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Abstract

Understanding living organisms has been a quest for a long time. Since the small
advances of the last centuries, we have arrived to a point where massive quantities of
data and information are constantly generated. Even though most of the work so far
has focused on generating a parts catalog of biological elements, only recently have we
seen a coordinated effort to discover the networks of relationships between those parts.
Not only are we trying to understand these networks, but also the way in which, from
their connections, emerge biological functions.

This work focuses on discovery, modeling and exploitation of one of those networks:
Metabolism. A metabolic network is a net of interconnected biochemical reactions that
occur inside, or in the boundaries of, a living cell. A new method of discovery, or re-
construction, of metabolic networks is proposed in this work, with special emphasis
on eukaryote organisms.

This new method is divided in two parts: a novel approach to model reconstruction
based on instantiation of elements of an existing scaffold model, and a novel method
of rewriting gene association. This two-parts method allows reconstructions that are
beyond the capacity of the state-of-the-art methods, enabling the reconstruction of
metabolic models of eukaryotes, and providing a detailed relationship between its re-
actions and genes, knowledge that is crucial for biotechnological applications.

The reconstruction methods developed for the present work were complemented
with an iterative workflow of model edition, verification and improvement. This work-
flow was implemented as a software package, called Pathtastic.

As a case study of the method developed and implemented in the present work,
we reconstructed the metabolic network of the oleaginous yeast Yarrowia lipolytica,
known as food contaminant and used for bioremediation and as a cell factory. A draft
version of the model was generated using Pathtastic, which was further improved by
manual curation, working closely with specialists in that species. Experimental data,
obtained from the literature, were used to assess the quality of the produced model.

Both, the method of reconstruction in eukaryotes, and the reconstructed model of
Y. lipolytica can be useful for their respective research communities, the former as an
step towards better automatic reconstructions of metabolic networks, and the latter
as a support for research, a tool in biotechnological applications and a gold standard
for future reconstructions.
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Résumé

La compréhension des organismes vivant a été une quête pendant longtemps. Depuis
les premiers progrès des derniers siècles, nous sommes arrivés jusqu’au point où des
quantités massives de données et d’information sont constamment générées. Bien que,
jusqu’au present la plupart du travail a été concentré sur la génération d’un catalogue
d’éléments biologiques, ce n’est pas que récemment qu’un effort coordonné pour dé-
couvrir les réseaux de relations entre ces parties a’été constaté. Nous sommes intereses
à comprendre non pas seulement ces réseaux, mais aussi la façon dont, à partir de ses
connexions, émergent des fonctions biologiques.

Ce travail se concentre sur la découverte, la modélisation et l’exploitation d’un
de ces réseaux : le métabolisme. Un réseau métabolique est un ensemble des réac-
tions biochimiques interconnectées qui se produisent à l’intérieur, ou dans les limites
d’une cellule vivante. Une nouvelle méthode de découverte, ou de reconstruction des
réseaux métaboliques est proposée dans ce travail, avec une emphase particulière sur
les organismes eucaryotes.

Cette nouvelle méthode est divisée en deux parties : une nouvelle approche pour la
modélisation de la reconstruction basée sur l’instanciation des éléments d’un modèle
squelette existant, et une nouvelle méthode de réécriture d’association des gènes. Cette
méthode en deux parties permet des reconstructions qui vont au-delà de la capacité
des méthodes de l’état de l’art, permettant la reconstruction de modèles métaboliques
des organismes eucaryotes, et fournissant une relation détaillée entre ses réactions et
ses gènes, des connaissances cruciales pour des applications biotechnologiques.

Les méthodes de reconstruction développées dans ce travail, ont été complétées
par un workflow itératif d’édition, de vérification et d’amélioration du modèle. Ce
workflow a été implémenté dans un logiciel, appelé Pathtastic.

Comme une étude de cas de la méthode développée et implémentée dans le pré-
sent travail, le réseau métabolique de la levure oléagineuse Yarrowia lipolytica, connu
comme contaminant alimentaire et utilisé pour la biorestauration et comme usine
cellulaire, a été reconstruit. Une version préliminaire du modèle a été générée avec
Pathtastic, laquelle a été améliorée par curation manuelle, à travers d’un travail avec
des spécialistes dans le domaine de cette espèce. Les données expérimentales, obtenues
à partir de la littérature, ont été utilisées pour évaluer la qualité du modèle produit.

La méthode de reconstruction chez les eucaryotes, et le modèle reconstruit de
Y. lipolytica peuvent être utiles pour les communautés scientifiques respectives, le
premier comme un pas vers une meilleure reconstruction automatique des réseaux
métaboliques, et le deuxième comme un soutien à la recherche, un outil pour des
applications biotechnologiques et comme un étalon-or pour les reconstructions futures.
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Chapter 1

Introduction

Metabolic models are one of the most useful tools in biotechnology. Having a map of
the inner workings of a cell, in particular in terms of what a cell can do, provides a
powerful context to understand and modify a biological system.

The construction of such maps have been so far a difficult and expensive process.
Experts need to work for years, linking piece by piece hundreds of biochemical reac-
tions, arranging them in networks, most of the time covering only a small part of what
the cell is capable to do.

With the advent of cheap sequencing methods, the opportunity to create metabolic
maps of biotechnologically interesting species is bigger than ever. Alas, without proper
methods to automatically generate those maps, the work load for hand crafted models
becomes insurmountable.

The automatic reconstruction of metabolic models is full of challenges. The bio-
logical functions of genes are hard to determine, biological compartments need to be
considered, all the enzymes and molecules should be connected, embodying a consis-
tent description of the cascading metabolic reactions inside the cell. Also, reactions
may depend on a logical combination of genes, requiring identification of protein com-
plexes, and paralog genes, originated from expansions of protein families, need to be
instantiated as specialized reactions.

Current methods of metabolic model reconstruction have, so far, provided tools
to build models for simple organisms, mainly bacteria. But the biotechnological ap-
plications of eukaryotes are many, so advanced tools, that solve the specific needs of
reconstruction of eukaryote metabolic models, need to be developed.

In the present work we provide a new method for genome-scale metabolic recon-
struction that solves specific problems related with metabolic models of eukaryote
organisms. We present this procedure of reconstruction in two parts, that can be
independently developed and improved:

• A new method to reconstruct metabolic models using an existing model as ref-
erence

• A new method to carefully re-write the gene associations of a reaction, in terms
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2 CHAPTER 1. INTRODUCTION

of the modeled organism

We also present an iterative approach to curate, validate and improve metabolic
models, that takes into account the cooperation of expert curators and the validation
of the reconstructed model against experimental evidence. An implementation of this
reconstruction and validation workflow is presented to the community, in the form of
a publicly-available toolbox called Pathtastic.

The methods and workflows presented in this work were successfully utilized to
reconstruct the genome-scale metabolic model of the oleaginous yeast Yarrowia lipoly-
tica, using an existing model of S. cerevisiae as a reference. We report in this work
the result of this accurate reconstruction, including the insights we obtained regarding
Y. lipolytica metabolism, and its validation against a battery of experimental evidence.

1.1 Chapters
The presentation of the new reconstruction methods, along with the validation work-
flow, implementation and case study, are organized as the following chapters:

The present chapter provides an introduction to metabolic networks from both,
the biological and modeling points of view. Readers acquainted with the subject can
skip it safely.

Chapter 2 introduces a formalism to describe and operate over metabolic models.
The concept of a scaffold model is presented as a collection of elements to be instan-
tiated under certain conditions and a method to reconstruct metabolic models based
on this scaffold formalism is described.

Chapter 3 describes a method for reaction instantiation, based on the genes
present in the organism to be modeled. The focus is in finding genes with similar
biological function between the scaffold and the target model. To provide hints about
gene function, we use tools from comparative genomics, specially regarding gene or-
thology.

Chapter 4 describes a method for metabolic network improvement, based on an
iterative approach of manual curation and validation against experimental evidence.

Chapter 5 provides an implementation of the method described in the previous
chapters, in the form of a toolbox in the Python programming language.

Chapter 6 is a case-study of the use of the developed method to reconstruct the
genome-scale metabolic model of the oleaginous yeast Yarrowia lipolytica, using the
iterative approach developed in this work.

Chapter 7 discusses the results obtained during the development of the present
work, and provides further challenges in the field.

The detailed results of the simulation and validation of the reconstructed model of
Y. lipolytica are presented in Appendix B, and a study of reactions lost in Y. lipoly-
tica is presented in Appendix A. Both follows the results presented in Chapter 6.
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(a) (Roche Applied Science) (b) (KEGG)

Figure 1.1: Excerpt of interactions in metabolic networks

1.2 Biological Networks

The study of biological systems is currently a multi-disciplinary science, requiring a
strong mixture of biological knowledge, and mathematics. In the context of the meth-
ods developed during the present work, we present an overview of the biological and
mathematical terminology that will be used through the following chapters. Presented
as the first section, an introduction to metabolic networks can be useful for readers
with a background in mathematics, while the second section provides an overview of
the terms and methods used to model biological systems, useful for readers with a
background in biology.

Metabolic networks

Living organisms work hard to create and maintain order, in a universe that tends
towards greater disorder. To do this, a cell must perform a never-ending stream of
non-spontaneous chemical reactions, in which molecules are transformed into other
molecules, answering the needs of the cell. Each cell can be seen as a chemical factory,
performing many millions of these reactions every second.

The sets of reactions inside a cell are not independent. Each reaction produces or
consumes molecules that are being produced or consumed by other reactions, creating
a system of interconnected molecules and bio-chemical reactions. Systems Biology is
the field that studies such biological networks, starting with the elements being con-
nected, to the emergent physiological effects.

At least three kinds of biological networks are usually studied: signaling, regula-
tory and metabolic networks, which represent the cascading processes of responses to
a external signal, activation and inhibition of gene expression and transformation of
molecules, respectively. The present work focuses on the latter.

Metabolism is broadly defined as the physical and chemical processes involved in
the maintenance of life [Pal06]. It consists of a repertoire of enzymatic reactions and
transport processes used to convert organic compounds into the various molecules
necessary to support cellular life [Kli+05].
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Biochemical reactions that interconnect form a metabolic network (see Figure 1.1).
The elements of metabolic networks are metabolites (chemical compounds, also known
as molecular species), reactions and transport processes. Reactions are usually cat-
alyzed by enzymes and transport steps are carried out by transport proteins or by
pores in the membranes.

1.2.1 Elements of Metabolic Networks

Genes, Proteins and Reaction

The central dogma of molecular biology deals with the irreversible transference of
information from gene, to messenger RNA, to protein. We will use this dogma as
a starting point to define a Gene-Protein-Reaction (GPR) association: a gene from
the DNA encodes for one or more proteins; a combination of proteins provides the
biological function of an enzymatic reaction.

Figure 1.2: An overview of the central dogma of molecular biology.

Several proteins can work together, forming a protein complex, and some enzymatic
reactions require the presence of this set of proteins to execute its function. On the
other side, several different proteins can produce a similar chemical reaction, in which
case they are called isozymes. Considering both cases, an enzymatic reaction can have
a complex relation of dependency with its proteins and, consequently, its encoding
genes. This dependency is called a gene association, and is described as a boolean
formula of genes. See Chapter 2 for details.

Networks of reactions

The production and consumption of molecular species, by enzymatic and transport
reactions, forms a network of interconnected elements, that together perform a good



1.3. MODELING FORMALISMS FOR METABOLIC NETWORKS 5

part of what we consider life, destroying elements from the outside (catabolism) and
using those basic elements to build molecules (anabolism) that are necessary for the
cell’s maintenance and reproduction.

From the view point of systems biology, we look at this network as a whole, and
not as interconnected function-specific pathways. We are against the idea of indepen-
dent modules, and see the complete, genome-scale network, as the origin of many of
the resulting physiological phenomena that emerge from these comparatively simple
reactions. Or, as von Bertalanffy says in General Systems Theory :

“Here, too, the correct conception is that any function ultimately results
from interactions of all parts, but that certain parts of the central nervous
system influence it decisively and therefore can be denoted as ‘centers’ for
that function.” (Ludwin von Bertalanffy) [Ber68]

where we can safely replace “central nervous system” with any kind of complex
system of interconnected processes.

Compartments and transports

During the present work, we’ll call compartment any section of a living system that
is delimited by a membrane. An organism will be, as a basic description, a volume
defined by a cell envelope, that is a functional unit, capable of self-maintenance and
reproduction. Smaller sub-spaces inside a cell will be called compartments, each one
of them defined by some kind of membrane. Example compartments will be mito-
chondria, peroxisome, nucleus, among others.

Prokaryote organisms, like bacteria, most of the time can be described as only
one compartment: the cytosol. Eukaryote organisms on the other hand, enjoy sev-
eral kinds of compartments, like the previously mentioned. It is here where transport
reactions become fundamental: molecular species need to be transported between com-
partments, sometimes by specialized proteins, sometimes by spontaneous reactions or
pores in the membranes. In both, prokaryote and eukaryote organisms, transport re-
actions between the inside of the cell and its surrounding media will be fundamental
in our definition of what an organism can and cannot do.

1.3 Modeling Formalisms for Metabolic Networks

A model is a description of a system, a simplification that allows to store knowledge
in an organized way, to predict the response of the system to stimuli, or even to gen-
eralize from specific data towards a general theory of the studied system.

If a model of a biological system is built, we can use it to try to predict the outcome
of experiments, which makes modeling a valuable tool in the process of understanding
and adapting an organism to our needs. Instead of spending resources in countless
experiments, we can predict which kind of experiments can provide new information
about the studied system, optimizing the use of our limited resources. Instead of
trying random changes to an organism to adapt it to our biotechnological needs, we
can predict and simulate those changes in silico, needing only to test our predictions
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when needed.

As many modelers exists - that is, humans who build models of systems - as many
modeling approaches we’ll find. The process of model building requires to have an idea
about what kind of predictions we will expect from it. Each model has advantages
and enables specific types of analysis.

The same rules apply for the modeling of metabolic networks. Different approaches
help us to answer different questions. In the case of stoichiometric metabolic models,
where we study and predict the behavior of a metabolic system under an assumption
of steady state, we can find several modeling formalisms based on graph theory (see
Deville et al. [Dev+03] and Wiechert [Wie02]). We will use these formalisms as the
founding stone of our formalisms and methods, described in the following chapters.

Graph Based Formalisms

The methods presented in section 1.3 use the graph mathematical formalism to de-
scribe metabolic networks.

Definition 1. A graph G is a tuple G = 〈V,E〉, where V is a set of vertices (also
called nodes) and E is a set of unordered pairs of vertices e = (u, v), called edges. In
the case of a directed graph G = 〈V,E〉, V is a set of vertices and E a set of ordered
pairs of vertices, called edges.

Several graph based formalism take advantage of the many graph analytical tools.
Even basic definitions, like paths and distance, have a clear metabolic equivalent that
can be leveraged in our methods.

Definition 2. A path in a graph G consist of an alternating sequence of vertices and
edges of the form:
(vo, e1, v1, e2, v2, . . . , en−1, vn−1, en, vn), where each edge ei is incident to vi−1, vi. The
number of edges is called the length of the path. In a simple path all vertices are
different. A tail is a path where all edges are different. There is a path from the vertex
u to vertex v if and only if there is a simple path between u and v.

Definition 3. The distance of a graph G is the number of edges in a shortest path
connecting them.

Definition 4. The diameter of a graph G is the greatest distance between any two
vertices.

Definition 5. A connected component of a graph G is a subgraph in which any two
vertices are connected to each other by paths, and to which no more vertices or edges
can be added while preserving its connectivity.

Compound Graph

A Compound graph is a graph where nodes represent metabolites (also called chemical
compounds) in a metabolic network. The edges of the graph represent a relationship
between two metabolites by a reaction. A directed graph can be used to distinguish
between metabolites that are substrates and metabolites that are products in a reac-
tion.
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M1 M2

M3

M4

R2

R3

R1

Figure 1.3: Compound graph, showing metabolites as nodes and reactions as edges.

R1 R3

R3

R4

M2

M3

M2

Figure 1.4: Reaction graph, showing reactions as nodes and metabolites as edges.

Definition 6. A Compound Graph is a graph G = 〈V,E〉, where the set of vertices
V represents compounds and the set of edges E represents reactions that consume or
produce the incident vertices.

This simple graph can be used to analyze topological properties of the relationship
among metabolites. For example, it is possible to study the connectivity and length
of the graph, check scale-free structure [Jeo+00], among others.

Reaction Graph

A reaction graph is dual to a compound graph: nodes represent reactions, and edges
represent metabolites that are being produced by one reaction and consumed by the
other. Lacking enough information about metabolites, reaction graphs are used to
study topological properties of the relationship among reactions.

Definition 7. A Reaction Graph is a graph G = 〈V,E〉, where the set of vertices V
represents reactions and the set of edges E represents metabolites that are consumed
or produced by the incident reactions.

Bipartite graph of Metabolites and Reactions

A Bipartite Graph can be used to represent a metabolic network. This can be for-
malized as a bipartite graph, where the edges of the graph represent the consumption
and production of metabolites by the reactions. It is also possible to use a bipartite
directed graph to model irreversible reactions: metabolites can be only produced by a
reaction, only produced, or both.

Definition 8. A Bipartite Graph is a triplet B = 〈R,M,E〉, where R is a set of
reactions, M a set of metabolites and E a set of unordered pairs e = (r,m), r ∈
R,m ∈M .

Compared to compound and reactions graphs, a bipartite graph represents both
of the main components of a metabolic network as vertices, allowing an unambiguous
representation.
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R1

M1

M7

M6

M5

M4

M3

M2

R2

Figure 1.5: A Bipartite graph that represents metabolites with one kind of node (circles)
and reactions with another kind of nodes (rounded rectangles). As part of the
definition of a bipartite graph, a type of node can only be linked to another kind
of node, so there can be no edges between two metabolite nodes, for example.
This is the representation preferred by many network-drawing software assistants,
like CellDesigner.

A bipartite graph can be used to do a topological analysis of the network [Jeo+00],
path finding between metabolites, discover cutpoints and bridges in the graph that
can be related with critical reactions and metabolites, prediction of modification of
the network, among others.

This formalism is also used in public databases, like KEGG [KG00] and MetaCyc
[Cas+06].

Hypergraphs of Metabolites and Reactions

Definition 9. A directional hypergraph G is a pair H = 〈V,E〉, where V is a set
of nodes that represents metabolites and E is a set of hyperedges. A hyperedge is
an ordered pair Ei = (X,Y ) of disjoint subsets of nodes and represents a biochemical
reaction; X is called the tail of Ei and represents metabolites consumed by the reaction.
Y is called the head of Ei and represents the metabolites produced by the reaction.

A hypergraph used to model a metabolic network [Kri+03], represents metabolites
as vertices and reactions as hyperedges. So, any reaction can be linked to several
metabolites, as substrates or products. A hypergraph is equivalent in descriptive
power to a bipartite graph, allowing the same kind of structural analysis.

Stoichiometric Graph & Matrix

Definition 10. A Stoichiometric graph is a bipartite, directed, weighted graph G,
defined as G = 〈R,M,E,w〉, where R is a set of reactions, M a set of metabolites and
E a set of pairs e = (r,m), r ∈ R,m ∈ M . w is a weight function w : E → R called
the stoichiometry of the reaction e.

Under this definition, a Stoichiometric graph describes only irreversible reactions.
A reversible reaction can be described as two irreversible reactions in opposite direc-
tions.
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R1

R2

Figure 1.6: Hypergraph representation of a metabolic model consisting on two reactions and
seven metabolites. The arrows (edges) represent the reactions that transform one
set of metabolites into other. This representation have the same modeling power
of a hyper graph, but is usually easier to read in models with many reactions.

Even if a bipartite, directed, weighted graph can be used to describe a metabolic
network, where the weights represent stoichiometries, normally a matrix representation
of the graph is preferred [Pal06].

Definition 11. A stoichiometric matrix S, is the bi-adjacency matrix of the bipartite
graph G = 〈R,M,E〉, where rows represent metabolites, columns represent reactions
and the elements Sij represent the stoichiometric coefficient of the reactant i in the
reaction j.

Stoichiometry coefficients refers to the molar ratios in which substrates are con-
verted into products in a biochemical reaction. These ratios remain constant over
time [SLP00]. Although in chemical reactions stoichiometric coefficients are Integers
(w : E → I), some “fake” reactions, like clumping several reactions into one, or defining
a biomass reaction, may use Real coefficients (w : E → R) [Wie02].

1.4 Reconstruction of stoichiometric metabolic net-
works

If our target is to predict metabolic systems in steady-state, it is sufficient to create
a model that includes the stoichiometry of the reactions that are considered in the
model, either in graph or matrix form. Given that we are not expecting to simulate
the evolution of the system in time, we don’t need specific kinetic parameters for any
of the modeled reactions.

The first metabolic models represented only a handful of reactions, rebuilding
specific pathways [SP92]. This required expert knowledge about the systems modeled
and vast literature revisions. Now, with the arrival of public reaction databases, it
is possible to simplify the job of handpicking reactions and building networks. This
also allowed the construction of metabolic models for “model" organisms, that is,
species that are extensively studied, like E. coli and S. cerevisiae. But the amount
of manual work required to build genome-scale models is daunting, so methods have
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Figure 1.7: Stoichiometric Graph and Matrix representation of a metabolic model consisting
on two reactions and seven metabolites. The amount of metabolites produced/-
consumed by each occurrence of the reaction are modeled as labels on the edges,
in the case of the graph, or as a matrix.

been developed to deal with the amount of information needed to reconstruct and
describe the model.

1.4.1 Current reconstruction methods

Current approaches for genome-scale metabolic reconstruction use gene and protein
homology or annotation similarity to assign an enzymatic reaction (and the associated
EC number [Bai00]) to a set of reactions present in the modeled organism. Starting
from this set of existing enzymatic reactions, a network is produced. Most current
methods focus on this de novo metabolic reconstruction, while only a few leverage
existing networks to use a basis for reconstruction. Also, most methods are designed
for bacteria (see a Review in [FST05]).

The methods that require an existing model as template are based on detecting
homolog genes between species, and deciding conserved reactions. These methods are
called subtractive: non-conserved reactions will be lost, compared with the template
model, but new reactions will not be detected.

Some of the programs that implement this idea are: pathologic (part of the pathway
tools suite) [KPR02], metaSHARK [Pin+05], IdentiCS [SZ04], and AUTOGRAPH
[BBV07]. Similar in spirit, but based on curated protein families from the Génolevures
program: [INS08], which also provide tools to studying the conservation of functions
in pathways.

Other methods are mostly based on a de novo projection from all known reactions.
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Based on the genome annotation of the target organism, these methods use generic
pathways instead of a reference from a specific organism. For example, KEGG’s path-
ways can be used as a reference for generic pathways. One implementation of this idea
is The SEED [DeJ+07]. Similar, but smaller in scale and designed to help manual cu-
ration, is ReMatch [Pit+08], which includes string matching of metabolite names.

A third approach is based on graph prediction: SVM, supervised graph prediction:
[BBV07]. Is also leverages expression data, localization and phylogenetic profiles of
enzymes. It requires a set of training data to work.

Pathway Tools is the de-facto standard toolbox used for de novo metabolic model
reconstruction and editing. Pathologic , included in the tool set, produces a draft
model for an organism analyzing the conservation of pathways with respect to an-
other organism [PK02]. This approach differs from other methods in the emphasis on
pathway conservation versus conservation of individual reactions. The Pathologic algo-
rithm [Kar+99] matches EC numbers of the annotation of the target organism. If that
fails, which is not uncommon in annotations that lack EC numbers, Pathologicmatches
the gene product name to known enzyme names from Enzyme DB [Bai96].

The SEED [DeJ+07] uses conservation of subsystems and KEGG pathways [KG00]
as a basis for reconstruction of metabolic models and generalized protein families to
decide gene conservation. The protocol is designed for prokaryotes, lacking some im-
portant features of higher organism, like modeling of compartments.

AUTOGRAPH [Not+06] exploits existing metabolic models as a starting point for
semi-automated reconstruction. It uses Inparanoid [ORS05] as a source of evidence of
conservation of functionality between organisms. Inparanoid is itself based on recip-
rocal best hits [Yua+98], with a careful attention to in-paralogs [RSS01].

Machine learning methods have been developed to tackle this problem as well,
producing results as good as Pathologic [DPK10]. As the later, methods are based on
conservation of pathways, more than individual enzymatic reactions, and does include
compartmentalization. An advantage of ML methods is that they provide valuable
information about the probability of the presence of a pathway, instead of a binary
answer.

1.4.2 Gap filling

Automatic reconstructions usually produce incomplete networks, missing some reac-
tions. These “gaps” may lead to incorrect predictions, so they need to be addressed
with automatic tools and manual curation. The candidates to fill those gaps, provided
by automatic tools, should be considered hypotheses and need to be verified experi-
mentally.

Gaps appear for one of the following reasons: a) the gene/reaction is really absent
from the organism, b) the method used to study the conservation of gene/reactions
failed for this case, or c) the organism have some alternative way to generate the same
enzymatic reaction. For b) and c), several methods exist to try to fill some of those
automatically. In the case of b), gene product names are not usually encoded with a
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controlled vocabulary, so it becomes necessary to guess, which may introduce errors.
Several strategies have been published (see [OO03] for a Review), and we present here
some of the ones that are related with the present work.

Pathway Tools includes an automatic gap-filling software, called HoleFiller [GK04],
which is used in several reconstructions efforts [Gin09], including the BioCyc project
[Cas+06]. The HoleFiller strategy is based on protein sequence homology, genomic
context (operons), and functional context, using a Bayesian classifier over those crite-
ria to determine the probability that a candidate has the desired function.

Another approach is GapFind/GapFill[KDM07], which adds reactions from other
organisms, modifies their directionality, or adds intra and extracellular transport re-
actions if it helps to recover connectivity in the model. Another related tool is Grow-
Match [KM09], that fixes automatic gap filling predictions to better fit experimental
evidence.

The method of Kharchenko et al. [Kha+06] ranks candidates for gap-filling by
taking into account multiple sources of data: phylogenetic profiles of the neighborhood
of the gap [CV06], expression information [KVC04], and clustering of genes in the
chromosome. This last point is useful in metabolic reconstructions of prokaryotic
organisms, which colocate co-transcribed genes in operons.

The toolbox described in The SEED detects, using petri-nets, gaps in the recon-
structed network, patching them automatically if possible and reporting the process
to an eventual manual curator.

Examples of reconstructed metabolic models

Genome-scale metabolic models have up to now been principally produced for bacte-
rial species and for a few higher organisms (see [OPP09] for a review, and Figure 1.8).
This focus on model organisms is in part due to the great cost of obtaining careful,
high-quality annotated complete genome sequences, which requires considerable hu-
man effort regardless of the relative low cost of obtaining the genome sequence. There
is also a review of reconstructions in microbes [Cov+01].

A further need is to produce new experimental data to verify and improve the
reconstructed model. Most models are reconstructed starting from the genome an-
notation, assembling known reactions into connected networks [TP10]. This requires
a lengthy and expensive period of manual curation. Software have been designed to
deal with process, although most existing tools are designed for bacteria.

Among the organisms that enjoy a genome-scale reconstructions, we have

• Staphylococcus aureus [BP05], with an study of network properties and growth
requirements

• Salmonella typhimurium [Rag+09], with an analysis of pathogeny and growth
under range of conditions

• Escherichia coli K-12 [Ree+03]

• Helicobacter pylori [Sch+02], with an important focus on biomass. There is also
an “Expanded” Helicobacter pylori model [Thi+05], with results of single and
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data in E. coli and S. cerevisiae revealed that metabolic genes
whose fluxes are directionally coupled generally show similar
expression patterns, share transcriptional regulators, and
reside in the same operon (Notebaart et al, 2008). Expression
data has also been coupled with various generations of
S. cerevisiae metabolic reconstructions to determine which
portions of metabolism are most sensitive to nitrogen
limitation (Usaite et al, 2006) and to compare metabolic states
during growth on glucose, maltose, ethanol, and acetate
(Daran-Lapujade et al, 2004). In these studies, expression
states of metabolic genes were overlaid on the reactions their
protein products catalyze, and expression patterns of meta-
bolic enzymes were then compared against the fluxes
predicted in silico under the given growth condition. Without
a model to lay these expression data on, it would be difficult to
characterize the global expression states. In another striking
example, a metabolic model of S. cerevisiae was augmented
with 55 regulatory transcription factors regulating 348 meta-
bolic genes to form a regulatory-metabolic network (Herrgard
et al, 2006). From an initial regulatory network, ChIP-chip and
binding-site motif data were used to expand the regulatory

rule-set, and this expanded network was shown to have higher
predictive power of gene expression when evaluated with 12
microarray datasets. The use of a regulatory-metabolic model
to predict gene expression changes is a powerful direction for
further research with metabolic reconstructions, one which
pushes closer toward modeling the function of an entire cell
(Lee et al, 2008b).
High-throughput technologies to determine the intracellular

metabolic state of cells have also been aided by the
development of metabolic GENREs. Intracellular metabolic
fluxes can be determined through the use of 13C-labeled
glucose experiments, in which labeled carbon is tracked
during growth of cells in a chemostat culture and computa-
tional methods are used to reconstruct the paths that carbon
took inside the cells during growth. Although 13C isotopomer
tracking has been performed without the aid of a metabolic
GENRE, the comprehensive coverage of metabolic pathways
enabled by the genome-scale reconstructions has made these
attractive frameworks for 13C tracking experiments (Vo et al,
2007; Panagiotou et al, 2008). Metabolic GENREs have
also been used as frameworks for interpreting metabolite
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Figure 1.8: Phylogenetic tree of reconstructed species, obtained from [OPP09]. The figure
was generated using the Interactive Tree Of Life (http://itol.embl.de/).

double gene KOs experiments.

• Mycoplasma genitalium [Sut+09], with an study of gap filling and comparison
against experimental results

• Lactobacillus plantarum [Teu+05], with a comparison of automatic and manual
reconstruction methods

• for S. cerevisiae exists several genome-scale models. Among them, in chronolog-
ical order, we have: iFF708 [För+03], iND750 [DHP04], iLL672 [KSB05], iIN800
[Noo+08], iMM904 [MPH09] and yeastnet [Her+08].

1.4.3 Analysis of Stoichiometric Metabolic Models

Several analysis methods can take advantage of a genome-scale metabolic model, many
of which can be found in the Review: [KPE03]. As part of the present work, we
need to predict growth under different media and genetic conditions, always under an
assumption of steady-state, which can be predicted using Flux Balance Analysis.

Flux Balance Analysis

To study the enzymatic capabilities of the reconstructed model, it is possible to do
a Flux Balance Analysis (FBA) [LGP06]. For this constraint-based approach, maxi-
mum reaction rates are defined, specially for the intake of metabolites from the media.

http://itol.embl.de/
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Specifically, FBA derives a feasible set of fluxes that optimizes a stated cellular ob-
jective, e.g. maximizing biomass production within a metabolic network, subject to a
set of constraints of conservation of mass [PRP04].

For this analysis it is necessary to assume a steady-state condition of the organism
[SP92], where the amount of internal metabolites is considered stable. Then, FBA
can be carried on using several different media conditions and in silico gene deletions,
allowing a prediction over the biomass rate produced.

For FBA to find viable solutions, constrains to should be provided. Usually, this
is carried out by limiting the input fluxes to values that match an experiment. In
iIN800 [Noo+08], the opposite constraint was used: fix biomass growth and optimize
the minimal fluxes to be consumed.

Several software packages implement FBA over metabolic models. One MATLAB
based solution is COBRA Tools [Bec+07]. FluxAnalyzer [Kla+03], now called Cell-
NetAnalyzer [KSRG07], provides a mix of graphical and quantitative information to
the user, which is useful to study small metabolic networks.

Many studies of metabolic models ([Sch+02], [För+03], [Fei+06], [Noo+08], among
others) solve FBA in a generic LP solver, like LINDO (Lindo systems Inc., Chicago,
IL, USA).

1.4.4 Validation of Metabolic Models

To measure the accuracy of a model, one can compare the predicted growth, ob-
tained using Flux Balance Analysis (FBA), against available experimental results.
The effects of media conditions over growth, and the effects of gene knockout against
growth, can be easily included as constraints at the LP problem solved at FBA, and
used to compare the experimental knowledge (normally a growth curve for each con-
dition/deletion) with the predicted growth (a rate of growth value provided by the
maximization of biomass production during FBA).

Growth curves can be transformed to a boolean value representing growth (true)
or no growth (false). The threshold is decided based on 1/3 of the average of growth
in time (OD), for all mutants studied [KM09; Joy+06]. The same can be done with
predicted results: a threshold is used to decide an starting value of “growth”.

An accuracy analysis can be performed in the following way [KHM98]:

• A predicted growth that has an experimental result of growth will be called a
True Positive (TP)

• A predicted growth that has an experimental result of no-growth will be called
a False Positive (FP)

• A predicted no-growth that has an experimental result of growth will be called
a False Negative (FN)

• A predicted no-growth that has an experimental result of no-growth will be
called a True Negative (TN)
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Accuracy : N4 → [0 . . . 1] is an indicator about how well a metabolic model predicts
experimental results, and is defined as the geometric mean between sensitivity and
sensibility:

Accuracy =

√
TP

(TP + FN)

TN

(TN + FP )
(1.1)

This is the approach used in the reconstructions of the S. cerevisiae models iIN800
[Noo+08] and iLL672 [KSB05], while in other reconstructions only the percentage of
correct predictions (TP + TN/(TP + FP + TN + FN)) was used, like in iND750
[DHP04].



Chapter 2

A scaffold-based method of
genome-scale metabolic model
reconstruction

The present chapter describes a method of reconstruction of metabolic models, based
on the use of a template model, called an scaffold and then instantiating this scaffold
to produce a new, specific model.

Current methods of model reconstruction, based on existing models, do not take
into account elements that are fundamental in the modeling of eukaryote organisms,
like compartments and transport reactions. We propose this method to deal with
these shortcomings, and in the process proposing a formal description of metabolic
models, edit operations over those models and the details of the reconstruction method.

We start by providing a description of metabolic models that extend current rep-
resentations (see Section 1.3), adding constraints that ensure that a model keeps key
properties that will be needed by our reconstruction method.

Under this formalism, metabolic models will be closed regarding a set of edit op-
erations, as adding and removing elements, while keeping the model constraints.

Finally, we define the scaffold formalism, as a template model that can be instan-
tiated, given some external function of rewriting of gene associations, called V . It is
important to note that this method, while requiring external evidence, is independent
of the source of this evidence, so different methods to provide V can be developed
independently and used by the scaffold formalism described in the present chapter.

2.0.5 Scaffold-based Reconstruction

Genome-scale metabolic models describe the network of enzymatic and transport re-
actions in an organism. The main idea of most metabolic model reconstruction algo-
rithms is to look for the presence of enzymatic reactions in the annotated genome of
the organism to be modeled, and create a network of those reactions, representing the

16
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interconnected production and consumption of metabolites [TP10].

The construction of metabolic models is costly and time consuming, so tools have
been developed to automatically create initial, draft versions of the models, to be fur-
ther improved by manual curation. Some of the current methods and platforms are
Pathway Tools [PK02], The SEED [DeJ+07], AUTOGRAPH [Not+06], and several
machine learning methods [DPK10]. These methods are mostly designed for bacte-
rial organisms and are not always adequate for reconstruction of yeasts models. In
particular, some of them lack proper handling of compartments, rewriting of gene as-
sociations, or rely on the strong functional relations provided by operons. Also, fine
tuning existing programs was not always possible, given the lack of public source code
availability. To cover this shortcomings, we implemented our own automatic recon-
struction method (to be published separately). See Figure 6.1 for an overview of our
method.

Briefly, the method developed for the present work uses a scaffold model for the
reconstruction. For each one of the genes associated to reactions described in the
scaffold, we look for possible orthologs in the target organism. If certain conditions
are met, the reaction is considered to be conserved, and added to the network of the
target organism.

This method of projection can be applied to any pair of phylogenetically close
species. Given a set of ortholog maps between two genomes, and a well-annotated
metabolic model for one of them, it automatically produces a draft model for the
target, providing a well-documented starting point for manual curation.

Well-curated models include information about the dependency of each reaction on
proteins and genes, which is called Gene-Protein-Reaction associations (GPR). The
Gene Association is the dependency of a reaction to the presence of a combination of
genes, described as a logic formula between gene identifiers. For example, in the or-
ganism S. cerevisiae reaction R_0005 (“1,3-beta-glucan synthase”) can be performed
by either the product of gene YLR342W (FKS1) or the product of gene YGR032W
(GSC2), so its Gene Association is “(YGR032W or YLR342W)”.

2.1 Stoichiometric Metabolic Models
In order to define an algebra of edit operations and methods that create metabolic
models, we’ll provide a formalism that extends the classical stoichiometric representa-
tion, but adds constraints over its components. Not any bipartite graph (section 1.3)
is a metabolic model that can be used by the reconstruction methods.

We start by defining universes of biological elements that will be used by our model
definitions and algorithms.

• G is the universe of all genes

• R is the universe of all reactions

• S is the universe of all species

• C is the universe of all compartments
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• M is the universe of all models

We further describe a species s ∈ S as a tuple s = 〈n, f, k〉, where n is the name
of the molecule, f is its chemical formula and k ∈ C is the compartment the species
belongs to.

A Reaction r ∈ R is defined as a tuple r = 〈n, ˇ̌R,
ˆ̂
P,m,Γ, β〉, where n is the name

of the reaction, the reactants ˇ̌R ⊆ S is the set of species that are consumed by the
reaction, the products ˆ̂

P ⊆ S is the set of species that are produced by the reaction,
and m : S→ R is a function that represents the stoichiometry of the reaction, defined
as

m(s) =


m < 0 if r consumes −m molecules of s,
m > 0 if r produces m molecules of s,

0 if s 6∈ ˇ̌R ∪ ˆ̂
P .

(2.1)

As described in Section 1.2, most reactions are executed by protein complexes,
themselves encoded by genes. This relationship between reactions and genes is called
a gene association and is described normally as a logical formula between the genes.
In a reaction r, Γ is the set of genes that are related to the reactions and β is a boolean
tree, where the elements of Γ are connected depending on the reaction’s dependency.
Genes that are alternatives to produce the same reaction will be connected with “or”
nodes and genes that are mutually dependent (for example, subunits of a bigger protein
complex) will be connected with “and” nodes. See Figure 2.1 for an example.

Gene association: G1 and (G2 or G3)

Γ= {G1,G2,G3}

β= and

orG1

G2 G3
Reaction R

G1 G2 G3

Figure 2.1: (left) A gene association can be described as a logical formula between the genes
that encode for the proteins that execute the reaction. (right) In a reaction r ∈ R,
Γ is the set of genes associated with r and β is a boolean tree that represents the
logical relationship between the Γ genes.

A model M ∈ M is a tuple M = 〈S,R,C,G〉 where S ⊆ S is a set of molecular
species, R ⊆ R a set of reactions, C ⊆ C a set of compartments and G ⊆ G is a set of
genes.

We require that, in a model, all the species consumed and produced by its reactions
are part of its set of species:
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⋃
r∈R

( ˇ̌Rr ∪ ˆ̂
Pr) ⊆ S

Similarly, we require that all the compartments in which the model species locate,
are present in the model ⋃

s∈S
ks ⊆ C

and that all genes used in reactions are present in the model⋃
r∈R

Γr ⊆ G

We don’t require the opposite conditions, so a model can include species that are
not produced, or genes that don’t catalyze reactions. This flexibility will help us at
the definition of edit operations.

2.2 Edit operations on Metabolic Models

As part of the reconstruction workflow presented in Chapter 4, we found necessary
to define an abstract algebra of modifications of metabolic models. In the present
section we formalize the edit operations that form the bases of the tools developed in
the following chapters.

2.2.1 Adding and removing elements

The simplest of operations over metabolic models involve adding and removing ele-
ments from its sets. We need to be careful to keep the conditions that all consumed
and produced species must be species of the model, that all compartment locations of
species should exist in the model, and that all of the model’s reaction genes are taken
into account (see 2.1).

Adding and removing species

If M is a model and S′ ⊆ S is a set of species, we define the operation add_species,
that returns a new model with S′ included in the model’s set of species. S′ can only
be added if there is a compartment in the model where they can locate.

M ′ = add_species(M,S′) =

{
〈S ∪ S′, R, C,G〉 if

⋃
s′∈S′ ks′ ⊆ C

∅ ∼

The operation remove_species must comply with removing species that are not
being produced or consumed by the model’s reactions.

M ′ = remove_species(M,S′) =

{
〈S \ S′, R, C,G〉 if S′ ∩ (

⋃
r∈R

ˇ̌Rr ∪ ˆ̂
Pr) = ∅

∅ ∼
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Adding and removing reactions

If M is a Model, r′ ∈ R is a reaction and R′ ⊆ R is a set of reactions, we define the
addition of r′ to M , and the removal of R′ from M . Reactions can be added to a
model as long as the reaction’s species and genes are already present in the model

M ′ = add_reaction(M, r′) =

{
〈S,R ∪ r′, C,G〉 if ( ˇ̌Rr′ ∪ ˆ̂

Pr′ ⊆ S) and Γr′ ⊆ G
∅ ∼

M ′ = remove_reactions(M,R′) = 〈S,R \R′, C,G〉

Adding and removing compartments

If M is a model and C ′ ⊆ C is a set of Compartments, we define the operation that
add C ′ to M :

M ′ = add_compartments(M,C ′) = 〈S,R,C ∪ C ′, G〉

The remove operation returns a new model only if the compartments to be removed
are not being used by the species belonging to the model.

M ′ = remove_compartments(M,C ′) =

{
〈S,R,C \ C ′, G〉 if C ′ ∩ (

⋃
s∈S ks) = ∅

∅ ∼

Adding and removing genes

If M is a model and G′ ⊆ G is a set of Genes, we define the operation:

M ′ = add_genes(M,G′) = 〈S,R,C,G ∪G′〉

Genes can be removed only if no reaction in the model is referencing them.

M ′ = remove_genes(M,G′) =

{
〈S,R,C,G \G′〉 if G′ ∩ (

⋃
r∈R Γr) = ∅

∅ ∼

2.3 Scaffold based model reconstruction

2.3.1 Definition of Scaffold
We call a Scaffold a set of elements that can be used as a template to construct a
metabolic model. A scaffold encodes both the template model to be instantiated and
the rules to instantiate it.

Based on evidence, we can decide which of these elements can be used to form the
foundation of a new model, which we’ll call an instantiated model. The elements of the
Scaffold can be of different nature, like biochemical reactions, pathways of reactions,
biological compartments, regulatory elements, genes, among others. For each one of
those elements we will define conditions, based on evidence, under which the element
should be instantiated, and functions that know how to instantiate them.



2.3. SCAFFOLD BASED MODEL RECONSTRUCTION 21

2.3.2 Scaffold-based construction of a metabolic model

We here describe an scaffold with elements that are present in metabolic models of
type M, that is, includes species, reactions, compartments and genes. Formally,

Definition 12. A Scaffold is a tuple
...
S = 〈M,T, I〉, where M ∈M is a Model, T is

a tuple of triggering functions, defined for each one of the elements of M , explicitly
T = 〈TS , TR, TC , TG〉; I is a tuple of instantiation rules, defined for each of the element
types of a model, I = 〈IS , IR, IC , IG〉.

The triggering conditions TX answer with a boolean value if an element should be
instantiated, given some translation function V . Therefore, TX(X,V )→ {true, false}.

The instantiation rules IX will create a new element based on an element of the
scaffold model and some available translation V . So, IX is defined as IX(X,V )→ X.

Once defined our scaffold
...
S , as triggering and instantiation rules for a specific

modelM , we can instantiate it given some translation function V , creating a projected
model M ′,

M ′ =
...
S |V0

Consequently, our instantiated model M ′ ∈ M will be defined as a tuple M ′ =
〈S′, R′, C ′, G′〉, where

• R′ ⊆ R, R′ = {IR(r, V0) | r ∈ R ∧ TR(r, V0)}

• S′ ⊆ S, S′ = {IS(s, V0) | s ∈ S ∧ TS(s, V0, R
′)}

• C ′ ⊆ C, C ′ = {IC(c, V0) | c ∈ C ∧ TC(c, V0, S
′)}

• G′ ⊆ G, G′ = {IG(g, V0, R
′) | g ∈ G ∧ TG(g, V0, R

′)}

2.3.3 Triggering and Instantiation rules

We define for each type of elements present in a scaffold’s metabolic model, the con-
ditions when an element will be instantiated (TX) and the function that knows how
to create a new instance of the element (IX). Both require as input certain evidence
(V ) that maps the elements of the scaffold to another organism. For the method pre-
sented in this work, the evidence used is the ortholog mapping between the genes in
the scaffold and the genes of the target organism.

Species

Molecular species are instantiated when an instantiated reaction produces or consumes
them. If this condition is triggered, an identical species is copied to the instantiated
model. This step requires knowledge about the instantiated reactions (R′).

TS(s, V,R′) :=

{
true if ∃r′ ∈ R′ where s ∈ ( ˇ̌Rr′ ∪ ˆ̂

Pr′)
false ∼

s′ = IS(s, V ) := s
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Reactions

Reactions are instantiated when there is enough evidence to rebuild its gene associa-
tion’s boolean expression tree (β). In our implementation, the existence of genes that
are orthologs with the scaffold’s genes will be enough to presume the conservation of
the biological function of the scaffold’s reaction r.

TR(r, V ) :=

{
true if V (Γr) 6= ∅
false ∼

The actual instantiation of a reaction greatly depends on the way orthology in-
formation is handled, so a chapter is oriented to describe this step in detail (see
Chapter 3).

r′ = IR(r, V ) := 〈n, ˇ̌R,
ˆ̂
P,m,Γ′, β′〉

where Γ′ = orthologs(Γ, V ) and β′ = V (β). Both functions are described in
Chapter 3.

Compartments

Compartments will be instantiated only if there exists an instantiated species in them.
This step require previous knowledge about the instantiation of the scaffold’s species
(S′).

TC(c, V, S′) :=

{
true if ∃s′ ∈ S′ where c = ks′

false ∼

c′ = IC(c, V ) := c

Genes

The Genes that are instantiated are only those used by the instantiated reactions.
The triggering and instantiation of genes require knowledge about the instantiated
reactions (R′).

TG(g, V,R′) :=

{
true if ∃r′ ∈ R′ where g ∈ Γr′

false ∼

G′ = IG(g, V,R′) :=
⋃

r′∈R′

Γr′

2.4 Scaffold-based Reconstruction of a Draft model
The reconstruction step is based on the triggering functions described in the previous
sections. The main idea is to iterate over the elements of the scaffold model, deciding
which elements should be instantiated and then instantiating them, forming a new
model. See Algorithm 2.1.

It is crucial to instantiate the elements in the right order, which is Reactions,
Species, Compartments and Genes, given that some triggering functions depend on



2.4. SCAFFOLD-BASED RECONSTRUCTION OF A DRAFT MODEL 23

the results of previous instantiations.

The output of the algorithm will be a new metabolic model, based on the instan-
tiated elements of the scaffold, depending on a given predictor of orthology V , and an
assessment of the predictive power of the model, in the form of a comparison with the
experiments X. Further sections will provide details about each of the steps.

Algorithm 2.1 Scaffold-based instantiation of metabolic model

Require:
...
S = 〈M,T, I〉: scaffold metabolic model, V : evidence of orthology between

organisms, NC , NS , NG, NR: new compartments, species, genes and reactions to add
to the model, X: experiment to be simulated
M ′ ← 〈S′, R′, C ′, G′〉, where S′ = R′ = C ′ = G′ = ∅
{Instantiation}
for all r ∈ R do
if TR(r, V ) then
add r′ = IR(r, V ) to R′

end if
end for
for all s ∈ S do
if TS(r, V,R′) then
add s′ = IS(s, V ) to S′

end if
end for
for all c ∈ C do
if TS(r, V, S′) then
add c′ = IC(s, V ) to C ′

end if
end for
for all g ∈ G do
if TG(g, V,R′) then
add g′ = IG(g, V,R′) to G′

end if
end for
{Curation}
C ′ = C ′ ∪NC

S′ = S′ ∪NS

G′ = G′ ∪NG

R′ = R′ ∪NR

{Validation}
simResults ← ∅
for all x ∈ X do

append to simResults simulate(x,M ′)
end for
print accuracy_report(simResults)
return M ′
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Table 2.1: Elements of a scaffold metabolic model, the triggering conditions in which they are
instantiated and the procedure taken to instantiate them. These are the high-level
descriptions of the instantiations rules required by our method, and were defined
formally in 2.3.3.

Model Elements Triggering condition Instantiation rule

Reactions there exists genes with
same function

create reaction with new
gene association

Species
there is a reaction pro-
ducing or consuming this
metabolite

create metabolite

Compartments there is a metabolite in
this compartment create compartment

Genes there are reactions that re-
quire this gene add gene to model

2.4.1 Instantiation of a Scaffold

Reactions

The instantiated method for Reactions is described in detail in Chapter 3. The method
of model reconstruction presented in this chapter is independent of the function V
implemented in that Chapter.

Species

All molecular species produced or consumed by the instantiated rections will be instan-
tiated in the target model. As much of the information originated from the scaffold
model will be conserved, including id, name, chemical formula, boundary conditions,
among others.

In case that the scaffold model includes groups of species, in the form of SpeciesType
tags, they will be ignored. In the instantiated model, the same molecular species, in
different compartments, will be considered as different species.

Compartments

One of the requirements in the design of this method, was that it should be useful to
produce draft metabolic models for eukaryotes. Being compartments, and the inter-
actions between them, fundamental in the metabolism of eukaryotes, we are going to
keep from the scaffold model as much information as possible about compartments.

Each one of the compartments of the scaffold will be evaluated for instantiation.
Those compartments that still have species associated to them, will be instantiated in
the new model, as described in 2.3.3.

Although most published genome-scale metabolic models only present a set of un-
related compartments, some models define a hierarchy of compartments, indicating,
for each compartment, its encasing compartment, that is, the compartment that is
outside. For example, a model can define that a compartment Peroxisome is located
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inside the Cytosol, in which case the Cytosol is declared outside the Peroxisome. Only
a few models describe compartments in this way but, being part of SBML, we expect
that future models will include this relationship. See Figure 2.2 for an example.

C1: external

C2: cytosol

C3: nucleus C4: mitochondrion

C5: peroxisomal membrane

C6: peroxisome

C1

C2

C3 C4 C5

C6

Figure 2.2: Nested compartments can be represented as a tree. This representation helps to
decide which compartments should be instantiated.

Compartments that includes sub-compartments that will be instantiated, need also
be instantiated, even if they don’t own instantiated species by themselves. For this
reason, the instantiation of nested compartments is more complex that the TC/IC
functions defined in 2.3.3. Assuming that the compartments form a tree, we can
decide which compartments to instantiate using Algorithm 2.2. The compartment
tree is traversed in postorder, with each compartment checking recursively if its sub-
compartments need to be instantiated. If none of the sub-compartments is instanti-
ated, the function IC is used to determine if the compartment should be instantiated,
based on its instantiated species. Following these instructions, Algorithm 2.2 returns
the list of compartments to be instantiated.

Algorithm 2.2 CompartmentToInstantiate(n, V, S′)

Require: n: node of the Compartments tree, V : evidence of orthology between
organisms, S′: species instantiated in the target model
toInstantiate ← ∅
for all c such that c is a child of n do
append to toInstantiate CompartmentToInstantiate(c, V, S′)

end for
if toInstantiate 6= ∅ or TC(n, V, S′) = true then
append n to toInstantiate

end if
return toInstantiate

Genes

The list of genes that are present in the instantiated model is taken from the list of
genes that encode for the instantiated reactions. We are interested only in the species
that are produced and consumed by reactions, thus the method will not include gene
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products as modifiers of the reaction, which is known in SBML as a listOfModifiers.
Accordingly, no species will be created to represent the gene products and complexes
needed by listOfModifiers.

2.4.2 Removing the Scaffold
After the elements of the scaffold model are instantiated to a target organism, a draft
SBML model will be produced. There are two things that we need to remove in order
to produce a clean model: metadata and elements that will not be used in the new
model.

Metadata about authorship of the scaffold model, date of creation, etc. will be re-
placed with new metadata, specifying the authors of the instantiated model. Elements
not used in the new model, like speciesType and listOfModifiers will be removed. Any
link from the genes of the scaffold model to specific databases and annotation, will
also be removed.

2.4.3 Instantiation Report
As part of the instantiation method, an extensive report is generated. This report
is useful at the manual revision and curation stages of the workflow. The details
regarding the instantiation of reactions will be explained in Chapter 3.

• The instantiation of reactions

• The quality of the instantiations (in case of reactions)

• The normalization of the new gene associations

• The expansion and contractions of protein families

• The reactions considered lost (see 4.2.1)

• The conserved/lost compartments

• Number of connected components in the graph that represents the instantiated
model

• Connectivity between the biomass function and the exchanged metabolites

2.4.4 A Draft model
The process of scaffold instantiation will produce a metabolic model for the target
organism, with rewritten gene associations based on the target’s genes.

Although each element will be well defined, there is no guarantee over the topolog-
ical properties of the new model. For example, there is no guarantee that the model
will be functional, or composed of one connected component. However, the instantia-
tion report will provide information to the manual curators when this conditions are
not met.



Chapter 3

Instantiation Rules for
Reactions

In the previous chapter we presented a method to reconstruct metabolic models in-
stantiating its elements when certain conditions were met. In the case of instantiation
of the Reaction element, an external function V was required to translate the gene
association β of that reaction, into a new gene association, written in terms of the
genes of the modeled organism.

There are several possible approaches to solve this rewriting problem, so both
methods, the general scaffold-based reconstruction method and the gene association
rewritten are presented as two separated problems, in two separated methods that can
be developed and improved independently.

Current methods of metabolic model reconstruction assign only EC codes to the
reactions of the reconstructed model, or only one gene per gene association (see Sec-
tion 1.4.1). Also, current methods use only one source of orthology, which carry over
errors in the assignment of orthologs.

We propose in this Chapter a new method that carefully rewrites the gene as-
sociation of the reactions instantiated from the scaffold, looking at evidence of gene
orthology.

Instead of developing or own method to detect gene orthology, we leverage ex-
isting methods and implement a voting system to detect the ortholog mapping with
the highest agreement between them. This allows us to translate gene associations
using the best and more stable evidence, reducing the noise associated with particular
methods.

In the present Chapter, we introduce a method of merging multiple sources of
orthology into a tally map, the concept behind the rewriting of gene associations and
a detailed explanation of the algorithms created to instantiate reactions.

27
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3.1 Orthology and gene associations
Orthology detection based on sequence similarity is the most used approach to pre-
dict if a biological function, encoded by genes, is conserved between two organisms
[Kuz+08]. Some special cases need to be treated carefully: two ortholog genes, with
originally similar functions, can mutate slightly and change its function, or can suffer
a duplication, so only one of the two copies will keep the same biological function.
Also, a fusion or fission event can integrate or divide certain domains into different
genes. All those cases need to be integrated in the study of the conservation of func-
tion between two organisms and, in our experience, none of the current methods of
ortholog mapping is good at all of them.

In the cases of divergent predictions, consensus was determined by the following
election procedure: From the different methods we produce a tally of the number of
times each paralog group appears between all existing mappings.

We need a translator that, using the rules described in Table 3.1 as guidelines,
looks for the possible rewritings of the scaffold gene formulas in terms of genes of the
target organism. To rewrite the new gene associations, an homolog map was built
with the votes between all our available methods to detect orthologs (see Figure 6.2).

Table 3.1: Rules for gene mapping. When a reaction is inherited from the scaffold to the target
model, it is necessary to rewrite its gene associations, depending on the relative expan-
sion or contraction of the families of protein-coding genes identified by orthology. The
following rules define this rewriting. Cases 1:N were considered at the manual curation
stage as possible sources of reactions with different affinities.

# Genes in map Inferred mapping case Rewrite rule

N : 0 M1: gene loss S1 → ∅
0 : N M2: gene gain ∅ → T1
1 : 1 M3: two ortholog genes S1 → T1
2 : 1 M4: gene duplication in scaffold S1 → T1, S2 → T1

N > 2 : 1 M5: gene expansion in scaffold S1...N → T1
1 : 2 M6: gene duplication in target S1 → (T1 or T2)
1 : N > 2 M7: gene expansion in target S1 → (T1 or T2 or . . . TN )

3.2 Rewriting of gene associations
One of the main challenges in the reconstruction of metabolic models is to provide
evidence of the existence of a reaction in the modeled organism, associating each re-
action to the genes that encode that function. Several approaches exist that use the
annotation of the genes of the modeled organism, using the annotation text or the EC
code, to decide the presence of the reaction associated with that EC.

But EC codes are not enough to map genes to reactions. Multiple genes can be
associated with the same EC, but encode proteins that work on different compart-
ments, making current methods useful for bacteria, but not to reconstruct models of
eukaryotes.
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Also, a detailed association between genes and reactions allows for simulations of
scenarios where genes are knocked out experimentally. The sometimes complex rela-
tionship between genes and reaction are sometimes lost when only EC codes are used,
failing to predict the viability of a gene knockout in the system.

In the previous chapter, we presented a method to reconstruct a metabolic model,
using another model as template. We called the latter a scaffold, whose elements can
be instantiated based on certain rules. This method is independent of the way we
instantiate the association between reactions and genes, which is given as a parameter
function V to the reconstruction process.

In this chapter we present a method to re-write the gene association in terms of
the genes of the target organism. We do this looking for genes with an expected
equivalent biological function, and we use sequence similarity as a predictor of this
functional conservation.

For example, some scaffold reaction R can depend on the logical combination of
the genes “((G2 and G3) or G5)”, that is, either the product (protein) of G5 by itself,
or a simultaneous combination of the products of G2 and G3. This is called a gene
association.

Following the definitions of the scaffold-based method of reconstruction in Chap-
ter 2, we define in this chapter a function V that answer the question “what is the
instantiation of the gene association β”, where β is a boolean tree of logical operations
(see Figure 2.1).

β′ = V (β)

This will be answered in two parts: first we’ll leverage existing methods to detect
gene orthologs among species and then we’ll use this information to instantiate gene
associations.

3.3 Algorithms to translate gene associations

To be able to define a function V that translate gene associations form one organisms
to the other, we need to define a terminology for the elements of the ortholog maps
and a battery of auxiliar functions that will solve parts of the bigger problem.

Let GA be the set of genes of an organism and GB the genes of another organism.
We define a mapping as a tuple m = 〈A,B〉, where A is a set of paralog genes of GA,
B, a set of paralog genes of GB , and A are ortholog genes of B.

We define, then, a GeneMap Π between GA and GB as a set of mappings that
associate sub-sets of GA with sub-sets of GB . That is: Π = {m1, ...,mN}, where
i = 1..N , mi = 〈Ai, Bi〉, Ai ⊆ GA, Bi ⊆ GB .

Different methods of orthology will produce different GeneMaps Π between the
genes of both organisms. From E different methods, we will obtain E GeneMaps:
Π1, ...,ΠE . This mappings will not necessarily include the same genes from each of
the organisms. There is no guaranty that the union of the genes mapped by each
method will cover the complete set of genes of each organism. We call H a set of
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GeneMaps Π between two organisms.

In order to obtain good quality mappings, we count the number of times each
possible mapping occurs among all the GeneMaps. Therefore, we define a tally map
T on a set of mappings H as a set of triplets 〈t, A,B〉, where t is the number of times
the mapping 〈A,B〉 appears among the set of GeneMaps in H.

In the context of our reconstruction method, this tally map will store a weighted
orthology association of genes, between those in the scaffold and the genes in the
target organism. This tally map will be used in the following sections to decide how
to rewrite the complete gene association.

tally map
Orthology

Mixer

Source 
metabolic model

R1
R2
R3

S1 and S2
S3
S4 or S5

Reactions’
Gene

Associations

R1’
R2’
R3’

T1’
T3’
T4’ or T5’

Instantiated
Gene

Associations

G.A. 
Instantiator!

Target 
annotated 

genes

Source 
annotated 

genes

!
Orthology 
Methods

Figure 3.1: Strategy for reaction instantiation. The genes originated from the scaffold and the
target models are analyzed through several orthology methods. The mappings
originated from those methods are mixed and tallied into a tally map. Then,
from the scaffold reactions, the gene association are extracted and translated,
using the Gene Association Instantiator, to new reactions associated with genes
of the target organism.

3.3.1 Creation of a Tally Map

As a first step, we create a tally map from all the GeneMaps in H, where we count
how many times each tuple 〈A,B〉 appears among all GeneMaps. See Algorithm 3.1.

3.3.2 Translation of a list of genes

Let’s focus in the translation of a set of genes L. We want the best possible translation
of L in terms of the genes of target organism.

The first thing we need to decide is a threshold to consider a map to represent an
agreement between the different orthology methods. For example, a threshold t∗ = |H|

2
will consider any mapping where at least half the methods agree, as a good quality
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Algorithm 3.1 T = getTallyMap(H): Creation of Tally Map from a set of results
from orthology methods H

T = ∅
for all M ∈ H do
for all m = (A,B) ∈M do
if ∃(t, A,B) ∈ T then
t = t+ 1

else
T = T ∪ {(1, A,B)}

end if
end for

end for
return T

mapping.

After deciding a threshold, we can use getBestMapping (Algorithm 3.2) to decide
the best match. It works as follows: try to get a simple translation; if not, look for
combinations of tally maps which genes cover L. We’ll prefer tally maps that are good
quality (t ≥ t∗), and we’ll prefer tally maps that include only genes in L over maps
that include also other genes. We look in the following order of preference: subset
of L and good-quality (Shigh), superset of L and good-quality (Sgood), subset of L
and any quality (Sbest), superset of L and any quality (Slow). If none of that finds a
suitable translation, we give up and report the list of genes as lost, which really means
probably not conserved.

The simple cases are two: when there is a good-quality (t ≥ t∗) tally map that
matches exactly the set of genes to translate (L), and when there is a good-quality
tally map for each of the elements of L. In both cases, we prefer that over any other
combination of tally maps. The function invoked by getBestMapping to solve these
simple cases is called getMapSimpleCases and is defined is Algorithm 3.3.

In the previous algorithm we needed to decide which one of the different mappings
in the tally map we’ll prefer, in the case of finding several. We will prioritize the map-
ping with the highest tally, that is, the highest agreement between several methods
and, between mappings with the same tally, those with the shortest number of target
genes. This search for the better mapping is described by Algorithm 3.4.

As part of getBestMapping (Algorithm 3.2), we need to find the best combinations
of maps to translate L. In that algorithm, we define four different sets of mappings
that can be used, in order of preference and generally from less to more elements.

The way to decide which mappings to use to translate a set of genes L using a set
of tally maps S is as follows: we’ll create all possible combinations of elements from
S and see if any of them translates L, starting with only one mapping, then with all
combinations of two mappings, then three mappings, and so on. The last case will be
trying to use all of S to cover L. If we find a solution in any iteration, we’ll return
that solution, without looking further. That way, we prefer solutions that include less
elements of S.
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Algorithm 3.2 B = getBestMapping(L, T, t∗): Get best translation for set of genes
L, using the tally map T . Consider a tally of t∗ as good quality.

{First try easy translation}
B = getMapSimpleCases(L, T, t∗)
if B 6= ∅ then
return B

end if
{Look for sets of tally maps that intersects with L, giving priority to a tally over t∗
and that the source ortholog group is smaller or equal to L.}
Shigh = {m = (t, A,B) ∈ T | A = L ∧ t ≥ t∗}
Sgood = {m = (t, A,B) ∈ T | A ∩ L 6= ∅ ∧ t ≥ t∗}
Sbest = {m = (t, A,B) ∈ T | A = L}
Slow = {m = (t, A,B) ∈ T | A ∩ L 6= ∅}
{Try to get a combination of source ortholog groups to cover the genes in L. Start
with the best candidates and move down in quality as needed.}
K = getBestCombination(L, Shigh)
if K 6= ∅ then
print HQ: L→ K
return K

end if
K = getBestCombination(L, Sgood)
if K 6= ∅ then
print GQ: L→ K
return K

end if
K = getBestCombination(L, Sbest)
if K 6= ∅ then
print BQ: L→ K
return K

end if
K = getBestCombination(L, Slow)
if K 6= ∅ then
print LQ: L→ K
return K

end if
{We couldn’t find any translation for this L.}
print LOST: L
return ∅
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Algorithm 3.3 T = getMapSimpleCases(L, T, t∗): Get best scenario translation for
set of genes L, using the tally map T. Consider any tally as big as t∗ as a good quality
translation.

{If we can traslate the complete group with high quality, return that}
(t,_, B) = getMapWithHighestTally(L, T )
if B 6= ∅ and t ≥ t∗ then
return B

end if
{If not, try to translate each member. If we get good quality translations for all of
them, return that}
ltranslation=∅
allHQ=True
for all l ∈ L do

(t,_, B) = getMapWithHighestTally(l, T )
allHQ = allHQ ∧ (t ≥ t∗)
ltranslation = ltranslation ∪B

end for
if allHQ then
return ltranslation

else
return ∅

end if

Algorithm 3.4 (t, A∗, B) = getMapWithHighestTally(A∗, T ): Get Best map B for a
paralog group A∗, based on the tally map T . Choose the map with the highest tally
and the target paralog group with less elements.

maxTM=0
targetCandidates=∅
for all m = (t, A,B) ∈ T do
if A∗ == A then
tm=t
if tm == maxTM then
targetCandidates = targetCandidates ∪B

else
if tm > maxTM then
maxTM = tm
targetCandidates = {B}

end if
end if

end if
end for
bestTarget=shortest_of(targetCandidates)
return (maxTM, A∗, bestTarget)
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If in any iteration we generate several solutions, which is expected, we need to
choose between them. For that purpose, we define a score function that will assign a
highest value to groups of mappings that: have a highest tally, have more elements of
L, have a shorter list of target genes. In the case that a mapping maps genes that are
not in L, the score will be penalized with half the score for that combination. The
score and the penalty functions are as follows:

translationScore(L,K) =
∑

m=(t,A,B)∈K

|A ∩ L|
|B|

· t · p(A,L)

p(A,L) =

{
1 A ⊆ L
1
2 ∼

With the functions defined, we write the getBestCombination (Algorithm 3.5)
wich operate as follows: look for all subgroups of S, from smaller to bigger, choosing
the combination with the better score in case of several solutions. Return an empty
set if no solution was found.

Algorithm 3.5 K = getBestCombination(L, S): Get the best combination of the
elements of S that translate the set of elements in L. It uses an score function to
determine the best combination.
for c = 1→ |S| do
maxScore = 0
maxK = ∅
for all K ⊆ S ∧ |K| = c do
AK = {A | (t, A,B) ∈ K}
if L ⊆ AK then
score = translationScore(L,K)
if score > maxScore then
maxScore = score
maxK = K

end if
end if

end for
if maxScore > 0 then
return maxK

end if
end for
return ∅

3.3.3 Translation of a gene association tree
Based on the method to translate a set of genes, we can traverse the gene association
tree, where each time we find an operation (AND, OR), we’ll translate all the genes
that belong to that operation. See Algorithm 3.6. This function implements the
abstract function V required by the reconstruction method presented in Chapter 2.
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Algorithm 3.6 newNode = translateTree(node, T, t∗): translate the gene paralog
groups present in the gene association represented by the (sub-)tree rooted by node.
Traverse the sub-trees recursively. Use the tally map T for the translation, where t∗
is a threshold for good-quality translations.

newNode = Node(TYPE=node.TYPE, value=node.value, children=∅)
if node.TYPE == GENE then
return getBestTranslation(node.value, T, t∗)

end if
leaves={g | g ∈ node.children ∧ g.type = GENE}
B = getBestTranslation(leaves, T, t∗)
for all g ∈ B do
append to newNode.children Node(TYPE=GENE, value=g, children=∅)

end for
for all p ∈ (node.children \ leaves) do
append to newNode.children translateTree(p, T, t∗)

end for
return newNode



Chapter 4

A Workflow for Curation and
Validation of Metabolic Models

In the previous chapters we provided a method to reconstruct a metabolic network
for an organism, using another model as an reference. In order to build a model
that can be both, a good descriptor of the biology behind it and a good predictor of
the observed physiology of the organism, we need to develop an strategy that let us
include knowledge that is specific to the modeled organism, in the form of manual
modifications from expert curators and knowledge from relevant literature.

Actual methods require manual modification of the model, usually described as
a list of reactions in an excel file [TP10], that requires updating each time a model
changes. In the present chapter we present an iterative workflow for metabolic model
curation and validation, that takes as input a draft model, produced for example using
the methods described in the previous chapters, and special files with lists of modifica-
tions that will be automatically and reliably applied to the draft model. The creation
of this modifications involves experts in the organism in the form of curators, with the
advantage that this knowledge is not lost if the original draft model changes.

The workflow described in the present Chapter, includes a language of model edi-
tion, provided to the manual curators and based on the formalisms defined in Chapter
2.

Also, in order to assess the predictive power of this curated model, it is possible
to manually recreate the conditions of certain experiments, to check if the predic-
tions made with the model fit the expected experimental results. To optimize this
time-consuming process, we have developed a platform that generates simulation tests
starting from an easy-to-create spreadsheet of experimental evidence.

These two steps, the method of model edition and the platform for model vali-
dation against experimental evidence, allows an iterative improvement of metabolic
models, key to the reconstruction of an accurate final model.

The presented method builds on and improve over existing platforms, as COBRA
Toolbox [Bec+07]. The use of standardized edit commands and automatically pro-
duced test are exclusive to the present work.

36
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Even if the strategy is generic enough to be used as a platform for validation and
improvement of any metabolic model, the method requires ample knowledge about
the model being simulated. For example, the names of the reactions that exchange
molecular species with the media need to be specified, making the simulation process
model-specific.

4.1 Iterative Method of Metabolic Model Reconstruc-
tion

In the past chapters we presented an automatic method of reconstruction of genome-
scale metabolic models, using as inputs a model from a metabolically or phylogeneti-
cally close organism, and the orthology between the genes of the organism to be used
as a template and the organisms that we want to model.

As output, this workflow produced a genome-scale metabolic model for the target
organism, and a report about how well this model can predict experimental evidence.

The methods presented in this chapter complements the reconstruction method
with two new sections (curation and validation), making a complete pipeline of it-
erative genome-scale model reconstruction (see Figure 4.1). The general workflow is
divided in three parts:

• The automatic construction of a draft genome-scale model, based on the methods
described in Chapters 2 and 3

• The manual curation of that model through a panel of experts (see Section 4.2)

• The validation of the model against external evidence (see Section 4.3)

We will use the formal definition of models and data structures introduced in Chap-
ter 2 to explain and guide the development of the extended reconstruction method.
This formalization will also be used to explain the edit operations defined for manual
curators in 4.2.2.

4.2 Construction of a Curated Model
The model’s draft version produced automatically in the previous Chapters, provides
a starting point for the creation of a curated model. The final improvements can be
given by experts in the modeled organism.

The curation activities may include:

• Verifying and restoring reactions thought to be lost or not conserved with the
scaffold

• Making the model functional, that is, modifying the model until it is capable to
simulate biomass production

• Adding species-specific elements (reactions, genes, metabolites, compartments)

• Moving elements between compartments
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Figure 4.1: Overview of our reconstruction method of genome-scale metabolic models. A
draft model is generated from a scaffold model and the orthology between the
organism used as scaffold and the organism to be modeled. Afterwards, expert
curators propose edits over the draft model. Those changes are applied to the
model in order to produce a curated model. Using experimental evidence from
the literature, we can assess the accuracy of the curated model.

• Editing model properties, mainly gene associations

• Extracting experimental evidence from the literature to validate the model (see
4.3)

For most of the steps in manual curation we propose a set of edit operations over
metabolic models. This way, an expert can enter this operations in a spreadsheet, that
will be taken by a program that will automatically apply those changes to a SBML
model. The high-level operations will be transformed into the low-level edit operations
defined in the previous Chapter (see Section 2.2).

4.2.1 Restoring reactions

After an analysis of the report produced by the reconstruction method (see Section
2.4.3), an expert may want to retain a reaction, even if there is no evidence, in terms
of orthology, that the reaction is conserved.

For example, a reaction R1, with a gene association “GA : G1 and G2 and G3”,
may have orthologs for G1 (called, let’s say, T1) and G3 (called T3), but no for G2. An
expert can conclude, after careful consideration, that the reaction may still be viable,
even without the sub-unit encoded by G2. In that case, the gene association of the
instantiated version of R1, will be forced to “T1 and T3”.

A list of ‘forced’ reactions can be given to the reconstruction method, to automat-
ically assign a gene association to an instantiated reaction, without having to analyze
the orthology of its genes.
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4.2.2 Edit operations
Adding reactions

In our experience reconstructing models, most additions from expert were about phys-
iological processes in the target organism, not available on the scaffold organism. For
example, the process “use alkanes as a carbon source” can describe, in general terms,
the species-specific additions to the model. However, this general description needs
to be translated into specific reactions and molecular species to be added to the model.

The addition of reactions to the new model can be described by an expert using a
spreadsheet, where an expert writes down, in columns:

• reaction_id, which should be a new unique id

• name, a descriptive name of the reaction

• reversibility as a boolean value, where true means that that the reaction is
reversible, false if it is not.

• reactants, which is the stoichiometrically weighted list of molecular species to
be consumed by the reaction

• products, the stoichiometrically weighted list of molecular species to be pro-
duced by the reaction

• gene_association, that is the boolean expression that indicates the depen-
dency of the reaction to certain gene products. The standard locus name is
normally used

• gene_name_association [optional] which is a boolean expression that indi-
cates the dependency of the reaction to certain gene products. The gene names
are used instead of gene loci

• EC [optional] The Enzyme commission number assigned to the reaction

• comments [optional] Comments from the curators

A gene_association should be a logical expression, using only gene identifiers,
‘and’ to connect co-dependent elements and ‘or’ to represent alternative elements.
Parentheses ‘(’,‘)’ can be used to define priorities in the evaluation. For example, a
gene association can be described as “((G1 or G4) and G9)”, meaning that reaction
requires the presence of the gene products of G4 and either G1 or G4.

Sometimes, gene names are easier to read than loci names, so a gene_name_association
is provided as part of the comments, but not used by the curation workflow. An ex-
ample association can be “POX1 and POT1 and FOX2”.

A curator can let the metabolites be created automatically by the present work-
flow, but it is advised to specify the new molecular species manually. In that case,
the following information should be provided: species_id which should be a unique
id, name a descriptive name for the species, formula is the chemical formula of the
species and compartment_id is the compartment the species belongs to.
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When a species is marked as located at the compartment “boundary”, the species
will by tagged in the produced model with boundaryCondition=true, which means
that the simulators will not expect this species to be both, consumed and produced.
This is useful for species that will be added to the media.

Adding compartments

Compartments are added indicating a compartment_id, that works as a unique
identifier, a name that describe the new compartment and an optional outside,
which is the id of the compartment that is outside the newly created one. In case of
defining a relationship between compartments, it is important that they form a tree
of relationships (as in Figure 2.2).

Re-locating reactions and species

One of the more complex operations is the movement of reactions and metabolites
between compartments. This is because sometimes it is necessary to add or remove
transport reactions between the compartments.

Transport reactions are reactions that transport molecular species between com-
partments. They may be either enzymatic or spontaneous, where the latter does not
have a genome association. There is usually not enough evidence to prove the ex-
istence of an spontaneous transport reaction, so they will be kept from the scaffold
model in the projection method. Transport reactions with a genome association will
never be removed by the workflow.

4.2.3 Applying changes

After all this edition steps have been written down as spreadsheets (or csv files), the
workflow will use them to modify the existing SBML draft model, generating a curated
model. A program should take data described in the format defined in the previous
section, and modify the original model file accordingly. Normally this is done modi-
fying an SBML file, adding, editing and removing XML tags, and producing another
SBML with the listed changes.

This automatization of the process of model edition, allows us to change the method
and parameters of creation of the draft model, without losing all of the experts’ work.
Many draft models can be created, and the manual editions will be applied fast and
automatically, allowing an easy exploration of the method’s parameter space.

4.2.4 A Curated model

The workflow will produce what we call a curated genome-scale metabolic model of
the target organism. Even if there are no formal guarantees that the model will be
functional, the manual edits, based on the instantiation report, is normally enough to
produce a model that is useful for simulations.

This model is produced in SBML format, allowing us to use it as input into
many programs that are capable or reading this format (see http://sbml.org/SBML_

http://sbml.org/SBML_Software_Guide
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Figure 4.2: In the literature, experimental evidence of growth under different media and
genetic conditions can be described as a binary value (growth/no growth) or as a
graph of population growth over time. For those cases, a threshold will be chosen
to determine if the populations grows or not, based on 1/3 of the maximum growth
under rich media conditions [KM09; Joy+06]. When a knock-out produces growth
under the threshold, we say that the deletion was lethal.

Software_Guide), and to share it with the community, in sites like (http://biomodels.
org/) or Payao (http://celldesigner.org/payao/).

4.3 Validating the model against experimental evi-
dence

Beyond the topological verifications of the projection report (see 2.4.3), we want to
be able to measure the predictive quality of our reconstructed model.

In order to do so, we can use experimental evidence from the literature related to
the modeled organism, and simulate the growth of our modeled organism, under those
conditions.

For this work, we developed a platform for model assessment, based on the exper-
imental evidence of growth under media and genetic conditions. From the literature
of the target organism, we extracted experiments, and wrote them down as: a media
condition, represented by the molecular species available for the cells, genetic con-
ditions, represented as the gene knockouts applied to the population.

From the literature we will get one of two cases: a binary value of growth/no
growth (+/−) under the listed conditions, or an OD curve of growth in time. In
the latter case, we will transform those curves into binary values, considering curves
that grows over some threshold as +, and curves under that threshold as −. Usually
this threshold is defined as 1/3 of the maximum growth under rich media conditions
[KM09; Joy+06].

A model that is able to predict growth is called a functional model. To predict
growth, a measure of the molecular requirements to create a copy of the organism
should be provided, in the form of a biomass function. This is usually obtained by the
analysis of the molecular contents of live cells [VP94].

http://sbml.org/SBML_Software_Guide
http://sbml.org/SBML_Software_Guide
http://biomodels.org/
http://biomodels.org/
http://celldesigner.org/payao/
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4.3.1 Replicating growing conditions

To predict the capacities of the model to produce biomass under different media con-
ditions and gene knockouts, we used Flux Balance Analysis [LGP06]. As part of our
workflow, we use Matlab and COBRA Toolbox [Bec+07] to simulate growth for our
Draft and Curated models.

To simulate a certain experiment with our model, the media conditions and gene
knockouts are represented by modifying the constraints of the linear programming
problem solved during FBA and/or removing reactions from the model. We describe
the operations executed in the validation step as small Matlab+COBRA programs,
that represent the conditions for the simulation.

The changes in the available molecular species is modeled changing the upper
and lower bounds to the exchange reactions of certain molecular species, between the
boundary compartment and the external compartment. In COBRA, this is written as

model2=changeRxnBounds(model1, {’r_90_exchange’}, 10, ’u’);

which reads: change the reaction bounds of model1, and set the upper limit of
L-arabinose (r_90_exchange) to 10, limiting the uptake rate of L-arabinose to 10
mmol/gDW/h . Call the resulting model model2.

In our experience, most of media conditions were related to the use of carbon chains
af sources of energy. For our platform of model evaluation, we set a base condition
where the model has access to non-energy sources (oxygen, nitrogen, etc.) and this
condition is modified based on the experiment.

For example, if we want to test growth under ethanol we

• open all exchange reactions, setting upper/lower boundaries to −∞/∞

• close all consumption of energy sources, leaving the possibility of the cell pro-
ducing some of them, setting upper/lower boundaries to −∞/0

• open the possibility of consumption of ethanol, setting the upper boundary to
10.

Gene knockouts over the model can be defined in COBRA as:

model3=deleteModelGenes(model2, {’YALI0C16885g’} );

which reads as: look for the locus YALI0C16885g in all the reactions of model2
and, for all cases where a reaction’s gene association evaluates to false when setting
YALI0C16885g to false, remove that reaction from the model. Call the new model
model3.

4.3.2 Simulating experiments

After setting the growth conditions, we can look for the flows that maximize the
production of biomass. This is done in COBRA with:

sol3=optimizeCbModel(model3)
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Which will give us, among other things, the maximun production of biomass given
the intake constraints and the fluxes through each one of the model’s reactions. For
the exchange reactions, if the reactions are written from outside to inside of the cell,
the values will be negative if a species is secreted, and positives if the species is con-
sumed from the media.

The presented validation platform will produce one Matlab function for each of the
experiments, which makes easy for a human curator to review the simulation process.
Each one of those functions will:

• set the exchange boundaries

• set gene knockouts

• simulate growth, comparing that growth against a threshold to determine if the
cell is growing or not

• decide if the simulation was a

– TP: true positive (the cell is predicted to grow and this matches the exper-
imental evidence)

– FP: false positive (the cell is predicted to grow and this does not match the
experimental evidence)

– TN: true negative (the cell is predicted to die and this matches the experi-
mental evidence)

– FN: false negative (the cell is predicted to die and this does not match the
experimental evidence)

– NA: not-available (in case that the experiment cannot be simulated with
the current model, which can be due a lack of representation of the media
conditions or because there is no reaction associated with the indicated
gene-knockout)

4.3.3 Generated Matlab code
For example, an experiment that expects growth on glucose, after knocking out the
gene YALI0E03058g, will produce the following Matlab test:

function t=test_93(model0, growthThreshold)
% change biomass function
model1=changeObjective(model0, {’r_021_xxx’,’r_1814’}, 1);
% first, we explicitly close all carbon inputs
carbonSources={ ’r_7_exchange’, ’r_36_exchange’, ’r_37_exchange’, ’r_43_exchange’, ’r_46_exchange’, ’r_48_exchange’, ’r_51_exchange’, ’r_53_exchange’, ’r_59_exchange’, ’r_71_exchange’, ’r_90_exchange’, ’r_106_exchange’, ’r_115_exchange’, ’r_116_exchange’, ’r_117_exchange’, ’r_149_exchange’, ’r_164_exchange’ }

model1=changeRxnBounds(model1, carbonSources, 0, ’u’);
model1=changeRxnBounds(model1, carbonSources, -1000, ’l’);

% change media constraints
% r_51_exchange.name="D-glucose exchange"
% based on Thevenieau2007
model2=changeRxnBounds(model1, {’r_51_exchange’}, 10, ’u’);
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% knockout genes based on experiments from Thevenieau2007
if ismember(0, ismember({’YALI0E03058g’}, model0.genes))

%loci not in model, we can’t simulate this
t=’NA’;
return;

end
model3=deleteModelGenes(model2, {’YALI0E03058g’} );

% expected experimental result of the experiment (+/-: growth/no-growth)
expResult=’+’;

% optimize biomass functions
sol3=optimizeCbModel(model3);

% growth or no growth?
if sol3.f > growthThreshold

simGrowth=1;
else

simGrowth=0;
end

stat=’’;
if expResult==’+’

if simGrowth==0
stat=’FN’; % WRONG

else
stat=’TP’; % OK

end
else

if simGrowth==0
stat=’TN’; % OK

else
stat=’FP’; % WRONG

end
end

% return
t=stat;

4.3.4 Interpreting results

Each of the test generated from the definitions of experiments, will answer with one
of the previous five labels (FP/TP/FN/TN/NA). This will give us hints about where
and how our model fails to predict certain experiment.

For example, many false positives may originate from an over-estimation of the
model’s capacities. If after a gene knock-out, the model can still produce biomass,
probably it is re-routing the lost reaction through an alternative path, which may not
occur in a real organism, because of factors that are not included in the model.
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Similarly, false negatives can have an origin in reactions that are lacking in a
model. For example, after a gene-knockout, the simulator may not find a way to pro-
duce biomass, but a real cell will grow anyway, because of elements not present in the
model.

The true positive and negative results should also be checked. A model that never
produces growth will still get false negatives by chance.

It is always possible to add fake reactions to the model, in order to improve its
predictive power. Alas, this contradicts our interest in the creation of a descriptive
model. Much better is to improve the model using biological knowledge regarding the
modeled organisms, but adding fake reactions is a useful technique, nonetheless.

4.4 Iterative improvement of models
As defined in Equation 1.1, Accuracy gives us a score about how well a model predicts
the outcome of a set of experiments. An accuracy of 0.0 will tell us that out model
always fails its predictions, while an accuracy of 1.0 will tell us that all predictions
were successful. This can be used as a measure of the improvements of a model. If
the accuracy goes up, we are probably modifying the model in a way that improves
its predictive powers.

4.5 Conclusions
We provide in the present chapter an iterative method for metabolic model recon-
struction. This method requires an existing model, called a scaffold, several sources of
orthology between the modeled and scaffold organisms, expert curator to add species-
specific knowledge and experimental evidence to test the predictive power of the re-
sulting model.

The method lacks an automatic correction of gaps, which can be provided by sev-
eral other methods (see Section 1.4.2). Nonetheless, the projection stage provides a
wealth of information that can be used by the curators.

At the best of our knowledge, this is the first workflow that integrates manual
curation as a semi-automatic step, changes that can be re-applied even after the
draft model changes. This helps to improve both, the data and the methods without
requiring permanent assistance from the curators.



Chapter 5

Pathtastic: A toolbox for
scaffold-based, genome-scale
metabolic modeling

Metabolic models are a fundamental tool in many biotechnology processes. The knowl-
edge about the inner workings of an organism allows us to understand and decide what
can be changed, in terms of genes or media conditions, to direct the organism toward
a desired behavior.

The arrival of cheap sequencing methods provide us with genomic information of
several organisms that can be used in biotech, but to build metabolic models we need
tools that can integrate this information into networks of reactions.

We present in this chapter Pathtastic, an implementation of the methods devel-
oped in the previous chapters. Pathtastic hopes to fill the hole in bioinformatic tools
regarding the reconstruction of eukaryote organisms, providing a complete framework
for reconstruction, curation and validation of genome-scale metabolic models. It in-
stantiate an scaffold model following the method proposed in Chapter 2, carefully
re-write gene associations following the method presented in Chapter 3, and imple-
ments the cycle of curation and validation proposed on Chapter 4.

We plan to open Pathtastic code to the community, as an open source project,
hoping that it will become an important tool for future reconstructions of metabolic
models for eukaryotes.

5.1 Pathtastic overview

The methods developed in the previous chapters were implemented as a collection of
python scripts and Makefiles that handle metabolic models in SBML format. The
workflow from a scaffold to a curated model is divided into four parts:

• Conservation: where the evidence of orthology between the genes of the source
and the target organism is transformed from heterogeneous sources to an stan-
dard format

46
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• Projection: where a scaffold model is used to create a draft model of the target
organism

• Curation: where manual edits from the expert curators are included into the
draft model

• Validation: where the curated model is compared against experimental evidence
about the target organism

The inputs of the workflow are a set of ortholog mappings between the source
and target organism, a genome-scale metabolic model of the source organism and
an optional set of experimental evidence (growth under different media and genetic
conditions). The output of the workflow will be a curated, genome-scale metabolic
model of the target organism, and a LATEX file with the accuracy report of the model’s
simulations against the provided experimental evidence.

5.2 Conservation of biological function

As discussed in Chapter 3, one of the available methods to predict that a biological
function is conserved between two organisms, is to study the sequence similarity be-
tween the genes of both organisms.

In our experience, no single published method of sequence orthology was good
enough to find the correct mappings of ortholog genes between two organisms, so an
voting system was developed to obtain the most stable results among several ortholog
mapping methods. The first step in the reconstruction pipeline is to obtain from the
output of those methods the information relevant to our model reconstruction method,
and translate it to a format that can be easily processed by our pipeline.

Most of the analysis of ortholog genes were performed to rebuild yeast metabolic
models, so in the following examples of the uses of our pipeline we’ll leverage data
files and results from the Génolevures program.

Several parsers were implemented to process Génolevures data and are presented
below. The Génolevures’s protein families were complemented with results from In-
paranoid and OrthoMCL, for which specific parser were developed.

5.2.1 Genolevure’s Domains To .rel

The Génolevures program distributes high quality protein families, first automatically
produced and then manually curated. This families tend to be inclusive in terms of
genes, so it is convenient to sub-divide them into smaller clusters, using different ap-
proaches.

One of the approaches is to subdivide the families into smaller clusters that share
the same domain architecture, that is, that share the same protein domains, without
counting the order or number of instances.
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The following program takes a Génolevures families definition, the analysis of pro-
tein domains by HMMPfam (ran by Interpro-scan), and produces a sub-clustering as
output.

structuralClustering.py --fam ByFamily_2IV2010.txt
GL3-IPR-HMMPfam.txt > DOMainArquitectureGLV4.csv

This sub-clustering is then transformed to a mapping of genes (.rel). In the case of
S. cerevisiae, a translation from Génolevures IDs to locus IDs is necessary, obtainable
as a Correspondance file from Génolevures.

glv2rel.py --dom DOMainArquitectureGLV4.csv --corr CorrespondanceSace_20070817.csv
--org YALI > sace2yali_dom.rel

5.2.2 Genolevure’s Syntenic Homologs To .rel
Syntenic homologs in another way to further sub-divide Génolevures protein families,
this time using the conservation of the order of the genes a hint for conserved function.
See [Con+09] for details.

Again, these sub-families are transformed with the following script, to our .rel
format.

glv2rel.py --synhom CS3-syntenic-homologs-byfamily.txt
--corr CorrespondanceSace_20070817.csv --org YALI > sace2yali_synhom.rel

5.2.3 Genolevure’s SONS To .rel
SONS in also a sub-division of Génolevures protein families, using the conserved neigh-
borhood as a hint for conserved function. See [Con+09] for details. These SONS
sub-families are transformed with the following script, to our .rel format.

glv2rel.py --sons 071107_SONS9esp_content.csv --corr CorrespondanceSace_20070817.csv
--org YALI > sace2yali_sons.rel
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5.2.4 Inparanoid To .rel

Inparanoid [RSS01] generate ortholog mappings between two organism’s genomes,
with special care of inclusion of paralogs into those groups. In our experience, In-
paranoid is specially good at detecting 1:1 mappings, but sometimes missing the “big
picture” of wider or expanding families.

inparanoid2rel.py inparanoid_output.xml > sace2yali_inp.rel

5.2.5 Ortho-MCL To .rel

OrthoMCL [LSR03] produces clusters of orthologs between several organisms. OrthoMCL-
DB is a database of pre-calculated protein families, and it was useful to see the conser-
vation of functions beyond the hemiascomycetes. Given that OrthoMCL-DB reports
the protein IDs using RefSeq, we use NCBI’s mapping files to obtain the standard loci
names, and the transform OthoMCL’s groups into .rel format.

refseq2locus.py Ylipolytica.seq_gene.q > Ylipolytica.rs2l
omcl2rel.py -t YALI --corr Ylipolytica.rs2l groups_OrthoMCL-4.txt > sace2yali_omcl.rel

5.3 Projection of Scaffold model

domains.rel

syntenic.rel

sons.rel

inp.rel

omcl.rel

From conservation

scaffold.sbml

forced gene 
associations

projector Draft 
Model (1)

pre-curation 
Log

retouch 
SBML

Draft 
Model (2)

to curators...

After producing enough evidence of conservation of function with the previous
scripts, we can procede to apply our method of scaffold-based method reconstruction
(see Chapter 4). This program takes, as input, several sources orthology (in the form
of .rel files), a scaffold in SBML format and an optional file of forced (manual) gene
associations.

The outputs are a projected model of the target organism, in SBML format, and
a detailed log of the rewriting of gene associations and loss of reactions. The latter is
useful for the manual curation step.

projector.py -f YALI2sace_manual.ga SCAFFOLD.XML *.rel > MODEL1.XML 2> MODEL1.projection.log
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There is a chance that the scaffold model includes elements that are not longer
necessary and make noise in our projected model. For example, SBML’s SpeciesType
tag is not used in current versions of SBML, and the projector script does not produce
specific SpeciesType either, so the next script can take care of eliminating them.

This script can also remove and add metadata to the model, as the author’s cre-
dentials, annotations, among others.

retouchSBML.py --cleanSpeciesType --cleanModifiers --cleanOldAnnotations
--cleanCreators --modelNote "Nicolas Loira (nloira@gmail.com)"
--nameModel "yali_v2:Y.lipolytica metabolic network"
MODEL1.XML > MODEL2.XML

5.4 Applying manual edits
The curation steps require manual experts to add edit operations (mostly add new
reactions) to the draft model. This edit operations are written down in a series of
CSV files that represents the changes in species and in reactions.

edited 
species.csv

edited 
reactions.csv

From projection

Draft 
Model (2)

curateSBML Curated 
Model (3)

From curators

The columns in the species table are:

species_id,name,formula,compartment_id

The columns in the reactions table are:

reaction_id, name, reversibility, reactants, products, gene_association,
gene_name_association, EC, comments

The following scripts add the modifications to an SBML model and produces the
curated model as output.

curateSBML.py --sbml MODEL2.XML -s ManualEdits-Species.csv
-r ManualEdits-Reactions.csv > MODEL3.XML

5.5 Validation of Model using FBA
As described in Chapter 1.2, a genome-scale metabolic model can be analyzed using
FBA (Flux Balance Analysis), to predict if it will produce growth, or not, under cer-
tain conditions. We developed a platform for model evaluation, that consider changes
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in the media conditions, as available substrates, and the effects of gene knockouts, as
removal of reactions related to those genes.

For FBA, we use the COBRA Toolbox [Bec+07], version 2.0, MATLAB, and glpk
(GNU linear programming kit). Our validations scripts assumes the correct installa-
tion of those tools.

From curation

Curated 
Model (3)

exp2test

Media 
conditions.csv

Biomass.csv

Experiments.csv

References.csv

From literature

tests.m

MATLAB + 
Cobra

ToolBox
tests.results

accuracy.tex

exp2tex

The following script takes experimental evidence, in the form of CVS files, and
produces a matlab files with as many tests as experiments are provided, which helps
to debug the failed simulations.

exp2test.py --biomass ExpEvidence-Biomass.csv --media MediaConditions.csv
--exper Experiments.csv -o runTests.m

ExpEvidence-Biomass.csv describes the different maximization functions used in
the experiments, MediaConditions.csv describes the different media conditions used
in the experiments, and Experiments.csv describes the combination of media con-
dition, biomass, and gene KOs for the experiments, adding the expected results for
those conditions (‘+’: growth, ‘-’: no growth).

The produced matlab (.m) file can be executed, calling MATLAB directly, indi-
cating the model to be tested and the output file with the results for the experiment.

matlab -nodisplay -nosplash -nojvm -r
"model0=runTests(’MODEL3.XML’, ’test.results’); exit;"

The resulting test.results file can be studied to assess the predictive power of our
model. The following command will produce a useful LATEXtable with the experiments
simulated and the predictions done with the model and FBA.

exp2tex.py --refs Refs.csv --tests test.results --exp Experiments.csv > tableExp.tex
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5.6 Workflow
The complete workflow for scaffold-based genome-scale reconstruction is implemented
as a series of Makefiles that cover each one of the previous sections. Most of the oper-
ation is parametrized, so adapting the workflow for different organisms should be easy.

Even if the current method and implementation excels at reconstructing eukaryote
metabolic models, it also can be used to reconstruct prokaryote models, as long as a
scaffold and gene orthology is provided.



Chapter 6

A Genome-Scale Metabolic
Model of the lipid-accumulating
yeast Yarrowia lipolytica

As a case study, we used the methods and implementation developed in the previ-
ous chapters to reconstruct a genome-scale metabolic model of the oleaginous yeast
Yarrowia lipolytica.

This is the first model for a oleagious yeast, so biotechnological implication of
such a reconstruction can be important. To ensure a reconstruction of good quality, a
panel of experts was included in the curation step: Jean-Marc NICAUD and Thierry
DULERMO (INRA, CNRS Micalis, F-78352 Jouy-en-Josas, France). A battery of test
was used to assess the predictive quality of the model.

6.1 Yarrowia lipolytica

Yarrowia lipolytica is an oleaginous yeast which has emerged as an important mi-
croorganism for several biotechnological processes, such as the production of organic
acids, lipases and proteases. It is also considered a good candidate for single-cell oil
production. Although some of its metabolic pathways are well studied, its metabolic
engineering is hindered by the lack of a genome-scale model that integrates the current
knowledge about its metabolism.

Even if lipid metabolism is common to all microorganisms, we call oleaginous those
that can store at least 20% of their dry mass as lipids. It is possible to find oleaginous
organisms among plants, algae, bacteria and yeasts. Plants and algae are technically
difficult (and controversial) to modify genetically, while oleaginous bateria present a
low growth rate. On the other side, Y. lipolytica enjoy well-developed genetic tools
for their improvement and grow quickly. Also, oleaginous yeasts can accumulate up
to 70% of their dry mass as lipids [LDL08], making them the best candidates for in-
dustrial lipid production such as microbial oil for biodiesel.

53
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One of those oleaginous yeasts, Yarrowia lipolytica, normally found as a food con-
taminant, has been extensively studied experimentally. It is easy to modify genetically,
and presents many opportunities for metabolic engineering. For example, Y. lipoly-
tica has been used as a food supplement, and also studied as a potential source of
biodiesel [Pap+02; Fic+05; Beo+09], because lipids produced by this species are sim-
ilar to vegetable oils and fats. While Y. lipolytica is a hemiascomycete yeast, it is
phylogenetically distant from S. cerevisiae and other well-studied yeasts, manifesting
many metabolic differences: it is an obligate aerobic yeast, that can use normal hy-
drocarbons and various fats as carbon sources; it secretes diverse hydrolytic enzymes
(proteases, lipases, RNases); it also secretes citric acid, a property with useful indus-
trial applications.

Metabolic models are an important tool for metabolic engineering. Their uses in-
clude the guidance of metabolic engineering, the contextualization of high-throughput
data and helping hypothesis-driven discovery.

Y. lipolytica is an ideal species for metabolic reconstruction in eukaryotes through
comparative genomics. As one of the hemiascomycetous yeasts completely sequenced
in the Génolevures program, it enjoys a high quality manual annotation by a network
of expert curators [Duj+04; She+08]. Careful analysis of conservation and species-
specific expansion and contraction of families of protein-coding genes makes it possible
to identify orthologs with well-known genes, as well as functionally important paral-
ogous families. The conservation of core metabolism with other yeasts is enough to
allow the use of existing metabolic models for S. cerevisiae as a template, into which
species-specific reactions and secondary metabolism can be assembled.

In this Chapter we present the first genome-scale functional metabolic model for
Y. lipolytica, built with an iterative process of automatic reconstruction and manual
curation (see Figure 6.1). We started from a scaffold derived from existing S. cere-
visiae models, extracting information about enzymatic reactions, molecular species,
transport reactions, and compartments. With this scaffold we built an in silico draft
by mapping known enzyme-encoding genes, using gene homology information obtained
from Génolevures protein families [NS07; She+08] and complemented with other in
silico methods, and filled network gaps in order to make it functional (ie: to be able
to predict growth from available metabolites in the media). In the context of a col-
laboration with experts in the modeled organism, we performed a manual curation of
the initial draft model, adding species-specific metabolic reactions, in particular those
related with central carbon and fatty acid metabolism. To assess the predictive power
of our model, we compared our predictions against published experimental results of
growth under different media conditions and gene knockouts. This comparison shows
high degree of agreement between predictions and experimental results.

6.2 Methods

Using the methods developed in chapters Chapter 2 and Chapter 3, we projected good-
quality models of the yeast S. cerevisiae, in terms of the genes of Yarrowia lipolytica.
We used the workflow proposed in Chapter 4 and the implementation presented in
Chapter 5 (Pathtastic).
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Figure 6.1: Projection pipeline from S. cerevisiae scaffold model to Y. lipolytica
iNL895 The three main parts of our pipeline for the reconstruction of the
Y. lipolytica model are: Projection, where the S. cerevisiae scaffold model and
the information from different sources of orthology between S. cerevisiae and
Y. lipolytica are used to produce a draft model, Curation, where the expert cu-
rators revised the candidates for gap-filling and added species-specific reactions
and Validation, where experiments obtained from the literature were compared
with our simulations, producing a detailed accuracy report.

During the reconstruction of the iNL895 Y. lipolytica model, we used three func-
tional models published for S. cerevisiae: iMM904 [MPH09], iIN800 [Noo+08] and
the consensus model version 4.36 [Her+08]. The latter was used as a scaffold for the
reconstruction of the Y. lipolytica metabolic model, and will be referenced as the ‘scaf-
fold model’ in what follows. We used the detailed fatty acid metabolism described
in iIN800 [Noo+08] as a scaffold for Y. lipolytica fatty acid metabolism. From the
scaffold model, we extracted the reactions predicted to be present in Y. lipolytica, the
metabolites consumed and produced by them, the cellular compartments and all the
non-enzymatic transport reactions. To make our model functional, we produced a list
of genes that restored connectivity between the metabolites imported by the organism
and the metabolic requirements of the biomass function. This list of genes provided
as a starting point for the manual curation of the model.

For the reconstruction of the metabolic model of Y. lipolytica, we leveraged data
provided by the Génolevures program [Con+09], in the form of multi-species protein
families and gene synteny. Protein families identify phylogenetic groups of proteins
sequences that are a leading indication of functional analogy.

Génolevures protein families were further subdivided into groups with the same
protein domain architecture (DOM), and synteny (SONS [Con+09]) This initial high
quality annotation allowed us to map most, but not all, of the genes used by the scaf-
fold model, so we complemented this mapping with orthology from Inparanoid-DB
[RSS01] and OrthoMCL-DB [LSR03].
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Table 6.1: Examples of gene association rewriting. Example rewriting of gene associations
between scaffold (S. cerevisiae) and target (Y. lipolytica) models, based on orthology
relations and using the gene association rewrite rules from Table 3.1. Reactions IDs are
identifiers in the scaffold model. Mapping cases are defined in Table 3.1. There are
no examples for rule M2, because no new reactions are added at the projection stage.
Boldface font at the examples for M6 and M7 represent the expansions in the target
model.

Case Reaction Scaffold Gene Association Target Gene Association

M1 R_0490 YJR051W —
M3 R_0240 YPL104W YALI0F26433g
M4 R_1413 YEL006W or YIL006W YALI0E16478g
M5 R_0439 YIL009W or YMR246W or

YOR317W
YALI0D17864g

M6 R_1551 YBL064C and YCR083W YALI0F08195g and (YALI0F01496g or
YALI0E23540g)

M7 R_0415 YGL205W and YIL160C and
YKR009C

YALI0E15378g and YALI0E18568g and
(YALI0E27654g or YALI0F10857g or
YALI0C23859g or YALI0E32835g or
YALI0E06567g or YALI0D24750g)

OMCL

Inpar

GLV/D

GLV/S

S.cerev-Y.lipolytica
Homolog Map

S.cerevisiae
scaffold model

Gene 
Associations

R1
R2
R3

S1 or S2
S3 and S4

S5

Rewritten Gene 
Associations

R1'
R2'
R3'

T1
T2 and T3
T5 or T6

Y.lipolytica draft 
model

Figure 6.2: Gene Association rewrite from S. cerevisiae reactions to Y. lipolytica
Pipeline for gene-association rewriting, as part of the projection of Y. lipolytica
iNL895 model. From the 4 ortholog maps provided by different methods, a map of
votes of possible ortholog mappings is created. Then, from the scaffold model, we
extracted gene associations for each reaction, and re-wrote them based on our map
of homologs (e.g.: Reaction1: (SourceGene1 or SourceGene2) → (TargetGene1)).
The new reactions, this time associated with Y. lipolytica genes, constituted the
base of the reconstructed model.
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6.2.1 A Projected Model

The biomass function of the S. cerevisiae model was used as a starting point for the
Y. lipolytica model. Some coefficients were adjusted using the amount of DNA to
be produced and the GC contents of the target organism [Sut+09]. G+C content and
genome length of Y. lipolytica were obtained from the Génolevures program [Con+09].

Given the importance of compartmentalization in eukaryotic organism, we built a
model with 16 compartments, allowing us to map reactions and metabolites to differ-
ent parts of the cell. We are interested on the oleaginous nature of Y. lipolytica, and
its possible biotechnological applications, so it was critical to focus on the differences
in fatty acid metabolism with respect to other yeasts. We started with the description
of β-oxydation and F.A. elongation from iIN800, projected them to Y. lipolytica, and
manually modified to mirror the relevant literature (See Figure 6.3).

We used the diagram of iIN800 [Noo+08] as an starting point for our own diagram
of Y. lipolytica metabolism. This poster was used to discuss the draft model with the
curators, who suggested changes based on their experience with the modeled species.
These changes were translated to edits operations, and applied to our draft model.

The feedback obtained from the simulations of growth under different conditions
(see below) and the results of gap-filling analysis were also used as part of the manual
curation.

6.2.2 Validation

From the list of experimental results from the literature we produced a table of experi-
ments, summarizing media conditions, gene KOs, and observed growth (See Additional
Table B.1).

The description of media conditions were not standard between different works, so
we defined, to the best of our knowledge, a default condition based on YNB, where
only non-carbon sources were available (nitrogen, oxygen, etc.) This was modified for
each simulation, controlling the availability of different carbon sources. The names
of media conditions used in Additional Table B.1, were obtained from the literature
listed in Table 6.2, and describe the following combinations: YNBD: base+Glucose, YN-
Bcas: YNBD+ Casaminoacids, YNBO: base+ Oleic acid, YNBC10: base+ Decane, YNBC16:
base+ Hexadecane, YNBT: base+ Tributyrin, YNBDptr: YNBD+ Putrescine, YNBDtry:
YNBD+ Tryptophane.

We called our reconstructed model iNL895, following the rules defined in [Ree+03].
We produced a version of our model in SBML format (Systems Biology Markup Lan-
guage) [Huc+03], in order to analyze it with compatible existing tools, and share it
with the community. This model can also be retrieved from the BioModels database
(http://biomodels.org), searching for the model id MODEL1111190000.

http://biomodels.org
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Figure 6.3: Projecting Fatty Acid β-oxidation from S. cerevisiae to Y. lipolytica. This
simplified schematic view shows how the Fatty Acid β-oxidation scaffold pathway
from S. cerevisiae iIN800 [Noo+08] was modified to adequately describe Y. lipolytica
metabolism. (a) Simplified version of fatty acid β-oxidation diagram of the S. cerevisiae
model iIN800, which lacks a peroxisomal compartment. (b) Fatty acid β-oxidation
in the reconstructed model for Y. lipolytica, with a peroxisome compartment and
cytosol↔peroxisome transport reactions. Species-specific transport mechanisms for long
and short fatty acid chains (PXA1,2 and PEX11 ) are highlighted in green and blue.
Long chains are activated (-CoA) before being transported to the peroxisome. Y. lipoly-
tica can directly process Octanoic (C8), Hexanoic (C6), Butyric (C4) acid, and C18:2, so
they were added to our model (in yellow). Our method predicted the family expansion
of S. cerevisiae POX1/FOX1 into POX1-6, and the reduction of S. cerevisiae family
FAA1-4 to FAA1 (YALI0D17864g), which modified the genome associations of most of
the pathway. POX1-6 are written in order of specificity: POX2,5,4 for long chains and
POX3,5,4 for short chains [BCN09].
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Table 6.2: Experimental conditions used for validation. Literature sources used for valida-
tion of the Y. lipolytica model. Overall, 60 different media conditions were tested. Gene
knockouts were assessed for 29 different Y. lipolytica gene loci, in 152 different experi-
ments. Only those cases where evident growth/no growth was observed were included in
this analysis.

Reference Gene KOs Media conditions

BioloMICS [Bio] — 46 different carbon sources
Thevenieau,2007 [The+07] 15 gene KOs YNBD, YNBO, YNBC10, YNBC16, YNBT
T van den Temple, 2000 [TJ00] — Lactose, D-Galactose
Jardon, 2008 [JGF08] FBP1 YNBD, Ethanol, Glycerol, Acetate
Flores, 2005 [FG05] PYC1, ICL1 YNBD, Ethanol, Aspartate, Glutamate
Yamagami, 2001 [Yam+01] PAT1 YNBC10, YNBD, Glycerol
Haddouche (PC) [Had10] ACL1 YNBD, YNBO
Kabran, 2010 [Kab10] ICL1, MLS1, CIT2 Acetate, YNBO, YNBD
Beopoulos, 2008 [Beo+08] GUT2, POX1-6 YNBD, Glycerol, YNBO
Jiménez-Bremont, 2001 [JBRHD01] OCD1 YNBD, YNBD+putrescine
Cheon, 2003 [Che+03] TRP1 YNBD, YNBD+tryptophane

6.3 Results of the reconstruction process

6.3.1 Properties of the Metabolic Model

Our functional genome-scale metabolic model for Yarrowia lipolytica iNL895 describes
2 002 enzymatic reactions encoded by 895 Y. lipolytica genes, the 1 847 metabolites
consumed and produced by those reactions, the 16 compartments in which those re-
actions take place and a biomass function which describes the metabolic requirements
for growth (see Table 6.3).

Table 6.3: Overview of S. cerevisiae and Y. lipolytica metabolic models. Numerical com-
parison of model elements for S. cerevisiae iMM904 and Y. lipolytica iNL895. While fewer
enzyme-encoding genes participate in the Y. lipolytica model, a comparable number of
reactions are involved, mostly because of the high number of ohnologs in S. cerevisiae.
Gap-filling restored connectivity to some pathways and manual curation added several
species-specific reactions, obtained from the literature (in particular intake of alkanes, and
extended β-oxydation). Most spontaneous transport reactions were conserved, except if
their function was the transport of otherwise unconnected metabolites.

S. cerevisiae
scaffold model

Y. lipolytica
projected model

Y. lipolytica
curated model

# genes 1 060 823 895
# reactions 1 865 1 796 2 002
# species 2 751 2 657 1 847
# transports 589 579 596

From the total of reactions, 139 (7%) are transport reactions with a gene asso-
ciation, 286 (14.3%) transport reactions that are spontaneous or without a known
gene association, 171 (8.5%) are exchanges with the media, 1 055 (52.7%) enzymatic
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reactions with a gene association and 351 (17.5%) without.

The 1 055 enzymatic reactions with associated genes in the curated model were
distributed into 39 biological processes, based on the associated GO Slim code of the
closest ortholog in S. cerevisiae.

6.3.2 Validation of the Model

The draft model was verified by experts in Y. lipolytica, and approved in terms of
agreement with the literature: This model is not capable of producing ethanol, it can-
not grow anaerobically, fatty acid metabolism presented expansions and contractions
of protein families, and new species-specific reactions for the intake of alkanes were
automatically detected.

Also, to assess the predictive power of our model, we compared its phenotypic
predictions in terms of growth/no growth, against published experimental results of
observed growth, under several carbon sources and gene knockouts (Additional Ta-
ble B.1). We predicted growth rates for our model, using flux balance analysis (FBA),
and a constraint based optimization approach [LGP06]. After defining restrictions in
the intake capacity of the organism, based on a selection of experimental data, we used
FBA to predict the rate of biomass production, that is, the capacity to grow under
those restrictions. Gene knockouts were modeled as deletions in the reconstructed
metabolic network.

Media conditions, in particular different carbon sources, were extracted from the
literature (See Table 6.2). Alas, not all experiments were well documented in terms
of molecular species present in the media, so a rich media (YPD) was assumed and
modified based on the general description of the media. See [Sut+09] for a discussion
about uncertainty in media conditions.

In order to facilitate comparison, quantitative results from experiments and from
simulations of biomass production were simplified into binary values (growth/no growth).
Corresponding binary results were obtained for 101 experiments paired with simula-
tions, with exact agreement in 71 cases (35 true positives and 26 true negatives). The
25 false negatives we observed may be attributed to missing reactions, associated to
Y. lipolytica genes that are still unannotated, or absent from the final assembly, or cor-
respond to gaps in our understanding of the network’s redundancies. These 25 cases
are currently being used to target improvements in gene annotation. The remain-
ing cases, 15 false positives, are likely the product of over-optimistic flux simulations
and can be reduced through parameter tuning. Overall, using this simplified binary
comparison we obtain an accuracy (geometric mean of sensitivity and specificity) of
0.65.

6.4 Conclusions and Discussion

Combining in silico tools and expert manual curation, we produced an accurate
genome-scale metabolic model of the oleaginous yeast Y. lipolytica, using a functional
metabolic model of the phylogenetically related yeast S. cerevisiae as a scaffold for the
reconstruction. The method developed in the Chapters of this work can be used for
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genome-scale metabolic model reconstruction of other organisms, making it a useful
tool for biotechnology and research.

We noticed that, even if the list of S. cerevisiae reactions not present in Y. lipoly-
tica was short, there was an important number of changes in the gene associations
between both organisms. Also, the loss of some phenotypes in Y. lipolytica, compared
to S. cerevisiae, was characterized by a loss of a small number of genes. The expan-
sion of protein families into paralogs with different affinities, although easy to detect,
presented challenges for the reconstruction of the model and its associated simula-
tions. At the best of out knowledge, no current modeling or simulation methods take
into account sets of reactions that operate upon the same molecular species, but with
different priorities.

Thirteen new transport reactions were added to the new model in order to connect
enzymatic reactions inside the peroxisome with molecular species in the cytosol, and
to import species from extracellular space to the cytosol. We could not find genes
encoding for all those transports, but we expect that the eventual characterization of
the 1 034 (16%) Y. lipolytica genes with unknown function, will provide evidence for
some of them. The lack of accuracy at predicting some experiments could be explained
by missing reactions in the model, specially regarding the transport of specific carbon
sources. This gives us hints about possible ways to improve our model.

The modifications to the draft model performed by the manual curators allowed
us to formalize a set of edit operations over metabolic models. This facilitated an
automatic iteration process, from improvements to the reconstruction method, to im-
proved draft models, to automatic application of curator edits, to automatic assertion
of accuracy.

The present model can be used to predict growth under different media conditions
and gene knock-outs. It can also be used as a general description of the state-of-the-art
in Y. lipolytica metabolism. Data from high-throughput experiments, like microar-
rays and metabolomics, can be mapped to this model to have an overview of metabolic
changes under different media conditions. For example, expression data can be used
to constrain the possible fluxes in the system, improving FBA predictions [Col+09],
or used to introduce regulatory elements to the metabolic network [JLP11].

Given the stoichiometric nature of the model, it easily allows predictions under
the assumption of steady-state (like in FBA), but it does not allows predictions of the
changes of its metabolites in time. Dynamic models requires specific knowledge about
the kinetics of each biochemical reaction, which are currently unknown and difficult
to obtain. We hope that the present model can be eventually complemented with this
kind of knowledge, allowing predictions of accumulation and depletion of metabolites.
In the meanwhile, Dynamic-FBA [VP94] can be used on a quasi-steady-state assump-
tion, predicting changes in growth, consumption and production of metabolites in
discrete time steps.

Y. lipolytica iNL895 represents the first well-annotated metabolic model of an
oleaginous yeast, providing a reference for future metabolic improvement, and a start-
ing point for the metabolic reconstruction of other species in the Yarrowia clade and
other oleaginous yeasts.



Chapter 7

Conclusions

7.1 Contributions

In the present work, we propose a method of reconstruction of metabolic models, using
an existing, well-curated model, as a reference. This method is novel in its approach
to compartments and transport reactions, making it useful to reconstruct metabolic
models of eukaryote organisms. It is novel also in the careful association of genes to the
model’s reactions, which allows an accurate simulation of gene deletion experiments.
The previous point makes the model generated with this new method very useful for
biotechnological applications.

As part of the methods, we have defined a formalism to represents metabolic mod-
els, an algebra of operations under which a metabolic model is closed, and a definition
of scaffold, as a logical structure around which a metabolic model can be built.

We divided our new reconstruction method in two parts: one of them defines the
idea of instantiation of a scaffold model, and the second one defines a way to rewrite
gene associations. Each one can be developed and improved independently.

A complete pipeline is proposed, form the automatic reconstruction of a draft
model, to a step of semi-automatic manual curation, and a step of model validation.
This iterative method of model reconstruction and improvement extend existing ideas
and proposes novel ways to deal with automatic application of model patches and
automatic batch simulations.

The methods and the complete reconstruction, curation and validation workflow
was implemented as python scripts, makefiles and matlab code. Opening this code
will provide an important tool to the community interested in both, reconstruction
methods and reconstruction of particular eukaryote organisms.

The method and workflow designed and implemented as part of this work, was
used to reconstruct the first genome-scale metabolic model of an oleaginous yeast,
Yarrowia lipolytica. This work was done in collaboration with experts in the modeled
organisms. The results of this reconstruction were submitted, as a research paper, to
a scientific journal.
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7.2 Challenges
As with all methods, there is room for improvement in both, the design and imple-
mentation of it. Some of the ideas to continue the present work are:

• It is theoretically possible to use several models, mixed together, as a scaffold
for the reconstruction of the target model. The incompatibilities of identifiers
(species, reaction names) among different models make this impractical. A trans-
lation service, to a standardized format, is required.

• Existing methods of gap-filling can be included and implemented as part of
the automatic part of the reconstruction. The current method reports to the
curators the gaps in the system, which should be solved manually. Automatic
results should nonetheless be verified by a manual curator.

• Other sources of experimental data can be used as part of both, the recon-
struction and the validation stages. For example, transcriptomic data can be
compared with the fluxes predicted by FBA in the validation stage. The analysis
of this comparison will provide additional constraints to the system, that can
improve the model’s predictions.

• The published Y. lipolytica model can be improved in several ways: new media
conditions can be supported, new reactions can be added based on the eventual
annotation of the 1 034 genes with current unknown function. Expression data
can be used to build a regulated flux balance analysis (rFBA, Covert, 2001)
model, which can improve predictions about lipid accumulation.



Appendix A

Lost reactions in Y. lipolytica
reconstructed model

Table A.1: Manual curation of reactions. In many cases, orthology results fail to asso-
ciate a target gene to an enzyme-coding gene in the scaffold model, suggesting that
the reaction is absent. Each of these predictions were manually reviewed, where a
reaction was confirmed as being absent (‘Lost’), or was upheld (‘Retained’) when
empirical evidence was available. Genes for which no ortholog could be found are
underlined in the gene association column.

Scaffold
reactions Reaction Name Reaction Gene

Association
Reaction
Status Notes

R_0246 Mitochondrial ATP
synthase

Q0080 and Q0085
and Q0130 and
YBL099W and
YBR039W and
YDL004W and
YDR298C and
YDR377W and
YKL016C and
YLR295C and
YJR121W and
YML081C-A and
YPL078C and
YPL271W and
(YDR322C-A or
YPR020W)

Retained Only epsilon subunit
lost

R_0750
. . . R_0755 NatC acetylation

(YCR020C-A and
YEL053C and
YPR051W)

Retained
Reaction probably ex-
ists, unconnected to
the rest of the network

R_0249 ATPase, cytosolic
(YCR024C-A and
YEL017C-A and
YGL008C)

Retained
Not conserved genes
are regulators of con-
served gene.

Continued on next page
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Scaffold
reactions Reaction Name Reaction Gene

Association
Reaction
Status Notes

R_0369 dethiobiotin synthase YNR057C Retained

no gene ortholog, re-
action should exists
(there is biotin produc-
tion)

R_29_bh
. . . R_36_bhMIPC synthase

(YBR036C and
YPL057C) or
(YBR036C and
YBR161W)

Lost Lost sphingolipid
metabolism

R_0216 α-glucosidase
(YBR299W or
YGR287C or
YGR292W)

Lost No growth on sucrose
on Y. lipolytica

R_0528 glycerol-3-phosphatase (YER062C or
YIL053W) Lost

Lack of reaction prob-
ably favors lipid accu-
mulation

R_0176
. . . R_0180

alcohol acetyltrans-
ferase (2-methylbutanol,
ethanol, isoamyl alcohol,
isobutyl, phenylethanol)

(YGR177C or
YOR377W) Lost No alcohol production

on Y. lipolytica

R_0653 L-asparaginase

(YLR155C or
YLR157C or
YLR158C or
YLR160C)

Lost S. cerevisiae specific

R_37_bh
. . . R_46_bh

inositol-phospho-
transferase YDR072C Lost Not enough info to de-

cide

R_0652 L-asparaginase YDR321W Lost Alternative pathway
exist

R_0670 L-tyrosine N-
formyltransferase YDR403W Lost Confirmed lost

R_0489,
R_0980

fumarate reductase
FMN YEL047C Lost No anaerobic growth

on Y. lipolytica

R_0490 fumarate reductase
FMN YJR051W Lost No anaerobic growth

on Y. lipolytica
R_0474,
R_0475 FMN reductase YLR011W Lost Not enough info to de-

cide

R_0062,
R_1033

(3-isopropyl-malate,
trans-aconitate) 3-
methyltransferase

YER175C Lost
Deleted in sequenced
strain of Y. lipolytica
E150 (LEU2 )

R_0397 endopoly-
galacturonase YJR153W Lost

present in only few
hemiascomycetous
yeasts

R_1336 iron (II) transport YMR319C Lost
present in only few
hemiascomycetous
yeasts

R_0153,
R_0155,
R_0359

(adenine, adeno-
sine, deoxyadenosine)
deaminase

YNL141W Lost Alternative pathway
exist

Continued on next page
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Scaffold
reactions Reaction Name Reaction Gene

Association
Reaction
Status Notes

R_0226 argininosuccinate syn-
thase YOL058W Lost Alternative pathway

exist

R_0134 acyl carrier protein
synthase YPL148C Lost No ortholog, probably

highly divergent
R_3_bh,
R_4_bh,
R_8_bh,
R_9_bh

ceramide synthase
(YHL003C or
YHL008C) and
YMR298W

Lost Lost sphingolipid
metabolism



Appendix B

Detailed accuracy of
Y. lipolytica reconstructed
model

Table B.1: Validation of the Y. lipolytica model. Validation of the Y. lipolytica model
with respect to experimental evidence of Y. lipolytica growth under different media
conditions and gene knockouts. Expected Growth was obtained by the referenced
literature. Simulated Growth was obtained using flux balance analysis (FBA),
optimizing over the biomass function of our model, and converted to a qualita-
tive phenotype/no phenotype value by thresholding. In both cases, the symbols
represent ‘+’: growth; ‘–’:no growth; ‘n/a’: condition cannot be simulated with
current model, but are provided for future model improvements. The “Result”
column compares the two: TP/FP: True/False Positives, TN/FN: True/False
Negatives. The simulated models shows a sensitivity of 0.68, a specificity of 0.61
and an accuracy (geometric mean between sensitivity and specificity) of 0.65.

Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[The+07] YNBO YALI0C06347g YGL124C MON1 + n/a n/a
[The+07] YNBC16 YALI0C06347g YGL124C MON1 + n/a n/a
[The+07] YNBT YALI0C06347g YGL124C MON1 + n/a n/a

[The+07] YNBD YALI0D27126g YDR353W
YHR106W

TRR1
TRR2 + - FN

[The+07] YNBD YALI0E14729g YOR153W PDR5 + + TP
[The+07] YNBO YALI0E14729g YOR153W PDR5 + - FN
[The+07] YNBC10 YALI0E14729g YOR153W PDR5 + + TP
[The+07] YNBC16 YALI0E14729g YOR153W PDR5 - - TN
[The+07] YNBT YALI0E14729g YOR153W PDR5 + - FN
[The+07] YNBD YALI0E09405g YGL153W PEX14 + n/a n/a
[The+07] YNBO YALI0E09405g YGL153W PEX14 - n/a n/a
[The+07] YNBC10 YALI0E09405g YGL153W PEX14 - n/a n/a
[The+07] YNBC16 YALI0E09405g YGL153W PEX14 - n/a n/a
Continued on next page
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Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[The+07] YNBD YALI0D26081g

YLL051C
YOL152W
YOR381W
YOR384W

FRE3-7 + n/a n/a

[The+07] YNBO YALI0D26081g

YLL051C
YOL152W
YOR381W
YOR384W

FRE3-7 + n/a n/a

[The+07] YNBC10 YALI0D26081g

YLL051C
YOL152W
YOR381W
YOR384W

FRE3-7 - n/a n/a

[The+07] YNBC16 YALI0D26081g

YLL051C
YOL152W
YOR381W
YOR384W

FRE3-7 + n/a n/a

[The+07] YNBT YALI0D26081g

YLL051C
YOL152W
YOR381W
YOR384W

FRE3-7 + n/a n/a

[The+07] YNBD YALI0F04095g YDL066W IDP1 - + FP
[The+07] YNBO YALI0F04095g YDL066W IDP1 - - TN
[The+07] YNBT YALI0F04095g YDL066W IDP1 - - TN
[The+07] YNBD YALI0E09405g YGL153W PEX14 + n/a n/a
[The+07] YNBO YALI0E09405g YGL153W PEX14 - n/a n/a
[The+07] YNBC10 YALI0E09405g YGL153W PEX14 - n/a n/a
[The+07] YNBC16 YALI0E09405g YGL153W PEX14 - n/a n/a
[The+07] YNBT YALI0E09405g YGL153W PEX14 + n/a n/a
[The+07] YNBD YALI0C21582g YGL059W PKP2 + n/a n/a
[The+07] YNBO YALI0C21582g YGL059W PKP2 - n/a n/a
[The+07] YNBC10 YALI0C21582g YGL059W PKP2 - n/a n/a
[The+07] YNBC16 YALI0C21582g YGL059W PKP2 + n/a n/a
[The+07] YNBD YALI0E34672g YJR095W ACR1 + + TP
[The+07] YNBO YALI0E34672g YJR095W ACR1 - - TN
[The+07] YNBC10 YALI0E34672g YJR095W ACR1 - + FP
[The+07] YNBC16 YALI0E34672g YJR095W ACR1 - - TN
[The+07] YNBT YALI0E34672g YJR095W ACR1 - - TN
[The+07] YNBD YALI0B13970g YIL155C GUT2 + + TP
[The+07] YNBC10 YALI0B13970g YIL155C GUT2 + + TP
[The+07] YNBC16 YALI0B13970g YIL155C GUT2 + - FN
[The+07] YNBD YALI0E06831g PEX20 + n/a n/a
[The+07] YNBO YALI0E06831g PEX20 - n/a n/a
[The+07] YNBC10 YALI0E06831g PEX20 - n/a n/a
[The+07] YNBC16 YALI0E06831g PEX20 - n/a n/a
[The+07] YNBT YALI0E06831g PEX20 + n/a n/a
Continued on next page
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Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[The+07] YNBD YALI0F18216g YFL001W DEG1 + + TP
[The+07] YNBC16 YALI0F18216g YFL001W DEG1 + - FN
[The+07] YNBT YALI0F18216g YFL001W DEG1 + - FN
[The+07] YNBD YALI0E03058g YPR128C PMP34 + + TP
[The+07] YNBO YALI0E03058g YPR128C PMP34 + - FN
[The+07] YNBC10 YALI0E03058g YPR128C PMP34 - + FP
[The+07] YNBC16 YALI0E03058g YPR128C PMP34 + - FN
[The+07] YNBT YALI0E03058g YPR128C PMP34 + - FN
[The+07] YNBD YALI0C16885g YER065C ICL1 + + TP
[The+07] YNBO YALI0C16885g YER065C ICL1 - - TN
[The+07] YNBC10 YALI0C16885g YER065C ICL1 - - TN
[The+07] YNBC16 YALI0C16885g YER065C ICL1 - - TN
[The+07] YNBT YALI0C16885g YER065C ICL1 - - TN

[The+07] YNBD YALI0E14729g
YOL075C
YNR070W
YDR011W

PDR5 + + TP

[The+07] YNBO YALI0E14729g
YOL075C
YNR070W
YDR011W

PDR5 + - FN

[The+07] YNBC10 YALI0E14729g
YOL075C
YNR070W
YDR011W

PDR5 + + TP

[The+07] YNBC16 YALI0E14729g
YOL075C
YNR070W
YDR011W

PDR5 - - TN

[The+07] YNBT YALI0E14729g
YOL075C
YNR070W
YDR011W

PDR5 + - FN

[TJ00] Lactose n/a, media only - n/a n/a
[TJ00] D-Galactose n/a, media only - + FP
[JGF08] YNBD YALI0A15972g YLR377C FBP1 + + TP
[JGF08] Ethanol YALI0A15972g YLR377C FBP1 + - FN
[JGF08] Glycerol YALI0A15972g YLR377C FBP1 + - FN
[JGF08] Acetate YALI0A15972g YLR377C FBP1 + - FN
[FG05] YNBD YALI0C24101g YGL062W PYC1 + + TP
[FG05] Ethanol YALI0C24101g YGL062W PYC1 + + TP
[FG05] Aspartate YALI0C24101g YGL062W PYC1 + + TP
[FG05] Glutamate YALI0C24101g YGL062W PYC1 + + TP
[FG05] YNBD YALI0C16885g YER065C ICL1 + + TP
[FG05] Ethanol YALI0C16885g YER065C ICL1 - - TN
[FG05] Aspartate YALI0C16885g YER065C ICL1 + + TP
[FG05] Glutamate YALI0C16885g YER065C ICL1 + + TP

[FG05] YNBD YALI0C24101g
YALI0C16885g

YGL062W
YER065C

ICL1
PYC1 - + FP

Continued on next page
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Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[FG05] Ethanol YALI0C24101g
YALI0C16885g

YGL062W
YER065C

ICL1
PYC1 - - TN

[FG05] Aspartate YALI0C24101g
YALI0C16885g

YGL062W
YER065C

ICL1
PYC1 + + TP

[FG05] Glutamate YALI0C24101g
YALI0C16885g

YGL062W
YER065C

ICL1
PYC1 + + TP

[Yam+01] YNBC10 YALI0E19514g YCR077C PAT1 - n/a n/a
[Yam+01] YNBD YALI0E19514g YCR077C PAT1 + n/a n/a
[Yam+01] Glycerol YALI0E19514g YCR077C PAT1 + n/a n/a

[Had10] YNBD YALI0D24431g
YALI0E34793g ACL1 + + TP

[Had10] YNBO YALI0D24431g
YALI0E34793g ACL1 + - FN

[Kab10] Acetate YALI0C16885g YER065C ICL1 - - TN
[Kab10] YNBO YALI0C16885g YER065C ICL1 - - TN
[Kab10] YNBD YALI0C16885g YER065C ICL1 + + TP
[Kab10] Acetate YALI0E15708g YNL117W MLS1 + + TP
[Kab10] YNBO YALI0E15708g YNL117W MLS1 + - FN
[Kab10] YNBD YALI0E15708g YNL117W MLS1 + + TP

[Kab10] Acetate YALI0E02684g YCR005C
YNR001C CIT2 + + TP

[Kab10] YNBO YALI0E02684g YCR005C
YNR001C CIT2 + - FN

[Kab10] YNBD YALI0E02684g YCR005C
YNR001C CIT2 + + TP

[Beo+08] YNBD YALI0B13970g YIL155C GUT2 + + TP
[Beo+08] Glycerol YALI0B13970g YIL155C GUT2 - + FP
[Beo+08] YNBO YALI0B13970g YIL155C GUT2 + - FN

[Beo+08] YNBD

YALI0B13970g
YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

GUT2
POX1
POX2
POX3
POX4
POX5
POX6

+ + TP

[Beo+08] Glycerol

YALI0B13970g
YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

GUT2
POX1
POX2
POX3
POX4
POX5
POX6

- + FP

Continued on next page
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Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[Beo+08] YNBO

YALI0B13970g
YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

GUT2
POX1
POX2
POX3
POX4
POX5
POX6

- - TN

[Beo+08] YNBD

YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

POX1
POX2
POX3
POX4
POX5
POX6

+ + TP

[Beo+08] Glycerol

YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

POX1
POX2
POX3
POX4
POX5
POX6

+ + TP

[Beo+08] YNBO

YALI0E32835g
YALI0F10857g
YALI0D24750g
YALI0E27654g
YALI0C23859g
YALI0E06567g

YIL155C
YGL205W

POX1
POX2
POX3
POX4
POX5
POX6

- - TN

[JBRHD01] YNBD YALI0D02629g YOR222W
YPL134C ODC1 - + FP

[JBRHD01] YNBD+ pu-
trescine YALI0D02629g YOR222W

YPL134C ODC1 + + TP

[Che+03] YNBD YALI0B07667g YDR007W TRP1 - + FP

[Che+03] YNBD+ trypto-
phane YALI0B07667g YDR007W TRP1 + + TP

[Bio] 2-Keto-D-
Gluconate n/a, media only - n/a n/a

[Bio] a,a-Trehalose n/a, media only - + FP
[Bio] Arbutin n/a, media only - n/a n/a
[Bio] Butane 2,3 diol n/a, media only - n/a n/a
[Bio] Cellobiose n/a, media only - n/a n/a
[Bio] Citrate n/a, media only + + TP
[Bio] D-Arabinose n/a, media only - - TN
[Bio] D-Galactonate n/a, media only - n/a n/a
[Bio] D-Galactose n/a, media only - + FP

[Bio] D-
Galacturonate n/a, media only - - TN

[Bio] D-glucarate n/a, media only - n/a n/a
[Bio] D-Glucitol n/a, media only + + TP
Continued on next page
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Ref Media Y. lipolytica
knocked locus

S. cerevisiae
ortholog

Gene
name

Exp.
Growth

Simul.
Growth Result

[Bio] D-Gluconate n/a, media only + n/a n/a

[Bio] D-Glucono-1,5-
lactone n/a, media only + n/a n/a

[Bio] D-Glucosamine n/a, media only - + FP
[Bio] D-Glucose n/a, media only + + TP
[Bio] D-Glucuronate n/a, media only - n/a n/a
[Bio] D-Mannitol n/a, media only + n/a n/a
[Bio] D-Ribose n/a, media only - + FP
[Bio] D-Xylose n/a, media only - + FP
[Bio] DL-Lactate n/a, media only + + TP
[Bio] Erythritol n/a, media only + n/a n/a
[Bio] Ethanol n/a, media only + + TP
[Bio] Galactitol n/a, media only - n/a n/a
[Bio] Glycerol n/a, media only + + TP
[Bio] Inulin n/a, media only - n/a n/a
[Bio] L-Arabinitol n/a, media only - - TN
[Bio] L-Arabinose n/a, media only - - TN
[Bio] L-Rhamnose n/a, media only - n/a n/a
[Bio] L-Sorbose n/a, media only - - TN
[Bio] Lactose n/a, media only - n/a n/a
[Bio] Maltose n/a, media only - - TN

[Bio] Me-a-D-
Glucoside n/a, media only - n/a n/a

[Bio] Melezitose n/a, media only - n/a n/a
[Bio] Melibiose n/a, media only - - TN
[Bio] Methanol n/a, media only - n/a n/a
[Bio] myo-Inositol n/a, media only - - TN
[Bio] Propane 1,2 diol n/a, media only - n/a n/a
[Bio] Quinic acid n/a, media only - n/a n/a
[Bio] Raffinose n/a, media only - n/a n/a
[Bio] Ribitol n/a, media only - n/a n/a
[Bio] Salicin n/a, media only - n/a n/a
[Bio] Starch n/a, media only - n/a n/a
[Bio] Succinate n/a, media only + + TP
[Bio] Sucrose n/a, media only - + FP
[Bio] Xylitol n/a, media only - + FP
Overall results: TP: 39, TN: 25, FN: 18, FP: 16; accuracy: 0.65
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