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A B S T R A C T

Xylella fastidiosa is a phytopathogenic bacteria that causes disease in hundreds of differ-
ent plant species. Increased reports of plants infected by these xylem-limited bacteria are
alarming as this pathogen continues to attack crops of relevant economic power such as
citrus, grapes, olives and almonds, with considerable economical losses for the producers.
The current employed strategy to contain this epidemic is radical in action as it destroys
the infected plant and surrounding area. For this reason, it became urgent to develop new
ways to eliminate these bacteria with therapeutics that are more pathogen oriented.

Genome-Scale Metabolic (GSM) models contain genomic and metabolic information of a
given organism and can be used to discover new potential drug targets. Thus, a GSM
model of X. fastidiosa may unveil new ways to control these bacteria.

In this work, we developed a high-quality GSM model for X. fastidiosa subsp. pauca De
Donno, using the user-friendly software Metabolic Models Reconstruction Using Genome-
Scale Information (merlin). This strain was chosen for its importance in the national econ-
omy, as it causes Olive Quick Decline Syndrome. The reconstructed model of X. fastidiosa
comprises a set of 1280 reactions and 524 genes.

The genome of X. fastidiosa subsp. pauca De Donno was functionally annotated in order
to identify the metabolic potential of the phytopathogenic organism. Metabolic functions
identified in the genome were used to assemble the initial draft metabolic network. Manual
curation procedures were made in order to correctly represent organism’s capabilities and
biomass related reactions, based on literature and experimental data, were added to model.
The reconstructed model was then validated using experimental data, regarding the aerobic
metabolism, carbon flux pattern, carbon usage, amino acid auxotrophies and growth in
several media developed for X. fastidiosa.

In silico simulations revealed interesting metabolic properties of X. fastidiosa. The usage
of carbon through the Entner-Doudoroff pathway seems to be a way of generating redox
potential for defensive mechanism against the host plant. An absence of auxotrophies and
the presence of catabolic routes for amino acids shows the metabolic and adaptive potential
of the organism, as expected since it grows on nutrient-limited environments.

This reconstructed model can be used to explore the metabolism and provide information
for potential drug targets for the agricultural-destructive phytopathogen X. fastidiosa.

Keywords: Xylella fastidiosa subsp. pauca De Donno, Phytopathogen, Systems Biology,
Genome-Scale Metabolic Model
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R E S U M O

Xylella fastidiosa é uma bactéria fitopatogénica que causa doenças em centenas de espécies
de plantas. O aumento de relatos de plantas infetadas por esta bactéria limitada ao xilema
é alarmante, uma vez que o patogéneo ataca cultivações de significante valor económico,
como o caso de citrinos, uvas, azeitonas e amêndoas, resultando em perdas económicas
extensivas para produtores. A atual estratégia de contenção da epidemia é radical, uma
vez que resulta na destruição da planta infetada e da área circundante. Desta forma, é
urgente desenvolver novas formas de eliminar esta bactéria com terapias direcionadas ao
patogéneo.

Modelos metabólicos à escala-genómica contêm informação genómica e metabólica de
um organism e podem ser utilizados para descobrir novos potenciais alvos terapêuticos.
Assim, um modelo metabólico à escala-genómica de X. fastidiosa poderá desvendar novas
formas de controlar a bactéria.

Nesta tese, foi desenvolvido um modelo de alta qualidade para X. fastidiosa subsp. pauca
De Donno, recorrendo à ferramenta merlin. Esta estirpe foi escolhida pela sua importância
na economia nacional, visto que causa Sı́ndrome de declı́nio rápido da oliveira. O modelo
reconstruı́do de X. fastidiosa contém um conjunto de 1280 reações e 524 genes.

O genoma de X. fastidiosa subsp. pauca De Donno foi funcionalmente anotado de forma a
identificar o potencial metabólico do organismo fitopatogénico. Funções metabólicas iden-
tificadas no genoma foram utilizadas para agregar uma rede metabólica. Posteriormente,
curação manual da rede metabólica foi feita para representar corretamente as capacidades
do organismo, e reações associadas à biomassa, baseadas em literatura e dados experimen-
tais, foram adicionadas ao modelo. O modelo reconstruı́do foi de seguida validado usando
dados experimentais em relação ao metabolismo aeróbico, padrão do fluxo de carbono,
utilização de carbono, auxotrofias de aminoácidos e crescimento em diversos meios criados
para o crescimento de X. fastidiosa.

Simulações in silico revelaram propriedades metabólicas interessantes de X. fastidiosa. A
utilização de carbono pela via Entner-Doudoroff parece ser uma estratégia para gerar po-
tencial redutor para mecanismos defensivos contra a planta hospedeira. A ausência de aux-
otrofias e a presença de vias catabólicas de aminoácidos mostram o potencial metabólico e
adaptativo do organismo, como seria de esperar face ao seu crescimento natural em ambi-
entes com restrições nutritivas.

Este modelo pode ser usado para explorar o metabolismo e fornecer informação de po-
tenciais alvos terapéuticos para o fitopatogénico destrutivo para a agricultura, X. fastidiosa.
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1

I N T R O D U C T I O N

The current chapter describes the context and motivation, goals and the structure of this
thesis.

1.1 context and motivation

The development of novel high throughput technologies leads to an increasing number
of sequenced genomes each year. Systems biology approaches are extremely meaningful
nowadays, to keep in pace with the demand of organizing and extracting information from
these genomes.

Genome-scale metabolic (GSM) models comprise both genomic and metabolic informa-
tion of an organism and are used to predict its phenotypical behavior in a broad range of
environmental and genetic conditions [1]. Therefore, these are valuable computational tools
that improve metabolic engineering strategies formulated to optimize strains and discover
candidate drug targets [1, 2].

Xylella fastidiosa is a xylem-limited bacterium known to cause a wide variety of diseases
that affect plants with high economic value [3]. Pierce’s Disease of grapevine and citrus
variegated chlorosis have a high economic impact in the production of these crops and
are caused by this gram-negative phytopathogen [4, 5]. Despite the similarities with Xan-
thomonas species and other related plant pathogens, X. fastidiosa has a distinct way of reg-
ulating its pathogenic machinery [6]. This phytopathogen is able to colonize both plants
and xylem-fluid feeding insects, being the latter the mechanism of spreading the pathogen
between plants [6, 7].

There have been reports of severe outbreaks of Olive Quick Decline Syndrome caused by
this pathogen, leading to the death of thousands of olive trees in Southern Italy [8]. Also,
according to the European Commission, X. fastidiosa has been detected in multiple plants
across France and Spain [9, 10]. In the beginning of 2019, the phytopathogenic bacterium
was detected for the first time in the north of Portugal [9]. Thus, the organism could impose
as a major threat for various agricultural crops, including the Portuguese olive market, if it
keeps spreading across Portuguese territory.

1



1.2. Goals 2

As X. fastidiosa is such a destructive pathogen and leads to huge economical losses, it is
extremely relevant to build a highly curated GSM model of the organism that will unveil
this pathogen metabolic traits, accurately predict its response to different environments
and lead to the discovery of new ways to fight the spread of this pathogen. This thesis
is inserted in the project Biodata.pt, a Portuguese distributed infrastructure for biological
data.

1.2 goals

The main goal of this work is to build a genome-scale metabolic model of the bacterium
X. fastidiosa. From this work it is expected that new knowledge regarding this pathogens
metabolism is unveiled, helping to eradicate this pathogen.

The following steps need to be fulfilled to achieve this goal:

• Obtain a high-quality functional annotation of the organism’s genome;

• Generate a draft of the metabolic network;

• Perform refinement and manual curation of the network using information from liter-
ature;

• Convert the metabolic network to a stoichiometric model;

• Validate the reconstructed model using experimental data;

• Analyze the organism’s metabolic network to find potential drug targets.

1.3 structure of the document

The remaining document has the following structure:

• Chapter 2 - State-of-the-art:

– Overview of GSM models reconstruction methodologies

– Computational tools used for GSM model reconstruction

– Description of Xylella fastidiosa metabolism, life cycle and in vivo growth

• Chapter 3 - Materials and Methods:

– Software used throughout the work

– Description of genome annotation routine

– Methodology used to assemble an initial draft metabolic network



1.3. Structure of the Document 3

– Methods used to establish Biomass and Energy Requirements

– Methods used to manually curate the developed network

– Strategies used to validate the model

– Methodologies employed to analyse potential drug targets

• Chapter 4 - Results and Discussion:

– Results obtained for the genome annotation procedure

– Results of the generated transport reactions

– Description of biomass and energy requirements

– Changes made to the model during manual curation

– Results obtained during model validation

– Description of the developed metabolic network

– Overview of the identified drug targets

• Chapter 5 - Conclusion and Future Works:

– Brief model analysis

– Applications of the reconstructed model

– Future work to improve model and its applications



2

S TAT E - O F - T H E - A RT

The following chapter provides state-of-the-art methods on GSM model reconstruction
and computational tools that aid this process. Description of the metabolism, life cycle and
in vivo growth of the pathogen Xylella fastidiosa are included in this chapter.

2.1 genome-scale metabolic models

2.1.1 Background

Novel high-throughput technologies in genome sequencing allow us to gain comprehen-
sive data on biological components of the cell. Interactions between these components
enable the construction of a biochemical network that represents the cell as a system. Thus,
systems biology’s main focus is understanding such systems’ structures and dynamics,
which can provide useful insight of an organism or cell metabolism [11, 12].

Bioinformatics tools and systems biology approaches turned the reconstruction of GSM
models into a straightforward process, even for organisms with less literature-based infor-
mation [13]. The time necessary to reconstruct a high-quality GSM model varies depending
on the organism’s complexity, going from months, for well-studied bacteria, to years, in a
human metabolism reconstruction [14].

A GSM network is described as a set of biological reactions obtained from the enzymes
encoded in an organism’s genome. Specific information needs to be collected to reconstruct
a metabolic network. For each enzyme encoded in the genome, it is necessary to know
which substrates and products the enzyme acts on, the stoichiometry of the reactions cat-
alyzed by the enzyme as well as the reactions reversibility and localization [13]. Although
GSM networks can help in the determination of numerous properties of cells, only GSM
models are able to predict metabolic capabilities of an organism. These models should
contain kinetic and regulatory information whenever possible. However, this data is usu-
ally only available for well-studied organisms. Nevertheless, GSM models usually include
information on biomass composition and energy requirements [1].

4



2.1. Genome-Scale Metabolic Models 5

The GSM model’s reconstruction is an iterative process, as demonstrated by the refine-
ment of the metabolic network of Escherichia coli [15] and Saccharomyces cerevisiae [16, 17, 18]
over the years. The iterative process comprises several steps, as represented in figure 1

(adapted from [19]). Initially, the genome annotation should be performed, which gives the
necessary information to build a draft metabolic network. From there on, network refine-
ment is mandatory, and the conversion of the network into a GSM model is achieved by
adding the biomass production equation and other constraints. Finally, the model is vali-
dated by comparing its predictions to experimental data. If simulations do not corroborate
experimental data, further debugging is necessary. The final model should be exported in
a format that most tools accept, for example the Systems Biology Markup Language (SBML)
[20].

Figure 1.: GSM model reconstruction iterative process. The reconstruction is initiated with a review
of available knowledge on the target organism from various sources. A metabolic network
is reconstructed and reviewed before conversion into a stoichiometric model. At last, in
silico predictions are compared to experimental data. If similar, the model can be used in
wide range of applications (adapted from Dias, O. [19])

During the GSM model reconstruction process several databases are accessed to obtain
up-to-date information of the target organism. Information from these sources, such as
whole-genome sequences, whole-genome annotations, biochemical data of metabolic reac-
tions and functional information of enzymes encoded in the genome, support the develop-
ment of the metabolic network as well as its refinement.

Table 1 shows the most utilized online data sources used in GSM model reconstructions
and a description of what information can be retrieved from each one.
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Table 1.: Online data sources used in GSM model reconstruction

Database Description Reference

BiGG Models

Biochemical, Genetic and Genomic (BiGG) Models is
a knowledgebase of genome-scale

metabolic network reconstructions. Over 70 published
GSM networks are included in this database.

Additionally, a set of standardized identifiers called
BiGG IDs are used.

[21]

BioCyc

BioCyc is a collection of organism-specifc
Pathway/Genome Databases (PGDBs).

Each PGDB contains the genome and the predicted
metabolic network of an organism. Also, it includes

transport systems and pathway gap-fillers. The
website of this database has tools to view and

analyze PGDBs.

[22]

BRENDA

BRaunschweig Enzyme Database (BRENDA) is
the main database of enzyme and enzyme-ligand

information. A collection of manually curated enzymes
is available within this database. In addition, the

Enzyme Commission (EC) classification system is used
on this database.

[23]

ExPASy
Expert Protein Analysis System (ExPASy) is one of

the main bioinformatics resources for proteomics.
[24]

KEGG

Kyoto Encyclopedia of Genes and Genomes (KEGG)
is an integrated database that comprises three sections.
These are systems information, genomic information

and chemical information. This repository can be used
for biological interpretation and other high-throughput

technologies.

[25]

MetaCyc

MetaCyc is a freely accessible database of curated
metabolic pathways. It contains information on

metabolic pathways and enzymes from a wide array
of organisms.

[22]

NCBI

National Center for Biotechnology Information (NCBI)
is an online repository composed by several databases.
Through the NCBI website, biomedical and genomic

information can be retrieved.

[26]
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TCDB

The Transporter Classification Database (TCDB)
contains structural, functional, mechanist, evolutionary

and medical information of transporter proteins.
This information is freely accessible and each transporter

protein is assigned to a Transport Classification (TC)
number.

[27]

UniProt

The Universal Protein Resource (UniProt) is a
comprehensive resource for protein sequence and

annotation information. UniProt is divided in three
databases, being UniProt Knowledgebase (UniProtKB),

one of them. The UniProtKB is fragmented
in two sections, TrEMBL (Translated EMBL

Nucleotide Sequence Data Library), that contains
automatically annotated and non-reviewed information, and

Swiss-Prot, which comprises manually annotated and
reviewed data.

[28]

In recent years, bioinformatics tools that support models reconstruction or provide net-
work visualization features have been developed to automatize several steps of the recon-
struction process, reducing the time necessary to reconstruct a model. Tools such as merlin
[29], KBase [30], ModelSEED [31], CarveMe [32], Cytoscape [33], MicrobesFlux [34], Path-
way Tools [35] and CellDesigner [36], among others, contain some of these features.

Currently, GSM models are used to identify the metabolic capabilities of organisms and
are useful to foresee a microbial response to different environmental conditions. In addi-
tion, GSM models have applications within the metabolic engineering scope, such as strain
optimization. Gene deletion analysis can also help in the discovery of new drug targets.

2.1.2 Genome Annotation

The reconstruction of a GSM model always starts with the genome annotation of the
organism of interest. Reliable annotations are crucial to a high-quality reconstruction, thus
retrieving updated genome annotations ensures that the latest corrections are accounted for
[2]. Online databases, such as NCBI and KEGG can be used to download whole genome
annotations.

Occasionally, annotations are neither available nor trustworthy. In these cases, a func-
tional annotation has to be performed using sequence similarity tools. Sequence alignment
algorithms such as Basic Local Alignment Search Tool (BLAST) [37] or HMMER [38] are largely
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utilized in this stage of the reconstruction. These tools determine which genes from differ-
ent organisms or strains are significantly analogous to a given gene. Usually, homologous
genes have similar functions and such function should be assigned to the unannotated gene.

Important data such as gene or Open Reading Frame (ORF) name, cellular function(s) and
EC or TC numbers (if available) should be retrieved for each gene annotation. EC and
TC numbers are extremely useful to an automatic reconstruction. Enzyme and transport
systems encoding genes, called metabolic genes, are indispensable for the model recon-
struction. Still, other potential metabolic genes or regulation/signaling associated genes
should be thoroughly revised as they can be associated with missing reactions or be useful
for integration within the network.

2.1.3 Metabolic Network Reconstruction

The second stage on a GSM model reconstruction consists in assembling a network of bio-
chemical reactions. This stage comprises several steps, starting with building the backbone
of the metabolic network and finishing with refinement of the latter.

2.1.3.1 Genes, Proteins and Reactions Associations

To initiate the metabolic network assembly process, each metabolic gene is associated
with the corresponding protein(s) and reaction(s), in a process called Gene-Protein-Reaction
(GPR) associations. Essentially, GPR associations indicate the function of the encoded en-
zyme and are usually represented using AND or OR Boolean rules. Different types of
GPR associations are represented in figure 2 (adapted from [2]). Isozymes, promiscuous en-
zymes (multiple functions) and protein complex are special cases of GPR associations and
should be revised carefully when setting its Boolean rule. For instance, the Boolean rule
of an enzyme complex should comprise all the subunits using the operator AND. Another
special case to consider are lumped reactions, that occur frequently in linear pathways. In
this situation, the Boolean rule should be similar to an enzyme complex, reflecting the
requirement of all genes associated with the reaction [2].

The EC and TC numbers previously assigned in genome annotation are highly useful in
the GPR associations step, as these can be used to retrieve both enzymatic and transport
reactions. Information regarding enzymatic reactions can be obtained in online databases,
such as KEGG and BRENDA, through the EC numbers. Additionally, the TCDB database
is used to collect data on transport reactions through the TC numbers.

A system for enzyme nomenclature was published in 1992 that classifies enzymes based
on the reactions that they catalyze instead of their structure, as in previous approaches
[39, 40]. This system, known as the EC system, identifies the enzymes with a classification
number made up of four digit code separated by dots. The first digit can go from 1 to
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Figure 2.: Example of GPR associations and its assigned Boolean rules for Escherichia coli. These
rules can represent different situations, as represented (from left to right), one enzyme
one reaction, isoenzymes, enzymatic complexes and promiscuous enzymes (protein PfkA).
Adapted from Thiele, I. and Palsson, B.[2]

7 and it represents the class of the enzyme. These classes are oxireductases, transferases,
hydrolases, lyases, isomerases, ligases and the recently added translocases [23]. The re-
maining numbers progressively specify the enzyme function. Also, proteins involved in
signal transfer, Ribosomal Ribonucleic Acid (rRNA) modification and Deoxyribonucleic Acid
(DNA) methylation are associated with EC numbers but should not be considered to the
reconstruction of the network.

A similar approach to the EC system uses a code to represent a transport protein. How-
ever, unlike the enzymes system, the TC system characterizes the transport proteins by its
structure and function [27]. The code used in this system is composed by a five character
identifier: N.L.N.N.N, where N represents a number and L a letter. As in the EC system,
the first element of the identifier represents one of seven classes of transporters. Channel-
s/pores, electrochemical potential driven transporter, primary active transporters, group
translocaters, transmembrane electron carriers, auxiliary transport proteins and putative
transport system that are incompletely characterized are the seven classes represented in
the TC system.

After retrieving available information from the previously mentioned databases, data on
genes names/identifiers, proteins names, EC and TC numbers, biochemical reactions sub-
strates and products, the equation of these reactions as well as the stoichiometry associated
with each metabolite, should be compiled, and if possible, automatically. Finally, the main
set of reactions that build up the network is assembled.
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2.1.3.2 Completing the draft network

To finish the initial draft of the network, spontaneous and non-enzymatic reactions
should be included into the network. These reactions can be obtained from online public
databases, such as KEGG, or published literature. Furthermore, the draft network should
be complemented with organism-specific and literature-based reactions.

2.1.3.3 Compartmentalization

The reactions integrated in the network should be assigned to the compartment where
they take place. Thus, the next step in a reconstruction is the compartmentalization of the
reactions. Assigning enzymes to the organelle in which they work is an important part in
the development of a metabolic network and, consequently, a GSM model.

Organism complexity represents a relevant characteristic when determining the location
of an enzyme. Compartments in prokaryotic organisms are usually limited to extracellular
space, cytoplasm and, occasionally, periplasmatic space. However, eukaryotic cells have
higher complexity and reactions may take place in different organelles, namely: lysosome,
Golgi apparatus, mitochondrion, peroxisome, nucleus and endoplasmic reticulum. In addi-
tion, it may be necessary to differentiate tissues in higher eukaryotes.

Another detail to consider when compartmentalizing the network is to distinguish similar
reactions (same metabolites and stoichiometry), though present in different compartments,
as distinct reactions. Thus, it is essential to assign distinct identifiers to each reaction,
reflecting its correspondent compartment. Hence, a metabolite in distinct compartments
should have different identifiers.

Bioinformatics tools, such as PSORTb [41], WoLF PSORT [42], TargetP [43], LocTree3 [44]
and PASUB [45], are used to predict the subcellular location of enzymes based on their
amino acid sequences and physiological characteristics of the respective organism. Addi-
tionally, information on protein localization can also be obtained in literature and online
databases such as UniProt. When in doubt about the enzyme localization, the correspond-
ing reaction(s) should be assigned to the cytoplasm to avoid connectivity issues within the
network.

2.1.3.4 Manual Curation and Network Refinement

Despite the time saving and usefulness of automatic tools, such approaches are prone
to errors [46]. Thus, the final step of a GSM network reconstruction is its manual cura-
tion, which unlike the automated processes in previous stages of reconstruction, can be a
slow and tedious work. Thus, in this stage, an exhaustive revision of published literature
is mandatory for the validation of the reaction set. Publications, textbooks and organism-
specific databases can be useful assets in this process. If no organism-specific information
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is available, data on phylogenetically close organisms can be used. Additionally, compara-
tive genomics can accelerate curation and reconstruction procedure [47], by comparing the
metabolic network with curated models of closely related organisms.

Several issues within the network are solved in the manual curation step, namely, the
metabolic potential (presence or absence of reactions), reaction reversibility and direction-
ality, gap filling, substrate/cofator usage and stoichiometry.

The reconstructed network should represent accurately the physiology of the organism,
thus the presence or absence of pathways or reactions must be confirmed. Organism-
specific reactions found in literature should be included and peculiar reactions with no
evidence on literature should be removed. Furthermore, promiscuous enzymes have the
ability to catalyze multiple reactions, but only reactions known to take place in the tar-
get organism should be incorporated in the metabolic network. Reactions assigned with
ambiguous identifiers, such as partial EC numbers [46], should be corrected.

Incorrect reversibility and directionality may affect considerably the model’s performance.
An excessive number of reversible reactions can lead to futile cycles that can overcome pro-
ton gradient through metabolite and proton exchange among compartments [2]. Biochemi-
cal studies of enzymes or the recent approach of estimating the standard Gibbs free energy
[48, 49, 50] could be a solution to overcome these issues.

A metabolic gap in a GSM network is a missing reaction in a given pathway [46]. The
existence of these gaps can lead to the accumulation of compounds during a simulation.
Consequently, reactions downstream of such pathway will be blocked, due to the absence
of the enzyme required to produce its substrate. However, missing reactions should only
be included in the model if supporting evidence regarding the reaction’s presence in the
organism is available, or if the reaction is required to ensure the model’s performance [2].
KEGG pathways can be useful during the gap-filling analysis.

Enzymes’ substrate and cofactor specificity of enzymes can vary among different organ-
isms. Incorrect inclusion of cofactors and substrates can impair the model’s predictive
potential [2]. Non-organism-specific databases, such as KEGG, provides all substrates for
an enzyme. If a protein is associated to a single reaction in these databases, no refine-
ment is required. Contrarily, enzymes associated with multiple reactions require evalua-
tion. Information on substrate and cofactor utilization can be retrieved from biochemical
organism-specific studies or in organism-specific databases.

Unbalanced reactions lead to imprecise flux distribution predictions through the GSM
network. Therefore, the reactions’ stoichiometry must be revised to avoid this problem. The
sum of all the elements in the compounds should be equal in both sides of the equation.
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2.1.4 Stoichiometric Model

The final stage of a GSM model reconstruction is the conversion of the metabolic network
to a stoichiometric model. In other words, the network is converted to a stoichiometric
matrix and constraints are added. However, before the conversion, an equation representing
the biomass formation must be included in the reaction set. This pseudo-reaction must
describe the all known biomass components as well as their contribution to the cell biomass
[2]. However, usually, the biomass precursors require biosynthesis reactions unavailable in
the model. Thus, such reactions should be included in the reaction set.

Equation 1 represents the biomass formation equation.

p

∑
k=1

ck.Xk → biomass (1)

Where:

• ck represents the metabolite coefficient

• Xk represents a metabolite

The flux through this reaction represents the growth rate of the organism. To perform an
accurate prediction on the growth rate of an organism, a detailed composition on biomass
components should be obtained. This composition can be determined experimentally, as
described in some studies [51, 52, 53], or estimated using organism-specific literature. If
this data is unavailable, the biomass composition of closely related organisms can be used.
Special care is required when building this reaction as it has an important role in in silico
simulations.

Additionally, energy requirements must be included in the model. These requirements
can be divided into two sections: growth-associated energy requirements and non-growth
energy requirements.

Growth-associated energy is related to a variety of cellular processes, such as the poly-
merization of amino acids, proteins, nucleotides, among others. These requirements are rep-
resented in Adenosine Triphosphate (ATP) molecules needed per gram of biomass produced
and can be determined by chemostat growth experiments or estimated by the energy re-
quired to synthesize macromolecules. Another option is to use published organism-specific
data or from phylogenetic close organisms. Thus, these energy costs should be included in
the biomass formation reaction.

Additionally, non-growth energy requirements also need to be represented. A simple
ATP hydrolysis reaction should be included in the reaction set to represent the non-growth
energy costs [2]. An example of these energy necessities is the maintenance of cell turgor
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pressure [54]. Such as in the growth-associated energy requirements, non-growth energy
requirements can be found in published literature or determined by experimental data.

After including the biomass equation and energy requirements in the metabolic network,
the next step is the conversion of the reaction set into a stoichiometric matrix. The matrix
is assembled according to chemical engineering classic principles, to represent the dynamic
behavior of metabolite concentration, using ordinary differential equations. Equation 2

represents the rate of change of the metabolites concentration over time.

dXi

dt
=

N

∑
j=0

Sij.vj + µX, i = 1, ..., M (2)

Where:

• Xi represents the concentration of metabolite i

• vj is the metabolic flux of reaction j

• Sij is the stoichiometric coefficient of metabolite i in reaction j

• μX represents the growth rate of the system

Although dynamic models can predict concentration profiles over time, they require ki-
netic rates for all reactions. However, nowadays it is still not possible to determine and
collect genome-wide kinetic rates and parameters. Hence these models employ the steady-
state approximation approach , which assumes that metabolite concentration remains the
same throughout time. Therefore, consumption rates are equal to production rates, as show
in equation 3.

S.v = 0 (3)

Where:

• S is the stoichiometric matrix, where each column represents a metabolite and each
row a reaction

• v is the flux vector

As most metabolic networks are undetermined systems, an infinite number of solutions
may satisfy the imposed constraints. This solution space is called the null space of S [55].
Therefore, it becomes impossible to compute a single solution. To overcome this, new
constraints must be included to reduce the null space of S. With these restrictions, a set of
feasible solutions called the flux cone of solutions is obtained.
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These new constraints are related to the reactions’ reversibility. Reversible reactions
are constrained between minus infinity and plus infinity. Irreversible reactions can be re-
strained in one of two ways, depending on the directionality of the reaction. The constraint
can be between zero and plus infinity or minus infinity and zero.

Likewise, transport fluxes should be constrained depending on the reversibility and di-
rectionality of the reaction. Additionally, exchange reactions already included in the model
should be constrained based on specific uptake rates, medium availability and possible
excretion. For instance, an exchange reaction associated to a limiting substrate should be
constrained to a specific uptake, a metabolite unavailable in the medium should be con-
strained to zero and metabolites that can be produced should have an unconstrained upper
bound.

Figure 3 is an example of the conversion of a metabolic network into a metabolic mathe-
matical model.

The final stoichiometric model can be exported in the SBML format, which is a largely
utilized format in simulation tools such as Optflux [56] or Constraint-Based Reconstruction
and Analysis (COBRA) toolbox 3.0 [57].

2.1.5 Model Validation

The final step of a GSM model reconstruction consists in validating the previously gen-
erated stoichiometric model. The model is used to predict the organism behavior and it is
compared to organism-specific experimental data. Although, if this data is not available,
experimental data of closely related organisms can be used. As previously stated, if the pre-
dictions do not corroborate experimental data, a careful revision is necessary to find errors.
Therefore, all steps of the reconstruction process should be performed carefully, preferably
with knowledge on the organism’s metabolism and genetics.

Flux Balance Analysis (FBA) is a common approach to study GSM models. This approach
is based on linear programming, a methodology used to optimize a linear objective function
subject to constraints. In GSM models, restrictions are imposed in two ways: by the stoi-
chiometric matrix, which forces mass balance constraints on the system, and by reactions
bounds, which define the minimal and maximum fluxes to each reaction. These constraints
define a space of possible flux distributions of a system. The system of linear equations that
represents mathematically the objective function and metabolic reactions, can be solved, in
FBA, using linear programming. Therefore, FBA can be used to predict the growth rate of
an organism by using a biomass production reaction as the objective function, as studies
indicate that organisms under various carbon-limiting conditions maximize the biomass
production [58, 1]. Other objective functions can be used in simulations, such as maximiz-
ing the production of a specific compound [59].
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Figure 3.: Illustration of a metabolic network composed by seven metabolites (A-G) and 16 reac-
tions (v1-v16). (1) is a schematic view of the system, where v1-v4, v10-v12 and v15-v16

represent exchange fluxes. Additionally,the reaction reversibility and direction are repre-
sented with the arrows (reversible reaction - double arrow; irreversible reaction - forward
arrow). (2) shows the stoichiometry of reactions. (3) applied constraints to the fluxes. (4)
steady-state mass balances. (5) stoichiometric matrix. Adapted from Dias, O. [19]

Model validation analyses include high-throughput growth phenotyping data and in sil-
ico simulations for various carbon, nitrogen and other nutrient sources. If predictions are
not in accordance with experimental data, the model should be re-evaluated.

Another strategy in model validation is comparing predicted specific growth rates and
by-product formation on different environmental conditions with information described
in literature. Experimental environmental conditions can be simulated by constraining
exchange reaction bounds. This information can also be used to calibrate the model, for
instance regarding the energy requirements.

Gene deletion simulations are also used for the model validation. Although FBA can
be used for knockout simulations, it is not the most correct approach. From an evolu-
tionary standpoint, the optimality of a wild-type organism is credible, however, the same
may not be valid for organisms that suffered gene mutations or knockouts. Therefore,
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methods such as Minimization of Metabolic Adjustment (MOMA) [60] and Regulatory On/Off
Minimization (ROOM) [61] are recommended for gene deletion simulations. In MOMA, it is
assumed that the metabolic fluxes of a knockout are subjected to a minimal redistribution
related to the flux vector obtained in a wild-type simulation, whereas in ROOM the goal
is to minimize the number of significant flux changes with respect to the wild-type. The
predicted phenotypical behavior of the organism, when a gene is deleted, should comply
with experimental data, otherwise the model should be reviewed.

2.2 computational tools

2.2.1 merlin

The Metabolic Models Reconstruction Using Genome-Scale Information (merlin) tool is
an in-house developed application that supports all steps of the GSM models reconstruction
process. This user-friendly framework is divided in the annotation module and the models
reconstructions module.

merlin is the main tool used in this work, thus a detailed description of this software’s
capabilities is detailed in the following sections.

2.2.1.1 Annotation Module

merlin’s annotation module allows performing enzymes, transporters and compartments
annotations.

The enzyme’s annotation section assigns enzymatic functions to proteins encoded in the
genome, using homology search tools. Currently, merlin supports two algorithms, BLAST
and HMMER. merlin is able to retrieve relevant information from each homologous gene
retrieved from the similarity searches, such as the score, locus identifier, e-value and or-
ganism. Additionally, NCBI and UniProt are accessed to download, for each gene, the
following information: taxonomy, organelle, chromosome, locus tag, EC number, protein
name and molecular weight.

Using a specific algorithm, merlin calculates a confidence score and is able to assign to
each gene an EC number and a product name. This algorithm considers two aspects:

• Frequency of each EC number or product name obtained from the set of homologous
genes;

• The taxonomy of the organism in a given homologous gene.

Therefore, the annotation score is calculated using equation 4.

Scorean = α× Score f + (1− α)× Scoret (4)
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Where:

• Scorean is the annotation score;

• Scoref is the frequency score, calculated using the number of occurrences of an EC
number/product name and the total number of homologous genes;

• Scoret represents the taxonomy score, obtained from the phylogenetic proximity be-
tween the homologous gene source organism and the target organism;

• The α parameter changes the weights of the frequency and taxonomy scores. This
value can be changed by the user.

A recently developed methodology to identify and annotate transport systems is imple-
mented in merlin, the Transport Proteins Annotation and Reactions Generation (TRIAGE) tool
[62]. This tool performs the automatic annotation of transport proteins with TC numbers
and generates transport reactions for all metabolites carried by the transporters.

To annotate a transporter, TRIAGE follows three principles:

• Gene sequences must contain transmembrane domains;

• Gene sequences need to have similarities with TCDB records;

• The localization prediction of the protein must be a membrane.

The first step is to submit the genome amino acid FASTA file to the TransMembrane Pre-
diction using Hidden Markov Models (TMHMM) [63, 64] or Phobius [65, 66] web servers, to
identify proteins with transmembrane helices. Afterwards, protein sequences with trans-
membrane helices are compared to protein sequences available in TCDB, using the Smith-
Waterman or BLAST algorithms [67]. For each homologous protein found in TCDB, rel-
evant data is retrieved, such as the UniProt accession number, protein name, sequences
length, amongst others. An annotation scoring system similar to the previously described
for enzymes’ annotation (Equation 4) is used to determine and assign metabolites and TC
numbers. Finally, if the predicted compartment for a transport system is a membrane, all
three criteria of TRIAGE are fulfilled and the transporter is annotated.

The compartments annotation is supported by three compartments’ prediction tools,
namely WoLF PSORT, PSORTb 3.0 and LocTree3. These tools predict the localization of
proteins in eukaryotes, prokaryotes and both, respectively. A confidence score is provided
for each compartment associated to a protein. merlin is able to automatically assign each
protein to the main compartment . However, if prediction scores between different com-
partments are inferior to a user defined percentage (default 10%), the protein is assigned
to multiple compartments and reactions catalyzed by such enzyme are associated with all
compartments.
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2.2.1.2 Models Reconstructions Module

merlin’s second module allows loading metabolic data into the internal database, which
is used to build the model. KEGG is currently the main source of metabolic data used
to reconstruct the model, and along with the enzyme annotation it creates a draft of the
metabolic network.

Transport reactions and associated GPR associations generated in the transporter’s anno-
tation are also integrated in the model. However, only transport reactions with metabolites
already present in the metabolic network are included in the model. The draft model con-
tains intracellular and extracellular reactions, originating a compartmentalized model.

This module also provides genes, proteins, metabolites, reactions and pathways views,
and additional tools that aid in the manual curation process. These tools are the following:

• Unconnected reactions and metabolites finder tool;

• Unbalanced reaction finder tool;

• A tool that corrects reaction reversibility;

• The e-biomass tool, which helps in the formulation of the biomass composition;

• A drain/exchange reaction generator that automatically creates an exchange reaction
for each extracellular metabolite;

• A tool that generates GPR rules based on KEGG Orthology information.

merlin is also able to export the model in a SBML format, in order to be used in other
applications, such as OptFlux and COBRA toolbox.

2.2.2 Simulation tools

The simulation tools used in this work, OptFlux and COBRA toolbox 3.0, are described
in the following sections.

2.2.2.1 OptFlux

OptFlux is an open-source software used for in silico metabolic engineering [56]. This
software contains several tools and methods to analyze metabolic models. OptFlux features
are presented in the following list:

• Phenotype simulation, such as wild-type, gene-deletions and reaction-knockouts pre-
dictions, using FBA, MOMA or ROOM;

• Methods for Metabolic Flux Analysis (MFA) [68];
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• Elementary Modes Analysis by calculating Elementary Flux Modes (EFM) [69];

• Strain optimization methods, using Evolutionary Algorithms (EA) [70], Simulated An-
nealing (SA) [71] and the OptKnock algorithm [72];

• Metabolic network visualization tool.

2.2.2.2 COBRA toolbox

COBRA toolbox is a software suite of COBRA methods [57]. The COBRA toolbox was
released as a package for MATLAB [73] and since, two major updates were released, each
one with more available tools [74, 57]. Additionally, COBRA methods have been released
in a Phyton package, COBRApy [75]. These methods have been used in a wide range of
fields [76, 77, 78, 79, 80], being especially important for metabolic engineering [81, 15, 82].

COBRA provides many features to analyze biochemical networks, which makes COBRA
an useful resource for metabolic reconstructions. This software contains several methods to
aid in the following analysis of a metabolic network:

• FBA;

• Gap-Filling;

• Network Visualization;

• Strain Engineering;

• Dead-end metabolite identification;

• Data integration;

• Gene essentiality.

2.3 xylella fastidiosa

2.3.1 Background

Xylella fastidiosa, first proposed as a novel species and described in 1987 [4], is a gram-
negative, nonmotile, aflagelate, strictly aerobic, nonfermentative, xylem-limited [3] phy-
topathogenic bacteria. These bacteria are nutritionally fastidious, as indicated by its name,
which means it requires a specialized medium to grow [4]. Despite the fastidious nature
of the organism, its genome indicates a very efficient energy metabolism, since it contains
all genes required for the glycolytic pathway, tricarboxylic acid cycle and electron transport
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chain. Additionally, different carbon sources, such as glucose, fructose, mannose and glyc-
erol may be used in glycolysis. To complement the poor nutrient environment of xylem
vessels, the bacterium is also able to hydrolyze cellulose into glucose, which suggests that
cellulose may be used as a monosaccharide source while the organism survives within the
host xylem cells [3]. The xylem is an essential specialized tissue responsible for the trans-
port of water and minerals in vascular plants [83]. Xylem vessels, the tissue infected by X.
fastidiosa, displays a low concentration of sugars, amino acids and organic acids, making it
a nutrient-limited environment [84].

Currently, six different subspecies of X. fastidiosa have been proposed, namely: pauca,
fastidiosa, multiplex, sandyi, tashke and morus [85, 86, 9, 87]. Unlike other phytopathogens
with host specificity [88], X. fastidiosa has a wide range of plant hosts, being able to infect
563 plant species, as reported in the Xylella spp. host plant database [89]. However, certain
subspecies of the pathogen display somewhat of a host specificity and are related to specific
plant diseases [90, 91].

Various plant pathogens from the Xanthomonas genus are closely related to X. fastidiosa
as these organisms also colonize xylem cells. However, a major difference separates X.
fastidiosa from other organisms, which is the organism dispersion mechanism. X. fastid-
iosa is vector-transmitted among plants by xylem-fluid feeding insects, while Xanthomonas
species spread by splash dispersal and windblown rain [6, 92]. Additionally, compared
to Xanthomonads, X. fastidiosa is deprived of a Type III secretory system, responsible for
suppressing the host plant defensive responses [6, 93].

X. fastidiosa is described as being able to live in ’two Worlds’ [6], as it lives within plants
and insects during its life cycle. The time span between the infection of the host plant and
the appearance of symptoms varies, going from a few months to years, which depends on
multiple factors, such as host species, X. fastidiosa genotype, growing conditions, among
others [9]. However, many host plants remain symptomless despite infection, and may act
as reservoirs for the phytopathogen [5].

The complex life cycle of X. fastidiosa is regulated by a Diffusible Signalling Factor (DSF). In
the early stage of infection, considered to be the ’exploratory phase’, the pathogen displays
a planktonic state, expresses genes related to twitching motility and extracellular enzymes,
which enables movement and colonization of new vessels. As cells multiply, the DSF levels
increase, leading to a phenotype switch to an adhesive state. In this stage, genes related
to the synthesis of adhesins and exopolysaccharides are upregulated. Afterwards, cells
attach to xylem walls and aggregate, forming a biofilm. Nevertheless, some cells remain
dispersed from the biofilm, allowing further propagation in the host plant. In this ’sticky
phase’, the phytopathogen may be ingested by xylem-fluid feeding insects. Upon ingestion,
the bacteria adhere to the vector foregut, where it can remain for several months [94]. Once
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the insect feeds on a new plant, X. fastidiosa is injected to the xylem, restarting its life cycle.
Figure 4 depicts the aforementioned life cycle in a simplistic manner.

Figure 4.: Illustration of Xylella fastidiosa life cycle. After infection, Xylella fastidiosa displays a plank-
tonic state within xylem vessels and is able to migrate between them by degrading pit
membranes. Proliferation of cells in the xylem increases the diffusible signalling factor
which leads to a phenotype switch. During this biofilm phase, the phytopathogen is at-
tached to xylem walls and can be picked by xylem-fluid feeding insects. Finally, this insect
is able to infect other plants and the infection cycle restarts.

X. fastidiosa is known to cause disease in a variety of plants with high economic value
throughout the world, especially all over the American Continent [95, 96, 97, 85, 86] and
Europe [8, 10]. The most known diseases caused by the phytopathogen are the Pierce’s Dis-
ease of Grapevine [5], citrus variegated chlorosis [97] and olive quick decline syndrome [98],
which affects grapes, citrus and olives, respectively. Usually, diseases caused by X. fastidiosa
are leaf-scorch associated and the symptoms appear during summer days corresponding to
when the plant is water stressed [99].

These bacteria are spreading at an alarming pace throughout European territory. In
recent years, there have been reports of severe outbreaks of olive quick decline syndrome
in southern Italy that lead to the death of thousands of olive trees [8]. In France, coffee
plants contaminated by X. fastidiosa were detected [10], and, according to the European
Commission, several plants were also infected in Spain. Additionally, at the start of 2019, X.
fastidiosa was detected for the first time in Portugal [9], in lavender plants from Santo Inácio
Zoo (Porto).
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Despite the global dispersal of X. fastidiosa, there is no established cure for diseases
caused by the bacteria. Currently, the only measure applied to control X. fastidiosa relies on
the eradication of the infected plant and adoption of confinement measures in the infection
zone. However, some innovative treatments have emerged as being able to control the phy-
topathogen to some extent. These treatments can be divided by the target organism: host
plant, bacterium or insect vector.

At the level of the host plant, pruning [100], cold treatment [101] and the screening of
resistant plants [102] can be used to control the pathogen. As far as targeting the bacterium,
the efficacy of several compounds has been tested in vitro and in fields. Chemicals such as
tetracyclines [103], polyphenols [104] and radicinin [105] have an inhibitory activity on the
bacterium. Other strategies that target the phytopathogen are symbiotic control [106] and
biocontrol using specific phages that can control X. fastidiosa growth [107]. Insect vector
targeting is also able to control the spread of X. fastidiosa. The use of insecticides [108] and
the introduction of natural enemies [109] are methods to effectively reduce the population
of vector insects.

2.3.2 In vivo growth

Traditional media developed for bacterial growth cannot be used to culture X. fastidiosa,
due to its fastidious nature. Therefore, several media that support the phytopathogen
growth were created, namely, PW [110], PD2 [111], BCYE [112], SPW [113], PYE, GYE [114]
and 3G10R [115], being the PW medium the most used to cultivate all strains of X. fastidiosa
[116, 117]. However, growth under different media can lead to differential gene expression
and subsequently distinct phenotypes.

PW is a nutrient rich-medium that contains various growth components. The axenic
culture of X. fastidiosa in this medium displays elevated growth rates with typical bacte-
rial growth curves [118]. This growth rate is associated with the upregulation of genes
involved in metabolic pathways important for bacterial growth. A higher growth rate re-
quires increased energy consumption, which can be maintained by a higher ATP produc-
tion that may result from the overexpression of various genes involved in major steps of
the central metabolic pathways. Reactions from the glycolytic pathway, Krebs cycle and
respiratory electron transport chain are upregulated to increase ATP production which ulti-
mately leads to increased production of cell components. As the oxidative phosphorylation
pathway has increased activity, the O2 consumption is higher in PW-grown cells. Growth
rate in this medium is similar to less complex media such as BCYE, PYE and GYE, which
might indicate an identical phenotypical response of the organism in both types of media.

Although these media support the growth of the phytopathogen, these do not repre-
sent accurately the nutrient-limited xylem environment. Leite et al. [115] developed a
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xylem-based, chemical defined medium, called 3G10R. Cells grown in this medium exhibit
characteristics usually found during the infection process in planta, such as the increased
aggregation capacity and biofilm formation. Therefore, this medium is a useful tool when
studying the metabolic profile of X. fastidiosa. 3G10R cultures display continuous growth,
without a detectable bacterial growth curve, identical to cells grown in pure xylem sap
[119]. The respiratory activity of 3G10R-grown cells is significantly less when compared
with PW-grown cells.

As previously stated, certain genes, especially the ones involved in the infection process
of plants, are upregulated when X. fastidiosa cells are grown in 3G10R medium. The absence
of amino acids in the medium leads to an overexpression of genes associated with amino
acid biosynthesis, instead of proteolytic enzymes, as observed in PW-growth. Additionally,
while growing in 3G10R exopolysaccharides and adhesion factors synthesis, considered to
be virulence factors in X. fastidiosa [120, 121], increase leading to intense cellular aggrega-
tion, biofilm formation, and higher infective capabilities [118]. Bacteriocin genes are also
overexpressed which indicates a competing strategy against other bacteria within xylem
vessels [122].

2.3.3 Xylella fastidiosa subsp. pauca De Donno

X. fastidiosa subsp. pauca causes two of the most known diseases induced by the pathogen,
citrus variegated chlorosis [88] and olive quick decline syndrome [98]. Despite the fact that
these plants are infected by the same subspecies, citrus variegated chlorosis leads to small,
hardened fruits with zero commercial value and usually, infected plants remain alive [123].
However, in olive quick decline syndrome there is an extensive branch and twig dieback
which ultimately causes tree death [124].

In 2013, the quarantine pathogen X. fastidiosa was detected in southern Italy in olive
trees, were the infected trees showed symptoms of olive quick decline syndrome. It was
the first outbreak of the phytopathogen in the European Union. The organism was isolated
and by 2017, as part of the Pest Organisms Threatening Europe (POnTE) research project,
the complete genome sequence of X. fastidiosa subsp. pauca De Donno was released. Its
genome comprises a single chromosome and a circular plasmid, with around 2.5Mb and
30kb, respectively [125].
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M AT E R I A L S A N D M E T H O D S

Chapter focused on the Materials and Methods used in the GSM model reconstruction.

3.1 software

The GSM model was reconstructed using merlin platform [29], which provides a friendly
interface for the major steps of the reconstruction process. Additionally, it contains several
tools that allow a semi-automated reconstruction.

An in house created Python script, based on the COBRApy [75] package, was used to
scout potential errors in the model and test the synthesis of biomass precursors. In addition,
another script, dependent on the BioPython package [126], was created to identify potential
drug targets for X. fastidiosa.

In order to validate the model, in silico simulations were made using the Optflux software
[56].

3.2 genome files

RefSeq assembly genome files of X. fastidiosa subsp. pauca De Donno, accessible via
the NCBI assembly accession number ASM211787v1 [125], were retrieved automatically by
merlin, using the organism NCBI [26] taxonomy ID (698414) within the framework.

3.3 genome annotation

Upon retrieving the genome files within merlin, it was possible to perform the enzyme an-
notation. For each of the coding sequences found in the genome, a homology search using
BLAST [37] was performed. Since merlin stores and provides a friendly interface to review
annotations, it was important to gather high-quality homologies. Therefore, a maximum
e-Value of 1E-30 was selected along with a maximum of 100 hits per sequence. Addition-
ally, the substitution matrix was automatically selected based on the sequence length. With

24
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these parameters, the homology search was run against two databases, UniProt Translated
EMBL Nucleotide Sequence Data Library (TrEMBL) and UniProt Swiss-Prot [28].

As aforementioned in section 2.2.1.1, merlin automatically assigns a product name and an
EC number (if available) based on a score calculated using product name/EC number fre-
quency and the homologous gene organism taxonomy. However, to obtain a more reliable
genome functional annotation, another strategy was employed. This strategy consists in
annotating each candidate gene (gene that has at least one of the homologous genes associ-
ated to an EC number) automatically based on homologous hits revision status and source
organism. In addition, a confidence label is assigned to each of these candidate genes.

The annotation was performed using merlin’s Automatic Workflow tool. This tool em-
ploys the previously stated strategy to annotate candidate genes, using a list of user-selected
organisms, usually phylogenetically close organisms. The chosen organisms’ order is cru-
cial, since this tool initially searches, in the blast results, the first selected organism in the
list. If a match is found, the gene is annotated based on the hit’s information. Otherwise,
the next organism is considered, creating in this way an iterative process.

During the annotation process, it was considered that any reviewed gene was more trust-
worthy than an unreviewed gene. Therefore, since merlin organizes BLAST results per
database, the automatic workflow was executed twice, firstly for UniProt Swiss-Prot results
and then for UniProt TrEMBL results.

In figure 5 is depicted the annotation workflow followed during this work. Candidate
genes with hits against the UniProt Swiss-Prot database were annotated and assigned with
a label based on a set of selected organisms. X. fastidiosa subsp. pauca De Donno, the strain
used in this work, was selected as the most reliable source for annotations. However, this is
not the species’ most studied strain, therefore the genus Xylella was used to annotate can-
didate genes if no match was found previously. Additionally, X. campestris pv. campestris
B100, the phylogenetically closest phytopathogenic organism to X. fastidiosa, and E. coli K12,
the model organism for gram-negative bacteria, were considered in this annotation process.
If none of these organisms was found in the hits list, the candidate gene was automatically
annotated based on the information of the best scored hit.

Subsequently, the remaining unannotated candidate genes with matches against UniProt
TrEMBL were annotated. However, since genes from this database are unreviewed, it was
assumed that hits from well-studied organisms were more suitable to annotate candidate
genes. Thus, the selected organism order was the opposite of the prior automatic workflow.
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Figure 5.: Scheme of the annotation workflow followed in this work.

3.4 metabolic network reconstruction

Methods used to assemble the metabolic network of the GSM model are presented in the
following sections.

3.4.1 Metabolic Data

In order to assemble the metabolic network, it was necessary to collect metabolic data,
which includes metabolites, enzymes and reactions. This data was retrieved automatically
from KEGG [25] by merlin. As the metabolic network only contains a subset of the collected
reactions which comprises spontaneous and enzyme catalyzed reactions, being the latter
encoded in the organism’s genome, by integrating the enzyme annotation results to the
model, a draft metabolic network was obtained. However, during the integration step,
reactions and genes related to DNA methylation, rRNA modification and signal transfer
were ignored and not included in the model. Additionally, reactions that contained generic
compounds as reactants were removed automatically from the model. The automatically
removed metabolites can be seen in the supplementary file A.1.
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3.4.2 Transport Reactions, Compartments and Exchange Reactions

A new tool that is being implemented in merlin, the Transport Systems Tracker (TranSyT),
was used to generate transport reactions. TranSyT is able to identify genes that encode
carriers and the corresponding transported metabolites. Then, transport reactions are auto-
matically created and associated to the encoding gene.

The reactions created by TranSyT were added to the model, which lead to the creation of
two compartments within merlin. These compartments represent the extra and intracellular
spaces and were named as outside and inside, respectively. For each of the existent metabo-
lites in the outside compartment, an exchange reaction was automatically created. These
exchange reactions represent the cell growth medium and their bounds can be edited to
replicate chemically defined media.

3.4.3 GPR Associations

GPR associations are extremely important for an high-quality GSM model, since mutant
phenotype predictions are severely affected by it. Usually, these associations are made
manually, by searching information on literature and available databases. However, as in
previous cases, an automatic tool implemented in merlin was used to generate GPR rules.
This tool retrieves information from KEGG BRITE [127] regarding the protein structure and
searches for the necessary subunits in the organisms genome. With this information, a GPR
rule is implemented.

3.5 biomass and energy requirements

The biomass reaction represents the cell composition of an organism and its high-quality
formulation is required to avoid futures problems in the model validation step. Therefore,
it is necessary to use organism-specific experimental data from literature, or, in its absence,
information from the organism’s genome or data from closely related organisms.

In this work, the reactants of the biomass equation are complex macromolecules, and
their respective stoichiometric coefficients are represented in grams of macromolecule per
gram of biomass. In other words, this can be considered as the relative abundance of
each macromolecule in a cell. Since no studies that report the macromolecular composition
of X. fastidosa were found, the models of Escherichia coli (iJO1366) [128] and Xanthomonas
campestris [129] were used as templates.

A total of seven macromolecular entities was created to formulate the biomass reaction.
By using merlin’s e-biomass tool [130], a draft biomass equation was created along with four
other reactions, each one representing the synthesis of one of the following macromolecules:
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DNA, Ribonucleic Acid (RNA), protein and cofactor. Additionally, this tool determines the
deoxynucleotide, nucleotide and amino acid contents for the DNA, RNA and protein syn-
thesis reactions, respectively, using the previously downloaded genome files. The automat-
ically generated cofactor reaction has a set of predefined precursors. However, according
to literature, the template models and the metabolic capabilities of the assembled network,
the necessary precursors to synthesize a cofactor macromolecule were changed.

The remaining macromolecules, namely peptidoglycan, lipopolysaccharide and lipid
were inferred from the template models [128, 129]. In order to obtain the best possible
results, the molecular composition of each one of these entities was retrieved from litera-
ture [4, 131, 132, 133, 134, 135].

The created lipid macromolecule accounts for different phospholipid molecules, which
are all dependent on the synthesis of fatty acids of variable size. Hence, a metabolite that
represents the average fatty acid and its corresponding synthesis reaction were generated
based on data from multiple strains of X. fastidiosa reported by Wells et al [4].

Since the final biomass reaction is represented in grams of macromolecule per gram of
cell dry weight, macromolecular entities’ synthesis reactions should be adjusted accordingly.
Therefore, in these reactions, molecular precursor stoichiometry must be represented in
millimolar of precursor per gram of macromolecule. A schematic view on how to achieve
this conversion is represented in figure 6.

Figure 6.: Workflow to calculate precursors’ stoichiometric coefficients in macromolecular synthesis
reactions.
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Due to the lack of information on energy requirements for X. fastidiosa, both growth
associated and non-growth associated energy requirements were retrieved from the E. coli
model [128]. Growth associated energy necessities were included in the biomass reaction
with a value of 53.5, represented in ATP moles per gram of biomass. On the other hand,
the maintenance associated energy was represented in a created ATP hydrolysis reaction,
where both its bounds were restrained to a value of 3, in order to force flux through the
reaction.

3.6 manual curation

The following sections show strategies employed during the manual curation phase.

3.6.1 Reversibility and Directionality

All the reactions loaded from KEGG to assemble the draft network display a reversible
status (default). Therefore, merlin’s ’Correct Reversibility’ tool was used to automatically
correct the reactions reversibility and directionality, by selecting Zeng database [136] as a
reversibility source and the ’GramNegative’ organism template in the tool’s parameters.

However, in order to obtain a feasible model, multiple reactions were manually curated.
A few databases such as BiGG, MetaCyc, BRENDA and ModelSEED [31], the template
models of E. coli and X. campestris and the eQuilibrator [50] tool were used to infer the
correct direction and reversibility of several reactions.

3.6.2 Gap-Filling

Since the synthesis of multiple biomass precursors was compromised, and therefore the
model feasibility, a gap-filling analysis was performed. This process was supported by the
merlin’s ’Unconnected Reactions’ tool, which evaluates the metabolites connectivity within
the network and identifies and highlights reactions where dead-end metabolites (metabo-
lites that are only reactants or products) intervene. merlin also possesses a ’Draw in Browser’
tool, which opens a selected KEGG pathway map on the web browser and colors all en-
zymes and reactions. Therefore, by using both tools, gaps are easily detected.

Figure 7 shows an example of a colored KEGG metabolic pathway. As depicted in the
figure, EC numbers can be colored in different colors, each indicating a particular situation.
The following list shows the meaning of each color:

• Green - Reaction is included in the metabolic network and its promoting enzyme
belongs to the shown pathway;
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• Dark blue (not included in figure 7) - Reaction is included in the metabolic network
but the promoting enzyme is missing or included in another pathway;

• Cyan blue - Reaction is included in the metabolic network but is connected to a dead-
end;

• Red - Reaction is included in the metabolic network, however it is a dead-end;

• No color - Reaction is not included in the metabolic network.

Figure 7.: Example of a KEGG pathway map section ’painted’ by merlin’s ’Draw in browser’ tool.

A collection of literature on X. fastidiosa metabolic potential, especially for pathways with
blocked reactions, was analyzed beforehand. Additionally, KEGG’s X. fastidiosa reference
pathway was examined to find potential errors in a given pathway.

During the gap-filling process, multiple annotation issues were corrected, because when-
ever a gap was found, supporting evidence at the genome level was searched in merlin’s
annotation table. If the gap reaction promoting protein was encoded in the genome, the
reaction and its corresponding GPR association were added to the model. However, occa-
sionally, reactions only supported by literature were added to the model, despite the lack
of evidence in the genome annotation. Therefore, these reactions were not associated to an
enzyme and a gene.
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3.6.3 Reaction’s Balance

Unbalanced reactions in a GSM model can largely jeopardize its predictions. Hence,
stoichiometrically compromised reactions were rapidly corrected. Some of the errors found
in unbalanced reactions were:

• Lack or excess of protons;

• Missing formulae on metabolites;

• Synthesis or breakdown of macromolecular metabolites (e.g. Cellulose).

As in previous steps of the manual curation stage, a merlin tool was used to aid in the
reaction balance process. This tool highlights reactions where the sum of its elements differ
between the reactants and products. Additionally, these reactions were exported to an
excel file. Each one of the stoichiometric unbalanced reactions were sought in biological
databases such as BRENDA and MetaCyc and updated accordingly in merlin.

3.7 model validation

The model validation step started right after obtaining a feasible model. In this stage,
simulations were performed using FBA and model predictions were compared to available
literature, qualitatively and if possible, quantitatively. Whenever the results were not in
accordance with the literature, further curation of the model was performed. The following
aspects were evaluated in this stage:

• Growth under aerobic conditions as X. fastidiosa is an obligate aerobe;

• Metabolic flux pattern of glucose;

• Specific growth and exopolysaccharide production rates;

• Metabolic capabilities to grow under several carbon sources;

• Amino acid auxothrophies;

• Growth in several chemically defined media, created for X. fastidiosa.

In order to replicate these situations, several environmental conditions were created by
changing exchange reactions bounds in the Optflux framework.
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3.7.1 Aerobic Metabolism

Aeration conditions were defined in the simulations through means of an O2 uptake
reaction. Two different conditions were created for the simulations: anaerobic, restricting
the lower bound to 0, and aerobic, leaving the reaction unbounded. All simulations were
performed with glucose as a carbon source and all amino acids. These environmental
conditions are detailed in Table 2.

Table 2.: Environmental conditions used to simulated aerated and anaerobic environments.
Anaerobic Aerobic

Reaction Name Metabolite Lower Bound Reaction Name Metabolite Lower Bound

R EX C00007 out Oxygen 0 R EX C00007 out Oxygen -1000

R EX C00009 out Orthophosphate -1000 R EX C00009 out Orthophosphate -1000

R EX C14818 out Fe2+ -1000 R EX C14818 out Fe2+ -1000

R EX C00031 out D-Glucose -2.0 R EX C00031 out D-Glucose -2.0

R EX C00152 out L-Asparagine -0.1 R EX C00152 out L-Asparagine -0.1

R EX C00135 out L-Histidine -0.1 R EX C00135 out L-Histidine -0.1

R EX C00148 out L-Proline -0.1 R EX C00148 out L-Proline -0.1

R EX C00183 out L-Valine -0.1 R EX C00183 out L-Valine -0.1

R EX C00188 out L-Threonine -0.1 R EX C00188 out L-Threonine -0.1

R EX C00065 out L-Serine -0.1 R EX C00065 out L-Serine -0.1

R EX C00073 out L-Methionine -0.1 R EX C00073 out L-Methionine -0.1

R EX C00079 out L-Phenylalanine -0.1 R EX C00079 out L-Phenylalanine -0.1

R EX C00078 out L-Tryptophan -0.1 R EX C00078 out L-Tryptophan -0.1

R EX C00062 out L-Arginine -0.1 R EX C00062 out L-Arginine -0.1

R EX C00123 out L-Leucine -0.1 R EX C00123 out L-Leucine -0.1

R EX C00082 out L-Tyrosine -0.1 R EX C00082 out L-Tyrosine -0.1

R EX C00097 out L-Cysteine -0.1 R EX C00097 out L-Cysteine -0.1

R EX C00041 out L-Alanine -0.1 R EX C00041 out L-Alanine -0.1

R EX C00037 out Glycine -0.1 R EX C00037 out Glycine -0.1

R EX C00047 out L-Lysine -0.1 R EX C00047 out L-Lysine -0.1

R EX C00049 out L-Aspartate -0.1 R EX C00049 out L-Aspartate -0.1

R EX C00025 out L-Glutamate -0.1 R EX C00025 out L-Glutamate -0.1

R EX C00407 out L-Isoleucine -0.1 R EX C00407 out L-Isoleucine -0.1

R EX C00064 out L-Glutamine -0.1 R EX C00064 out L-Glutamine -0.1

3.7.2 Metabolic Flux Pattern

During this validation step, the carbohydrate metabolism was scrutinized. Firstly, sev-
eral reactions associated with different conformations of glucose (e.g. alpha-Glucose, beta-
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Glucose) and fructose (including the metabolites’ derivatives) were promptly removed from
the model. Instead of directly using these metabolites, the conformationless compounds
(e.g. D-glucose, D-Fructose) were adopted for the network. However, in some occasions,
reactions had to be edited in order to maintain a connected network, by replacing the
metabolite with conformation for the generic compound.

It has been proposed that X. fastidiosa uses the Entner-Doudoroff pathway to convert glu-
cose into pyruvate, instead of the typical glycolytic pathway [137]. While no studies directly
prove this behavior in X. fastidiosa, the Entner-Doudoroff pathway has been demonstrated
to be the main catabolic route of glucose in X. campestris [138].

Due to the metabolic similarities between these organisms, a metabolic flux through the
Entner-Doudoroff pathway was considered for X. fastidiosa.

The flux of glucose through the network was evaluated using a medium that would
allow a direct comparison to X. campestris results. Therefore, glucose and ammonia were
used as carbon and nitrogen sources, respectively, as shown in table 3. In addition, a flux re-
striction through the phosphofructokinase reaction (conversion of fructose 6-phosphate into
fructose 1,6-biphosphate) was imposed. Similarly to other xanthomonads, a pyrophosphate-
dependent phosphofructokinase was identified in X. fastidiosa, which displays a low proces-
sivity in comparison to ATP-dependent phosphofructokinase [138, 139]. Consequently, flux
through this reaction was limited to a minimal value, that is, only 1% of the glucose uptake
rate.

Table 3.: Environmental conditions applied to X. fastidiosa model during validation of the glucose
metabolic flux pattern.

Exchange Reaction Name Metabolite Lower Bound

R EX C00007 out Oxygen -10000

R EX C00031 out D-Glucose -2

R EX C00014 out Ammonia -10000

R EX C00009 out Orthophosphate -10000

R EX C00283 out Hydrogen Sulfide -10000

R EX C14818 out Fe2+ -10000

3.7.3 Specific Growth and Exopolysaccharide production rates

The reconstructed model was quantitatively evaluated, in terms of specific growth and
exopolysaccharide production rates. Due to the lack of information for these cases in X.
fastidiosa, the model was properly restrained in order to be directly comparable to data
from X. campestris, reported by Letisse et al. [140]
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While the X. campestris model displays an uptake rate of sucrose of 1.8 mmol/gDW/h,
the model developed in this work does not contain sucrose in its network (see section 4.5.4).
Hence, in order to maintain the same uptake of carbon, glucose flux was constrained to a
lower bound of 3.6 mmol/gDW/h. The remaining constraints are displayed in table 4.

Table 4.: Environmental conditions applied to X. fastidiosa model during validation of specific
growth and exopolysaccharide production rates.

Exchange Reaction Name Metabolite Lower Bound

R EX C00007 out Oxygen -10000

R EX C00031 out D-Glucose -3.6

R EX C00014 out Ammonia -10000

R EX C00009 out Orthophosphate -10000

R EX C00283 out Hydrogen Sulfide -10000

R EX C14818 out Fe2+ -10000

3.7.4 Metabolism under different carbon sources

The model’s predictive capabilities were tested using different carbon sources. Thus, en-
vironmental conditions that would simulate a minimal medium with distinct carbohydrates
were created. These minimal conditions are all based on the environmental conditions pre-
sented in section 3.7.2. In order to maintain the same number of carbon atoms within the
network, the influx of carbon was properly constrained (e.g. while glucose was constrained
to a value of 2mmol/gDW/h, malate had an uptake rate of 3mmol/gDW/h). However,
as no information on growth rates under different carbon sources uptake was found for X.
fastidiosa, data from X. campestris [129], once again, was used to validate the model.

3.7.5 Amino acid auxotrophies

No amino acid auxotrophies have been reported for X. fastidiosa. Additionally, the organ-
ism is able to grow in media with glutamine as the sole nitrogen source [141]. Validation
procedures for this situation started with the formulation of an environmental condition
with availability for all amino acids, as presented in table 5. From there on, single omis-
sions were performed to test if auxotrophies were detected within the network.
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Table 5.: Environmental conditions applied during the amino acid auxotrophies validation phase.

Reaction Name Metabolite Lower Bound

R EX C00007 out Oxygen -1000

R EX C00009 out Orthophosphate -1000

R EX C14818 out Fe2+ -1000

R EX C00283 out Hydrogen Sulfide -1000

R EX C00031 out D-Glucose -2.0

R EX C00152 out L-Asparagine -0.1

R EX C00135 out L-Histidine -0.1

R EX C00148 out L-Proline -0.1

R EX C00183 out L-Valine -0.1

R EX C00188 out L-Threonine -0.1

R EX C00065 out L-Serine -0.1

R EX C00073 out L-Methionine -0.1

R EX C00079 out L-Phenylalanine -0.1

R EX C00078 out L-Tryptophan -0.1

R EX C00062 out L-Arginine -0.1

R EX C00123 out L-Leucine -0.1

R EX C00082 out L-Tyrosine -0.1

R EX C00097 out L-Cysteine -0.1

R EX C00041 out L-Alanine -0.1

R EX C00037 out Glycine -0.1

R EX C00047 out L-Lysine -0.1

R EX C00049 out L-Aspartate -0.1

R EX C00025 out L-Glutamate -0.1

R EX C00407 out L-Isoleucine -0.1

R EX C00064 out L-Glutamine -0.1

3.7.6 Growth in different chemically defined media

Several chemically defined media have been created throughout the years to support X.
fastidiosa growth. CHARD2, 3G10-R [115], XDM1-XDM5 [141], XfD1-XfD9 [142] and XF-26

[143] are examples of chemically defined media based on xylem fluid chemistry and ge-
nomic information developed for the phytopathogenic bacterium. In order to qualitatively
validate the model, each of these media were simulated by restraining model’s exchange
reactions properly. The metabolites used to simulate these media are shown in table 6. In
silico predictions were subsequently compared to the reported literature data.
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Table 6.: Metabolites used to simulate different chemically defined media. These metabolites are
divided in three columns: Carbon Source, Amino Acids and Others.

Medium Carbon Source Amino Acids Others Reference

CHARD2 - Ala, Arg, Asp, Cys, Gln
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[115]

3G10-R Glucose Gln
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[115]

XDM1 Glucose
Gln, Asp, Ala, Gly, Ser

Thr

Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[141]

XDM2 Glucose Gln, Met, Asn, Ser
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[141]

XDM3 Glucose Gln, Met, Asp, Ser
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[141]

XDM4 Glucose Gln
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[141]

XDM5 Glucose Gln, Met
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[141]

XF-26 Citrate, Succinate

Ala, Asn, Asp, Cys, Gly,

Gln, His, Ile, Leu, Lys,

Met, Phe, Pro, Ser, Thr,

Trp, Val

Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[143]

XfD1 Citrate, Succinate Gln, Asp, Cys
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD2 Citrate, Succinate Gln, Asp, Cys
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD3 Citrate Gln, Asp, Cys
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD4 Citrate, Succinate Gln
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD5 Citrate Gln
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD6 Citrate Gln
Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD7 Citrate Gln
Heme, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD8 Citrate Gln
Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]

XfD9 Citrate Gln
Fe2+, Orthophosphate,

Hydrogen Sulfide, Oxygen
[142]
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3.8 potential drug targets

One of the major purposes of the development of a X. fastidiosa GSM model is the iden-
tification of potential drug targets. In order to pinpoint these targets, essential genes deter-
mined by the ’Critical genes’ tool of Optflux [56] were filtered using a Python script. For
each of these genes, an homology search against NCBI available Olea europaea genomes
was performed. Genes with no homologies or having all hits with e-values above 0.001

(arbitrary selected value), were considered to be potential drug targets for the bacterium.
However, the initial set of genes determined by Optflux tool is highly dependent on the
given environmental conditions.

The medium based on xylem fluid chemistry CHARD2 [115] was used to simulate
environmental conditions since it would replicate the natural environment of the phy-
topathogen. Additionally, the ’Critical genes’ tool was run for both planktonic and biofilm
growth. Finally, the filtered genes were reviewed manually, evaluated on their essentiality
and drugs known to inhibit their activity were sought on DrugBank [144].
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R E S U LT S A N D D I S C U S S I O N

4.1 genome annotation

The genome annotation performed in this work identified out of the 2066 genes encoded
in X. fastidiosa subsp. pauca De Donno genome, a total of 825 candidate genes. From these,
724 were annotated based on reviewed genes, whereas the remaining 101 were annotated
with unreviewed information. Results from the automatic workflow are displayed in table
7, where candidate genes were accounted for, based on their assigned label. X. fastidiosa
subsp. pauca De Donno’s genome has not been reviewed yet, thus all genes were compared
with reviewed genes from Xylella spp. and assigned with label B. As shown in table 7, this
is the most represented label, which reflects an overall high-quality genome annotation.

Table 7.: Genome annotation automatic workflow results. Gene count is presented for each label for
both UniProt Swiss-Prot and UniProt TrEMBL databases.

Assigned Label Gene Count

UniProt Swiss-Prot

A 0

B 334

C 7

D 279

E 104

724

UniProt TrEMBL

A 0

B 56

C 45

101

38
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A total of 735 metabolic genes, genes associated to EC numbers, were annotated from
the 825 candidate genes. Thus, from the gathered results, we assume that about 35,6% of
the organism’s genome encode genes associated with metabolic functions. As shown in
table 8, Transferases and hydrolases are the most represented classes from the annotated
genes, while the recently added translocases class displays the lowest percentage among the
possible enzyme classes. Genes associated with multiple functions, from different classes,
were included in the class of the first EC number annotated, as this is usually the main
function of the enzyme.

Table 8.: Distribution of metabolic genes among EC classes and their respective percentage.

EC Class Gene Count Percentage of annotated
genes

Oxidoreductases 107 15%

Transferases 240 33%

Hydrolases 190 26%

Lyases 61 8%

Isomerases 46 6%

Ligases 62 8%

Translocases 29 4%

Although about 16% of the annotated genes (117) were assigned with incomplete EC
numbers, most of these genes were not considered to the network reconstruction. However,
when relevant KEGG reactions were associated to incomplete EC numbers, the respective
gene was included in the model. Gene B9J09 RS08675 is an example of this situation, as it
encodes the enzyme associated to the EC number 2.7.8.-. This enzyme catalyzes reaction
R07390, required for the synthesis of cardiolipin. The final model had a considerably lower
number of integrated genes when compared to 735 identified metabolic genes, as genes
with undefined function (incomplete EC number) or associated with irrelevant metabolic
processes, modelling wise, were not included.

4.2 transport reactions

TranSyT generated 306 transport reactions, which are divided among different classes,
such as antiport, symport, uniport and ATP-Binding Cassette (ABC) transporters. Table 9

shows the distribution of the transport reactions among the different classes as well as the
number of included reactions in the model.

Symport reactions for all amino acids were predicted by TranSyT. In addition, several
transport reactions for carbon sources, such as glucose, galactose, fructose, mannose, lactose
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and glycerol were included in the model. Organic acids, compounds commonly found in
xylem sap [84], also contain carriers within the model.

Only a few manually created carriers had to be included in order to obtain a feasible
model, which reflects the outstanding performance of the TranSyT tool. Diffusion of water,
carbon dioxide, ammonia and oxygen were some of the created transport reactions. Ad-
ditionally, as reported in literature, X. fastidiosa contains a citrate symporter [145]. Since
no reaction reflecting this transport was automatically generated by TranSyT, a manually
created citrate symporter was included in the model.

The transport reactions for formate and xanthomonadin, infered by-products of X. fastid-
iosa metabolism, were also included in the model. The reasoning behind these additions
will be discussed in the model validation section.

Table 9.: Number of generated and included in the model transport reactions organized by class.

Transporter Type Number of reactions

Generated In model

Antiport 36 23

Symport 78 78

Uniport 92 76

ABC 96 72

Other 4 0

Manual 7 7

313 256

4.3 biomass and energy requirements

As described before, the biomass reaction of this model required seven macromolecular
entities. All of these entities, and their respective fraction (represented in grams of macro-
molecule per gram of cell dry weight), were inferred from E. coli [128] and X. campestris
[129] models and are compiled in table 10.

Both template models account for glycogen in the formulation of the biomass, although
it is not directly included in the biomass reaction of X. campestris. However, this is a dis-
tinct case for X. fastidiosa. As reported by Henrissat et al. [146], the glycogen metabolism
seems to be a lost trait among several symbiotic and parasitic bacteria. No glycogen biosyn-
thetic and degrative enzymes were found in X. fastidiosa genome, thus this multibranched
polysaccharide was not considered while formulating the biomass reaction for the model.
Nonetheless, the glycogen fraction was unevenly distributed between two macromolecules
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Table 10.: Biomass composition of E. coli [128], X. campestris [129] and X. fastidiosa models.

Macromolecule E. coli X. campestris X. fastidiosa

g/gDW

DNA 0.031 0.04 0.04

RNA 0.205 0.16 0.16

Protein 0.55 0.49 0.49

Lipid 0.091 0.13 0.13

Glycogen 0.025 - 0

Peptidoglycan 0.025 - 0.0588

Cofactor + Polyamine 0.039 - 0.0706

Lipopolysaccharide 0.034 0.033 0.0505

that contain carbohydrates in their constitution. Petidoglycan was assigned with 30% of the
glycogen fraction and lipopolysaccharides with 70%.

The X. campestris model was used to retrieve both DNA and RNA macromolecular con-
tent, namely the nucleotides mass per gram of biomass, 0.04 and 0.16, respectively. These
fractions represent the weight (in grams) of DNA and RNA per 1 gram of cell biomass.
By using merlin’s e-Biomass tool [130], two metabolites, e-DNA and e-RNA, and their re-
spective synthesis reactions, which are summarized in tables 11 and 12, were created. The
stoichiometric coefficients used in these reactions are represented in millimoles of molecule
necessary to produce 1 gram of macromolecule, which were determined by using X. fas-
tidiosa’s genomic information. Additionally, the precursor metabolites are in their triphos-
phate forms. However, it is known that during DNA and RNA polymerization reactions
diphosphate is released. Therefore, this was taken to account when assembling the reac-
tions.

As in the aforementioned macromolecules, the average protein content in the overall
biomass was infered from X. campestris. The protein synthesis reaction, presented in table
13, accounts for all amino acids. By using proteomic information and the e-Biomass tool
[130], the stoichiometric coefficient of each amino acid was calculated and incorporated in
the reaction as e-Protein precursors. Along with this manually created metabolite, water
was included as a product of the reaction, since during the formation of peptide bounds
water is produced.

The e-Lipid metabolite encompasses a set of very important molecules in the cell mem-
brane, phospholipids. However, no information on the lipid composition of X. fastidiosa
was found. Therefore, data reported by Dianese and Schaad for the X. campestris B-24

strain [131] was adapted. The precursors required to form the lipid macromolecule, which
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Table 11.: DNA synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric Coefficient

(mmol/gDNA)

Reactants

dATP C00131 0.849

dCTP C00458 0.781

dGTP C00286 0.822

dTTP C00459 0.781

Products

e-DNA - 1

Diphosphate C00013 3.233

Table 12.: RNA synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric Coefficient

(mmol/gRNA)

Reactants

ATP C00002 0.623

CTP C00063 0.850

GTP C00044 0.994

UTP C00075 0.628

Products

e-RNA - 1

Diphosphate C00013 3.095

represents a 0.13 portion of the cell dry biomass, as in the X. campestris model, are shown in
table 14.

Lipid molecules contain a variable number of fatty acid chains, making them dependent
on the synthesis of fatty acids. In addition, fatty acid chains are highly variable in size.
Therefore, for modelling purposes, the average fatty acid composition of X. fastidiosa, pre-
sented in table 15, was calculated using data of multiple strains [4]. Due to the lack of
information regarding odd number fatty acids in KEGG reactions, only fatty acids with
even number of carbon atoms were considered to formulate the average fatty acid syn-
thesis reaction. It is also noteworthy to mention that esters associated to an acyl carrier
protein (e.g. Octanoyl-[acp]) were used in the synthesis reaction instead of the typical fatty
acid molecules (e.g. Octanoic acid), as no thioester hydrolases were found encoded in the
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Table 13.: Protein synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric Coefficient

(mmol/gProtein)

Reactants

Glutamyl-tRNA C02987 0.381

Glycyl-tRNA(Gly) C02412 0.690

L-Alanyl-tRNA(Ala) C00886 0.933

L-Arginyl-tRNA(Arg) C02163 0.611

L-Asparaginyl-tRNA(Asn) C03402 0.298

L-Aspartyl-tRNA(Asp) C02984 0.483

L-Cysteinyl-tRNA(Cys) C03125 0.100

L-Glutaminyl-tRNA(Gln) C02282 0.475

L-Histidyl-tRNA(His) C02988 0.242

L-Isoleucyl-tRNA(Ile) C03127 0.489

L-Leucyl-tRNA(Leu) C02047 0.991

L-Lysyl-tRNA(Lys) C01931 0.323

L-Methionyl-tRNA(Met) C02430 0.213

L-Phenylalanyl-tRNA(Phe) C03511 0.318

L-Prolyl-tRNA(Pro) C02702 0.445

L-Seryl-tRNA(Ser) C02553 0.532

L-Threonyl-tRNA(Thr) C02992 0.507

L-Tryptophanyl-tRNA(Trp) C03512 0.132

L-Tyrosyl-tRNA(Tyr) C02839 0.239

L-Valyl-tRNA(Val) C02554 0.682

Products

e-Protein - 1

H2O C00001 9.084

genome. Therefore, to maintain a steady-state, Acyl-Carrier Protein (ACP) had to be included
as a product in the average fatty acid synthesis reaction (R Fatty Acid Entity).

Lipopolysaccharides (LPS) are constituents of the outer membranes, specifically the outer
leaflet, in a majority of Gram-negative bacteria. A LPS molecule is composed of three
parts: lipid A, a core oligosaccharide and an O-antigen [132]. Usually, both lipid A and
core oligosaccharide units are conserved among different organism, whereas the O-antigen
moiety, an important virulence determinant, is highly variable [133].
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Table 14.: Lipid synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric coefficient

(mmol/gLipid)

Reactants

Cardiolipin C05980 0.126

Phosphatidylethanolamine C00350 0.126

Phosphatidylglycerol C00344 0.318

Phosphatidylserine C02737 0.507

Products

e-Lipid - 1

Table 15.: Fatty acid synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID Stoichiometric coefficient

Reactants

Octanoyl-[acp] C05752 0.012

Decanoyl-[acp] C05755 0.038

Dodecanoyl-[acp] C05223 0.010

Hexadecenoyl-[acp] C05763 0.404

Hexadecanoyl-[acp] C05764 0.454

Linoleoyl-[acp] - 0.056

Oleoyl-[acp] C01203 0.026

Products

Fatty Acid - 1

ACP C00229 1

The LPS fraction in the overall biomass was retrieved from the X. campestris model but
was incremented afterwards with a percentage of the glycogen portion, as stated before.
For the LPS synthesis reaction it was assumed that the macromolecule was composed of
two major parts, a KDO2-Lipid A and glycosyl residues, where the former represents the
lipid A and an inner part of the core oligosaccharide and the latter comprises the outer
section of the core and the O-antigen. The distribution of glycosyl residues was inferred
based on the data reported for X. fastidiosa by Rapicavoli et al [134].

A manually created reaction for the production of peptidoglycan was assembled, while
the existing peptidoglycan synthesis KEGG pathway was ignored. This macromolecule ac-
counts for 0.0588 of the overall cell biomass, which was obtained by adapting data from the
E. coli model. As no description on X. fastidiosa peptidoglycan was found, information from
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Table 16.: Lipopolysaccharide synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric coefficient

(mmol/gLPS)

Reactants

KDO2-Lipid A C06026 0.419

dTDP-L-rhamnose C03319 0.343

UDP-D-Xylose C00190 0.0502

GDP-mannose C00096 0.00836

UDP-glucose C00029 0.00836

UDP-glucuronate C00167 0.00836

UDP-N-acetyl-alpha-D-
glucosamine

C00043 0.00125

Products

e-LPS - 1

UDP C00015 0.06817

GDP C00035 0.00836

dTDP C00363 0.343

E. coli was used to formulate the reaction [135]. According to the gathered data, peptido-
glycan is composed by two monosaccharide units and five amino acids, being one of them
D-glutamate. However, no pathway for the synthesis of this metabolite was found within
the network, thus it was replaced by the enantiomer, L-glutamate. Table 17 summarizes the
formulated reaction for peptidoglycan synthesis.

The remaining fraction of the biomass was assigned to Cofactors, which represent a group
of metabolites essential for enzyme functionality. By using the e-Biomass tool, a reaction
with a predefined set of metabolites was created. However, while the majority of them was
kept in the reaction, some had to be removed since no genomic or literature based evidence
was found for their synthesis in X. fastidiosa. Thiamine, pyridoxal and biotin are examples
of cofactors not included in the reaction. The stoichiometric coefficient of each cofactor,
shown in table 18, was calculated based on the assumption that each one should have the
same weight (in grams) in the overall biomass.

To finalize the biomass formulation, energy requirements were added to the model. Both
growth and non-growth associated energy requirements, represented in the form of ATP
moles per gram of biomass, were retrieved from the E. coli model [128]. A value of moles
of 53.5 ATP per gram of biomass per hour was assigned to the biomass equation, which
represents the growth associated energy, whilst a value of 3 moles of ATP per gram of
biomass per hour was allocated for maintenance energy.



4.3. Biomass and Energy Requirements 46

Table 17.: Peptidoglycan synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric Coefficient

(mmol/gPeptidoglycan)

Reactants

UDP-N-acetyl-alpha-D-
glucosamine

C00043 1.054

UDP-N-acetyl-muramate C01050 1.054

L-Lysine C00047 1.054

L-Alanine C00041 1.054

L-Glutamate C00025 1.054

D-Alanine C00133 2.108

Products

e-Peptidoglycan - 1

UDP C00015 2.108

H2O C00001 5.270

Table 18.: Cofactor synthesis reaction for X. fastidiosa subsp. pauca De Donno model.

Metabolite name KEGG ID
Stoichiometric coefficient

(mmol/gCofactor)

Reactants

CoA C00010 0.109

Glutathione C00051 0.271

Tetrahydrofolate C00101 0.187

NAD+ C00003 0.125

NADP+ C00006 0.112

Riboflavin C00255 0.221

FAD C00016 0.106

Putrescine C00134 0.945

Spermidine C00315 0.574

S-adenosyl-L-methionine C00019 0.209

Heme C00032 0.135

FMN C00061 0.183

Products

e-Cofactor - 1



4.4. Model Curation 47

The maximization of biomass production is the typical objective of simulations with
GSM models. However, compounds that compete for the same carbon pool, known to
be produced by the organism and not directly linked to the biomass reaction, have a zero
production rate during biomass maximization simulations. Exopolysaccharides, a known
product of X. fastidiosa and an important virulence factor during its life cycle [147], were
not included in the biomass reaction of this model. Instead, a pathway for the synthesis
of fastidian gum, the X. fastidiosa exopolysaccharide, was created based on information re-
trieved from available literature [148]. Without exopolysaccharides in the biomass reaction,
maximization of the biomass reaction would replicate the planktonic phase of X. fastidiosa
life cycle. On the other hand, to replicate the biofilm phase of the organism, a manually
created reaction that ensures both the production of biomass and exopolysaccharides, enti-
tled as ’R Coupled Biomass’, was added to the model. By maximizing this reaction during
simulations, synthesis of biomass and exopolysaccharides is forced at specific predefined
output ratios. Therefore, the developed X. fastidiosa model is able to replicate both stages
of the organisms’ life cycle. This strategy was based on the X. campestris model [129] and
the output ratios were adapted from published data [149]. Table 19 displays the established
ratios in both models.

Table 19.: Output ratios of competing entities in both X. campestris and X. fastidiosa models. The sum
of ratios are equal to 1.

Entity X. campestris X. fastidiosa

Output Ratio

Biomass 0.14 0.203

Glycogen 0.31 0

Exopolysaccharides 0.55 0.797

4.4 model curation

The current section displays all the changes made to the model during the model curation
phase.

4.4.1 Reversibility and Directionality

The assembled reactions in the network were firstly corrected, automatically, using mer-
lin’s tool. However, since the production of several biomass precursors remained compro-
mised and futile ATP generating cycles were found, manual curation efforts were made. A
total of 39 reactions were manually curated in order to address this issues. Table 20 shows a
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compiled list of reactions grouped by correction. Additionally, reactions added in following
steps of the manual curation were reviewed separately.

Table 20.: Summary of manually curated reactions, in terms of reversibility and directionality.

Correction Reaction List

Directionality change R02777, R03443, R00200, R01073, R00226, R01072, R00430,
R02017, R02019, R01138, R01858, R02024, R02018, R04292,
R03254, R00177, R03191, R03192, R01213, R02016, R03458,
R00937, R00940, R02241, R02864, R01132, R00572, R00659,

R00724

To Reversible R01512, R02291, R01652, R00936, R00939, R02300

To Irreversible R10948, R00848, R01257, R07641, R00351, R02093, R02094

4.4.2 Gap-Filling

Several metabolic gaps were found within the network, especially in amino acids, fatty
acid, phospholipid and cofactors pathways. To address this situation a total of 28 reactions,
represented in table 21, were added. Reactions R08161 and R03370 from the fatty acid
biosynthesis pathway were the only reactions included in the model without any evidence
at the genome and literature level.

According to published literature, X. fastidiosa is capable of de novo folate synthesis [150].
Reaction R05553, involved in folate biosynthesis, is promoted by aminodeoxychorismate
lyase (EC 4.1.3.38), which was not found to be encoded in the genome, since this enzyme
is hard to distinguish from the large branched-chain amino acid aminotransferase family
(EC 2.6.1.42) [150]. By analysing KEGG reference pathways of several X. fastidiosa strains,
it was found that the enzyme 3.1.3.1 (catalyzes reaction R04620) is encoded in multiple
strains of the organism. However, this enzyme is not encoded in the genome of X. fastiosa
subsp. pauca De Donno. This suggests that this strain might be defective in folate synthesis
or a different mechanism/enzyme is involved in this process. Despite the lack of genomic
evidence, the organism has been shown to grow in media that lacks folate in its composition
[115]. Hence, both reactions were included in the model to close the metabolic gaps of the
folate pathway.

Regardless of the absence of genomic evidence, two additional reactions, R07280 and
R02472, which are associated to riboflavin metabolism and pantothenate and Coenzyme A
(CoA) biosynthesis pathways, respectively, were included in the model. However, X. fastid-
iosa expresses genes of these pathways, which suggests metabolic capabilities to synthesize
these metabolites [118].
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Table 21.: Reactions added to the model during gap-filling analysis.

Reaction ID EC number Encoded in
Genome

Reference

R07390 2.7.8.- x -

R02029 3.1.3.27 x -

R08161 1.14.19.2 - -

R03370 1.14.19.2 - -

R00351 2.3.3.16 x -

R02164 1.3.5.1 x -

R07764 4.2.1.59 x -

R00259 2.3.1.1 x -

R02291 1.2.1.11 x -

R04475 2.6.1.17 x -

R00891 4.2.1.22 x -

R01290 4.2.1.22 x -

R00582 3.1.3.3 x -

R01776 2.3.1.31 x -

R10597 4.1.3.45 x [151]

R01993 3.5.2.3 x -

R01868 1.3.5.2 x -

R00485 3.5.1.1 x -

R00355 2.6.1.1 x -

R03314 Non-enzymatic - -

R04550 2.3.1.191 x -

R05075 2.3.1.243 x -

R05146 2.3.1.241 x -

R04620 3.1.3.1 - [150]

R05553 4.1.3.38 - [150]

R02472 1.1.1.169 - [118]

R07280 3.1.3.104 - [118]

R03222 1.3.3.4 x [152]

During the gap-filling process, misannotations were found and promptly corrected (ta-
ble 22). Generally, after reviewing blast results for each of the misannotated genes, a
solution was found. However, the metabolic function of two genes, B9J09 RS10630 and
B9J09 RS00885, was inferred from literature [151, 152]. B9J09 RS10630 displays a high sim-
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ilarity to the XanB2 gene of X. campestris, which is a bifunctional chorismatase related to
both ubiquinone and xanthomonadin synthesis [151]. Therefore, this gene was assigned
with EC numbers 4.1.3.45 and 4.1.3.40. Finally, gene B9J09 RS00885 was found to be linked
to porphyrin metabolism. This gene is homologous to the COG1981 gene of Acinobacter
baylyi, which encodes a novel protoporphyrinogen oxidase, an enzyme essential for the
biosynthesis of heme [152].

Table 22.: Annotation corrections made during gap-filling analysis.

Locus Tag Previous EC number New EC number

B9J09 RS09595 2.7.2.8 2.7.2.8, 2.3.1.1

B9J09 RS07910 - 1.2.1.11

B9J09 RS07665 2.6.1.11 2.6.1.11, 2.6.1.17

B9J09 RS09295 1.4.3.16 1.3.5.1

B9J09 RS09305 - 1.3.5.1

B9J09 RS02385 4.5.1.5, 2.5.1.47 4.2.1.22

B9J09 RS00940 - 3.1.3.3

B9J09 RS02720 2.3.1.- 2.3.1.31

B9J09 RS10630 3.3.2.13 4.1.3.45, 4.1.3.40

B9J09 RS09655 3.5.2.5 3.5.2.3

B9J09 RS09205 - 3.5.1.1

B9J09 RS00150 2.6.1.107, 2.6.1.57 2.6.1.1

B9J09 RS09430 2.3.1.- 2.3.1.191

B9J09 RS00430 2.3.1.241 2.3.1.243

B9J09 RS08000 2.3.1.- 2.3.1.241

B9J09 RS00885 - 1.3.3.4

B9J09 RS10990 3.1.3.- 3.1.3.27

4.4.3 Reaction’s Balance

Relying on merlin’s tool, 102 reactions were found to be unbalanced. These reactions
were reviewed one by one and corrected, if needed. Table 23 summarizes the corrections
made, by grouping the number of reactions by correction. Multiple reactions related to
the biomass pathway or containing formula-less participating metabolites were incorrectly
considered as unbalanced. As a result, the missing metabolite formulae was added, when
possible, or the reaction was ignored. Additionally, spontaneous and unconnected unbal-
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anced reactions were promptly removed from the model. The most common mistake out
of the 51 corrected reactions lies in the incorrect number of protons.

Table 23.: Summary of corrections made during reaction balance manual curation.

Correction Number of Reactions

Add proton (H+) to products 8

Add proton (H+) to reactants 17

Remove proton (H+) from reactants 2

Metabolite breakdown 3

Add H2O to products 1

Added Missing Formulae 20

Remove Reaction 21

None 30

A specific case of corrections is related to metabolite breakdown reactions. Usually, these
reactions display the same metabolite as reactant and product, which leads to flux issues
during in silico simulations. Reactions of this nature found within the network, displayed
in table 24, were corrected.

Table 24.: Reactions associated to metabolite breakdown errors and their respective correction.

Reaction Before Correction After Correction

R01105 Galactan + H2O =>D-Galactose +
Galactan

Galactan + H2O =>2 D-Galactose

R01982 Pectate + H2O =>D-Galacturonate +
Pectate

Pectate + H2O =>2 D-Galacturonate

R11307 Cellulose + H2O <=>Cellulose +
Cellodextrin

Cellulose + H2O =>2 Cellodextrin

4.5 model validation

The current section shows the results obtained during the X. fastidiosa model validation
phase.

4.5.1 Aerobic Metabolism

The aerobic metabolism, an essential part of X. fastidiosa survival, was the first aspect
evaluated of the reconstructed model. However, before initiating this process, the oxidative
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phosphorylation pathway was manually created and inserted in the model, since these reac-
tions are not automatically integrated to the model. Enzymatic complexes of this pathway,
such as NADH dehydrogenase, succinate dehydrogenase, ubiquinol oxidase and ATP syn-
thase, were identified in the organism’s genome. A manual created compartment, entitled
as ’pmf’, was created to simulate the periplasmatic space and the generated electrochemi-
cal proton gradient generated by most of these enzymatic complexes. In addition, since no
information was found for X. fastidiosa P/O ratio, the included pathway was adapted from
the oxidative phosphorylation of the X. campestris model, which displays a P/O ratio of 1.

An aerated environment resulted in the prediction of growth, while an anaerobic environ-
ment (oxygen uptake rate restrained to zero) led to no growth prediction. In fact, the model
was infeasible in an oxygen restricted environment, meaning that not even the ATP main-
tenance requirements could be fulfilled. Therefore, a viable energy synthesis metabolism
can only be obtained in an aerated environment, which reflects the in vivo situation of the
pathogen.

4.5.2 Metabolic Flux Pattern

In a cellular growth only (without synthesis of exopolysaccharides) maximization condi-
tion, 90% and 8% of the carbohydrate flux is predicted to be directed through the Entner-
Doudoroff and Pentose phosphate pathways, respectively. These predictions fall within
range of experimentally determined carbon fluxes for several xanthomonads [153], includ-
ing X. campestris [138], which range between 81-93% and 7-19% for the Entner-Doudoroff
and pentose phosphate pathways. A visualization of the glucose degradation route is dis-
played in figure 8.

The availability and activity of three different glucose catabolism pathways is a highly
unexpected feature. Considering that the glycolysis is the most energetically efficient path-
way, the question on why the Entner-Doudoroff pathway is the prevalent catabolic route
arises. As previously stated, X. fastidiosa contains a pyrophosphate-dependent phospho-
fructokinase that displays low processivity. This enzyme also represents a minimal fraction
of the total proteome in related organisms [129]. Therefore, flux through glycolysis might
be limited by this enzyme. Additionally, it is noteworthy to mention that the lack of ac-
tivity of aldolase, the enzyme responsible for the reaction after phosphofructokinase, has
been reported for X. fastidiosa [137]. In the absence of this enzyme’s activity, glycolysis is
impaired.

The Entner-Doudoroff pathway may offer an advantageous property for X. fastidiosa. This
pathway generates NADPH, which is involved both in biosynthetic reactions and the detoxi-
fication of reactive oxygen species. These reactive species are often produced by plants upon
detection of invasive pathogens [154] and can be used as a defense response mechanism
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Figure 8.: Schematic view of the carbon flux distribution predicted for X. fastidiosa. Arrow width
indicates the flux magnitude (not proportional to predicted fluxes) through reactions/-
pathways. Terms in black, green and blue represent metabolites, enzymes and pathways,
respectively. Glc-6P, glucose 6-phosphate; GlcLact-6P, D-glucono-1,5-lactone 6-phosphate;
Fru-6P, fructose 6-phosphate; Fru-1,6P2, fructose 1,6-biphosphate; GAP, D-glyceraldehyde
3-phosphate; DHAP, glycerone phosphate; Glyc-1,3P2, 3-Phospho-D-glyceroyl phosphate;
Glyc-3P, 3-Phospho-D-glycerate; Glyc-2P, 2-Phospho-D-glycerate; PEP, phosphoenolpyru-
vate; Pyr, pyruvate; glk, glucokinase; pgi, glucose 6-phosphate isomerase; pfk, phos-
phofructokinase; fba, aldolase; tpi, triosephosphate isomerase; gapdh, glyceraldehyde
3-phosphate dehydrogenase; pgk, phosphoglycerate kinase; pgam, phosphoglycerate mu-
tase; eno, enolase; pk, pyruvate kinase; g6pd, glucose 6-phosphate 1-dehydrogenase; ED,
Entner-Doudoroff; PPP, Pentose phosphate pathway; TCA, Citrate Cycle.
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against these organisms [155]. Pseudomonas putida, a bacterium known to metabolize glu-
cose via Entner-Doudoroff pathway, as been shown to be highly tolerant to oxidative stress.
However, a transgenic P. putida with an activated glycolysis, was proven to be sensitive to
reactive oxygen species [156]. Thus, an inactivated Entner-Doudoroff pathway results in
an insufficient redox potential (NADPH), necessary to resist against oxidative stress. In
conclusion, this can be a possible explanation for the use of Entner-Doudoroff pathway
both as a catabolic route of glucose and as a source of redox potencial (fundamental as a
counteracting measure against plant defense mechanisms) for X. fastidiosa.

4.5.3 Specific Growth and Exopolysaccharide production rates

In silico simulations predicted a growth rate of 0.1125 h-1 and a specific production rate
of 0.44 mmol/gDW/h of fastidian gum for the X. fastidiosa model, as shown in table 25.
These results do not deviate significantly from the experimental data and corroborate with
the fact that X. fastidiosa displays a slower growth rate and exopolysaccharide production
rate than X. campestris [157, 158].

Table 25.: Predicted specific growth and exopolysaccharide production rates for X. fastidiosa and X.
campestris models, as well as experimental data of X. campestris retrieved from Letisse et
al.[140]

Source
Growth Rate

(h-1)

Exopolysaccharide production

(mmol/gDW/h)

X. fastidiosa Model 0.11 0.44

X. campestris Model 0.12 0.47

X. campestris experimental
data

0.13 0.52

An assessment on other end-products of the X. fastidiosa metabolism was performed
through a in silico simulation, using the previously given environmental conditions. The
obtained products and the corresponding synthesis rate are compiled and presented in ta-
ble 26. Both water (H2O) and carbon dioxide (CO2) are natural by-products of an aerobic
metabolism, which results in a higher production rate for these metabolites than the remain-
ing predicted end-products. On the other hand, predictions indicate a small production of
xanthomonadin and formate while glycolaldehyde, protons and acetate are synthesized in
residual amounts.

Before achieving the previously presented results, model debugging procedures had to
be performed. Both the synthesis of xanthomonadin and formate were inferred by study-
ing the organisms’ metabolic network, which resulted in the addition of carriers for these
metabolites, as previously stated in section 4.2.
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Table 26.: Production rate of metabolites predicted by a in silico simulation.

Metabolite
Production Rate

(mmol/gDW/h)

H2O 11.605

CO2 4.888

Xanthomonadin 0.0815

Formate 0.0182

Glycolaldehyde 0.00149

H+
0.00026

Acetate 0.00016

While analysing the metabolic network, it was found that the transaldolase enzyme (EC
2.2.1.2) was not encoded in X. fastidiosa’s genome. As a result, D-Erythrose-4-Phosphate pro-
duced in the pentose phosphate pathway could not be maintained at a steady-state during
model simulations. Since this metabolite could only be metabolized through the shikimate
pathway, dead-end metabolites in the vicinity of this pathway were analysed. Through re-
search, it was discovered that chorismate, the final metabolite of the shikimate pathway, is
linked to the synthesis of ubiquinone and xanthomonadins through a bifunctional choris-
matase [151], encoded in the genome of X. fastidiosa.

Xanthomonadins are yellow pigments with photobiological damage protection properties
synthesized by Xanthomonas spp.[159] Essential genes involved in this metabolite produc-
tion have been reported for X. campestris [160]. To ensure that X. fastidiosa was able to
effectively synthesize xanthomonadins, homologues of the aforementioned essential genes
were sought in the organism’s genome. As a result, it was found that X. fastidiosa contains
all the necessary genes to produce xanthomonadins, which lead to the inclusion of this
metabolite in the model, resolving the steady-state issue of D-Erythrose-4-phosphate.

According to the model’s predictions, formate is produced as a by-product in cofactors
synthesis pathways. However, no enzymes that could metabolize the produced formate,
such as formate dehydrogenase, which converts formate into carbon dioxide [161], were
identified in the reconstructed network. Therefore, the formate transport reaction was
introduced in the model to obtain a feasible model.

4.5.4 Metabolism under different carbon sources

Considering an uptake rate of 2mmol/gDW/h of glucose, the model reported in this
work predicts a growth rate of 0.06h-1, in opposition to a value of 0.05h-1 for X. campestris.
In addition, the same results are observable for growth under fructose. With this carbon



4.5. Model Validation 56

intake, it seems that X. fastidiosa displays a higher rate growth rate than X. campestris, which
opposes the gathered data stating a lower growth rate for X. fastidiosa[157]. Hence, it is hy-
pothesized that X. fastidiosa should have a slower uptake rate than X. campestris for carbo-
hydrates in a in vivo situation. Note that, as presented in figure 9, no growth was predicted
both under sucrose or mannose for X. fastidiosa, while the organic acid malate supports the
growth of the organism.

Figure 9.: Growth rates predictions under different carbon sources by X. fastidiosa and X. campestris
models. Experimental data from X. campestris is also presented.

Growth under sucrose seems to be a highly unlikely feature for X. fastidiosa. Firstly, no
invertase was found to be encoded in the organism’s genome during the annotation proce-
dures. Additionally, X. fastidiosa possesses a significantly lower number of TonB-Dependent
Receptor proteins than the related xanthomonad X. campestris [162]. These proteins have
been reported to be related to the transport of sucrose in X. campestris. Therefore, a ho-
mology search was performed to check if X. fastidiosa contained this transport mechanism.
However, no homologues were found in the organism’s genome, which leads to the conclu-
sion that the phytopathogenic bacterium might be a defective sucrose scavenger.

X. fastidiosa also seems unable to use mannose as carbon source for its growth. The
lack of a mannokinase enzyme in the genome of the phytopathogen, responsible for the
phosphorylation of D-Mannose to D-Mannose 6-phosphate, creates a metabolic gap be-
tween D-Mannose and the remaining catabolic network. Therefore, the only possible way
to use mannose as a carbon source would be through a sugar Phosphotransferase System
(PTS), which phosphorylates mannose upon its transport across the membrane. Auxiliary
enzymes of the PTS have been found in X. fastidiosa but only one subunit of the mannose
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permease is encoded in its genome [145]. It still remains unclear if X. fastidiosa is able to
use a PTS to import carbohydrates. Here, it is proposed that the phytopathogen might be
deficient in this sugar transport mechanism.

Growth predictions were also performed for other carbon sources, such as lactose, galac-
tose, glycerol, citrate and succinate. In silico simulations predict growth under lactose,
glycerol, citrate and succinate, while galactose was unable to support X. fastidiosa’s growth.

The organism seems to be capable to degrade lactose through a beta-galactosidase, which
breaks the metabolite into glucose and galactose. This enzyme displays a strong homology
to eukaryotic beta-galactosidases and it has been proposed that it might have evolved from
a cellulase or was acquired by horizontal gene transfer from a plant host [163]. However,
according to data from X. campestris, the enzyme displays a low level of substrate affinity
[164].

Organic acids, such as citrate, succinate and malate, are components of the xylem sap [84],
and have been reported to support the growth of X. fastidiosa [143]. As previously stated,
the reconstructed model can accurately predict growth under these conditions. According
to our predictions, to synthesize several biomass precursors using organic acids as a car-
bon source, it is necessary to perform gluconeogenesis. Previous studies indicated that the
gluconeogenesis pathway was incomplete due to the missing fructose-1,6-biphosphatase
enzyme [3]. Unlike ATP-dependent phosphofructokinase, the pyrophosphate-dependent
phosphofructokinase (detected in X. fastidiosa) catalyzed reaction is reversible, indicating
that it can replace the fructose-1,6-biphosphatase in the gluconeogenesis pathway [139].
Therefore we assume that X. fastidiosa can use the gluconeogenesis pathway, unlike previ-
ously thought.

4.5.5 Amino acid auxotrophies

In silico simulations of the model predicted growth in any singular amino acid omission,
which indicates that X. fastidiosa does not display auxotrophy for amino acids, as shown
in table 27. The fact that all the enzymes necessary for the synthesis of amino acids are
encoded in X. fastidiosa’s genome shows the extensive metabolic biosynthetic capabilities of
the organism. This might be an essential feature of the phytopathogenic bacterium, since
the organism survives in a poor and limited nutrient environment. As stated in section
3.7.5, no auxotrophies are reported for X. fastidiosa. Moreover, as the organism is able to
grow in an environment where glutamine functions as the sole nitrogen source [141], it is
assumed that the reconstructed model correctly predicts the behavior of the organism.

Another aspect investigated during this stage was availability of amino acid catabolic
routes for X. fastidiosa. According to our predicitons, glycine, alanine, asparagine, aspartate,
glutamate, glutamine and serine can be used as both carbon and nitrogen sources, since
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Table 27.: Results of amino acids auxotrophies obtained for X. fastidiosa subsp. pauca De Donno.

Amino Acid Omission Predicted Growth Auxotrophy

Glycine Yes No

L-Alanine Yes No

L-Arginine Yes No

L-Asparagine Yes No

L-Aspartate Yes No

L-Cysteine Yes No

L-Glutamate Yes No

L-Glutamine Yes No

L-Histidine Yes No

L-Isoleucine Yes No

L-Leucine Yes No

L-Lysine Yes No

L-Methionine Yes No

L-Phenylalanine Yes No

L-Proline Yes No

L-Serine Yes No

L-Threonine Yes No

L-Tryptophan Yes No

L-Tyrosine Yes No

L-Valine Yes No

enzymes related to the breakdown of these amino acids are encoded in the organisms’
genome.

4.5.6 Growth in different chemically defined media

Qualitative analysis for growth predictions by X. fastidiosa model in several different
chemically defined media was performed. The comparison between the results obtained by
in silico simulations and experimental data for each of the tested media is displayed in table
28. Only XfD6, XfD8 and XfD9 do not display growth of X. fastidiosa experimentally, which
can be caused by the lack of an iron source. Note that only one discrepancy is observed
between the growth predictions results and experimental growth, which is for the XfD9

medium. Designed media by Almeida et al. [142], XfD1-XfD9, contain as an iron source
a porphyrin (heme) or iron pyrophosphate. According to their experiments, X. fastidiosa
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growth is not supported in media lacking porphyrin in its composition [142]. However,
this opposes data from all the other developed media for X. fastidiosa growth, such as
CHARD2, 3G10-R [115], XDM1-XDM5 [141] and XF-26 [143]. Therefore, it is assumed that
the phytopathogenic bacterium is able to grow in a medium without a protoporphyrin in
its composition, and that the reconstructed model accurately predicts this situation.

Table 28.: Qualitative evaluation of model predictions simulating several chemically defined media
developed for X. fastidiosa.

Medium Model Predicted Growth Experimental Growth

CHARD2 Yes Yes

3G10-R Yes Yes

XDM1 Yes Yes

XDM2 Yes Yes

XDM3 Yes Yes

XDM4 Yes Yes

XDM5 Yes Yes

XF-26 Yes Yes

XfD1 Yes Yes

XfD2 Yes Yes

XfD3 Yes Yes

XfD4 Yes Yes

XfD5 Yes Yes

XfD6 No No

XfD7 Yes Yes

XfD8 No No

XfD9 Yes No

A common trait among all the tested media is the presence of glutamine in its compo-
sition. In fact, several media use glutamine as a sole nitrogen source (see section 3.7.6 for
media composition) and support the growth of X. fastidiosa, which indicates a lack of aux-
otrophies for the organism, as stated and predicted in the previous section. The growth
of X. fastidiosa in the CHARD2 medium also displays an interesting property of metabolic
capabilities of the organism. Since this medium does not contain a carbon source in its
composition, we assume that X. fastidiosa possesses catabolic routes for some amino acids,
as indicated previously.
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4.6 topological analysis of the model

The final model of X. fastidiosa subsp. pauca De Donno is available in SBML level 3

file at https://bit.ly/33jotWk. Out of the 2066 genes encoded in this strain genome only 524

were actually used in the reconstruction process. This representation is relatively low when
compared to the total number of genes, but nevertheless reasonable, as GSM models usually
only encompass metabolic genes.

Currently, the model contains a set of 1280 metabolic reactions, whereas 881 comprise
the internal metabolic network, 256 are transport reactions and the remaining 143 represent
exchange reactions (Drains). A total of 246 reaction of the model are not associated to
genes. These reactions encompass both drains and spontaneous reactions as well as some
reactions related to the biomass pathway and inserted manually without genomic evidence.
Additionally, only a small part of the reaction set is not associated to any KEGG metabolic
pathway, as shown in table 29.

Table 29.: Summary of the reconstructed network of X. fastidiosa’s model.

Number of Reactions

Reactions 1280

Transport Reactions 256

Drains 143

Reactions Non-associated to genes 246

Spontaneous Reactions 68

Biomass Reactions 12

Reactions Non-Associated to Pathways 97

Despite the manual curation efforts made throughout this work, several reactions may
remain unconnected from the remaining metabolic network. These reactions might be asso-
ciated to metabolic properties not studied during the GSM model reconstruction. However,
the unconnected reactions should not cause any impairment during in silico simulations.

Model’s reactions are distributed among various metabolic pathways. Pathways asso-
ciated to carbon metabolism, amino acids and nucleic acids biosynthesis are complete,
whereas pathways associated to the synthesis of antibiotics such as novobiocin and strep-
tomicyn are heavily incomplete. Additionally, several cofactor biosynthetic pathways are
present in the model. The set of pathways also include 3 manually created pathways: ox-
idative phosphorylation, exopolysaccharide biosynthesis and xanthomonadin biosynthesis.
A detailed description of reaction distribution by pathway can be accessed through the
supplementary file A.2.
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4.7 drug targets

Optflux’s ’Critical genes’ tool predicted a total of 223 and 214 essential genes for biofilm
and planktonic growth simulations, respectively, in a CHARD2 replicated environment.
However, only a small set of these critical genes had no homologies with sequences from
O. europaea. These genes’ locus tags are represented in Supplementary file A.3, were it
accounts for 53 genes in the biofilm prediction and 44 genes in the planktonic prediction.

The difference between these two predictions rely on a total of 9 genes, all of them as-
sociated with the synthesis of exopolysaccharides (represented in bold in Supplementary
file A.3). However, as the organism is able to grow without producing exopolysaccha-
rides (planktonic state) and studies have shown that mutations in genes associated with
exopolysaccharide production do not impair growth in vitro [165]. Hence, these 9 genes
were not considered essential for X. fastidiosa. Additionally a study has shown that when
DSF production is blocked, resulting in no production of exopolysaccharides, X. fastidiosa
displays an hypervirulent phenotype [166]. Therefore, targeting genes related to the syn-
thesis of exopolysaccharides could be counterproductive against the phytopathogen.

Genes associated to xanthomonadin synthesis reaction (B9J09 RS06665, B9J09 RS10610,
B9J09 RS10585, B9J09 RS10605 and B9J09 RS10620) were predicted to be essential in both
simulations. According to Poplawsky et al. [159], the survival rate of a X. campestris xan-
thomonadin mutant strain is tremendously lower than wild type strains, as this compound
protects the organism against photobiological damage. However, despite being considered
essential genes, as the xanthomonadin biosynthetic pathway is poorly described, it was not
possible find any drugs that could target enzymes encoded by these genes. Nevertheless, it
should be interesting to test experimentally xanthomonadin essentiality in X. fastidiosa.

The remaining essential genes are associated to multiple biosynthetic pathways, as shown
Table 30. Note that the most prominent metabolic pathways include the synthesis of LPS,
amino acid, cofactors, CoA and the shikimate pathway.

Table 30.: Pathways or metabolic functions associated to essential genes.

Gene Biosynthetic Pathway/Function

B9J09 RS07735 LPS synthesis

B9J09 RS08985 Encodes ATP Synthase subunit

B9J09 RS00100 Shikimate Pathway

B9J09 RS00145 Pyrimidine/Purine synthesis

B9J09 RS00430 LPS synthesis

B9J09 RS00480 Amino Acid synthesis (Lysine)
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B9J09 RS00870 Phospholipid synthesis

B9J09 RS01165 Nucleotide Sugar synthesis

B9J09 RS03245 Pyrimidine/Purine synthesis

B9J09 RS03250 Cofactor synthesis

B9J09 RS03315 Amino Acid synthesis (Tyrosine)

B9J09 RS03845 Amino Acid synthesis (Histidine)

B9J09 RS04015 Cofactor synthesis

B9J09 RS04800 Pyrimidine/Purine synthesis

B9J09 RS04890 Cofactor synthesis

B9J09 RS06005 Phospholipid synthesis

B9J09 RS06185 Cofactor synthesis

B9J09 RS06205 CoA synthesis

B9J09 RS08675 Phospholipid synthesis

B9J09 RS09170 Amino Acid synthesis (Lysine)

B9J09 RS09480 Phospholipid synthesis

B9J09 RS09830 Cofactor synthesis

B9J09 RS10190 Amino Acid synthesis (Methionine)

B9J09 RS10245 D-Alanine synthesis

B9J09 RS10630 Shikimate Pathway

B9J09 RS10990 Phospholipid synthesis

B9J09 RS11045 LPS synthesis

B9J09 RS01155 LPS synthesis

B9J09 RS00200 Shikimate Pathway

B9J09 RS00940 Amino Acid synthesis (Serine)

B9J09 RS08000 LPS synthesis

B9J09 RS07150 Cofactor synthesis

B9J09 RS00885 Cofactor synthesis

B9J09 RS01020 CoA synthesis

B9J09 RS01930 Phospholipid synthesis
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B9J09 RS03580 Transport of carbon based molecules

B9J09 RS09020 Nucleotide Sugar synthesis

B9J09 RS09690 CoA synthesis

B9J09 RS02865 Pyrimidine/Purine synthesis

Only experimental drugs with unknown action mechanisms were found in DrugBank
[144], for the enzymes encoded by the predicted essential genes. Therefore, it was not
possible to find any inhibiting drugs for essential genes of X. fastidiosa. Nevertheless, the
number of possible drug targets from a much larger set of metabolic genes was narrowed
down.

It was determined that genes B9J09 RS10630 and B9J09 RS00885 are relevant as potential
drug targets of X. fastidiosa. Gene B9J09 RS10630 encodes a bifunctional chorismatase, re-
quired for both the synthesis of ubiquinone and xanthomonadin [151]. This gene deletion
mutant should be impaired in ubiquinone and xanthomonadin synthesis, which could re-
duce greatly the organism defense against oxidative stress, as both metabolites are known
to provide resistance to oxidative stress [167, 159]. Other potential drug target, gene
B9J09 RS00885, encodes a novel protoporphyrinogen oxidase. By disrupting this gene the
organism should be unable of de novo synthesis of heme, which is essential for respiratory
processes in aerobic organisms [168]. Additionally, it is assumed that targeting amino acids
biosynthetic pathways could severely affect the organism survival, as its in vivo environ-
ment is very nutrient-limited.
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C O N C L U S I O N A N D F U T U R E W O R K

In this work, a GSM model of X. fastidiosa subsp. pauca De Donno (iMS524) is pre-
sented. To the best of our knowledge, it is the first metabolic model of the phytopathogenic
bacterium. This manually curated GSM model is capable of simulating the phenotypic
behavior of the organism, which can serve as a starting point to unveil various metabolic
properties of X. fastidiosa as well as to identify new therapeutic targets to fight off this
agricultural-destructive phytopathogen.

High-quality genome annotation and extensive manual curation efforts, based on litera-
ture, biological databases, organism-specific and related-organisms information, were made
in order to elevate the model’s predictive capabilities and reliability. Therefore, this model
can simulate two stages of X. fastidiosa life cycle in planta, the planktonic and biofilm phases,
as well as several environmental conditions with trustworthy qualitative and quantitative
results.

Model’s predictions indicate the organism’s extensive biosynthetic metabolic capabilites.
For instance, all amino acids synthesis pathways are available in X. fastidiosa’s genome, and
its functionality was shown through the reconstructed metabolic network, proving the lack
of amino acid auxotrophies in X. fastidiosa. In addition, the phytopathogen’s carbohydrate
utilization was thoroughly explored, in which specific metabolic properties were found.
The usage of Entner-Doudoroff pathway as means to degrade carbon might confer an ad-
vantage during growth in planta, since it generates redox potential necessary to defend the
organism against oxidative stress.

Coupling the organism’s extensive metabolic potential with fact that it infects and sur-
vives within xylem vessels, a nutrient scarce environment, the model accurately predicts X.
fastidiosa’s growth under these nutrient-limited conditions.

One of the major goals of this work was to identify potential drug targets of the phy-
topathogenic bacterium. Despite the lack of information on inhibiting drugs for the iden-
tified essential genes, we determined an interesting set of genes/enzymes that should be
subjected to further research. Additionally, other environmental conditions could be ap-
plied to determine potential drug targets for the organism.
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The overall biomass composition adopted for this model was based on data retrieved es-
sentially from literature of closely-related organisms and other reconstructed GSM models.
Although this does not pose as a problem for model’s in silico simulations, organism-specific
information on biomass composition would enhance the model’s reliability even further. In
addition, the lack of experimental data for X. fastidiosa limits the extent of applications
for the reconstructed model. Therefore, as long as new experimental data regarding the
phytopathigen is published, further updates and improvements to the GSM model can be
performed at any time, if needed.

The periplasmatic space, a delimited space between the inner and outer membranes in
gram-negative bacteria, is not included in the reconstructed model. Including this compart-
ment, could provide additional insight on metabolite movement across both membranes of
the organism.

An important aspect of X. fastidiosa’s life cycle is its transmission through an insect vector.
While this was not explored throughout this work, the model could possibly be used to
study metabolic properties while X. fastidiosa resides inside its vector. The utilization of
chitin by the bacterium as carbon source seems to be a required trait for the organism host
colonization [169, 170] and should also be accessed in future work.

The present model could serve as a base to develop other X. fastidiosa strains’ GSM mod-
els. By comparing the metabolic capabilities among different subspecies of X. fastidiosa it
could be possible to check if the metabolic potential of these subspecies is correlated to
their respective host specificity range. In addition, identifying potential drug targets in
other strains and subspecies of X. fastidiosa could pinpoint a common target among sub-
species.
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[150] Valérie De Crécy-Lagard, Basma El Yacoubi, Rocı́o Dı́az de la Garza, Alexandre
Noiriel, and Andrew D. Hanson. Comparative genomics of bacterial and plant fo-
late synthesis and salvage : predictions and validations. BMC Genomics, 8(245):1–15,
2007.

[151] Lian Zhou, Jia-Yuan Wang, Jianhe Wang, Alan Poplawsky, Shuangjun Lin, Bangshang
Zhu, Changqing Chang, Tielin Zhou, Lian-Hui Zhang, and Ya-Wen He. The diffusible
factor synthase XanB2 is a bifunctional chorismatase that links the shikimate pathway
to ubiquinone and xanthomonadins biosynthetic pathways. Molecular Microbiology,
87(1):80–93, 2013.

[152] Tye O. Boynton, Svetlana Gerdes, Sarah H. Craven, Ellen L. Neidle, John D. Phillips,
and Harry A. Dailey. Discovery of a Gene Involved in a Third Bacterial Protopor-
phyrinogen Oxidase Activity through Comparative Genomic Analysis and Functional
Complementation. Applied and Environmental Microbiology, 77(14):4795–4801, 2011.

[153] A. C. Zagallo and C. H. Wang. Comparative Glucose Catabolism of Xanthomonns
Species. Journal of Bacteriology, 93(3):970–975, 1967.

[154] Julia Bailey-Serres and Ron Mittler. The Roles of Reactive Oxygen Species in Plant
Cells. Plant Physiology, 141:311, 2006.

[155] Jose A. O’Brien, Arsalan Daudi, Vernon S. Butt, and G. Paul Bolwell. Reactive oxygen
species and their role in plant defence and cell wall metabolism. Planta, 236:765–779,
2012.

[156] Max Chavarrı́a, Pablo I. Nikel, Danilo Pérez-pantoja, Vı́ctor De Lorenzo, San José, and
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Andréa C.D. Virgı́lio, João L. Azevedo, and Patrı́cia B. Monteiro. Disruption of Xylella
fastidiosa CVC gumB and gumF genes affects biofilm formation without a detectable
influence on exopolysaccharide production. FEMS Microbiology Letters, 257(1):236–
242, 2006.

[166] Ellen D. Beaulieu, Michael Ionescu, Subhadeep Chatterjee, Kenji Yokota, Dirk Trauner,
and Steven Lindow. Characterization of a diffusible signaling factor from Xylella
fastidiosa. mBio, 4(1):1–9, 2013.

[167] Britta Soballe and Robert K. Poole. Microbial ubiquinones: multiple roles in respi-
ration, gene regulation and oxidative stress management. Microbiology, 145(1):1817–
1830, 1999.

[168] Jeffery A. Mayfield, Carolyn A. Dehner, and Jennifer L. DuBoius. Recent advances in
bacterial heme protein biochemistry. Current Opinion in Chemical Biology, 15(2):260–
266, 2011.



Bibliography 85

[169] Nabil Killiny, Simone S. Prado, and Rodrigo P. P. Almeida. Chitin Utilization by the
Insect-Transmitted Bacterium Xylella fastidiosa. Applied and Environmental Microbiol-
ogy, 76(18):6134–6140, 2010.

[170] Fabien Labroussaa, Michael Ionescu, Adam R. Zeilinger, Steven E. Lindow, and Ro-
drigo P. P. Almeida. A chitinase is required for Xylella fastidiosa colonization of its
insect and plant hosts. Microbiology, 163:502–509, 2017.



A
S U P P O RT M AT E R I A L

a.1 generic metabolites

Table 31.: Generic metabolites automatically removed from the metabolic network. Reactions associ-
ated with these compounds were also removed.

Metabolite Name KEGG ID

Peptide C00012

Protein C00017

Acceptor C00028

Reduced acceptor C00030

DNA C00039

Amino acid C00045

RNA C00046

Carboxylate C00060

L-Amino acid C00151

2-Oxo acid C00161

NTP C00201

Primary alcohol C00226

rRNA C00240

NDP C00454

Protein tyrosine C00585

Protein histidine C00615

Deoxynucleoside triphosphate C00677

86



A.1. Generic Metabolites 87

Base C00701

DNA adenine C00821

DNA cytosine C00856

Ribonucleoside C00911

Sugar phosphate C00934

Aromatic oxo acid C00972

Aromatic amino acid C01021

Protein tyrosine phosphate C01167

5’-Phospho-DNA C02128

Deoxynucleoside C02269

Protein Dithiol C02315

’Activated’ tRNA C02342

L-Leucyl-protein C02429

Protein disulfide C02582

Protein glutamine C02583

[Protein]-L-cysteine C02743

DNA 5-methylcytosine C02967

Peptide-L-methionine C03023

(5-L-Glutamyl)-peptide C03193

Protein L-isoaspartate C03306

5-L-Glutamyl amino acid C03363

DNA 6-methylaminopurine C03391

Peptidylproline (omega=0) C03633

Ribonucleoside diphosphate C03723

(5-L-Glutamyl)-L-amino acid C03740

Peptidylproline (omega=180) C03798

Protein S-methyl-L-cysteine C03800

Ribonucleoside triphosphate C03802

Substituted beta-amino acid C03806
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Peptide-L-methionine (S)-S-oxide C03895

rRNA containing N2-methylguanine C04153

tRNA containing a thionucleotide C04161

DNA containing 6-O-methylguanine C04250

Protein N(pi)-phospho-L-histidine C04261

Protein N(tau)-phospho-L-histidine C04262

Protein L-isoaspartate methyl ester C04311

Membrane-derived-oligosaccharide D-glucose C04566

Membrane-derived-oligosaccharide 6-(glycerophospho)-D-glucose C04809

alpha-Amino acid C05167

DNA containing guanine C11475

Sugar C11477

(S)-2-Hydroxyacid C15565

Quinone C15602

Hydroquinone C15603

Peptide-L-methionine (R)-S-oxide C15653

Protein N6-(lipoyl)lysine C16237

Protein N6-(dihydrolipoyl)lysine C16832

Adenine in rRNA C20648

N6-Dimethyladenine in rRNA C20796

Protein N5-methyl-L-glutamine C20858

5’-Triphospho-[mRNA] C20864

DNA 5-hydroxymethylcytosine C21031
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a.2 reaction distribution

Table 32.: Reaction distribution among the different pathways included in the model.

Pathway Number of Reactions

2-Oxocarboxylic acid metabolism 36

Acarbose and validamycin biosynthesis 2

Aflatoxin biosynthesis 1

Alanine, aspartate and glutamate metabolism 23

alpha-Linolenic acid metabolism 4

Amino sugar and nucleotide sugar metabolism 20

Aminoacyl-tRNA biosynthesis 20

Aminobenzoate degradation 2

Arachidonic acid metabolism 3

Arginine and proline metabolism 15

Arginine biosynthesis 15

Ascorbate and aldarate metabolism 7

Benzoate degradation 1

Benzoxazinoid biosynthesis 1

beta-Alanine metabolism 4

Betalain biosynthesis 12

Biomass Pathway 12

Biosynthesis of unsaturated fatty acids 1

Biosynthesis of vancomycin group antibiotics 1

Biotin metabolism 13

Butanoate metabolism 2

C5-Branched dibasic acid metabolism 3

Caprolactam degradation 4

Carbapenem biosynthesis 3

Carbon fixation in photosynthetic organisms 13
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Carbon fixation pathways in prokaryotes 16

Chloroalkane and chloroalkene degradation 3

Chlorocyclohexane and chlorobenzene degradation 6

Citrate cycle (TCA cycle) 17

Cyanoamino acid metabolism 10

Cysteine and methionine metabolism 37

D-Alanine metabolism 2

D-Glutamine and D-glutamate metabolism 6

Degradation of aromatic compounds 2

Drains pathway 143

Drug metabolism - cytochrome P450 3

Drug metabolism - other enzymes 16

Exopolysaccharide Biosynthesis 5

Fatty acid biosynthesis 40

Fatty acid degradation 8

Fatty acid elongation 7

Fatty acid metabolism 44

Folate biosynthesis 27

Fructose and mannose metabolism 12

Galactose metabolism 4

Geraniol degradation 1

Glucosinolate biosynthesis 3

Glutathione metabolism 15

Glycerolipid metabolism 6

Glycerophospholipid metabolism 13

Glycine, serine and threonine metabolism 22

Glycolysis / Gluconeogenesis 17

Glyoxylate and dicarboxylate metabolism 12

Histidine metabolism 10
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Indole alkaloid biosynthesis 4

Inositol phosphate metabolism 4

Isoquinoline alkaloid biosynthesis 1

Limonene and pinene degradation 4

Lipoic acid metabolism 1

Lipopolysaccharide biosynthesis 19

Lysine biosynthesis 14

Lysine degradation 2

Metabolism of xenobiotics by cytochrome P450 23

Methane metabolism 13

Monobactam biosynthesis 5

Neomycin, kanamycin and gentamicin biosynthesis 1

Nicotinate and nicotinamide metabolism 14

Nitrogen metabolism 6

Novobiocin biosynthesis 2

One carbon pool by folate 19

Oxidative Phosphorylation 4

Pantothenate and CoA biosynthesis 16

Pentose and glucuronate interconversions 5

Pentose phosphate pathway 15

Phenazine biosynthesis 9

Phenylalanine metabolism 4

Phenylalanine, tyrosine and tryptophan biosynthesis 22

Phenylpropanoid biosynthesis 1

Polyketide sugar unit biosynthesis 4

Porphyrin and chlorophyll metabolism 17

Propanoate metabolism 8

Purine metabolism 56

Pyrimidine metabolism 36
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Pyruvate metabolism 14

Riboflavin metabolism 10

Selenocompound metabolism 9

Sphingolipid metabolism 1

Spontaneous 68

Starch and sucrose metabolism 10

Streptomycin biosynthesis 7

Sulfur metabolism 7

Taurine and hypotaurine metabolism 1

Terpenoid backbone biosynthesis 11

Thiamine metabolism 10

Transporters pathway 256

Tropane, piperidine and pyridine alkaloid biosynthesis 2

Tryptophan metabolism 3

Tyrosine metabolism 4

Ubiquinone and other terpenoid-quinone biosynthesis 18

Valine, leucine and isoleucine biosynthesis 18

Valine, leucine and isoleucine degradation 6

Vitamin B6 metabolism 9

Xanthomonadin Biosynthesis 1

Non-Associated to Pathway 97
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a.3 critical genes

Table 33.: Locus Tag of critical genes of the reconstructed model without similarities with O. europaea.
Locus Tags represented in bold are exclusive to the biofilm predictions.

Critical Genes

Biofilm Planktonic

B9J09 RS06665 B9J09 RS06185 B9J09 RS06665 B9J09 RS10585

B9J09 RS07735 B9J09 RS06205 B9J09 RS07735 B9J09 RS10630

B9J09 RS08985 B9J09 RS08675 B9J09 RS08985 B9J09 RS10990

B9J09 RS10610 B9J09 RS09170 B9J09 RS10610 B9J09 RS11045

B9J09 RS00100 B9J09 RS09480 B9J09 RS00100 B9J09 RS01155

B9J09 RS00145 B9J09 RS09830 B9J09 RS00145 B9J09 RS00200

B9J09 RS00430 B9J09 RS10190 B9J09 RS00430 B9J09 RS00940

B9J09 RS00480 B9J09 RS10245 B9J09 RS00480 B9J09 RS10605

B9J09 RS00870 B9J09 RS10585 B9J09 RS00870 B9J09 RS08000

B9J09 RS01165 B9J09 RS10630 B9J09 RS01165 B9J09 RS07150

B9J09 RS03175 B9J09 RS10990 B9J09 RS03245 B9J09 RS00885

B9J09 RS03180 B9J09 RS11045 B9J09 RS03250 B9J09 RS01020

B9J09 RS03185 B9J09 RS01155 B9J09 RS03315 B9J09 RS01930

B9J09 RS03190 B9J09 RS00200 B9J09 RS03845 B9J09 RS03580

B9J09 RS03195 B9J09 RS00940 B9J09 RS04015 B9J09 RS09020

B9J09 RS03200 B9J09 RS10605 B9J09 RS04800 B9J09 RS09690

B9J09 RS03215 B9J09 RS08000 B9J09 RS04890 B9J09 RS10620

B9J09 RS03220 B9J09 RS07150 B9J09 RS06005

B9J09 RS03245 B9J09 RS00885 B9J09 RS06185

B9J09 RS03250 B9J09 RS01020 B9J09 RS06205

B9J09 RS03315 B9J09 RS01930 B9J09 RS08675

B9J09 RS03845 B9J09 RS03205 B9J09 RS09170

B9J09 RS04015 B9J09 RS03580 B9J09 RS09480

B9J09 RS04800 B9J09 RS09020 B9J09 RS09830

B9J09 RS04890 B9J09 RS09690 B9J09 RS10190

B9J09 RS06005 B9J09 RS10620 B9J09 RS10245

B9J09 RS02865 B9J09 RS02865


