 3.3 depicts the model predictions and experimental observations for
growth on a minimal glucose medium. As shown, out of 1,260 single gene
deletion mutants under consideration, only 110 of them have inconsistent in
silico/in vivo growth predictions. Almost 70% of these inconsistencies are GNG
implying that the iAF1260 model, when in error, tends to over rather than underpredict the metabolic capabilities of E. coli. Note that all the abbreviations used in
this section are identical to the ones used in the in silico model of E. coli [76]. All
the GNG and NGG mutants identified in this chapter are available in the
supplementary material.

3.3.1 Resolving GNG inconsistencies
Figure 3.4(A) shows the distribution across pathways of the deleted genes in
GNG single-gene deletion mutants. As shown, the majority of these genes are in
tRNA charging and cofactor biosynthesis pathways. The presence of genes
associated with GNG mutants in these pathways indicates that alternative
biomass production mechanisms are implied in silico that are unavailable in vivo.
Figure 3.5 groups these deleted genes into three categories depending on the
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effect of their deletion on the metabolic network. The first group (i.e., 22 GNG
mutants) accounts for deleted genes whose gene-products are isozymes for
reactions in the metabolic network. The presence of isozymes implies that the
gene deletions do not affect the model predicted flux distributions even though
in vivo these deletions are fatal. In these cases, we hypothesize that the in silico
growth can be negated by simply deactivating the reaction that is catalyzed by
the corresponding isozymes.

In fifteen out of the twenty-two cases, the

suppression of the isozymes (and the corresponding catalyzed reactions) negates
growth thus converting the GNG mutants into NGNG mutants. It appears that in
vivo, under the specific experimental conditions (aerobic glucose), the alternative
isozyme does not exhibit sufficient activity to restore the activity of the deleted
isozyme. Note that all these reaction suppressions are conditional suppressions as
the reactions are essential for growth in all GG mutants. Table 3.2 summarizes
the identified conditional suppressions. It should be noted here that these
generated hypotheses may not be the only way to resolve GNG mutants
associated with isozymes.

We define complementary (non-complementary) isozymes as pairs of isozymes
that satisfy the following two conditions: a) at least one of the isozymes is
encoded by a gene associated with a GG (GNG) mutant and b) the isozymes
catalyze an essential reaction (under aerobic glucose conditions). We checked the
sequence similarity of complementary and non-complementary isozymes using
the BlastP algorithm. Interestingly, we found that complementary isozymes
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have, on average, greater sequence similarity (average BLAST score ~148 bits)
than non-complementary isozymes (average BLAST score ~69 bits).

To see if the genes that code for non-complementary isozymes are inactive under
aerobic minimal glucose, we checked their expression levels. Specifically, we
examined the relative expression levels for these pairs of genes (deleted gene and
gene associated with non-complementing isozyme) available at Covert et al., [75].
For cases with more than one non-complementing isozyme, we checked
expression data of all genes encoding non-complementing isozymes. We
excluded from consideration two pairs of genes ([thrA, metL] and [mrdA, ftsI]) as
all these genes are associated with GNG mutants. The 95% confidence intervals
(assuming a normal distribution) for this expression data are tabulated in
Supplementary material. In eight of the eleven cases, the deleted gene is
expressed at least twice as much (using average expression as a metric) as the
gene(s) associated with the non-complementing isozyme(s) (Table S3). This
suggests that, in these eight cases, the genes as are expressed in very low
amounts (relative to the deleted gene) in aerobic glucose conditions which
indicates that the corresponding isozymes may not be at sufficient levels to
insure compensation.

Figure 3.6 shows an example of GNG mutants associated with isozymes.
Biomass formation for both single gene-deletion mutants, ΔmetL and ΔthrA, can
be eliminated by suppressing any of the two associated essential reactions,
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aspartate kinase (ASPK) or homoserine dehydrogenase (HSDy) (see Table 3.2).
Therefore, whenever one of the genes is deleted the other gene appears to be
unable to complement the mutation and activate the two essential reactions. This
implies that, as identified by GrowMatch, HSDy is inactive in both ΔmetL and

ΔthrA mutants thus preventing biomass formation. Notably, HSDy is a
conditional suppression as it is essential for growth in the wild-type metabolic
network.

The deleted genes in the second group (i.e., 26 GNG mutants) encode for
enzymes that catalyze blocked reactions in the metabolic network. Blocked
reactions are defined as reactions that cannot carry any flux under given
substrate conditions [30]. Twenty-four of these mutants correspond to reactions
that are unconditionally blocked (i.e., for all possible substrate choices). One such
example (reaction A) is shown in Figure 3.5. The remaining two mutants (ΔubiG,

ΔuxaB) correspond to reactions that are conditionally blocked for a glucose
minimal medium (e.g., reaction B in Figure 3.5).

GrowMatch resolved 23 of these 26 inconsistencies by suitably adding biomass
components to the biomass equation. Specifically, consistency to six GNG
mutants (ΔbioB, ΔbioD, ΔbioF, ΔcaiT, ΔalsB, Δint) can be restored by adding
components produced by the corresponding reactions to the biomass equation
(see Table S4). Modifications that restore consistency to ΔbioB, ΔbioD, ΔbioF are by
definition conditional modifications since they affect the prediction for GG mutant
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ΔbioA. However, we note here that the in vivo OD for ΔbioA is very close to the
cutoff (i.e., ODmin = OD600 of 0.116) and it is likely that these hypotheses can be
implemented as global modifications. The remaining mutants (ΔcaiT, ΔalsB, Δint)
are€resolved by making global modifications. Also, seventeen of these 26 GNG
mutants correspond to reactions involved in tRNA charging reactions.
GrowMatch converted these seventeen GNG mutants into NGNG mutants by
modifying the biomass equation by explicitly including the charged and the
uncharged tRNA molecules in place of the amino acids. For example, in the GNG
mutant ΔleuS, the deleted reaction LEUTRS (Equation: atp + leu-L + trnaleu -->
amp + leutrna + ppi) is blocked. This reaction is unblocked by including leutrna
(charged tRNA) and trnaleu (uncharged tRNA) as a reactant and product in the
biomass equation, respectively. This restores flux through the reaction LEUTRS
and converts ΔleuS into an NGNG mutant. We note that the consistency of these
seventeen GNG mutants is restored by making global modifications, as adding
these components to biomass does not affect any correct model predictions. For
the remaining three GNG mutants, we first attempted to restore flow
connectivity using (GapFill) before using GrowMatch. However, GapFill was
unable to restore flow through any of these reactions by filling functionalities
using reactions from the multi-organism databases of MetaCyc [82] and KEGG
[83] (see Materials and Methods) thus preventing the use of GrowMatch.

The third group of GNG mutants involves deleted genes that do not encode
isozymes and are not associated exclusively with blocked reactions. We used
GrowMatch to identify reaction suppressions that drop the biomass production
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below the predefined growth cutoff. We allowed for up to three simultaneous
suppressions per GNG mutant to ensure parsimony of correction and maintain
computational tractability. As summarized in Table 3.3, we were able to restore
consistency for eighteen of the 24 mutants. Here, ten of the identified sets of
suppressions (CBMKr and OXAMTC, PPM, R15BPK, R1PK, GTHOr, GRXR.
HXAND, XPPT, NACODA, R15BK) are global suppressions, as they did not
prohibit growth in any GG mutants or wild-type strain while the remaining
suppressions are conditional. As shown in Table 3.3, thirteen of the inconsistencies
are resolved by suppressing one additional reaction whereas five (i.e., ΔcarA,

ΔcarB, ΔcydC, ΔptsI, ΔpyrH) are resolved by suppressing two additional reactions
in the network. Also, for ten of these GNG mutants, GrowMatch identified
alternative suppression candidates (see Table 3.3).

We tested the sensitivity of the identified suppressions to the growth medium by
changing the medium from minimal glucose to minimal glycerol. Based on the
data available in [64], all the mutants in Table 3.3 maintain their GNG
characterization when the cell grows on minimal glycerol. As shown in Table 3.3,
many of the identified conditional suppressions (shown in bold) needed to
correct GNG predictions remain the same upon the medium change alluding to
conserved regulation even under different substrates.

Figure 3.7(a) shows how GrowMatch restores consistency to three GNG mutants,

ΔglyA, ΔserA and ΔserB. As shown, the gene products are involved in serine and
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5,10-methylenetetrahydrofolate (mlthf) biosynthesis, both of which are essential
metabolites for biomass formation. GrowMatch restores consistency in ΔglyA
either by suppressing serine production (by deleting reactions associated with
serA, serB or serC) or alternatively by disabling mlthf production (by suppressing
the Glycine Cleavage System). In ΔserA and ΔserB, GrowMatch suggests blocking
serine

production

by

disallowing

the

reversibility

of

glycine

hydroxymethyltransferase (glyA) (Table 3.3). Alternatively, as in ΔglyA,
suppressing the Glycine Cleavage System prevents mlthf formation and thereby
prohibits biomass formation.

All three GNG mutants are resolved by

suppressing reactions that are in the same linear pathway as the deleted reaction
which is in line with evidence that genes catalyzing linear pathways of reactions
tend to be co-expressed [84].

Figure 3.7(b) shows the restoration of GNG mutants, ΔcarA and ΔcarB. These
genes encode for a multi-domain protein that catalyzes the reaction carbamoyl
phosphate synthase (CBPS) (glutamine-hydrolysing), which is involved in the
production of carbamoyl-phosphate. As shown in Figure 3.7(b), carbamoyl
phosphate (CBP) production is required for the downstream production of the
biomass precursors such as L-arginine and pyrimidine ribonucleotides.
GrowMatch restores consistency to these two mutants by prohibiting formation
of CBP by suppressing the reactions OXAMTC and CBMKr in these mutants. In
another example, GrowMatch restores consistency to the GNG mutant ΔcydC by
suppressing GLYAT and GLYCL (Glycine Cleavage System) to prohibit biomass
formation (Table 3.3). Note that these are conditional suppressions valid only in
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ΔcydC. Suppressing these reactions ensures that the biomass precursor
metabolites, siroheme (shem) and S-Adenosyl-L-methionine (amet), are not
produced in this mutant network. Closer investigation reveals that the reaction
uroporphyrinogen methyltransferase, which is a reaction that consumes amet
and is involved in the siroheme biosynthesis pathway, cannot carry any flux
when these suppressions are carried out in ΔcydC. This results in no production
of these biomass precursors resulting in zero biomass formation in silico. All the
examples highlighted above lead to model modification that would have been
difficult to come up with by inspection without the aid the alternatives provided
by GrowMatch.

3.3.2 Resolving NGG inconsistencies
Restoring growth for the NGG predictions requires that production routes be
established in the metabolic model for all 63 precursor metabolites to biomass.
Figure 3.4(B) shows the location of the deleted genes across all NGG mutants. A
majority of these genes are located in cofactor, cell envelope and amino acid
biosynthesis pathways. As a pre-processing step, we first check if there are
alternative genes that carry out the deleted function by conducting a self-BLAST
search of the deleted gene against the E. coli K12 genome. These results are
summarized in Table S5 available in the supplementary material. As seen, eight
of these genes have a high sequence similarity (i.e., a protein-protein BLAST
expectation value of less than 10-13) with other open reading frames in E. coli. For
example, the gene argD whose deletion results in a NGG mutant, shares high
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sequence similarity with astC (protein-protein BLAST E-value = 5·10-146). Also, the
gene aspC whose deletion results in a NGG mutant, shares a high sequence
similarity (protein-protein BLAST E-value = 4·10-94) with tyrB, which transcribes
to form a subunit of tyrosine aminotransferase. Hence, it is possible that it
encodes for the activities of these genes in the respective NGG mutants in vivo
thereby preserving growth.

We next use GrowMatch to resolve the NGG inconsistencies by adding pathways
using one or more of the three mechanisms discussed previously. GrowMatch
identified consistency-restoring hypotheses for 5/38 mutants. Interestingly, one
NGG mutant ΔluxS, had alternative means of consistency restoration, one by
adding reactions and the other by allowing the secretion of a metabolite. Three
(including ΔluxS) were resolved by adding reactions from KEGG and MetaCyc
[82, 83] and three (including ΔluxS) by allowing the secretion of metabolites from
the cell into the extracellular space. None of the inconsistencies could be resolved
by modifying the directionality of existing reactions in the model.

The first three NGG resolutions were corrected by adding single reactions from
the multi-organism databases of KEGG and MetaCyc. Specifically, ΔluxS is
corrected by adding the reaction putative adenosylhomocysteinase (from the
organism Rhizobium leguminosarum) and Δasd is corrected by adding the reaction
catalyzed by Protein APA1 (from the organism Saccaromyces cerevisiae). We note,
however, that proteins catalyzing these reactions have low sequence similarity
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with the E. coli K12 genome (BLAST score = 28.1 bits with gene product of ybcK
and 29.6 bits with gene product of yshA respectively) and that the validity of
these hypotheses, like all those generated by GrowMatch, must be explored
experimentally. Consistency in one NGG mutant (ΔcysN) is achieved by adding
the reaction catalyzed by sulfate adenylyltransferase, the activity of which is
documented in EcoCyc but was not included in the iAF1260 reconstruction [50,
76]. Note that adding these reactions does not disrupt any of the consistent
NGNG mutants, thus these additions are referred to as global additions.

The other three resolutions (see Table 3.4) are all achieved by allowing the
secretion of metabolites from the cytosol into the periplasm and out into the
extracellular space. As shown, the NGG mutant ΔfolD is resolved by allowing
the secretion of 3,4-dihydroxy-2-butanone 4-phosphate that serves as the
biosynthetic precursor for the xylene ring of riboflavin. Glycolaldehyde and Sribosyl-L-homocysteine are reactants in the reactions catalyzed by aldA and luxS
respectively. To resolve the NGG mutants ΔaldA and ΔluxS, GrowMatch
hypothesizes the presence of secretion mechanisms (currently absent from the
model) for glycolaldehyde and S-ribosyl-L-homocysteine, respectively (Table
3.4). Interestingly, there is evidence that suggests that homocysteines are toxic for
E. coli [85]. Also, as the flux value in the added secretion reaction for
glycolaldehyde is very low (i.e., 2.6 x 10-4 mmol/ gDW hr), it is possible that its
toxic accumulation is prevented either by the (possibly non-specific) activity of a
transporter that is already present or by its diffusion out of the cell.
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3.4 Discussion
Here we have developed an automated procedure, GrowMatch, to resolve in
silico/in vivo growth prediction inconsistencies in single gene-deletion mutants.
In GNG mutants, GrowMatch restores consistency by suppressing reactions to
prohibit growth. In NGG mutants, GrowMatch restores consistency by adding
growth-enabling pathways. We demonstrated this procedure by reconciling the
growth prediction inconsistencies between the most recent in silico model of E.
coli, iAF1260 [76], with the in vivo growth data available at the Keio mutant
collection

[74].

Using

GrowMatch,

we

suggested

consistency-restoring

hypotheses for 56/72 GNG mutants and 13/38 NGG mutants.

The

inconsistencies in 26 GNG mutants were resolved by carrying out conditional
suppressions. In the case of NGG mutants, all the suggested modifications were
global modifications. By carrying out only global modifications in wild-type E.
coli, we were able to improve the consistency from 90.6% to 94.6%. In addition,
by carrying out

conditional modifications in the specific mutants, we further

improve the overall consistency in growth predictions to 96.7%. Moreover,
specificity has been recently proposed to be an important measure to determine
the effectiveness of in silico simulations as a screen in computational gene
essentiality predictions [86]. Notably, we improved the specificity from 67.6% to
79.3% (considering only global corrections) using GrowMatch.

This value

further improves to 92.8% when we also consider conditional corrections.

82

GrowMatch resolved eighteen GNG inconsistencies by suggesting suppressions
in the mutant metabolic networks whereas fifteen inconsistencies were resolved
by suppressing isozymes in the metabolic network. The remaining 23
inconsistencies corresponding to blocked genes were repaired by simply adding
component(s) of the associated blocked reactions to the biomass equation (Table
S4). GrowMatch suggested consistency-restoring hypotheses for five of the NGG
mutants by adding functionalities to the model whereas eight inconsistencies
were resolved by pinpointing alternate genes that have a high likelihood of
carrying out the deleted function. Note that one NGG mutant (ΔluxS) had
alternative means of consistency restoration.

In this chapter, we were able to pinpoint missing functionalities that may have
been overlooked during model reconstruction. In one such example, were able to
resolve a NGG mutant by adding a reaction (i.e., sulfate adenylyltransferase)
with documented evidence of its being present in E. coli but absent in the in silico
model iAF1260 [76]. Furthermore, when checking for alternative genes that
restore consistency to NGG mutants, we identified possible alternative activities
for aldA and epd that were not associated with them in the iAF1260 model
(succinate

semialdehyde

dehydrogenase

and

glyceraldehyde-3-phosphate

dehydrogenase, respectively). GrowMatch also resolved two NGG mutants by
indirectly preventing the toxic accumulation of metabolites. Surprisingly, in the
case of NGG mutants, none of the resolutions were achieved by allowing the
reversibility of irreversible reactions in the model. This result is in contrast to
previous results in which a large proportion of connectivity problems in the
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previous version of the E. coli genome-scale model were resolved by expanding
reversibility of reactions in the model [78]. This finding may be due to the
increased accuracy in the characterization of reversible reactions in the latest E.
coli model [76] brought about by making use of ΔG values during the
reconstruction process.

In line with recent explanations for GNG inconsistencies in in silico models [86],
we find that about 33% of the GNG mutants correspond to genes associated with
blocked reactions in the metabolic network. Using GapFill, we were unable to
identify any flow restoring hypotheses for blocked reactions corresponding to
three NGG mutants using reactions from the multi-organism databases of
MetaCyc and KEGG. Also, these databases of reactions were also unable to
contribute growth-enabling functionalities in 25 NGG mutants, which is likely
due to the recent systematic reconciliation of the latest reconstruction of E. coli
with data available in the MetaCyc and EcoCyc databases [50, 82]. This motivates
the need to further expand the size of catalogued functionalities (e.g., the
increase of experimentally determined enzyme functionalities), and also to
supplement these reaction compilations with hypothetical reactions that will
serve as missing links to bridge pathway gaps. There is already a large body of
research focusing on deriving hypothetical reactions by iteratively changing the
substrate specificity or cofactor dependence of well-characterized enzymes [8791].
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It is important to note that GrowMatch makes use of parsimony criteria to
prioritize alternative model correcting hypotheses. Therefore, biologically
relevant hypotheses that involve more than the selected maximum allowed limit
of model modifications will be missed. Also, using alternate cellular objectives
such as MOMA [92] or ROOM [93] instead of maximizing biomass as the
objective function may help correct some GNG mutants into NGNG mutants. A
recent study by Motter et al., [94] addresses this concern and defines the
corresponding genes as suboptimally essential genes. It would be worthwhile to
explore whether, in addition to model modifications, if more elaborate
(re)definitions of objective functions [95] may be needed to improve consistency
with experimental data. Furthermore, GrowMatch can also be used to reconcile
growth prediction inconsistencies across various substrates. To this end, Biolog
data [76] for substrate utilization (e.g., carbon, nitrogen, phosphorous and
sulphur sources) can be used to propose model modifications that will ensure in
silico growth prediction consistency with the available data.

In summary, we believe that GrowMatch, in conjunction with GapFill, are useful
model-refinement tools during the reconstruction of new metabolic models or
testing/curation of existing ones. In addition to the use of GrowMatch to restore
growth inconsistencies for the latest E. coli model presented here, our group has
recently used it (Suthers 2008, accepted) during the construction phase of the
genome-scale metabolic model of Mycoplasma genitalium iPS189.
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Table 3.1. Classification of mutants depending on cutoff values chosen to distinguish
between growth and no growth. Values are a percentage of average in vivo growth
observed. In this chapter, we choose a 33% cutoff value based on previous studies.

Cutoff Value
1%
10%
33%
50%

Type of mutant
GNG
45
55
72
107

NGNG
112
135
150
160

NGG
96
53
38
28
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GG
1027
1017
1000
965

Table 3.2. Resolution of GNG mutants in which deleted genes encoding for isozymes.
GNG mutant
ΔaroE
Δcan
ΔddlB
ΔfabZ
ΔfolA
ΔftsI
ΔglnA
ΔilvA
ΔmetC
ΔmetE
ΔmetL
ΔmrdA
ΔthrA
ΔubiD
ΔyshA

Associated essential reaction (Pathway)
SHK3Dr (Tyrosine, Tryptophan and Phenylalanine metabolism)
HCO3E (Unassigned)
ALAAlAr ( Cell Envelope Biosynthesis)
12 reactions (Cell Envelope Biosynthesis)
DHFR (Cofactor and Prosthetic Group Biosynthesis)
MCTP1App (Murein Biosynthesis)
GLNS (Glutamate metabolism)
THRD_L (Valine, Leucine and Isoleucine metabolism)
CYSTL (Methionine Metabolism)
METS (Methionine metabolism)
ASPK or HSDY (Threonine and Lysine metabolism)
MCTP1App (Murein Biosynthesis)
ASPK or HSDY (Threonine and Lysine metabolism)
OPHBDC (Cofactor and Prosthetic Group Biosynthesis)
H2Otex (Transport, Outer Membrane)
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Table 3.3. Resolution of GNG mutants in which flux distribution is perturbed.
Suppressions in bold are valid when the growth medium is changed from minimal
glucose to minimal glycerol.
GNG
mutant
ΔglyA
ΔguaB
ΔserA
ΔserB
ΔproA
ΔproB
ΔcarA
ΔcarB
Δadk
ΔcydC
Δprs
ΔgapA
ΔnrdA
ΔnrdB
Δeno
Δpgk
ΔptsI
ΔpyrH

Deleted reaction(s)

Additionally Suppressed Reaction(s)

GHMT2r
IMPD
PGCD
PSP_l
G5SD
GLU5K
CBPS
CBPS
13 reactions (8 with isozyme)
CYSabc2pp, GTHRDabc2pp

PSP_l or PSERT or PGCD or GLYCL
XPPT or HXAND
GHMT2r or GLYCL
GHMT2r or GLYCL or EX_ttdcea(e)
NACODA
NACODA
CBMKr (unassigned) and OXAMTC (unassigned)
CBMKr (unassigned) and OXAMTC (unassigned)
PPM or PRPPS or R15BPK
(GLYAT AND GLYCL) or (AACTOOR and
GLYCL)
PPM or R15BPK or R1PK
PPS
TRDR or GTHOr or GRXR

PRPPS
GAPD
RNDR1, RNDR2, RNDR3,
RNDR4
RNDR1, RNDR2, RNDR3,
RNDR4
ENO
PGK
14 reactions
URIDK2r

TRDR or GTHOr or GRXR
PPS
PPS
FBA and TPI
(DURIK1 and DUTPDP) or (DURIPP and
DUTPDP)
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Table 3.4. Resolution of NGG mutants by allowing secretion of metabolites
NGG
mutant
ΔaldA
ΔluxS
ΔfolD

Secreted metabolite
Glycoaldehyde
S-Ribosyl-L-homocysteine
3,4-dihydroxy-2-butanone 4-phosphate
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Figure 3.1:Classification of single-gene deletion mutants based on comparison of
in silico predictions vs in vivo data.
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Figure 3.2: Evolution of comparisons between growth predictions of in silico models and
observed growth in in vivo datasets.
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Figure 3.3: Classification of mutants based on comparison of in silico vs. in vivo data used
in this chapter.
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Figure 3.4: Distribution of genes associated with inconsistent (GNG (A) and NGG (B))
mutants across pathways in the model.
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Figure 3.5: Characterization of GNG mutants identified in this chapter.
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Figure 3.6: GNG mutants in which deleted genes encode for isozymes. All
abbreviations are taken from the iAF1260 metabolic reconstruction of E. coli.
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Figure 3.7: Examples showing GrowMatch’s resolutions of GNG mutants where
suppressions are in the same linear pathway (A) and not in the same linear pathway
(B) as the deleted gene. All abbreviations are taken from the iAF1260 metabolic
reconstruction of E. coli. Here reactions in blue indicate suppressions that restore
consistency to the respective GNG mutant. Alternative suppressions are indicated by
using the word ‘or’ above their names.
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Chapter 4
Semi-automated procedure to reconstruct the metabolic
model of Methanosarcina acetivorans
4.1 Introduction
Genome-scale metabolic models (for recent reviews, see [1] and [2]]) are
increasingly becoming available for an expanding range of organisms. There
exists at least forty completed bacterial and thirteen eukaryotic metabolic
reconstructions with many more under development [1]. In the past decade,
several studies [3] have demonstrated a variety of uses ranging from strain
optimization [4-6] pathogen drug target identification [7, 8], bacterial community
metabolic interactions [9] and identification of human disease biomarkers [10]. In
contrast to the extensive interest devoted towards bacterial and eukaryotic
metabolism reconstruction, efforts to construct archaeal metabolic models have
been noticeably limited [11, 12]. This is partly due to the current relative paucity
of -omics datasets available for species from the Archaea domain. This dearth of
data, however, is likely to change in the near future as recent interest in
methanogenic archaea has led to several sequencing efforts [13-15], as well as
transcriptomic and proteomic analyses [16-20]. Furthermore, it is increasingly
becoming apparent that archaeal metabolism has significant implications to the
earth’s climate [21] thus motivating the need to globally assess their true
metabolic capabilities by reconstructing high quality metabolic models.
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Methanogens (def., methane-producing) constitute the largest group of the
Archaea domain of life [22]. Methanogens are terminal organisms in anaerobic
microbial food chains (i.e., consortia) that break down organic matter to methane
in diverse anaerobic environments in a process that helps regulate the global
carbon flux [23] . The process plays a surprisingly significant role in global
warming accounting for about one billion tons of the annual methane production
[21, 24].. Recently, Cheng and coworkers used a consortia of methanogens to
convert electricity into methane thereby paving the way for converting electric
current generated by renewable energy sources into renewable biofuels [25]. On
the evolutionary front, methanogens are amongst the most ancient form of life on
earth and their role as the progenitors of the first eukaryotic cell has been
suggested under two separate hypotheses [26, 27]. In addition, unique
biochemical properties such as broad substrate specificity, participation of novel
coenzymes in the methanogenesis pathways and the presence of unique lipids in
their cell wall set these organisms apart from the bacterial and eukaryotic
branches of life [28]. Therefore, the reconstruction of archaeal methanogen
metabolic models could help paint a more complete picture of life’s metabolic
processes.

Feist and coworkers first developed a genome-scale model (named iAF692) [11]
for the fresh-water methanogen, Methanosarcina barkeri using a draft version of its
genome. In this chapter, we reconstruct a genome-scale metabolic model for the
marine methanogen, Methanosarcina acetivorans. M. acetivorans is an aceticlastic
methanogen that was first isolated from marine microbial communities that
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degrade kelp into methane [29]. At over 5.7 million base pairs [15], it has the
largest reported genome of all sequenced Archaea (about 20% larger than the M.
barkeri genome) alluding to an expanded metabolic repertoire. This repertoire
includes unique methanogenic pathways, broad substrate specificity than other
methanogens and a large number of duplicate genes [15, 18-20, 30, 31]. Recent
studies have shown that M. acetivorans uniquely exhibits both methanogenic and
acetotrophic growth on carbon monoxide [31]. All these unique metabolic
characteristics and planet-wide carbon balance impact [21, 24] provide the
motivation to globally assess its metabolic capabilities.

Draft metabolic reconstructions generated using homology-based comparisons
unavoidably contain some omissions and misclassifications. These errors are
manifested either as unreachable metabolites or as in silico predictions that are in
contrast with observed in vivo behavior [32, 33]. In response to these challenges,
Suthers et al., proposed a computational workflow to generate and curate the
metabolic models and applied it to the metabolic reconstruction of Mycoplasma
genitalium [34].

The proposed workflow makes use of two separate model

correction procedures. GapFind and GapFill identify and subsequently restore
connectivity to unreachable metabolites [33] and GrowMatch that reconciles in
silico growth predictions with in vivo growth data [32]. In this chapter, we
streamline this workflow for the generation of an archaeal metabolic model and
customize it to the available types of data.
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We first generated a draft reconstruction of M. acetivorans using homology
comparisons with the published model [11] of the fresh-water methanogen, M.
barkeri. We then deployed a modified version of the workflow presented in
Suthers et al., by combining the GapFind/ GapFill and GrowMatch steps of the
procedure [34]. The completed model accounts for 941 genes, 705 reactions and
708 metabolites. The model also predicted substrate specific phenotypes of M.
acetivorans and captured unique bioenergetics exhibited by the organism across
different conditions.

4.2 Methods
4.2.1 Generation of initial model
We generate the initial model for M. acetivorans by taking advantage of an
existing genome-scale metabolic model for the marine methanogen M. barkeri
(iAF692). The iAF692 model is based on a draft version the M. barkeri fusaro
genome [105]. We first mapped the genes from iAF692 onto the current genomesequence of M. barkeri to restore consistency with the most up-to-date genomic
information. For every gene in the iAF692 model, we retrieved the corresponding
protein sequence (personal communication with Adam Feist of UCSD) and
conducted bidirectional BLAST (BBH) (BLASTp [52]) searches against the current
genome sequence of M. barkeri. This mapping is available in Supp Table 3.

The draft reconstruction for M. acetivorans is generated by conducting
bidirectional BLAST (BLASTp) searches for each one of the 692 genes in iAF692
against its genome and including only those genes/protein/reaction associations
with an e-value of better than 10-30. We used multiple sources to annotate the
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remaining genes in M. acetivorans. Specifically, we incorporated in the following
order updated annotations made available as part of an ongoing effort at the
University of Maryland (carried out in the Sowers Lab at the Center for Marine
Biotechnology), extracted from the SEED database [129], and ones available at
TIGR [130].

Upon obtaining annotations for the remaining genes, we pinpointed metabolic
genes by searching each annotation against the KEGG ligand [83] database and
retrieving corresponding reactions. For annotations with no synonyms in the
KEGG ligand database, we use their Enzyme Commission Number (if available)
to search the Swiss- Prot database [131] and retrieve the metabolic reaction(s) (if
at all) they are associated with. Finally, we also included reactions that are
known to be present in M. acetivorans but absent in M. barkeri (e.g., reactions for
CO metabolism. We use the AUTOGRAPH procedure developed by Notebaard
et al., to generate the gene-protein-reaction (GPR) associations [132]. This
procedure uses bidirectional BLAST hits (BBH) to generate GPR’s for new
metabolic reconstructions (M. acetivorans in our case) using the GPR’s of related
metabolic models (M. barkeri). We also added non-gene associated reactions and
exchange reactions in iAF692 to the model unless we found evidence to contrary.

4.2.2 Model fidelity improvement using available data sources

Upon the generation of the draft model the next step involves the systematic
elimination of network gaps using GapFind/GapFill [127] and growth prediction
inconsistencies using GrowMatch [126]. These procedures are deployed in a
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synergistic manner to provide mutually corroborating evidence for model
correction.
Step 1: We generate the draft model as discussed above.
Step 2: We test the ability of the model to grow on known substrates. If it
doesnt, we use modified versions of GapFind and GapFIll respectively to
identify biomass precursors that cannot be produced and ensure their
production. We allow for addition of functionalities at this step only if the
BLAST e-value is lower than 10-2. Upon completion of this step all biomass
components are available in iVS1007.
Step 3: We compare in silico biomass production in iVS1007 against available
in vivo growth data across different environmental/genetic perturbations.
Mutants are classified as Grow/Grow (GG), No-Grow/Grow (NGG),
Grow/No-Grow (GNG) and No-Grow/No-Grow (NGNG) following the
definitions proposed in [126]. GNG mutants are resolved by identifying
global/conditional suppressions in the iVS1007 network using GrowMatch.
NGG mutants are corrected by globally or conditionally adding reactions in
iVS1007 using GrowMatch. These reactions are preferentially chosen from
model iAF692 followed by additions from external databases such as KEGG
[83] using a BBH e-value cutoff of 10-10. Upon completion of this step, all in
silico/ in vivo growth inconsistencies that could be corrected by either
removing or adding reactions available in databases resolved.
Step 4: We next identified metabolites that cannot be produced or consumed
using GapFind. Using GapFill, we restore connectivity to them by appending
only reactions that have BBH e-values of less than 10-10.
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In addition, we mined for all published articles having the word “Acetivorans”
anywhere in their content in the Web of Science and PubMed databases and
download these articles using EndNoteWeb. We used the mdfind command on a
MacBook

TM

, search for articles that have loci-names of M. acetivorans genes

included in the iVS1007 Model. This enables a relatively quick search for
literature evidence supporting (or not) annotations in the iVS1007 Model. We
update the model to resolve any incorrect annotations identified in this step and
consolidate information from articles not included in the above search domain
but have information regarding methanogenesis [133].

4.3 Results
The metabolic model reconstruction workflow consists of four steps. Step 1 refers
to

the

draft

model

generation

using

bidirectional

blast

(BBH)

and

database/literature searches. Step 2 involves model modifications to ensure
biomass formation for growth under all known substrates. Step 3 applies
GrowMatch [32] to restore growth prediction inconsistencies and Step 4 applies
GapFind and GapFill [33] to restore connectivity.

4.3.1 Step 1: Generating Draft model
BBH searches for each of the 692 genes included in the iAF692 model were
conducted against the latest genome sequence of Methanosarcina acetivorans C2A
strain [15]. At this stage of the reconstruction process, we included only open
reading frames (ORFs) that have e-values (in both directions) of at most 10-30.
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This process yields an initial conservative model for M. acetivorans that has 776
genes. Based on the primary TIGR annotation of M. acetivorans [35] this accounts
for 17.07% (776/4540) of all ORFs in the M. acetivorans genome. The mapping of
the metabolic genotypes between these two very closely related organisms is
surprisingly complex. Specifically, 369 one-to-one mappings, 1,113 one-to-many
mappings and 1,050 many-to-many mappings (M. barkeri to M. acetivorans) were
generated. The large number of one-to-many and many-to-many mappings is
consistent with the incidence of a high number of gene duplicates in the M.
acetivorans genome [15] [36].

We use multiple sources to annotate the remaining 3,764 ORFs in the genome.
Specifically, we assigned metabolic annotation to seven genes based on the
information available at an organism-specific annotation effort for M. acetivorans
[37], 51 genes based on SEED annotations [38] and 107 genes based on TIGR
annotations. Interestingly out of these 165 genes as many as 68 code for
isozymes. Predicted or hypothetical proteins account for the remaining 2,411
ORFs not included in the model after the annotation step. Approximately 44% of
all genes in M. acetivorans (upon excluding hypotheticals and predicted proteins)
were present in the draft metabolic model. The methanogenesis pathways in the
M. acetivorans model were modified to account for known differences
documented in the literature. Specifically, we added reactions carbonic
anhydrase (abbreviation in iVS941: CAM), multiple resistance/pH regulation
Na+ /H+ antiporter (abbreviation in iVS941: MRP) and an electron transfer
complex which oxidizes ferredoxin and exports sodium ions (abbreviation in
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iVS941: RNF). We removed the ECH and VHO hydrogenases The added
reactions are involved in ATP synthesis and replace the activities of ECH and
VHO hydrogenase, which are observed in H2/CO2-utilizing fresh-water
methanogens [30]. In contrast with other archaeal models [11, 12], we delineated
methyltransferase specificity [36, 39] for different substrates observed in M.
acetivorans .

We generated the Gene-Protein-Reaction mappings for the M. acetivorans model
using as a starting point the iAF692 model based on the AUTOGRAPH method
developed by Notebaard and coworkers [40]. All exchange reactions and nongene associated intracellular reactions available in the iAF692 model were also
appended to the model, as we did not find any evidence to the contrary [see
Methods]. Upon conclusion of Step 1, a draft model with 941 genes, 705 reactions
and 708 metabolites was generated.

4.3.2 Step 2: Model correction to enable biomass formation
We determine the metabolic capabilities of the assembled draft model to grow on
known methanogenic substrates by first specifying the biomass equation and
then specifying the composition of the minimal medium. The first requirement is
addressed by assuming that the set of components that make up the biomass
equation in M. acetivorans is identical to that used in the iAF692 model. However,
we changed the stoichiometric coefficients of the nucleotide components (datp,
dgtp, dctp, dttp, ctp and gtp) to reflect the difference in the G/C contents of the
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two organisms (see Additional File 1). The utilization of the same biomass
component set is supported by experimental data on the minimal medium (Ferry
et al., unpublished data). The minimal growth medium contained six additional
vitamins and trace elements (pyridoxine-HCL, sodium molybdate, thioctic acid,
nitrilo tri acetic acid and boric acid) over the one used in iAF692 [11]. We chose to
exclude them from our model as no metabolic role for them was identified based
on literature searches or gleaned by the model.

Equipped with the biomass composition and the minimal medium, we tested the
capability of the draft model to enable growth on the following known
methanogenic

substrates:

carbon

monoxide,

acetate,

methanol

and

monomethylamine, dimethylamine and trimethylamine [29]. The draft model
did not exhibit growth on any of these substrates motivating the use of GapFind
[33] to identify the biomass precursor metabolites that could not be produced
using these substrates in a minimal medium. GapFind revealed that the same
precursor metabolite Adenosylcobalamin-HBI could not be produced for all
substrate choices in the draft model. We used GapFill [33] to restore flow
through this metabolite. This was achieved under all aforementioned substrate
conditions by adding an exporter for the cofactor, tetrahydrosarcinapterin. No
evidence was found in the literature for the presence of a tetrahydrosarcinapterin
exporter. However, it is possible there exists an enzyme outside the cell wall that
utilizes the cofactor as a substrate.
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4.3.3 Step 3: Evaluating and improving model performance using GrowMatch
After ensuring in silico growth on a defined medium across different substrates,
we further examined the model by testing for growth prediction agreement with
experimental data across different genetic/environmental perturbations. Using
literature searches, we assembled a dataset consisting of in vivo growth data for
60 different conditions (See Table 1).

As shown in Table 1, growth data was

assembled for eighteen genetic perturbations for growth on methanol, thirteen
on acetate as carbon substrates, nine on carbon monoxide as carbon and energy
source, and 20 on methylamines as carbon substrates. Not surprisingly, most of
these gene deletions are in methanogenesis pathways (Table 1) indicative of the
significant attention this pathway has received before.

In line with previous approaches [41] the growth cutoff for classifying a mutant
as a “Growth” or a “No-Growth” mutant was chosen to be 1/3rd of average
growth across the dataset. Using this cutoff and the terminology introduced in
the GrowMatch procedure [32] we arrive at 39 GG (in silico and in vivo
“Growth”) thirteen GNG (in silico “Growth” and in vivo “No-Growth”) and eight
NGNG (in silico and in vivo “No-Growth”) cases. Notably, the incidence of only
GNG model/experimental discrepancies indicates that the draft model tends to
over-predict the metabolic capabilities of the organism when in error. A closer
examination reveals that in 31 out of 43 GG cases the deleted genes correspond to
isozymes while six correspond to deletions of methyltransferases. In all these
cases both the model and the experiment agree that the deleted genes are non-

107

essential. Of the nine GNG cases that could be resolved, eight were resolved by
conditionally suppressing one additional reaction and one was resolved by
carrying out a single global suppression (see Additional File 1 ) .

Figure 4.1 highlights two examples of GrowMatch’s resolution of GNG mutants
in M. acetivorans. As shown in Figure 4.1(A), the genes encoding for Methyl
Coenzyme reductase (the reaction that forms methane) under growth on Carbon
Monoxide are non-essential in silico and essential in vivo [42]. GrowMatch
suggests suppressing either the reaction catalyzed by acetate kinase (ACKr) or
phosphotransacetylase (PTAr) to restore consistency to this mutant. These
hypotheses are consistent with the bioenergetics when M. acetivorans grows on
CO as the sole energy source [31]. Both the acetogenic (acetate forming) and
methanogenic (methane forming) branches of the methanogenesis pathway are
energy yielding. Flux in the methanogenic branch results in a proton and sodium
ion gradient which is then used to synthesize ATP catalyzed by the proton
translocating ATP synthase. Alternatively, flux through the acetogenic branch
results in ATP synthesis using substrate level phosphorylation when acetyl
phosphate is converted to acetate by acetate kinase. When Mcr is deleted there is
no mechanism to recycle HS-CoM for another round of methylation and the Mtrcatalyzed methyl transfer reaction coupled to generation of the sodium gradient
is also deactivated thereby diverting CH3-THSPT towards synthesis of acetate
and ATP.

Therefore suppressing ACKr (or equivalently PTAr) in a mutant

lacking Methyl coenzyme reductase (and consequently, the methane forming
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branched pathway) ensures that both energy yielding pathways are deactivated
thereby halting growth.

In the second case (Figure 4.1(B)), deleting ATP synthase results in a GNG
mutant when the organism grows on methanol as the sole carbon and energy
source [19]. This deletion negates proton- coupled generation of energy via
methanogenesis leaving substrate level generation of energy via acetogenesis.
GrowMatch suggests restoring consistency to this mutant by suppressing the
sodium proton antiporter (abbreviation in iVS941: Nat3_1). Suppressing this
reaction in this mutant metabolic network deactivates flux in the sodiumdependent reaction methyl-THSPT:coenzyme M methyltransferase (abbreviation
in iVS941: MTSPCMMT) which results in no flux in the acetogenesis pathway
(Figure 4.1(B)).

4.3.4 Step 4: Network connectivity analysis and restoration
After evaluating and improving the model using in vivo gene deletion data, we
used the automated procedures GapFind and GapFill [33] to identify and rectify
any remaining network connectivity inconsistencies. Using GapFind, we identify
95 metabolites (i.e., 13.4% of all metabolites in model) that cannot be produced
for any choice of carbon substrate. Not surprisingly, none of the 95 no
production metabolites were present in the methanogenesis pathway alluding to
the completeness of its reconstruction. Interestingly, of the 161 metabolites
present in the M. acetivorans model but absent in iAF692, 101 can be produced
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whereas 60 have blocked production routes. Notably, GapFind revealed that 35
out of these 95 metabolites could also not be produced in the iAF692 model of M.
barkeri. Flow restoration to all 95 metabolites was attempted using GapFill by
adding reactions from KEGG [43]. In this step, we restored consistency to only
two of the 95 no production metabolites. Flow through these metabolites was
restored by treating two existing reactions (cob(I)alamin-HBI adenosyltransferase
and hydroxyethylthiazole kinase) as reversible.

4.3.5 Model characteristics for iVS941
Table 2 contrasts the model statistics for the iVS941 model against previously
constructed archaeal models. The iVS941 model is characterized by a large
number of entries with high confidence scores due to the stringent cutoffs
prescribed at each step. Furthermore, the inclusion of seven regulatory
constraints that allow for substrate specific activation of methyltransferases and
the addition of reactions using multiple pieces of evidence are unique features of
this model. Finally, in contrast to the remaining models, the iVS941 model
documents global and conditional suppressions based on systematic evaluation
of model predictions with in vivo growth data and network gap correction.

We compared flux values through the methane forming reaction catalyzed by
Methyl Coenzyme Reductase and the biomass equation to ascertain the extent of
coupling between flux in the methanogenesis pathway and in silico growth rates.
We identified the range of methane production flux by maximizing and
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minimizing flux through the MCR reaction for different values of biomass
formation. Conversely, we identified the range of biomass production for
different values of required methane production. Figure 4.2 shows these plots for
growth on methanol, acetate and carbon monoxide.

As shown in Figure 4.2 (A) and (B), a positive biomass flux implies a non-zero
MCR flux for growth in methanol and acetate but not the reverse. Using the
terminology introduced in [44], this implies that the flux in biomass reaction is
directionally coupled to the flux in MCR. This is consistent with the
indispensability of the methanogenic branch when M. acetivorans grows on
acetate and methanol [30, 42]. Moreover, the maximum biomass formation is
reached at when the flux through MCR is fixed at 74% of its maximum value for
growth on methanol and 86% for growth on methanol. At maximum biomass
production, the ratio of biomass to methane production is 0.016 GDW/mmol and
0.005 GDW/mmol for growth on methanol and acetate, respectively. This higher
biomass yield is qualitatively consistent with the higher energetic yield per mole
of methanol observed for M. acetivorans [45].

Figure 4.2(C) illustrates the predictions of the iVS941 model for growth on carbon
monoxide as the sole carbon and energy substrate. The model prediction that the
methanogenic branch is dispensable when M. acetivorans grows on carbon
monoxide is consistent with the mechanism proposed in [26, 31]. Notably, the
maximum biomass production is achieved at 58% of the maximum flux in the
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MCR reaction and the ratio of the two fluxes is 0.033 GDW/mmol. It has been
previously established that the acetogenic and methanogenic branches of the
pathway are energy yielding when M. acetivorans grows on carbon monoxide
[31]. Using the coupling analysis described above, we find that the acetogenic
and methanogenic branches are not coupled This supports the independence of
the energy yielding branches for growth on carbon monoxide.

4.4 Conclusions
Metabolic reconstruction technology has been used extensively to document the
metabolic fingerprints of organisms in the Bacteria and the Eukarya domains [46].
Here, we take advantage of the increased availability of experimental and -omics
datasets for archaeal organisms to build the metabolic model, called iVS941, of
the archaeon with the largest known genome, Methanosarcina acetivorans. The
iVS941 model is constructed using a systematic procedure that enables sequential
evaluation and improvement of model capabilities. The model consists of 705
reactions, 708 metabolites and 941 genes; the latter accounting for about 44% of
all ORFs in M. acetivorans with putative annotations [35]. The completed model
has metabolites (87%) that can be produced and it has a high agreement of 93.3%
against in vivo growth data across environmental and genetic perturbations with
specificity of 81% (i.e., percent of correctly identified essential genes) and
selectivity of 89.7% (i.e., percent of correctly identified non-essential genes).
Additionally, the model recapitulates substrate-specific energetic characteristics
such as ATP synthase indispensability for growth on acetate/methanol and its
dispensability for growth on carbon monoxide.
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The number of reactions included in the draft model under Step 1 is quite
sensitive to the adopted BLAST cutoff. The number of gene entries increases to
1,090 when the cutoff is relaxed to 10-20 from the 776 entries for the adopted
cutoff of 10-30. This more stringent cutoff was chosen to ensure that the draft
model did not contain any falsely added reactions. We have found that it is much
easier to find and add missing functionalities than correctly identifying and
removing

erroneous

ones.

Interestingly,

all

but

one

reaction

in

the

methanogenesis pathway known to occur in M. acetivorans were included in the
draft model using the most stringent cutoff. Reaction ECH Hydrogenase which is
known to occur in M. barkeri but not in M. acetivorans was excluded from the
draft model.

This constructed iVS941 model represents the most comprehensive up-to-date
effort to catalogue methanogenic metabolism. Given the attention methanogenic
consortia have received and the growing amount of metagenomic data [47], this
model can be used to assess the biological impact on carbon balance of
methanogenic communities. This organism-specific compilation of the metabolic
repertoire of M. acetivorans can serve as the framework for fusing additional
experimental data on methanogens as they become available.
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Table 4.1. In vivo gene deletion data used evaluate and improve iVS1007’s predictive
capabilities.

Substrate
Gene deletions

acetate

carbon
monoxide

methanol

MMA

DMA

TMA

ackR

NGNG

GNG[50]

‐

‐

‐

‐

ATP synthase

NGNG[51]

‐

GNG[51]

‐

‐

‐

DMTsD

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

mtsD+mtsF

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

mtsD+mtsH

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

mtsF

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

mtsH

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

mtsF+mtsH

GG[52]

GG[52]

GG[52]

‐

‐

GG[52]

lysK

‐

‐

GG[53]

‐

GG[53]

GG[53]

lysS

‐

‐

GG[53]

GG[53]

GG[53]

GG[52]

MCR

NGNG[42]

GNG[42]

NGNG[42]

GNG[42]

GNG[42]

GNG[42]

mtaA1

‐

‐

NGNG[39]

‐

‐

mtaA1 + MT1

GNG[39]

‐

‐

‐

‐

‐

mtaA2

‐

‐

GG[39]

‐

‐

‐

mtaCB1

‐

‐

GG[54]

‐

‐

‐

mtaCB1 + mtaCB2

‐

‐

GG[54]

‐

‐

‐

mtaCB1 + mtaCB2 +
mtaCB3

‐

‐

GNG[54]

‐

‐

‐

mtaCB2

‐

‐

GG[54]

‐

‐

‐

mtaCB3

‐

‐

GG[54]

‐

‐

‐

mtbA

‐

‐

‐

NGNG[39]

NGNG[39]

‐

mtbA

‐

‐

‐

‐

‐

GG[53]

ppylT

GG[55]

‐

GG[55]

GNG[55]

GNG[55]

GNG[55]

ptaR

NGNG

GNG[50]



‐

‐

‐

Rnf complex

GNG[56]

‐

‐

‐

‐

‐
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Table 4.2. Comparison between iVS1007 and other available Archaeal models

Genome size
ORF's
Metabolic genes

Methanosarcina
acetivorans
5.7 Mb
941
941

Methanosarcina
barkeri
4.8 Mb
5072
692

Halobacterium
salinarum
2.7 Mb
2867
490

Methanococcus
jannaschii
1.7 Mb
1792
436

Unique proteins

941

542

490

266

Reactions
gene-associated
non geneassociated
transport
reactions
Metabolites

705
590

619
509

708
568

609
297
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110

133

312

708

88
558

111
557

1
510

Gaps

93

35

93.3%

69%

Consistency
with growth
data
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-

-

Figure 4.1 – Examples showing resolution of GNG inconsistencies. A) GrowMatch
resolution of the GNG mutant characterized by deleting Methyl Coenzyme Reductase
with carbon monoxide as the carbon source. B) GrowMatch’s resolution of the GNG
mutant characterized by deleting ATP Synthase with methanol as the carbon source
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Figure 4.2 – Flux coupling analysis between flux in Methyl coenzyme reductase and
biomass for cellular growth on A) methanol, B) acetate, C) carbon monoxide. All
values of fluxes are in mmol/gDW hr-1 and are normalized to the respective substrate
uptake rates fixed at 1000 mmol/gDW hr
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Chapter 5
Application of procedure to reconstruct genome-scale
metabolic model of Mycoplasma genitalium
5.1 Using GapFind/GapFill to resolve topological inconsistencies
In this chapter, we discuss the results obtained by applying GapFind/GapFill
and GrowMatch to improve the metabolic model of Mycoplasma genitalium
during its reconstruction. The initial model was constructed almost exclusively
based on homology searches within model libraries. This procedure led to the
presence of many network gaps [17] preventing 177 reactions (99% of total) from
carrying flux under all uptake conditions (i.e., they were blocked). As a
consequence, these blocked reactions precluded the formation of some of the
biomass components. Using GapFind [17] we found that a total of 175 (70%)
cytoplasmic metabolites could not be produced inside or transported into the
intracellular space. These metabolites included a number of biomass precursor
metabolites (e.g., some amino acids, cofactors and metal ions) that had not been
assigned uptake reactions. Of all the blocked metabolites, thirteen were involved
in nucleotide metabolism and eight were metal ions without an identified
transporter. We also note that 40 of these metabolites are charged/uncharged
tRNA molecules, which are active in closed reaction cycles used in forming the
protein component of biomass.
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Through the use of GapFill [17] we subsequently sought to bridge these network
gaps through the addition of reactions, transport pathways and relaxation of
irreversibilities of reactions already in the model. Reactions known not to be
present in M. genitalium (e.g., an incomplete TCA cycle) were excluded as gap
filling candidates. We first applied GapFill to unblock constituents of biomass
guided by the known components in the growth medium. We unblocked
biomass production by adding 65 reactions, for which most (i.e., 43) were
involved in metabolite transport, such as for the uptake of amino acids (14),
folate, riboflavin, metal ions (8), and cofactors such as CoA. Among the
remaining reactions were those responsible for the hydrolysis of dipeptides (15)
and eight reactions involving other biotransformations. We performed an
additional round of BLASTp comparisons of genes annotated with these
reactions against the M. genitalium genome to determine if we could associate
any of these reactions with specific genes in M. genitalium. We found five
proteins catalyzing these reactions that had BLASTp scores smaller than 10-5 (see
Table 2). For example, GapFill suggested the addition of reaction glutamyltRNA(Gln) amidotransferase in the model to allow the formation of the glntRNA molecule. BLASTp searches allowed us to link this activity with the genes
encoding for the three subunits (MG098, MG099 and MG100). Note that these
three genes (and others added during this step) were not added earlier (steps 1
and 2) on account of their ambiguous functional characterization. By bringing to
bear both homology (though BLASTp) and connectivity restoration (through
GapFill), here we rely on multiple pieces of evidence when appending a new
functionality and corresponding genes to the model.
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Even after unblocking biomass formation, 43 metabolites remained blocked and
were subsequently analyzed by GapFill. The results from GapFill are
summarized in Figure 5.1. We were able to reconnect three metabolites by
treating three reactions as reversible. We also found that the originally assigned
(based on the auto-model) directionality of 1-acyl-sn-glycerol-3-phosphate
acyltransferase was incorrect. It was subsequently reversed and found to be in
accordance with both KEGG and MetaCyc entries. An additional 21 metabolites
were reconnected by adding 18 reactions from the KEGG and MetaCyc databases
(see Materials and Methods). The addition of these 18 reactions also introduced
an additional nine metabolites (three of which were involved in glycerolipid
metabolism) to the model. Finally the incorporation of uptake/transport
reactions reconnected an additional four metabolites. We performed an
additional round of BLASTp comparisons and we were able to associate three
out of 22 reactions with specific genes (see Table 2). We found that the associated
gene (i.e. MG066) for 1-deoxy-D-xylulose 5-phosphate synthase was already
included in the model but with a different functionality (i.e., transketolase). The
secondary

synthase

functionality,

revealed

by

GapFill/BLASTp,

was

subsequently associated with gene MG066 in the model. A similar situation
occurred with MG053, which was already associated with phosphomannomutase
in the model. In addition, gene MG259 (annotated as “modification methylase,
HemK family” in the Comprehensive Microbial Resource, http://cmr.jcvi.org)
was added to the model to carry out the glutamine-N5 methyltransferase activity
elucidated by GapFill/BLASTp.
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5.2 Model correction using in vivo gene essentiality data
Based on in vivo gene essentiality data [19] we deduced that there are 174
essential genes and 19 non-essential genes among the 193 genes provisionally
present in the model (after steps 1,2 and 3). We note that the in vivo gene
essentiality experiments were performed using non-defined medium containing
serum and yeast hydrolysate among other rich components. During the in silico
model predictions/comparisons, we allowed the uptake of all extracellular
metabolites with transport reactions, except for sugars other than glucose, in
order to computationally approximate this medium.

Using a recently proposed diagnostic of the percentage of correctly-identified
essential genes [38,39], we found that the model correctly identified 137 out of a
total of 174 essential genes (i.e., specificity of 79%) and 16 out of a total of 19 nonessential genes (i.e., sensitivity of 84%). This implies that the model (after steps
1,2,3) was 79% correct in its overall accuracy in growth predictions (i.e., 153 of
193). Most of the mismatches (92%) were over-predictions of the metabolic
capabilities (i.e., predicting growth when none is observed in vivo) instead of
under-predictions (i.e., predicting no growth when growth is observed in vivo).
We subsequently deployed the GrowMatch method to rectify as many as
possible of the erroneous essentiality predictions by the model. GrowMatch
functions by identifying the minimal number of model modifications required to
restore

consistency

between

growth

experiments (see Materials and Methods).
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predictions

and

gene

essentiality

Model under-predictions include mutants (MG410 and MG411), which encode
the subunits for the phosphate transporter, preventing in both cases the uptake
of phosphate. This implies that M. genitalium must have an additional uptake
route of phosphates. Even though GrowMatch suggested a number of phosphate
uptake alternatives to resolve this conflict and Glass and coworkers [19] had
posited the activity of a putative phosphonate transporter (MG289, MG290, and
MG291), we decided not to add them to the model as no direct evidence exists to
ascertain their presence. For instance, the putative phosphonate transporter
might be nonspecific thus also enabling uptake of phosphate. Alternatively, the
unidentified phosphonate substrate might be catabolized to yield phosphate
through a number of reactions. The other incorrect under-prediction involved
MG138 (homologous to elongation factor 4 in E. coli), which had been associated
with macromolecule formation during the automodel construction. We observed
that deletion mutants of the homolog in E. coli (lepA) are viable [40]. Based on
this information, we removed this gene and its erroneous association as an
essential component of the biomass equation from the model.

Interestingly, three of the 37 erroneous over-predictions were corrected by
adding three membrane components to the biomass equation (see Table 3). These
components were not added during the initial model construction because it was
not clear which (if any) of this class of metabolites were essential. An additional
three erroneous predictions of non-essentiality were corrected by suppressing
two reactions. One of these reactions, inosine kinase, was added during GapFill
but not linked to an associated gene. Suppression of this reaction corrected two
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over-predictions but did not invalidate any correct model predictions, suggesting
that the reaction activity is unlikely to be present in vivo, at least under the
experimental conditions, and perhaps is not an activity encoded by M.
genitalium. An additional six over-predictions involved two metal ion ABC
transporters. GrowMatch identified each transporter to be essential when the
other one was suppressed. We rejected co-regulation of the two transporters as a
model restoration mechanism. Instead, we restored consistency for three of the
six genes by assigning the cobalt uptake to the complex with a better homology
to characterized cobalt transporters (MG179, MG180, MG181). The remaining
three genes were removed from the model. An alternative interpretation of the
GrowMatch results is that some other ion uptake reaction(s) are uniquely
associated with these transporters and are thus responsible for the in vivo
phenotype.

Overall, the application of GrowMatch to the metabolic model led to the
generation of a number of testable hypotheses regarding the presence or absence
of specific functionalities and emphasized the importance of determining the
substrate specificity of the transporters. We also identified reactions that had to
be inactivated only for certain knock-outs suggesting their dependence on the
genetic background in addition to the specific environmental conditions. For
example, MG112 (ribulose-phosphate 3-epimerase) had to be suppressed in
conjunction with two single gene deletions (i.e., conditional suppressions) to
restore consistency with the in vivo data, suggesting possible regulation events.
Figure 5.2 summarizes the complete GrowMatch results. Considering only those
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changes that could be repaired with global model adjustments conservatively
raised the overall percent accuracy of the model (versioned as iPS189) from 79 to
87%. By recalculating the diagnostics of the percentage of correctly- identified
essential genes [38,39] we found that the model is now 87% (i.e., 149 of 171)
correct in its essentiality predictions (specificity) and 89% (i.e., 16 of 18) correct in
its non-essentiality predictions (sensitivity).
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Figure 5.1: Summary of the GapFind and GapFill procedures in M. genitalium.
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Figure 5.2: Summary of the GrowMatch procedures in M. genitalium.
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Chapter 6
Synopsis
The influx of large amounts of data quantifying various processes in biological
systems has led to a systems-based paradigm to analyze biological systems. A
notable success story in this direction has been the use of modeling approaches
to analyze, engineer and manipulate the metabolism of microbial organisms. The
success of these modeling approaches depends on the quality of the metabolic
reconstructions built for specific organisms of interest. Reconstruction efforts are
time consuming and error prone leading to models rife with topological
inconsistencies and less than desirable agreement with experimental data. A key
challenge therefore is to develop systematic computational methods to identify
and rectify these model inaccuracies. This thesis addresses the challenge by
developing optimization-based procedures to systematically identify and
subsequently rectify these inaccuracies for existing metabolic reconstructions as
well as during new reconstruction efforts. In this pursuit, MILP based
procedures have been developed and demonstrated on the most popular
metabolic reconstructions as well during two separate novel reconstruction
efforts.

In Chapter 2, optimization based procedures were developed to identify and
rectify topological inconsistencies in metabolic networks. These MILP based
procedures enabled an automated identification of unreachable metabolites
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(GapFind) in a given network and the subsequent generation of functionalities to
bridge these gaps (GapFill). The procedures were applied to the metabolic
reconsructions of two widely studied organisms, Escherichia coli and
Saccharomyces cerevisiae. Despite the attention and care taken to reconstruct
models of metabolism for these organisms, GapFind pinpointed many
unreachable metabolites. GapFill suggested connectivity restoration hypotheses,
many of which stood up well against the set validation criteria.

In Chapter 3, we developed an optimization-based framework GrowMatch to
evaluate and improve the model prediction agreement with published
experimental data. Model prediction inconsistencies with experimental growth
data across single gene-deletion mutants fall under two categories: either the
model over-predicts the metabolic capabilities of the organism and predicts
growth in contrast with observed experimental no growth (GNG inconsistencies)
or vice versa (NGG inconsistencies). In GNG mutants where deleting the gene
affects the flux distribution, GrowMatch uses a minimax inspired bilevel
optimization formulation to parsimoniously identify additional suppressions
that preclude growth in the mutant metabolic network. Physiologically relevant
hypotheses are suggested in cases when the gene deletion does not affect flux
distributions in GNG mutants. In NGG mutants, GrowMatch uses an MILP to
parsimoniously add functionalities that enable growth in the model consistent
with experimental data. This procedure was successfully applied to improve the
overall predictive capabilities of the E. coli iAF1260 model by increasing
agreement with experimental data from 90.6% to 96.7%.
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In addition to improving existing metabolic reconstructions, these methods can
also play a big part in facilitating novel high quality reconstruction efforts.
Chapter 4 demonstrates the use of these methods as subroutines in systematic
procedure to reconstruct the metabolic model of the Archaeon, Methanosarcina
acetivorans. This organism is the largest known methanogen (def: methaneproducing) organism yet that lends it unique metabolic capabilities absent in
other methanogens. Methanogens are the sole source for biological methane in
the earth’s carbon cycle and understanding their metabolism is critical to
understanding the interplay of microbial consortia in regulating the global
carbon flux. Using the semi-automated reconstruction procedure, we developed
a model that agreed very well with experimental data and additionally,
recapitulated substrate specific bioenergetics. In Chapter 5, we demonstrate the
use of GapFind/GapFill and GrowMatch to reconstruct the metabolic model of
Mycoplasma genitalium which is amongst the smallest known organisms in nature.
These methods enabled a significant improvement in the network connectivity of
the model and agreement with experimental data.

In conclusion, this thesis has demonstrated the utility and advantage of using
optimization-based procedures to improve metabolic networks by suggesting
physiologically relevant corrections. The network abstraction of metabolic
reconstructions and the use of constrained based optimization paradigms gives
optimization theory an added advantage over other computational techniques to
tackle problems in this area. In the future, it will be useful to develop

129

optimization-based procedures to integrate other available types of biological
data to further improve the content of metabolic reconstructions.
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