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LE POUVOIR DES FABLES

”Dans Athène autrefois, peuple vain et léger,

Un orateur, voyant sa patrie en danger,

Courut à la tribune ; et d’un art tyrannique,

Voulant forcer les cœurs dans une république,

Il parla fortement sur le commun salut.

On ne l’écoutait pas. L’orateur recourut

A ces figures violentes

Qui savent exciter les âmes les plus lentes :

Il fit parler les morts, tonna, dit ce qu’il put.

Le vent emporta tout, personne ne s’émut ;

L’animal aux têtes frivoles,

Étant fait à ces traits, ne daignait l’écouter ;

Tous regardaient ailleurs ; il en vit s’arrêter

A des combats d’enfants et point à ses paroles.

Que fit le harangueur ? Il prit un autre tour.

”Céres, commença-t-il, faisait voyage un jour

Avec l’anguille et l’hirondelle ;

Un fleuve les arrête, et l’anguille en nageant,

Comme l’hirondelle en volant,

Le traversa bientôt. ” L’assemblée à l’instant

Cria tout d’une voix : ” Et Céres, que fit-elle ?

- Ce qu’elle fit ? Un prompt courroux

L’anima d’abord contre vous.

Quoi ? de contes d’enfants son peuple

s’embarrasse !

Et du péril qui la menace

Lui seul entre les Grecs il néglige l’effet !

Que ne demandez-vous ce que Philippe fait ? ”

A ce reproche l’assemblée,

Par l’apologue réveillée,

Se donne entière à l’orateur :

Un trait de fable en eut l’honneur.

Nous sommes tous d’Athènes en ce point, et

moi-même,

Au moment que je fais cette moralité,

Si Peau d’Âne m’était conté,

J’y prendrais un plaisir extrême.

Le monde est vieux, dit-on : je le crois ;

cependant

Il le faut amuser encor comme un

enfant.”

Jean de la Fontaine - The Fables
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THE POWER OF FABLES.

In Athens, once, that city fickle,

An orator, awake to feel

His country in a dangerous pickle,

Would sway the proud republic’s heart,

Discoursing of the common weal,

As taught by his tyrannic art.

The people listen’d–not a word.

Meanwhile the orator recurr’d

To bolder tropes–enough to rouse

The dullest blocks that e’er did drowse;

He clothed in life the very dead,

And thunder’d all that could be said.

The wind received his breath,

As to the ear of death.

That beast of many heads and light,

The crowd, accustom’d to the sound

Was all intent upon a sight–

A brace of lads in mimic fight.

A new resource the speaker found.

’Ceres,’ in lower tone said he,

’Went forth her harvest fields to see:

An eel, as such a fish might he,

And swallow, were her company.

A river check’d the travellers three.

Two cross’d it soon without ado;

The smooth eel swam, the swallow flew.–

’ Outcried the crowd

With voices loud–

’And Ceres–what did she?’

’Why, what she pleased; but first

Yourselves she justly cursed–

A people puzzling aye your brains

With children’s tales and children’s play,

While Greece puts on her steel array,

To save her limbs from, tyrant chains!

Why ask you not what Philip does?’

At this reproach the idle buzz

Fell to the silence of the grave,

Or moonstruck sea without a wave,

And every eye and ear awoke

To drink the words the patriot spoke.

This feather stick in Fable’s cap.

We’re all Athenians, mayhap;

And I, for one, confess the sin;

For, while I write this moral here,
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If one should tell that tale so queer

Ycleped, I think, ”The Ass’s Skin,”

I should not mind my work a pin.

The world is old, I believe;

But it must be entertained like an infant

still

Jean de la Fontaine - Les Fables
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Bacterial cells are amongst the simplest forms of life. Nevertheless, explaining a cell’s

behavior still represents a challenge that the scientific community is grappling with. In this

dissertation, I disentangle multiple layers of interacting dynamic complex systems that govern

the bacterial response including: 1) the metabolic network, 2) the genetic background, and 3)

the nutritional environment. I start by implementing a traditional methodology for the deep

metabolic characterization of a single strain of S. aureus, by reconstructing its metabolic net-

work, and proceed to elucidate how this network governs its metabolic response as a result of

a changing nutritional environment. Next, I leverage the deluge in genomic sequence data to
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propagate knowledge from deeply characterized Gram-negative strains including S. enterica to

multiple closely related strains, linking genotypic variations to diverging phenotypes, and diverg-

ing phenotypes to bacterial lifestyle. Finally, I demonstrate how information inherent to small

genomic deviations can reveal the impact of long term colonization on bacterial evolution.
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Chapter 1

Introduction

Problem solving principles vary across disciplines and are optimized for addressing a

discipline-specific set of recurring challenges. However, an underlying theme between different

approaches is that of favoring simplicity over complexity in order to explain and predict natural

phenomena. While engineers are trained to make assumptions and simplifications to study a

complex system, scientists apply the law of parsimony and simplify the system of interest to yield

a minimal number of controllable variables. Systems biology is an interdisciplinary field in which

both simplifying assumptions and system simplification are implemented for the study of living

organisms. Here, I start by applying systems biology approaches to one of the simplest of life

forms; the single bacterial cell. Together with “-omics” technologies, the genome-scale metabolic

modeling was developed for the purpose of understanding single prokaryotic strains, with the

hope that insights could be translated to more complex organisms. One of its achievements is

that we have learned a new way to learn; that is, observing through the lens of a systems-based

framework. The insights obtained from studying the machinery behind one of the smallest of

lifeforms using a system level view, have proven invaluable. While the initial impetus in systems
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biology was driven by the motivation to obtain a complete and comprehensive view of a cell, it

is unlikely that such a task will come to an end given the breadth of diversity in nature, and

the constant flux of novel discoveries. In addition, while a tremendous amount of knowledge is

gained from the deep characterization of one organism, it remains to be determined whether the

acquired insights are broadly translatable across different environments or applicable to other

strains of the same species.
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2000’s

Figure 1.1: Shift in the scientific approach to studying microbiology, courtesy of Mike Essa.
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1.1 Genome-scale modeling, how it started.

Metabolic network reconstructions are deep knowledge-bases of highly curated gene-linked

biochemical pathways. They can be converted into a mathematical format to formulate genome-

scale metabolic models (GEMs) capable of predicting cellular behavior. The development of

GEMs started shortly after the publication of the first complete genome of Haemophilus influen-

zae in 1995 with its GEM appearing in 1999 [1, 2]. As more model organisms were sequenced,

more GEMs were built, covering an ever increasing breadth of phylogenetic backgrounds. The

availability of sequences for an increasingly large diversity of organisms drove the need to make

metabolic modeling accessible to a broader scientific community. As a result, a protocol to gener-

ate GEMs was established and computational pipelines for metabolic modeling were distributed

[3–5]. Over the years, DNA sequencing cost plummeted, and the number of available genomic

sequences has increased exponentially. Thus, the challenge to build GEMs fast arose. Various

semi-automated reconstruction workflows were developed, either to assemble GEMs de novo or

to refine existing ones [6, 7].

With the advent of new ‘omics’ technologies, it became evident that GEMs could be

refined further to represent cellular states, tissue types, disease and cell lines [8]. Multiple

modeling methods were then designed to extract context-specific models by integrating ‘omics’

data sets achieving various levels of success [9, 10]. With the recent emergence of metagenomic

sequencing, models of microbial communities emerged with the aim of inferring the metabolic

repertoire of a microbiome sample and to characterize the nature of the interactions between

microbiome participants [11]. However, questions regarding the quality of the GEMs resulting

from the miscellaneous workflows were raised [12], highlighting the need to generate robust

quality metrics as well as reproducible and comparable reconstruction workflows [13]. These

4



shortcomings gave a new impetus to crowd-sourcing GEM development efforts, pushing teams

of experts to form in order to tackle the interdisciplinary problem of system level metabolic

modeling [5, 14]. As such, GEM development efforts are moving away from local computers and

towards online platforms [15]. Here, I describe how the different workflows fit within the “GEM

life cycle” .

1.2 Delineating the four stages of the ”GEM life cycle”: incep-

tion, maturation, specialization, and amalgamation

Multiple workflows are available to guide GEM reconstruction [3, 7, 9]. A primary distin-

guishing feature among them is the starting point, which varies depending on how well studied

the organism of interest is. I’ll illustrate this and other distinctions by outlining the “GEM life

cycle” below. In particular, I outline the four stages of GEM developments: 1) inception, 2)

maturation, 3) specialization, and 4) amalgamation (Figure 1.2), highlighting how theoretical

and technological advances have pushed the field forward at each stage.

1.2.1 GEM inception: starting at the beginning

When no prior work has been done to characterize the metabolic capabilities of a target

organism at the system level, the challenge is to assemble pertinent knowledge to form a first

functional GEM. This first stage can be described as the “GEM inception” stage of the GEM

life cycle, and has traditionally been divided into four steps (Figure 1.3): i) automated recon-

struction, ii) manual curation, iii) conversion to a mathematical format, and; iv) and validation

against experimental data [3].

At this stage, an organism-specific bibliome is established, explicitly representing the cur-
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Figure 1.2: The GEM life cycle can be subdivided into 4 phases: 1) GEM inception, 2) GEM
maturation, 3) GEM specialization, and 4) GEM amalgamation.
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rent limits of biological knowledge available at the time of reconstruction. Curation of bibliomes

takes extensive manual labor but is a necessary and highly valuable step to maximize the capture

of knowledge in a reconstruction. Such a process is especially useful for lesser known organisms,

because it offers important insights at the system level, and drives molecular discovery [16–18].

Advances for this step have occurred on multiple fronts including: 1) the expansion of

reference pathway databases such as MetaCyc [19], KEGG [20], and Uniprot [21] with curated

content across an ever increasing number of organisms; 2) the development of automated re-

construction tools which pull content from reference network databases [6], such as ModelSEED

[22], Pathway Tools [23], RAVEN [5], Merlin [24], Kbase [25]; 3) the assembly and expansion

of databases hosting easily retrievable, interoperable, and standardized curated GEMs, such as

BiGG [7], VMH [26], BioModels [27], yeast.sf.net [28], and Silicolife; and 4) the development of

platforms enabling easy manual modifications such as COBRApy (python)[29], COBRA toolbox

(Matlab) [30], DistributedFBA.jl (Julia) [31], and Sybil (R) [32]

The quality of the starting draft reconstruction heavily affects the amount of time sub-

sequently spent on curating the network, with a strong trade-off between model size, model

quality, and human hours spent on manual curation. Automated GEM assembly is based on

identifying database genes annotated with a metabolic function sharing “sufficiently” high se-

quence homology [33]. When validated GEMs for closely related strains exist, a faster path to

a better draft starting reconstruction is to map the content of the existing GEMs by means of

sequence homology. This approach was used, for instance, to build GEMs of seven closely related

species of Saccharomyces cerevisiae [34]. Oftentimes, researchers attempt to pool together the

annotation results from multiple platforms as well as pre-existing GEMs, and face the laborious

task of converting object identifiers. A newer and more elaborate strategy incorporates sequence
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homology as well as pathway homology and genomic context. It was recently applied to build

773 human gut bacterial models [11].

Despite these advances, curating draft metabolic reconstructions is still heavily manual.

In addition, in order to convert the starting draft into a high quality model, i.e., a model that is

capable of generating meaningful predictions, each object included in the GEM (i.e., genes, reac-

tions, metabolites, and gene-reaction mappings) needs to be checked against literature evidence

and assigned a confidence score [3]. The assembled draft reconstruction is then converted into

a computational model by introducing constraints and modeling assumptions so as to formulate

the network as a constraint-based optimization problem [35–37]. At this point, the network is

further refined, and the refinements make use of insights that can only be gleaned from system

level network properties. Functionalities for this step are variably available across automated

annotation platforms such as gap filling (which adds linkages to disconnected network edges in

order to achieve biomass precursor production) [38], protein and metabolite subcellular localiza-

tion predictions (for model compartmentalization) [39], and Gibbs free energy calculation (for

the estimation of the upper and lower bounds of a reaction [40]). Emerging algorithms are now

attempting to suggest which modifications to make based on gene essentiality profiles, experimen-

tally derived nutrient utilization profiles [40, 41], or by flagging unbalanced reactions [5]. Despite

the manual aspect of building the initial reconstruction, the corresponding protocol (written by

Thiele et al.) is decidedly the most established workflow in the GEM life cycle.
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The four canonical GEM reconstruction steps

Step 1:  Building a draft 
reconstruction

Step 2:  Re�ning the 
reconstruction using 

literature evidence

Step 4:  Evaluating and 
validating the network

Step 3:  Converting the 
reconstruction into a
 computable format

Charge

Gene
Name
References
Confidence score
COG subsystem
Metabolic module

Name
Chemical formula

Name
E.C. number

Sequence
References

Confidence score
Mutant phenotypes

Uniprot cross-ref

GEM-p model
Cofactor binding site
Cofactors

Literature references

GPR

Chemical 
transformation

Charge

Reaction

Metabolite

Structure

GEM

Figure 1.3: The four canonical GEM reconstruction steps: 1) building a draft recon-
struction, 2) manually curating the networks, 3) converting into a computable format, and 4)
computationally evaluating and validating the network.
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1.2.2 GEM maturation: the devil is in the details

In the second stage of the GEM life cycle, the starting point is an existing curated GEM

which goes through a series of iterations resulting in “GEM sequels” or subsequent versions of the

first GEM for the target organism. A good metabolic model should be the best representation

of biological reality that can be obtained given the current state of knowledge, and it therefore

needs to be continually improved as new findings are published. Indeed, this on-going process

takes years, or even decades, and occurs through multiple iterations yielding, hopefully, an ever

increasing quality of the metabolic reconstruction that a GEM is based upon. Researchers

involved in such efforts ask what was previously missed, what can be improved, whether previous

unknowns have become known, and whether there are new known unknowns to be discovered.

The maturation phase produces GEMs that are increasingly more organism-specific, have

larger metabolic coverage, contain increasingly comprehensive manually curated pathways, and

improved predictive power [12]. GEM sequels are usually limited to organisms of high interest.

For example, the metabolic reconstruction of E. coli has been updated at least five times [42,

43] (iJE660, iJR904, iAF1260, iJO1366, and iML1515), the human metabolic network has been

updated four times (recon 2, recon 2.04, recon 2.2, and recon 3D) [44], the S. aureus GEM

was updated 4 times [45], and the S. cerevisiae network has been updated over 17 times [34].

Oftentimes, GEM sequel efforts occur contemporaneously across multiple groups, calling for the

organization of reconstruction jamborees to produce a consensus model [46, 47]. I will provide an

example of GEM maturation in Chapter 2 and expand upon the lessons learnt from the process

in Chapter 3.
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1.2.3 GEM specialization: a GEM-specific evolutionary strategy

These highly curated and mature GEMs then enter the third stage of the GEM life cycle:

the GEM specialization stage. Reconstruction efforts at this stage are data-driven and either

partially or fully automated, and begin to account for subtle variations across cell genotypes and

activity levels. The general strategy is to use a mature GEM as a reference and integrate one or

a combination of data types to guide content removal and/or the modification of upper and lower

bounds on allowable reaction rates. Multiple data types can serve to build specialized GEMs

including whole genome sequences [48], bulk RNA expression levels [8], protein concentrations

[49], metabolite abundance [50, 51], and metabolite concentrations [45]. The resulting specialized

GEMs are described as either “context-specific”, “condition-specific”, “tissue-specific”, “disease-

specific”, or “strain-specific”. Here, researchers ask a large breadth of questions, and usually get

their answers by comparing the specialized models against each other. To guide their conclu-

sions, they take note of the content that was variably removed and how it changed the network

properties and metabolic capabilities of the cell.

Whole genome sequences are mostly used to tailor models of prokaryotes, because the

variation in coding DNA sequences is significant between strains of the same species. Mature

GEMs have been used as baseline reconstructions in E. coli, S. enterica, S. aureus, and S.

cerevisiae [14, 48, 52, 53] to build strain-specific networks that are tailored according to each

strain’s genetic background. In some cases, the reference network is initially expanded to annotate

the accessory genome and to account for species-level metabolism (i.e.. genes and reactions which

are present in some, but not all, strains) [53]. Next, the pan-reconstruction is tailored to each

strain using the presence and absence of metabolic genes as a basis for content removal [7].

While the reductive step is easily automated through the integration of comparative genomics

11



with metabolic modeling (e.g., CarveMe) [7, 40], the initial constructive step is not, and employs

similar methodologies to those used for the assembly of de novo reconstructions.

While ‘omic’ data integration is straightforward in the case of building “strain-specific”

models from whole genome sequences, or “condition-specific” models from time-course quan-

titative exo-metabolomics data, it is still an active area of research in the case of all other

“omic” data types (including transcriptomics, proteomics and endo-metabolomics)[54]. For ex-

ample, there are four variables differentiating transcriptomic data integration: 1) expression level

thresholding (thresholds defining which genes are active or inactive), 2) the assumptions made

to translate active/inactive genes to active/inactive reactions via the gene-protein-reaction rule,

3) the modeling extraction method, and 4) the chosen cellular objective (biomass production,

ATP production, etc.) [10, 55, 56]. An emerging strategy to pinpoint the best workflow is

the validation of the model against condition-specific gene essentiality profiles [9]. Implementa-

tions of GEM specialization efforts are discussed in Chapters 5, 7 and 6. Namely, I present

novel insights, model functionalities and applications of “strain-specific” models across multiple

Gram-negative species.

1.2.4 GEM amalgamation: one alone is not enough

Building multicellular GEMs is the latest development in the GEM life cycle. Here,

researchers are interested in drawing a more holistic view of cellular behavior by explicitly mod-

eling cell-cell interactions. Tailored GEMs for different cells operating in a single system are

merged together into a single model to capture multicellular metabolic interactions. The mod-

eled systems include multi-tissue organisms [57], synthetic microbial communities [40, 58–60], cell

populations in a single tissue [61], microbiomes [62], and host-microbe interactions [63]. Multi-
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cellular GEMs have been used to capture how metabolic diversity defines the space of allowable

cell-cell interactions [64], as well as to predict the nature of those interactions (e.g., synergism,

antagonism) [65]. Technological advances in single-cell transcriptomics, metagenomics and meta-

transcriptomics have accelerated the pace of community GEM development. However, each data

type comes with its own challenges, complicating data-driven GEM tailoring and calling for the

development of novel metabolic modeling workflows. This phase of the GEM life cycle is still in

its infancy, and it holds great promise for the near future.

1.3 The pan genome provides an emerging and updated defini-

tion of a species

Traditionally, studies have been focused on a single “strain” per species (or a subset

thereof), shared across research groups. One motivation for this approach is to achieve repro-

ducible results, while simultaneously leveraging the growing body of knowledge pertaining to

the strain. Testing the imperfect assumption that novel insights could be generalized to other

strains of the same species was impractical at best given the breadth of genetic diversity in a

species. With the advent of novel sequencing technologies allowing for cheaper and faster data

collection, it has become possible to at least identify where the assumption fails. Indeed, the

deluge of genomic sequencing data quickly revealed that bewildering strain-to-strain variation

exists within a species, to the extent that the distinction between species blurred.

Variations in intraspecies genomic composition led Tettelin et al. to coin the term “pan

genome”, namely the ensemble of genetic units found across strains of that species. Because of

the expansive nature of the pan genome, it remains largely understudied, and the function of the
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majority of genes which are part of the pan genome of even well studied species remain unknown

(Figure 1.4).

What we 
probably know

What we 
think we also

might know but
not too well

What we know 
we don’t know

21.6%

24.9%
53.5%

S. aureus pan genome

Figure 1.4: Coverage of function annotations of the S. aureus pan genome.

Tettelin et al. observed that the pan genome size increases as more strains are screened,

and that the rate of increase varies from species to species. In parallel, the number of shared genes

decreases as more strains are analyzed. Subsequently, a species’ pan genome can be subdivided

into three categories: 1) the core genome - or the set of genes which are conserved across all strains

of a species; 2) the accessory genome - or the set of genes which are present in some but not all of

the strains of a species, and; 3) the unique genome - or the set of genes which are uniquely carried

by one strain of that species. The core genome is composed of housekeeping functions including

DNA replication, transcription and translation, energy production and conversion, protein and

nucleotide metabolism and macromolecule synthesis [66]. In contrast, the dispensable genome
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(accessory and unique) is enriched with genes of unknown function, as well as mobile genetic

elements [67], underlining the mosaic nature of bacterial genome composition. The accessory and

unique genome are therefore more reflective of a strain’s genetic exchanges with the surrounding

environment. Tettelin et al. stated that the union of all three categories are needed to fully

define a species.

Examining the pan genome size as a function of the number of strains evaluated showed

that the rate of novel gene discovery decreases as more strains are sampled following a logarithmic

trend, suggesting that the pan genome could be bounded. The initial question of how many

strains are needed to describe a species was raised. To determine whether the pan genome is

bounded (and therefore whether a species can be fully described), a traditional approach has

been to fit Heap’s law, a sub-linear power law that was initially developed and applied in the

field of linguistics, to the number of genes observed. The original formulation for Heap’s law

is n ∼ Nγ , where n is the number of attributes, N is the number of instances, and γ is the

fitted parameter. The formulation was then modified to explicitly model the rate of novel gene

discovery, as n = kN−α, in which n is the number of genes, N is the number of genomes, k

is a proportionality constant and α = 1 − γ is the fitted parameter representing the rate of

novel gene discovery. Specifically, Heap’s law is fitted to the pan genome curve which is derived

by tracking the number of distinct orthologous clusters obtained as a growing set of genomic

sequences are included. In the field of comparative genomics, a distinct orthologous cluster

is defined by a preset level of sequence identity, whereby two genes carried by two different

strains are part of the same orthologous cluster when they share sufficient sequence identity.

Heap’s modified formulation allowed for the differentiation between bounded and unbounded

pan genomes. Namely, a pan genome is considered to be “open” (unlimited gene repertoire)
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when α < 1, and “closed” (no novel genes appear when a certain number of strains are analyzed)

when α > 1. Tettelin constructed pan genome models for a collection of 9 species, and reported

that 6 of them have a closed genome. However, their starting data set included fewer than 20

sequences per species. Subsequent studies leveraging larger compendia of sequences (100s-1,000s)

later corrected a subset of their borderline predictions [68–70].

The relative size of the core genome with respect to the pan genome is highly variable

between species, and is reflective of the species’ clonality. For example, 34% of the S. aureus

pan genome is part of its core genome, while only 18% of the P. aeruginosa pan genome is core

(Figure 1.5). Indeed, S. aureus strains are notoriously clonal while P. aeruginosa strains are not.

The composition of the pan genome is revealing a great deal about a strain’s lifestyle, and has

further underlined the interdependence between nature and nurture. A strain’s genetic profile

pre-determines how well it will survive and colonize different ecological niches, and in turn its

genomic background is influenced both by selection pressures from the environment, as well as

by the composition of the proximal microbiome.

P. aeruginosa S. aureus

20K

10K

0 200 400 600 0 250 500 750 1,000

N
o.
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No. strains No. strains

α = 0.52+/- 0.005 α = 0.60+/- 0.010

pan genome

core genome

Figure 1.5: Pan and core genome curves of S. aureus and P. aeruginosa. The y axis represents
the number of genes in the pan genome (top curve) and the core genome (bottom curve). α
represents Heap’s law fit to the pan genome curve.
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1.4 Thesis outline

My first aim for this dissertation is to provide a system level perspective on metabolism

of a single cell. In particular, I implement an instance of GEM maturation by developing a

high quality computational knowledge base for S. aureus, a top priority drug resistant pathogen.

I proceed to present the lessons learned from implementing the GEM maturation efforts, and

compile a set of 8 features characterizing this stage of the GEM life cycle. Finally, I explore

S. aureus’s response to changing extracellular carbon sources by integrating exo-metabolomics

data, and a recently published model of transcriptional regulation with the updated GEM.

In my second aim, I evaluate the metabolic diversity between single isolates of a popu-

lation of Salmonella strains using various implementations of GEM specialization. I provide an

initial overview of the level of conservation of metabolic pathways across strains of Salmonella

strains, and identify two highly variable subsystems: 1) alternate carbon metabolism, and 2)

cell wall metabolism. I proceed to demonstrate how variability in alternate carbon metabolism

translates into differential catabolic capabilities, and link differences in nutrient utilization to

serotype and host. Next I show that low conservation in cell wall metabolism is driven by struc-

tural diversity in surface expressed O-antigens. I reconstruct the corresponding pan-reactome

module and develop a simple methodology in the family of GEM specialization to add serogroup

prediction as a novel functionality of GEMs.

In my third and final aim, I explore phenomena associated with host adaptation. As a first

step, I develop a novel tool for the prediction of cell-specific nutrient requirements (a metabolic

phenomenon which arises as cells become adapted to a niche) using a modified implementation of

flux balance analysis (a constraint based optimization algorithm), and use this tool to elucidate

the metabolic and genetic basis for auxotrophies in Gram-negative species. Finally, I proceed to

17



uncover the genetic effects of long-term colonization that occur beyond metabolism. I use pan

genome analytics to study genetic variations of S. aureus and P. aeruginosa as they colonize

patients with cystic fibrosis for long periods of time and thus demonstrate how small genetic

effects are amplified when populations of cells are taken into consideration.
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Penttilä, M., Klipp, E., Palsson, B. Ø., Sauer, U., Oliver, S. G., Mendes, P., Nielsen, J. &

22



Kell, D. B. A consensus yeast metabolic network reconstruction obtained from a community
approach to systems biology. en. Nat. Biotechnol. 26, 1155–1160 (Oct. 2008).

48. Seif, Y., Kavvas, E., Lachance, J.-C., Yurkovich, J. T., Nuccio, S.-P., Fang, X., Catoiu, E.,
Raffatellu, M., Palsson, B. O. & Monk, J. M. Genome-scale metabolic reconstructions of
multiple Salmonella strains reveal serovar-specific metabolic traits. en. Nat. Commun. 9,
3771 (Sept. 2018).

49. Großeholz, R., Koh, C.-C., Veith, N., Fiedler, T., Strauss, M., Olivier, B., Collins, B. C.,
Schubert, O. T., Bergmann, F., Kreikemeyer, B., Aebersold, R. & Kummer, U. Integrating
highly quantitative proteomics and genome-scale metabolic modeling to study pH adapta-
tion in the human pathogen Enterococcus faecalis. en. NPJ Syst Biol Appl 2, 16017 (Sept.
2016).

50. Yang, J. H., Wright, S. N., Hamblin, M., McCloskey, D., Alcantar, M. A., Schrübbers, L.,
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Chapter 2

An instance of GEM maturation:

developing an up to date high quality

computational knowledge-base of

Staphylococcus aureus.

In the previous chapter, we demonstrated that there are four stages of the GEM life cycle:

1) inception, 2) maturation, 3) specialization, and 4) amalgamation. While GEM inception and

specialization workflows are well studied and have evolved into protocols, workflows for GEM

maturation and amalgamation remain non-existent. GEM maturation occurs naturally as more

information about high interest organisms comes to light. Here, we implemented an instance of

GEM maturation for S. aureus which is classified as a serious threat pathogen. We developed a

manually reconstructed GEM complete with 3D protein structures. The updated knowledge base
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Figure 2.1: Cartoon of Staphylococcus aureus, courtesy of Mike Essa.

(iYS854) contained 854 genes, 1,440 reactions, 1,327 metabolites and 673 3-dimensional protein

structures. This undertaking yielded a model with superior predictive power and unprecedented

organism specificity. In addition, the process of pathway-by-pathway metabolic reconstruction

systematized the discovery of known unknowns affecting respiratory and amino acid pathways.

We removed erroneous and redundant content in the starting model, which originally allowed

for the existence of thermodynamically infeasible flux loops. In addition, we observed that

inconsistencies between computational predictions and experimental observations highlighted

cases of non-essential biomass precursors (e.g., haem, menaquinone and a subset of cell wall

biomass components), and pointed out metabolic genes which are subject to transcriptional

regulation involved in Staphyloxanthin biosynthesis. In future efforts, the up-to-date GEM-PRO

can serve as a reliable knowledge-based and computational platform for disparate data type
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integration.
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2.1 Background

Methicillin-resistant Staphylococcus aureus (MRSA) USA300 strains have emerged as the

predominant cause of community-associated infections in the United States, Canada, and Europe

[1]. Today in the United States more deaths are attributed to MRSA infections than to HIV/AIDS

[2, 3]. USA300 was first isolated in September, 2000, and has been implicated in wide-ranging and

epidemiologically unassociated outbreaks of skin and soft tissue infections in healthy individuals

[4]. In 2006, the CDC reported that 64% of MRSA isolated from infected patients were of the

USA300 strain type, an increase of 11.3% since 2002 [5], indicating a rapid spread throughout

the country. Today, vancomycin resistance amongst S. aureus strains is on the rise, further

complicating antibiotic treatment [6]. USA300 is capable of producing rapidly-progressing, fatal

conditions in humans that cause a wide variety of diseases, ranging from superficial skin and soft

tissue infections to life-threatening septicaemia, endocarditis, and toxic shock syndrome. Many

efforts are geared towards designing new antibiotic regimens to combat MRSA. However, these

endeavors are impaired by the lack of replicability in antibiotic potency and bioactivity across

different media conditions [7]. In addition, little is known about the system-level effects of the

nutritional environment on S. aureus growth and metabolism.

GEMs represent mathematically structured knowledge bases of metabolism that contain

all of the molecular mechanisms known to occur in an organism. They are built through iterative

curation efforts and are constantly updated to reflect the current state of knowledge pertaining to

the organism [8]. The S. aureus GEM has undergone several such iterations over the past 15 years

(Figure 2.2) [9–12]. The more recent iterations depended more heavily on semi-automated work-

flows whereby annotations were pooled from online databases. Unfortunately, online databases

rely on a combination of initial manual curation for a subset of highly studied organisms (such as
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E. coli) and sequence homology to assign gene functions, a process which often yields organism

unspecific annotations. Such annotations can only be purged through literature review and di-

rect curation of the resulting network which is highly time-consuming [13]. The rise of antibiotic

resistance amongst S. aureus strains has created a strong momentum in the field of molecular

biology yielding a multitude of novel S. aureus-specific discoveries. However, online databases as

well as the current S. aureus GEM [9] are still lagging behind and do not account for the newly

uncovered metabolic capabilities.

Here, we develop a GEM of S. aureus str. JE2 (strain LAC cured of its plasmids) inte-

grated with protein structures. We geared our efforts towards incorporating the newly discovered

molecular mechanisms and metabolic pathways into an updated GEM thereby bringing the most

recent S. aureus GEM through one GEM maturation step. This iteration is guided by literature

findings, experimentally derived gene essentiality data sets, analysis of protein structures, and

integration of microarray growth phenotypes. The resulting S. aureus GEM is up to date with

online databases, constitutes a blend of the curation efforts of several groups, and accurately

recapitulates growth phenotypes.

2.2 Results

2.2.1 Expanding the detail and scope of the reconstruction.

We brought about major modifications to the S. aureus metabolic network in over 56

metabolic modules. Our efforts were guided by a combination of literature review and network

evaluation, and proceeded in an iterative fashion. The updated GEM - iYS854, contained 854

unique ORF assignments, 1,202 metabolic processes (excluding biomass and exchange reactions),
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1,084 metabolic species, and 681 3D protein structures (Figure 2.2). The reconstruction process

revealed knowledge gaps across several pathways including spermidine catabolism. We designed a

condition-specific biomass objective function “BIOMASS iYS wild type” and a general biomass

objective function “BIOMASS iYS reduced” using a combination of S. aureus-specific lipidomics,

genomics, metabolomics and transcriptomics data sets. Each modeled instance (genes, proteins,

reactions, and metabolites) was enriched with metadata and cross-references.
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Protein structures
Core model
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Figure 2.2: Evolution of S. aureus genome scale metabolic reconstructions and their
biomass objective function from 2005 to 2018. The count of five types of GEM objects
is tracked for each iteration including: genes, reactions, metabolites, transport reactions and
protein structures.

An updated core S. aureus model recapitulates realistic flux states.

The starting model (published by Bosi et al.) simulated unrealistic metabolic pheno-

types, and predicted an ability to produce 13 energy carriers in the absence of nutrient uptake.

To identify the source of these erroneous energy generating cycles (EGCs), we initially built a
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core S. aureus metabolic network (iYS103) (section 2.4.1). An EGC consists of a set of reactions

that together allows for thermodynamically impossible fluxes. When they occur, the model can

simulate the free production of energetic cofactors such as ATP and NADP. Such cycles are

common when a model has not undergone sufficient curation and validation [14]. We curated

the network on a pathway-by-pathway basis, which led to the removal of redundant content, the

modification of reaction directionality and the removal of superfluous pathways (section 2.4.1).

Ultimately, iYS103 included the pentose phosphate pathway (PPP), glycolysis and gluconeogen-

esis, respiration, the Krebs cycle, glutamine biosynthesis, and transport and exchanges. iYS103

was distinguished by: 1) the presence of a malate:quinone oxidoreductase, lactate:quinone oxi-

doreductase, and NADH:quinone oxidoreductase; 2) the ability to utilize both oxygen and nitric

oxide as electron donors; and 3) the absence of a glyoxylate shunt [15], ubiquinone biosynthesis,

and vitamin K biosynthesis, which had been erroneously included in the starting model [16].

While the starting model was capable of producing 13 energy carriers with no nutrient exchange,

iYS854 could generate none.

A module-by-module reconstruction highlights areas of metabolism that have been

recently characterized.

Once the core metabolic model was curated, we proceeded to add and curate metabolic

modules one at a time to yield the full metabolic network (iYS854). For each module, con-

fidence scores, references, and subsystem annotations were assigned when content was added

or modified (section 2.4.1). We examined more than 50 metabolic modules and added a to-

tal of 204 confidence scores and 323 references. The cofactor and prosthetic group metabolic

subsystem was expanded the most due to several discoveries spanning S. aureus-specific metal
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Table 2.1: Summary of the modifications made to the starting model. A single instance is
counted towards a metabolite even when it appears in two different subsystems.

Metabolic

processes

Unique ORF

assignments

Unique

metabolites

Changed instance(s) 110 283 0

Final reconstruction 1440 854 1094

New instances 566 214 209

Removed instances 637 41 253

Starting reconstruction 1511 691 1138

Unchanged instances 764 367 0

chelators and metal acquisition systems [17–22] (e.g., Staphylopine [23], Staphyloferrin A [24],

and Staphyloferrin B biosynthesis [25])) (Figure 2.3 A&B). In addition, a total of 57, 24, and

8 new reactions were added across cell wall metabolism [26–28], amino acid metabolism [29–31],

and redox metabolism, respectively [32–34]. Only 67% of the reactions in the starting reconstruc-

tion were assigned to 31 subsystems. As such, we assigned a subsystem (following the Clusters of

Orthologous Groups (COGs) classification schema) to all reactions and metabolic module names

to 87% of the metabolic reactions. As a result of our reconstruction efforts, we added 214 new

ORF assignments, 569 new metabolic processes and, 207 new metabolites and removed 41 ORF

assignments, 634 metabolic processes, and 253 metabolites (Table 2.1). A total of 64 orphan

reactions (i.e., reactions with no ORF assignment) were either removed or updated with a gene

protein reaction rule.
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Figure 2.3: Break down of the novel content in iYS854 by metabolic module and
COG category. (A) We compared the gene content in iYS854 to that of the four previous
GEMs of S. aureus and categorized them by their metabolic modules. For purposes of clarity we
only show a subset of the modules across three COG categories: cofactor and prosthetic group
metabolism, transport, and cell wall metabolism. The color scale represents the percentage of
novel genes in iYS864 with respect to previous GEMs (columns) by each metabolic module (rows).
We highlight the date for the most recent reference that was added in iYS854 for each metabolic
module. Genes may have different annotations in previous reconstructions (for example the
staphylopine biosynthetic pathway was only uncovered in 2016 but seems to have annotations
dating back to 2005). Note that “h” represents a metabolic module that was added based on gene
homology. (B) We compared the most recently published GEM with iYS854 and highlighted the
new additions in reaction content per COG module.
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The added 3D protein structures span the majority of the reactome.

Genome-scale metabolic models have recently gained an additional dimension: 3-

dimensional protein structures, in which known metabolic transformations are linked to the

3D structure of the corresponding catalyzing enzyme. In addition to aiding the reconstruction

process by enriching the protein object with details on its molecular mechanism as well as its 3

dimensional geometry, structural systems biology has implications in drug development and per-

sonalized medicine [35], and enables the analysis of structural features at the network level [36,

37]. We used a standardized workflow [38] to search the protein data bank (PDB) (Bank n.d.)

for matching content and conducted homology modelling for all modeled genes (section 2.4.1).

Overall, 401 genes of the USA300 str. JE2 genome were found to have a close match against

existing structures, of which 183 were mapped to a total of 501 metabolic processes (Figure 2.4).

A total of 30% of the protein structures were mapped to lipid metabolism and 15% were mapped

to nucleotide metabolism. We used the cross-referenced publications for each of the modelled

protein structures to validate and further guide our reconstruction efforts. The remaining 686

modelled genes that were not mapped to an experimentally crystallized protein structure required

homology modelling, of which we have modeled 65.4% (449 non-transport related proteins). In

total, 79% of the genes included in this reconstruction were mapped to a protein structure.

An updated biomass function.

We proceeded to step 3 of the reconstruction workflow in which the reconstruction is

converted to a model by adding modeling assumptions. As a first step, we designed the biomass

objective function. Such a function represents bacterial growth through the drain of biomass

precursors, and directly influences the computed activity level [8, 39]. The choice of such pre-
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Figure 2.4: Percentage of metabolic genes mapped to protein crystal structures and
protein homology models, and distribution of metabolic subsystems covered by 3D
protein structures. The majority of homology models were derived for genes involved in amino
acid metabolism and nucleotide metabolism, while the majority of protein crystal structures were
found across lipid metabolism and nucleotide metabolism.

cursors and their respective rate of drain (or biomass coefficient) varies between conditions and

is specific to the organism of interest. The advent of higher resolution metabolomics and other

omics datasets (e.g., genomics and transcriptomics) represents a major advance for the design of

the biomass objective function [40].

In the starting model, the biomass objective function was a combination of the Bacil-

lus subtilis biomass objective function (iYO844), the E. coli biomass objective function and S.

aureus-specific lipidomic data. With the purpose of excluding S. aureus unspecific content, we

adapted the ratios for the macromolecular composition of S. aureus reported in Heinemann et al.

[10]. We then used a combination of S. aureus omics data measurements to adjust the choice of

biomass precursors and their rate of drain (including genomic, transcriptomic, and intracellular

quantitative metabolomic data) (Figure 2.2, section 2.4.1). The content and coefficients for
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the pool of solutes were obtained from intracellular quantitative metabolomics measurements for

S. aureus cultures in a chemically defined medium (CDMG) [41]. However, bacterial cells pro-

duce metabolic intermediates that can vary dramatically between growth conditions rendering

the measured pool of solutes the most dynamic category of precursors in the biomass objective

function. Therefore, it should be left out of simulations when growth on other media types is mod-

elled. We thus designed a second biomass objective function (termed “BIOMASS iYS reduced”)

which can be used when the culture medium is not CDMG. Finally, trace metals were added as

a result of inspecting the metal cofactors annotated as essential for the activity of proteins in the

GEM-PRO model.

2.2.2 Experimental validation of the model.

We proceeded to validate the GEM against experimental observations (step 4). In this

step of the reconstruction, analyzing the discrepancies between model predictions and experimen-

tal outcomes can highlight model errors and areas of knowledge gaps. Ultimately, the system-level

view can give a deeper understanding of the organism’s metabolism and guide the generation of

testable hypotheses.

iYS854 suggests metal cofactor promiscuity in S. aureus.

We set out to verify that the GEM can successfully recapitulate some of the known growth

phenotypes of S. aureus. We simulated growth in silico on seven chemically defined media types;

five of which can support growth of S. aureus strains: 1) synthetic nasal extract (SNM3) [42]; 2)

Chemically Defined Media (CDM): CDM [29]; 3) CDMG (CDM+glucose) [29, 43]; 4) CDMgal

(CDM+galactose) [44]; and 5) CDMG2 (CDM.v2+glucose) [45], and two of which can not: 1)
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glucose+M9 minimal medium and 2) Roswell Park Memorial Institute Medium (RPMI). RPMI

and SNM3 are synthetic physiological media for plasma and the nose, respectively. We found that

growth could be successfully simulated in silico on CDM, CDMG, and CDMgal, but that iron

supplementation was required for growth on SNM3 and supplementation with zinc and molybdate

was required for CDMG2. Trace metals are known to play an important role in protein function

and stability as well as in redox maintenance in S. aureus [46–49]. Whether S. aureus can survive

without one of these trace metals remains to be determined. Growth on RPMI or M9+glucose

minimal medium was unsuccessful in silico. The model predicted that supplementation with

manganese, zinc, and molybdate was required for RPMI, while supplementation with niacin and

thiamin was required for glucose+M9 minimal medium. Interestingly, S. aureus strains have

been shown to exhibit both niacin and thiamin auxotrophies [50] as a result of the absence of

tyrosine lyase and nicotinate-nucleotide diphosphorylase. S. aureus can grow under both aerobic

and anaerobic conditions and utilize nitrate as an alternate electron acceptor. When anaerobic

conditions were simulated, the model predicted a 52% decrease in biomass yield with respect to

aerobic conditions. The addition of nitrate to the simulated anaerobic minimal medium yielded

a 70% increase in biomass yield (see Table 2.2, section 2.4.1). Similar simulations run on the

starting model showed no difference in predicted growth rate between aerobic, anaerobic and

anaerobic + nitrate conditions. Additionally, supplementation with both purine and L-leucine

was required across several media types.

iYS854 has an expanded range of catabolic capabilities.

To estimate the accuracy of the model’s carbon catabolism capability, we experimentally

tested for the ability of strain USA300-TCH1516 to catabolize 69 carbon sources using a high-

38



Table 2.2: Predicted yield resulting from biomass production simulations across multiple media
types

Medium Growth in

silico hr−1

(O2+)

Growth in

silico (O2-)

Growth in

silico

(O2-,NO3+)

CDM 1.93 0.12 0.86

CDMgal 2.93 1.24 1.90

CDMG 3.02 1.29 1.96

CDMG2 3.58 1.60 3.03

Glucose

+ M9

1.31 0.62 1.22

RPMI 3.75 0 0

SNM3 3.11 1.38 2.62
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throughput BIOLOG phenotypic array. A total of 53 carbon sources supported in vitro growth

and we obtained a 68.3% agreement with in silico predictions (section 2.4.1).The comparison

exposed eleven false positives and ten false negatives.

False positives occur when the model predicts successful growth when none is observed

experimentally. They may result from additional constraints which are not accounted for in the

model such as regulatory and kinetic constraints [51]. For example, L-arginine and L-proline fell

under the category of false positives and the genes involved in the biosynthetic pathway between

L-glutamate and both metabolites are subject to carbon catabolite repression (via CcpA) [29].

False positives also included adenosine, D-alanine, fumarate, L-aspartyl-glycine, L-alanyl-glycine,

L-malate, L-threonine, N-acetylneuraminate, and uridine.

False negatives occur when the model predicts no growth on a medium condition when

growth is observed experimentally. The carbon sources that fell in this category included 2-

oxobutanoate, acetamide, acetate, butyryl-ACP, formate, glycolate, hypoxanthine, L-lysine, L-

methionine, and myo-inositol. Interestingly, S. aureus cannot utilize C2 compounds (such as

acetate, glycolate, and formate) as a sole carbon source in silico because it lacks the essential

reactions present in the reconstruction of other organisms (such as the glyoxylate shunt and

pyruvate synthase). However, the model can simulate the assimilation of C2 compounds when L-

glutamate uptake is allowed. While the starting model contains exchanges for 77 carbon sources

(and predicts 36.4% of growth profiles correctly), only 31 were linked to the rest of the network,

for which 64.5% of growth predictions agreed with experimental observations.
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iYS854 gene essentiality predictions agree with experimental outcomes.

The robustness of the network against genetic perturbation can be assessed and validated

against in vitro gene essentiality. Fey et al. recently generated a sequence defined transposon

mutant library for 1,952 strains of S. aureus USA300 str. JE2 [52]. With this method, they

identified 579 essential genes for growth on Tryptic Soy Broth (TSB). We simulated the effect of

854 single gene knock-outs on biomass production in rich medium in silico and found 121 essential

genes (section 2.4.1), which amounts to 85.7% agreement with experimental observations (Figure

2.5 A). The same simulations run with the starting model (which contained a lower number of

ORF assignments) yielded only 75.6% agreement in essentiality observations for only 656 genes

(Figure 2.5 B). Analysis of the discrepancies between predictions and observations revealed gaps

of knowledge in L-methionine biosynthesis and highlighted cases of non-essential protein complex

subunits for complexes involved in respiration, glycerol degradation, molybdate uptake, and

tryptophan biosynthesis. We also distinguished true from false isozymes by using a combination

of sequence homology and structure homology (obtained from the GEM-PRO) coupled with gene

essentiality observations.

2.2.3 Inconsistencies between iYS854 predictions and experimental observa-

tions drive hypothesis generation

iYS854 hints that S. aureus can exhibit altered phenotypes.

False negatives highlighted cases of non-essential biomass components in S. aureus. A

total of 23 modelled gene knockouts were falsely predicted to be lethal upon disruption, including

genes that were ‘essential’ for their role in cell wall biosynthesis, menaquinone biosynthesis,

molybdate transport folate metabolism, haem biosynthesis, and amino acid biosynthesis (Figure
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Figure 2.5: Validation of iYS854: (A) Contingency matrix for the comparison of in silico
gene essentiality predictions of iYS854 on rich medium with in vitro observations of tn-seq
mutants on TSB. The accuracy is 85.7%, which represents an increase of 14.2% with respect
to the most recent model [9]. (B) Comparison of gene essentiality predictions across different
S. aureus GEMs (FP = False Positive, TP = True Positive, FN = False Negative, TN = True
Negative).

2.6).

Of the 23 false negatives, eight genes were involved in cell wall metabolism: tarBS - wall

teichoic acid biosynthesis, ltaA, ugtP, mprF, and pgpB - lipoteichoic acid biosynthesis and charg-

ing, bacA - undecaprenyl phosphate biosynthesis, and gtaB UDP-galactose biosynthesis (Figure

2.7). Both wall teichoic acids and lipoteichoic acids are conditionally dispensable for viability

of S. aureus strains [53, 54]. Since we initially included these two components in the biomass

objective function, their complete biosynthesis was rendered essential for successful growth sim-

ulations. Thus, in addition to the measured intracellular pool of solutes, we propose that a

subset of cell wall components, specifically lipoteichoic acids, 1,2-diacyl-sn-glycero-3-phospho-

1-(3-O-L-lysyl)-sn-glycerol, cardiolipin, α-O-GlcNAc-WTA and β-O-GlcNAc-WTA are non es-

sential biomass precursors. As such, we adjusted the generalized biomass objective function

(‘BIOMASS iYS reduced’) to exclude these precursors.
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Figure 2.6: Distribution of biosynthetic genes which were falsely predicted to be
essential grouped by the corresponding biomass precursor/category. The majority of
the False Negatives were attributed to cell wall biosynthesis components.

False negatives also included several genes involved in: 1) menaquinone biosynthesis;

aroB, aroC, aroD and aroF, 2) the shikimate pathway, menF and menD, 3) the mevalonate

pathway, and; 4) the isoprenoid pathway - ispA and hepT. Incidentally, menD mutants exhibit

the clinical small colony variant phenotype (SCV), which is characterized by slow growth, intra-

cellular persistence, nutrient auxotrophies and altered metabolism [55–57]. MenD mutants are

auxotrophic for hemin, menadione, and thymidine [58]. Hemin and thymidine but not mena-

dione transport and utilization are included in the reconstruction because there are no known

metabolic routes linking menadione to menaquinone-7 in S. aureus. However, menadione can

serve as a precursor for menaquinone-7 in S. aureus auxotrophs [59]. When we added a tem-

porary menaquinone-7 transport reaction (in addition to allowing for the uptake of hemin and

thymidine), we found that menD mutant growth was rescued in silico. In both S. aureus and

E. coli, the shikimate pathway is the sole metabolic route known to yield chorismate - which

is an essential precursor for the biosynthesis of menaquinone-7, folate intermediates, thiamin,

and aromatic amino acids. Incidentally, aroB E. coli mutants can grow in Luria-Bertani (LB)
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broth (a rich medium) but not in any of the carbon source + M9 minimal medium combinations

[60]. We hypothesize that all of the necessary nutrients essential for growth of the E. coli and S.

aureus aroB mutants are present in LB and TSB, respectively.
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Figure 2.7: Distribution of False Positive genes across cell wall biosynthetic path-
ways. Abbreviations: lipoteichoic acids = LTA; 1,2-diacyl-sn-glycero-3-phospho-1’-(3’-O-L-
lysyl)-sn-glycerol = LPG; cardiolipin = CL; D-alanyl-lipoteichoic acid = Alanyl-LTA; β-O-N-
acetyl-D-glucosamine poly(RboP)-wall teichoic acids = β-O-GlcNAc-WTAr; α-O-N-acetyl-D-
glucosamine poly(RboP)-wall teichoic acids = α-O-GlcNAc-WTAr; diacylglycerol = DAG; Phos-
phatidic acid = PtdOH; CDP-DAG = CDP-1,2-diacyl-sn-glycerol.
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iYS854 recapitulates mutant phenotypes and uncovers genes subject to regulation

involved in Staphyloxanthin production.

In addition to identifying essential genes, Fey et al. screened their mutants for pigmenta-

tion and mannitol fermentation. They identified seven mutants with reduced mannitol fermen-

tation capability, six of which had transposon insertions within unique ORFs. iYS854 correctly

predicted that all six genes are essential for mannitol fermentation (section 2.4.1). Fey et, al

also found a total of 39 mutants to be affected in their pigmentation capability. Of the 39 ORFs

containing a transposon insertion, 15 were modeled. Staphyloxanthin is an orange-red carotenoid

and its biosynthetic pathway is included in iYS854. We proceeded to assess the effect of sin-

gle gene knock-outs on the production of Staphyloxanthin by iterating through all the modeled

genes. iYS854 predicted that 35 single gene knock-outs completely abrogated Staphyloxanthin

production when knocked out in silico, while 14 almost halved it (including qoxABCD, cydAB,

narTXWHG, nasDE, and ctaM ) (section 2.4.1). Of the 35 simulated knockout mutants, seven

were experimentally observed to have reduced pigmentation (including crtOPQMN and ispA).

On the other hand, six of the 15 single gene knock-outs simulated an unchanged pigment yield.

The cognate genes are involved in glycolysis (pdhE1 and fbp) and purine biosynthesis (purAB,

gapA, and yjbK ). This discrepancy could be due to context-specific transcriptional regulation.

Indeed, in another study, purA S. aureus mutants showed enhanced pigmentation potentially

mediated by the enhanced expression of sigB [61].

Amino acid and purine biosynthesis are essential in synthetic physiological media.

We proceeded to assess conditional gene essentiality for each of the simulated media types

in section 2.1. We found that 92 genes were predicted to be essential for growth on all seven
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media types but not TSB, with 28 genes predicted to be essential in at least one but not all

media types (Figure 2.8). Of the 92 genes, 23 were wrongly predicted to be essential for growth

in TSB. The remaining 67 genes were categorized as conditionally essential genes, meaning that

the corresponding mutants can grow in the medium of interest when supplemented with the right

combination of nutrients. Of the conditionally essential genes, 33.3% and 20.6% were involved in

nucleotide metabolism and amino acid metabolism, respectively. Interestingly, purABCDFHLMN

and purQ were found to be essential in RPMI (a synthetic medium for plasma) and SNM3 (a

synthetic nasal medium). Indeed, Connolly et al. showed that purA and purB are essential

for growth of JE2 in human and rabbit blood, and pathogenesis in a zebrafish embryo infection

model [62]. They further demonstrated that growth of JE2-purB was rescued by the addition

of adenine and guanine while that of JE2-purA was rescued by the addition of adenine. There

were a total of eleven conditionally essential genes in SNM3 that were involved in amino acid

metabolism (Figure 2.8). in silico growth could be rescued for these mutants with the addition

of a combination of L-methionine, L-isoleucine, L-aspartate, and L-asparagine.

2.3 Discussion

In this chapter, we present the most recent and up-to-date genome-scale metabolic recon-

struction for the Gram-positive pathogen S. aureus. We validated iYS854 qualitatively against

a variety of data sets and observed a significant improvement with respect to the starting model

in both carbon catabolism as well as gene essentiality prediction.

This update underscored the importance of GEM maturation efforts with respect to

achieving high model quality and reliable flux simulations. We uncovered a number of issues

limiting the predictive power of the starting model including: the existence of erroneous flux
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Figure 2.8: Predictions of conditionally essential genes across defined bacteriological
and physiological media types. Here, we show a subset of four media types and the subset
of conditionally essential genes that are not essential in at least one media type. The full data is
available in [63]

generating cycles, duplicated pathways, incorrect gap filled pathways, non-organism specific en-

tries, incorrect functional assignments, blocked reactions, missing essential pathways, etc. In

addition, the curations and network modifications yielded nearly as many instance removals as

additions. The fact that the S. aureus GEM had undergone multiple maturation steps before
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this last iteration thus calls into question the source of these errors. We reasoned that there

are three limitations to GEM quality: 1) scarcity of knowledge of organism-specific molecular

knowledge, 2) inadequate and/or inconsistent methodology, and 3) scarcity of useful ‘omics’ data

sets against which to validate GEM predictions.

While all three limitations existed around the time the first two reconstructions were

published, they were gradually lifted over time. Indeed, more recent GEM maturation efforts

made use of expanded reference network databases, and novel ‘omics’ data sets to both update

and validate the model. Nonetheless, the resulting GEM exhibited a multitude of reconstruction

errors. Another aspect that this reconstruction iteration brought to light is that similar errors

existed in online reference pathway databases, and that in some cases the content of the databases

lagged behind the literature. Therefore, we conclude that at least a subset of the errors identified

were simply carried over to the models. Indeed, a number of emerging computational tools

enabling the automated reconstruction of draft models by pulling data from said databases were

cited across the more recent reconstruction iterations. However, it is well established that such

tools are meant to play a supporting role only, and that manual curations should accompany and

overwrite the automatically built draft reconstruction.

In addition to underscoring the pitfalls of overusing automated workflows, this iteration

highlighted how GEM maturation efforts begin to increasingly represent intricacies of system-level

metabolism. For example, we designed multiple S. aureus biomass functions using multi-omics

data to represent growth in different conditions. In addition, a number of biomass components

were found to be non-essential or pseudo-essential calling into question the paradigm currently

used for biomass function design. Should the biomass include the components which are abso-

lutely necessary for survival (thereby maximizing agreement between predicted and experimen-
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tally measured knockout phenotypes), or should it include the components that the cell tends to

produce in a subset of curator defined growth conditions but are not essential? In the latter case,

how can the model be experimentally validated given that the maximum achievable accuracy of

gene knockout predictions is likely to fall below 100%? In addition, the performance between

models cannot be reliably compared between different organisms due to underlying differences

in biology leading to varying maximum achievable accuracy.

Incidentally, a subset of the pseudo-essential biomass components identified play a role

for survival in vivo (e.g., teichoic acids). In addition, S. aureus strains are capable of exhibiting

a number of altered phenotypes (i.e., the L-form phenotype and the small colony variant phe-

notype), and are highly likely to have a modified biomass composition. A number of questions

regarding the design of the biomass function remain open or are actively being tackled, but have

yet to have received definitive answers. With the advent of technological advances in omics data

generation, it is increasingly accessible to address some of these questions.

Taken together, our considerations place an emphasis on the fundamental difference be-

tween a reconstruction and a model, with the biomass objective function playing a key role in this

distinction. We suggest that this distinction should translate to a differentiation between quality

metrics and validation tests applied to a model versus those which are designed and applied to

measure the quality of a reconstruction.
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2.4 Methods

2.4.1 Modifications to the metabolic network.

A draft core S. aureus GEM was built by taking the common reactions between the E.

coli core GEM [64] and the starting S. aureus GEM [65] and adopting the E.coli core biomass

objective function (BIOMASS Ecoli core w GAM) [66]. We curated the network after review-

ing the literature using the COBRApy toolbox [67]. Modifications included reaction, gene and

metabolite addition/removal, and annotations of reactions and genes with confidence scores, ref-

erences and metadata. We assigned confidence scores as per the standards set by Thiele et al.

and novel instance IDs as per BiGG standards [68]. We downloaded the genomic sequence for S.

aureus str. JE2 from NCBI (accession number CP020619.1). Genes were updated with names as

assigned in the literature (when available) or as generated during automatic genome annotation.

We added the E.C. numbers obtained from the genome annotation as metadata to the modelled

genes. We then downloaded the S. aureus Swiss-prot knowledge base (which contains manually

reviewed proteins and protein metadata specific to S. aureus) and cross-referenced the modelled

genes with Swiss-prot IDs using bi-directional best BLAST (PID > 80%, e− value < 10−3) [69,

70].

Flux simulations and network evaluation.

One of the crucial steps involved in a reconstruction is the evaluation of the network

flux carrying capability. In addition to ensuring the successful production of biomass precursors,

we examined some general properties of the flux distribution. The starting model could not

simulate flux through the full TCA cycle and erroneously simulated the dissipation of 13 energy

carriers when all exchanges were closed including ATP, CTP, GTP, UTP, ITP, NADH, NADPH,
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FADH2, FMNH2, MQH7, acetyl-coa, L-glutamate and intracellular proton. Such an aberration

is commonly found to be caused by a set of reactions constituting together erroneous stoichio-

metrically balanced energy generating cycles (ECGs) [14]. To search for energy generating cycles

we followed the workflow established by Fritzemeier et al. Briefly, we blocked all extracellular

exchanges by constraining the upper and lower bounds to 0 and iteratively added 14 energy

dissipation reactions. An energy dissipation reaction is a reaction that consumes high energy

metabolites. We simulated maximal flux through one dissipation reaction at a time using flux

balance analysis (FBA) [71]. Energy generating cycles existed when the maximal flux through

any energy dissipation reaction was larger than 0. We found that EGCs were caused by: 1) sets

of reactions carrying out the same function but with inverted reversibility, 2) the inclusion of

reactions that are not known to occur in S. aureus nor have any genetic basis for their inclu-

sion (such as 2-oxoglutarate synthase and fumarate reductase allowing reductive TCA), and 3)

reversible reactions that could generate energy carrying moieties when the flux was running in

the reverse direction. As a result of removing and adjusting the network accordingly, iYS103

successfully simulated flux through the TCA cycle and could not freely charge any of the 13

high energy carriers. The final core network contains 103 unique ORF assignments, 70 metabolic

processes and 58 metabolic species and can successfully simulate the utilization of the Krebs

cycle.

Addition of gene and reaction metadata.

Reactions were annotated with COG subsystems following the same classification scheme

as previous GEM reconstructions [60, 68]. The subsystems consisted of: 1) amino acid

metabolism, 2) carbohydrate metabolism, 3) cell wall and membrane metabolism, 4) cofactor
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and prosthetic group metabolism, 5) energy production and conversion, 6) transport, 7) nu-

cleotide metabolism, 8) lipid metabolism and 9) inorganic ion transport and metabolism. We

also added as a note to each metabolic reaction the metabolic module (or pathway) that it partic-

ipates in. We annotated metabolic reactions with 65 metabolic modules. To visualize the amount

of novel content added to each metabolic subsystem, we compared the updated metabolic gene

content with the metabolic gene content across the 4 previous metabolic reconstructions. Genes

were then classified in modules according to the metabolic reactions they participate in. For each

module, a fraction representing the ratio of novel genes to the total number of genes it contains

was computed. A gene was considered “novel” when it was not accounted for in the previous

reconstruction (Figure 2.2).

Addition of structures and structure-guided reconstruction.

The structural systems biology (ssbio) pipeline was run to map crystallized 3-dimensional

structures of proteins deposited in the Protein Data Bank (PDB) to the genes included in the

genome scale reconstruction [38, 72]. A blast cutoff was chosen at 70%. Genes that could not

be mapped through this method to a crystal structure were mapped to their nearest homolog

with an existing structure. Homology models were built from this template and subsequently

modified to match the amino acid sequence of the USA300 query protein.

Biomass objective function.

We adapted the weight fractions for the 5 polymer categories and the pool of solutes from

Heinemann et al. [10]. The authors computed a biomass composition by averaging experimentally

derived weight fractions across several S. aureus strains grown in different media conditions. We
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proceeded to compute the relative ratios of the DNA precursors using the S. aureus genomic

sequence and the RNA and protein weight fractions using transcriptomics data derived for S.

aureus str. plasmid cured LAC (JE2) grown on a chemically defined medium with galactose

as the main gluconeogenic nutrient source [44]. Computations were performed via BOFdat, a

python package for biomass objective function derivation [40]. We included amino acids in their

tRNA bound form because two of the twenty amino acids are only synthesized while complexed

with tRNA [73]. The relative quantities for the cell wall precursors and lipids were adapted

again from Heinemann et al. However, the updated metabolic network includes the biosynthesis

of downstream precursors for some of the cell wall precursors. For example, we replaced the

peptidoglycan monomer with a wall teichoic acid bound peptidoglycan dimer, and lipoteichoic

teichoic acids with charged lipoteichoic acids. We adjusted the relative coefficients according

to the replaced precursor’s molecular weight. The pool of solutes was adapted from [41] and

updated with metals and trace molecules (chosen based on literature evidence [74] and protein

cofactor utilization obtained from the metadata associated with the 3-D protein structures).

Growth carrying capability of multiple media types and prediction of necessary

supplementations.

We modelled growth on a defined medium by setting the lower bound to the reactions

exchanging metabolites that are present in the medium to −10
mMol

gDW.hr
. A negative value

signifies exchange from the medium to the cell. The lower bound to all other exchanges was

set to 0
mMol

gDW.hr
. The simulated media types are available in [63]. When growth could not

be achieved, we searched for minimal medium supplementations needed to support growth. For

that purpose, we changed the objective of the optimization problem to the minimization of
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the number of additional open exchange reactions and constrained flux through the biomass

objective function to a minimal value of 1hr−1. We set the lower bound to all exchange reactions

to −10
mMol

gDW.hr
, and the solver configuration tolerance feasibility to 10−9 using COBRApy.

min
∑

∀j∈Exchanges
yj

∑
∀i∈Metabolites,∀k∈Reactions

Sik ∗ vk

yj .LBj <= vj

vbiomass = 1 hr−1

yj ∈ (0, 1)

Aerobic environments were simulated by setting the lower bound for oxygen exchange

to −20
mMol

gDW/hr
. Oxygen exchange was blocked to simulate an anaerobic growth environment.

The utilization of nitrate as an alternative electron acceptor was simulated by setting the lower

bound for nitrate exchange to −20 and the lower bound for oxygen exchange to 0.

High throughput BIOLOG phenotypic array.

Model benchmarking on carbon sources was performed using Biolog plates PM1 and PM2

(BIOLOG Inc. Hayward, CA). S. aureus USA300 was grown to mid-log phase in modified TSB

media, pelleted via centrifugation at 4,000 x g for five minutes, washed and resuspended in fresh

media to a final OD = 0.1. Aliquots of 100 uL were inoculated into Biolog plates and examined in

the plate reader at time zero, then each hour from 1-12 h, and finally at 24 h. Plates were housed

in a plate reader under sterile conditions. The plates for both the PM1 and PM2 plate (carbon
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sources) were run at 490 nm to examine dye absorbance alterations and 750 nm to assess optical

density. M9 minimal medium supplemented with niacin and thiamin was used as the minimal

medium to simulate for the utilization capability of 68 carbon sources. The simulation results

were then compared against experimental observations.

Gene essentiality prediction.

The predicted mutant growth phenotypes were obtained by simulating a gene knockout

using the cobra.flux analysis.single gene deletion command. The mutants were cultured on tryp-

tic soy broth (TSB, a rich and complex medium for which the composition is unknown) and the

observed gene essentiality for this condition was reported. To mimic TSB, we simulated growth

by allowing inward flux of all the extracellular nutrients included in the reconstruction. We set

the objective function to BIOMASS iYS reduced (which excludes the pool of measured intracel-

lular solutes detected by NMR for growth of S. aureus on CDM+glucose). A gene was deemed

to be essential when its knockout resulted in a maximal growth of less than 0.0001hr−1 or when

the solution status was not optimal.

To interrogate the capability of iYS854 to recapitulate the mannitol fermentation ca-

pability across mutants, we first confirmed that the model could simulate growth on manni-

tol in an oxygen depleted environment by allowing uptake of mannitol, M9 minimal medium

components, thiamin and niacin. Extracellular oxygen exchange was blocked to mimic

the anaerobic environment. We subsequently assessed gene essentiality by using the co-

bra.flux analysis.single gene deletion command and compared the results against experimental

observation. In order to assess the GEM’s capability to predict pigment formation, we set the

production of staphyloxanthin as the objective of the maximization problem. Growth on rich
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medium was then simulated by allowing inward flux across all exchanges. Again, we determined

gene essentiality to assess the effect of gene knockouts on the production of staphyloxanthin.

Gene essentiality on all other media types was determined by setting the lower bound to ex-

change reactions to -10 when they imported a metabolite that was present in the medium.

Cell weight measurements,

Single colonies of S. aureus str. LAC were inoculated into 5mL Roswell Memorial Park

Institute (RPMI) 1640 supplemented with 10%LB (RPMI+10%LB) and incubated overnight at

370C with rolling. Overnight cultures were diluted into tubes containing 18 mL fresh media to a

starting OD600 of 0.01 and incubated at 370C with stirring until cultures reached an OD600 of 0.4.

Pre-cultures were diluted back into 6 new tubes, containing 20 mL fresh media to OD600 = 0.01

and growth was monitored until cultures reached an OD600 of 0.5. The 6 tubes were mixed

in a baffled flask and OD600 was measured. Pre-weighed 0.2µm filter was placed into a clean

glass filter holder above. 40 mL culture was passed through the filter and the unit was washed

with 15mL ddH2O. A final OD600 reading was taken from remaining culture. Filter disc was

transferred to a clean petri dish placed in the incubator at 800C ON. The next day, filter discs

were acclimated to room temperature for 45 min and reweighed. Dry cell weights were taken as

the average of three weight measurements. We obtained an average dry cell weight of 9.6 mg at

an OD600 of 0.58.
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Chapter 3

Lessons learnt from GEM

maturation efforts.

Direction of GEM maturation

Model 
version 1

Model 
version 2

Model 
version 3

Figure 3.1: GEM maturation.
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Our GEM maturation instance in Chapter 2 brought to light several shortcomings of

semi-automated reconstruction workflows, in which content is automatically pulled from online

databases and introduced into existing GEMs. Because the assembly of public databases relies on

a combination of manual curation and sequence homology to assign gene functions, they contain

non-organism specific functional annotations, especially in lesser known organisms. As such, er-

roneous and redundant content is introduced into the curated networks. In this chapter, we start

by highlighting 8 common characteristics that result from best-practice GEM maturation efforts:

1) increasing cellular complexity, 2) increasing scope, 3) increasing organism-specificity, 4) im-

proved network driven properties, 5) increasingly informed modeling assumptions, 6) increasing

use of ”omics” technologies and data types for model validation and network modification, 7) en-

riched metadata and cross-references, and 8) increasingly structured collaborations. We proceed

to shed light on the latent and unrecognized issue of the beneficial effect of content removal on

a model’s predictive power, and propose a novel framework to guide future GEM development

efforts which reduces duplication of effort across groups and boosts the reproducibility of model

development.
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3.1 Background

GEM maturation - the natural process by which a model is continually updated and

improved, is crucial to achieving high level accuracy and confidence of GEM predictions. However,

because such efforts are time-consuming and rely on contemporaneous discoveries and advances

in multiple fields of study, they are usually limited to organisms of high interest to the scientific

community. Published protocols and guidelines have been established for stage 1 and stage 3

of the GEM life cycle [1–3], and details of efforts that have gone into stage 4 are reviewed by

Magnúsdóttir et al. [4]. While there is no protocol or guideline detailing out the steps to be

followed, we found eight common characteristics which have emerged from such undertakings. We

draw these features by examining past independent but parallel GEM maturation efforts across

multiple GEM sequels including but not limited to the S. aureus [5], E. coli [6], H. sapiens [7],

S. cerevisiae [8], M. tuberculosis [9] and P. putida [10] GEMs.

3.2 Results

3.2.1 GEM maturation: eight common characteristics

Increasing cellular complexity

Early-stage GEMs tend to account for a reduced number of cellular compartments (Fig-

ure 3.2 A). A predominant set of improvements are driven by the examination of the network

structure and its reorganization. For example, the initial E. coli networks did not account for the

periplasmic compartment which was later added in iAF1260 [11, 12]. Similarly, the number of

compartments modeled in S. cerevisiae increased from 3 to 16 over the course of multiple itera-

tions [13–15]. The development of fully compartmentalized GEMs included the re-assignment of
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reactions and metabolites to new compartments and the addition of intercompartmental trans-

port reactions to represent the metabolic exchanges between compartments [12, 14–16]. As a

result of such network modifications, fewer reactions contribute to the pool of metabolites in each

compartment, and a subset of metabolites become compartment-specific. As such constraints to

the solution space are indirectly added to the model [17, 18].

Increasing scope

The accumulation of new legacy knowledge in the literature drives the need to update

GEMs (Figure 3.2 B). As knowledge specific to the organism appears, new pathways and subsys-

tems are added, cofactor specificity is refined, GPRs are updated, new genome annotations are

incorporated, existing pathways are completed, reaction reversibility is revised, and erroneous

content is removed. Because of their organism-specificity, the added pathways contribute to an

increased breadth of modeled metabolic networks, and highlight the metabolic particularities

of the cell. Advances in knowledge also enable an expansion of scope. For example, reactive

oxygen species production [19], host-microbiome interactions [20], and strain-specific metabolic

variations such as O-antigen biosynthesis in Gram-negatives [21] are more recent add-ons to

metabolic networks.

Increasing organism-specificity

GEMs at early stages of development tend to have non-organism specific information

(even after a first round of curation). Just like the discovery of novel molecular mechanisms

is not ex nihilo and relies on the available pool of knowledge in other species, the generation

of GEMs relies on previously reconstructed networks which were originally tailored for differ-
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ent organisms. For instance, while there may be sufficient evidence supporting the addition

of a metabolic transformation, details of said transformation may only be known in another

(sometimes unrelated) organism. It is likely that there are variations in these processes across

species, but such variations may simply be unknown at the time of reconstrution [13, 21, 22].

Therefore, GEM maturation endeavors involve the modification or removal of content as new ev-

idence comes to light that ultimately increases organism-specificity (Figure 3.2 B). For example,

bacteria-specific reactions participating in maltose metabolism were only detected and removed

from the latest C. elegans GEM [23], mammalian-originating free fatty acids were only removed

from the latest S. cerevisiae model [13], and the glyoxylate shunt, ubiquinone biosynthesis, and

vitamin K biosynthesis were only removed from the latest S. aureus model [21]. Increasing

organism-specificity is clearly shown in a multiple correspondence analysis plot of the content of

curated GEMs by Monk et al. [24], in which more recently updated E. coli GEMs are located

further away from the center of the plot.

Network-structure driven improvements

Flux variability analysis of a network can pinpoint blocked reactions (i.e., reactions which

cannot carry flux under any condition). The incapability of a reaction to carry flux can be caused

by any one of two structural features: 1) a participating substrate or upstream precursor has no

producing reactions (root no-production or orphan metabolite), 2) a participating or downstream

product has no consuming reaction to allow it to leave the system (root no-consumption or

dead-end metabolite) [25]. These instances highlight gaps in the network that can be manually

subdivided into knowledge gaps and scope gaps. Knowledge gaps occur due to limitations in

our knowledge of the cellular metabolic capabilities and can lead to model-driven hypothesis
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generation. Scope gaps feature limitations in the scope of the GEM. The identification of network

gaps and their removal is one of the objectives of GEM maturation instances, guiding model

modifications and resulting in improved network connectivity [22, 25].

Increasingly informed modeling assumptions

Multiple modeling assumptions are made de facto across all GEMs. Any modification

to the network made in order to achieve in silico ‘growth’ constitutes a modeling assumption.

in silico ‘growth’ is computed as the rate of production of biomass precursors. It is defined

as the flux through the “biomass objective function” (BOF) which is designed by the modeler

and contains chosen biomass precursors in specific proportions. Modeling assumptions thus

include the biomass objective function, gap filling reactions, demand and sink reactions, and

ATP maintenance reactions (which take into account the consumption of ATP as part of non-

metabolic processes). Biomass objective functions can have three levels of modeling detail: 1)

basic, 2) intermediate, and 3) advanced [26]. Initial GEMs tend to have basic level BOFs in which

only major macromolecular categories (RNA, DNA, proteins, and lipids) are represented [27].

They are often organism-unspecific and are later refined and expanded to include metabolites

which are more specific to the organism of interest (vitamins, cofactors, inorganic ions, and

membrane components), as well as energy drainage formulations to account for protein, DNA,

and RNA polymerization (Figure 3.2 C) [15, 21, 22]. Sometimes, multiple BOFs are added to

represent different cellular states, or to model the effect of stressors such as drugs and antibiotics

[28–30]. BOFs are increasingly being replaced with “metabolic tasks,” especially across GEM

specialization efforts [31–33]. “Metabolic tasks” are defined by Thiele et al. as “non-zero flux[es]

through a reaction or through a pathway leading to the production of a metabolite B from a
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metabolite A” [34]. Reactions and genes with a confidence score of 0 can also be considered as

modeling assumptions and classified as prime candidates for review until experimental validation

emerges. Genes and associated reactions are given a low confidence score when their inclusion is

based purely on genome annotations, when they are not evaluated, or for modeling purposes [1].

Novel technology driven improvements: knockout mutant screens

The advent of new technologies has enabled new types of observations to be used for

network refinement. When the first set of GEMs were published, gene essentiality datasets

were scarce. New datasets progressively emerged or were generated for the specific purpose of

validating genome-scale metabolic models [35]. The most pristine datasets constitute screens of

complete gene knock-out mutant fitness profiles grown in a multitude of defined (and minimal)

media types [6]. Consequently, gene essentiality, non-essentiality, and conditional essentiality

was measured and compared directly with modeling simulations. Observed inconsistencies have

brought about model corrections, highlighted knowledge gaps, and later guiding the discovery of

underground metabolic functions [36–38]. Gene essentiality datasets for complex organisms only

started appearing as technologies for gene silencing and gene editing progressed. For instance,

the Mouse Knockout project was announced in 2004 and launched in 2006 [39] and the results

were later incorporated to guide updates for the Mus musculus GEM in 2010 [40]. Similarly,

the advent of CRISPR-cas9 technologies enabled the systematic screening of tens of thousands of

loss-of-function lesions affecting gene copies across multiple human cell lines, including tumor cell

lines [41–44]. Despite initial efforts [32], these datasets have yet to be fully utilized to evaluate

the human GEM, representing an important opportunity to advance our knowledge of human

and cancer metabolism through the maturation of specialized GEMs.
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Novel technology driven improvements: ‘omics’ data

Technological advances in profiling exo- and endo-metabolomes have enabled the quan-

tification of GEM metabolome coverage. Combined with manual curation, the comparison of in

silico modeled metabolites against compendia of metabolomics data has enabled: 1) the addition

of missing pathways; 2) model corrections; and 3) the identification of potentially misidentified

metabolites [7, 23]. Exo-metabolomics has guided the addition of secretion pathways as in S.

cerevisiae [14], and served as a validation tool for context-specific metabolic networks [45]. Sim-

ilarly, mass-spectrometry has enabled proteome-wide subcellular localization analysis in GEMs

across the tree of life [46–49]. Recent reconstruction efforts make use of this added information

to identify both which compartments to model as well as the reactome content in each compart-

ment [49]. Transcriptomics datasets have served to confirm the activity (or lack thereof) of a

pathway and offer insights into the validity of network gaps [50]. Crystallized protein structures

have guided the distinction between true and false isozymes in the context of gene essentiality

[51], and when integrated with GEMs, have pinpointed essential metal cofactors guiding their

addition into the biomass objective function [30]. In addition, information gleaned from the

primary, secondary, and tertiary protein structures has become increasingly utilized to predict

subcellular localization [17].

Enriched object associated information

With the expansion and increasing specialization of knowledge bases it has become crucial

and more common to enrich all objects included in GEMs with publicly available database-linked

cross-references and identifiers (Figure 3.2 E). An especially time-consuming step in both GEM

inception and maturation is the conversion of various identifier namespaces into a single con-
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sistent namespace. Adding metabolite, reaction, and gene identifiers simultaneously facilitates

downstream reconstruction efforts as well as high-throughput ‘omics’ data integration. Cross-

reference databases such as MetaNetX increasingly serve as a tool to facilitate identifier mapping

[52] by pulling content from over 20 databases. Protein structures are a recent addition to

GEMs, constituting a fourth modeled instance directly linked to genes, and offering a wealth of

additional information which can be linked back to reactions. They have enabled the examina-

tion of systems-level effects of single nucleotide polymorphisms[7]. A recent package enabling

automated enrichment of GEMs with protein structures [53] has also made it possible to system-

atically identify the most recent literature relevant to the model organism because structures are

predominantly linked to publications [54].

Increasingly structured collaborations

As the field of GEM reconstruction matures, there is a growing realization that collab-

orative reconstruction efforts yield GEMs of higher quality (Figure 3.2 F). Owing to the mul-

tidisciplinary characteristic of GEM development, the involvement of experts specialized across

various fields of study is needed. To encourage participation and facilitate cross-disciplinary

collaborations, software and web servers have been recently developed (including RAVEN 2 and

MetExplore) and used as tools during reconstruction jamborees. The range of functionalities pro-

vided includes collaborative development through online platforms, version control (supporting

easy tracking of modifications), and the integration of ‘omics’ datasets with the model. MetEx-

plore is designed to stimulate the involvement of end-users with limited computational skills by

offering an all-in-one online workspace [55]. In addition, their platform introduces the innovative

idea of a voting system, allowing annotators to voice their opinion regarding the accuracy of each
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element of a GEM through an approval/disapproval rating system. In turn, votes can be easily

queried by any collaborator. For the more experienced computational biologist, the use of GitHub

repositories is increasingly accepted as the standard of practice for the development of so-called

community models [8, 56–58]. With the reproducibility of modeling and reconstruction efforts

becoming a concern, GitHub offers easy tracking of modifications, a feature which is now in-

creasingly attractive for GEM developers. Going forward, communities focused on specific target

organisms may develop ‘crowd-sourcing’ online forums to systematically harvest new knowledge

and incorporate it into a consensus reconstruction. Crowd-sourcing is further enhanced by the

recent establishment of standardized and consistent quality metrics and model validation tests

(memote) [Lieven2020].

3.2.2 Less can be more: on the prevalence of content removal

One overlooked and underappreciated but highly time-consuming step in the GEM life

cycle is the manual removal of content [30]. Both content addition and removal constitute

important forms of knowledge for GEM reconstruction. Additions occur first, and algorithms

designed to assemble metabolic networks attempt to annotate as many genes and reactions as

possible. By lowering the threshold for sequence homology, comparing protein domains and

sequence signatures (often mapping to multiple functions), and mapping content from distantly

related organisms, the number of annotated metabolic genes can be artificially increased. All of

these parameters can be fine-tuned but lean towards inclusion so as to annotate as many genes

as possible.

Content removal occurs naturally at every stage of the GEM life cycle. Before annota-

tions are retrieved for automated draft reconstruction assembly, the reference network databases
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are themselves constantly undergoing updates. These updates include both the expansion to new

pathways as well as the expansion to new species. When expanding to novel species, existing

pathways are imported from other species necessitating subsequent pruning of overly generous

imports. In addition, as more pathways are added, older pathways are reviewed and improved,
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motivating the removal of redundant entries and lower confidence content. This process is ex-

plicitly mentioned for the updates of Metacyc [59, 60] and Uniprot [61–63]. For example, a total

of 595 pathways have been removed from Metacyc since 2003 [59, 64–67], with pathway removals

reaching as much as 42% of additions in 2009 (Figure 3.3 A). In total, almost as many (82%)

pathways were removed from the Metacyc database as of 2017 as the total number of pathways

that was present in 2003 (with a concurrent 524% increase in size). In 2004, Wieser et al. ex-

plained that there were two sources of errors of annotation. They attributed the occurrence of

false positive annotations to: 1) the reliance of annotation algorithms on protein family domains

and sequence signatures, and, 2) the annotation bias between training and target sets [63].

The process of de novo draft reconstruction assembly is also heavy in content pruning. For

example, manual removals evidently occur in the assembly of 773 reconstructions of gut microbes

(AGORA) (Figure 3.3 B) [68]. The AGORA reconstructions were built by first automatically

generating draft reconstructions using ModelSEED, which pulls the annotations from a library of

manually curated subsystems and protein families. Manual and semi-automated curations were

subsequently made to improve the quality of the reconstructions. In this process, an average of

3.7% of the content was removed from each reconstruction (with a concurrent 12.7% increase in

model content).

More superfluous content is added when converting the metabolic reconstruction to a

computable format (a process which we break down in the subsequent section). As models are

updated, the superfluous content is pruned out. GEM maturation efforts for E. coli [6, 12, 25,

69], H. sapiens [7, 16, 70, 71] and S. cerevisiae [8, 13, 14, 28, 72] reflect the content fluctuation

observed in the Metacyc database (Figure 3.3 C). For example, the total number of metabolites

removed by the third H. sapiens GEM update amounts to a total of 60% of the number of
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metabolites originally included in Recon 1. The active community of S. cerevisiae modelers

update the yeast network more frequently, with multiple updates involving namespace switches

(i.e., the convention used to uniquely identify model instances). In Fig. 3c, we follow one of the

yeast sequels going through five updates, from iND750 to yeast 7. In total, 40% of the genes

included in iND750 are removed (note that we count each removal regardless of whether a gene

was removed, added, and then removed again).

Finally, data-driven reductive workflows such as the construction of hundreds of strain-

specific models of Salmonella led to the removal of between 2.3% and 13.2% of the total number

of modeled instances (Figure 3.3 D) [5, 73]. Similarly, 53.5% and 71.6% of the starting model

is removed in subsequent tissue-specific and disease-specific metabolic models generated through

the mCADRE workflow.

3.2.3 A framework for the removal of content

When curating GEMs, a significant amount of time is dedicated to identifying what

content should be removed. While content addition is expedited by increasingly larger reference

network databases and automated workflows, content removal is still a heavily manual task,

performed silently on the back end of all reconstruction efforts. As a result, some of these efforts

are duplicated across groups. The range of evidence that supports the absence of a capability is

highly diverse in type and confidence level. Unfortunately, the removal of content is not usually

saved in any format, constituting a loss of information that could be used to inform other model

building efforts and boost reproducibility.

When a reaction is added to the metabolic reconstruction, it is saved in a stoichiometric

matrix (S) which mathematically represents the participating substrates and products and the
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corresponding stoichiometries. We propose that when a reaction is removed from a network, it

should be likewise saved in an analogous matrix which we henceforth call the recall-Reaction

matrix (rR matrix). The rR matrix can be structured similarly, with rows representing each

metabolite’s mass balance, and columns representing each reaction’s stoichiometry. The removal

of a gene from a gene-reaction rule is also highly informative. Such removals can be saved in the

recall-Gene matrix (aG matrix), with the rows representing the genes, the columns representing

the reactions, and the entries being binary (with ‘1’ representing exclusion, and ‘0’ signifying no

action). Each entry of the rR and rG matrices should be accompanied by a confidence score,

a reference, and ideally a note, justifying the reason for exclusion. It can be especially difficult

to experimentally confirm the absence as opposed to the presence of a metabolic capability.

However, such knowledge exists, and can be converted into a set of recommendations encoded

in the rR and rG matrices. In turn, these recommendations can be propagated across GEM

reconstruction platforms as a set of warnings, using phylogenetic relatedness, pathway homology,

and genome architecture similarities to select for more relevant information.
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Table 3.1: Framework for confidence level scoring as part of content removal efforts in metabolic

reconstructions.

Evidence

type

Confidence

score

Examples

Novel bio-

chemical

data

4 Newly discovered biochemical reaction overriding an entry

with a low confidence score (e.g., through biochemical as-

says, resolved protein structures, etc.) [21]. Removal of

sinks and demands following network structure modifica-

tions brought on by new biochemical evidence. Removal of

reactions associated with a single gene previously predicted

to be promiscuous, when novel biochemical evidence indi-

cates lack of promiscuity. Removal of imbalanced reactions

due to lack of explicit inclusion of metabolites’ formula, as

new formulae are characterized and retrieved [79].

Duplicate

entry

4 Removal of duplicated content: reactions and metabolites

[80]
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Combination

of ‘Omic’

data

3 Removal supported by more than one ‘omic’ data type,

for example: Discrepancies between model predictions and

gene essentiality screens coupled with structural analysis,

genomic neighborhood analysis, and transcriptomic data to

identify false isozymes [51]. Discrepancies with gene essen-

tiality screens coupled with metabolic modeling methods

such as GLOBALFIT and updated genome annotations, or

data derived genetic interaction networks [81, 82].

Phenotypic

data

2 Indirect evidence supporting the lack of a capability, e.g.

inability to utilize a range of nutrient sources, serotyping

results, etc. [21].

Modeling

purpose

1 Reaction with low confidence score causing significant flux

alteration at the systems level and creating thermodynami-

cally infeasible flux cycles [83].

Single

’Omic’

dataset

0 Updated genome annotation indicating alternative low con-

fidence function.

The recall-Reaction matrix

There are multiple conceptual shortcuts and general rules that can be applied to iden-

tify candidates for the rR matrix (Figure 3.4). A prime example is that of duplicate entries.

Duplicate reactions and pathways are commonly found under different identifiers or with slight
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variations to the reaction content (Figure 3.4 A). Reaction pairs that are identical except for

their thermodynamic reversibility (one being reversible and the other irreversible) are duplicate

reactions. Such cases may arise due to uncertainty with regard to reaction directionality and

may result in infeasible flux cycles. If reaction directionality uncertainty persists, the duplicate

reactions should be replaced with a single reversible reaction [1]. Similarly, reaction pairs with

identical content, save for stoichiometric coefficients, are duplicate reactions and should be re-

placed with the entry with the highest confidence score. With increasing compartmentalization

complexity, reactions can inadvertently be added to multiple compartments when they should

only be contained in one. Duplicate metabolite entries also contribute to reaction redundancy

and can be resolved once duplicate metabolites are identified. Oftentimes, duplicate reactions

have identical GPRs, and this feature could serve to identify possible candidates. These issues

affect both GEMs and reference network databases as suggested by Altman et al. [84].

A second category of rR reactions are reactions which simply fall outside of the metabolic

capabilities of the organism of interest (Figure 3.4 B). The identification of reactions in this

category usually results from literature review. With higher taxonomic ranks, pathways that

should be excluded are more easily filtered out by current annotation platforms. For example,

chlorophyll biosynthesis is predominant in the Plantae reactome but rare in the Animalia reac-

tome. Knowledge of differences at lower taxonomic ranks (e.g., species-level) exists but can be

more challenging to identify. Despite these known differences, as a result of running automated

reconstruction workflows, pathways from unrelated organisms can get added to draft GEMs. For

example, unlike Bacillus licheniformis, Bacillus subtilis lacks a glyoxylate shunt as evidenced by

its inability to grow on C-2 carbon sources [85]. Subtle variations in cofactor usage across organ-

isms are only reflected in models when sufficient manual curations have been performed. They
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have been shown to affect model predicted thermodynamic favorability and energy cost [86].

For example, in S. aureus, two haem biosynthesis pathways were originally modeled; one using

oxygen and the other S-adenosyl-L-methionine as a cofactor. However, recent evidence showed

that S. aureus encodes an oxygen-independent transitional pathway, prompting the removal and

replacement of both pathways [30, 87].

Promiscuity of gene associations is a hallmark of weak curation coverage (Figure 3.4 C).

When a single gene is associated with multiple reactions, reactions can be automatically flagged

for review. Promiscuity of GPRs can arise due to annotation uncertainties, but they can also

have a biological basis (e.g., substrate transporters or fatty acid biosynthesis). As more literature

evidence comes to light, a subset of these reactions tends to be removed. The network structure

can also serve to inform content removal efforts. For example, reactions with promiscuous gene

assignments tend to contain multiple dead-end metabolites. GPR promiscuity can result from

relaxed constraints on homology searches, or from searches encompassing a large breadth of

distantly related organisms.

Reactions originating from modeling assumptions constitute a fourth category of rR re-

actions (Figure 3.4 C). They technically are part of the model but not the reconstruction,

and include sink, demand, and gap-filling reactions. Their addition usually fulfills a modeling

purpose. However, when sufficient advances in knowledge enable their removal, they should be

added to the rR matrix. For instance, the first S. aureus biomass reaction was adopted from

the B. subtilis GEM which was itself copied from the E. coli GEM [88]. Similarly, despite the

lack of genetic evidence and because spermine was a precursor of the biomass objective function,

the spermine biosynthesis pathway was added to the final GEM. Gap-filling reactions are not

necessarily orphan reactions. As such, some reactions of the spermine biosynthesis pathway were

82



assigned erroneous GPRs. Current literature indicates that as opposed to B. subtilis, S. aureus

lacks polyamine biosynthesis capability [89] and that exposure of S. aureus strains to physiologi-

cal concentrations of spermine and spermidine is bactericidal, supporting the removal of the full

pathway [30].

The recall-Gene matrix

One of the hallmarks of draft reconstructions is the occurrence of GPRs with a large

number of locus tags linked by the OR rule marking enzymes with redundant functions (with

extreme cases containing as many as 10 “isozymes”) (Figure 3.4 D). Extended OR rules skew

transcriptomics data-integration methods which rely on the boolean encoding in the GPR. When

a reaction is catalyzed by multiple isozymes, flux bounds are only changed when similar expres-

sion changes are observed across all genes. It should be noted that some cases with extended

GPRs have a biological basis. For example, when considering underground metabolism, substrate

promiscuity contributes to an extended GPR [37, 38].

Uncertainties in functional annotations occur across all genome annotation platforms and

are propagated through metabolic reconstruction platforms (Figure 3.4 D). If left untouched,

downstream analyses can be heavily skewed, and errors are propagated to specialized GEMs.

For example, a transcriptional regulator incorrectly annotated as a nutrient transporter may be

upregulated under a specific condition. Following established transcriptomics data integration

workflows, modelers may choose to artificially up-regulate the associated reactions based on the

given data, which will incorrectly lead the model to predict that substrate uptake is increased.

Indeed, this observation emphasizes the importance of using comprehensive annotation databases

with both known metabolic and known non-metabolic genes as a basis for automated reconstruc-
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tion workflows in order to avoid mis-assigning non-metabolic genes to a metabolic function.

A third category of rG genes includes any genes affected by loss of function mutations

(Figure 3.4 E). A range of genetic mechanisms can indicate loss of function, including SNPs

leading to early in-frame stop codons or frameshifts, large in-frame deletions/insertions, and mu-

tation of the start codon. A strain may encode all genes participating in a linear pathway for

the synthesis of a biomass precursor, but still lack the capability to produce that precursor, or

produce a modified precursor due to loss of function events. For instance, Salmonella strains of

serogroup O:2 carry a frame-shifted gene causing it to produce a modified O-antigen structure

[30]. Similarly, despite carrying the full cap locus, strains of USA300 and USA500 clonal lineages

of S. aureus are incapable of producing a capsular polysaccharide due to a single nucleotide indel

causing a frameshift mutation in capD [90]. Oftentimes, these known loss-of-function events are

transferred to the strain’s genome annotation, and the genomic region corresponding to the pseu-

dogene is tagged as ”pseudo”. Therefore, one way of identifying these changes is to compare the

genome annotation used for the previous GEM maturation/inception instance to the most up to

date genome annotation. Alternatively, combining multiple fields of study with metabolic mod-

eling can reveal candidate rG genes of the third category. For example, comparative genomics

and evolutionary genetics together can reveal gene deletion events, combining mutagenesis re-

sults with comparative genomics can point out single nucleotide polymorphisms causing loss of

function, and analysis of structural modifications can identify possible deleterious mutations.
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pathways, (C) Low confidence modeling assumptions, (D) Low confidence gene annotation, (E)
Data-driven evidence.

3.2.4 Content removal transforms the solution space by adding hard con-

straints

There are multiple ways in which content removal or lack thereof affects the quality of a

GEM. Adding complete pathways to an existing network expands the solution space. Conversely,

85



removing content (reactions and metabolites) modifies the network constraints and results in

a reduction of the set of feasible flux states. In the dummy pathway shown in Figure 3.5

A consisting of five reactions and three metabolites, the deletion of reaction 4 results in the

modification of two stoichiometric constraints or, equivalently, the addition of the null constraint

for the flux through reaction 4. The solution space is reduced from the initial set of feasible

flux distributions through two pathways, and only one pathway is able to carry flux (p2). If the

removal of reaction 4 is supported by literature evidence, then one of two possibilities hold: either

a gap in the network or a new gap in knowledge has been identified for a mechanism enabling

the consumption of metabolite 3.

While reaction 3 is blocked, reaction 2 becomes essential. The number of essential reac-

tions is an indicator of biological redundancy encoded in the organism’s genome. A lower number

of essential reactions indicates that the organism has evolved alternative metabolic routes as a

survival strategy. Superfluous content drives the number of essential reactions down by creating

artificial redundancies. Despite having a larger total number of modelled reactions, updated

models tend to have a larger number of essential reactions than the precursor GEM. Recent up-

dates for M. tuberculosis, P. putida, and S. aureus all show this trend (Figure 3.5 B). As a result

of removing alternative pathways, the connectivity of the network is altered, forcing non-zero

flux through a subset of reactions.

One of the hallmarks of insufficiently curated GEMs is the presence of thermodynamically

infeasible energy generating cycles (also known as futile cycles). Such cycles carry net flux at

steady-state [91], allow free charging of energy carriers in the absence of nutrient uptake [92],

yield increased biomass production, and negatively skew the predicted flux distribution following

transcriptomics data integration [93]. Futile cycles can occur due a paucity in constraints on
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reaction bounds, due to the presence of erroneous reactions, or due incorrect cofactor assignment.

A recently published update to the S. aureus GEM yielded the removal of 26.5% of the starting

model and the elimination of futile cycles [30].

Upon reintroduction of subsets of different sizes of the removed reactions into the updated

GEM, flux loops are also reintroduced (Figure 3.5 C). Naturally, as more erroneous reactions are

reintroduced, there is an increase in the probability of the model being capable of simulating free

charging of various energy carriers. For a subset of energy carriers, as few as ten added reactions

are sufficient to yield their free production.
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3.3 Discussion

The field of metabolic reconstruction and modeling is progressing at a steady pace. As

challenges are identified, solutions banking on both theoretical and technological advances have

been applied, coupled with the development of computational platforms and tools to overcome

them. GEM development is delineated by four chronological phases: 1) inception, 2) maturation,

3) specialization, and 4) amalgamation. GEM inception is well established, GEM maturation

is becoming increasingly defined, and GEM specialization and amalgamation remain two ac-

tive fields of research focused on modeling methods development. GEM maturation efforts have

occurred independently across groups, but converged towards a common set of approaches. How-

ever, all approaches still lack a solid framework for modification tracking, especially with regard

to content removal. Reproducibility and ease of propagation therefore remains a challenge, which

can be overcome. As the standard of practice is moving towards online open-source platforms

for community-driven GEM development, it is now possible to implement frameworks to suc-

cessfully track curations, and ultimately yield increasingly robust, reproducible, and transferable

reconstruction workflows.
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A., Preciat Gonzalez, G. A., Aurich, M. K., Prlić, A., Sastry, A., Danielsdottir, A. D.,
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29. Sahoo, S., Haraldsdóttir, H. S., Fleming, R. M. T. & Thiele, I. Modeling the effects of
commonly used drugs on human metabolism. en. FEBS J. 282, 297–317 (Jan. 2015).

30. Seif, Y., Monk, J. M., Mih, N., Tsunemoto, H., Poudel, S., Zuniga, C., Broddrick, J.,
Zengler, K. & Palsson, B. O. A computational knowledge-base elucidates the response of
Staphylococcus aureus to different media types. en. PLoS Comput. Biol. 15, e1006644 (Jan.
2019).

31. Agren, R., Mardinoglu, A., Asplund, A., Kampf, C., Uhlen, M. & Nielsen, J. Identification of
anticancer drugs for hepatocellular carcinoma through personalized genome-scale metabolic
modeling. Mol. Syst. Biol. 10, 721 (Mar. 2014).

32. Richelle, A., Chiang, A. W. T., Kuo, C.-C. & Lewis, N. E. Increasing consensus of context-
specific metabolic models by integrating data-inferred cell functions. en. PLoS Comput.
Biol. 15, e1006867 (Apr. 2019).

33. Pandey, V. & Hatzimanikatis, V. Investigating the deregulation of metabolic tasks via Min-
imum Network Enrichment Analysis (MiNEA) as applied to nonalcoholic fatty liver disease
using mouse and human omics data. en. PLoS Comput. Biol. 15, e1006760 (Apr. 2019).

34. Thiele, I., Heinken, A. & Fleming, R. M. T. A systems biology approach to studying the
role of microbes in human health. en. Curr. Opin. Biotechnol. 24, 4–12 (Feb. 2013).

91



35. Feist, A. M., Henry, C. S., Reed, J. L., Krummenacker, M., Joyce, A. R., Karp, P. D., Broad-
belt, L. J., Hatzimanikatis, V. & Palsson, B. Ø. A genome-scale metabolic reconstruction
for Escherichia coli K-12 MG1655 that accounts for 1260 ORFs and thermodynamic infor-
mation. en. Mol. Syst. Biol. 3, 121 (June 2007).

36. Guzmán, G. I., Olson, C. A., Hefner, Y., Phaneuf, P. V., Catoiu, E., Crepaldi, L. B., Micas,
L. G., Palsson, B. O. & Feist, A. M. Reframing gene essentiality in terms of adaptive
flexibility. en. BMC Syst. Biol. 12, 143 (Dec. 2018).

37. Guzmán, G. I., Utrilla, J., Nurk, S., Brunk, E., Monk, J. M., Ebrahim, A., Palsson, B. O.
& Feist, A. M. Model-driven discovery of underground metabolic functions in Escherichia
coli. en. Proc. Natl. Acad. Sci. U. S. A. 112, 929–934 (Jan. 2015).

38. Guzmán, G. I., Sandberg, T. E., LaCroix, R. A., Nyerges, Á., Papp, H., de Raad, M., King,
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Chapter 4

Integrating disparate -omics data

types using iY854 elucidates the

multi-system response of S. aureus

to extracellular carbon sources.

Micronutrient composition constitutes one of the major differences between ecological

niches. Despite growing knowledge of S. aureus molecular biology and metabolic capabilities,

its system-level response to a changing nutrient environment remains poorly understood. In this

chapter, we examine system-wide perturbations on two levels: transcriptional and metabolic. We

use the metabolic network built in Chapter 2 (iYS854), as well as a recently constructed tran-

scriptional regulatory network to examine the metabolic response of S. aureus under a selection

of simulated nutrient environments. We first demonstrate that drastic metabolic flux rewiring
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Figure 4.1: Cartoon of the metabolic response of Staphylococcus aureus to extracellular glucose.

occurs as a result of D-glucose exposure affecting gene essentiality, reaction essentiality and co-

factor cycling. Next, we identify how transcriptional regulation affects a cell’s ability to utilize

and metabolise extracellular carbon sources, its dependence on nutrients, and how it modifies

28 virulence linked metabolic phenotypes. Finally, we show how the variation in activity of two

transcriptional modules under varying carbon sources, namely CcpA-1 and Fur, interact at the

metabolic level. Our results demonstrate that transcriptional regulation and metabolism are

intricately intertwined with carbon source utilization in S. aureus.
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4.1 Background

S. aureus strains are capable of causing infection in an extensive range of body sites

including skin and soft tissue, bone and joint, cardiovascular, gastrointestinal, lower respiratory,

nasal, and urinary system. Each habitat is characterized by a diverse nutritional composition.

For example, the skin surface contains low concentrations of carbohydrates and peptides but

high concentrations of oxygen and lactate [1, 2]. In contrast, nasal extracts lack any trace of

lactate and human plasma is rich in glucose and free amino acids [3]. Thus, micronutrient

availability constitutes one of the major differences between ecological niches. However, both

the nutritional requirements of S. aureus and its response to changing nutritional sources remain

poorly understood.

The structure of metabolic networks combined with its thermodynamic constraints deter-

mines the range of possible flux states that a cell can take, while transcriptional regulation of gene

expression modulates the short term dynamic response to environmental perturbations. There-

fore, there are two layers to the system level response to environmental changes; the metabolic

response and the transcriptional response. In S. aureus, there is a subset of global regulators

which are directly induced by external environmental signals. For example, CcpA is a global

transcriptional regulator for carbon catabolism, and it is induced by extracellular glucose con-

centrations and glycolytic activity. Similarly, CodY is a global regulator involved in the tran-

sition to stationary phase and is induced by extracellular branched amino acids. While there

is a consensus well-established workflow for the reconstruction of metabolic networks, there are

currently multiple workflows for reconstructing the transcriptional regulatory network (TRN),

each of which presents varying levels of success. Sastry et. al recently derived a novel data-driven

approach for the reconstruction of the TRN [4], and Poudel et. al implemented this methodology
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to extract S. aureus’s TRN [5]. In addition, Seif et. al recently updated the metabolic network of

S. aureus (iYS854) [6]. However, while there have been previous efforts dedicated to constraining

metabolic networks using models of transcriptional regulation, systematic integration of the two

systems still poses a challenge on multiple levels.

In this chapter, we first explore the systems-level response to glucose exposure using

iYS854 from a purely metabolic perspective. We proceed to integrate the recently built S.

aureus TRN [5] with iYS854 to comprehensively characterize the role that transcription plays

in regulating metabolism in the presence of glucose as well as other carbon sources. Finally, we

assess the mechanistic effect of the added constraints that the TRN imposes on the metabolic

network as well as the interplay between metabolism and transcriptional regulation.

4.2 Results

4.2.1 Measuring the effect of D-glucose on cellular growth and flux distribu-

tion

In this section, we examine the metabolic response to D-glucose exposure by integrat-

ing time-course quantitative exo-metabolomics with iYS854 to build condition-specific GEMs

(csGEMs). A condition-specific GEM differs from the baseline GEM in that it has a reduced

solution space and simulates a flux state that is more representative of the cell’s metabolic state

under the tested culture conditions.
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Condition-specific GEMs agree qualitatively and quantitatively with experimental

measurements.

We queried published quantitative exo-metabolomics measurements at four time points

for cultures of S. aureus str. JE2 on CDM and CDMG [7]. Both media types contain 18 of the

20 amino acids (excluding L-asparagine and L-glutamine), seven vitamins and trace metals but

differ in D-glucose content (absent in CDM but present in CDMG). We first calculated uptake

and secretion rates in both conditions and used them to set additional constraints to the baseline

GEM (section 4.4). The uptake rates for L-proline, glycine, and L-threonine were highest in CDM

while those for D-glucose, L-threonine, and L-aspartate were highest in CDMG. Both acetate

and ammonium were secreted at higher rates in CDMG than in CDM. We observed that the two

condition-specific GEMs simulated a larger maximal growth rate than experimental observation

(Figure 4.2 A). Such discrepancies can be attributed to: 1) non-metabolic ATP requirement

for cell division, replication and macromolecular polymerization (which are not accounted for

in iYS854) [8] and; 2) carbon dioxide excretion (for which we have no experimental measure-

ments). To account for these discrepancies, we calculated a growth associated maintenance of

39.92
mmol

gDWḣ
and non-growth associated maintenance of 3.63

mmol

gDWḣ
(section 4.4). Our estimates

were drawn from two data points and would need to be adjusted as more data becomes available.

Next, we calculated the ratio of oxygen consumption and intracellular ATP concentration across

the two GEMs and found that the ratios agree with experimental measurements (section 4.4,

Figure 4.2 B & C) [7]. Taken together, our results demonstrate that the csGEMs accurately

represent the two conditions, and account for observed differences in ATP and oxygen ratio.
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Figure 4.2: Validation and evaluation of csGEMs: (A) Quantitative exo-metabolomics
measurements (for both CDM and CDMG) were used to build two condition specific GEMs.
Growth was simulated using flux balance analysis and cross-checked against experimentally ob-
served growth rates. (B) We compared the measured and simulated relative oxygen consumption
as well as the relative intracellular ATP concentration between the two condition-specific GEMs
( 4.4).

Conditional gene essentiality highlights pathways under transcriptional regulation

in S. aureus.

We validated gene essentiality predictions against the growth phenotype for 29 transpo-

son mutants cultured on CDM [7]. Of these, seven were essential, eleven were non-essential,

and eleven were found to have reduced growth. Predictions were made correctly for all of

the non-essential genes and all of the essential genes except for gudB, which encodes for the

oxidative deamination of acetyl-ketoglutarate to glutamate and ackA, which encodes for an ac-

etate kinase. L-glutamate biosynthesis can be achieved via two metabolic routes; the first in-

volves gudB, and the second involves D-alanine transaminase (dat - which converts D-alanine

to D-glutamate), and glutamate racemase (which catalyzes the isomerization of D-glutamate to
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L-glutamate). Similarly, acetyl-CoA can be generated via several routes including pta/ackA,

pdhA/pdhB/pdhC /pdhD, and acsA (Figure 4.3). The inability of a mutant to grow when it has

alternative metabolic routes may be due to reaction kinetic properties.
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Acetyl-
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Acetate

pdhABCD
pta
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D-glutamate

L-glutamate

pyruvate

dat

murI

gudB

Acetyl-keto
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Alternative
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Figure 4.3: Pathway contextualization of inconsistencies between model predicted
conditional essentiality and experimental observations. Growth phenotype predictions
for 28 CDM-specific mutant GEMs were compared against experimentally observed transposon
mutant growth phenotypes. Two genes (ackAand gudB) were classified as false positives due to
the presence of alternative pathways.

Results for the eleven mutants that exhibited an alternative phenotype revealed cases of

isozymes that may have evolved to function only within the context of specific metabolic modules.

We found that 5 gene knockouts (ald, ald2 pyc, argD and gtlA) simulate unaffected growth. The

mutant with a disrupted gltA (citrate synthase) had an intermediate growth phenotype but the

model simulated full growth. The condensation of acetyl-coa and oxaloacetate can be catalyzed

by two different isozymes; gltA or sbnG. SbnG is a second citrate synthase that shuttles citrate for

staphyloferrin B biosynthesis [9]. While both enzymes are wired to carry out a similar function,
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they are structurally distinct and participate in two different metabolic modules, which could

explain the observed intermediate growth phenotype.

In another case, two genes - ald1 and ald2, annotated as alanine dehydrogenases and

incorporated in an ‘OR’ rule were found to affect bacterial growth individually upon disrup-

tion. While the gene sequences only shared 40% percent sequence identity, the respective protein

structures (obtained from homology modeling) aligned well, with an RMSD alignment of 0.94.

The crystal structure used for homology modeling originated from a Mycobacterium tuberculosis

alanine dehydrogenase. The two active site residues (His96 and Asp270) which were identified in

the original structure [10], were found to be conserved in ald1 and ald2. We further searched for

homology across 46 sequences of alanine dehydrogenase spanning 5 organisms including Bacil-

lus halodurans, Thermus thermophilus, Archaeoglobus fulgidus, Mycobacterium tuberculosis and

Phormidium lapideum and found that while they may share the same function, the percent iden-

tity of the sequences ranged between 23.85% and 61.73%. Taken together, these results hint that

both genes do function as alanine dehydrogenases and that they may have evolved to function

either in different metabolic modules or in concert.

Glucose causes significant changes in the flux solution space.

We simulated reaction essentiality in both the CDM-specific GEM and the CDMG-specific

GEM. We found that 26 and 35 reactions were uniquely essential in CDMG and CDM, respec-

tively, while 366 reactions were essential in both conditions (Figure 4.4). Interestingly, 88% (23

out of 26) of the reactions that were uniquely essential in CDMG were part of amino acid biosyn-

thesis pathways such as branched chain amino acid biosynthesis and aspartate biosynthesis, and

were predicted to carry larger median fluxes. In a transcriptomic analysis of JE2 strains cultured
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Figure 4.4: Reaction essentiality in CDM versus CDMG: We simulated single reaction
knockouts and compared essential reactions across conditions. The Venn diagram highlights the
differences in reaction essentiality between the CDM-specific GEM and the CDMG-specific GEM.

in CDM+galactose, the authors similarly noted a significant upregulation of genes involved in

branched amino acid biosynthetic genes. This observation partially supports our prediction since

genes tend to have a higher mean mRNA expression level when they are essential [11]. Con-

versely, 37% (13 out of 35) of the reactions that were only essential in CDM but not in CDMG

were involved in energy production and conversion. Thus, as a result of constraining the uptake

and secretion rates alone, flux balance analysis indicates that upon addition of glucose to the

medium, isolates both synthesized and utilized extracellular amino acids. However, when glucose

was subtracted from the medium, a lower growth rate was both simulated and observed, and

the cells stopped synthesizing amino acids de novo and instead shuffled the extracellular amino

acids towards energy production (via gluconeogenesis) and protein biosynthesis (for biomass

production).
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When comparing the two condition-specific GEMs, we found that 148 reactions differed

significantly in their flux distribution (p−value < 0.01, KS test, Methods 3.4.4) across both con-

ditions (Figure 4.5). These reactions were predominantly associated with amino acid metabolism

(52 out of 148) and energy production and conversion (41 out of 148). The CDM-specific model

carried larger median fluxes across reactions of the TCA cycle and gluconeogenesis than the

CDMG-specific GEM. Indeed, the published NMR peak intensity spectrum of JE2 cultured in

CDM supplemented with 13C-labeled amino acids indicated that gluconeogenic intermediates in-

cluding D-glucose-6-phosphate, D-glucose-1-phosphate, 3-phospho-D-glycerate, and acetate are

produced from a variety of extracellular amino acids including L-glutamate, L-proline, and L-

arginine. Thus, in CDM cultures, gluconeogenic intermediates are produced from various extra-

cellular amino acids. In contrast, the CDMG-specific GEM carried larger median fluxes in amino

acid biosynthetic pathways, the PPP, and upper and lower glycolysis. Again, the NMR peak in-

tensity spectrum for CDM supplemented with 13C-labeled D-glucose revealed that several amino

acids including L-alanine, L-glutamate, L-arginine, L-aspartate, L-asparagine, L-proline, and L-

glutamine as well as acetate (a glycolytic end product) were being synthesized from extracellular

glucose [7].
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Condition-specific GEMs reveal that the sole addition of glucose causes a reorgani-

zation of cofactor cycling.

We next analyzed the predicted cycling of ammonium and major cofactors including

NADP and ATP. For each metabolite, we compared the relative contributions of all producing

and consuming reactions between the two conditions. We found that ammonium cycling was

drastically different across both models with the main source of ammonium being serine dehy-

drogenase (carrying 75% of the biosynthetic flux producing ammonium) in CDMG while multiple

reactions contributed to the pool of ammonium in CDM. The glycine cleavage system produced

17% of the ammonium in CDM and carried a significantly higher median flux (1.063
mMol

gDWḣ
as

opposed to 0.436
mMol

gDWḣ
) (Figure 4.6).

Similarly, we found that overflow pathways contributed a larger percentage to the pool of

ATP in CDMG (with 54%, 29%, and 16% being produced by ATP synthase, phosphoglycerate

kinase, and acetate kinase, respectively) than in CDM (82% and 18% of the ATP was produced

by ATP synthase and succinyl-coa synthase, respectively). These differences are a direct result of

the larger acetate secretion constraint in CDMG which forced the metabolic flux to be redirected

away from the TCA cycle to acetate synthesis. The NADPH pool, which is partially recycled

(28%) by the TCA cycle (as by-product of decarboxylating isocitrate to oxalosuccinate) in CDM,

is predominantly recycled (94%) via the PPP in CDMG. NADPH is an important cofactor for the

biosynthesis of fatty acids, nucleic acids, and amino acids and the CDMG-specific GEM predicted

a larger total flux through NADPH. This prediction is consistent with published experimental

measurements of the NADP+/NADPH ratio [12]. Taken together, these findings suggest that in

the presence of high concentrations of glucose, S. aureus relies more heavily on glycolysis for its

energy generation and utilizes D-glucose as a main source for the synthesis of a large range of
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biomass precursors.
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Figure 4.6: Differential cycling of ammonium. Differential cycling of ammonium (as well as
several cofactors) between the two GEMs highlights the relative contribution to the production
and consumption of ammonium for all reactions utilizing or synthesizing ammonium in CDM
(blue) and CDMG (red). Several metabolic processes contribute to the ammonium pool in
CDM (including the glycine cleavage system) while serine dehydrogenase is the main source of
ammonium in CDMG.

4.2.2 Regulation and metabolism are intricately intertwined with carbon

source utilization in S. aureus

Poudel et. al. recently reconstructed the Transcriptional Regulatory Network (TRN) of S.

aureus by applying Independent Component Analysis (ICA) on a compendium of 108 expression

profiles. Briefly, ICA-mediated analysis yields a decomposition of the TRN into iModulons (29

in this case), i.e. sets of genes which are independently modulated at the transcriptional level

and which have been shown to be consistent with known regulons [4]. Here, we use iYS854 to

1) contextualize the ICA-derived S. aureus TRN within a metabolic network; 2) assign infection

relevant metabolic phenotypes to iModulons, and; 3) provide an explanation for an observed
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spike in activity of the iron-responsive Fur iModulon in response to a switch from extracellular

Glucose to Maltose.

Metabolic contextualization of independently modulated gene sets.

As a first step, we contextualized the TRN using our reconstructed metabolic network.

We found that 30.3% of the modeled metabolic genes were also included in the TRN. As such

we conducted an enrichment analysis to identify iModulons which are significantly enriched in

a) metabolic genes (Figure 4.7 A), b) metabolic subsystems (Figure 4.7 B) and c) metabolic

modules (Figure 4.7 C). We found that eight iModulons were significantly enriched in metabolic

genes, including CodY, CcpA-1, Unc-1, Fur, CcpA-2, NreC/Rex, PurR and PyrR (Figure 3.6).

“Unc-1” is an uncharacterized iModulon because its content did not significantly overlap with

any known regulon. Unc-1 contains 45 genes, of which 53% have an annotated metabolic function

in iYS854. Our results suggest that it may play a role in transport and energy production and

conversion. An additional five iModulons were significantly enriched in a metabolic subsystem

(including FMN, LacR, MntR, Rex and PerR), and an additional three iModulons were enriched

in metabolic modules (including CymR, TreR and Urease). Our results recapitulate known

links between metabolism and transcriptional regulation. For example, the PurR iModulon is

enriched in purine metabolism genes, the Fur and MntR iModulons are enriched in iron seques-

tration genes, CodY is enriched in amino acid metabolic genes and LacR is enriched in galactose

metabolism. In total, 16 out of 29 iModulons could be mapped to a metabolic subsystem or

module.
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Figure 4.7: Overlap between the ICA-predicted transcriptional regulatory network
and iYS854. A) Percent overlap between the iModulons which showed significant enrichment
in iYS854 metabolic genes (p < 0.001, FDR = 0.01), B) Enrichment of metabolic subsystems
across iModulons. Percentages show the calculated accuracy.

GEMs compute a flux-balanced state that reflect regulatory actions of CcpA

Next, we asked whether the metabolic network imposes constraints on the transcriptional

response when D-glucose is removed from the medium. We previously observed that changing the

carbon source from D-glucose to maltose in RPMI+10%LB (R10LB) leads to an unexpected spike
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in activity of the iron-responsive Fur iModulon [5]. To investigate whether there was a possible

metabolic role explaining the increase in Fur activity, we generated two condition-specific GEMs

(csGEMs) starting with iYS854 [13]. For both csGEMs, we computed the state of the metabolic

network that supports growth in R10LB, with either glucose or maltose as the main carbon source

(section 4.4). We assumed that CcpA-1 repression was active only when glucose was the main

glycolytic nutrient source (and the corresponding set of reactions was shut off). Reaction fluxes

across the network were then sampled using flux-balance analysis, assuming that the bacterial

objective was biomass production [14]. Sampling accounts for different network flux distributions

that can achieve the same optimal solutions (i.e., identical biomass production rates).

Under these conditions, the sum of sampled fluxes through reactions associated with the

Fur iModulon was significantly higher in maltose media (Kolmogorov-Smirnov test, p < 0.01,

statistic > 0.9), confirming that the spike in Fur activity could be a result of metabolic flux

rewiring (Figure 4.8 A). In particular, fluxes through serine kinase (sbnI, a precursor metabolic

step of staphyloferrin B biosynthesis) and ornithine cyclodeaminase (sbnB) were significantly

increased (Figure 4.8 B). These changes came as a result of flux rewiring away from deactivated

metabolic steps. For example, due to arginase (rocF ) deactivation, the flux through half of the

urea cycle and ornithine cyclodeaminase was lower. Similarly, serine deaminase (sdaB) - located

two metabolic steps downstream of serine kinase - was deactivated due to simulated down-

regulation of genes in the CcpA-1 iModulon, and flux through phosphoglycerate dehydrogenase,

serine kinase, and phosphoserine phosphatase was decreased.

We proceeded to compute the sum of fluxes producing each metabolite as a proxy for

intracellular concentrations and found that the calculated values were significantly larger in

maltose media for 68 metabolites including ammonium, glutamate, and isocitrate. The majority
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Figure 4.8: Metabolic flux re-wiring in response to CcpA-1 mediated transcriptional
repression: (A) Activity of reactions associated with the Fur iModulon in presence of different
carbon sources: maltose and glucose. The proxy used here is the sum of median sampled fluxes
through reactions catalyzed by enzymes which form part of the Fur iModulon. Transcriptomic
measurements indicated an unexpected increase in Fur iModulon activity when carbon source was
switched from glucose to maltose, a result which is recapitulated through metabolic modeling.
(B) Reactions associated with the Fur iModulon having the largest increase in simulated flux in
glucose. (C) Calculated proxy for intracellular metabolite concentrations. Despite TCA cycle
shutdown in glucose medium, the summation of fluxes through citrate is non-null while that of
isocitrate is indicating that flux rewiring occurs at the citrate node.

of the TCA cycle was shut off in the glucose-specific GEM (due to simulated repression of

citB, icd, odhA, sdhABCD, and sucCD), and therefore the concentration proxy for isocitrate

was essentially null, while that of citrate was not (Figure 4.8 C). Previous studies have shown

that citB deletion results in increased intracellular concentration of citrate [15]. Apart from
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being an intermediate in the TCA cycle, citrate can be utilized in the model as a precursor to

staphyloferrin A and staphyloferrin B biosynthesis (which are included in the Fur iModulon),

or it can be converted back to oxaloacetate and acetate via citrate lyase. All three routes were

part of the solution space, with citrate lyase carrying the largest median flux. Taken together,

these modeling simulations suggest that utilizing maltose instead of glucose induces metabolic

flux rewiring towards reactions associated with the Fur iModulon, and that the structure of the

metabolic network does indeed influence the transcriptional response.

Mechanistic inference of metabolic phenotypes linked to iModulons

Metabolic models are derived using a bottom-up approach while TRNs are derived using

a top-down approach. Here, we sought to leverage the mechanistic nature of metabolic models

to map mechanistic predictions to individual iModulons. For this analysis, we reasoned that

there are generally two modes of regulation within an iModulon: negative regulation or repres-

sion and positive regulation or activation. We thus subdivided each iModulon into its activation

and its repression component, represented by (+) and (-), respectively. We used literature re-

view to identify putative repression/activation components when available by mapping known

repressed/activated genes to the S matrix. Next, for each component, we constructed condition-

specific metabolic models by blocking the cognate set of reactions and ran a suite of metabolic

tests designed to assess the effect of repression/activation on infection relevant metabolic phe-

notypes. These included: 1) a set of 28 tests probing the various virulence-linked metabolic

capabilities, 2) a set of 221 tests probing carbon and sulfur catabolic capabilities in an aer-

obic environment, an anaerobic environment and during nitrate respiration, and; 3) a test of

prototrophy (applied solely to the negative components of iModulons).
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We found a total of 22 links between 17 virulence-linked metabolic capabilities and eleven

iModulons. Of these, 12 have been previously reported in the literature while 10 are novel [9,

16–28] (Figure 4.9 A). Of interest, we found that xenosiderophore and ferrichrome sequestration,

staphylopine biosynthesis and staphylopine-mediate nickel, cobalt and zinc acquisition are part

of the Fur iModulon. In addition, while the biosynthesis of staphyloferrin B is linked to three

different iModulons including Fur, Vim-3 and codY, that of staphyloferrin A is uniquely linked

to Fur. Vim-3 is an iModulon which contains 16 genes, of which 10 are modeled in iYS854.

Interestingly, capsular polysaccharide biosynthesis and choline transport and catabolism are also

linked to Vim-3. The uncharacterized iModulon (Unc-1) was in turn linked to two phenotypes

including osmolyte uptake and nitric oxide respiration. Finally, we found that Autolysin and

CcpA-1 are both linked to anhydro muropeptide recycling.

We proceeded to test the effect of the putative repressive sub-iModulons on the nutrient

requirement of S. aureus. We constructed iModulon-specific GEMs simulating one repressive sub-

iModulon each and ran AuxoFind (an algorithm for model-based prediction of auxotrophy) [29].

AuxoFind predicted that the CodY(-)-GEM exhibited 7 auxotrophies including a requirement

for L-arginine (due to repression of argBJ and serA), L-valine and L-isoleucine (due to repres-

sion of ilvCD), L-lysine (alr1,dapABD), L-leucine (leuBCD), L-histidine (hisABDFHI ) and an

L-methionine containing dipeptide (metCI,metQP1, metQP2, and metN ) (Figure 4.9 B). Of par-

ticular interest is the case of putative repression of both L-methionine uptake and biosynthesis by

CodY [30] which was solved by the alternative mode of dipeptide uptake mediated L-methionine

acquisition. In other words, CodY-mediated repression causes an auxotrophy for dipeptides that

contain L-methionine. CodY is activated by the presence of extracellular L-isoleucine. Here

we show that isoleucine biosynthesis is turned off due to CodY-mediated repression driving a
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dependency on the extracellular amino acid. Another interesting result was that purR and pyrR

mediated repression caused a dependence on extracellular purines (repression of purACEHK )

and pyrimidines (pyrBCEF ), respectively, while FMN repression caused a riboflavin auxotrophy

(repression of ribBDE ).
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Figure 4.9: GEM-derived prediction of regulatory modes across 29 iModulons on
infection relevant metabolic phenotypes. (A) We tested a compendium of 28 infection
relevant metabolic capabilities to identify iModulon linked phenotypes. A total of 15 metabolic
phenotypes were mapped to one or more iModulons, 5 of which uniquely mapped to the Fur iMod-
ulon including 1) staphylopine biosynthesis and staphylopine mediated zinc and nickel, cobalt
and zinc acquisition, 2) catecholamine deferrelation, 3) ferrichrome sequestration, 4) heme oxy-
genase, and 5) xenosiderophore sequestration. Novel links are highlighted in red while previously
reported links are left in black (B) Putatively repressive iModulons were tested using iYS854 for
inducing auxotrophy. (C) Predicted effect of iModulons on the ability to uptake and utilize a
total of 184 nutrient sources aerobically, anaerobically and during nitrate respiration. For clarity
of presentation, only the top 10 iModulons are shown. Colored regions represent predicted links
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Finally, we tested the condition-specific GEMs for their predicted ability to uptake and

utilize different carbon and sulfur sources by simulating for growth in 221 media conditions. A
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total of 117 media conditions showed differential growth profiles with respect to the base model

with the largest differences predicted for TreR(-) (n = 74), CcpA-1(-) (n = 22), Unc-1(+) (n =

12), NreC/Rex(+) (n = 12) and PurR(+) (n = 9) (Figure 4.9 C). Catabolic capabilities are

affected in the TreR(+)-GEM due to repression of the glyceraldehyde-3-phosphate dehydroge-

nase (gapA) which is involved in gluconeogenesis and catalyzes the reaction directly upstream

of the pentose phosphate pathway. Therefore, non-glucogenic carbon sources relying on gluco-

neogenesis for cofactor biosynthesis could not support growth in silico. The CcpA-1(-)-GEM

(which corresponds to the putative repression mode of ccpA) simulates abrogated growth across

22 nutrient conditions including 12 distinct carbon sources (including L-arginine, L-citrulline,

L-ornithine, L-glycine, L-glycolate, L-proline, maltose, maltotriose, trehalose, and a subset of

glycine containing dipeptides) is abrogated. L-arginine, L-citrulline and L-ornithine are part of

the urea cycle which has been shown to be repressed by ccpA [31]. Our predictions highlighted

other known links between transcriptional regulation and nutrient catabolism. For example,

lacR repression inhibits the uptake of galactose, galactitol and lactose, treR repression inhibits

the uptake of trehalose, and purR inhibits the uptake of guanine (saxild PMC100094, Papakostas

PMC3873542). In contrast, the CcpA-2-GEM could not simulate growth when gluconate and

D-xylose were the main carbon source, underlining an additional difference between the two pre-

dicted regulatory modules of ccpA. In addition, we find that cymR-mediated repression affects

the ability to uptake cysteine and glutathione under anaerobic conditions only, while both the

NreC/Rex(+)-GEM and the Unc-1(+)-GEM show an inability to utilize urea-cycle intermediates,

succinate and succinate precursors (including L-glutamate, L-glutamine, L-proline and acetylke-

toglutarate) during nitrate respiration only. The NreC/Rex(+) and Unc-1(+) iModulons include

narGHTWX and nasDEF which encode two protein complexes involved in nitrate reduction.
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Interstingly, the SigB(+)-GEM is unable to utilize mannitol, while the SigS(-)-GEM is unable

to grow on galactitol. Taken together, these results demonstrate that the transcriptional regula-

tion network shapes the space of allowable metabolic states under varying extracellular nutrient

sources.

4.3 Discussion

In this chapter, we integrated models for two complex systems involved in S. aureus’s

response to extracellular nutrients: the regulatory network and the metabolic network.

As a first step to elucidating the metabolic response to extracellular glucose exposure, we

built condition-specific models (csGEMs) of metabolism by integrating a single ‘omic’ data type,

namely time-course quantitative exo-metabolomics data. Constrained csGEMs revealed drastic

systems-level differences in flux distributions solely resulting solely from changes in nutrient

exchanges. The addition of glucose to the medium induced significant metabolic rewiring, with

production of ATP switching from the Krebs cycle to overflow pathways as evidenced by the large

secretion rate of acetate. iYS854 also predicted an elevated flux through the pentose phosphate

pathway (PPP), which was experimentally confirmed by a higher NADP/NADPH ratio [12]. We

found that the generation of NADPH was mediated by both the PPP and the TCA cycle and

that the increased flux through the PPP compensated for the decreased flux in the TCA cycle.

Next, we assessed the constraints that the metabolic network may impose on the regu-

latory network by using transcription expression measurements. We focused on a case in which

D-glucose was removed from the medium and replaced with maltose. Our simulations demon-

strated that as metabolic pathways are deactivated (due to glucose-induced CcpA-mediated re-

pression), the flux is rewired to alternative routes explaining the spike in the activity level of
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the Fur iModulon. Thus, the metabolic model demonstrates that CcpA-mediated regulation and

Fur -mediated regulation are interconnected through the metabolic network.

Finally, to disentangle the constraints that individual regulatory modules impose on the

metabolic network, we implemented a novel boolean type logic in which we construct module-

specific GEMs (msGEM). We leveraged the mechanistic aspect of the msGEM to predict how

metabolic capabilities are affected during varying growth conditions as a result of transcriptional

regulation. The models predicted that 11 modules are directly involved in 17 virulence-linked

metabolic capabilities. Of the 22 module-to-phenotype predictions, 54% have already been re-

ported and experimentally verified. Importantly, the models also predicted novel functions for

novel regulatory modules. In addition, we found that regulation is intricately intertwined with

nutrient uptake and induces nutrient dependence, constituting a novel channel through which

transcriptional regulation impacts host-pathogen interactions. We simulated our transcription

tailored GEMs to compute all combinations between repression/activation modes and nutrient

niches in silico. In the future, our modeling framework can be modified to account for the

simultaneous effect of multiple regulatory modes. Taken together, our results show that the

two systems are intricately interconnected, and that using a bottom-up one-by-one approach

successfully explains observed phenotypes.

4.4 Methods

Condition-specific GEMs were built using time course quantitative exo-

metabolomics

Hasley et. al reported absolute concentration measurements for extracellular ammonium,

acetate, glucose and all 18 amino acids and complemented these measurements with correspond-
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ing time-course OD readings. We calculated the growth rate and uptake rates in both conditions

as specified below:

SUR = µ×m (4.1a)

µ = slope(loggDW , t) for t ∈ (0, 2, 4, 6, 8) (4.1b)

m = slope([X], gDW ) (4.1c)

Where [X] is the set of concentration measurements across t in mMol/L, gdW is the

gram dry weight in g/L, t is the time in hours, is the growth rate, SUR is the substrate uptake

rate in mMol/t.

For each conditions, we verified that the uptake and secretion rates were mass balanced

and that the overall flux of elements going towards biomass production (i.e. the total influx

minus the total outflux) is larger than the total flux of elements needed to support biomass

production at the experimentally measured growth rate.

∑
e,i

Ne,i × SURi −
∑
e,j

Ne,j × SURj >
∑
e,k

Pe,k × bk × µ > 0 (4.2a)

∀e ∈ C,H, P,O,N, S (4.2b)

∀i ∈ exchanges allowing nutrient influx (4.2c)

∀j ∈ exchanges allowing nutrient outflux (4.2d)

∀k ∈ biomass precursors (4.2e)

(4.2f)

Where Ne,i is the base ratio for element e in the metabolic structure for nutrient i, SURi is the
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substrate uptake rate for nutrient i,bk is the relative coefficient for the biomass precursor k, Pe,k

is the base ratio of element e in the metabolic structure of the biomass precursor k.

We proceeded to build two condition-specific GEMs by constraining the reactions ex-

changing the extracellular nutrients to ±10% of the measured corresponding calculated uptake

and secretion rates. We subsequently ran flux balance analysis (FBA) to simulate maximal

biomass production.

Growth associated maintenance calculation

We calculated a theoretical growth associated maintenance by changing the objective

for both condition-specific GEMs to ATP production (i.e., the objective coefficient for the ATP

maintenance reaction was set to 1). The maximal flux through the ATP maintenance reaction

obtained was 1.93
mMol

gDWḣ
for the CDM-constrained GEM and was 12.64

mMol

gDW
for the CDMG-

constrained GEM. As a result we obtained a growth associated maintenance of 9.59
mMol

gDWḣ

(which is the slope of the line obtained from plotting maximal flux through ATPM against growth

rate) and a non-growth associated maintenance of −5.87
mMol

gDW
. Since non-growth associated

maintenance should be positive, it is likely that more measurements (covering a larger range of

conditions such as anaerobic growth or growth under varying nitrogen and carbon sources) are

needed to achieve a more accurate estimate. We instead back calculated GAM and NGAM values

for each condition by finding the percentage of E. coli GAM/NGAM values that corresponded

to experimentally measure S. aureus growth rate.
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Calculation of a proxy for relative intracellular ATP concentration and relative oxy-

gen level.

We sampled the steady state flux space a total of 10,000 times using the co-

bra.flux analysis.sample() command from the Cobrapy package. To obtain a proxy for the pre-

dicted relative intracellular ATP concentration we calculated the ratio of the sum of all metabolic

fluxes producing ATP across both condition:

rO2CDM/CDM+glucose =
median(vO2)s1
median(vO2)s2

∀s1 ∈ S1, ∀s2 ∈ S2 (4.3)

Comparing the flux distributions of two condition-specific GEMs

Flux balance analysis was run in both conditions and the fluxes were sampled 10,000

times. All reaction fluxes were normalized by dividing the growth rate to account for growth

differences across the two media types. The flux distribution for each metabolic process was

compared across both conditions using the Kolmogorov-Smirnov test, a non-parametric test

which compares two continuous probability distributions. For this purpose we used the command

scipy.stats.ks 2samp from the scipy package. The distribution across two reactions was deemed

to be significantly different when the Kolmogorov-Smirnoff statistic was larger than 0.99 with an

adjusted p− value < 0.01. We proceeded to plot the reactions highlighted in this process.

Integrating the regulatory and the metabolic networks by constructing iModulon-

specific GEMs

To integrate the TRN with iYS854, we first subdivided each iModulon into its putative

activation (+) and repression part (-). To determine which subset constituted the activation
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sub-iModulon, we conducted a literature search in which we screened for reports in which a

known regulator was knocked out and transcriptomics data was reported for both the knock-

out strain and wild type. If genes exhibited an increase in expression in the knock-out strain

with respect to wild type, we categorized the interaction between the transcription factor and

the gene as repressive. In contrast, if the mRNA level was reduced in the knock-out strain,

we classified the gene as being activated. Next, we constructed siModulon-specific GEMs by

setting the upper and lower bounds of the corresponding reactions to zero. We used the function

“find gene knockout reaction” from the cobrapy package to identify the set of reactions to shut

down [32]. As a first step, we simulated each siModulon-specific GEM for biomass production

in a rich medium (i.e., we set all the exchange reactions to −1
mMol

gDWḣ
). When a GEM couldn’t

simulate biomass production, we applied a custom gap filling algorithm which automatically

searches for the minimal set of reactions that need to be added back into the in silico medium

to support growth. For the sake of future simulations, we unblock those reactions and add in a

flag in the reactions’ notes.

Simulating for infection relevant phenotypes with iModulon-specific GEMs

Next, we used the iModulon-specific GEMs to simulate for infection relevant phenotypes.

The first phenotypes of interest were virulence-linked metabolic capabilities. For this purpose, we

assembled a suite of 28 metabolic tests, which evaluate the ability of each GEM to produce cer-

tain metabolites (such as capsular polysaccharides, siderophores and Poly-β-1,6-D-glucosamine

which is important for biofilm formation), transport and sequester extracellular solutes (espe-

cially metals, including copper, nickel, iron and zinc). The metabolic tests consisted of simulating

for flux through an existing reaction or a temporary demand reaction (which we set as the ob-
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jective function). For this suite of tests, we set the objective value of the biomass reaction to 0.

Next, we assessed the ability of each GEM to grow in an experimentally derived minimal medium

[33]. When biomass production couldn’t be achieved, we applied AuxoFind, a constraint-based

optimization algorithm which identifies the minimal number of extracellular exchanges to un-

block in order to simulate positive yield [29]. In other words, AuxoFind identifies the nutrient

requirements (if any) for each GEM. Finally, we tested each GEM’s ability to simulate growth

on 231 media conditions by varying the carbon (n = 73) and sulfur (n = 4) nutrient source, as

well as the electron acceptor (oxygen, nitric oxide, and none). See [34] for more details.

Using iModulon-GEMs to assess the interaction between the TRN and the metabolic

network

We modeled growth in RPMI supplemented with iron, manganese, zinc, and molybdate

by setting the lower bound to the corresponding nutrient exchanges in iYS854 to −1
mMol

gDWḣ
(the

negative sign is a modeling convention to allow for the influx of nutrients) [13], and −13
mMol

gDWḣ

for oxygen exchange (as measured experimentally). Additionally, to account for the utilization of

heme by S. aureus terminal oxidases, we removed heme A from the biomass reaction and added

as a reactant in the cytochrome oxidase reaction with the stoichiometric coefficient obtained

from the biomass reaction [35]. Next, we constructed two condition-specific GEMs (csGEMs) to

compare two conditions with: 1) D-glucose as the main glycolytic source and; 2) maltose as an

alternative carbon source. In the first condition, we set the lower bound to D-glucose exchange

to −50
mMol

gDWḣ
. Assuming that in the presence of D-glucose, ccpA mediates the repression of

multiple genes [31, 36], we set the upper and lower bounds of the reactions encoded by genes of the

CcpA iModulon to 0. Specifically, we only turned off the set of 44 reactions obtained by running
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the “cobra.manipulation.find gene knockout reactions()” command from the cobrapy package

[32], feeding it the model and the 52 modeled genes which form part of the XcpA iModulon.

As such, we implemented a method similar to the switch-based approach [37, 38], in which the

boolean encoding for the gene-reaction-rule is taken into account (i.e. isozymes, and protein

complexes). Shutting down all of the reactions yielded a model which could not simulate growth.

We thus gap-filled the first csGEM with one reaction (AcCoa carboxylase, involved in straight

chain fatty acid biosynthesis). To simulate the second condition in which maltose serves as the

main glycolytic source, we set the lower bound of maltose exchange to −50
mMol

gDWḣ
and blocked

D-glucose uptake. No regulatory constraints were added. Flux-balance analysis was implemented

with the biomass formation set as the functional network objective, and fluxes were sampled in

both csGEMs 1000 times using the “cobra.sampling.sample” command. To normalize flux values

across conditions, we divided all fluxes by the simulated growth rate. We compared the flux

distribution of each reaction in the two csGEMs using the Kolmogorov-Smirnov nonparametric

test, yielding 93 reactions with significantly differing flux distributions (p−value < 0.001) having

a statistic larger than 0.99. To identify whether there is a metabolic basis for the difference the

Fur iModulon stimulation between conditions, we identified a set of 34 reactions encoded by the

41 modeled genes which are part of the Fur iModulon (again using the switch-based approach).

The proxy used here is the sum of median sampled fluxes through reactions catalyzed

by enzymes which form part of the Fur iModulon. Transcriptomic measurements indicated an

unexpected increase in Fur iModulon activity when carbon source was switched from glucose to

maltose, a result which is recapitulated through metabolic modeling. (c) Reactions associated

with the Fur iModulon having the largest increase in simulated flux in glucose. (d) Calcu-

lated proxy for intracellular metabolite concentrations. Despite TCA cycle shutdown in glucose
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medium, the summation of fluxes through citrate is non-null while that of isocitrate is indicating

that flux rewiring occurs at the citrate node.
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Chapter 5

Genome-scale metabolic

reconstructions of multiple

Salmonella strains reveal

serovar-specific metabolic traits

Salmonella strains are traditionally classified into serovars based on their surface anti-

gens. While increasing availability of whole genome sequences has allowed for more detailed sub-

typing of strains, links between genotype, serovar and host remain elusive. Here, we reconstruct

genome-scale metabolic models for 410 Salmonella strains spanning 64 serovars. Model-predicted

growth capabilities in over 530 different environments demonstrate that: 1) the Salmonella ac-

cessory metabolic network includes alternative carbon metabolism, and cell wall biosynthesis; 2)

metabolic capabilities correspond to each strain’s serovar and isolation host; 3) growth predictions
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Figure 5.1: Cartoon of Salmonella strains interacting, courtesy of Mike Essa.

agree with 83.1% of experimental outcomes for 12 strains (690 out of 858) ; and 4) the catabolic

pathways that are important for fitness in the gastrointestinal environment are lost amongst

extraintestinal serovars. Our results reveal growth differences that may reflect adaptation to

particular colonization sites.
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5.1 Background

The genus Salmonella encompasses a variety of Gram-negative, rod-shaped flagellated

bacteria responsible for an estimated 115 million human infections and 370,000 deaths per year

[1–5]. To date, most strains of Salmonella have been classified into serovars based on the unique

combination of their surface antigens [1]. Taken together, serovars of Salmonella can infect a

wide range of hosts including humans and other warm-blooded animals, cold-blooded animals,

and plants. Most Salmonella serovars colonize a broad range of hosts (e.g., S. enterica serovars

Typhimurium and Enteritidis); herein referred to as generalists, while relatively few Salmonella

serovars have adapted to unique hosts (e.g. S. enterica serovar Typhi, which only infects humans);

herein referred to as specialists [6]. Beyond host specificity, serovars of Salmonella have also

been shown to differ in their antimicrobial resistance profiles [7] and virulence phenotypes [8].

Salmonella serovars are commonly classified into typhoidal and non-typhoidal serovars based on

whether they can cause systemic illness or localized gastroenteritis, respectively.

This diversity of lifestyles and host-types is reflected in the different Salmonella genotypes.

Previously, signature genes, metabolic capabilities and nutrient auxotrophies (inability of an

isolate to synthesize a nutrient that is essential for its growth) have been exploited to develop

assays for classifying and identifying Salmonella strains from other bacteria. However, metabolic

capabilities between Salmonella isolates have not yet been compared systematically based on

whole-genome sequences and predicted metabolic capabilities. Strain-specific metabolic network

reconstructions have proven to be powerful tools to probe the effect of genomic diversity between

strains of E. coli and S. aureus [9, 10]. A curated genome-scale reconstruction of S. Typhimurium

str. LT2 exists [11] and has been widely used and expanded to successfully predict virulence

phenotypes in infected mouse tissue [12].
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Here, we built strain-specific metabolic reconstructions for the 2 species, 3 subspecies and

64 serovars of the Salmonella genus using 410 strains with fully sequenced genomes. Choosing

genomes that provide a diverse variety of subspecies, serovars, and hosts allowed for a compre-

hensive comparison of genomic features and metabolic capabilities across the Salmonella genus.

Using this set of strain-specific information, we reveal the basis for serovar-specific and host-

associated metabolic traits.

5.2 Results

5.2.1 Characterizing the Salmonella core and pan-genomes

Our first goal was to characterize the core (genes shared among all strains) and pan (the

totality of all genes found across all strains) genomes of the Salmonella genus. We analyzed

410 gapless genomic sequences of Salmonella strains representing both subspecies, 22 serogroups

and 64 total serovars (see Methods). All genomes were re-annotated to avoid differential gene

calling. We found an average number of coding regions of 4,441 per genome. For consistency,

plasmids were excluded from the study and all annotated genes were assumed to be functional.

We subsequently constructed the Salmonella pan-genome (see Methods) which contains a total

of 21,377 gene families, 1,705 of which constitute the core genome. We constructed core and

pan-genome curves for a randomly sampled subset of strains focused on up to 10 strains from

each serovar (Figure 5.2 A). In a previously constructed pan-genome of Salmonella, 11,443 gene

families were identified across 29 genomes, of which 3,211 were conserved [13]. The pan-genome

curve is shaped by the number of novel gene family additions with each additional genome

sequence. Conversely, the core genome curve represents the number of gene families that were
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consistently observed for each addition of a genomic sequence for a new strain.

The pan and core genome curves demonstrated that more genomic content is shared

within strains of a serovar. The large increases in the slope of the pan-genome curve occurred

when the genome being added originates from a serovar that was not represented by any of

the previously included genomic sequences. In fact, the largest slopes occurred when genomic

sequences of different subspecies were introduced. On average, two genomes of the same serovar

shared 365 more genes than two genomes of different serovars (unpaired t-test, p−value < 0.05).

These observations imply that: 1) in addition to the genes encoding antigen biosynthesis [14]

(used for serological determination and identification), each serovar has a defined repertoire of

protein families that could be reflective of its respective lifestyle; and 2) the number of shared

gene families between two Salmonella isolates decreases as the phylogenetic distance between

them increases. We demonstrated this second observation empirically by computing phylogenetic

distances between strains using the concatenation of 7 Salmonella housekeeping genes. We

calculated the number of gene families that are not shared between pairs of strains (which we

used as a second measure of phylogenetic distance) and plotted these distances against the

corresponding pairwise phylogenetic distances calculated in the previous step. Applying a linear

regression algorithm, we found that the two measures of phylogenetic distances were highly

correlated with an R-squared value of 0.851 (p− value < 0.01).

5.2.2 Strains of a serovar illustrate unique pan-genome features

Having determined that the core and pan-genome curves are descriptive properties of a

serovar, we next asked whether these properties are reflective of its host range. To answer this

question, we examined the pan and core genome curves for three serovars of S. enterica subsp.
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enterica for which we had a sufficient number (> 40) of high quality genomes: S. Paratyphi A

(specialist; n = 41), S. Enteritidis (generalist; n = 159), and S. Typhimurium (generalist; n =

46) (Figure 5.2 B). For each curve, we compared the mean and standard deviation of the number

of gene families at the 20th genomic addition (20 was selected because it represented a halfway

point in the pan-genome curve, see Methods). We found that a serovar with a larger range of

hosts does not necessarily have a larger pan-genome. S. Paratyphi A and S. Enteritidis have a

similar number of gene families in the pan-genome at addition 20 (p(20) = 4, 527 + / − 43 and

p(20) = 4, 606+/−75respectively). Additionally we found that the S. Typhimurium pan-genome

is as large as the Salmonella pan-genome (p(20) = 6, 559 + /− 273 and p(20) = 7, 676 + /− 711,

respectively), suggesting that strains of this serovar are a major source of Salmonella gene content

variation. Thus, the number of gene families in a serovar’s pan-genome does not necessarily reflect

the number of hosts it can colonize.

The serovar-specific pan-genome content reveals that there is an underlying repertoire

of gene families that are conserved among strains of a serovar, some of which are unique to

the serovar. A cluster map (Figure 5.2 C) of gene families contained in the accessory genome

(obtained by subtracting the core genome from the pan-genome) of our three selected serovars

demonstrates that each serovar is differentiated by a set of conserved gene families (framed in red).

Interestingly, while some genes are classified as accessory in the pan-genome of the Salmonella

genus, they appear in the core genome of a given serovar (Figure 5.2 D). Genes involved in

metabolic functions were part of these unique serovar-specific core genomes, which motivated us

to characterize the differences in metabolic networks of different serovars.
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Figure 5.2: Core and pan-genomes of Salmonella serovars: (A) The Salmonella pan-
genome was constructed for 104 out of 410 genomic sequences of Salmonella including 2 species;
S. enterica and S. bongori, 3 subspecies; S. enterica spp. enterica, S. enterica spp. IIIA, S. en-
terica spp. IIIB. For purposes of clarity, the serovars of S. enterica spp. enterica are represented
in black when 3 or more corresponding genomes are available with a maximum of 10 randomly
sampled genomes per serovar. See Supplementary Fig. 3 for the full Salmonella pan-genome.
Note that branch width do not correspond to phylogenetic distances. (B) Serovar-specific core
and pan-genome curves for 41 genomic sequences of Salmonella enterica spp. enterica: Ty-
phimurium (broad host range), Paratyphi A (host-restricted) and Enteritidis (broad host range)
in comparison with 41 genomic sequences of randomly sampled Salmonella genomes. We show
the average and standard deviation of the number of gene families at the 20th genomic addition
(p(20)). (C) Cluster map of the accessory genome of Typhimurium, Paratyphi A and Enteritidis.
The gene families that are unique to a serovar and conserved across strains in that serovar are
framed in red. (D) We identified the serovar-specific core gene families for serovars Paratyphi
A, Typhimurium and Enteritidis and plotted a venn diaGram to represent the shared content.
Paratyphi A has the highest number of core gene families, of which 1,014 are not part of the
Typhimurium nor the Enteritidis core genome.
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5.2.3 Characteristics of the Salmonella core and pan reactome

To analyze the metabolic content of the accessory genome, we generated genome-scale

network reconstructions (GEMs) of metabolism for each of the selected 410 Salmonella strains

[15, 16]. Metabolic genes, metabolic reactions and metabolites were compared across the strain-

specific networks. We found that 1,913 metabolic reactions are shared across all 410 strains

(constituting the ‘core metabolic reactome of Salmonella’), and 433 are present in some but not

all strains (forming the ‘accessory metabolic reactome’) (Figure 5.3).

The contents of the accessory reactome reveal that differences among Salmonella strains

lie in part with their capability to uptake and catabolize various nutrient sources. Metabolic pro-

cesses involved in carbohydrate metabolism and inner membrane transport comprise a large per-

centage of the accessory reactome, 62 (14.3%) and 72 (16.6%) metabolic reactions and processes,

respectively. These functional categories include alternate carbon metabolism, the glyoxylate

cycle, periplasmic transport, and several catabolic pathways. Cell wall/membrane metabolism

is also one of the least conserved subsystems and contributes to 14.7% of the total accessory

metabolic reactome; a phenomenon that can be explained by the high O-antigen structural di-

versity across the 22 serogroups of Salmonella included in our dataset. The most highly conserved

subsystems contained housekeeping functions that are common to all Salmonella strains. For ex-

ample, 89.0% of the reactions and processes in lipid metabolism were part of the core metabolic

reactome. Similarly, energy production and conversion (88.2%), nucleotide metabolism (86.7%),

and amino acid metabolism (85.3%) were highly conserved.
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Figure 5.3: Salmonella pan reactome: (A) Reaction distribution per functional category
in the 410 genome-scale models (GEMs) of Salmonella strains. The functional categories are
defined by the clusters of orthologous groups ontology (Wolf n.d.) and classify the metabolic
reactions per subsystem. The reactome distribution across metabolic subsystems shows that
inner membrane transport, carbohydrate and lipid metabolism constitute the largest portion
of the pan reactome. The percentages shown represent the percentage of conserved metabolic
processes in each functional category. (B) Number of core genes, reactions and metabolites in
410 GEMs of Salmonella. A reaction, gene or metabolite is considered to be part of the core if
present in all Salmonella GEMs.

5.2.4 GEM-predicted growth capabilities differentiate serovars

Because alternate carbon metabolism made up a large percentage of the accessory reac-

tome (Figure 5.4 A), we hypothesized that these capabilities may reflect functional differences

among strains in their capability to thrive in different nutrient environments. The conversion of

metabolic network reconstructions into a mathematical framework allows for the computation of

metabolic phenotypes based on the content of each reconstruction [17, 18].

We leverage this functionality to simulate growth capabilities across all 410 Salmonella

strain models on minimal media with 531 different growth-supporting carbon, nitrogen, phos-

phorous, and sulfur sources in aerobic and anaerobic conditions (see Methods). Major differences

were observed in the predicted ability of different strains to catabolize myo-inositol (77.3% of
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strains incapable), D-Tagatose (69% of strains incapable) and D-Galactonate (20% of strains

incapable). For example, all strains of serovars Typhi (n = 6), Paratyphi A (n = 41), Agona (n

= 4), and Infantis (n = 5) were predicted to be incapable of utilizing D-galactonate as a sole

carbon source while 98% of the strains of Typhimurium (n = 46) and all strains of Agona (n =

4), Infantis (n = 5), Thompson (n = 5), and Weltevreden (n = 6) could grow on myo-inositol

as the sole carbon source. Additionally, while the full myo-inositol utilization operon is lost

in 77.3% of strains, we observed partial gene loss across the tagatose utilization operon and the

galactonate utilization operon. The genes of the tagatose operon involved in galactitol utilization

were generally more conserved. Lactose is a major part of many human diets and galactitol is a

byproduct of lactose catabolism (via glucose and galactose) suggesting that galactitol utilization

could contribute to fitness of Salmonella strains.

We sought to examine catabolic capabilities that group strains of a serovar together and

distinguish them from other strains. As a first step towards establishing such a classification

schema, we compared predicted growth capabilities across the 8 serovars of Salmonella that

are represented with more than 5 GEMs each (Figure 5.4 A). We found that 5 out of the 8

serovars can be distinguished by their predicted capability to utilize various nutrient sources.

For example, Paratyphi A strains are distinguished by their inability to utilize xanthosine 5’-

phosphate while Weltevreden strains can utilize myo-inositol but cannot grow on D-tagatose or

2-aminoethylphosphonate as a sole carbon source. Similarly, 87% of Typhimurium strains can

grow on D-tagatose, xanthosine 5’-phosphate, and myo-inositol as sole carbon sources. Trends

were also observed across other serovars. For example, the four Montevideo strains were predicted

to be incapable of utilizing allantoin and 2,3-diaminopropionate as the sole nitrogen and carbon

source, and 3 out 4 Saintpaul strains could not utilize 2,3-diaminopropionate as a sole nitrogen
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source. The prevalence of these losses suggests that they may have an effect on each serovar’s

preferred environmental niche.
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Figure 5.4: GEM-predicted catabolic capabilities across 53 non host-specific serovars:
(A) Eight serovars of S. enterica subsp. enterica can be classified based on their ability to catab-
olize six nutrients: D-tagatose, Xanthosine 5’-phosphate, Myo-inositol, D-glyceraldehyde (anaer-
obically) and Amino ethylphosphonate (AEP). For purposes of clarity, serovars were included
in this classification when there were more than 5 strains in the data set that represented it.
The ability to catabolize a given nutrient always leads to the right while inability to catabolize
the listed nutrient leads to the left. Note that glycolate utilization was removed from the fea-
tures used to build the decision tree. (B) The catabolic capabilities of the 410 GEMs across 323
nutrient sources in 532 media conditions were computed. Here the catabolic capabilities for 53
non host-specific strains across 19 simulated nutrient environments are shown. Each strain is
randomly chosen as a representative of a serovar. Growth of a particular strain in a particular
medium condition (represented by a dark blue color) demonstrates a positive GEM predicted
nutrient utilization capability.Serovar names are listed along with an arrow pointing to the row
it corresponds to in the cluster map.
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5.2.5 Catabolic capabilities reflect the host range of a strain

We investigated whether we could use the computational characterization of bacterial

metabolic networks to shed light on the content of an isolate’s preferred ecological niche(s). We

first subdivided the serovars into two groups: 1) the serovars that have been reported to thrive in

a small subset of hosts (specialists); and 2) the serovars that are either known to colonize a variety

of hosts or whose host specificity has not been explicitly demonstrated (generalists). There were

11 serovars that fell under the category of specialists, and 53 serovars that were classified as

generalists. We hypothesized that if there are any links between the catabolic capabilities of a

serovar and the host that it colonizes, those links would be more pronounced across the group of

specialists.

We first constructed a cluster map from the computed growth phenotypes across all gener-

alists. For clarity, we restricted our dataset to only show up to one GEM per serovar and its most

variable catabolic capabilities across 19 media conditions (Figure 5.4 B). We found that gener-

alists mostly differ in their capability to utilize D-tagatose, myo-inositol, 2,3-diaminopropionate,

allantoin, D-galactonate and 2-aminoethylphosphonate. Next, we constructed a decision tree to

identify nutrient environments that could differentiate generalists versus specialists. We found

that there was a general trend for host-restricted serovars to lose the capability to catabolize

nutrients (Figure 5.5 A). In particular, strains of S. Enteritidis were predicted to be capable of

catabolizing 4 more medium components than strains of S. Paratyphi A, namely formaldehyde,

D-galactonate, xanthosine, and xanthosine-5-phosphate. Since S. Enteritidis is known to colonize

a larger range of ecological niches, we hypothesize that strains of S. Enteritidis strains have more

catabolic capabilities as a result of their lifestyle.

We next investigated whether catabolic capabilities can further serve to classify specialists
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by their specific niche (see Figure 5.5 B). We found that host-restricted serovars known to

colonize the same host lose similar catabolic capabilities. For example, the inability to grow

in 15 nutrient environments (including L-asparagine, L-aspartate, L-malate, L-xylulose, and L-

tartrate) distinguished serovars adapted to cold-blooded hosts from other specialists. Cold-

blooded animal specialists (e.g., S. bongori, S. enterica subsp. arizonae and S. enterica subsp.

diarizonae) shared the least number of metabolic capabilities, with successful growth for only

an average of 485 out of 531 media conditions per strain. The extraintestinal human-restricted

serovars (including S. Paratyphi A and S. Typhi, but not S. Paratyphi C) were the only specialists

unable to degrade formaldehyde to formate and D-glyceraldehyde to glycerol.

All 41 Paratyphi A strains were additionally predicted to predominantly lack the

metabolic capability to utilize xanthine or xanthosine-5’-phosphate as a sole carbon source (due

to the absence of xapAB) with a total of 24 different nutrient conditions predicted to not sup-

port growth for at least one Paratyphi A strain. In contrast, all 6 Typhi strains could not utilize

L-idonate or 5-dehydro-D-gluconate as a sole carbon source (due to the absence of the 4 genes

including idnDOTK). Overall, there were a total of 24 different no-growth nutrient conditions

predicted for at least one Paratyphi A strain. Choleraesuis strains are known to be swine-adapted

and cause swine paratyphoid. They were found to lose the capability to utilize L-arginine as a

sole carbon source under anaerobic conditions due to the absence of the succinylglutamic semi-

aldehyde dehydrogenase (astD) and L-xylulose in both aerobic and anaerobic conditions due to

the absence of three genes (yiaMNO). L-xylose is an upstream precursor of L-xylulose and is

abundant in the hemicellulose walls of the cereals fed to pigs [19]. It was shown to be excreted

in high proportions in the urine indicating very low levels of xylose absorption [19]. The loss

of yiaMNO may have occurred because L-xylulose is not available in the swine extraintestinal
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Figure 5.5: Catabolic capabilities across host-restricted serovars: (A) Decision tree
depicting differential nutrient utilization capabilities in 410 GEMs classified as host restricted
(specialists) or non-host restricted (generalists). Specialists are distinguished from generalists
by a general trend toward losing catabolic capabilities. (B) Catabolic capabilities of 67 host-
restricted strains on 18 nutrient conditions. The conservation of certain catabolic capabilities
among serovars restricted to a common niche hints at the availability of certain nutrients in
a niche and highlights the importance of that function for survival. The classification of each
serovar by its known colonization niche is listed along with the number of strains per serovar
included in the analysis. The nutrient sources are classified as C for carbon, P for phosphate,
and N for nitrogen source and their basis to support growth in aerobic (O2+) and anaerobic
(O2-) conditions is shown.

5.2.6 Nutrient utilization predictions shows high model accuracy

We used an ensemble of 7 known metabolic traits to validate the reconstructed networks,

including: growth on M9 minimal medium, fermentation of 11 carbon sources, production of

hydrogen sulfide, growth on citrate as the sole carbon and energy source (with the exception
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of Typhi strains), capability to decarboxylate L-lysine, incapability to utilize lactose, and the

presence of catalase. These tests constituted the basis for the exclusion of 3 genomic sequences

from any subsequent analysis (PATRIC accession numbers 1412544.3, 1454644.3 and 54388.108)

as well as the identification of nutrient auxotrophies. We proceeded to validate the predicted

strain-specific catabolic capabilities. We searched the literature for known catabolic capabilities

of Salmonella strains and evaluated; 1) a data set for 9 S. Typhi strains tested on a total of 190

carbon sources from Chai et. al [20] and 2) biolog phenotypic characterizations of 6 strains of

Salmonella spanning 6 serovars (Typhimurium, Newport, Dublin, Heidelberg, Schwarzengrund

and Agona) on 59 different carbon sources from Fricke et. al [21].

While the six strains of S. Typhi for which we have genomic sequences did not exactly

match the nine strains tested in the first study, we assumed that the catabolic capabilities common

across all experimentally tested strains would also be common among the strains used in this

study. We first mapped 84 of the 190 carbon sources to their known catabolic pathways. Our

GEMs correctly predicted 38 viable growth phenotypes and 19 no growth phenotypes across

six strains (68%, fisher p < 0.05), but incorrectly predicted 27 no-growth phenotypes. We

noticed that there are reports of hypothetically disrupted genes in S. Typhi known to be involved

in the catabolic pathways for 7 of the 27 falsely predicted growth supporting carbon sources,

namely: citrate, L-glutamine, L-rhamnose, 1,2-propanediol, D-tagatose, ethanolamine and 4-

hydroxyphenylacetic acid [22]. Pseudogene accumulation has been widely observed amongst

Typhi strains [23] as well as other host-restricted strains of Salmonella [22, 24]. We hypothesize

that there could be additional disrupted genes involved in the utilization of some of the 20

remaining carbon sources. However, the identification of pseudogenes is beyond the scope of

this paper. False positives may also indicate that the pathways needed for growth under these
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conditions could be alternatively regulated [22, 25]. The Fricke study also included matching

genomic sequences for 6 strains that were tested for their capability to utilize a set of 59 carbon

sources. Our corresponding GEMs correctly predicted 341 growth phenotypes, and 8 no growth

phenotypes (98%, fisher p − value < 0.05). However, there were 5 failure cases across 3 strains

in total. Overall these results demonstrate that the GEMs are of high-quality and that the

predicted strain-specific metabolic traits can be used to generate hypotheses related to adaptation

to specific hosts.

5.2.7 Catabolic capabilities impact fitness across hosts

We next sought to determine which nutrient utilization pathways affect the fitness of

Salmonella strains in their natural microenvironments and host ranges. In previous studies,

10,000 Tn5 mutants of S. Typhimurium strain SL1344 were tested for fitness in intravenous

infection of BALB/c mice [26], and 9,792 Tn5 mutants of S. Typhimurium strain ST4/74 were

tested for fitness in oral infection of pigs, cattle and chickens [27]. Using these datasets, we set out

to identify which catabolic pathways uniquely lost by some serovars conferred an advantage in

one environment but not the other. To link genes in the reconstructed Salmonella pan-reactome

to the conferred catabolic capabilities, we searched for gene essentiality in all simulated nutrient

environments. Here, we defined conditionally essential genes (CEG) as those genes found to be

essential in one of the nutrient conditions but not in aerobic M9+glucose minimal medium. Of

the 531 nutrient environments, 242 were anaerobic and 289 were aerobic. We identified a total

of 242 predicted CEGs, of which 195 and 217 were essential in at least one aerobic and at least

one anaerobic nutrient condition, respectively, with some genes being essential in both (Figure

5.6 A).
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Of the 242 predicted CEGs, several were shown to contribute to fitness in colonizing the

mouse spleen (23 CEGs), as well as the intestine of cattle (53 CEGs), pigs (40 CEGs) and chickens

(42 CEGs). Only nine CEGs contributed to fitness in all hosts, whereas 30 CEGs contributed to

fitness in cattle, pigs and chickens (Figure 5.6 B). The nine CEGs shared across hosts included

genes that were essential in many of the in silico environments (mCEGs) such as atpAD (two

subunits of ATP synthase), galE (UDP-glucose 4-epimerase), gor (glutathione oxidoreductase),

and ptsI (a subunit of the phosphoenolpyruvate-protein phosphotransferase involved in non-

specific carbon transport). However, CEGs specific to single in silico environments (sCEGs) were

also essential across all hosts, including mtlD (mannose-6-phosphate isomerase), sucC (succinyl-

CoA synthetase), yiaN (subunit of the L-xylulose transport complex), and manA (mannose-

6-phosphate isomerase). The sCEGs represent genes required for growth on specific carbon

substrates, for example: manA is essential when D-mannose or D-mannose 6-phosphate serve as

the sole carbon source; mtlD is essential when D-mannitol is the sole carbon source; and yiaN is

essential when L-xylulose serves as the only source of carbon.

Of the 30 CEGs with unique contributions to fitness across the intestinal infection of pigs,

chickens, and cattle, 21 do not contribute to fitness during splenic infection of mice including

17 sCEGs and four mCEGs. In this set, 13 of the 17 sCEGs are conditionally essential for the

utilization of D-tagatose, allantoin, deoxy-D-ribose, L-tartrate, D-xylose, D-xylulose, L-idonate,

allantoin, L-arginine, 2,3-diaminopropionate, D-glyceraldehyde, and formaldehyde, all of which

were predicted to be incapable of supporting growth of at least one host-associated strain.

Our predictions indicate that the serovars adapted to cold-blooded hosts could not grow in

seven of these media conditions, including: D-tagatose, D-xylose, deoxy-D-ribose, L-xylulose, L-

tartrate, 2,3-diaminopropionate and 4-aminobutanoate. For example, all three S. bongori strains
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were missing deoP and deoK, both of which are essential for the utilization of deoxy-D-ribose,

and both of which were also shown to contribute to fitness in cattle, chickens, and pigs, but

not in mice (Figure 5.6 C). A possible explanation for these altered growth characteristics (46

no-growth media conditions on average) is that the microenvironments where these cold-blooded

host-associated strains normally reside markedly differs from the intestinal environment of farm

animals. Similarly, all strains of Typhi were predicted to lack the capability to utilize L-idonate

due to the absence of idnD and idnO, which correlates with Typhi’s inability to grow on L-idonate

as a sole carbon source [20]. These genes demonstrated fitness defects during intestinal infection

of the farm animals assayed, but not in spleen of infected mice. L-ascorbate (vitamin C) is an

essential nutrient in the human diet, and L-idonate is an intermediate product of L-ascorbate

catabolism which has been shown to decay spontaneously in vitro [28, 29]. Taken together, these

findings suggest that L-idonate is an available nutrient source in the gut. The fact that S. Typhi

is known to colonize the extraintestinal environment and is specific to humans suggests that the

loss of this capability comes as an adaptation event in which genes that do not contribute to

fitness have been lost.
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Figure 5.6: Conditionally essential genes (CEGs) and corresponding mutant fitness in diverse
hosts: A) We searched for CEGs across 531 nutrient environment conditions and found a total
of 20 involved in central metabolism. Of the 531 nutrient environments, 242 were anaerobic and
289 were aerobic. We plot here the 10 most frequent CEGs in aerobic and anaerobic conditions.
B) We selected for CEGs whose corresponding mutant was found to contribute to fitness in at
least one host. We then plotted a venn diaGram of CEGs that were observed to be important for
fitness in intraintestinal versus extraintestinal hosts. We subdivided CEGs into those that were
predicted to be essential on 5 or more nutrient environments (mCEGs) and those there predicted
to be essential in less than 5 nutrient environments (sCEGs). C) We identified the occurrence of
sCEGs that were seen to contribute to fitness across strains of Salmonella. We highlighted here
three catabolic pathways featuring the selected sCEGs and the number of Salmonella strains
that do not carry the CEGs in their genome. The genes are placed next to the metabolic process
that they are involved in. The fitness contributions of an sCEG to hosts are highlighted (ovals
indicate that a significantly affected fitness was measured in this host).
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5.3 Discussion

In this study, we strain-specific genome-scale metabolic models from the genomes of 410

Salmonella strains. Using the strain-specific GEMs, we: 1) compared and contrasted core and

pan metabolic capabilities within the Salmonella genus; 2) determined differences among serovars

in growth phenotypes on over 530 different media; 3) explored the genetic basis of underlying

strain-specific auxotrophies; 4) identified candidate catabolic pathways that contribute to the

fitness of Salmonella strains in diverse microenvironments; and 5) examined the occurrence of

those catabolic pathways across different Salmonella strains.

The pan-genome analyses revealed that the three main Salmonella serovars have pan-

genome sizes that do not seem to reflect their host range. The total number of gene families in a

random sample of 20 genomes of Enteritidis (a generalist) was similar to that of Paratyphi A (a

specialist) but much lower than that of Typhimurium (a generalist). Since the ability to colonize

multiple niches does not seem to affect the pan-genome size 40, we asked whether specific classes

of genes in the pan-genome reflected this ability. A comparison of the gene family content across

three serovars revealed that a specific repertoire characterizes each serovar, and that while certain

gene families were part of the Salmonella accessory genome, they appear in a given serovar’s core

genome.

The majority of Salmonella’s core reactome consisted of lipid metabolism as well as energy

production and conversion. By contrast, the pan-reactome revealed that differentiating features

across strains lay in their cell wall composition and their unique capabilities to transport and

catabolize specific nutrients. The cell wall composition is a trait that has been exploited for the

characterization of serovars. Therefore, we asked whether catabolic capabilities can also serve to

differentiate serovars.
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To-date, relatively few metabolic traits have been identified that distinguish Salmonella

serovars. For instance, S. Typhi can be distinguished from other Salmonella isolates, in part

because it is citrate negative [30], whereas L-tartrate utilization distinguishes extraintestinal and

gastrointestinal strains of S. Paratyphi B [31]. We set out to identify additional differentiating

catabolic capabilities using the reconstructed strain-specific GEMs. Model-simulated growth on

different nutrient sources demonstrated that strains of each serovar clustered together. Leveraging

this finding, we then built a decision tree that distinguished 5 serovars based on their model-

predicted catabolic capabilities. There was a tendency among host specialists to lose catabolic

capabilities, while serovars specific to the same niche tended to share similar catabolic profiles.

When we compared a total of 858 predicted growth phenotypes with experimental observations,

we obtained an overall 83.1% agreement, demonstrating high model accuracy. The discrepancies

likely indicate the presence of pseudogenes.

We proceeded to ask whether the observed gene losses across specialists are a result of the

composition of their micro-environment. We first identified candidate nutrient catabolic pathways

that contribute to the fitness of Salmonella strains across hosts. We mapped nutrient conditions

to the corresponding predicted conditionally essential genes (CEGs), and found that the fitness

of 9 Salmonella mutants (including mutants in gor, glutathione oxidoreductase) were shown to be

affected in all four hosts. Glutathione oxidoreductase was predicted to be conditionally essential

for the utilization of trithionate, thiosulfate or tetrathionate as the sole sulfur source [32], and

tetrathionate is known to confer an advantage to Salmonella strains which utilize it as a terminal

electron acceptor in the inflamed gut [33].

We then asked whether the differential fitness conferred by catabolic genes revealed im-

portant variations in the nutrient composition across hosts. Indeed, a total of 21 catabolic
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pathways uniquely contributed to Salmonella fitness during intestinal infection of pigs, cattle,

and chickens, including those for the utilization of D-tagatose, L-xylulose, D-xylose, deoxy-D-

ribose, L-idonate, D-glyceraldehyde, and allantoin. These metabolites form part of the host’s

diet and/or have been observed in the intestinal environment [19, 34, 35]. Additionally, we ob-

served that the corresponding catabolic capabilities were missing across strains adapted to either

cold-blooded hosts, to swine, or to humans, providing evidence of an isolate’s genotype being

influenced by the environment it evolves in. For example Typhi strains lost the capability to

utilize L-idonate. Indeed, the differential fitness conferred by genes involved in catabolic path-

ways across hosts possibly reflect compositional differences in the intestinal versus extraintestinal

milieu, and may also reflect differences in pathogenicity [36].

In addition to identifying unique growth capabilities, the GEMs also predicted strain and

serovar-specific auxotrophies. Auxotrophies can indicate cases of directed evolution to a new

host, where ancestral traits that interfere with virulence are lost. The ability of GEMs to predict

serovar-specific auxotrophies makes them a powerful tool to elucidate the evolutionary trajectory

of various serovars. Using the GEMs we identified two predominant auxotrophies, including a

niacin auxotrophy in seven of the S. Paratyphi A strains Intriguingly, this auxotrophy has been

shown to enhance the virulence of Shigella flexneri strains in humans [37].

Altogether, our study demonstrates that strain-specific models of Salmonella metabolism

can be used to systematically identify a serovar’s unique metabolic capabilities. These capabilities

may affect host range and the preferred environmental niche of a given serovar. Moreover, these

results represent a step towards the definition of a bacterial serovar based on GEM-predicted

metabolic capabilities. In addition to this fundamental advance, nutrient utilization characteris-

tics provide a basis for understanding strain and serovar-specific pathogenesis. Ultimately, this
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understanding could be leveraged to formulate strain- and serovar-specific drug development and

therapeutic approaches.

5.4 Methods

5.4.1 Salmonella genome sequence selection

A collection of 439 closed genomic sequences were downloaded from public databases

[15, 16]. These genomes were selected when they were annotated as “complete” on PATRIC

and “chromosome” or “complete genome” on NCBI [38]. None of the records contained contigs,

i.e. the sequence was continuous. While some genomic sequences were complemented by the

respective plasmid(s), others were not. Thus, in order to normalize the data, all plasmidic

sequences were excluded from further analyses. Draft genome-scale models were initially built

for all sequences. in silico validation tests, described in section titled GEMs validations resulted

in the exclusion of 29 genomic sequences and the identification of an additional threshold for the

quality of an assembly in the context of constraint-based modeling. In short, a genomic sequence

was excluded when it contained more than 70 regions of 30 contiguous unassigned nucleotide

bases. We observed that such regions resulted in ORF disruption and erroneous ORF calling.

A total of 410 genomic sequences passed that threshold of which 72 were drawn from the NCBI

database [16] and 338 were drawn from the PATRIC database [15]. To normalize ORF calling

and remove any inconsistencies in annotations across platforms, all 410 genomic sequences were

re-annotated using Prokka [39]. Pseudogenes were not manually annotated beyond this point to

avoid increasing the false positive rate of gene absence.
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5.4.2 Salmonella pan-genome construction

Sequence homology was used to cluster genes into gene families using a clustering tool

namely, CD-Hit [40]. Genes from all genomes were extracted and fed into CD-Hit. The sequence

identity threshold was set at 0.9 and the word length was set to the default of 5. A gene family ID

was then assigned for each gene. The pan-genome consisted of the collection of all gene families.

Gene family IDs were used to identify the shared gene families across genomes.

5.4.3 Multi-locus sequence alignment housekeeping genes

We downloaded a database containing variants of Salmonella housekeeping genes [41]

including aroC, dnaN, hemD, hisD, purE, sucA and thrA. We proceeded to search for homology

of these genes across all genomic sequences by using BLAST. We selected a lower threshold of

80% percent identity and an upper threshold of 10−5 e-value. We then concatenated the 7 genes

(in the same order) and aligned the sequences using MUSCLE [42]. We then computed the

phylogenetic distance matrix using Distmat [43].

5.4.4 Salmonella serovar-specific pan-genome comparison

All pan and core genome curves were constructed using the set of gene families obtained

in the previous steps. Pan-genome curves were built by drawing from a set of genomic sequences

one at a time without replacement and summing the number of novel gene families encountered

at each draw. Core curves were built by drawing from a set of genomic sequences one at a time

without replacement and subtracting the number of gene families not encountered in the new

draw. A core and pan-genome size was determined at each draw. Traditionally, the genomic

sequences are sampled (i.e., their order is mixed at random) and a pan and core genome curve

155



are drawn for each sample.

Here, the available set of 410 genomes was subdivided into 4 subsets consisting of: (1)

41 sequences for strains of Paratyphi A, (2) 46 sequences for strains of Typhimurium, (3) 159

sequences for strains of Enteritidis and (4) 410 sequences for all strains of Salmonella. Serovars

Paratyphi A, Typhimurium and Enteritidis were chosen because there were more than 40 available

genomic sequences available for each. From each subset, we randomly sampled 41 sequences to

obtain 1,000 genomic permutations. In this way, we reconstructed four sets of pan and core

genome curves (Figure 5.2 B). Fitting the curves with Heap’s law resulted in large variance in

the fitted parameters. Instead, we chose to report the average and standard deviation of the

number of gene families found at a genomic addition across all pan-genome curves. We selected

the genomic addition after half of the data set had been included in the pan-genome analysis

so as to obtain a standard deviation that is reflective of the population. Since we sampled 41

sequences, we reported the number of gene families encountered at the 20th genomic addition.

Because we noticed that the core genome size was different for each subset, we applied

the unpaired Student’s t-test to assess whether there was a difference in the number of shared

gene families between two strains of the same serovar and two strains of different serovars. For

that purpose, two distributions were generated. Two genomes were randomly sampled from

all 410 genomes 500,000 times. For each pair of genomes, the number of shared gene families

was computed. When the two sampled strains belonged to the same serovar, the number of

shared gene families was added to the first distribution, otherwise, it was added to the second

distribution. As a result, the first distribution contained 15,154 computed numbers and the

second distribution contained 67,061. The normality of the two distributions was confirmed

(p − value < 0.001) using the “stats.mstats.normaltest” command from the scipy toolkit. The
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unpaired Student’s t-test was then applied to determine whether the two distributions were

significantly different using the “stats.ttest ind” command from the scipy toolkit. Since the

p− value was less than 0.001, we concluded that they were.

To represent the fact that two strains of a similar serovar shared significantly more gene

families than two strains of different serovars, we modified the traditional workflow that computes

core and pan-genome curves. We started by grouping strains of the same serovar together and

only sampled those strains together. Thus, genomic sequences from the first serovar were sampled

100 times and the core and pan-genome values were averaged after each genomic addition. The

genomic sequences from the second serovar were subsequently introduced and core and pan-

genome values were computed. After the addition of the last serovar to the pan-genome, the core

and pan-genome curves were finally plotted (Figure 5.2 A).

To examine the pan-genome in more detail, we constructed a cluster map for the gene

families across 247 genomes of serovars Typhimurium, Paratyphi A and Enteritidis using the

clustermap command from the seaborn package (Figure 5.2 C). We excluded the gene families

that are shared by all genomic sequences. As a result, we introduced a new term; “the serovar-

specific core genome”, which represents the set of gene families that are shared across all strains of

a serovar. Accordingly, the core genome of a species is the set of core genomes of all the serovars

of that species. The venn diaGram in Figure 5.2 D displays the number of shared gene families

across serovar-specific core genomes for serovars Typhimurium, Enteritidis and Paratyphi A.

5.4.5 Reconstruction of a consensus Typhimurium str. LT2 GEM

We used the genome scale metabolic reconstruction (GEM) for S. enterica ser. Ty-

phimurium str. LT2 (STM.v1.0) as a starting point for our reconstruction efforts [11, 44]. A
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GEM is a curated structured knowledge base that contains all of the biochemical transformation

occuring in a cell along with a mapping of the gene encoding them [45]. The starting GEM

contained 2,545 reactions, 1,271 genes, 1,802 metabolites, uptake rates for in vitro M9 minimal

medium and the corresponding biomass reaction. We updated this network with curation efforts

performed by another group [12]. Additions included a new in vivo biomass reaction with ex-

perimental validation, 16 new genes and 48 new reactions spanning various subsystems including

20 reactions involved in transport and exchange, 15 reactions involved in cell envelope biosyn-

thesis and 4 reactions involved in cofactor and prosthetic group biosynthesis. We also updated

the Salmonella core oligosaccharide biosynthesis pathway by removing the rhamnosyltransferase

reaction because the core oligosaccharide structure in Salmonella strains does not contain a

rhamnose residue. Because different strains of Salmonella possess a wide range of O-antigens

and addition of synthesis capabilities for these was outside the scope of this project, we removed

O-antigens from the in silico Salmonella biomass objective function. O-antigens form the outer

part of the LPS molecule – which are glycolipids that are embedded in the external membrane

of Gram-negative bacteria. They are variably produced throughout a bacterial lifetime, vary in

structure across serogroups and are not always necessary for the strain’s survival [46]. They thus

do not strictly fit within the definition of a biomass objective function [47].

5.4.6 Functional annotation of orthologous proteins via Uniprot

The annotated and manually reviewed Salmonella protein sequences were queried from

Swiss-Prot [48]. All 1,287 manually curated proteins included in the Salmonella GEM were

then blasted against the set of Swiss-prot proteins. The best bi-directional BLAST hits (BBH)

[49] were selected and detailed biochemical assignments were extrapolated for all orthologs/gene
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variants of a cluster. A BBH pair is defined when two genes are best BLAST hits of each other

with a minimum percent identity threshold of 80% and a maximum e-value of 0.01. As a result,

2,131 Salmonella protein sequences in Swiss-Prot were annotated with biochemical reactions

using BiGG standards [50] and added to the pan-STM.v1.1 reconstruction.

5.4.7 Pan-STM.v1.1 expansion using the BiGG database

Metabolic networks and proteins are often shared across closely related species. We thus

queried 55 genome-scale reconstructions of species closely related to Salmonella from BiGG to

build a metabolic reconstruction database. The species included E. coli (46 GEMs) [51, 52],

Shigella (8 GEMs) and K. pneumoniae (1 GEM) [53].

We used BLAST to map all Salmonella gene families against the BiGG database built

above and assigned candidate gene reaction rules based on BBH pairs. When the function

was already represented in the pan-STM.v1.1, but the sequence was novel, the protein was

considered to be an ortholog. When the function was novel, it was checked against the literature

for evidence of its presence in Salmonella and assigned a confidence score that complies with

the standards set by Thiele et. al [45]. Functions with a confidence score of more than 0

were added to the reconstruction. As a result the pan-STM.v1.1 was expanded with 124 new

reactions, 119 new genes, 96 new metabolites and 53 new orthologs. These reactions spanned

several subsystems notably the; Inner and outer membrane transport, amino acid metabolism,

membrane lipid metabolism, antibiotic resistance, nucleotide salvage pathway, pentose phosphate

pathway, cofactor and prosthetic group metabolism. All new reactions, metabolites and genes

were standardized using BiGG abbreviations. The pan-STM.v1.1 reconstruction included 2,695

reactions, 1,395 genes, 2,131 gene orthologs, 1,935 metabolites, and biomass objective functions
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representing in vivo and in vitro conditions. We proceeded to run a homology search using bi-

directional best blast hits of all of the genomic sequences included in the data set against the

pan-STM.v1.1 annotated genes.

5.4.8 Medium definition and biomass objective function

A biomass reaction represents the drain of precursors and macromolecular building blocks

for bacterial growth in a certain environment (i.e., lipid, glycogen, lipopolysaccharides, amino

acids and nucleotides). Quantifications are based on the experimental determination of the

relative fractions of the precursors in a culture [54]. As such, the biomass reaction highly depends

on the bacterial environmental niche. There have been two such formulations in Salmonella for

growth in M9 + glucose minimal medium (in vitro) and mouse spleen tissue (in vivo) both of

which have been experimentally verified. The M9 + glucose minimal medium definition includes

less restrictive uptake rates and fewer nutrient sources. It is simulated with unlimited uptake

rates for Calcium, Chloride, CO2, Co2+, Cu2+, Fe2+, Fe3+, Potassium, Magnesium, Mn2+,

Molybdate, Sodium, Ammonium, Phosphate, Sulfate, Tungstate, and Zinc and limited uptake

rates for 2,3 Di-hydroxybenzoate, O2, H+, H2O, D-Glucose, and Cob(1)alamin. By convention,

exchanges are negative when the flux is directed from the extracellular compartment to the

periplasmic compartment. For the purpose of predicting growth, we ran flux balance analysis

(FBA) using the COBRApy package version 0.13.2 to simulate for an optimal flux state with

the in vitro biomass reaction set as the objective function. Flux balance analysis is a method to

analyze the flow of metabolites through a metabolic network [55].
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5.4.9 GEM validations

The pan reactome of Salmonella served as a scaffold for building the strain-specific recon-

structions. All genomic sequences were blasted against the annotated genes in the pan-STM.v1.1

reconstruction. In each genome, gene presence/absence was determined on the basis of sequence

homology between Prokka-predicted coding DNA sequences and the curated genes. We con-

sidered genes to be homologous when they were BBH pairs. The result of this step led to the

creation of 410 strain-specific GEMs. We ran several safety checks across the reconstructions to

assess their validity including: 1) FBA (to simulate growth); 2) fermentation of various carbohy-

drates (Lactose, glucose L-arabinose, maltose, D-mannitol, D-mannose, L-rhamnose, D-sorbitol,

trehalose, D-xylose and dulcitol); 3) growth on citrate as the sole carbon source; 4) carboxylation

of lysine, and; 5) production of hydrogen sulfite. These checks served to verify that all GEMs

could recapitulate some of the known catabolic/metabolic features of Salmonella [56]. A GEM

cannot simulate growth if one of the biomass precursors cannot be produced, which occurs when

there is a gap in one of the essential anabolic pathways. We assumed that a maximal growth of

less than 0.001hr−1 meant that no growth could be achieved.

We tested the capability to ferment various carbohydrates by: 1) setting the lower bound

for oxygen and glucose exchange to 0
mMol

gDWḣ
, 2) iterating through each of the carbon sources by

setting the lower bound for the corresponding reaction at −50
mMol

gDWḣ
and, 3) optimizing for flux

through the biomass function at each iteration. Growth on citrate as the only carbon source was

simulated similarly but with the lower bound for oxygen set to −20
mMol

gDWḣ
(its default amount).

Production of hydrogen sulfite was simulated by the temporary addition of a demand reaction

for hydrogen sulfite with the objective coefficient set to 1. The biomass objective coefficient

was set to 0 and FBA was employed to simulate flux. When a test failed, i.e. growth could
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not be achieved, the model was flagged for further investigation. Other identification tests that

characterize Salmonella by its inability to produce a certain enzyme or to catabolize certain

substrates were not taken into consideration here because they are already embedded in the

curated metabolic reconstructions.

5.4.10 Troubleshooting and gap-filling

All previously flagged models were considered and distributed into 4 classes: 1) the flag

was raised because of the presence of unknown alternative pathways, 2) the modelled strain is a

potential auxotroph, and 3) there was an assembly and/or annotation error. We first identified

160 essential genes for biomass production and found that 18 of these genes were missing across

the 35 GEMs that could not simulate growth. Essential genes were found by removing one gene

at a time from the pan-STM.v1.1 reconstruction and simulating for biomass production using

FBA. The removal of a gene was accompanied by the removal of the encoded metabolic reactions

that were found using the find gene knockout reactions tool available in the COBRA toolbox.

A missing gene was classified as essential when its removal from the model resulted in a non-

growth phenotype prediction. We further set out to identify potential auxotrophies caused by

these gene deletions. Three GEMs that were flagged due to missing Salmonella-specific metabolic

traits, were subsequently excluded from the analysis because they were found to be missing over

70 essential genes. We traced this aberration back to the nucleotide sequence and found it to

contain over 200 regions of unassigned nucleic acid bases (“Ns”). We subsequently searched all

genomic nucleotide sequences for a high occurrence of unassigned nucleotide bases and excluded

another 27 genomic sequences from further study as described in Reconstruction of a consensus

Typhimurium str. LT2 GEM.
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In each flagged GEM, we iteratively knocked out one of the 18 essential genes. We then

simulated the sequential addition of extracellular nutrients by setting the lower bound of the ex-

change for that nutrient to −50
mMol

gDWḣ
. If growth was achieved, the essential gene was classified

as the source of a potential auxotrophy and the corresponding extracellular nutrient as the nu-

trient for which the strain is auxotrophic. These strain-specific auxotrophies are only hypotheses

because there could be alternative pathways that are not yet known for the metabolism of the

essential components. However, in two cases they pointed towards metabolic pathways that were

missing in the starting reconstruction (anthranilate and NAD biosynthesis biosynthesis). When

nutritional supplementation did not yield growth, and we could not find an alternative network

that would compensate for the metabolic requirement, the reactions were added back as orphan

reactions.

5.4.11 Conditional gene essentiality

The base model (pan-STM.v1.1) was used to simulate growth of all 410 GEMs on 531

nutrient conditions and gene essentiality sets were identified in each condition using the command

cobra.flux analysis.single gene deletion from the COBRApy package. We then subtracted from

each set the genes found to be essential in glucose + M9 minimal medium. The remaining genes

were classified as conditionally essential genes (CEG) and mapped to the corresponding nutrient

conditions.

5.4.12 Mutant fitness across hosts

We retrieved fitness scores associated to Salmonella genes calculated by Chauduri et. al

across 4 hosts including 3 food producing animals and BALB/c Mice [27, 57]. Briefly, a total of
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10,000 transposon mutants were generated and combined into pools which were then introduced

into the animals. Input and output pools were collected and sequenced. Each mutant’s fitness

score was reported as the log2-fold change between the number of sequence reads obtained across

the boundaries of each transposon insertion between the input and output pools. We then filtered

out the fitness scores with an adjusted p-value of less than 0.1 and an absolute log2Fold change

of more than 5.
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Chapter 6

Systems biology and pangenome of

Salmonella O-antigens.

O-antigens are highly variable glycopolymers used as a basis for serotyping that are

expressed on the cell surface of Gram-negative bacteria. In the previous chaper, we showed that

they form part of the accessory reactome of Salmonella. However, the O-antigen biosynthesis

reactome has still not been fully modeled. In this chapter, we use a two-pronged approach

to comprehensively define the metabolic and genetic basis for O-antigen structural diversity in

Salmonella. As a first step, we reconstruct Salmonella O-antigen biosynthesis and update 410

existing Salmonella strain-specific metabolic models with the assembled metabolic network. We

develop a simple modeling framework capable of predicting a strain’s serogroup and its O-antigen

glycan synthesis capability (yielding 98% agreement with experimental data); and implement

it to characterize the O-antigen precursor biosynthesis capability of over 1,400 Gram-negative

strains. As a second step, we use a top-down pangenome analysis to elucidate the genetic
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basis for intra-serogroup O-antigen structural variations. We assemble a database of O-antigen

gene islands from over 11,000 sequenced Salmonella strains, and find that: 1) gene duplication,

pseudogene formation, gene deletion and bacteriophage insertion elements occurs ubiquitously

across serogroups, 2) there are novel serotypes in the group O:4 B2 variant as well as an additional

genotype variant for group O:4, and 3) that there are two heretoforth undiscovered O-antigen gene

islands in understudied Salmonella subspecies increasing the number of Salmonella serogroups

from 47 to 49. This study thus constitutes the first of its kind to focus on the pan genome of

a metabolic module and provides yet another argument in favor of using the pan genome as a

better definition of a species.
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6.1 Background

O-antigens are made up of glycan repeat units which contain a combination of 2 to 8 sugar

residues each. Variations in the final structure occur as a result of the order in which the glycans

are linked, the type of linkage between residues, and the type of linkage between O units. These

glycans are frequently O-antigen-specific and their biosynthesis is well studied in Salmonella,

Escherichia, and Shigella [1, 2]. Currently, there are 47 known O-antigen structures and 21

different O-glycans in Salmonella alone [2]. Each O-antigen structure corresponds to a serogroup

according to the Kauffmann–White–Le Minor serotyping scheme, while serotypes are defined

by the combination of O and H antigens expressed at the surface [3]. A differentiating feature

across Salmonella serogroups is the first sugar found in the O-antigen unit which can either be

an N-acetylglucosamine/N-acetylgalactosamine or a galactose residue. Salmonella strains falling

under the latter category are the most frequently isolated and typed [2].

Most O-antigen biosynthetic genes are co-located in a genomic island known as the rfb

cluster where sequence diversity faithfully reflects the diversity of O-antigen structures. The

island has dissimilar G+C content with respect to the rest of the genome reflecting the fact that

it is a hotspot for homologous recombination and horizontal gene transfer [4, 5]. While genetic

variability within serogroups has been reported in a few cases, no study has systematically

analyzed this diversity across all serogroups. In addition, due to the dissimilarity in biosynthetic

pathways between serogroups, the O-antigen and lipopolysaccharide metabolic subsystems have

long presented a challenge when propagating metabolic networks across strains using comparative

genomics [6–8]. Understanding the consequences of O-antigen sequence diversity constitutes a

step forward to understanding the diversity in host-pathogen and pathogen-phage interactions.

In this chapter, we both assemble an O-antigen gene island pangenome and reconstruct
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the metabolic pathways for O-antigen biosynthesis incorporating them with a pangenome re-

construction of Salmonella metabolism [8]. Genome-scale models of metabolism (GEMs) offer a

powerful way to quantitatively analyze the energy and carbon demands of metabolite synthesis.

Here, we add a much needed functionality to the Salmonella GEM, which can also be extended to

other organisms: the prediction of a strain’s serogroup, and its capability to synthesize different

lipopolysaccharide and O-antigen structures. Taking advantage of the structural similarity of

O-antigens across different organisms, we show that these pathways can be exported to other

Gram-negative strains.

6.2 Results

6.2.1 O-antigen biosynthetic pathways reveal unexpected non glycolytic ex-

tracellular nutrient sources

To date, only a subset of O-antigen biosynthetic pathways have been formally described

through computational models (and are available in BiGG and other metabolic databases [9]),

with LPSO:4 (group O:4) being the only lipopolysaccharide structure for which a full metabolic

pathway description exists in Salmonella. However, there are 46 known serogroups in Salmonella,

each characterized by a unique O-antigen structure, LPS structure, and rfb cluster (with the

exception of serogroup O:28, which is subdivided into O:28ab and O:28ac). To complete the O-

antigen metabolic subsystem, we curated and reconstructed the biosynthetic pathways for 46 out

of 47 O-antigen structures (Figure 6.2 A). For this purpose, we conducted an extensive literature

review and followed an established reconstruction protocol [10]. This endeavor uncovered gaps of

knowledge in O-antigen metabolism, specifically, that the substrate specificity and pathway order
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of glycosyltransferases, acetyltransferases and the O-antigen precursor biosynthetic pathways for

group O:61 haven’t been fully characterized. The resulting O-antigen metabolic model (Oag.v1)

yielded 348 genes, 695 reactions, and 590 metabolites).

We subsequently updated the pan-genomic reconstruction of Salmonella pan-STM.v1.1

(which contains all known and modelled Salmonella metabolic pathways) [8] with the content

from Oag.v1. As a result, pan-STM.v1.2 was 23% larger than pan-STM.v1.1 and encompassed

1,718 genes and 3,372 reactions. Interestingly, when we linked the O-antigen metabolic path-

ways to central metabolism, we found that all O-antigen pathways originated from one of three

metabolic nodes across central metabolism: glucose-1-phosphate (g1p), ribulose-5-phosphate

(r5p), or fructose-6-phosphate (f6p). CDP-ribitol was the only glycan that was synthesized

from ribulose-5-phosphate (r5p), which incidentally was a product of the first metabolic step of

the pentose phosphate pathway. The remaining O-sugars were synthesized from g1p and f6p.

We also observed that various extracellular nutrients which bypass the reliance on glycolytic

flux could serve as precursors to O-antigen glycan biosynthesis. These include D-mannose, D-

mannose-6-phosphate, D-gluconate, D-glucosamine, and D-glucosamine-6-phosphate, as well as

products obtained from anhydro muropeptide recycling (which serve to recycle peptidoglycan).

To assess the relative carbon yield of each LPS structure, we fixed growth rate at 80% of wild

type growth on glucose + M9 minimal medium (see Methods, Figure 6.2 B). The predicted

yield varied by as much as 56.5% across structures, with the LPS structure for serogroup O:28ab

having the lowest yield and serogroup O:1,3,19 having the highest yield. These results reflect

the stoichiometric differences between metabolic pathways. We proceeded to computationally

simulate gene essentiality for the production of each LPS structure and found that, on average,

39 ± 7.57 genes become essential when LPS is included in the biomass objective function [11].
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thetic pathways included in Oag.v1 and pan-STM.v1.2, (B) Yield (
mMolLPS
gDW × hr

) for the various

O-antigen structures with growth rate set at 80% of wild type growth rate, (C) Inconsistencies
between the systems biology serogroup predictions and the strains’ annotations. The systems
biology workflow achieved a 98% accuracy. We highlight here the cases for which we observed: 1)
inconsistencies resulting from observed genotype, 2) inconsistencies likely resulting from plasmid
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the outcome matched the model-driven prediction (i.e., it is serogroup O:4).
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6.2.2 Pan-STM.v1.2 accurately predicts the serogroup of Salmonella strains.

To validate our reconstruction, we used a dataset of 663 genomic sequences covering a

range of 28 serogroups. Of those, 410 are complete (gapless) and have existing metabolic recon-

structions [12] and 253 are incomplete (more than one contig) but are experimentally serotyped

and sequenced by the same group [13]. We reconstructed or updated strain-specific networks for

all 665 strains using the approach highlighted by Seif et al. ([8]. We proceeded to predict each

strain’s capability to synthesize any of the 46 modeled O-antigen structures using flux balance

analysis (see Methods).

Serogroup predictions for 647 out of 659 were accurate, yielding an overall agreement of

98% (4 strains were not serotyped). Because of the similarity in biosynthetic pathways, strains of

serogroup O:9 and O:3,10 were predicted to be capable of synthesizing two O-antigen structures

each (O:9 and O:2, and O:1,3,19 and O:3,10, respectively). Interestingly, strain NCTC 12419

lacked wzzST which is involved in regulating the O-antigen polymer length and could not syn-

thesize short O-antigen polymers [14]. There were an additional four instances of misclassified

strains that were annotated as serogroup O:54. RfbO54 is plasmid-encoded and has been pre-

viously reported for serovar Borreze, which also harbors an inactivated chromosomal O-antigen

locus [15]. All four strains carried a genomic rfb cluster and the strain-specific models predicted

that three strains (annotated as serovar Montevideo) could synthesize O:7 while the latter strain

could synthesize O:4 (annotated as serovar Borreze). However, none of the plasmid sequences

were available for these strains, and we could not verify O:54 biosynthesis capability. Strain

GTN-01 (serogroup O:9,46) was predicted to be incapable of synthesizing any O-antigen struc-

ture. Upon further inspection, we noticed that the rfb cluster was missing 8 genes essential for

O-antigen metabolism.
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For the remaining 8 inconsistencies, we couldn’t find any of the biosynthetic genes corre-

sponding to the annotated serogroup in the O-antigen gene island. Instead, we found the intact

rfb cluster matching that of the predicted serogroup. For example, two strains, FORC 015 and

FORC 020 (annotated as serogroup O:4), were predicted to synthesize LPSO8 and LPSO6,7, and

carried complete rfbO8 and rfbO6,7 clusters, respectively. However, they both lacked all of the

rfbO4 specific genes. It is possible that rfbO4 was plasmid encoded in these strains, however we

did not have access to the corresponding plasmid sequences. Similar cases were observed for

strains CFSAN000624, ATCC 35640, RSK2980, 81-2806, SA20092095 and 1422-74 (Figure 6.2

C). We serologically tested strain CFSAN000624 experimentally, and the results agreed with the

model-driven group O:4 prediction (Table 6.1).

A total of four strains were not annotated for a serogroup in our dataset. Our strain-

specific model approach predicted: 1) S. bongori NCTC 12419 as serogroup O:66; 2) S. enterica

strain C629 as serogroup O:4; and, 3) S. enterica strain FORC 019 as O:9. We could not as-

sign a serogroup for the fourth strain, however, because of a single gene deletion of nnaD (an

O-acetyltransferase) from the O:48 gene island. We hypothesize that the strain (Salmonella

bongori strain N268-08) synthesizes a modified O:48 antigen structure with a non acetylated

L-Fucosamine residue. In general, these results show that our metabolic-model based approach

achieves high predictive accuracy while enabling a mechanistic interpretation of model predic-

tions.
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Table 6.1: Experimental serotyping assays outcome (P indicates presence of seroagglutination
and N indicates absence of seroagglutination). Abbreviations are as follows: T1 = Poly 42-
67 (81061), Salmonella; T2 = Monovalent O:4,5 (23839), Salmonella; T3 = Monovalent O:15
(48243), E. coli ; T4 = Poly A-S+Vi (73519), Salmonella

Strain Test type T1 T2 T3 T4

E. coli K-12 str. MG1655 negative

control

N N N N

S. subsp. diarizonae str. CF-

SAN044910

test P N N N

S. Stanleyville str. CF-

SAN000624

test N P N P

S. Enteritidis str. EC20100101 Positive

control

N N N P

S. Enteritidis str. SA20094177 Positive

control

N N N P

S. Bovismorbificans str. 3114 Positive

control

N N N P
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6.2.3 O-antigen glycan biosynthesis is variably shared across several Gram-

negative species

O-antigen biosynthesis is shared across Gram-negative bacteria and can be acquired

through cross-species horizontal gene transfer [5, 16]. We thus extended our workflow to other

Gram-negative genera for which highly curated GEMs exist, including Escherichia (n = 408),

Klebsiella (n = 264), Yersinia (n = 91), Shigella (n = 36), and Pseudomonas putida (n = 24).

We considered those strains for which complete genomic sequences are available on PATRIC

[12] and built strain-specific draft models of metabolism. Upon simulating O-antigen and O-

antigen precursor biosynthesis, we found that only two glycolipids are commonly synthesized

across all strains: UDP-N-acetyl-D-glucosamine and UDP-glucose. The former also serves as

a precursor to peptidoglycan biosynthesis while the latter is a precursor to colanic acid and

capsular polysaccharide biosynthesis. Similarly, the biosynthesis of dTDP-D-glucose, dTDP-4-

dehydro-6-deoxy-D-glucose, UDP-N-acetyl-D-mannosamine, and UDP-galactose was conserved

in over 97% of the strains. About 21% of E. coli strains synthesized UndPP-GalNAc while only

8.3% of Shigella and 1.5% of Salmonella could. Eleven E. coli strains were predicted to com-

pletely synthesize and assemble Salmonella O-antigens including O:35 (strains 95JB1, 95NR1,

11128, and 268-78-1), O:58 (DSM 103246), and O:6,14 (042, C4, CFSAN061770, and UMN026).

Most glycolipids (e.g., GDP-colitose, dTDP-3-acetamido-alpha-D-fucose and dTDP-3,6-dideoxy-

3-formamido-D-galactose), could only be synthesized by a reduced number of strains probably

due to their specificity to the O-antigen metabolic subsystem and to a subset of O-antigen struc-

tures. Two biosynthetic pathways (rmlABCD and manAB-gmd-fcl) were highly shared across

genera (Figure 6.3 A).

The most discriminating capability was an ability to synthesize UndPP-galactose, ADP-
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ribose, dTDP-4-dehydro-6-deoxy-L-mannose, GDP-D-mannose, and dTDP-D-rhamnose (Fig-

ure 6.3 B). ADP-ribose biosynthesis was highly conserved across Klebsiella strains (261 out

of 264), and GDP-D-mannose biosynthesis was shared across 19 out of 24 P. putida strains.

Only Salmonella strains could produce UndPP-galactose (which is the first sugar in the O-

antigen unit of multiple clinically relevant Salmonella serovars), indicating that this capabil-

ity may have developed across Salmonella strains after species diversification. In addition,

Shigella and Escherichia strains were not distinguishable, suggesting common ancestry in their

O-antigen biosynthetic module. Finally, seven glycolipids were Salmonella-specific: 1) CDP-

abequose, 2) CDP-paratose, 3) CDP-tyvelose, 4) UDP-N-acetyl-D-galactosamine, 5) UDP-N-

acetyl-alpha-D-galactosaminouronate, 6) dTDP-3-acetamido-alpha-D-fucose, and 7) dTDP-3,6-

dideoxy-3-formamido-D-galactose (Figure 6.3 C).
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Figure 6.3: O-antigen glycan biosynthesis capability across Gram-negative genera:
(A) Conservation of O glycan biosynthesis genes across genera. (B) Predicted capability to
synthesize O-antigen glycans across various genera: Escherichia, Salmonella, Yersinia, Kleb-
siella, Pseudomonas and Shigella. The most conserved features are the capability to synthesize
UDP-N-acetylglucosamine, and UDP-glucose. (C) Salmonella-specific O glycan metabolic path-
way. Abbreviations: Glc-1-P = Glucose-1-phosphate, dTDP-D-Glc = dTDP-D-Glucose, dTDP-
L-Rha = dTDP-L-Rhamnose, Fru-6-P = Fructose-6-Phosphate, D-Man-6-P = D-Mannose-6-
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6.2.4 Extending the knowledge base to over 11,000 Salmonella strains

Our systems biology approach is a bottom-up approach that is highly accurate, reliable,

and encompasses many attractive features such as the power to predict a strain’s O glycan and

the identification of the active metabolic pathways feeding into O-antigen biosynthesis in any

user-defined nutritional environment and genetic background. However, this approach relies on

high quality genomic sequences to reach its full predictive power at the strain level. Therefore, we

designed an alternative approach that bypasses this requirement to assess the full genetic diversity

across Salmonella rfb clusters. Making use of our curated and non-redundant reconstructed

metabolic network, we selected one representative rfb cluster for each serogroup and assembled

them into the “O-antigen reference database” or “rOag” (Figure 6.4). We linked our curated

annotations to all genes across rOag, resulting in a total of 372 annotated genes.

Next, we selected a subset of signature genes per serogroup which fully distinguish the

46 serogroups (including O-antigen polymerases; wzy and flippases; wzx, see Methods). We

proceeded to retrieve and quality check O-antigen gene islands for a total of 11,117 Salmonella

genomes from PATRIC and curated the metadata available to obtain the strains’ serogroup.

We found the necessary information to associate a serogroup to 5,184 strains (46.2%). We

constructed the O-antigen pangenome (panOag) by pooling together all 104,628 O-antigen genes

and clustered them into 498 orthologous groups (Methods). Using the selected signature genes, we

proceeded to predict the serogroup for all strains, and obtained 98.5% agreement. To benchmark

our approach, we ran SeqSero on our dataset [13] which yielded 98.1% agreement. There were

34 strains for which prediction discrepancies between SeqSero and panOag occurred. PanOag

and SeqSero made no predictions for 15 strains each. The failure cases for PanOag are discussed

below and may constitute a pitfall of this approach. However 14 of the 15 cases in which SeqSero
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made no predictions were predicted correctly by PanOag.
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Figure 6.4: O-antigen gene island database construction and modeling workflow
chart: O-antigen gene islands were retrieved from the PATRIC database and quality checked
[17]. An O-antigen pangenome was constructed by pooling together the O-antigen island gene
content across strains. Genes were clustered into gene families by means of sequence homology
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work. Serogroup annotations were derived from the metadata associated with each genome and
serogroup predictions were made using serogroup-specific signature orthologous groups..
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6.2.5 Gene duplication, decay, and deletion contribute to intra-serogroup ge-

netic diversity and lead to loss of function

Serogroup predictions and annotations matched well under the signature genes approach.

However, when we attempted to predict a strain’s serogroup by matching the full gene content

between O-antigen islands, our accuracy dropped to 94.2%. This drop was due to variations in

the gene content between O-antigen islands of the same serogroup. While gene order was highly

conserved, 3.2% of Salmonella strains were affected by either gene decay and/or gene deletion.

Tandem gene duplication occurred in 706 rfb clusters with serogroups O:4 and O:2 exhibiting

the highest frequency of duplications. The most commonly duplicated genes in serogroup O:2

were UTP–glucose-1-phosphate uridylyltransferase and mannosyltransferase. Gene duplication

events constitute one of the many mechanisms that drive the acquisition of new gene functions

[19], and can lead to elevated intraspecific gene expression variation [20].

Another evolutionary route after gene duplication is the decay of one of the two copies.

We found a total of 1,189 decaying genes across 612 strains (Methods), with the most highly

represented orthologous groups being wbaU (n = 182), rmlB (n = 62), ddhD (n = 60), wzx (n

= 41), manB (n = 39), and manC (n = 39), Figure 6.5 A & B. The frequency of occurrence of

at least one gene decay across serogroups ranged between 3.1% (Group O:18) to 100% (Group

O:2). Of those, 458 genes (across 392 strains) were both duplicated and exhibited gene decay in

at least one copy, of which 65 exhibited gene decay in both copies. In the latter case, the gene is

likely nonfunctional and may affect the strain’s ability to synthesize O-antigen macromolecules.

Gene deletion affected 175 strains across 20 serogroups, in which case one of the O-antigen genes

was completely missing from the O-antigen gene island. The most extreme cases featured strains

exhibiting 12 (SA20100239), 9 (CFSAN000197), and 6 (EC21020697) gene deletions in their O-
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antigen gene island (Figure 6.5 C). Notable, wzy was the only gene found between galF and gnd

in strain CFSAN000197 (serovar Bareilly). The most commonly missing functions were wbaL

(n = 74), wbaN (n = 40), and wbaU (n = 36). We hypothesize that the corresponding strains

exhibit the rough-type phenotype, in which the lipopolysaccharides produced and embedded in

the outer membrane only consist of lipid A and core oligosaccharide but lack an O-antigen.
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Figure 6.5: Sources of genetic variability in the content of rfb clusters: (A) Gene decay
across orthologous groups, (B) Tandem gene duplications. (C) Gene deletions. In these cases,
the strains likely exhibit a rough phenotype (e.g., they do not synthesize O-antigens), and (D)
gene insertions. Note that only one sample of each serogroup affected by insertions is shown
but that the rfb cluster may vary in content across the n strains (due to additional insertions,
deletions or duplications). Similarly, we only show a subset of serogroups and rfb clusters with
gene duplication and deletion events because there are too many serogroups which are affected
by these phenomena.
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6.2.6 25.3% of the orthologous groups in panOag fall outside of the ortholo-

gous groups in rOag

We found that 341 strains carried a gene family (orthologous group) in their rfb cluster

that was absent from the reference rfb cluster for that serogroup. The majority of unexpected or-

thologous groups (77.8%) were not annotated with a catalytic activity. In total, 126 orthologous

groups were not present in any of the reference clusters and were searched against the EggNOG

database for a putative functional annotation [21]. We assigned general metabolic categories to

74 orthologous groups, 22 of which were glycosyl transferases, 15 of which were transposases, and

another 15 of which were annotated with a non O-antigen related metabolic function. The rest

of the orthologous groups (n = 42) could not be assigned to any function or general metabolic

category. We observed that insertion elements (including transposases and insertion sequences)

appeared in the O-antigen locus of 184 strains spanning 7 serogroups and often resulted in the

disruption of genes involved in O-antigen biosynthesis such as acetyltransferases and glycosyl-

transferases (Figure 6.5 D). For example, all Minnesota strains (n = 16, serogroup O:21) carried

an insertion element disrupting wdaL, an acetyltransferase. Transposons flanking genes that have

yet to be annotated with a catalytic activity were distributed across other serogroups as well,

and may be the genetic basis for unknown/novel serovar variants.

6.2.7 PanOag uncovers the group O:4 B2 variant in novel serotypes as well

as an additional genotype variant for group O:4

Of the 341 strains, 184 carried at least one insertion element, with 150 of those predicted

as serogroup O:4. Transposon insertions in group O:4 occurred predominantly in the wbaV -

wbaU region. All Schwarzengrund strains (n = 103, serogroup O:4) carried three transposases,
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a 391 amino acid long oligosaccharide repeat unit polymerase (wzy), and a putative protein that

contained only 46 amino acids. O-antigen polymerases catalyze the stacking of O-antigen units

(made up of 3-8 glycans) onto a lipid carrier in the periplasm, generating specific linkages between

the O units. Polymerases vary highly in sequence across serogroups because of their specificity

to the O unit and linkage type. The polymerase sequence found across Schwarzengrund strains

was homologous to wzyO9,46,27 (that catalyzes an α1−6 linkage type instead of the α1−2 linkage

type). Strains of Bredeney (all 23), Altendorf (1), Cerro (1 out of 15), Eko (all 3), and Heidelberg

(103 out of 104) also carried wzyO9,46,27 flanked by two transposases, which were absent across

all other 3,865 strains of serogroup O:4. The group O:4 O-antigen polymerase is located outside

of the rfb cluster and shares no similarity with the polymerase identified here. We searched all of

the strains carrying wzyO9,46,27 for wzyO:4, and found it to be present in all cases. Reeves et al.

made a similar observation across strains of serovar Schwarzengrund, Schleissheim, Sloterdijk,

and Vellore, all of which were classified as group B2 variants and have the O27 epitope [22].

Epitope O27 has been identified across strains of Bredeney and Altendorf [3], and the presence

of wzyO9,46,27 is likely the corresponding genetic basis. However, the O27 epitope has yet to be

reported across strains of Cerro, Eko, and Heidelberg, despite wzyO9,46,27 being carried in the

majority of Heidelberg strains (except one). In addition to wzyO9,46,27, all three Eko strains

carried the O:3,10 acetyltransferase (wbaK ) downstream of wbaP [23], suggesting that their O-

antigen structure may be acetylated. This constitutes yet another group O:4 genetic variant,

henceforth named B3.
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6.2.8 PanOag distinguishes non-Salmonella strains and uncovers two new

Salmonella gene islands

We could not assign a serogroup annotation to 24 rfb clusters using the signature genes

based approach. Of those, 15 clusters were missing wzx and/or wzy and many exhibited multi-

gene deletion events with the most extreme cases being the rfb clusters for: 1) strain CF-

SAN000197 (serovar Bareilly) which contained only one gene (wzx ) in its O-antigen island instead

of the expected 7 genes; and 2) strain 818 (serovar Cerro) with 3 genes deleted (wzy, wbaB, and

wbaD) in addition to an acetyltransferase (wfbX ) insertion. Closer examination of the remaining

eight rfb clusters revealed that they contained multiple orthologous groups that fell outside of

rOag. To confirm that the genomic sequences really corresponded to Salmonella strains, we calcu-

lated their tetranucleotide signature correlation against the JSpecies internal reference database

[24], and found that only two of the eight strains were predicted to belong to the Salmonella

genus while the other six were identified as either Citrobacter species (n = 5) or Raoultella

species (n = 1). Disagreement between species-level classification by routine laboratory methods

and classification by genomic similarity has been previously observed to occur at a frequency of

12% [25]. In light of these results, we discarded the six sequences from further analysis.

The three remaining strains were NCTC10436 (subsp. salamae, serogroup O:44), strain

CFSAN044910 and strain SA20051472 (subsp. diarizonae, serogroup O:59). Strain NCTC10436

contained ten genes in its cluster, five of which did not fall under any of the annotated orthologous

groups including novel variants of wzx and wzy, and three novel glycosyltransferases. A BLAST

searched against the non-redundant NCBI database identified close orthologs carried by E. coli

strain ESNIH1. However, ESNIH1 did not have an annotated serogroup. We thus screened all

ten genes against the E. coli O-antigen database assembled by DebRoy et al. using pBLAST
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and found matches for all ten genes in E. coli strain G1630 (group O:18ab, Figure 6.6 A) [26].

Interestingly, the percentage of sequence homology was highest at the edges and lowest towards

the center.

The rfb cluster for strains CFSAN044910 and SA20051472 contained eight genes with only

three falling outside of the O-antigen knowledge base, including new variants of wzx, wzy, and

wbuS. We found orthologs for all genes in the E. coli strain P12b O-antigen gene island, annotated

as serovar O:15:H17 (Figure 6.6 B). However, the sequence of genes was not conserved. Instead,

the order of two syntenic blocks (wzx-wbuS-wzy and fnlA-fnlB-fnlC-wbuB-wbuC ) was flipped,

with a higher percentage sequence identity shared with fnlA-fnlB-fnlC-wbuB-wbuC than with

wzx-wbuS-wzy, suggesting that these two blocks were acquired at different times. We named these

two genotypes O:68 and O:69, respectively. We acquired and tested strain CFSAN044910 for sero

agglutination with E. coli O:15 antisera and Salmonella polyvalent O antiserum OMF (Table

6.1). Sero agglutination occurred upon O antiserum OMF exposure but not O:15 antiserum

exposure. We searched the entire genomic sequences of CFSAN044910 and SA20051472 but

found no matches for wdcF, wdcG, wdaZ, wzxO59,or wzyO59. We conclude that O:69 may have

not been expressed and that a second O-antigen island could be present in an unsequenced area

of the genome or plasmid.
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Figure 6.6: Two novel Salmonella O-antigen gene island genotypes named O:68 and
O:69 are revealed in the rfb pangenome: Three strains were found to carry novel O-antigen
gene clusters. (A) Orthologs for strain NCTC10436 were found in the rfb cluster for Escherichia
strain G1630 of serogroup O:18ab [26, 27], with the closest matches for wzx and wzy identified
in strain ESNIH1. (B) The gene content between strains CFSAN044910 and SA20051472 was
similar to E. coli P12b but the order was not conserved. The closest matches for wzx and wzy
were indentified in Buttiauxella izardii.
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6.3 Discussion

This study represents the first comprehensive attempt to elucidate the systems biology

of O-antigen biosynthesis in Gram-negative bacteria, including the construction of a knowledge

base and associated computational models. We use the knowledge base to predict strain-specific

capability to produce various O-antigen structures and O-antigen precursors in Salmonella and

over 1,400 Gram-negative strains and as a reference database to exhaustively analyze the genetic

diversity in O-antigen gene islands across Salmonella strains.

Genome-scale metabolic model driven serogroup predictions covering 665 Salmonella

strains yields 98% agreement. Failure cases in which strains carry both a genomic and a plas-

mid rfb cluster highlight one of the pitfalls of in silico approaches. We successfully validate

experimentally one out of the eight remaining inconsistencies, with the model-driven prediction

proving to be correct. The addition of the O-antigen metabolic subsystem yields a 23% increase

in metabolic gene content in pan-STM.v1.1 (Salmonella pan reactome), nearly doubling the size

of the accessory reactome of Salmonella (n = 382 reactions which are not shared across all

Salmonella strains) [8]. This result indicates that the Salmonella accessory reactome currently

underrepresents the full metabolic diversity of the species and may still increase further in size

when additional network reconstruction efforts are undertaken. Furthermore, this effort high-

lights the fact that metabolic reconstructions should no longer be restricted to a single strain of

a species. Instead, to assess the full metabolic capabilities of a species, reconstruction endeavors

should proceed at the species level, one metabolic subsystem at a time. In addition, despite

being a well studied species, our reconstruction efforts reveal knowledge gaps in Salmonella O-

antigen biosynthesis. Finally, merging O-antigen biosynthesis to central metabolism will allow

for the application of strain design approaches, and serve as a mechanistic tool for designing
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glycoconjugate based Salmonella vaccines [28].

Because the O-antigen metabolic network is converted into a mathematical format, it

is easily transferable to available genome-scale reconstructions (regardless of the species). No-

tably, not only is O-antigen biosynthesis shared across Gram-negative bacteria, but the biosyn-

thetic gene clusters are often horizontally transferred across species. We construct strain-specific

metabolic models enriched with the Salmonella O-antigen biosynthetic pathways across five other

species and simulate for both O-antigen and O-antigen precursor biosynthesis capability. Unsur-

prisingly, a subset of E. coli strains share the capability to synthesize multiple Salmonella-specific

O-antigens. The results demonstrate that O-antigen precursor biosynthesis capability can dif-

ferentiate some Gram-negative species and shed some light onto the evolutionary trajectory of

O-antigen biosynthesis, indicating that some O-antigen pathways existed before species diversi-

fication while others evolved or were acquired later. Given the ubiquity of O-antigen pathways,

we argue that O-antigen metabolism should be treated as a pan-species metabolic module.

To conduct a comprehensive study of the genetic diversity of Salmonella O-antigen gene

islands we used a comparative genomics approach. We assemble a database of O-antigen gene

islands, identify serogroup-specific orthologous groups, and predict the serogroup for over 11,000

strains of Salmonella (achieving an agreement with experimental metadata of 98.2%). The rfb

cluster database reveals extensive intra-serogroup genetic modifications with evidence of both

added and/or subtracted O-antigen metabolic functions with respect to known metabolic path-

ways. We observe novel functions (such as acetyltransferases) in strains across multiple serogroups

(including serogroup B2), and loss of function due to pseudogene formation, gene deletion or gene

disruption by insertion elements. Diversification of O-antigen structures can arise from phage

lysogenization (evidenced by insertion and transposon elements disrupting open reading frames
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in the O-antigen gene island, or by the carriage of glycosyltranferase operons causing phase vari-

ation) [3, 29]. This phenomenon results in the induction of bacteriophage resistance in E. coli

and Salmonella strains [30, 31]. Alternatively, loss of function can affect the strains’ capability

to synthesize an O-antigen. While O-antigen expression is not always necessary for the strain’s

survival, it does affect the strain’s ability to survive in some niches [32, 33]. For example, rough

Salmonella mutants lose the ability to penetrate lymph nodes, spleen, and liver and instead

colonize the intestinal tract as opposed to their isogenic counterpart [34]. In total, tandem gene

duplication, pseudogene formation, deletion, and transposon/prophage mediated insertion affect

the genetic composition of 994 rfb cluster spanning 27 serogroups.

We identify two novel Salmonella O-antigen genotypes in S. enterica subsp. Salamae

str. NCTC10436 and S. enterica subsp. Diarizonae strain CFSAN044910. Strains of subspecies

diarizonae and salamae are less often isolated and sequenced than strains of subspecies enter-

ica, suggesting that there may be other O-antigen genotypes in these and other under-studied

Salmonella subspecies that have yet to be identified. Both genotypes are found across E. coli

strains suggesting common ancestry for the O-antigen gene islands between the two species.

However, follow-up experiments reveal that one of the two genotypes is not expressed suggesting

that the gene island is inactivated as in serogroup O:54 [35].

Altogether, our results constitute the most comprehensive pangenome analysis of

Salmonella O-antigen gene islands, which comes as a result of combining the bottom-up metabolic

reconstruction approach with the top down pangenome approach. The resulting reconstructions

and databases can be used to further study different aspects of O-antigen metabolism evolution

and genotype-phenotype associations and can be combined with additional factors contributing

to structural variations of O-antigens such as the insertion of glycosyltransferase operons.
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6.4 Methods

6.4.1 Construction of a Salmonella O-antigen biosynthesis knowledgebase.

Reference rfb clusters were obtained from various literature sources and online databases,

with the priority given to those strains which were serotyped experimentally, curated with gene

annotations and sequenced by the same authors. The selected reference rfb clusters were further

curated against the reported rfb clusters by Liu et al. [2]. We henceforth refer to this collection

of curated gene islands as the reference O-antigen gene Cluster (rOag). We obtained sequences

for 46 out of 47 complete rfb clusters but only found the sequences for wbaV and wzy for

serogroup O:9,46,27 [36]. For each serogroup, we reconstructed a full O-antigen biosynthetic

pathway complete with LPS assembly and transport. While most O-antigen specific biosynthetic

genes are located within these clusters, some are present elsewhere in the genome. We used

literature review to locate and identify these genes and complete the corresponding metabolic

pathways. When the glycosyltransferase substrates were not known, the O unit assembly was

lumped into one reaction. The biosynthetic pathway for one of the glycans for group O:61 is

not fully characterized yet and was therefore left out. Two different pathways were built for

O:28ab and O:28ac (which are categorized as the same serogroup) due to significant variation in

O-antigen structure and corresponding genetic island. As part of the reconstruction process, we

corrected the annotation for 182 genes (tyv) which are actually pseudogenes. The repeat unit for

O:2 and O:9 are similar save for the presence of tyvelose in O:9 which is replaced by paratose in

O:2 due to a frameshift mutation in tyv (CDP-paratose 2-epimerase).

[14, 37]. We therefore reconstructed three pathways for each O-antigen structure, to ac-

commodate an average of three observed polymer length distributions: 1) short (15 O units), 2)
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long (25 O units), and; 3) very long (100 O units). The chemical formula for each O polymer

and downstream metabolite was calculated using mass balance analysis. We included all biosyn-

thetic pathways in one metabolic model separately (“Oag.v1”), and updated the pangenome

metabolic model of Salmonella (“pan-STM.v1.1”) with the O-antigen biosynthesis module (“pan-

STM.v1.2”). We adjusted the chemical formulae for 21 metabolites to correct for the 21 reac-

tions which were not mass balanced in the benchmark model. Metabolite charges were com-

puted using ChemAxon [38] setting the modeled pH at 7.1. We used the COBRApy package

to complete all of the steps described above [39]. To ensure that all pathways are complete, we

simulated the capability of pan-STM.v1.2 to produce each LPS structure iteratively by setting

the lower bound to the biomass function at 80% of wild type growth on M9 + glucose mini-

mal medium and the optimization objective LPS export to 1. For the synthesis of each LPS

structure, we ran flux-balance analysis using the “model.optimize()” functionality of the CO-

BRApy package to compute the relative yield of each LPS structure (Figure 6.2 B) as well as

the “cobra.flux analysis.find essential genes” to simulate gene essentiality.

6.4.2 Predicting the LPS and O glycan biosynthesis capability across

Salmonella strains.

We used three data-sets to validate and test the O-antigen biosynthesis model: 1) a

dataset of incomplete genomic sequences for which laboratory serovar annotation exists, and 2)

the dataset from [8] consisting of 410 Salmonella strain-specific models built from the analysis of

complete genomic sequences of Salmonella, and 3) 1,285 complete genomic sequences for Gram-

negative strains retrieved from PATRIC and quality checked. We retrieved genome-scale models

of metabolism (GEMs) for E. coli (iML1515) [40], Salmonella (pan-STM v1.2) [8], Yersinia
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(iPC815) [41], Pseudomonas putida (iJN1411) [42] and Klebsiella (iYL1228) [43] and updated

them with pathways from STM Oag. We subsequently built strain-specific models following

a similar workflow as in [8]. Briefly, homologous genes were identified via bi-directional best

BLAST hit between each strain and modeled genes in the corresponding reference GEM. When

a gene was not found but was essential for a reaction (e.g., did not have a modeled homolog), the

reaction was removed. Gene presence/absence was thus used to tailor the reconstructed networks

to each strain. The genomic sequences for the first data-set was quality checked for completeness

of the rfb cluster, while those of the third data-set were quality checked by excluding strains with

high ratio of unidentified nucleotide bases (> 0.5%). In this analysis we did not exclude plasmids

from homology searches. In fact, we screened the totality of Salmonella plasmid sequences (n

= 376) available on PATRIC [12] for O-antigen biosynthesis genes, but found no matches. The

biomass function of each reference model was updated to exclude O-antigen specific metabolites

(such as glycolipids). After adjusting the networks to each strain’s genetic background, models

were gap-filled such that growth on M9 + glucose minimal medium could be achieved. The

process of gap-filling consists of adding the minimum number reactions necessary to achieve

growth [44]. LPS and O-antigen glycan biosynthesis capability was tested by iteratively adding

a sink reaction for each of the 46 LPS structures and O-antigen glycans, setting the objective

function to 1, and simulating for growth (by running flux balance analysis [45]). Yield values

exceeding 0.001
mMol

gDW × hr
were considered to indicate that a strain does have the capability to

synthesize the corresponding glycolipid.
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6.4.3 Experimental serotyping assays

Strains CFSAN044910 and CFSAN000624 were acquired from the Center for Food Safety

and Applied Nutrition [46, 47]. Serotyping was performed by seroagglutination using commercial

antisera (SSI Diagnostica, Denmark), and following supplier’s instructions. Briefly, strains were

streaked onto Tryptic Soy Agar media from −800C. stocks and grown overnight at 370C. A single

colony was mixed with a drop (20µL) of antisera, for each different serum. When agglutination

was observed within the first 10 seconds after mixing, it was considered a positive result. E.

coli K-12 MG1655 was used as a negative control because it has the rough-type phenotype. S.

Enteritidis str. EC20100101, S. Enteritidis str. SA20094177, and S. Bovismorbificans str. 3114

were used as positive controls. See Table 6.1 for serotyping assay outcome.

6.4.4 Construction of an O-antigen pangenome database and rfb sequence

analysis.

We parsed the PATRIC database [12] to extract the rfb clusters cross strains spanning

the Salmonella genus. For this purpose, we searched for the two signature genes (“UTP–glucose-

1-phosphate uridylyltransferase” and “6-phosphogluconate dehydrogenase”) known to flank the

O-antigen cluster by using a keyword search of open reading frame annotated functions. Genomic

regions were selected when both keywords were located on the same contig, with less than 35

coding DNA sequences separating them. We searched a total of 15,080 genomic sequences which

yielded 11,117 rfb clusters. Next, we assembled all sequences into a pan O-antigen gene island

database (panOag) and proceeded to identify the set of non-redundant orthologous genes by

using CD-HIT (minimum sequence identity of 0.9) [48]. Briefly, CD-HIT clusters gene sequences

into orthologous groups when sequence homology meets a certain threshold. Once serogroup
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predictions were made, we proceeded to compare the gene family content of each rfb cluster

with the expected gene content for that serogroup (obtained from the curated reference genomic

islands) for deletion, duplication and insertion events. To identify decaying genes, we started by

assuming that all genes annotated in the Oag.ve and rOag are functional. Then for each annotated

gene, we searched for the sequences clustered in the same gene family with an amino acid sequence

length lower than 50% of the curated reference.When a gene family was not annotated as part of

the reference rfb annotation step, it was both searched against the non-redundant NCBI protein

database using BLASTp and run through the EggNOG functional annotation platform using the

HMMER option [21].

6.4.5 Serogroup prediction scheme

We proceeded to identify serogroup-specific signature orthologous groups from rOag. For

our starting point, we chose the O-antigen flippase (wzx ) and O-antigen polymerase (wzy) as

signature orthologous groups because their genetic sequence is highly variable across serogroups

as a result of their specificity to the O-antigen structure [13]. In fact, they generally formed

distinct orthologous groups for each serogroup. This approach alone worked to distinguish most

serogroups except for O:54, O:2, O:4, O:9, O:9,46,37, O:9,46, O:1,3,19, O:3,10 and O:67. To dis-

tinguish O:2 from O:9 strains, we identified the strains which harbor an L2A substitution in the

CDP-paratose 2-epimerase (tyv) amino acid sequence which is specific to group O:2 [49]. Simi-

larly, wbaK served to distinguish serogroup O:3,10 from O:1,3,19. Most Salmonella O-antigens

are synthesized via the Wzy dependent pathway in which an O unit is assembled in the cyto-

plasm, flipped across the periplasmic membrane via Wzx, polymerized in the periplasm via Wzy

and finally transported to the outer membrane. In contrast, the O-antigen biosynthetic pathway
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for group O:67 is ATP-binding cassette transporter dependent and therefore does involve Wzy

or Wzx [2, 50]. In this pathway, polymerization occurs in the cytoplasm and the heteropolymer

is subsequently transporter across the membrane. As such, we chose wzt as the signature gene

family for group O:67. Similarly, the O:54 O-polysaccharide is a homopolymer which Keenley-

side and Whitfield reported as being likely transported while being polymerized [15]. We chose

wbbE as the signature gene family for group O:54. We proceeded to compare our predictions

with experimental observations. The serogroup was extracted from each strain’s metadata either

through the strain’s name, its serotype, its antigenic formula or its annotated serogroup (when

available). To map strain names and serotypes to a serogroup we used the White-Kauffman-

Le Minor scheme reported by Institut Pasteur [3]. We found sufficient metadata to assign a

serogroup for 5,170 strains. After comparing our predictions with the annotations, we noticed

that a subset of strains of serogroup O:4 could initially not be distinguished from strains of

serogroup O:9,46,27 because a subset of strains also carried wzyO9,46,27. We subsequently added

abe as an additional signature gene family for group O:4 as well as a B2 and putative B3, O:68

and O:69 representative gene island in rOag. We chose strain NCTC6026 (serovar Bredeney) as

a B2 representative because its O-antigen island gene content was the most common across B2

strains, and because its genomic sequence is complete.
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Chapter 7

Developing a novel GEM

specialization tool to elucidate the

metabolic and genetic basis for

auxotrophies in Gram-negative

species.

Auxotrophies constrain the interactions of bacteria with their environment, but are often

difficult to identify. Here, we develop an algorithm (AuxoFind) using genome-scale metabolic

reconstruction to predict auxotrophies and apply it to a series of available genome sequences

of over 1,300 Gram-negative strains. We identify 54 auxotrophs along with the corresponding

metabolic and genetic basis using a pangenome approach, and highlight auxotrophies conferring
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Figure 7.1: Graphical abstract for AuxoFind workflow.

a fitness advantage in vivo. We show that the metabolic basis of auxotrophy is species-dependent

and varies with pathway structure, enzyme promiscuity, and network redundancy. Various levels

of complexity constitute the genetic basis, including: 1) deleterious SNPs, in-frame indels and

deletions; 2) single/multi-gene deletion, and; 3) movement of mobile genetic elements (includ-

ing prophages) combined with genomic rearrangements. 14 out of 19 predictions agree with

experimental evidence, with the remaining cases highlight shortcomings of sequencing, assem-

bly, annotation and reconstruction that prevent predictions of auxotrophies. We thus develop a

framework to identify the metabolic and genetic basis for auxotrophies in Gram-negatives.
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7.1 Background

Host-pathogen interactions and pathogen-microbiota interactions are dictated by the

availability of nutrients as well as the metabolic capability of each participant to transform

the nutrients into metabolic energy and biomass components. Many bacterial strains (both

commensal and pathogenic) lose the capability to synthesize essential biomass precursors and

become dependent on extracellular resources for survival despite having prototrophic ancestors.

Some auxotrophies arise as a result of the strain’s adaptation to a specific host or environment

through the formation of small scale deleterious mutations leading to gene loss [1]. For example,

a methionine requirement is common among P. aeruginosa strains isolated from cystic fibrosis

patients [2–4]; a requirement likely satisfied by the high concentration of amino acids in the

patient’s sputum [5]. Nutrient obligate pathogens are often host-associated [6], have a reduced

genome [7], and retain a fitness advantage over the free-living bacteria in their specific niche [8].

Additionally, auxotrophs dictate the carbon and energy flow as well as the stability of endosym-

biotic communities [9]. Auxotrophies have been exploited: 1) as markers for strain detection and

identification [10–12]; 2) for the elucidation of their lifestyle and microenvironment [13–17]; 3)

for the design of microbial ecosystems [18, 19]; 4) for the design of attenuated live vaccines [20,

21]; and 5) for molecular therapy and tumor targeting [22–24].

The identification of an auxotroph’s nutrient requirements experimentally is difficult,

occurs on a strain-by-strain basis, and is rarely accompanied with an identified causative genetic

or genomic lesion. Comparative genomic analyses suggest that deleterious disruption of biomass

precursor biosynthetic pathways exist in most free-living microorganisms, indicating that they

rely on cross-feeding [25]. However, it has been demonstrated that amino acid auxotrophies

are predicted incorrectly as a result of the insufficient number of known gene paralogs [26].
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Additionally, these methods rely on the identification of pathway completeness, with a 50% cutoff

used to determine auxotrophy [8]. A mechanistic approach is expected to be more appropriate and

can be achieved using genome-scale models of metabolism (GEMs) For example, requirements

can arise by means of a single deleterious mutation in a conditionally essential gene, or as a

result of a combination of deletions, in which case they would escape detection via comparative

genomics. Given the high interconnectedness of metabolic networks, finding such sets manually

is not a trivial task but can be efficiently approached computationally using GEMs.

GEMs are assembled based on genome annotation and curation of published literature

[16, 27]. They contain the most up-to-date metabolic networks linking reactions with genes

according to experimentally validated mechanisms [16, 28, 29]. Once they are converted into a

mathematical format [27, 30], flux-balance analysis [31] can be used to identify essential genes

and auxotrophies that result from gaps in the network [15, 30, 32, 33]. However, a workflow for

this purpose has yet to be formalized. Here, we develop a custom algorithm (AuxoFind) using

comparative genomics coupled with metabolic modeling to computationally predict auxotrophies

and pinpoint the corresponding genetic basis.

7.2 Results

7.2.1 AuxoFind predicts auxotrophy from genomic sequences using genome-

scale models of metabolism

As a first step towards determining strain-specific auxotrophy, we collected available cu-

rated genome-scale models of metabolism for Gram-negative bacteria from the BiGG database

[15, 30, 34–36]. We proceeded to download and quality check genomic sequences from the
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PATRIC database, (Wattam et al. 2014) including 408 Escherichia, 491 Salmonella, 91 Yersinia,

142 Pseudomonas, 267e Klebsiella, and 36 Shigella sequences (Figure 7.2, Methods). For each of

the six GEMs, one for each genus, we predicted conditionally essential genes (CEGs) for aerobic

growth on minimal medium. CEGs differ from absolutely essential genes in that their absence

can be compensated for by the addition of an extracellular nutrient. In other words, if a strain

is missing a CEG, it is auxotrophic for one or more nutrients. In contrast, a strain cannot sur-

vive without any one of its essential genes regardless of the nutritional background. We then

homology mapped all of the modelled genes to other strains within the same genus to identify

the strains which are lacking one or more CEG, and developed a custom algorithm (AuxoFind)

which predicts nutrient requirements from a list of present and absent metabolic genes using flux

balance analysis (FBA, Methods) [31]. FBA exploits the mechanistic link between enzymatic

functions and prototrophy encoded in GEMs, taking into account metabolic and genetic redun-

dancy, and using the genomic background of each strain as input. Applying AuxoFind to the

strains collected from PATRIC, we predicted a total of 58 strains to be auxotrophic for at least

one nutrient, 4 of which were subsequently selected out (see last results section). The final results

included 11 Salmonella strains, 18 Yersinia strains, 15 Escherichia strains, 5 P. putida, and 5

Klebsiella strains. The predicted auxotrophies in these 54 strains are analyzed in detail below.

7.2.2 The majority of predicted nutrient requirements were specific.

We classified the predicted nutrient auxotrophies into two categories: specific and non-

specific. Specific auxotrophies occur when the strain requires a specific nutrient to be added to

minimal medium in order to grow, while a strain with a nonspecific auxotrophy can grow when

any of a selection of nutrients is added to minimal medium. The requirement for amino acids
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Figure 7.2: AuxoFind Workflow chart: Genomic data was queried from PATRIC and quality
controlled, and nutrient auxotrophy predictions were made using genome scale metabolic models
(GEMs) coupled with a modified version of an existing algorithm [37]. Next, the genetic basis
for the absence of conditionally essential genes was manually checked to see if the CEGs fall into
(A) full operon deletion or (B) single gene deletion. The curated results were sent for in vitro
validation.

was found to be predominantly specific (Figure 7.3 A), while the requirement for nucleotides

was nonspecific (Figure 7.3 B). The specificity of amino acid auxotrophy is due to the structure

of the metabolic pathways, and the irreversibility of intermediate steps. In contrast, nucleotide

biosynthesis can be achieved via multiple routes (including purine and pyrimidine biosynthesis),

as well as nucleotide salvage and interconversion. In the latter subsystem, there are multiple

redundant pathways few of which are irreversible, resulting from the promiscuity of participat-

ing enzymes. Interestingly, the most frequent requirements were predicted for nutrients which

are central to host-pathogen interactions. For example, specific auxotrophies for branched chain

amino acids (BCAAs: L-isoleucine, L-leucine, and L-valine) were shared across eleven strains,

five of which were isolated from human samples. Intracellular levels of BCAAs play a critical

role in host-pathogen interactions, affecting both pathogenicity and immune activation [38, 39].

Similarly, L-tryptophan (n = 2) constitutes a resource over which the host and the pathogen
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compete [40], niacin (n = 5) affects the pathogen’s virulence and its detection by the immune

system [41], and tetrathionate (n = 1) is a gut inflammation by-product which is known to

provide a respiratory electron acceptor in Salmonella [42]. In total, 72% (107 out of 149) of pre-

dicted auxotrophies were specific, with some strains having multiple specific and/or nonspecific

predicted requirements. Notably, we observed a specific L-lysine requirement due to the absence

of argD across eleven Y. pestis strains, a specific biotin requirement (due to the absence of either

bioAB, fabH, or fabI ) across five E. coli strains, multiple amino acid auxotrophies in Y. ruckeri

strains, and an L-leucine requirement in three E. coli K-12 strains. To determine which strains

were closely related, we constructed phylogenetic trees from the small nucleotide polymorphism

(SNP) count from the concatenation of all core genes using ParSNP [43]. While the Y. pestis

L-lysine auxotrophs were not clustered together in a single subclade, the L-leucine E. coli aux-

otrophs, Y. ruckeri amino acid auxotrophs, and E. coli K-12 strains were. Otherwise, predicted

auxotrophs were generally spread across the phylogenetic tree with many subclades containing

only one auxotrophic strain.

7.2.3 Amino acid and vitamin auxotrophies confer a fitness advantage in vivo.

We next sought to identify the effect of metabolic requirements on the fitness of aux-

otrophic strains in their native environment. According to the black queen hypothesis (BQH)

[44], endosymbiotic bacteria lose the ability to synthesize biomass precursors de novo, when

the fitness gain obtained from genome streamlining outweighs the cost associated with loss of

metabolic capability. We thus set out to identify examples that are consistent with the BQH

by evaluating published fitness profiles for Escherichia coli (E. coli strains UTI89 and EC958)

and Salmonella enterica (S. enterica spp. enterica ser. Typhimurium strain SL1344) mutants
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A. B.

Figure 7.3:

AuxoFind predictions: (A) Nutrients for which a specific auxotrophy was predicted in at least

one strain, (B) Top 15 metabolites for which a non-specific auxotrophy was predicted. Nutrient

requirements were predicted for a total of 38 strains across Escherichia, Salmonella, Klebsiella

and Yersinia, with amino acids auxotrophies appearing with the highest frequency.

(focusing on CEGs) across various in vivo and in vitro environments (including cattle, pig and

chicken intestine, mouse spleen, human serum and bladder cell infection model) [45–49]. Briefly,

fitness profiles are derived through transposon-directed insertion-site sequencing (TRADIS), and

a fitness measure is calculated by comparing the number of reads across mutants between the
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inocula and output samples.

We posit that the BQH applies when a strain with a disrupted CEG has an increased

fitness. In this case, it is evident that the mutant’s auxotrophy is at least partially compensated

for by a favorable nutritional background. Conversely, loss of function (and therefore nutrient

dependence) resulting in reduced fitness indicates an unfavorable environment and/or insufficient

access to important metabolites. Nutrient dependence was predicted in both aerobic and anaero-

bic conditions for each transposon mutant by AuxoFind, by knocking out the disrupted gene in

silico and simulating for auxotrophy. TRADIS yields a fitness measure (log2(fold− change)) for

each mutant, which we filtered for adjusted p− value < 0.05. A total of 960 measured measure-

ments passed these thresholds. We considered the log2(fold− change))s in fitness smaller than

-1 to be detrimental and those larger than 1 to be beneficial. Only 25 CEGs yielded increased

fitness upon disruption in at least one condition, while 70 were detrimental (in ≥ 1 conditions)

(Figure 7.4). In the previous step, we predicted a requirement for each of these nutrients in at

least one wild type isolate indicating that the loss of CEGs is likely supported in vivo. At the

gene level, 5 out of 15 in E. coli and 6 out of 12 in S. enterica of the CEGs whose disruption

increased fitness were lost in one or more natural isolates (highlighted in bold in Figure 7.4).

Of note, the disruption of 2 and 5 CEGs in S. enterica and E. coli respectively, yielded

increased fitness in one condition but decreased fitness in another. For example, argH and frdD

disruption in S. enterica were beneficial in chicken intestine, but detrimental in cattle intestine.

Additionally, fitness change upon CEG disruption varied across phases of infection. For example,

the disruption of bioH in E. coli was advantageous in the intracellular bacterial communities

(IBC) phase but detrimental in later phases (dispersal and post-dispersal phase). In contrast,

leuA disruption yielded decreased fitness in the dispersal phase but increased fitness in the reversal
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and post-reversal phases. Some beneficial nutrient requirements carried over from one stage of

infection to the next. For example, L-arginine and L-cysteine auxotrophic mutants exhibited

elevated fitness in three consecutive phases including IBC, dispersal and post-dispersal phases.

In addition, a thiamin requirement was beneficial in 4 out of the 5 tested phases of infection.

Other auxotrophic mutants with increased fitness included biotin, 4-aminobenzoyl glutamate,

L-isoleucine and L-valine, L-lysine and L-leucine [49]. In an intestinal infection of cattle with S.

enterica, auxotrophic mutants with elevated fitness had a requirement for nicotinate (nadA), L-

histidine (hisBF ), L-cysteine (cysC ), L-arginine (argBH ), L-leucine (leuB), tetrathionate (frdD

only under anaerobic conditions) and L-tryptophan (trpA). Taken together, these results indicate

that these nutrient dependencies are beneficial and may trigger changes in host-pathogen or

microbiome interactions conferring the auxotrophs a selective advantage with respect to other

strains.

7.2.4 The metabolic basis for auxotrophies diverges across species as a func-

tion of their metabolic network topology and systems-level metabolic

capabilities.

A subset of genes conferred both specific and nonspecific auxotrophies, depending on the

location of the missing enzymatic function in the metabolic pathway and the species-specific

local structure of the network. For example, L-tryptophan biosynthesis can be achieved via

three different routes in Escherichia, two in Salmonella, and only one in Yersinia (Figure 7.5

A). Strains across all three genera have the capability to synthesize L-tryptophan from chorismate

(via trpABCDE ), while only Salmonella and Escherichia strains are capable of indole transport

and utilization, and only Escherichia strains can synthesize L-tryptophan via both tnaA and
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Figure 7.4: Computationally predicted CEGs that were found to result in increased
fitness in mutant screens (more than 1 log2(fold− change)), p− val < 0.05) in mutant
screens: For each condition in which the mutant fitness was tested, we list out both the nutrient
for which it is predicted to be auxotrophic and the gene which has been disrupted. The fitness
profiles were obtained from various sources in which the TRADIS workflow was applied.

trpAB pathways. As a result, loss of trpCDE confers a nonspecific auxotrophy in Escherichia

and Salmonella but a specific auxotrophy in Yersinia, while the loss of trpAB confers a specific

auxotrophy in Salmonella and Yersinia but is not conditionally essential in Escherichia. In

our dataset, both E. coli str. D6 and Y. aleksiciae str. 159 were missing the full trp operon.

However, strain D6 was predicted to be a nonspecific L-tryptophan auxotroph while strain 159

was predicted to have an L-tryptophan-specific requirement.

We observed cases in which the simultaneous supplementation of multiple nutrients was

required to support growth. The multiplicity of nutrient requirements was either caused by the

absence of multiple CEGs distributed across different pathways or by the participation of a CEG
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in multiple essential biosynthetic pathways. For example, ketol-acid reductoisomerase (ilvC ) is

essential for the biosynthesis of both L-valine and L-isoleucine. In the absence of ilvC alone,

supplementation of both L-valine and L-isoleucine is required (Figure 7.5 B). Interestingly,

ilvC, ilvD, and ilvE were lost across strains in multiple species including K. pneumoniae, S.

enterica, and E. coli. There were also cases in which only the simultaneous absence of two

or more genes (e.g., encoding isozymes) was predicted to confer an auxotrophy. For example,

K. pneumoniae strain L201 and S. enterica ser. Newport str. 0307-213 were predicted to

require L-arginine supplementation due to the absence of both acetylornithine deacetylase and

ornithine carbamoyltransferase isozyme (Figure 7.5 C). Finally, we observed instances in which

the alternative to supplementing with one nutrient was to supplement with multiple nutrients.

For example, a shikimate auxotrophy was predicted for K. G5, K. michiganensis str. RC10, and

E. fergusonii str. ATCC35469 due to the absence of 3-dehydroquinate dehydratase (aroD). If

shikimate is excluded from the set of acceptable supplementations, a requirement for multiple

nutrients (including L-tyrosine, L-tryptophan, and L-phenylalanine) is predicted, making the

shikimate requirement pseudo-specific (Figure 7.5 D).

7.2.5 Small-scale mutations constitute the genetic basis for auxotrophies in

P. aeruginosa and Shigella

Among the species studied, none of the P. aeruginosa or Shigella species in our dataset

were predicted to be auxotrophic despite extensive reports for amino acid auxotrophy across P.

aeruginosa strains isolated from cystic fibrosis patients and a predominant niacin auxotrophy in

Shigella strains [3, 13]. Instead, we found that CEGs were highly conserved. Niche adaptation

through small scale loss-of-function mutations has been observed in strains of both P. aeruginosa
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Figure 7.5: Metabolic basis for nutrient auxotrophies: (A) Specificity of L-tryptophan
requirement as a function of species-specific systems-level pathway structure. (B) Multiple si-
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L-tryptophan and L-tyrosine).
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and Shigella [50, 51]. This result emphasizes that in order to study auxotrophy development in

host-adapted strains, future efforts should expand our workflow for the prediction of bacterial

nutrient requirements (which is currently limited to the identification of genetic lesions at the

gene level) to account for smaller scale deleterious mutations. Here, we do not attempt to

predict pseudogenization events as this would constitute an effort of its own. However, for proof

of concept, we demonstrate one such analysis for the well known case of niacin auxotrophy in

Shigella, extending it to all strains in our dataset.

Causal loss of function mutations in nadB (including A28V, D218N, and G74E) and in

nadA (including W299X, P219L, C128Y, C113A, C200A, C297A, and A111V) result in a niacin

requirement in natural strains of E. coli, Shigella, and S. enterica [13, 41, 52]. We searched our

dataset for these mutations and found a total of 71 strains carrying at least one of the validated

SNPs and/or an indel or deletion of more than 10 amino acids (which are likely to result in protein

structural variations and which we assume to be deleterious) [53, 54]. The affected species were

S. flexneri, S. enterica, S. sonnei, E. coli, S. dysenteriae, S. boydii, Y. enterocolitica, Y. pestis

and Y. rohdei and the SNPs found included A111V, C128Y, and P219L (nadA), A28V, and

D218N (nadB) (Figure 7.6 A). Interestingly, subsets of deleterious mutations were restricted

to different species. For example, C128Y and A111V mutations were restricted to S. flexneri

strains, D218N and P219L were restricted to S. dysenteriae strains, and A28V was restricted

to E. coli strains. While the A111V mutation was initially described in S. enterica serovar

Dublin, we only identify it here in strains of S. flexneri [52]. Additionally, we observe sixteen S.

enterica serovar Enteritidis strains to carry large deletions in either nadA or nadB (or both in

the case of five strains). These results demonstrate that convergent evolution may have led to

loss of the nicotinate biosynthesis capability across species. That the deleterious mutations were
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maintained across descendents, indicates that a niacin requirement confers a selective advantage,

an observation which is also supported in the previous section.

7.2.6 Genomic basis of auxotrophy

Next, we proceeded to examine the genomic basis of the auxotrophies predicted from our

workflow. To assess the genetic changes at the strain level, we compared the genomic region

of each predicted auxotroph with a closely related strain (see Methods). We observed multiple

cases in which a missing CEG constituted a part of a larger deleted genomic fragment, in which

multiple syntenic operons were lost simultaneously. We found that the number of missing syntenic

genes surrounding an absent CEG varied from n = 1 to n = 251 open reading frames (ORFs)

averaging 49 genes. S. enterica str. U288 was the only strain for which the missing chromosomal

region contained only one CEG (hisD) (Figure 7.6 B). Conversely, S. enterica str. 0112-791 was

missing two genomic regions (n = 251 and n = 28 ORFs, respectively) and did not carry a total

of four CEGs.

When the conserved genes flanking the missing genomic fragment were adjacent in the

auxotroph, we classified the observed loss as a simple deletion. There were 15 cases of simple

multi-gene deletion events (Figure 7.6 C). For example, the deleted region in E. coli strains

DHB4, C3026, and DH10B consisted of 21 genes, and the genes upstream and downstream of

the deletion endpoints in E. coli MC4100 (rapA and fruR) are adjacent in the three auxotrophs.

Conversely, K. pneumoniae strain L201 is missing a total of 246 contiguous ORFs with respect

to strain L491. One deletion edge was located at position 4,943,680, marking the end of the

chromosomal genbank file, while the other was located at position 371, marking the start of the

sequence for plasmid p1-L201. We suspect that an assembly error may explain this observation.
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In the remaining instances, the genes which were located at the edges of the missing

fragment were separated by multiple ORFs in the auxotroph. Interestingly, these ORFs consti-

tuted a prophage in four auxotrophs, suggesting that insertion of viral DNA may have mediated

the deletion event (Figure 7.6 D). In particular, E. coli strain C321.δA, which is a genomically

recoded organism lacking bioAB and ybhB, carried enterobacteria phage λ (containing 15 genes,

predicted by PHAST [55]) in the deletion locus. Similarly, E. coli strain S50 (isolated from

forest soil) carried a prophage sharing three ORFs with phage Stx2 at the locus for 152 missing

contiguous genes.

A slightly more complex sequence of events affected S. enterica ser. Newport strain 0211-

109 which was isolated from a cow with gastroenteritis (Figure 7.6 E). At the locus of deletion

(consisting of 252 genes), we found an insertion sequence cluster likely conferring beta-lactam

resistance (18 ORFs, containing two copies of Class C beta-lactamase, three copies of small

multi-drug efflux transporters, and three copies of mobile element proteins). The auxotroph also

carried a DNA internalization-related competence protein ComEC /Rec2 (involved in binding and

uptake of transforming DNA) directly upstream of the insertion sequence cluster. Notably, the

deletion region (spanning genes between pepN and potA) was located immediately downstream

of prophage gifsy 2 (with 56 ORFs) in a close relative (strain 0112-791), but was relocated

elsewhere in strain 0211-109. We hypothesize that genomic rearrangement was caused by the

inserted cluster of genes. Similarly, 14 genes are deleted in E. coli strain RR1 (a derivative of

K-12), including proA and proB, and nine genes upstream of the deleted fragment (including

three transposases) are redistributed across the genome. At the locus of deletion, RR1 carries

multiple repeat regions denoting that transposition may have occurred. In E. coli strain HST04,

the genes flanking the deletion region (pepD and ykfl) are located 2,251 ORFs apart, with an
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insertion sequence cluster consisting of 16 ORFs located downstream of pepD. Insertion elements

can promote the rearrangement of bacterial genomes [56].

Finally, we observed four instances in which the predicted auxotrophs corresponded to

species for which there was only one representative genome in our dataset. For example, Y.

frederiksenii carries pdxT and gadCB between yjjG and lpp, while Y. kristensenii (which shares

the largest number of gene families) carries a hypothetical protein ilvNB (involved in L-isoleucine

biosynthesis). The absence of conditionally essential genes in these cases are likely a result of

evolutionary events occurring after speciation (Figure 7.6 F), and a larger number of pertinent

genomic sequences would be necessary to retrace the evolutionary history of these chromosomal

regions.

Genome streamlining is often associated with niche adaptation and evolution towards

symbiosis, and massive gene losses can occur on a small evolutionary timescale as a result of

population bottlenecks [57]. We asked whether the predicted auxotrophs had a reduced genomic

sequence length with respect to other strains of the same genus. For each genus, we collected

the strains’ sequence length and fit the observed distribution to a generalized extreme value

distribution using the block maxima approach. We calculated the probability of a genome length

to be less than or equal to each value in our dataset, and found that a total of 41 strains fell under

a probability of 5%. Of those, six were predicted auxotrophs (including K. michiganensis strain

RC10, K. pneumoniae strains KP11 and yzusk-4, K. G5, S. enterica str. 0112-791, and S. enterica

str. 9-65), further supporting the hypothesis that these strains have developed auxotrophy as a

result of niche adaptation.
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Figure 7.6: The genetic basis for nutrient auxotrophy span various levels of com-
plexity: (A) Niacin auxotrophy due to known loss-of-function mutations in nadA and nadB as
well as large in-frame deletions/insertions (> 30 amino acids). (B) Single gene deletion of hisD
in S. enterica strain T000240. (C) Simple multi-gene deletion with rejoining of deletion edges.
(D) Phage insertion and phage-mediated multi-gene deletion. (E) Multi-gene deletion coupled
with homologous recombination mediated by prophages and insertion sequences. (F) Divergent
and ancient evolutionary trajectory across species.

7.2.7 Experimental validation of auxotrophies highlight technological short-

comings at multiple levels

We proceeded to validate our predictions experimentally by evaluating growth require-

ments of the predicted auxotrophs. We were able to obtain six E. coli [58–61], three Yersinia,

three Salmonella, three Shigella [Kim2018-wi, 62] and one Klebsiella strain (Figure 7.7). Out

of 16 strains that we experimentally tested, eight (4 E. coli, 2 Y. ruckeri, 1 S. flexneri, and 1
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S. sonnei) grew only when glucose + M9 media was supplemented with the predicted essential

nutrient(s). The confirmed auxotrophies included: 1) an L-proline requirement in E. coli strain

HST04; 2) an L-leucine requirement in E. coli strains DHB4 and DH10B; 3) a niacin requirement

in E. coli strain SF-173, S. flexneri strain 2457T and S. sonnei strain 2015C-3794; and 4) an L-

valine, L-isoleucine, and L-arginine requirement in Yersinia ruckeri strains YRB and NHV 3758

. In addition, we found literature evidence for a biotin requirement in E. coli strain C321.∆A and

its two genomically recoded derivatives (CP006698.1, CP010455.1, and CP010456.1) (Wannier

et al. 2018). Three predicted auxotrophs could neither grow in minimal medium nor in minimal

medium supplemented with the corresponding predicted nutrient. For example, E. coli strain

RR1 is a predicted L-proline auxotroph, S. dysenteriae strain BU53M1 is a predicted niacin

auxotroph and Y. aleksiciae strain 159 was predicted to have multiple auxotrophies. However,

neither exhibited any growth upon supplementation suggesting that they may have additional

nutrient requirements.

Notably, we tested growth of two Y. ruckeri strains on a reduced chemically defined

medium. While there is no precedent for such an effort for this species, a chemically de-

fined medium was nonetheless derived for multiple clinical Y. enterocolitica (which included

L-methionine, L-glutamate, glycine, and L-histidine) [63], and another for Y. pestis strains (with

twelve amino acids, three vitamins, and citrate) [64, 65]. Our strain-specific models predicted an

auxotrophy for six amino acids: L-phenylalanine, L-methionine, L-cysteine, L-arginine, L-valine,

and L-proline, with the first three carrying over from the reference reconstruction for Y. pestis

strain CO92. However, the supplementation of M9 with all six nutrients alone could not support

growth unless R-pantothenate was also added. This result came as a surprise since both strains

seem to carry an intact R-pantothenate biosynthetic pathway. Consequently, we found severe
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growth limitations to arise in both strains in the absence of L-methionine, R-pantothenate, and

L-isoleucine, with intermediate growth obtained in the absence of L-valine, L-cysteine, or L-

arginine. These validated modeling predictions confirm that the approach suggested by D’Souza

et. al may miss a few cases due to conservative thresholding.

Follow-up analyses and experiments highlighted links between the remaining 4 erroneous

predictions and technological shortcomings at multiple levels, including: 1) wrong sequence an-

notation (which was corrected by running BLASTn directly on the assembly, S. enterica strains

EC20100101, and SA20094177); 2) localized low sequencing quality (identified by gene-specific

primers, K. pneumoniae strain KP11); 3) erroneous assemblies (verified through manual anal-

ysis of the deletion regions and PCR primers, strain 3114); 4) truncated assembly with genes

missing at the origin of sequencing (e.g., verified through manual analysis of the deletion regions

and PCR primers, S. enterica ser. Bovismorbificans strain 3114; and 5) potential reconstruction

knowledge gaps (experimental trial and error and intermediate growth observed for Y. ruckeri

strains). In particular, while strain 3114 had a high quality assembly, genes that should have

been located near the origin of sequencing were absent, and could only be found via PCR. As

a result of these observations, we subsequently added two quality control checks consisting of a

search for the missing CEG in the assembly file via BLASTn, as well as the presence of potential

paralogs.

7.3 Discussion

In this study, we devise an algorithmic approach which bypasses user-defined threshold

and pathway definitions using reconstructed genome-scale networks of metabolism and 1,305

QC/QAed publicly available complete genomic sequences to: 1) computationally predict nutri-
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ent auxotrophies; 2) identify the corresponding metabolic basis; and, 3) explore the underlying

genetic basis. We further verify 16 of our predictions experimentally and identify the basis for

inconsistencies between predictions and observations.

We predict auxotrophies for several amino acids, nucleotides, and vitamins, distinguishing

specific from nonspecific nutrient dependencies. Surprisingly, only 38% of predicted auxotrophies

were nonspecific. Nonspecific auxotrophs should have a more relaxed flexibility in their ability

to grow across nutritional environments with respect to specific auxotrophs while still relying

on external nutrient sources. However, such a view does not take into account the strain’s

phylogeny which indicates that the strain’s ancestor was prototrophic, and that auxotrophy

likely developed as a result of selection pressure directed towards the utilization of a key nutrient

in its immediate niche. Indeed, we predict specific auxotrophies for multiple nutrients previously

shown to be involved in host-pathogen interactions (including BCAAs, L-tryptophan, niacin, and

tetrathionate) [38, 41, 42, 66], or which seem to provide a fitness advantage in various niches

in vivo (including L-histidine, L-cysteine/tetrathionate, L-tryptophan, niacin, L-glutamine, L-

arginine, and L-leucine). These results corroborate the black queen hypothesis, suggesting either

that the nutrients are readily available in vivo, or that the strains have a mechanism for their

extraction ultimately giving them an advantage over their isogenic prototroph.

We found that the metabolic basis (including specificity/nonspecificity and multiplicity)

of auxotrophies depends on: 1) the entire structure of the metabolic pathway; 2) the promiscuity

of a protein’s enzymatic activity; and, 3) functional or pathway redundancy, and therefore varied

in a strain-specific fashion. Conditionally essential genes carrying out the same function in two

different strains can confer a specific auxotrophy in one species but a nonspecific auxotrophy

in the other. Additionally, two CEGs participating in the same biosynthetic pathways confer
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different simulated specificity upon deletion, depending on the position of alternative pathways

with respect to that of the CEG. We therefore suggest that selective pressures for auxotrophy

development leading to loss of function may affect paralogs differently across strains and vary

across CEGs participating in the same pathway as a function of a strain’s full reactome.

We observed a continuity in the complexity of the genetic basis for auxotrophy ranging

from single nucleotide polymorphism causing a loss of function mutation, to large multi-gene and

multi-operon deletions coupled with extensive homologous recombination events. Interestingly,

the only case of single gene deletion event affected hisD, a gene which was observed to have the

largest number of alleles in a pangenome analysis of E. coli strains [36]. There were multiple

instances in which the loss of CEGs was likely mediated and/or accompanied by prophage inser-

tion and/or insertion sequence movement across the genome, with one strain losing four CEGs

due to the insertion of a cluster of genes conferring beta-lactam resistance. In particular, 6 of

the 54 predicted auxotrophs had significantly smaller genomes, suggesting that they are niche

adapted; this is indeed the case for both S. enterica serovar Newport strain 0112-791 and serovar

Paratyphi A strain 9-65. Overall, auxotrophies arising from large scale deletions (one or more

ORFs) are rare (3.8%) in our dataset. They can be reversed under the right conditions when

their genetic basis constitutes small variations such as SNPs [67]. However, major events such as

full gene deletion and full operon removal are permanent and likely highly constrain the strain’s

colonization space and bacterial social network.

Finally, we experimentally verified our predictions for nutrient requirements in sixteen

strains and observed that eleven strains were auxotrophs, but that minimal media could support

growth of five mutants. The latter strains served to highlight technological shortcomings at

multiple levels. The challenges behind calling genes/functions absent from a genomic sequence
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became apparent, and the identification of deletions/missing genes is hampered, even in complete

sequences, by: 1) uneven sequencing quality across the genome, 2) incorrect genome assembly,

and; 3) erroneous genome annotation. We observed that pangenome alignment (at the ORF

level) of closely related prototrophs can be used to overcome these technological shortcomings

distinguish between true and false positives. Both knowledge gaps in amino acid biosynthesis of Y.

ruckeri, and the presence of unknown in-frame loss of function mutations affecting three strains,

constituted additional sources of inconsistency between in silico predictions and experimental

observations. These contradictions generate testable hypotheses for follow-up studies [68].

Altogether, our results constitute the most comprehensive systems biology effort aimed

at predicting and understanding nutrient auxotrophies using mechanistic models of metabolism.

The approach developed can be applied to quickly and systematically predict nutrient require-

ments from genomic sequences.

7.4 Methods

7.4.1 Data collection and QC/QA

We downloaded 1,631 complete genomic sequences from the PATRIC database [69]. Our

dataset incorporated 2 species of Salmonella (S. enterica - n = 372 and S. bongori - n = 4),

3 species of Escherichia (E. coli - n = 402, E. albertii - n = 2 and E. fergusonii - n = 2), 9

species of Klebsiella (most prominently K. pneumoniae - n = 214 and K. oxytoca, n = 19), 2

species of Pseudomonas (P. aeruginosa - n = 116, P. putida - n = 23), 12 species of Yersinia

(most prominently Y. pestis - n = 38, Y. enterocolitica - n = 23 and Y. pseudotuberculosis -

n = 13) and 5 species of Shigella (S. flexneri - n = 18, S. sonnei - n = 10, S. boydii - n =
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8, S.dysenteriae - n = 3). As a first step, we ran a quality control assessment to identify the

sequences with poor assembly quality using the percentage of unassigned nucleotide sequences

(PUN) and the number of coding DNA sequences as a proxy for sequencing and assembly quality.

For each genus, we calculated the average and standard deviation of the annotated number of

coding DNA sequences (CDSs) per genome. We excluded the genomes which carried 2,000 fewer

or more annotated CDSs than the average number of CDSs/genome for the corresponding genus.

As a result, 5 Salmonella, 7 Escherichia and 1 Shigella strains were excluded. Next, we calculated

the PUN for each sequence as the ratio between the number of unassigned bases (listed as ‘N’)

over the total number of nucleotide bases and filtered out the sequences with a PUN larger than

0.5%. In this step, we discarded 121 genomic sequences (including 114 Salmonella, 2 E. coli,

1 Yersinia, 1 Klebsiella and 3 P. aeruginosa strains). In total, we excluded 130 out of 1,631

sequences from further analysis (note that some strains failed more than one quality control

test).

7.4.2 Prediction of conditionally essential genes

We first collected genome scale metabolic models (GEMs) for Escherichia and Shigella

(iML1515) [36], Salmonella (pan-STM v1.1) [15], Yersinia (iPC815) [70], Pseudomona putida

(iJN1411) [71], Klebsiella (iYL1228) [72] and Pseudomonas aeruginosa (iPAU1129) [73]. The

growth of all GEMs was simulated in M9+glucose minimal medium under aerobic condi-

tions except for iPC815 which required supplementation with L-phenylalanine, L-methionine

and L-cysteine to simulate growth. Gene essentiality was then determined using the co-

bra.flux analysis.single gene deletion command from the COBRApy package [74]. A gene was

deemed to be essential when its knockout resulted in a maximal growth of less than 0.001hr−1 or
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when the solution status was not optimal. We proceeded to identify the conditionally essential

genes by allowing for the exchange of all modeled extracellular nutrients and predicting gene

essentiality under the simulated rich medium condition. The set of conditionally essential genes

were extracted by subtracting the predicted set of essential genes in rich medium from the set

of predicted essential genes in minimal medium. A similar methodology was followed to identify

CEGs in anaerobic conditions in which case the uptake of glucose was blocked (by setting the

lower bound to the corresponding exchange reaction to 0).

7.4.3 Comparative genomics to identify missing CEGs

A reference sequence for each genus was chosen based on the availability of high quality

GEMs; iML1515 models E.coli K12 strain MG1655 (PATRIC accession number: 511145.12),

STM v1.0 models Salmonella Typhimurium strain LT2, iPC815 models Y. Pestis strain CO92,

iJN1411 models P. putida strain KT2440, iYL1228 models Klebsiella strain MGH 78578 and

iPAU1129 models P. aeruginosa strain PA14. In each strain, we searched for homologous se-

quences which matched the modelled metabolic genes in the reference strain by running a bi-

directional best BLASTp hit (PID > 70 and e− value < 0.0001) [75]. Whenever a homologous

sequence was found for a gene in a given strain’s genome, we assumed that it was functional (i.e.,

we did not account for pseudogenization events). We made this rigorous assumption to decrease

the false positive rate of gene absence calling. During the first iteration of this workflow, we

manually checked the locus of each of the missing essential genes across all relevant strains to

adjust the best bi-directional BLAST hit percent ID threshold (which was initially set at 80%).

Care was taken to list out the cases where we found paralogs to a gene function by checking

the genome annotation. Interestingly, these paralogs were not sequence homologs. As a result
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of running the first set of experimental validations, we realized that gene absence calling was

hampered by incorrect assembly and/or genome annotation. To amend this issue, we first man-

ually checked the missing gene’s locus in the strain of interest by using the genome browser of

the PATRIC database [69]. Having located a few cases in which a gene is likely to be present

but was not called by the annotation platform, we subsequently ran BLASTn directly on the

assembly.

7.4.4 Prediction of auxotrophy (AuxoFind)

We wrote a custom optimization algorithm (AuxoFind) by modifying an existing algo-

rithm which was initially developed for the purpose of predicting missing reactions in a GEM

that would reconcile in silico predictions with in vitro observations [37]. Instead of minimizing

the number of reactions that need to be added to a network to achieve growth, we minimized the

number of reactions allowing the free influx of extracellular metabolites that were not contained

in the minimal medium when a set of genes were removed. To support our results, we analyzed

the shadow prices for extracellular metabolites, which indicate the sensitivity of the predicted

growth to their quantity [76]. We found that both methods led to similar predictions but that

complex auxotrophic profiles (such as the simultaneous dependence on multiple nutrients) could

not be captured using shadow prices alone. In addition, AuxoFind can predict alternative

solutions, and sub-optimal solutions.

The absence of a CEG in a strain’s genome may indicate a nutrient auxotrophy. In

the previous step, we identified the missing CEGs across all strains. For each CEG, we iden-

tified the metabolic reactions which cannot occur if it is absent by we applying the command

“cobra.manipulation.find gene knockout reactions” available in the COBRApy package [74]. We
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subsequently blocked the identified reactions by setting the corresponding upper and lower bound

to 0. To identify the necessary supplementations needed to rescue growth, we changed the ob-

jective of the optimization problem to minimize the number of additional constraints on nutrient

exchanges to relax (excluding those that allow the uptake of nutrients available in M9+glucose

minimal medium). In other words, we searched for the minimal number of extracellular nutrients

needed to rescue growth of the mutant GEM.

We set the lower bound for the biomass function to 50% of the simulated value for

wild type growth and the mixed integer linear programming solver configuration feasibility tol-

erance to 10−9. We subsequently extract the stored solutions from the optimization Gurobi’s

“solver.problem.SolCount” and used the single search tree method to expose all possible epsilon-

optimal alternative solutions using Gurobi’s PoolSearchMode [77]. We lowered the solver con-

figuration feasibility tolerance because with the default settings, metabolite requirements for

biomass precursors with low objective coefficient could not initially be predicted. The resulting

nutrient supplementations predicted by the modified optimization problem were added to in sil-

ico medium for the mutant GEMs to verify that in silico growth could be achieved. We filtered

the results in which the predicted requirement was for membrane precursors (such as glycolipids)

because the predicted requirement is likely caused by the fact that the strain produces different

biomass components (e.g. structural variation of the O-antigen across Gram-negatives).

7.4.5 AuxoFind algorithm

Input : list of missing CEGs, list of extracellular nutrients to choose from for supplemen-

tation Step 1. For each CEG, find and knock-out the relevant reactions

Step 2. Set the lower bound to all exchange reactions to −10
mMol

gDW × hr
.
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Step 3. Solve the MILP:

min
∑
∀j∈R1

yj

Subject to∑
∀i∈M,∀k∈R

Sik ∗ vk

yk × LBj ≤ vk,

vbiomass = 0.5× µmax,WT

yj ∈ (0, 1),

R1 ∈ Reaction excluding minimal medium exchanges,

M ∈Metabolites,

R ∈ reactions

Output : Set of alternative nutrient supplementation sets that can rescue growth.

7.4.6 Examination of the genetic basis

To identify the genetic basis for auxotrophy across strains, we analyzed the chromosomal

region surrounding the missing genes. We identified the closest prototroph by computing a

pangenome based distance matrix. For this purpose, we constructed a pangenome for each

genus by pooling together the coding DNA sequences annotated across all strains. We then

clustered all annotated genes into orthologous groups using CD-HIT [78]. Next, we calculated
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the euclidean distance between strains using the presence and absence of orthologous groups. For

each auxotroph, we selected the prototroph which yielded the lowest score (i.e. with the largest

number of shared gene families). After locating the missing CEG in the prototroph, we searched

for homologs of the upstream and downstream syntenic genes in the auxotroph. If we couldn’t

find any, we proceeded to the next set of neighboring genes. This process was repeated until a

homologous sequence was found on either side.

7.4.7 Experimental validation

The bacterial strains used in this study (generously provided by multiple principal in-

vestigators) for experimental validation are listed in Table 1 in [79]. Cells were grown in 3 mL

Luria Bertani broth overnight at 370C, and pelleted at 8,000 rpm for 5 minutes. They were

then washed in M9 minimal media (with no added carbon source) a total of 3 times and pelleted

again at 8,000 rpm for 5 minutes. They were resuspended in 1 mL of M9 minimal media (with

no added carbon source). We inoculated the culture in the corresponding media conditions to

a starting optical density (OD600) of 0.05. Along with the medium condition tested, all strains

were grown on M9 + 2 mM D-glucose minimal medium (as a positive control) and LB medium

(as a negative control). We also added (when possible) E. coli mutants from the Keio collection

as another positive control. Growth was monitored by optical density absorbance at 600 nm

(OD600) measurements in a Bioscreen C Reader system for the duration of 40 hours. For the

results which did not agree with experimental observations, we designed both strain-specific and

gene-specific PCR primers using Primer3 [80], and verified them using Primer-BLAST [81].
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Pseudogenes 
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nadA 

(A111V) Niacin √ - 

S. sonnei 2015C-
3794 

nadA 
(Deletion (bp 

= 31)) 
Niacin √ - 

S. dysenteriae strain 
BU53M1 

nadA 
(P219L) Niacin √* Additional 

auxotrophies 

Single gene 
loss 

K. pneumoniae 
strain KP11 argI,purA Arginine AND 

Adenine × 
Gene found 
through PCR 

primer 
Y. ruckeri strain 

NHV_3758 argG Arginine √ - 

Y. ruckeri YRB argG Arginine √ - 

Partial 
operon loss 

K. pneumoniae 
strain KP11 pyrI,pyrB Orotate C5H3N2O4 × 

Gene found 
through PCR 

primer 
Y. ruckeri strain 

NHV_3758 
ilvB, 

YPO4089 
L-Valine AND L-

Isoleucine √ - 
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L-Valine AND L-
Isoleucine √ - 

Y. aleksiciae strain 
159 pyrF, prsA 

Cytosine AND 
Cytidine AND 

Deoxyinosine AND 
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√* Additional 
auxotrophies 

S. enterica serovar 
Enteritidis str. 
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Gene found 
through PCR 

primer 
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loss 
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E. coli K-12 strain K-
12 DHB4 leuACD L-Leucine √ - 
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substr. DH10B leuACD L-Leucine √ - 

E. coli strain HST04 proAB L-proline √ - 

E. coli strain RR1 proAB L-proline √* Additional 
auxotrophies - 

Y. aleksiciae strain 
159 
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Figure 7.7: Results of experimental validations for nutrient requirements across 13
Gram-negative strains and outcome of follow-up experiments and analysis for failure
cases: These strains couldn’t grow upon predicted nutrient supplementation suggesting that they
have additional nutrient requirements.
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Chapter 8

Pan genome analytics elucidate novel

hallmarks of long term colonization

of the cystic fibrosis lungs in S.

aureus and P. aeruginosa

Little is known about whether and how the composition of the pan genome changes as a

result of long term colonization. Here, we examine the pan genome of two well known examples of

species that persist in the lungs of cystic fibrosis (CF) patients: P. aeruginosa and S. aureus. We

pursue a two-pronged approach in which we first evaluate the chronological fluctuations in the

pan genome and pan allelome of longitudinally collected isolates, and proceed to contextualize

our findings by comparing the pan genome of CF isolates with that of non-CF lung isolates of the

same species. Our analyses reveal that: 1) the pan allelome of P. aeruginosa lineages varies as a
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Figure 8.1: Cartoon of S. aureus and P. aeruginosa, courtesy of Mike Essa.

function of time and is characterized by a positive rate of expansion; 2) S. aureus strains isolated

from CF patients show signs of genome reduction, a shift in background substitution bias and

a genome wide increase in allelic variation leading to an expanded pan allelome, and ; 3) CF

strains of P. aeruginosa have a reduced core and accessory genome mediated by horizontal gene

transfer events. Our study uncovers for the first time the effects of long-term colonization from

the pan genome perspective, demonstrating how small effects are amplified when populations of

cells instead of single lineages are taken into consideration.
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8.1 Background

Cystic fibrosis is a genetic disorder caused by autosomal recessive inheritance of mutations

in the transmembrane conductance regulator gene (CFTR) situated in the apical membrane

of epithelial cells [1]. CFTRs are involved in regulating solute transport (including sodium,

potassium and chloride channels), vesicle trafficking and epithelial inflammation. When the

function of CFTRs is compromised, a thick layer of dehydrated mucus accumulates in the airways

impairing the innate immune response [2], creating a niche for opportunistic pathogens, hindering

mucociliary clearance of pathogens and resulting in a hyperinflammatory immune response [3].

As a result, the lung tissue is scarred and pulmonary functions are impaired. The most prominent

bacterial pathogens causing airway infection include P. aeruginosa and S. aureus, with 53% of

children with CF showing positive P. aeruginosa cultures by the age of 5 [4].

Both P. aeruginosa and S. aureus are facultative anaerobes and are capable of growing

in the hypoxic-like conditions of the luminal mucus. P. aeruginosa is an opportunistic Gram-

negative bacterium and is a leading cause of morbidity and mortality in CF patients. At the

time of acquisition, P. aeruginosa strains show a non-mucoid phenotype and are susceptible to

antibiotics. Infection is initially intermittent but proceeds to become chronic and persistent.

Strains are exposed to harsh environmental stressors including antibiotics, nutritional, oxidative

and osmotic stress in the dehydrated viscous mucus, immune attack and competition with the

microflora. Adapted lineages exhibit mucoidy mediated by constitutive alginate production,

antibiotic resistance, biofilm formation and hypermutability [5, 6].

S. aureus is a commensal Gram-positive pathogen which commonly colonizes 70% of

neonates and 30% of adults [7]. Its exact role in respiratory exacerbation of CF patients re-

mains unclear due to the difficulty in distinguishing true infections from commensal colonisation.
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However, thymidine auxotrophic small colony variations emerge during chronic persistence in

the CF lung environment, with biofilm formation, antibiotic resistance, hypermutability and

downregulation of virulence genes counting as additional adaptive mechanisms [8].

Both S. aureus and P. aeruginosa strains that infect patients with cystic fibrosis are

heterogenous. Intraspecific genetic variability between strains of a species is the topic of pan

genome analytics. Namely, a pan genome consists of all genes found across a set of strains

(usually belonging to a phylogenetic group) and can be subdivided into the core genome (i.e.

genes that are shared by all strains), and the “dispensable” genome (i.e. genes which are share

by some but not all strains). The ratio of core genome to dispensable genome is highly divergent

between prokaryotic species with some species manifesting low gene content variation calling into

question whether the pan genome plays a role in bacterial evolution [9, 10]. In this study, we

examine the effect of long term colonization on pan genome characteristics of lower respiratory

tract isolates.
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8.2 Results

8.2.1 The accessory genome of longitudinal isolates is conserved over time.

To identify whether variations in the accessory genome occur during CF lung colonization,

we assembled a compendium of sequences derived from longitudinal sets of strains. We reasoned

that if fluctuations in the pan genome composition occur, they should manifest over the course

of long periods of colonization. We collected longitudinal sets of P. aeruginosa and S. aureus

isolates from a total of 16 and 43 patients (across 3 studies each), respectively. On average, 1.8

P. aeruginosa and 1.1 S. aureus multi-locus sequence types (MLSTs) were detected per patient,

highlighting that a subset of patients were co-infected with multiple lineages. As a first step, we

tracked the fluctuations in coding DNA sequences across time (Figure 8.2 A), by comparing the

gene content of strains when they were collected from the same patient over three or more time

points and corresponded to the same MLST. We counted the number of novel genes discovered

(i.e., appearing in a later isolate and absent in the first strain that was collected) and the number

of genes “lost” (i.e., present in the first isolate but absent in a strain isolated at a later time

point) for each time point at which a strain was isolated and sequenced. Our compendium of

strains showed highly divergent patient-specific gene fluctuation trends. The fluctuation patterns

revealed that novel gene discovery and gene loss occurred on similar scales. In addition, the

majority of trajectories corresponding to S. aureus isolates hit a plateau within a year, while

gene gain and loss in P. aeruginosa gradually seemed to increase over time. Interestingly, six

(out of 16) P. aeruginosa strains and nine (out of 43) S. aureus strains stood out as having a

genome size that decreased over time (Pearson R < −0.8). In particular, the P. aeruginosa strain

which was tracked for the largest number of years (13 years, [11]), showed the largest reduction
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in genome size (5.7%, 37 kB).

To assess whether gene fluctuations vary with respect to the length of time a strain

colonizes a patient, we plotted the averaged number of novel gene discovery and loss as a function

of time between strain isolation. Our plot showed that the number of genes discovered/lost

between two isolates hovers around 37 ± 18 genes during the first 7 years of P. aeruginosa

colonization and 16 ± 12 genes during the first 4.1 years of S. aureus colonization. Specifically,

the rate of gene discovery/loss is close to null in both species indicating that the gene content

of strains remains fixed over time, and that gene fluctuations are driven by the presence of co-

infecting sub-lineages. Beyond 7 years however, the rate of gene loss increases significantly in P.

aeruginosa, while the gene discovery rate remains close to zero. However, the differences observed

in this case are based on only two longitudinal sets (one of which underwent genome reduction),

and may therefore not be truly representative of long-term CF colonization.

8.2.2 The accessory allelome of longitudinal isolates expands over time

Next, we tracked the fluctuations in allele composition. Here, we restricted our analysis

to alleles corresponding to “conserved genes”, i.e. genes which are detected across all strains

of a longitudinal set. Our data showed that the number of novel alleles observed generally

increased over time in both species (Figure 8.2 B). We observed an exception to this trend for the

curves corresponding to patient Bianconi-1 [12], in which the number of novel alleles discovered

increased exponentially during the first year, stagnated and subsequently exhibited two steep

ascents at 4.1 years and at 6 years. Interestingly, strains of this set gradually accumulated

novel alleles of DNA mismatch repair with jumps in the accessory allelome (alleles which are

not shared across all strains of a longitudinal set) occurring concurrently with the appearance
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Figure 8.2: Accessory genome and allelome profile of longitudinal isolates: (A) Acces-
sory genome variations. The top plots represent the size of the number of novel genes discovered
(black) and the number of gene loss (grey) as a function of years of colonization. “Novel genes”
are genes which appear in strains isolated at later time points and which were absent in the
first isolate. Conversely, “Lost genes” are genes which were detected in the starting isolate but
are lost in later isolates. Each data point represents a genomic sequence, and lines correspond
to sequences of strains isolated from the same patient and corresponding to the same sequence
type. The lower plots show the amplitude of novel gene discovery and loss as a function of years
between strain isolation. For example, when examining the sequence of two isolates obtained
from the same patient 0, 2 or 4 years apart, we observe an average of 37± 18 novel genes in the
strain isolated at the later time point. (B) Accessory allelome variations. In this plot, we restrict
our analysis to genes which are conserved across strains of the same longitudinal set. Protein
variants corresponding to core genes are then tracked as a function of years of colonization. The
number of allele loss is tracked in grey, the number of novel alleles detected is tracked in black.
The y axis represents the total number of novel alleles detected with respect to the number of core
genes being analyzed. The lower plots display the count of “allele losses” and “allele discovery”
as a function of time separating two strain isolations.

of novel alleles of DNA mismatch repair genes, indicating that this strain is a hypermutator.

For example, 8 isolates from patient Bianconi-1 were collected during the first year, and they

carried a total of 5, 3 and 2 variants of mutS, mutL and mutM. Concurrently, the accessory

allelome steadily increased to a total of 5,156 alleles that were variably shared across the eight

sequential isolates. A 6th mutS and a 4th mutL allele appeared on the 4th year when the second

jump in accessory genome occurred, and a 7th mutS and a 2nd mutM allele appearing by the 6th
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year, culminating in 7, 6, 4 and 3 distinct alleles of mutS, mutM, mutL and mutY observed by

the 7th year. Of the 5,573 conserved genes, only 2,094 (37.5%) were represented by one variant

(i.e., core allelome) each across the 21 longitudinal isolates obtained over the course of 8 years,

indicating that mutations were distributed unequally across the genome. The remaining 62.5%

of conserved genes were represented by an average of 3.92 variants. Another longitudinal set

of S. aureus isolates corresponding to Patient192 also showed a hypermutator profile, with a

similar accumulation in DNA mismatch and repair genes. We proceeded to plot the amplitude

of allele discovery and disappearance as a function of time separating strain isolation events. In

contrast to gene fluctuations (which were constant), the number of alleles differing between two

P. aeruginosa isolates obtained from the same patient increases logarithmically with time. These

results indicate that strains are constantly acquiring novel mutations over time, and that multiple

sub-lineages emerge repeatedly. In addition, our data suggests that novel allele discovery may

approach a limit after a set number of years. In contrast, fluctuations in allele composition seem

to be less pronounced in S. aureus strains.

8.2.3 Converging hypermutated genes across patients.

We next asked whether there were core genes which exhibited an accumulation of mu-

tations over time in a similar trend as that observed for the mismatch and repair genes. We

thus defined hypermutated genes as conserved genes showing a positive correlation between the

number of representative alleles and years of colonization (p−value < 0.01, Benjamini/Hochberg

α = 0.01, PearsonR > 0.8). Specifically, we searched for positive trends in the cumulative fre-

quency of alleles over time for each conserved gene. Following this definition, we found that 7

(out of 16) and 9 (out of 43) had at least one hypermutated gene. Interestingly, there were a
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total of 1,828 and 285 hypermutated genes in the two hypermutator lineages identified in the

previous section (Bianconi-1 and patient192).
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Figure 8.3: Hypermutated genes across longitudinal sets: (A) Hypermutated genes are
defined as core genes which accumulate an increasing number of mutations as a function of years of
colonization (p−value < 0.01, Benjamini/Hochberg alpha = 0.01, PearsonR > 0.8). Plots show
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We proceeded to search for shared hypermutated genes between longitudinal sets. In
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P. aeruginosa, a total of 119 hypermutated genes were shared across two or more longitudi-

nal sets, and a putative non-ribosomal peptide synthetase sharing 48% identity with a linear

gramicidin synthase subunit D (lgrD) was indepdently hypermutated across four longitudinal

sets (Figure 8.3 A). Interestingly, longitudinal sets shared multiple hypermutated genes, sug-

gesting that strains in different patients are under similar selective pressures (Figure 8.3 B).

For example, the longitudinal set corresponding to Bianconi-1 and Caballero-1 shared a total of

91 hypermutated genes including three genes involved in multidrug resistance and secretion of

pyoverdine (mexAB), and a third putative efflux pump (mexH ). In S. aureus, we found a total

of 29 conserved genes which were hypermutated in two or more longitudinal sets. Interestingly,

the immunoglobulin gene protein A (spa) was one of the most frequently hypermutated genes

and accumulated mutations across three patients. Genetic variations in spa are used as an epi-

demiological typing method to classify strains into clonal lineages. An additional 4 genes were

hypermutated in 3 independent sets including a serine protease (splF ), a hypothetical protein in

a prophage, a Type VII secretion system protein EsaG (essG), and a transposase (IS1182 tp).

8.2.4 Comparative genomics reveals signs of reductive evolution and shifts in

background substitutional bias.

While longitudinal studies can discern the time-course genetic alterations that occur

during CF colonization, it is challenging to discern whether alterations are generalizable at the

population level. In the previous section, we found a few examples of genome reduction occurring

during long term CF colonization. We thus asked whether strains colonizing CF patients tend to

have smaller genomes. To address this question, we collected a set of 712 P. aeruginosa and 1,038

S. aureus sequences obtained from 68 and 28 independent studies, respectively. Of these, 64%
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(458 out of 712 P. aeruginosa strains) and 33% (347 out of 1,038 S. aureus strains) were obtained

from CF patients (Figure 8.4 A). Next, to reduce sampling bias, we picked one representative

sequence per MLST per patient (choosing the strain isolated at the latest time point), and

restricted our choice to the MLSTs represented across both patient groups (CF and non-CF)

(Methods). We proceeded to compare the distribution of genome size between subgroups, and

found in both species, that CF isolates had a significantly smaller sequence (Figure 8.4 B). On

average, S. aureus strains isolated from patients with CF were 61 kB shorter (approximately

1.8% of average sequence length, Cohen’s D = 1.04) and carried 55 fewer genes. Similarly, P.

aeruginosa strains were 127 kB shorter (2.2%, Cohen’s D = 0.5) and carried 129 fewer genes.

These results suggest that adaptation to the cystic fibrosis lung environment could be occurring

through reductive evolution.

Because the bacterial genomic guanine+cytosine content (GC content) is positively cor-

related with genome length (Almpanis et al. 2018), we compared the GC content across strains

in our dataset. We found slight but significant variations in both species (Mann-Whitney U,

p − value < 0.001), with a large effect size characterizing an 0.12% reduction in S. aureus ge-

nomic composition (Cohen’s D = 1.46) (Figure 8.4 C). Reduced genome sizes and smaller GC

ratios could be driven by ecological features of the cystic fibrosis lung environment, such as a

nutrient poor and anoxic milieux [13–15]. We next investigated whether there were any variations

in the background substitution bias. We computed the genome-wide GC content for the first,

second and third codon positions (GC1, GC2, GC3). We found that GC3 is slightly reduced in

S. aureus CF isolates only (Cohen’s D = 1.46) (Figure 8.4 D). Due to codon degeneracy the

third codon position is partially silent, and thus variations at this position are not necessarily

reflected functionally. To determine whether this shift is reflected in variations in the amino
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acid composition, we compared the amino acid composition between patient groups. We found

that there were significant variations in the composition of 5 amino acids including L-arginine,

L-lysine, L-glutamate, L-leucine and L-tryptophan in S. aureus only. Taken together, these

results suggest that S. aureus strains are susceptible to the selection pressures resulting from

CF colonization, and that these pressures could be reshaping the background substitution bias

inducing non-synonymous variations at the genome-wide scale.
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8.2.5 P. aeruginosa is characterized by a reduced core genome mediated by

HGT

Next, we were interested in assessing whether signs of host adaptation could be discerned

in the core genome composition. We estimated the core genome for each subgroup (subdivided

by patient health status and species). The results showed that the CF S. aureus core genome

contained on average 8 ± 0.86 more genes than the non-CF core genome (p − value < 0.01,

Cohen’s D = 0.70), while the CF P. aeruginosa core genome contained 37 ± 1.6 fewer genes

(p− value < 0.01, Cohen’s D = 0.95) (Figure 8.5 A). To identify which genes had significantly

altered conservation levels, we ran binomial tests with bonferroni multiple hypothesis correction

(α = 0.05) and filtered for genes with risk difference larger than 0.8. This analysis yielded 37 genes

which were core across the non-CF isolates but accessory in the CF P. aeruginosa isolates. There

were no core genes which passed the cutoff in S. aureus. To determine whether the differences

in core genome composition in P. aeruginosa are caused by deletion events, we examined the

position of the non-CF specific P. aeruginosa core genes in the genome. We observed that they

were grouped into three clusters of colocated ORFs (Figure 8.5 B). The first cluster carried

genes of the phenazine biosynthesis operon (phzCDFG), and was lost across 13% of CF isolates.

Interestingly, phzB1 (a gene located upstream of the operon) was one of 52 patho adaptive genes

reported by Marvig et. al to accumulate mutations in lineages isolated from multiple CF patients

[16]. The second cluster contained a total of 24 genes of which 19 are involved in nutrient uptake

and utilization (methionine - metINQ, dimethyl sulfone - sfnBC, sfnB2C2, gluconate - gntTKR,

nitrate - nrtDAB, etc.). This cluster was lost across 7% of CF isolates. Interestingly, they

were replaced by prophage Ab30 (containing 55 genes) in one isolate, and were lost alongside

an additional 68 syntenic genes in 3% of isolates. A third quorum sensing cluster containing a
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locus with an EAL-domain, lasI and rsaL was instead lost across 13% of non-CF isolates. They

were replaced with a phage tail (9 strains) or an intact sequence (1 strain) for prophage D3112

(carrying 59 genes). The presence of phage elements and prophage genomes near the expected

locus of the missing core loci hint that phage induction or insertion may have caused core gene

loss.
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of mobile genetic elements: (A) Box plots for the computed size of the group-specific core
genome calculated for 1,000 randomly sampled strain subsets. The y axis shows the ratio of
the calculated group-specific core genome size with respect to the species core genome size (see
methods, Supplementary information). (B) Genomic architecture of the deleted regions in the
CF isolates in comparison to similar syntenic regions of non-CF isolates. The intact genomic
region of the non-CF isolates (PAC60A, PAC10B) and CF isolate (HUM-268) are shown in the
topmost schematic representation of genes.
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8.2.6 P. aeruginosa CF isolates have a smaller pan genome because of lower

frequencies of mobile genetic elements

To identify whether pan genome characteristics were distinct between groups, we con-

structed the core and pan genome curves for the cystic fibrosis isolates alone and compared

the resulting characteristics to the curves derived for the non-CF isolates. We found that P.

aeruginosa CF isolates have a more closed pan genome (i.e., a lower rate of novel gene discovery

as more strains are accounted for), underscoring a restricted genetic diversity with respect to

non-CF strains. The gap in pan genome size is highly pronounced in P. aeruginosa and the CF

pan genome is 14.4% smaller ( 1, 997 ± 243 genes, Cohen’s D = 11.6) while that of S. aureus

is reduced by only 2.1% (94 ± 111genes, Cohen’s D = 1.2) (Figure 8.6 A). We thus set out to

evaluate the differences in the pan genome composition between the two P. aeruginosa groups.

For this purpose, we selected random subsets of equal size for each group of strains (CF and

non-CF) and identified the CF-specific and non-CF specific genes for each subset, i.e., the set

of genes present in some but not all strains of a group (CF or non-CF) and completely absent

in the other group. We found that on average, there are 3, 659± 161 non-CF-specific genes and

1, 728±98 CF-specific genes (Figure 8.6 B). Of those, the majority are part of the unique genome

(71% and 73%, respectively), while the rest are shared by an average of only 3 strains (Figure

8.6 C). On average a CF isolate carried 33 CF-specific genes, while a nonCF isolate carried 80

nonCF-specific genes (Figure 8.6 D).

Next, we sought to identify the functional composition of these group-specific genes. We

annotated the P. aeruginosa pan genome with COG functions, and identified mobile genetic ele-

ments using PHAST, ISfinder, ISESscan, Prokka annotations, and the NCBI plasmid database.

We found that the majority of the group-specific genes (62%) had unknown functions. However,
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both the nonCF-specific accessory genes and to a lesser extent the CF-specific accessory genes

were enriched in mobile genetic elements (Figure 8.6 E). Specifically, plasmid-carried genes,

prophage, and insertion elements were highly enriched in the nonCF-specific genome. Genes

involved in antimicrobial resistance, cell division and motility, as well as several metabolic func-

tions were enriched across both groups. Interestingly, genes involved in coenzyme metabolism

and transport had a larger enrichment score in the CF-specific group. Next, we investigated

the genomic position of the group-specific accessory genes. We found that on average 72% and

52% of the nonCF-specific and CF-specific accessory genes are co-located in syntenic clusters,

respectively. Leveraging this additional piece of information, we found that 44% and 36% of

the nonCF-specific and CF-specific accessory genes are either mobile genetic elements or are co-

located with a mobile genetic element. Taken together, these results suggest that mobile genetic

elements drive the gap in pan genome size and alter the pan genome composition of cystic fibrosis

isolates.
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Figure 8.6: Niche-specific effects are revealed by variations in pan genome charac-
teristics: (A) Pan and core genome curves of P. aeruginosa and S. aureus strains subdivided
into two groups each: 1) cystic fibrosis isolates (CF), 2) other lung isolates (non-CF). The y-axis
represents the percentage of pan and core genome count with respect to the non-CF pan genome
size at N (n = 80 for P. aeruginosa, n = 172 for S. aureus). (B) Venn diagram of the P. aerug-
inosa CF-specific and nonCF-specific pan genomes. Random subsets of 80 CF and 80 non-CF
strains were picked a thousand times. For each sample, genes were classified as CF-specific when
they were shared by one or more cystic fibrosis isolates and were completely absent from any of
the other lung isolates. The group-specific pan genome (CF-specific or nonCF-specific) was then
subdivided into “unique” or “accessory”, by identifying genes that were present in only 1 strain
(unique: 70% of CF-specific pan genome and 72% of non-CF-specific pan genome), and genes
which were shared by two or more strains (accessory: 30% of CF-specific pan genome and 28%
of non-CF-specific pan genome). (C) Number of strains (CF in red and non-CF in blue) sharing
a group-specific gene. (D) Count of group-specific genes per strain. E) Enriched functional cat-
egories across the CF-specific and the nonCF-specific pan genomes. Categories are shown when
the logOdds ratio exceeds 1.5.
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8.2.7 S. aureus CF isolates exhibit a reduced pan allelome due to genome-

wide shift in allele frequencies.

We next investigated whether selection pressures resulting from environmental differences

were manifested at a smaller scale. As such, we repeated our pan genome analysis, but taking

protein variants instead of protein families as our unit of genetic function. Here, we introduce

the concept of the core and pan allelome curves and construct those for each of the 4 groups of

strains. The pan allelome curve is shaped by the number of novel amino acid variants encountered

as new strains are drawn, while the core allelome represents the number of conserved amino acid

alleles. To discount the effects stemming from differences in the accessory genome, we only

included protein variants when they corresponded to the core genome. We found no signs of

chronic CF lung adaptation shaping the P. aeruginosa pan allelome (Figure 8.7 A). However,

that of S. aureus CF was significantly larger (24%, Cohen’s D = 4.5), indicating that S. aureus

strains adapt to the CF lung through the accumulation of non-synonymous mutations in the core

genome. In other words, there were significantly more protein variants per core gene in the CF

group with respect to the non-CF group. We next investigated the ratio in protein to nucleotide

variants at the pan genome level. Again, we restricted our analyses to the core genome. We

found that the ratio is higher in S. aureus CF isolates (6.7%, Cohen’s D = 3.2) but lower in P.

aeruginosa CF isolates (3.6%, Cohen’s D = 4.63) (Figure 8.7 B). This result underscores the

previous observation that S. aureus strains may adapt to the cystic fibrosis lung environment

through the accumulation of non-synonymous mutations.

To identify which genes accumulate significantly more mutations as a result of CF adap-

tation, we calculated the differences in variant counts per core gene. As expected, the average

difference in core gene variant count was close to zero for P. aeruginosa isolates (Figure 8.7 C).
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However, S. aureus core genes had on average 1 additional variant in CF isolates with respect

to nonCF isolates indicating that there may be a shift in the background mutational bias. A

total of 11 and 24 core genes had a significantly larger number of variants in the CF groups

for S. aureus and P. aeruginosa, respectively, while 22 core genes had fewer variants in the CF

group for P. aeruginosa. Interestingly, tufB showed the largest difference in variants count in P.

aeruginosa. It plays a role in human complement evasion by binding human plasma Factor H and

Plasminogen [17]. MucB showed the second largest no. variants in CF isolates (with respect to

nonCF). MucB is a negative regulator which plays a role in mucoidy through alginate production

and is known to accumulate mutations during chronic airway infection [18]. Additional genes

involved in biofilm formation (algX, alginate acetylation [19], cdrB [20]), multi-drug resistance

(muxBY and mexA), copper resistance (ccoG and ccoN [21]), nutrient uptake and degradation

(dctM [22], hutI [23], oprB, aphB), methionine biosynthesis (metF ), RNA polymerase assembly

and regulation (rpoCS ) and virulence (pvdSL [24]) exhibited a significantly larger number of

variants amongst CF isolates. Conversely, vgrG4a (which forms part of the Type VI Secretion

System [25]) and a DUF4105 domain containing protein exhibited fewer variants in CF isolates.

There were 11 core genes which accumulated a significantly larger number of variants in the S.

aureus CF group, the most prominent of which was ausA, a non-ribosomal peptide synthetase in-

volved in the production of auresimines and required for phagosomal escape [26]. The remaining

core genes with annotated functions were involved in virulence (hysA, saeS, capD, crtN, sarZ ),

metabolism (acsA, opuD) and DNA repair (dinG). Our results suggest that selective pressures

specific to the CF lung environment may be acting on the two subsets of genes.
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8.3 Discussion

In this study, we analyzed the effects of long term colonization on the pan genome of two

species: S. aureus and P. aeruginosa. We use a two-pronged approach to investigate pan genome

wide microevolution resulting from CF adaptation. As a first step, we assembled legacy data for

longitudinally collected isolates and constructed lineage-specific pan genomes and pan allelomes

to study genome dynamics in real time. Our second strategy was to compare the pan genome

and pan allelome of lower respiratory tract isolates between strains isolated from cystic fibrosis

patients and isolates taken from patients without cystic fibrosis.

Our first approach revealed that fluctuations in the pan genome of longitudinally collected

isolates are minimal, with isolates collected 7 years apart showing an accessory genome divergence

of less than 100 genes. These results are in agreement with previous studies in which persistent

lineages had fewer than 200 accessory genes [27]. The exceptions to this rule corresponded to

strains having undergone genome reduction during the period in which isolates were collected

and sequenced. Indeed, the balance observed across the rest of the lineages between ancestral

gene loss and novel gene discovery is lost in this lineage sometime between the 6th and 11th year

of colonization. By applying our second approach, we observed that the genome size distribution

of CF isolates tends to be lower than that of non-CF isolates corresponding to the same sequence

types, suggesting that there may be a selection pressure in the cystic fibrosis lung environment

favoring smaller sized genomes.

In contrast, there was a continuous increase in the accessory allelome of the core genome

as a function of time between strain isolations. Specifically, a strain continues to accumulate novel

mutations independently of the length of time it colonizes the host. Considering that the patients

were likely infected at different times, we can hypothesize that a within patient continuous
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accumulation of non-synonymous mutations is likely to persist throughout the patient’s lifetime,

calling into question whether the fitness gain/loss resulting from a mutation changes dynamically.

We proceeded to compare the pan genome of CF isolates to that of non-CF isolates and

found a reduction in genetic diversity driven by a smaller unique genome (i.e., genes that are

found in only one strain). Interestingly, examination of the functional composition of non-CF

specific accessory genes revealed an enrichment in clusters of co-located genes containing mobile

genetic elements. In other words, CF isolates tend to have fewer mobile genetic elements in their

unique genome. Niehus et. al predicted that there are two important variables in adjusting the

rate of horizontal transmissions: 1) migration (which contributes positively to increased rates of

horizontal transfer) and 2) competition within microbial communities (which favors vertical over

horizontal transmission) [28]. In the CF lung, P. aeruginosa strains form biofilms likely migrating

less while competing with the surrounding microflora, suggesting that our observations could be

a result of persistence in an ecological niche.
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Chapter 9

Conclusions

9.1 Dissertation synopsis

In the first aim, I updated an existing model of metabolism for S. aureus. S. aureus was

discovered by Alexander Ogston as the major cause of pus in 1,880. This discovery came four

years before the discovery of E. coli, which was discovered by Theodor Escherich in 1,884 for

its role in digestion and disease in infants. However, because of its ubiquitousness and ease of

manipulation, E. coli and not S. aureus became the rock star of biological studies. Because of its

super star status, most major molecular biology discoveries were initially made in E. coli. It was

then easy to propagate these findings to other closely related species such as Shigella, Salmonella,

Klebsiella and Yersinia. S. aureus is not however ”closely” related to E. coli. While S. aureus

belongs to the phylum of firmicutes, E. coli belongs to the phylum of Proteobacteria. More

recently, S. aureus has gained more attention because of increasing resistance to antimicrobial

therapy earning it the labels of ”super-bug” and ”urgent threat pathogen”. As such, the study

of S. aureus molecular biology has seen a major boost which resulted in an expanded scope of
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discovered metabolic networks. Indeed, this GEM update revealed that the past decade has

seen an exponentially growing body of research focused on the molecular biology of S. aureus,

which pushed forth major modifications to the network. While some differences were observed in

central metabolism, the majority of updates affected cofactor biosynthesis, cell wall metabolism

and amino acid biosynthesis. Importantly, the new insights brought about by the growing body

of S. aureus literature enabled the extensive removal of erroneous content, and an adjustment to

network properties eliminating erroneous flux cycles.

In this update, about 50% of the content was modified, which raised an obvious question:

why? Why would 50% of a technically ”manually” curated network need to be modified only a

few years after the last network update? Is this case an anomaly, or is it more common for major

updates to be implemented every few years across organisms? In one of the conferences that I

attended after wrapping up this project, I had a chat with a scientist who manages a reference

network database which I had used frequently for my own research. Without my asking, she

discussed precisely how updates involve a large amount of changes to existing networks, with

both content addition and removal being highly time consuming. Her comments stuck with me.

When I re-examined the break-down of modifications brought to the network, I realized that I

had made as many additions as removals. I then recalled how particularly difficult it was to

parse away the non-S. aureus content, and realized that these efforts might have to be repeated

in the future. For example, if a research group embarks on updating the network in a couple of

years, their first step will likely be to attempt to collect all networks assigned to S. aureus across

databases. However, it was precisely this process which had introduced the erroneous content. I

thus put out a perspective piece, in which I outline these difficulties, and place them under the

umbrella of ”GEM maturation”, namely the natural process by which a highly valuable GEM is
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repeatedly updated and improved. I wasn’t the first to update a GEM, and will likely not be

the last to attempt to do so. Thus, I pulled together published GEM maturation articles and

outlined the common characteristics resulting from updating GEMs. The short answer to my

question was a resounding ”no”. A content change of 50% is not uncommon. I actually traced

it across all of the three most prominent GEM sequels of the field. In addition, I outlined the

different types of content removal and made suggestions for how those can be saved for future

research.

In my second aim, I started with an already updated metabolic model for S. enterica

subs. enterica ser. Typhimurium strain LT2 and propagated it to multiple closely related strains

of Salmonella. I first mapped out the conservation level of the various metabolic subsystems.

My initial assessment was that the accessory reactome formed 18.4% of the pan reactome, with

the majority of accessory reactions being involved in alternative carbon metabolism and cell wall

metabolism. Because alternate carbon metabolism made up a large percentage of the accessory

reactome, I hypothesized that these capabilities may reflect functional differences among strains in

their ability to thrive in different nutrient environments. Indeed, I found that nutrient utilization

capabilities differentiated serovars. In addition, host-restricted strains had a restricted breadth

of nutrient catabolic capabilities with respect to generalists hinting at niche adaptation through

loss of genetic elements. Thus, the composition of nutrient utilization capabilities of a strain is

a function of both phylogenetic ancestry as well as lifestyle. I underscored this conclusion by

analyzing previously published fitness measurements of transposon mutants in different niches.

The finding that strains adapted to the extraintestinal environment lose catabolic genes that

uniquely contribute to fitness in the intestinal environment underlines the interplay between

nature and nurture in shaping the genomic evolution of bacterial pathogens.
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Intriguingly, the strains which were predicted to be capable of utilizing the fewest number

of nutrients belonged to lesser known species and subspecies of Salmonella, suggesting that they

may have additional metabolic functionalities which have yet to have been studied. In addition,

that pathways of cell wall metabolism were not conserved and outright absent in many strains

was surprising. Indeed, the specific component of cell wall which was affected, O-antigens,

is highly variable structurally, and both genetic and metabolic variations reflect its structural

variability. Because the reconstruction was originally designed for one strain of Salmonella, it did

not include any of the alternative pathways which are not relevant in this starting strain. I thus

set out to reconstruct said pathways, and correspondingly updated the strain-specific models.

As a result of assembling the first pan reconstruction of one metabolic module, the accessory

reactome went from forming only 18.4 % of the pan reactome (1,913 reactions) to reaching 43.2

% of the pan reactome (3,372 reactions). It is therefore likely that the pan reactome of Salmonella

is significantly larger than the 3,372 reactions currently included. Importantly, because of this

addition, the strain-specific metabolic models could now predict the serogroup’s strain with an

accuracy of 98 %. Serogroup identification forms part of routine clinical microbiology laboratory

tests. While NGS technologies have not been adapted clinically yet, if that day does come,

in silico determination of serotypes could obviate this experimental step while simultaneously

providing information on the metabolic capabilities of the strain.

My second aim also included a reconstruction step. However, the nature of these efforts

is different from the reconstruction step of a GEM maturation instance. While I did start with

an existing GEM, my aim was not to improve the underlying network, but rather to tailor

it to the varying genetic backgrounds of Salmonella strains. Other reconstruction efforts are

similar in nature in that an existing GEM is tailored to a specific condition, tissue type or
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disease using an ”omic” data set. I thus designated these efforts under the umbrella of ”GEM

specialization”. Taken together, my contemplations led me to outline the ”GEM life cycle”, which

starts with GEM inception, whereby the first model is reconstructed and curated, proceeds to

GEM maturation, in which an existing GEM is updated to reflect advances in technology and

molecular biology, then progresses to GEM specialization, in which a mature GEM is tailored to

a condition, cell type, or disease using an ”omic” data set, and ends with GEM amalgamation,

in which multiple GEMs are added together to form a community model.

In my third and final aim, I was interested in studying the process of host adaptation a

little more closely. Many bacterial strains (both commensal and pathogenic) lose the capability

to synthesize essential biomass precursors and become dependent on extracellular resources for

survival as they adapt to a specific niche despite having a prototrophic ancestor. Again, to

confirm this hypothesis, I sought to identify the effect of metabolic requirements on the fitness of

auxotrophic strains in their native environment. I posited that when increased fitness is observed

in an auxotrophic mutant (with respect to its prototrophic ancestor), then the loss of function is

at least partially compensated for by a favorable nutritional background. Unsurprisingly, most

auxotrophic mutants had decreased fitness in vivo. Most, however not all. Thus, depending on

the environment, an auxotrophy can be beneficial. I thus decided to characterize the metabolic

and genetic basis of auxotrophy as they arise naturally across pathogenic isolates. My results

revealed unsurprisingly that the metabolic basis for nutrient requirements changes as a function

of the location of the affected reaction in the biosynthetic pathway as well as the presence of

alternative pathways. The interesting observation however was that there was a highly divergent

complexity in the genetic basis leading to the auxotrophic phenotype. Namely, auxotrophies

arose due to single point mutations, gene loss, multi-gene loss, flux of mobile genetic elements,
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recombination, and other more complex evolutionary events occurring after speciation. Not only

was the genetic basis highly divergent across strains, but it is likely that many of the mechanism

were missed in the analysis (due to current limitations in our ability to detect them). Indeed, I

could predict no nutrient requirements across strains of two species which are known to exhibit

auxotrophies. While it is likely that structural contextualization of single point mutations could

add some resolution to my results in the future, it is likely that many mechanisms leading up

to loss-of-function remain unknown or undetectable. For example, mutations in the intergenic

regions (e.g., in the promoter region) and transcriptional repression can also induce (perhaps

temporary/reversible) loss of function. Indeed reversion from auxotrophy to prototrophy is not

unheard of, and it would be intriguing to assess what level of DNA damage is allowable until

reversion becomes improbable.

Next, I set out to assess the variations in genetic properties that result from adaptation

to a single host by going beyond the realm of metabolism. For this purpose, I chose a well

documented case of host adaptation, namely the adaptation of P. aeruginosa and S. aureus to

the lung environment of cystic fibrosis patients. However, instead of approaching the problem

using the traditional assessment of the mutational landscape of longitudinally collected isolates,

I contrasted pan genome level properties of populations of cells against a constructed random

sample of strains isolated from the same site and with a similar phylogenetic distribution. As such,

I introduced the concept of a random natural genetic background, and isolated ”host adaption”

as a sole factor driving observed variations. Pan genome analytics then revealed that small

deviations - which are impossible to detect when single strains are examined, are amplified at the

population level. I found that the P. aeruginosa pan genome is restricted/smaller than random,

with strains having a lower number of unique genes (likely due to a restricted flow of mobile
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genetic elements). In addition, while the S. aureus pan genome was not affected, its pan allelome

was expanded, with 1.1 more mutations having accumulated for each core gene. S. aureus is a

notoriously clonal species which could explain why it manifested a response at the pan allelome

level and not at the pan genome level. The concept of a pan genome was introduced recently,

and it was soon observed that pan genome characteristics varied extensively across species. Since

its introduction, there have been multiple theories attempting to explain the possible drivers of

pan genome size variation, one of which is host range. Here, I gave concrete examples of two

very different species that are subject to immense selective pressures for prolonged periods of

time and are restricted to a single environment. While the observations of changing pan genome

characteristics of P. aeruginosa agree with theory, those of S. aureus do not, suggesting that

clonality or the intrinsic ability of a strain to gain or lose genetic elements might be an additional

variable that should be taken into consideration. All in all, it is clear that the study of bacterial

pan genomes is still in its infancy, and holds a trove of answers to unasked questions.
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