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ABSTRACT 
Comparative metabolic modeling and analysis of human pathogens 

Alyaa M Abdelhalim Mohamed 
 

 

Infectious diseases continue to be major health concerns worldwide. Although major 

advances have led to accumulation of genomic data about human pathogens, there clearly 

exists a gap between genome information and studies aiming at identifying potential drug 

targets. Here, constraint-based modeling (CBM) was deployed to integrate disparate data 

types with genome-scale metabolic models (GEMs) to advance our understanding of the 

pathogenesis of infectious agents with respect to identifying and prioritizing drug targets. 

Specifically, genome-scale metabolic modeling of multiple stages and species of 

Plasmodium, the causative agent of malaria, was used to prioritize potential drug targets 

that could be used to simultaneously treat (anti-malarials) and block transmission of the 

parasite. In addition, species-specific metabolic models were used to guide translation of 

findings from non-human experimental disease models to human-infecting species. 

Further, comparative analysis of the essentiality of metabolic genes for V. cholerae, the 

causative agent of cholera, growth and survival in single and co-infections with other 

enteric pathogens led to prioritizing conditionally independent essential genes that would 

be potential drug targets in both single and co-infection scenarios. Taken together, our 

findings highlight the utility of using genome-scale metabolic models to prioritize 

druggable targets that would be of broader spectrum against human pathogens. 
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Chapter 1: The evolution of genome-scale metabolic models of human 
pathogens 
 

1.1 Introduction 
Infectious diseases remain a major cause of morbidity and mortality worldwide (WHO 

2016, WHO 2017). In 2016, over 8 million deaths were caused by human infecting 

pathogens (WHO 2017). Over the past decade, we have witnessed the emergence of new 

infectious diseases (e.g. Severe acute respiratory syndrome ‘SARS’), increased spread of 

known pathogens (e.g. Ebola, Zika), increased drug resistance against known 

antimicrobials (e.g. multidrug-resistant Mycobacterium tuberculosis), as well as re-

emergence of diseases which were previously thought to have been controlled (e.g. 

cholera, malaria, measles). Despite major technological development in preventing and 

treating infectious diseases ranging from the use of disinfectants for municipal drinking 

water, creating pathogen-specific tests for diagnosis as well as the use of antibiotics and 

vaccines (Brody, Rip et al. 2000, Morens, Folkers et al. 2004, Blauwkamp, Thair et al. 

2019), millions still die from malaria, acute respiratory infections, enteric infections as 

well as AIDS and tuberculosis (Mabey, Peeling et al. 2004).  

Microbiologists used to spend most of their research efforts in cloning and sequencing 

one gene at a time. Advances in genomics facilitated the research on infectious agents 

that were previously thought to be difficult or impossible to grow in vitro or study using 

the basic technologies of conventional microbiology. Emerging pathogens can now even 

be identified, sequenced and classified in real time (Bisht, Roberts et al. 2004, Traggiai, 

Becker et al. 2004). High-throughput sequencing enables the reliable tackling of 

epidemics caused by infectious agents through earlier recognition, tracking transmission 
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chains, as well as highlighting evolutionary changes associated with increased virulence 

or resistance (Deurenberg, Bathoorn et al. 2017). Nevertheless, infectious diseases are 

still a persisting threat necessitating a critical need to develop new therapeutic and 

management strategies (Shen, Liu et al. 2010).  

1.2 Metabolism formulates an integral component of infection biology 
A key aim of network medicine is to reconstitute the physiological network states of cells 

in a systematic and computable fashion (Pawson and Linding 2008). In the case of 

pathogens, the aim of network reconstruction is to find drug therapy-induced alterations 

of network states that are deleterious to the infectious organism, including its ability to 

synthesize biomass constituents or virulence factors, or to the function of its key cellular 

constituents (e.g., the ribosome) (Shen, Liu et al. 2010).  Infectious agents live in diverse 

conditions and even the same pathogen traverse significantly variant conditions across its 

life cycle stages. Thus, an understanding of the various states and conditions a pathogen 

can attain will expose potential vulnerabilities that can be exploited for control and 

treatment.  

Metabolism has been shown to be an important factor for treatment of several infectious 

diseases since many anabolic and catabolic processes are critical for cellular growth and 

survival. Beyond acting as primary sources of energy, several metabolites have also been 

implicated in regulatory functions through interconnected signaling networks 

(McKinney, Honer zu Bentrup et al. 2000, Olszewski, Morrisey et al. 2009, Willger, 

Grahl et al. 2009, Ensminger, Yassin et al. 2012). Furthermore, a mechanistic 

understanding of the associations between metabolism and factors contributing to drug 

sensitivity or resistance have resulted in treatment approaches that not only entail 
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identifying new druggable targets but also underpin tactics that are predicted to prolong 

the efficacy of existing drugs by manipulating their metabolic program to restore drug 

sensitivity to resistant cell populations (e.g. drug cycling (Imamovic and Sommer 2013, 

Peng, Su et al. 2015, Meylan, Andrews et al. 2018)) or by identifying conditions that 

would potentiate the effect of existing antibacterials (e.g. increasing endogenous ROS 

production (Feist, Henry et al. 2007)). While metabolism has historically been viewed as 

a universally conserved network across the tree of life, an appreciation of organism- and 

condition-specific metabolic capabilities has evolved as more organisms were sequenced 

and characterized.  

Genome-scale metabolic reconstructions (GENREs) have provided a way to quantify 

pathogen-specific metabolic diversity and predict its impact on the pathogen’s growth 

and survival. Networks are considered genome-scale if they contain all metabolic 

components encoded by an organism’s DNA. Metabolic network reconstructions are 

highly curated knowledge bases of metabolic functions of an organism (Lewis, Nagarajan 

et al. 2012, Bordbar, Monk et al. 2014, O'Brien, Monk et al. 2015). These networks can 

be converted into mathematical models, called genome-scale metabolic models (GEMs), 

under the constraints‐based reconstruction and analysis (COBRA) platform (Becker, Feist 

et al. 2007, Bordbar, Monk et al. 2014). COBRA models use network stoichiometry and 

steady‐state mass balances to define a solution space of potential flux states that a 

network can take. Rather than finding a single solution to a problem, constraint-based 

models impose known biologically relevant constraints on physiological function to study 

the set of possible solutions (Bordbar, Monk et al. 2014).  As such, the COBRA approach 

does not require kinetic parameters but is rather based on data-driven models that enable 
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the integration of different levels of data types providing the basis toward understanding 

pathway choices in an organism-specific context (Du, Zielinski et al. 2018). The study of 

metabolism in many organisms has greatly benefitted from in silico genome-scale 

reconstruction of their metabolic networks combined with flux balance analysis (Orth, 

Thiele et al. 2010) (FBA), a computational technique that incorporates many different 

components of metabolism and their couplings to provide insight into steady-state flux 

distributions among the different pathways. Such system level analyses are critical since 

they can reveal emergent, network level properties not readily apparent from more-

focused investigation of individual genes or pathways (Liao, Huang et al. 2011).  

In this chapter, we review the conceptual evolution in the scope of human pathogens’ 

genome-scale metabolic models and the advancement contributed by these models to 

various infectious diseases.  

1.3 Evolution in model scope and specificity 
Genome-scale networks were first reconstructed to encompass metabolic characteristics 

of the most commonly isolated strain of the causative infectious agent. With the 

conceptual evolution of organism-specific metabolic capabilities, genome-scale 

metabolic networks enabled characterization of species- (Monk, Charusanti et al. 2013, 

Fouts, Matthias et al. 2016, Abdel-Haleem, Hefzi et al. 2018), strain- (Dunphy, Yen et al. 

2019), and even life-cycle (Abdel-Haleem, Hefzi et al. 2018) stage-specific metabolic 

differences at an unprecedented detailed mechanistic level. The study of microbial 

pathogens has also expanded to study pathogens as they interact with their hosts, that is 

‘cellular microbiology’ in comparison to ‘classical microbiology’ which studies 

pathogens grown in controlled lab conditions (Rappuoli 2004). These approaches have 
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led to the discovery of virulence factors that are needed by the pathogen to establish in 

vivo infection but not necessarily critical for the growth in artificial lab conditions 

(Cornelis and Van Gijsegem 2000, Cascales and Christie 2003). Further, a lot of research 

is now geared towards understanding how pathogens interact with other species in their 

infection niche whether these are commensal microorganisms (e.g. gut or skin flora) or 

they are other infectious agents as part of a polymicrobial infections (e.g. Staphylococcus 

aureus and Pseudomonas aeruginosa (Ibberson, Stacy et al. 2017), Vibrio cholerae and 

enterotoxigenic E. coil (Chakraborty, Deokule et al. 2001)).  

In the following sections, I review human pathogens for which GEMs have been 

developed to cover diverse states and conditions. Through representative examples we 

show how the scope of the models of metabolism of human pathogens has evolved across 

two scales. We call the first a ‘pathogen scale,’ which goes all the way from modeling a 

metabolic subsystem of the most commonly isolated strain of a pathogen, up to modeling 

the entire genus/family of the causative agent. We call the second a ‘growth conditions’ 

scale, which spans diverse growth conditions a pathogen is known to encounter. In the 

context of pathogenesis, this scale will include lethal, growth-suppressive and -promoting 

conditions of the pathogen spanning in vitro, and in vivo conditions, different 

developmental stages, as well as different host cells and interaction partners the pathogen 

might encounter in tis infectious environment that would might affect its growth rate or 

survival. Figure 1.1. illustrates the continuum of possible genome-scale metabolic models 

scope spanning the ‘pathogen’ and ‘growth conditions’ scales. Beyond pathogens, the 

‘pathogen’ scale might be expanded to include ‘systems’ from other cellular domains that 

might share core metabolic processes with the starting generic model.  
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Figure 1.1| The evolution of the modeling scope of human pathogens genome-scale metabolic models. Growth 
conditions account for the different in vitro culture conditions, developmental life cycle stages, hosts/vectors cell types, 
and ecological niches. Moving along the ‘growth conditions’ scope scale, more constraints are being imposed from 
high throughput data (e.g. context-specific models (Opdam, Richelle et al. 2017)) or interfacial constraints (Jamshidi 
and Raghunathan 2015) (e.g host-pathogen models) or interaction partners (Ponomarova and Patil 2015, Zelezniak, 
Andrejev et al. 2015, Ponomarova, Gabrielli et al. 2017) (e.g. competition for resources, cross feeding, public goods). 
The growth conditions scale has a negative side to account for conditions which will inhibit or suppress a pathogen’s 
growth. Such conditions would be of relevance for studies aiming at designing antibacterials. Moving along the 
‘pathogen’ scale, closely related species/strains will be modeled to arrive at pan/core metabolic capabilities of an entire 
genus or family where core genes denote genes shared among all strains, while pan genes denote the totality of all 
genes found across all strains. The narrowest scope on the ‘pathogen’ scale would account for the most commonly 
isolated strain causing the disease, moving up this scale would encompass models for pathogenic as well as commensal 
members related to the generic starting model. This scale can also be expanded to include other ‘systems’ from other 
cellular domains that might account for metabolic diversity beyond the starting generic model (e.g. cancer cells and 
asexual stages of malaria depend on aerobic glycolysis for rapid proliferation, see Chapter 5 for details).  The negative 
side of the ‘pathogen’ scale accounts for subnetwork models which partially account for the pathogen’s metabolic 
network (e.g. central carbon metabolism (Edirisinghe, Weisenhorn et al. 2016) rather the entire metabolic network of 
the organism). Models accounting for multiple systems interactions (e.g. species-species interaction as part of 
polymicrobial infections) would be placed along the ‘growth conditions’ scale since they present perturbations (in 
terms of interactions partners) that might affect the pathogen growth or survival.  
 
We envision that having a full catalogue of the metabolic capabilities and characteristics 

at every state the pathogen can attain would 1) enable the identification of strain-specific 

metabolic traits promoting the development of species- or strain-specific drug targets in 

settings where such a distinction is needed (e.g. pathogenic vs. commensal strains of the 

same species), 2) characterization of the core essential genes of a pathogen spanning 
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several growth conditions (e.g. marine and intestinal), stages (e.g. developmental stages) 

and even species (e.g. polymicrobial infections) would promote the design of broad 

spectrum antibacterials and multi-stage inhibitors improving treatment and control 

outcomes, 3) designing drug combinations as well as 5) predicting environmental 

conditions that can be manipulated to improve the efficiency or restore sensitivity of 

existing antibacterials.  

1.4 GEM ‘morphing’ vs. ‘contextualization’ approaches 
Moving along the ‘pathogen’ scale encompasses developing models within the same 

species or genus of the starting pathogen, that is ‘model morphing’. These usually 

account for variations in genome sequences (e.g. deletions, insertions), where genomic 

variants are crucial for the reconstruction process and usually account for the variation in 

size of the populated GEMs. Time is majorly consumed in content curation, where the 

addition or deletion of any reaction from the network requires extensive quality checks 

and revaluation of the model content (Thiele and Palsson 2010). Biomass composition 

may also differ from the generic starting model (e.g. hemoglobin composition between 

rodent- and human- infecting malaria species (Abdel-Haleem, Hefzi et al. 2018)). This 

approach has mostly been deployed for related subspecies or strains to identify pan and 

core metabolic capabilities of a whole species (e.g. Escherichia coli) genus (e.g. 

Plasmodium, Salmonella) or family (e.g. Enterobacteriacea). These models expand the 

modeling scope (vertically) on the ‘pathogen’ scale.  

On the other hand, moving along the ‘growth conditions’ scale encompasses models of 

different states or conditions of the generic starting pathogen model, that is ‘model 

contextualization’. These usually cover the states the pathogen traverses across its life-
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cycle stages (e.g. nutrient rich or limited medium, different infectious or developmental 

stages) or when grown in vitro (e.g. different media formulations, pH, oxygenation, etc). 

The difference in the size of the contextualized models from the generic starting model 

accounts for the functional part of the network in a particular context. For instance, some 

gene expression data integration algorithms will shut off reactions whose associated 

genes are significantly downregulated and delete them from the model, other algorithms 

allow imposing constraints on nutrient uptake, depending on different media formulations 

or type of infected host leading to alternative pathway utilization without necessarily 

deleting inactive reactions from the generated model. Biomass composition is usually 

similar to the generic model, however different objective functions may be attained at the 

different states of the pathogen (e.g. proliferative vs. non-proliferative states). Accounting 

for the different developmental stages is essential since pathogenic populations are 

seldom homogenous in vivo. Time consumed to develop these models is mainly in 

finding relevant biological constraints and depending on the type of data used, several 

processing steps might be needed before being able to integrate them within the GEM 

framework. Overall, a contextualized GEM differs from the generic starting pathogen 

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 simulated growth conditions (Seif, 

Monk et al. 2019). These models expand the modeling scope (horizontally) across the 

‘growth conditions’ scale. Overall, models developed across each scale may also differ in 

the type of data used for their development (e.g. genomic vs. context-specific high 

throughput data) as well as in the spectrum of metabolic capabilities they are deployed to 

predict (e.g. inter- vs. intra-species). However, both modeling approaches are similar in 
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trying to cover diverse forms and states of an infectious agent.  

Several infectious agents have been analyzed across diverse states and conditions while 

others have been analyzed in a narrower scope. The widest scope that we would envision 

is one that is hierarchical, that is:  develop GEMs for all species/strains/subspecies of a 

single genus then develop context-specific models for each of those (e.g. covering key 

life-cycle stages) then modeling different growth conditions (e.g. in vitro media 

formulations, in vivo) and interaction partners (e.g. host cell, community members) for 

each of those. Eventually, cataloguing the full spectrum of conditions and states a 

pathogen has so far been recognized to attain. To our knowledge, no pathogen has been 

subjected to the full breadth of modeling scope as charted here, rather different pathogens 

have been metabolically interrogated at different levels. With the outset in generation of 

high throughput data and significant advances in sequencing technologies, it would only 

be a matter of time before all human pathogens would routinely be subjected to such a 

comprehensive modeling spectrum.  

1.5 Growth-conditions scale 

1.5.1 Assessing pathogens metabolic capabilities in diverse culture conditions 
The most commonly adopted modelling scope is to simulate in vitro growth conditions 

by accounting for the variations in culture media composition (e.g. nutrient availability, 

C/N/S/P alternate sources), and aeration (aerobic, aerobic, microaerobic). Several 

pathogens have been modeled within this scope which contributed to advancing our 

understanding about the causative infectious agent in various aspects. For instance, 

Salmonella. enterica serovar Typhimurium (Thiele, Hyduke et al. 2011) (S. 
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Typhimurium) GEM predicted in silico that phosphoenolpyruvate carboxylase (ppc) is 

non-essential for the pathogen growth in glucose M9 minimal medium. However, in vitro 

experiments showed that S. Typhimurium Δppc mutant is non-viable in glucose M9 

medium, implying that ppc is essential for the pathogen’s growth under the tested 

conditions. Analysis of synthetic lethality and the minimized sum of fluxes in the model 

showed that the model was incorrectly allowing flux to flow through the glyoxylate shunt 

when ppc is deleted due to absence of regulatory information from upstream transcription 

factors (Thiele, Hyduke et al. 2011). Thus, reconciling discrepancies between model 

predictions and experimental data improved the model’s accuracy and predictive 

capacity.  

Another example is for the opportunistic pathogen, Vibrio vulnificus (V. vulnificus) where 

a species-specific GEM (Kim, Kim et al. 2011) was deployed to evaluate in silico 

metabolite essentiality (cf. gene or reaction essentiality). A list of candidate metabolites 

that are pathogen-specific, have high reaction connectivity (excluding currency 

metabolites like ATP, H2O, etc), and have no human homologues were then selected for 

experimental validation (Kim, Kim et al. 2011). Interestingly, enzymes that consumed the 

selected essential metabolites were experimentally verified to be critical for the pathogen 

growth and survival (Kim, Kim et al. 2011). Following this approach, candidate 

compounds which demonstrated robust antibacterial activity were identified among a 

300+ chemical analogs library (Kim, Kim et al. 2011) and an analog of p-amino benzoic 

acid (PABA), that inhibits dihydropteroate synthase and is involved in folate 

biosynthesis, was shown to have strong antibacterial effect against V. vulnificus (Kim, 

Kim et al. 2011). This was among the first studies that showed that combining pathogen 
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metabolic network analysis with virtual screening and subsequent experimental 

validation is an effective method to simultaneously identify novel druggable targets as 

well as inhibitory small molecules against them. Another study that has analysed gene 

and metabolite essentiality was done for the opportunistic drug resistant pathogen 

Acinetobacter baumannii AYE (Kim, Kim et al. 2010) where essential metabolites’ 

analogs were prioritized for further investigation.  

Klebsiella pneumoniae (K. pneumoniae) is another common opportunistic human 

pathogen, causing pneumonia, urinary tract infections, and bacteremia (Liao, Huang et al. 

2011). The majority of K. pneumoniae clinical isolates are multidrug resistant, producing 

extended-spectrum beta-lactamase leaving very few antibiotics that can be used to treat 

K. pneumoniae infections. A GEM for K. pneumoniae MGH 78578 (Liao, Huang et al. 

2011) was reconstructed using E. coli K-12 MG1655, iAF1260 (Feist, Henry et al. 2007), 

as a template. Model predictions were then assessed by comparing predicted growth rates 

on 9 different carbon sources under aerobic conditions to corresponding high-throughput 

phenotypic microarray experimental data (Liao, Huang et al. 2011). The majority of 

growth rate predictions made by the model agreed with experimental data except for 

citrate and myo-inositol where the model-predicted growth rate was much higher than the 

experimental data. To resolve the inconsistencies between model predictions and 

experimental data, the authors proposed two potential hypotheses to explain why the K. 

pneumoniae model-predicted growth rate is higher than experimental data on these two 

carbon sources in particular. The first hypothesis was that the model simulates the 

pathogen’s growth under optimal conditions (Liao, Huang et al. 2011) which is not 

necessarily true for all environments. It was suggested that imposition of other 
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biologically relevant constraints (e.g. regulatory, or uptake/secretion rates) or assuming 

non-optimal growth rate (e.g. MoMA (Segre, Vitkup et al. 2002)) might improve model 

predictions in this case. The other explanation that the authors provided was that it is 

possible for a microorganism to achieve higher growth rates if it is well adapted to the 

examined conditions, i.e. experimental adaptive evolution (Ibarra, Edwards et al. 2002, 

Liao, Huang et al. 2011). In support of the later, the authors showed that K. pneumoniae 

growth rate indeed increases when grown on myo-inositol under the same simulation 

conditions.  

Similarly, a lab-evolved antibiotic resistant strain of Pseudomonas aeruginosa (P. 

aeruginosa) PA14 was observed to lose capability to catabolize L-leucine as an alternate 

carbon source in vitro. To understand how the metabolic repertoire of the infectious agent 

is altered during the evolution of antibiotic resistant strains, the authors paired whole-

genome sequencing with a highly curated GENRE of P. aeruginosa (Dunphy, Yen et al. 

2019) where they simulated single-gene knockout experiments across diverse 

environments to identify essential genes for growth and carbon source catabolism. 

Following, the authors compared model-predicted essential genes to deleted genes 

identified by whole-genome sequencing in the in vitro evolved lineage and identified 

genes associated with loss of catabolic functions in the lab-evolved antibiotic resistant 

strain. Clinical isolates with similar mutational landscapes to the lab-evolved antibiotic-

resistant P. aeruginosa were found to share loss of the ability to catabolize L-leucine, the 

same carbon source which the in vitro evolved strain was unable to catabolize. As such, 

pairing whole-genome sequencing with a GENRE enabled the characterization of a direct 

genotype-phenotype relationship among the complex mutational landscape of an 
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antibiotic-resistant lineage. Worth-mentioning is that patients from which the clinical 

isolates were obtained were not necessarily treated with the same antibiotic, implying that 

this loss of catabolic function is not necessarily drug-specific and could be more likely to 

arise when the cell is under general stress. A GEM for another P. aeruginosa strain, 

PAO1, was also used to detect ways in which a pathogen alters its metabolic network in 

response to antibiotics to which it has developed resistance. In this study (Zhu, 

Czauderna et al. 2018), the authors developed an updated P. aeruginosa PAO1 GEM by 

incorporating a periplasm, since polymyxins initially target lipopolysaccharides in the 

outer membrane causing substantial changes in the cell envelope. Following, 

transcriptomic data from in vitro cultures of the pathogen with and without exposure to 

polymyxins, were imposed as constraints on the updated GEM. In silico single gene 

deletion analysis was then conducted and genes that were essential for the pathogen 

growth when exposed to polymyxins relative to the control were identified. In contrast to 

expected perturbations that modifications to lipid A might cause due to treatment with 

polymyxins, model simulations showed that lipid A modifications had minimal impact on 

cellular metabolism and growth. 

1.5.2 Identifying pathogen metabolic capabilities in different infection stages 
In vivo dissection of mechanisms of pathogenesis of the different human pathogens is 

critical to understand how the pathogen functions in its infectious niche. In this respect, 

using genome-scale metabolic models to simulate in vitro vs. in vivo conditions and to 

predict the behavior of a system across these two settings would be a huge leap in 

translational medicine. Several pathogens have been modeled across their various 

infectious stages. For instance, a GEM of S. Typhimurium, the food-borne pathogen, was 
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used to analyze transcriptomics profiles of S. Typhimurium LT2 isolated from 

macrophage cell lines to systematically predict metabolic consequences during infection 

(Raghunathan, Reed et al. 2009). Model-driven analysis of transcriptomics data predicted 

fad genes to be inactive under optimal conditions as a proxy for early stages of infections. 

In contrast, the same set of genes were predicted to be operational when simulating later 

stages of infection as sub-optimal growth conditions in line with previous reports that 

showed that S. typhimurium does not utilize fatty acids in the initial stages of infection 

(Raghunathan, Reed et al. 2009). The assumption of switching from optimal to 

suboptimal growth rates during initial and later stages of infection, respectively aligns 

with marked decrease in growth during persistence or chronic infection. In another study 

(Kim, Schmidt et al. 2013), an updated GEM of S. Typhimurium was also used to analyze 

metabolomics data generated when the pathogen is grown in diverse set of conditions that 

induce expression of virulence genes as proxy for studying the metabolic capabilities of 

the pathogen during infection stages (Kim, Schmidt et al. 2013). S. Typhimurium seemed 

to have a more robust metabolic program with fewer metabolic dependencies when 

virulence factors were expressed. Further, the intracellular concentration of several 

experimentally verified immunomodulators of macrophage activation(Bordbar, Mo et al. 

2012), were significantly perturbed where several inhibitory metabolites were predicted 

to be released by S. Typhimurium in virulence conditions (Kim, Schmidt et al. 2013). 

Model-guided analysis of multi-omics data of S. Typhimurium demonstrated potential 

mechanisms that the pathogen is employing to disrupt the host immunity (Kim, Schmidt 

et al. 2013). The authors then compared flux ranges, as measured by flux variability 

analysis (Mahadevan and Schilling 2003), between virulence inducing and non-inducing 
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growth conditions. Integrative model guided analysis and interpretation of metabolomics 

and matched transcriptomics data showed that the pathogen upregulated 

lipopolysaccharide and fatty acid biosynthesis when entering stationary phase in 

virulence inducing growth conditions. As such, S. Typhimurium genome-scale metabolic 

modeling contributed to understanding how the pathogen adapts its metabolic capabilities 

to match its stage-specific requirements.  

Another way of simulating different developmental stages of a pathogen is by changing 

the biomass objective function according to each stage’s requirements. For instance, the 

GEM of the plague causative agent, Yersinia pestis (Y. pestis), had two different biomass 

objective functions to account for the different biomass composition the pathogen 

exhibits at 25-28°C versus 37°C corresponding to cold- and warm-blooded hosts that the 

pathogen infects during its life cycle (Charusanti, Chauhan et al. 2011). The main 

difference in biomass composition between the two hosts is in the lipopolysaccharide 

structure as well as fatty acid abundance. The model was then benchmarked qualitatively 

against experimental growth data from 11 carbon sources and quantitatively against 

growth rate, metabolite uptake and secretion rates for two of the tested carbon sources 

(Charusanti, Chauhan et al. 2011). Flux balance analysis using the Y. pestis model 

informed genome annotation and reaction essentiality where gap analysis in fatty acid 

biosynthesis pathway coupled with expression data led to predicting a catalytic function, 

as fabI, for a gene that was otherwise hypothetical according to genome annotation.  

Genome-scale metabolic models of Leishmania major (L. major), which causes a skin 

infection transmitted by the sand fly bite (Chavali, Whittemore et al. 2008, Chavali, 

Blazier et al. 2012), were used to predict minimal nutrients required to sustain L. major 



33 
 

growth (Chavali, Whittemore et al. 2008) as well as to prioritize, already FDA-approved 

drugs to kill the parasite (Chavali, Blazier et al. 2012). The components of the predicted 

composition of the in silico minimal medium informed about the metabolic capabilities of 

L. major. For instance, the absolute requirement of hypoxanthine showed that L. major 

cannot synthesize purines de novo (Chavali, Whittemore et al. 2008). The GEM was also 

used to probe essential genes for the pathogen growth that lack human homologs. 

Differential protein expression data from a closely related Leishmania species, L. 

infantum, was further used to develop stage-specific models spanning morphological 

forms of Leishmania, namely amastigote, the macrophage stage and promastigote, the 

sand fly stage. Interestingly, an antimalarial agent, Halofantrine, was found to kill the 

promastigote stages of the parasite in vitro in line with GEM-guided predictions merged 

with druggability scores of the respective metabolic genes from the TDR Targets 

database (Chavali, Blazier et al. 2012). Another GEM was also constructed for the 

closely related trypanosomatid, Trypanosoma cruzi, the cause of Chagas disease, which 

was used to develop an epimastigote-stage specific model to probe the metabolic 

vulnerabilities of the parasite in the insect gut (Roberts, Robichaux et al. 2009). 

Nevertheless, a deep understanding of the other stages of the infectious cycle of these 

parasites is largely missing.  

An automated genome-scale metabolic model of Listeria monocytogenes (L. 

monocytogenes) metabolism, developed as part of the SEED project, was used to 

understand the bacterial metabolic requirements during growth in the macrophage cells 

(Lobel, Sigal et al. 2012). L. monocytogenes is the causative agent of listeriosis in 

humans whose clinical manifestations include meningitis and abortion (Lobel, Sigal et al. 
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2012). Gene expression data from L. monocytogenes grown inside macrophages, 

approximating intracellular replicative stage, or in vitro, in rich medium, were used to 

constrain the metabolic model using integrative Metabolic Analysis Tool (iMAT) (Zur, 

Ruppin et al. 2010, Opdam, Richelle et al. 2017), an established algorithm for tailoring 

GEMs. In line with previous studies based on experimental data, several pathways were 

predicted to be upregulated during intracellular replication including arginine, histidine 

and branched chain amino acids (BCAA) biosynthesis. along with L-rhamnose and 

glycerol utilization pathways (Lobel, Sigal et al. 2012).  Notably, the integrative analysis, 

enabled by mapping condition-specific gene expression data to the pathogen’s genome-

scale metabolic model, led to more accurate predictions about differential pathway usage 

relative to conventional differential gene expression analysis alone. Experimental 

validation using qPCR and gene deletion knockout studies further validated the model 

predictions (Lobel, Sigal et al. 2012) and underscored the utility of using GEMs to make 

data-driven predictions about gene essentiality and alterations across key stages of a 

human pathogen infectious cycle.  

1.5.3 Translating findings between in vitro and in vivo growth conditions 
Mycobacterium tuberculosis (M. tuberculosis) is one of the infectious agents that has 

been subjected to more levels of the modeling scopes, charted in Figure 1.1., than most 

other human pathogens (Jamshidi and Palsson 2007, Bordbar, Lewis et al. 2010, Kavvas, 

Seif et al. 2018). M. tuberculosis is the causative bacteria of tuberculosis, a disease 

responsible for million deaths worldwide annually with a growing number of strains 

resistant to antibiotics. An updated reconstruction of M. tuberculosis has been used to 

investigate phenotypic variations between in vitro and in vivo conditions (Kavvas, Seif et 
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al. 2018). In particular, the most updated M. tuberculosis model has recapitulated the 

decrease in flux through the tricarboxylic acid (TCA) cycle coupled with increased 

succinate secretion which is an adaptive mechanism that M. tuberculosis adopts in 

hypoxic conditions associated with the quiescent non-replicative state of the pathogen 

(Eoh and Rhee 2013, Abdel-Haleem, Hefzi et al. 2018, Kavvas, Seif et al. 2018). The 

same model has also provided mechanistic explanation for observed differences in 

antibiotic sensitivity in vitro and in vivo. D-cycloserine and ethambutol, two antibiotics 

used for treatment of M. tuberculosis, were found to be less effective in vivo. Genome-

scale metabolic modeling showed that this discrepancy in antibiotic sensitivity between 

experimental and in vivo results could be attributed to the differential effect of 

environmental L-alanine availability where L-alanine is abundant in the macrophage but 

not necessarily in culture media (Kavvas, Seif et al. 2018) (not explicitly stated in defined 

quantities). Thus, using genome-scale metabolic modeling as a framework to translate 

findings between in vivo and in vitro growth conditions would enable rational design of 

therapeutic options that might lead to overcoming some of the challenges faced in the 

development of chemotherapeutics against M. tuberculosis.  

Similarly, a GEM for N. meningitidis serogroup B was constructed (Mendum, Newcombe 

et al. 2011) from the iAF1260 model of E. coli K12 (Feist, Henry et al. 2007). The model 

highlighted the metabolic features characterizing N. meningitidis like the essentiality of 

the Entner-Doudoroff pathway as the main sugar degrading pathway rather than 

glycolysis (Baart, Zomer et al. 2007, Baart, Willemsen et al. 2008, Mendum, Newcombe 

et al. 2011). The model was then used to provide context for the analysis and 

interpretation of transposon site hybridization (TRaSH (Sassetti, Boyd et al. 2003)) data 
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generated for N. meningitidis on different media formulations including human sera. 

TRaSH combines competitive growth assays with the high throughput of transposon 

mutagenesis and microarray readout enabling rapid identification of condition-specific, 

quantitative growth phenotypes on a genome-wide scale (Badarinarayana, Estep et al. 

2001). The integrative analysis of model predictions and gene fitness values obtained by 

TraSH experiments showed that a set of genes involved in amino acid biosynthesis and 

assimilation were essential only when the pathogen is growing in human serum (cf. in 

vitro culture media), thus this set of genes are ‘conditionally essential’ and highlight 

metabolic capabilities required by pathogen to sustain infection in vivo (Mendum, 

Newcombe et al. 2011), further confirming the necessity of accounting for differential 

metabolic dependencies between in vitro and in vivo conditions and potentially relying on 

computational modeling to translate findings between the different settings.   

1.5.4 Identifying metabolic adaptations in the host infectious niche 
One of the high-level scopes along the growth conditions scale is to integrate the 

pathogen model with the host cell that it infects (Jamshidi and Raghunathan 

2015).  Towards this end, an updated M. tuberculosis GEM was integrated with a tailored 

human alveolar macrophage model (Bordbar, Lewis et al. 2010). The pathogen model 

was then modified to uptake metabolites from the phagosome which the pathogen 

impedes its maturation to a phagolysosome (Pieters 2008). Growth conditions mimicking 

an infectious state were then simulated (hypoxia, oxidative stress from nitric oxide, 

dependency on glycerol and fatty acids as carbon sources). Flux predictions showed that 

nucleotide synthesis was suppressed with increased mycolic acid synthesis, in line with 

literature.  Algorithmic tailoring of the M. tuberculosis biomass objective function was 
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also performed to better represent an infectious state. The integrated host-pathogen model 

predicted single gene essentiality for the pathogen at a much higher accuracy compared 

to the M. tuberculosis model alone and thus, represents a better approximation of the true 

infectious states of M. tuberculosis. Model predictions were validated against in vivo 

gene essentiality data from TRaSH experiments. Furthermore, the macrophage-M. 

tuberculosis host pathogen model was contextualized to characterize metabolic 

capabilities across different types of M. tuberculosis infections, namely; latent, 

pulmonary, and meningeal using macrophage gene expression data derived from in vivo 

mouse model studies (Bordbar, Lewis et al. 2010). Latent states of the pathogen do not 

cause clinical symptoms but are vulnerable to being activated in the lungs (pulmonary) or 

other body parts (meningeal) (Bordbar, Lewis et al. 2010). Hyaluronan was found to be 

an essential carbon source for the pulmonary M. tuberculosis infectious state. Since 

hyaluronan synthase is non-essential for macrophage survival, it was predicted to be a 

druggable target for inhibiting activation of latent pulmonary M. tuberculosis. Other 

pathways specifically essential for latent states were also identified. These studies thus 

accounted for different states of infection of the pathogen (quiescent vs. replicative), 

different infected tissue types (meningeal vs. pulmonary) as well different growth 

conditions (in vitro mid-log dividing state vs. in vivo harsh phagosome environment). 

Nevertheless, the transcriptomic data used in this study came from a mouse model, and 

questions as to how M. tuberculosis species that infect humans differ from those that 

infect other mammals arise. Furthermore, M. tuberculosis has a heterogeneous clinical 

presentation and can infect virtually every tissue (Bordbar, Lewis et al. 2010).  Thus, 

several modeling scenarios still remain to be investigated and further development and 
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expansion of the scope of these models would allow a rational design of drug 

combinations that can inhibit the pathogen’s growth across the different infectious states 

and tissues.  

Another example of human pathogens that has been subjected to the host-pathogen 

modeling scope is Plasmodium falciparum (P. falciparum). GEM of the deadly malaria 

parasite was integrated with a human erythrocyte GEM (Huthmacher, Hoppe et al. 2010). 

In this study, life-cycle stage specific gene expression data was used to tailor a generic P. 

falciparum model using an algorithm that maximizes the consistency between predicted 

reaction flux rates and the expression level of the corresponding genes (Shlomi, Cabili et 

al. 2008). Genes that are essential across all stages vs. those whose essentiality is stage-

dependent were predicted. Further, model predictions for essential targets for parasite 

growth in the erythrocyte were largely in agreement with experimental findings since a 

truer approximation of the parasite actual environment during these stages (i.e. blood 

stages) was simulated. When modeling liver stages, data from the rodent-infecting P. 

yoelii species was used as no corresponding data was available from P. falciparum. It is 

possible that the metabolic repertoire of the rodent-infecting species is different from that 

of the human-infecting ones and hence, studies aiming at characterizing the difference in 

metabolic capabilities between experimental and in vivo models would be of great value.  

In Chapter 3, we show how, using species-specific genome-scale metabolic models, we 

translated drug sensitivity findings between rodent- and human-infecting malaria species 

models (Abdel-Haleem, Hefzi et al. 2018). 
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1.5.5 Predictive scope outside metabolism 
The predictive power of models increases as they expand in size and scope. Expanding 

modeling scope to capture cellular processes other than metabolism by integrating 

different layers of information enables a more accurate approximation of a pathogen’s 

system. By pairing metabolic network topology with transcriptional regulatory network, 

one study was able to outline key principles of metabolic regulation for different types of 

metabolic pathways in M. tuberculosis. To accomplish this, an expanded regulatory 

network based on ChIP-seq interactions was integrated with the genome-scale metabolic 

network of the pathogen. A probabilistic framework, based on the conditional probability 

that a transcription factor knockout would disrupt the expression of an associated gene in 

the metabolic network (Chandrasekaran and Price 2010, Ma, Minch et al. 2015), was then 

used to simulate the metabolic consequences of knocking out as well as overexpressing 

100+ transcription factors included in the integrated regulatory-metabolic network. A 

notable improvement in gene essentiality predictions was observed when the regulatory 

network was integrated with the metabolic network. The integrative model was then used 

to predict combinatorial therapies that would inhibit M. tuberculosis growth since it is 

less likely for a microorganism to develop resistance against a combination of drugs 

relative to single drug usage. Identifying rational combinations by experimental efforts 

alone is hindered by the large search space (Shen, Liu et al. 2010, Oberhardt, Yizhak et 

al. 2013). To tackle this, the authors first screened M. tuberculosis against high 

throughput chemical screening library then a context-specific model building algorithm 

was used to generate a series of drug-specific models that represent metabolic 

consequences of each of the tested antibacterial agents. Each of these drug-specific 
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models was then integrated with the regulatory component of the M. tuberculosis 

network. Simulation of growth outcome of each TF knockout and overexpression 

predicted multiple TF perturbation-drug pairs that would lead to pronounced inhibition of 

growth of the bacterium. The integrated network successfully predicted synergistic 

interactions between overexpression of the transcription factor whiB4 and the two drugs; 

ethionamide and isoniazid suggesting that regulatory targets of whiB4, if inhibited, would 

enhance the efficacy of the two tested antibacterials (Chandrasekaran and Price 2010, 

Ma, Minch et al. 2015).  

Another layer of non-metabolic data that was used to improve GEM predictions for 

human pathogens phenotypes depends on linking metabolic transformations to the 3D 

structure of the corresponding catalyzing enzymes. Such an approach has direct 

implications in drug development and personalized medicine (Chang, Xie et al. 2010) 

where it enables the evaluation of the metabolic drug response phenotype as well as 

prediction of protein-drug off-targets. Towards this goal, a genome-scale metabolic 

network for Staphylococcus aureus (S. aureus) strain USA300 has been reconstructed 

and integrated with protein structures (GEM-PRO (Seif, Monk et al. 2019)). S. aureus is 

a leading cause of skin and soft tissue infections, pneumonia, sepsis, and endocarditis 

(Bosi, Monk et al. 2016) and S. aureus strain USA300, has recently replaced other strains 

of S. aureus to become the predominant cause of methicillin-resistant S. aureus (MRSA) 

infections (Bosi, Monk et al. 2016) . The S. aureus GEM-PRO was validated both 

quantitatively and qualitatively against experimental data. Model-predicted gene 

essentiality revealed potential antibiotic targets that are preferentially effective for 

bloodstream vs. nasal infections. Exo-metabolomics data from two different culture 
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media were then used to constrain the S. aureus GEM-PRO. The condition-specific 

models revealed significant differences in central carbon metabolism utilization in 

presence and absence of extracellular glucose (Seif, Monk et al. 2019) as in the case of 

diabetic patients where S. aureus is the most frequent cause of diabetic-foot infections 

(Dunyach-Remy, Ngba Essebe et al. 2016).   

1.6 Pathogen scale 
Rigorous genome-scale, multiple-species comparisons are crucial for the elucidation of 

the evolution of cellular networks and of the underlying genotype-phenotype 

relationships. The availability of pathway assemblies and metabolic models for a large 

variety of microbial species would pave the way for new types of comparative and 

phylogenomic studies. Furthermore, process-based comparisons would enable the 

identification of system-wide properties that cannot be detected by a simple comparison 

of gene annotations and will allow the connection of genotype with phenotypic properties 

at a phylogenetic level. These phenotypes might include habitat specificity, ecological 

niche information, and the structure of metabolic systems properties that might be 

(re)engineered (Oberhardt, Puchalka et al. 2011). Systems prediction of metabolic 

consequences thus formulates a new form of comparative genomics where knowledge 

from one strain is never sufficient to represent an entire species (Bosi, Monk et al. 2016). 

Thus, it is invaluable to evaluate the changes a pathogen may see in nature and in the host 

to understand the preferential activity of the pathogen’s metabolic pathways. 

Furthermore, to capture the plasticity of pathogen metabolism, it can be beneficial to 

evaluate the metabolic capabilities across similar strains. Here, I discuss studies that have 
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used genome-scale metabolic models to provide deeper insights into the capabilities and 

vulnerabilities of diverse pathogens. 

1.6.1 Identifying strain-specific adaptations to nutritional environments. 
Most studies that focused on modeling human pathogens along the pathogen scale aimed 

at characterizing metabolic traits that are related to pathogenesis or virulence relative to 

those that were associated with non-pathogenic or less virulent members of the same 

species or genus. Comparative analysis of multiple strains within a species highlights 

patho-adaptive genetic acquisitions but does not necessarily provide a functional context 

for these variations. Strain-specific models of metabolism are used to detect shared and 

unique metabolic capabilities while linking them to fitness and virulence of the respective 

strain (Bosi, Monk et al. 2016).   

One prominent study (Monk, Charusanti et al. 2013) used 55 fully annotated genome 

sequences of commensal, as well as intestinal and extraintestinal pathogenic strains of E. 

coli to interrogate the metabolic capabilities of E. coli species. On the basis of 16S 

ribosomal profiling, Shigella were also included in this study (Monk, Charusanti et al. 

2013). This set of models were then used to characterize the core and pan metabolic 

genome of E. coli species. Reactions that synthesize essential components like vitamins, 

cofactors like riboflavin, Coenzyme A, and biotin, as well as quinones and isoprenoids 

were highly represented in the core reactome of E. coli species. The pan reactome was 

majorly composed of reactions involved in alternate carbon metabolism as well as amino 

acid metabolism implying that the ability to catabolize the different nutrient sources is a 

major factor that can distinguish between E. coli strains. Further, cell wall and membrane 

envelope metabolism, accounting for the major phenotypic distinction between E. coli 



43 
 

strains serogroups, were part of the pan reactome of E. coli. Simulating the growth 

capabilities of the tested strains on diverse conditions of alternate carbon, phosphorus, 

sulfur and nitrogen sources under aerobic and anaerobic conditions showed that predicted 

metabolic phenotypes can differentiate commensal non-pathogenic strains from the 

pathogenic intestinal and extraintestinal E. coli.  For instance, fructoselysine is poorly 

digested in the small intestine and absorption occurs only through diffusion. In line with 

this observation, the majority of intestinal strains’ models were able to catabolize 

fructoselysine or psicoselysine as a sole carbon source while this pathway was missing 

from all extraintestinal E. coli strains investigated (Monk, Charusanti et al. 2013). 

Furthermore, GEMs were also used to identify and provide genetic basis for strain-

specific auxotrophies where identification of traits that are absent in pathogenic strains 

but present in ancestral commensal strains formulate strong candidates for pathoadaptive 

mutations (Monk, Charusanti et al. 2013). Evidence of this model of pathogen evolution 

was supported first by the major loss of catabolic capabilities in Shigella relative to E. 

coli strains. Shigella models predicted a widespread niacin auxotrophy which was 

associated to nadA and nadB genes that code for the enzyme complex that converts L-

aspartate to quinolate, a precursor to NAD synthesis (Monk, Charusanti et al. 2013). 

Reintroduction of functional copies of these two genes restored the ability to synthesize 

quinolate but led to suppressed virulence of this strain (Prunier, Schuch et al. 2007, 

Monk, Charusanti et al. 2013).  

Another GEM-based cross-species comparison was done between H. pylori and H. 

influenzae. Although totally unrelated bacterial species, the cross comparison of the 

pathogen-specific metabolic networks revealed that the infective tissue site for each 
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pathogen has greatly dictated their metabolic dependencies (Schilling, Covert et al. 

2002). By computing extreme pathways (Schilling, Letscher et al. 2000, Papin, Price et 

al. 2002), which delineates each and every optimal and suboptimal solution, for 

nucleotides biosynthesis between H. pylori and H. influenzae, the authors showed that H. 

pylori network is less robust due to loss of catabolic capabilities that otherwise provide 

different nucleotide substrates to the H. influenzae. This resonates with the range of 

environmental conditions each of the pathogens exhibits (Schilling, Covert et al. 2002). 

Analysis of extreme pathways for production of non-essential amino acids in H. 

influenzae further showed that the bacterial network exhibits a high degree of redundancy 

implying a high degree of network robustness (Papin, Price et al. 2002). On the other 

hand, an updated H. pylori GEM also predicted significant increase in generation of 

ammonia to be associated with the usage of amino acids readily available in the human 

gut as alternative carbon sources where several studies (Mendz, Hazell et al. 1993, 

Thiele, Vo et al. 2005) have already showed that H. pylori prefers amino acids as 

alternative carbon sources to D-glucose.  Overall, the comparison resonates with the 

range of environmental conditions each of the pathogens exhibits (Schilling, Covert et al. 

2002). 

Metabolite essentiality was also used as another means of assessing metabolic 

capabilities and network robustness across different species where V. vulnificus was 

compared to two other Gram-negative bacteria; H. pylori and E. coli.  The number of 

essential metabolites in H. pylori (~40%) outnumbered that in E. coli or V. vulnificus 

(~25%) in line with much reduced genome size of H. pylori. In the same study, the 

authors compared the genomic sequences of V. vulnificus to 5 other Vibrio species and 
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identified species-specific genomic sequences that distinguish Vibrio species according 

to their habitats. Nevertheless, an evaluation of the functional consequences of these 

genomic variations is still missing. Metabolite essentiality as well as chokepoints, 

metabolites surrounded by enzymes that uniquely consume and/or produce them, were 

also computed for H. pylori, M. tuberculosis and S. aureus using corresponding species-

specific GEMs (Kim, Kim et al. 2010). Essential metabolites for cell wall synthesis could 

again distinguish Gram-positive (M. tuberculosis, S. aureus) vs. Gram-negative 

pathogens (H. pylori, E. coli used as control) while essential metabolites for generation of 

biomass were shared between all 3 pathogens (Kim, Kim et al. 2010). Chorismate was 

among drug targets that are shared between all four strains (Kim, Kim et al. 2010) 

suggesting that inhibition of enzymes generating chorismate or designing anti-

metabolites analogs for it might lead to  potentially broad spectrum antibacterials.  

1.6.2 Identifying serovar-specific metabolic traits 
Similarly, strain-specific metabolic reconstructions for the species and subspecies of the 

Salmonella genus using strains with defined serovars and fully sequenced genomes were 

used to study the basis for serovar-specific and host-specific metabolic features (Seif, 

Kavvas et al. 2018). To accomplish this, 410 genomic sequences of Salmonella strains 

representing two subspecies, 22 serogroups and 64 total serovars were first re-annotated 

for consistent gene calling. Characterizing the core and pan genomes of the different 

serovars also showed that a large number of gene families in a serovar’s pan-genome 

does not necessarily reflect host diversity (Seif, Kavvas et al. 2018). Specialists, serovars 

reported to thrive in a small subset of hosts, were distinguished from generalists, serovars 

that are known to colonize a variety of hosts, by a general trend of losing catabolic 
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capabilities, i.e. specialists lost major catabolic capabilities relative to generalists. For 

instance, S. Enteritidis which is known to colonize a larger range of ecological niches, 

had more catabolic capabilities relative to S. Paratyphi A (Seif, Kavvas et al. 2018). 

Further, this set of Salmonella models predicted strain-specific auxotrophies for 

tryptophan and niacin, both have been documented in literature before for Salmonella 

(Stokes and Bayne 1958) as well as for other bacteria (e.g. M. tuberculosis) (Smith, 

Parish et al. 2001) and can be potential candidates for vaccine development. 

1.6.3 Identifying strain-specific metabolic capabilities linked to pathogenicity 
S. aureus strains are known to differ in their native host, cytotoxicity, antibiotic 

sensitivity, ability to spread, and severity of infection (Choe, Szubin et al. 2018). To 

investigate how these traits relate to the metabolic repertoire exhibited by the different 

strains, E. Bosi et al. characterized the pan genome of S. aureus based on genome 

sequences of 64 strains (Bosi, Monk et al. 2016). In this study, three different GEMs 

(Becker and Palsson 2005, Heinemann, Kummel et al. 2005, Donald, Skwish et al. 2009) 

available for S. aureus N315 were reconciled, updated and used as a reference generic S. 

aureus model to build GEMs of additional 64 S. aureus strains. The majority of the core 

genome consisted of genes involved in metabolic processes, mainly the central carbon 

metabolism (Bosi, Monk et al. 2016). Conserved metabolic subsystems across S. aureus 

models spanned lipid metabolism, energy metabolism and glycan biosynthesis. In 

addition, the core metabolic network of S. aureus species contained known metabolic 

virulence determinants including catalase, an enzyme that hydrolyzes hydrogen peroxide 

into water and oxygen and that is used in the clinical laboratory to distinguish 

staphylococci from enterococci and streptococci (Bosi, Monk et al. 2016). The pan 
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metabolic network however was mostly composed of reactions in carbohydrate 

metabolism (Bosi, Monk et al. 2016). Using the strain-specific GEMs, all S. aureus 

models were predicted to be auxotrophic for vitamins niacin (vitamin B3) and thiamin 

(vitamin B1) which were already documented auxotrophies for S. aureus (Bosi, Monk et 

al. 2016). GEM-predicted growth capabilities were then used to distinguish S. aureus 

USA300, the MRSA isolate, from other strains where S. aureus USA300 was the only 

strain capable of utilizing spermidine as a sole source of carbon and nitrogen. Spermidine 

is known to be produced at high levels in areas of keratinocyte proliferation, 

inflammation, and wound healing (Seiler and Atanassov 1994), conditions under which S. 

aureus invades and causes skin infection. Also, GEM-predicted presence/absence of 

virulence factors differentiated strains based on their preferred host according to the 

presence of staphylokinase precursor (sak), the ability to catabolize maltotriose (mlttr), 

and presence of IgG binding protein A precursor (sak) (Bosi, Monk et al. 2016). Taking 

this one level higher, another study compared in silico gene essentiality between the 

Gram-positive, S. aureus and the Gram-negative, E. coli MG1655 (Shen, Liu et al. 2010). 

The authors first used an E. coli MG1655 GEM to predict gene essentiality in E. coli then 

compared the model predicted essential genes to experimental data from E. coli and 13 S. 

aureus strains. In standard growth conditions, most type-II bacterial fatty-acid 

biosynthesis (FAS II) pathway enzymes were found to be essential in both species (Shen, 

Liu et al. 2010). Model predictions were combined with computational ranking of small 

molecules to identify potential antimicrobial scaffolds against the identified target 

enzymes from FAS II pathway where a subset of these inhibited both enzyme activities in 

vitro and bacterial cell viability (Shen, Liu et al. 2010). In a follow-up study, potential 
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inhibitors against enzymes in the histidine biosynthesis pathway, which was predicted to 

be essential for growth of S. aureus strains, also showed marked in vitro efficacy 

(Henriksen, Liu et al. 2010).  

Another human pathogen that was modeled along the ‘pathogen scale’ is Leptospira. 

Leptospira species are divided into those that are infectious for mammals with varying 

severity, and those that are non-infectious environmental saprophytes (Fouts, Matthias et 

al. 2016). The core and pan metabolic content were determined for genome-scale 

metabolic models of 4 different Leptospira species (Fouts, Matthias et al. 2016). To 

investigate the functional effect of these differences, several in silico media formulations 

were created and tested for their abilities to support each model’s growth. Model-driven 

analysis showed auxotrophies shared by all Leptospira species as well as auxotrophies 

that can distinguish between pathogenic and non-pathogenic strains (Fouts, Matthias et 

al. 2016). Pathogenic Leptospira differed from the non-pathogens mainly in porphyrin 

and vitamin B12 biosynthetic capabilities where only the pathogens were able to 

synthesize vitamin B12 from L-glutamate. Such findings might give insights into how 

pathogenic forms adapt to nutrient-limited conditions in mammalian hosts (Fouts, 

Matthias et al. 2016). 

Similarly, by reconciling non-biological differences between the GENREs of the 

pathogenic P. aeruginosa and the non-pathogenic P. putida (Fouts, Matthias et al. 2016), 

known metabolic capabilities characteristic of each species were identified (e.g. unique 

assignment to P. aeruginosa of reactions for synthesizing quorum sensing molecules, 

phenazines and rhamnolipids, and for performing denitrification, unique assignments 

aromatic degradation pathways for P. putida). The primary aim of this comparative 
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analysis was to identify metabolic factors contributing to pathogenicity. The authors used 

pareto optimality curves (Shoval, Sheftel et al. 2012) to assess the metabolic flexibility of 

each of the two species in producing virulence factors relative to biomass. Interestingly, 

the analysis showed that the majority of metabolic factors that are distinct between P. 

aeruginosa and P. putida are not directly related to virulence factors synthesis but are 

involved in central metabolism (Oberhardt, Puchalka et al. 2011). In another study, 

GEMs of two strains of P. aeruginosa PA14 and the reference strain PAO1 were 

deployed to identify genes that are critical for growth-decoupled production of virulence 

factors (Oberhardt, Puchalka et al. 2008, Bartell, Blazier et al. 2017). Identification of 

gene targets that are essential for virulence but not necessarily essential for pathogen’s 

growth is a promising therapeutic strategy that inhibits microbial infection while avoiding 

resistance. In addition, targeting virulence factors or virulence-linked genes avoids 

growth-based targets that might overlap with host genome (Bartell, Blazier et al. 2017). 

In silico single gene deletion simulations in a medium that mimics the lung of cystic 

fibrosis patients was done to quantify the impact of gene knockout on P. aeruginosa 

biomass production relative to the synthesis of 17 different virulence factors (Bartell, 

Blazier et al. 2017). The analysis provided mechanistic insights into links between 

synthesis of virulence factors and growth as well as identifying functions that are more 

critical for one process relative to the other which is challenging to elucidate with 

experimental approaches (Bartell, Blazier et al. 2017). Notably, P. aeruginosa was found 

to exhibit a high degree of redundancy were few genes were exclusively essential for the 

synthesis of virulence factors, i.e. several alternative pathways exist for the synthesis of 

most virulence factors reflecting high degree of interconnectivity between virulence 
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factors synthesis and growth. Nevertheless, few virulence factors were almost 

independent from core essential metabolic functions in the P. aeruginosa network (e.g. 

alginate production (Bartell, Blazier et al. 2017)). Using GEMs, one can thus gain 

mechanistic understanding of the essentiality of pathogen’s genes with respect to 

different cellular functions (e.g. virulence, fitness, growth, etc). Further, systematic 

analysis of how a pathogen’s virulence is linked to its metabolism demonstrates the 

importance of considering metabolic as well as regulatory processes in drug resistance 

development studies. Further, another study has looked at the differences in metabolic 

capabilities between two clonally related lineages of P. aeruginosa isolated from the 

lungs of a cystic fibrosis patient at different points over a 44-month time course 

(Oberhardt, Goldberg et al. 2010). The aim of this study was to understand how 

metabolic capabilities of a pathogen evolve over the course of the disease. Time-series 

lineage-specific gene expression data was used to impose constraints on the P. 

aeruginosa GEM generating distinct context-specific metabolic models. Tracking 

metabolic changes over the course of the chronic infection showed that P. aeruginosa 

increases biomass production while restricting virulence factors synthesis over time 

(Oberhardt, Goldberg et al. 2010). Further, significant differences were observed between 

the two lineages in their predicted single gene essentiality, reflecting potential changes in 

the nutritional composition of the cystic fibrosis lung environment (Oberhardt, Goldberg 

et al. 2010). It is worth mentioning that the gene expression data used in this study 

(Oberhardt, Goldberg et al. 2010) came from microarray data using reference aeruginosa 

PAO1 gene chip whereas the two lineages were not sequenced before. Future studies 

aiming at DNA- and RNA-sequencing of the population of lineages resident the sputum 
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of CF patients at different time points would definitely reveal lineages’ differences that 

might have been surpassed.   

Another study from the same group (Bartell, Yen et al. 2014) followed a similar approach 

by looking at the differences in metabolic capabilities of two pathogenic species of the 

opportunistic pathogen Burkholderia, commonly isolated (sometimes co-isolated with P. 

aeruginosa) from the sputum of patients with cystic fibrosis. In this study, the authors 

reconstructed the metabolic networks of Burkholderia cenocepacia (B. cenocepacia) and 

Burkholderia multivorans (B. multivorans). In silico gene essentiality analysis identified 

overlapping essential genes that can be potentially inhibited to target both species with 

single therapies (Bartell, Yen et al. 2014). Further, differential essentiality of genes 

involved in folate biosynthesis explained difference in sensitivity to trimethoprim 

treatment between the two species (Bartell, Yen et al. 2014). B. cenocepacia was 

predicted to synthesize more virulence factors relative to the less virulent B. multivorans. 

However, both models predicted that tyrosine and glucose were the major carbon sources 

associated with synthesis of virulence factors (Bartell, Yen et al. 2014). Understanding 

nutrient conditions in association to virulence factors production hold the promise for 

designing novel therapies that would manipulate the pathogen infectious niche rather than 

targeting the pathogen itself. For instance, one could try to deplete substrates that are 

predicted to lead to maximal virulence activity during cystic fibrosis infection (Bartell, 

Yen et al. 2014). In addition, identification of the common essential genes (in cases 

where Burkholderia and Pseudomonas are co-isolated) represent opportunities to target 

both species with the same treatment.  In Chapter 4, we show how we used genome-scale 

metabolic modeling to simulation co-infection of two enteric pathogens, V. cholerae and 
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enterotoxigenic E. coli while predicting druggable targets that would cover broader 

spectrum of infections of V. cholerae in cases of single and co-infections.  

Toxoplasma gondii (T. gondii) strain types have been shown to differ in their virulence 

and growth rates (Song, Chiasson et al. 2013). Integrating strain-specific expression data 

with FBA simulations of the proliferative, tachyzoite form of the parasite across different 

strains recapitulated the differences in growth rates where the more virulent strains had 

higher model-predicted growth rates. Comparing the size of metabolic subsystems 

between T. gondii and other parasites (e.g. L. Major, P. falciparum) showed that while L. 

Major dedicates major subsystem to lipid and amino-acid metabolism, the apicomplexan 

parasites dedicates the bigger part of their metabolic networks to nucleotide metabolism, 

in particular, purine salvage implying that host-adaptations can be inferred from cross-

species comparisons of species-specific GEMs (Song, Chiasson et al. 2013). The size of 

T. gondii was larger than that of P. falciparum implying that Toxoplasma has more 

versatile metabolic capabilities in line with the wider range of cells which T. gondii can 

infect (Tymoshenko, Oppenheim et al. 2015). Single gene essentiality analysis revealed 

different strain-specific strategies for energy production which corresponded to 

differences in chemotherapeutic sensitivities (Song, Chiasson et al. 2013). Further, an 

overlapping set of essential enzymes, based on in silico single gene essentiality 

predictions, were identified as potential pan-apicomplexan therapeutics (Song, Chiasson 

et al. 2013) including glycolysis, pantothenate metabolism, heme biosynthesis, isoprenoid 

biosynthesis, pyrimidine metabolism, and fatty‐acid metabolism.  
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1.7 Recapitulation 
The ‘target-based’ approach in drug design, that is determining potential gene or protein 

targets first, and then screening for suitable small molecules to hit them, has come about 

as a more rational approach for designing new therapeutic moieties (Oberhardt, Yizhak et 

al. 2013). Systematic gene deletion studies identify essential genes whose protein 

products could serve as potential druggable targets against a particular human pathogen 

(Shen, Liu et al. 2010). However, most of these studies investigate ‘conditionally 

dependent essential genes’, that is sets of genes that are essential in the tested conditions.  

Pathogens traverse diverse conditions across their life cycle stages and infectious niches. 

It is thus imperative to chart essential genes of a pathogen that are condition-dependent 

relative to those that are critical for the pathogen’s growth and survival across diverse 

states and conditions.  

Genome-scale models of metabolism emerged in response to the challenge of integrating 

all available knowledge about an organism in context and linking it to its genomic 

features (O'Brien, Monk et al. 2015). There exists collections of GENREs for a number 

of human pathogens as well as established protocols for reconstruction that can be 

partially automated (Henry, DeJongh et al. 2010, Thiele and Palsson 2010, Agren, Liu et 

al. 2013, O'Brien, Monk et al. 2015). We aim that GEMs for major pathogens can be 

developed to account for the different stages, infectious states/niche, culture conditions as 

well as species in case of cross-species infections or translation of findings from 

experimental non-human infecting species/models (rabbit, mouse).  Identifying the shift 

that happens in specific pathway utilization (suppression of certain pathways and 
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concurrent increased dependency on normally latent pathways) may provide novel 

antibiotic targets (Lewis, Nagarajan et al. 2012).  

Many key factors that are essential for deciding on the potential druggability of a target 

are out of the metabolic scope including its cellular localization, three-dimensional 

structure, potential binding with known classes of inhibitors, protein allocation, etc. To 

tackle this, metabolic models that incorporate other cellular aspects have been developed 

(Oberhardt, Yizhak et al. 2013). Such models that simultaneously account for 

metabolism, transcription, translation, protein localization, and protein structure have 

already been developed for limited number of prokaryotes (O'Brien, Monk et al. 2015). 

We anticipate that these genres of GEMs would enable a wide spectrum of predictive 

capacity to design and tailor drug targeting according to the disease or pathogen in hand. 

In the not so-far future, it will be routine to reconstruct patient-specific models 

accounting for interactions between the specific infected human cell, the pathogen 

causing the infection as well as the patient-specific microbiota. Although additional drug 

safety assessment and optimization will be required for candidate drug targets and 

essential metabolites identified through genome-scale metabolic modeling, we envision 

that integration of GEMs into drug development pipelines will significantly contribute to 

the prioritization of druggable targets through shortening the lengthy process of drug 

development for treatment of various infectious diseases. 

1.8 Objectives and Contributions 
The remaining chapters of this dissertation aim to demonstrate how GEMs can contribute 

to the goal of comprehensively charting the metabolic capabilities of human pathogens 

across different spectra crossing both the ‘growth conditions’ and ‘pathogen’ scales 
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introduced in Figure 1.1. We show that by predicting the biological capabilities of a 

pathogen across diverse simulated states and conditions, we can prioritize druggable 

targets that warrant a more comprehensive coverage of the infectious states the pathogen 

exhibits, rather than being restricted to a particular state or condition. We study malaria 

and cholerae as case studies for interrogating the metabolic network of their causative 

agents, Plasmodium and Vibrio cholerae, respectively. In each case, we start by building 

a GENRE for the most fatal species and then extend the starting model to chart the 

metabolic capabilities of the entire life-cycle (Chapter 2), genus (Chapter 3) or infectious 

niche (Chapter 4). To do so, several types of high throughput data are integrated within 

the GEM framework. We aim to show that by describing the metabolic network of a 

pathogen and simulating the network states under the various conditions, that GEMs 

would enable a quantitative assessment of a pathogen’s metabolic vulnerabilities across 

wide spectra of conditions and states (i.e. depending on the scale of morphed and/or 

contextualized models). Ultimately, contributing to prioritizing targets for treatment, 

control and eradication of human pathogens.  In Chapter 5, we propose an expansion of 

the ‘pathogen’ scale to encompass other cellular systems (e.g. cancer cells, T-cells, etc) 

that share metabolic processes with human pathogens. In particular, we study aerobic 

glycolysis as a phenomenon that is widely adopted by rapidly proliferating cells of 

diverse cellular systems including malaria asexual stages, cancer cells, activated T-cells, 

endothelial cells as well as embryonic stem cells. Lastly (Chapter 6), we envision 

genome-scale metabolic models to enable a complementary view of the Tree of Life 

through a new paradigm of comparative systems biology.  
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Figure 1.2| A roadmap for this dissertation. Constraint-based models and methods are deployed to integrate and 
interpret different levels of data. Specifically, these integrative models are used to explain metabolic perturbations in 
response to development (chapter 2), speciation (chapter 3) and ecology (chapter 4) in the context of human infectious 
agents. In chapter 5, we expand the ‘pathogen’ scale to encompass systems beyong human infectious agents (e.g. 
cancer cells). The aim of the work presented in this thesis is to identify metabolic vulnerabilities that can potentially be 
exploited to treat, control and ultimately eradicate human pathogens.  
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Chapter 2: Functional interrogation of Plasmodium falciparum 
metabolism identifies stage-specific differences in nutrient essentiality 
and drug targeting 
 

2.1 Introduction 
Malaria is a worldwide problem of clinical significance causing an estimated 483,000 

deaths, with a disproportionate percentage occurring in children less than 5 years of age, 

according to the WHO (WHO 2015). Additionally, 1.2 billion people are at high risk of 

contracting the infection (WHO 2015). Plasmodium is a challenging organism to 

understand and treat, since it has a complex life cycle (Josling and Llinas 2015) and can 

remain latent within hosts. Indeed, current antimalarials target the symptomatic 

Plasmodium life cycle stages, while, allowing ample time for transmission before 

symptoms are seen. Thus, to identify effective means to eradicate malaria, there is a need 

to understand its biological capabilities as it relates to drug targeting in different stages of 

its life-cycle and also across the different species.  

Among potential drug targets, metabolic genes are of particular interest, since many 

anabolic and catabolic processes are critical for cellular growth and survival. 

Furthermore, methods have been developed to identify vulnerabilities in human 

pathogens by accurately predicting essential metabolic genes in genome-scale metabolic 

network reconstructions (Jamshidi and Palsson 2007, Kim, Lee et al. 2007, Kumar and 

Maranas 2009, Suthers, Dasika et al. 2009, Bordbar, Lewis et al. 2010, Chandrasekaran 

and Price 2010, Huthmacher, Hoppe et al. 2010, Shen, Liu et al. 2010, Kim, Kim et al. 

2011, Ho Sui, Lo et al. 2012, Ong, Vu et al. 2014, Tymoshenko, Oppenheim et al. 2015). 

Here, we present detailed genome-scale metabolic network reconstructions of five life-
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cycle stages of P. falciparum. We used these stage-specific genome scale metabolic 

models (GEMs) to characterize functional metabolic features of each stage as well as to 

predict essential targets whose inhibition would interfere with malaria growth across 

asexual, sexual (transmission) and mosquito stages. Results provide a means to rank 

order and stratify established and new malaria treatment targets.  

 

Figure 2.1| The workflow for manually curated, data-driven multi-stage reconstructions of P. falciparum. Step 1. 
The P. falciparum reconstruction was built using the genome annotation, lists of biomolecules, the literature, and 
organism-specific databases. The reconstruction was refined through iterations of manual curation, hypothesis 
generation, validation against experimental data and incorporation of new knowledge (Thiele and Palsson 2010). Step 
2. The reconstruction was converted into a model by specifying inputs, outputs and relevant parameters, and by 
representing the network mathematically. The model was validated against high throughput and physiological data. 
Step 3. Once networks were accurately reconstructed and converted into stage-specific in silico models, using 
transcriptomic and metabolomic data, the stage-specific models were then used to predict genes critical for growth in 
different life-cycle stages and to detect stage-specific redirection of flux in the parasite’s central carbon metabolism.  

2.2 Results 

2.2.1 Reconstructing and validating the metabolic network of P. falciparum, iAM-
Pf480  

A manually curated and quality-controlled (Thiele and Palsson 2010) metabolic network 

reconstruction of P. falciparum, iAM-Pf480, was constructed to interrogate the parasitic 

metabolic capabilities throughout the life cycle stages of malaria (Figure 2.1, Step 1). 

iAM-Pf480 (Figure 2.2a) was built using the genome annotation of P. falciparum 

(Plasmodb.org, v24), the Malaria Parasite Metabolic Pathway (MPMP) Database 

(http://mpmp.huji.ac.il/), and specific biochemical and genetic characterization studies 

from 332 primary and review literature reference articles (Table S1). The metabolic 
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network of the P. falciparum accounts for 1083 reactions, 617 unique metabolites and 

480 genes localized to their respective intracellular compartments and organelles, 

including the cytoplasm, mitochondrion, the plastid-like apicoplast, endoplasmic 

reticulum, Golgi apparatus, and lysosome. Gene-protein-reaction (GPR) associations 

could be defined for 480 genes and 68% of all enzymatic reactions (Figure 2.2a).  

2.2.2 iAM-Pf480 accurately predicts gene essentiality and internal flux rates 
In order to validate (Figure 2.1, Step 2) iAM-Pf480 predictions, we tested if iAM-Pf480 

could correctly predict gene essentiality (Figure 2.2b). To accomplish this, we compiled a 

list of experimentally confirmed gene knockouts (n = 21, Table S2) and phenotypes 

resulting from targeted inhibition of enzymatic activities with drugs  (n = 59, Table S3) in 

P. falciparum (Ginsburg and Abdel-Haleem 2016). Under standard growth conditions, 

iAM-Pf480 correctly predicted 95% and 71% for the single gene knockouts and drug 

inhibition phenotypes, respectively (Figure 2.2b, Tables S2-S3). We also compared iAM-

Pf480 gene essentiality predictions to iTH366 (Plata, Hsiao et al. 2010) and iPfa 

(Chiappino-Pepe, Tymoshenko et al. 2017), using our set of experimentally validated 

targets (Tables S2-S3), which revealed that iAM-PF480 accounts for a larger scope of 

genomic content, a larger biochemical complement, and functionally outperformed 

previously published P. falciparum models (see Appendix A).  

iAM-Pf480 flux predictions were validated against available rapid stable-isotope labeling 

data to assess the metabolic flux changes in glycolysis of wild-type (WT) versus 

apicoplast pyruvate dehydrogenase knockout (PDHapi-KO) P. falciparum parasites 

(Cobbold, Vaughan et al. 2013). Glucose and hypoxanthine uptake rates (Jensen, Conley 

et al. 1983, Quashie, Ranford-Cartwright et al. 2010) were used to constrain the model 
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(Tables S4-S5). Model-predicted glycolytic flux rates for both WT and PDHapi-KO 

showed good correlation (Pearson correlation coefficients 0.77 and 0.78 for WT and 

PDHapi-KO, respectively) with published experimentally measured fluxomic data 

(Cobbold, Vaughan et al. 2013) (Figure 2.2c-d).  

Validation through fluxomic, single gene knockout, and drug targeting enzymatic assays 

provided confidence in the content and predictive capabilities of the metabolic model, 

setting the stage for further investigation into the consequences and capabilities of the 

parasite’s metabolic architecture (Figure 2.1, Step 3).  
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Figure 2.2| Content description and performance evaluation of iAM-Pf480 (P. falciparum) (a) Reaction and gene 
content of iAM-Pf480 (see details in Table S1). (b) Comparison of iAM-Pf480 gene essentiality predictions (simulating 
standard in vitro growth conditions, Table S2-S3) showed 95% and 71% accuracy when compared to single gene 
deletion and drug inhibition experiments, respectively. In silico gene essentiality was graded according to the 
percentage of reduction in growth rate compared to wild type. Fisher exact test as well as Mathew correlation 
coefficient (MCC) were used to compute significance of overlapping consistent predictions for iAM-Pf480. (c-d) 
Validation of iAM-Pf480 predicted glycolytic flux rates against experimentally measured fluxomic data (Cobbold, 
Vaughan et al. 2013) in (c) wild-type and (d) PDH-knock out P. falciparum while simulating standard in vitro growth 
conditions. Flux rates are in nmol/ 1x108 cells/min.   

2.2.3 Metabolic characteristics of P. falciparum life cycle stages 
Only approximately 1% of the asexual parasites develop into male and female 

gametocytes in response to yet unknown cues (Plouffe, Wree et al. 2016). However, most 

current therapies are targeted against the blood stages, which result in clinical infections 

(Josling and Llinas 2015). Thus, there is a pressing need to investigate potential targets 

that are critical for both the asexual and gametocyte stages to suppress both malarial 

transmission and active infection (Plouffe, Wree et al. 2016); identification of such 

targets require understanding the stage-specific metabolic capabilities of P. falciparum. 

Towards this end, stage-specific models of metabolism throughout malaria’s life cycle 

were constrained using multiple data types (Figure 2.1, step 3). Stage-specific growth 

rates (Madrid, Ting et al. 2008), glucose and lactate secretion rates (MacRae, Dixon et al. 

2013), as well as stage-specific transcriptomic data (Lopez-Barragan, Lemieux et al. 

2011) were used to constrain iAM-Pf480 producing five distinct stage-specific models; 

trophozoite (T), schizont, early gametocyte (GII), late gametocyte (GV) and ookinete 

(ook) (Figure 2.3a) (see Table S6 and methods for details). In the early gametocyte stage 

(GII), biomass precursors production was permitted; however, in the late, metabolically 

quiescent mature gametocyte stage (GV), ATP generation was maximized (Reader, Botha 

et al. 2015) without associated net biomass accumulation.  
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Figure 2.3| Life cycle stage specific models of P. falciparum predict gene targets that are essential for asexual, 
sexual and mosquito stages. (a) The core and pan metabolic content of the genome-scale life cycle stage specific 
models of P. falciparum are 720 and 1002 reactions, respectively. (b-c) Parameters and AUC plots for performance 
evaluation of stage-specific pairwise differential gene expression comparisons following a similar approach to Nam, et 
al. (Nam, Lewis et al. 2012) (Figure A2). AUROC: area under the receiver operator curve (ROC), DEG: differential 
expression analysis, T: trophozoite, GII: early gametocyte stage, GV: late gametocyte stage, Ook: ookinete. 
 

Generic, canonical reaction groupings into pathways do not inform functional states. 

However, GEM-based simulations can be used to calculate groups of reactions with 

highly correlated metabolic fluxes under a set of condition(s), i.e., correlated reaction sets 

(co-sets), that in turn can yield insight into metabolic capabilities (Papin, Reed et al. 

2004, Jamshidi and Palsson 2006) and also reduce network size into functionally 

correlated modules of reactions. Artificial Center Hit and Run (Kaufman D 1998) 

sampling was used to determine the steady state flux distributions of the stage-specific 

models, and these were used to compute co-sets across different conditions (Table S7) 

(see Methods). 612 reactions were involved in co-sets with 3 or more reactions spanning 
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pathways related to anabolic and catabolic processes for amino acids, fatty acids, and 

biomass production (Table S7). A quantitative assessment of flux magnitude as well as 

co-set size across the different stages are visualized as Voronoi plots (Figure 2.4a). 

Comparison across the different stages reflects that the biomass constraint provides the 

greatest influence on the size and modularity of the metabolic network, thus the late 

gametocyte, with the most relaxed biomass constraint, had the most modularity where 

high modularity reflects networks with co-sets that are similar in size, whereas low 

modularity refers to networks that have one or two co-sets that are very large in 

comparison to the rest of the co-sets in the network (Figure 2.4).  

2.2.4 Stage-dependent redirection of central metabolic carbon flux in malaria 
Across the different stages, there were considerable changes in central carbon 

metabolism, based on the co-sets (Figure 2.4). The metabolic simulations predicted 

splitting of glycolysis into independent upper and lower branches to divert biomass 

(nucleic acids, lipids, glycosylated proteins) required for proliferating parasite stages, 

whereas the late gametocyte stage is non-proliferative, accordingly, both the upper and 

lower glycolytic branches were in one co-set. Contrary to what was believed about the 

pentose phosphate pathway (PPP) deploying the oxidative arm only during the early 

stages of the parasite intra-erythrocytic development cycle (IDC) and the non-oxidative 

arm in the later stages of the IDC (Bozdech and Ginsburg 2005), simulations with stage-

specific models showed that: 1) both the oxidative and non-oxidative arms were active 

with low fluxes in the early stages (trophozoite, schizont and GII), 2) the non-oxidative 

arm operated in the backward direction to produce glycolytic intermediates in the early 

stages while the oxidative arm produced NADP+ and ribose-5-phosphate (r5p), and 3) 
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only the non-oxidative branch of PPP was active in the GV stage in the backward 

direction and was correlated with inositol metabolism (Figure 2.4) underscoring the 

importance of inositol metabolism across the transmissible stage of malaria (McNamara, 

Lee et al. 2013)  4) similar to the GV stage, only the non-oxidative arm was active in the 

ookinete stage, albeit in the forward direction using fructose-6-phosphate (f6p) and 

glyceraldehyde-3-phosphate (g3p) supplied by glycolysis, thus maximizing the 

production of r5p (Figure 2.4b).  

 

Figure 2.4| Stage-specific central metabolic flux patterns in malaria (a) Correlated reaction sets for iAM-Pf480 
were used to define stage and model specific pathways, which were analyzed and compared across different stages. 
Modularity indices (see Appendix A) were 0.023, 0.024, 0.026, 0.145, 0.022 for the T, Schizont, GII, GV, and Ook 
stages, respectively. In proliferative versus non-proliferative stages of malaria, there were changes in the patterns of 
central carbon metabolism, notably the non-oxidative PPP and glycolysis. (b) The direction of flux in the non-oxidative 
branch of PPP goes towards production of glycolytic intermediates in the Trophozoite, Schizont, GII, and GV stages 
but not the Ookinete stage. Reversal of non-oxidative pentose phosphate pathway fluxes in the Ook enables provision 
of ribose 5 phosphate (r5p) needed for the synthesis of nucleotide precursors of DNA. The non-oxidative branch in the 
schizont is colored in red indicating its coupling to growth rate in this stage (Table S8). Both the oxidative and non-
oxidative PPP branches were correlated in GII. Glycolysis was split into upper and lower branches in all stages 
except GV where the non-oxidative PPP branch was correlated with inositol metabolism. Arrows are omitted from the 
schizont pathway map to account for reduced flux values relative the other 4 stages. (c) Predicted sampled flux 
distribution are shown in the non-oxidative branch of PPP (Transketolase; TKT1) and inositol metabolism (myo-
inositol-3-phosphate lyase; MI3PS) across all the stages showing increased involvement of inositol metabolism in the 
GV stage (see Appendix A for discussion). 
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2.2.5 Multi-stage evaluation of experimentally validated single stage deletions 
across the entire organism 

We constructed a comprehensive map of druggable targets for P. falciparum (Figure 2.5) 

using our curated list of experimentally validated targets (Tables S2-S3). This was used 

to compare to predictions made by the stage-specific P. falciparum. Selecting stage-

specific targets spanning the parasite’s life cycle could promote the design of strategies 

for potential multi-stage targets or combination of existing drugs. The color scheme of 

highlighted reactions denotes model prediction classification across all stages. The red 

group in Figure 2.5 highlights reactions sensitive in the proliferative stage as well as the 

late gametocyte (GV) stage; this is of particular importance since the late gametocyte is 

of high clinical interest to target and represent a large percentage of the parasitic load that 

is not targeted by some of the more commonly used treatment drugs.   

Reactions associated with genes from experimentally validated single gene targets 

(Figure 2.2b) are highlighted in the colored rectangles in Figure 2.5. There are several 

gene deletion associated reactions for which drugs have not been developed; these 

highlight potential targets for new drug development. We also note that the yellow group 

identifies reactions that were missed by the models, and highlights areas for future model 

refinement. By overlaying stage-specific model predictions on top of the experimental 

(single-stage) validated drug targets, the network map aids in the prioritization of drug 

target characterization. 



67 
 

 

Figure 2.5| Stage-specific essentiality predictions of experimentally validated druggable targets and single-gene 
deletion experiments. Comprehensive map of experimentally tested treatment targets for P. falciparum with stage-
specific model predictions projected (in color) projected on top of the map. Colored reaction pathways correspond to 
drug inhibition studies (Table S3) and colored reaction names in rectangles correspond to single gene deletion 
experiments (Table S2). The color legend inset corresponds to iAM-Pf480 predictions. Validated drug targets that are 
also predictive to reduce growth in proliferative as well as late gametocyte stages are of particular interest. This 
comprehensive assessment of the model and experimental results enables stratification of existing drugs, new drugs to 
target, as well as new areas of metabolism warranting further investigation. 

2.3 Discussion 
Therapeutic drugs that target multiple stages of the parasite, including sexual and asexual 

stages, will facilitate eradication of malaria.  Systems analysis are thus needed to interpret 

and integrate multiple, large disparate datasets to unravel the complex life cycles of these 

pathogens. In this study, we use genome-scale metabolic modeling to interrogate malaria 

stage-specific metabolic capabilities. Through the integration of high-throughput data, 

careful manual curation, and model prediction validation, we reconstructed detailed 

stage-specific models that span five distinct stages of the life cycle of P. falciparum, thus 
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expanding the modeling scope of malaria across the ‘growth conditions’ scale (Figure 

1.1).  

Since GEMs allow condition-specific analyses, we were able to simulate the effects of 

reaction inhibition across different stages of the parasite’s life cycle and to identify drugs 

that are effective across more than one stage. Moreover, we detected stage-dependent 

metabolic redirection of flux in central carbon metabolism of the parasite that stage-

matched proliferation requirements. Furthermore, in addition to using the models to make 

predictions and gain systems-level insights to malaria metabolism in relation to drug 

targeting, these models can be used as a foundational structure upon which additional 

high-throughput data can be analyzed and predictive simulations can be conducted, thus 

leading to improved understanding, testable hypotheses and increased knowledge (Lewis, 

Schramm et al. 2010).  

2.4 Materials and methods 
The methods employed for the reconstruction, simulation, and analyses presented in this 

manuscript are briefly summarized below, with further details regarding the procedures, 

protocols, calculations, and quality control measures provided in Appendix A and 

online: https://doi.org/10.1371/journal.pcbi.1005895. All models are available as part of 

the supplementary material online: https://doi.org/10.1371/journal.pcbi.1005895  and will 

be deposited in the BiGG (King, Lu et al. 2016) database. Tables S1-S7 are available 

online: https://doi.org/10.1371/journal.pcbi.1005895.  

iAM-Pf480 network reconstruction and constraint-based models 

The genome sequence and genome annotations for P. falciparum were downloaded 

from http://plasmodb.org/plasmo/ (release 24). A list of P. falciparum metabolic 

https://doi.org/10.1371/journal.pcbi.1005895
https://doi.org/10.1371/journal.pcbi.1005895
https://doi.org/10.1371/journal.pcbi.1005895
http://plasmodb.org/plasmo/
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pathways was built based on current genome annotation of P. falciparum 

(http://plasmodb.org/plasmo/), the Malaria Parasite Metabolic Pathway (MPMP) 

Database (http://mpmp.huji.ac.il/), and malaria-specific biochemical characterization 

studies (Table S1). The stoichiometric matrix was constructed with mass and charge 

balanced reactions in the standard fashion and flux balance analysis was used to assess 

network characteristics and perform simulations (Lewis, Nagarajan et al. 2012). Linear 

programming calculations were performed using Gurobi (Gurobi Optimization, Inc., 

Houston, TX) and MATLAB® (The MathWorks Inc., Natick, MA) with the COBRA 

Toolbox (Becker, Feist et al. 2007, Schellenberger, Que et al. 2011). 

Validation of iAM-Pf480 predicted glycolytic flux rates and single gene deletion 

essentiality predictions 

We tested iAM-Pf480-predicted flux rates against kinetic flux data (rapid stable-isotope 

labeling) of glycolysis in wild-type (WT) and pyruvate dehydrogenase (PDH) deficient P. 

falciparum parasites cultured in vitro (Cobbold, Vaughan et al. 2013). The generic iAM-

Pf480 model was allowed to uptake metabolites available in standard in vitro growth 

conditions (RPMI 1640, 25 mm HEPES, 2 mm l-glutamine supplemented with 50 μm 

hypoxanthine and 10% A+ human serum (Cobbold, Vaughan et al. 2013) (Table S4). 

Uptake rates for glucose and hypoxanthine were obtained from literature (Jensen, Conley 

et al. 1983, Quashie, Ranford-Cartwright et al. 2010).  

For validation of in silico single gene deletion essentiality predictions, we compiled a 

curated list of experimentally validated gene knock-outs (n = 21, Table S2) and 

phenotypes resulting from targeted inhibition of enzymatic activities with drugs (n = 59, 

http://plasmodb.org/plasmo/
http://mpmp.huji.ac.il/
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Table S3) in P. falciparum based on our recently published list (Ginsburg and Abdel-

Haleem 2016) of targeted chemical compounds in MPMP.  

Life cycle stage specific models of P. falciparum 

An experimentally measured growth rate (lower bound of 0.045 mmol/gDW/h 

corresponding to approximately 15 hours (Madrid, Ting et al. 2008) was imposed on the 

biomass function). Lactate secretion for asexual stages (90% of uptake glucose (Miao, 

Wang et al. 2013)) was applied to the iAM-Pf480 model simulating in vitro growth 

conditions (see fluxomics data section). For the gametocyte stages, we developed two 

models. The first model (GII) simulated early gametocyte stage II which is metabolically 

active and hence, the objective function was set to maximize the production of biomass 

precursors. The constraint on the lower bound of the biomass function was relaxed to 0 

mmol/gDW/h since it’s expected that the early gametocyte stages will exhibit a lower 

growth rate compared to the asexual stages. Lactate secretion was set to a minimum of 

83% of glucose uptake rate (MacRae, Dixon et al. 2013). The second model (GV) 

represents mature, metabolically quiescent gametocyte stages. The objective function in 

the GV model was to set to maximize ATP production (Plouffe, Wree et al. 2016) and 

while no flux was allowed in the biomass function (lower bound = 0 and upper bound = 

1e-9). Uptake of N-acetyl glucosamine (GlcNAc) was allowed in both gametocyte 

models since GlcNAc induces gametocytogenesis (Miao, Wang et al. 2013). For the 

ookinete model, the glucose uptake was constrained to 10% of the asexual stages glucose 

uptake rate since the mosquito gut is a glucose-rare environment (MacRae, Dixon et al. 

2013).  
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P. falciparum 3D7 life cycle stage-specific RNA-Seq data was downloaded from SRA 

archive (SRP009370) (Lopez-Barragan, Lemieux et al. 2011). SRA files were converted 

to fastq files using the sra-toolkit (Leinonen, Sugawara et al. 2011). Tophat2 (Kim, Pertea 

et al. 2013) was used for the alignment (--library-type fr-unstranded) libraries. PICARD 

(http://broadinstitute.github.io/picard/) and samtools (Li, Handsaker et al. 2009) were 

used for processing the aligned reads and HTSeq (Anders, Pyl et al. 2015) was used to 

produce read counts (--stranded=no). The normalized read counts were then used to 

further constrain the stage-specific models (Figure A2).  

Validation in part was performed from growth rate predictions of overall biomass 

production rates in each life cycle stage of P. falciparum (Table S6). The predictions 

showed an overall qualitative agreement with the experimentally observed growth 

phenotypes of the parasite during the asexual and sexual stages. Specifically, our models 

successfully predicted significant increase of the growth rate (FDR < 0.05) by 1.8 and 20 

fold in the trophozoite relative to the early and late gametocyte stages, respectively 

(Table S6). The ookinete model was the only malaria stage-specific model that was able 

to grow in absence of glucose (although the reduction in growth was 93%), which is in 

line with the glucose-rare medium in the mosquito gut where this stage develops 

(MacRae, Dixon et al. 2013).   

Performance evaluation of stage-specific models against differential gene expression 

(DEG) analysis results 

Stage-specific model predictions were compared against differential gene expression 

(DEG) following a previously published workflow (Nam, Lewis et al. 2012), outlined in 

Figure A2. Briefly, differential gene expression analysis was carried out between every 
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two stages and the lists of significantly differentially expressed genes (FDR < 0.05 and (> 

75th or < 25th percentile of the log2 fold change in expression)) were later used for 

evaluation of stage--specific models’ predictions. The network flux states were sampled 

and significantly different reactions (FDR < 0.05 and (> 75th or < 25th percentile of the 

log2 fold change in reaction fluxes)) were identified following removal of loop reactions. 

The corresponding genes were selected using gene-protein-reaction relationships and 

were compared against the list of significantly differentially expressed genes.  

Co-sets 

Correlated reaction sets (co-sets) were calculated using the sampled steady state solution 

points for the iAM-Pf480 stage-specific models (COBRA toolbox (Schellenberger, Que 

et al. 2011) ‘identifyCorrelSets’ with a correlation cutoff threshold of 0.95). Only co-sets 

containing 3 or more reactions were labeled, since these co-sets generally represent 

transport of individual metabolites and not biochemical pathways per se. Sampled 

reaction fluxes in the pentose phosphate pathway were compared across the different 

stages and differential flux activity was acknowledged if the flux distributions were 

significantly different following multiple hypothesis correction, as previously described 

(Nam, Lewis et al. 2012). The modularity of the co-sets was assessed using the ratio of 

the mean size of co-sets divided by the maximum size of the co-sets for each stage. 

Voronoi plots were generated using TreeMapTM (v. 3.8.3) using the co-sets annotation 

(Table S7) and sampled flux distribution of each reaction in the corresponding co-set.  
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Chapter 3: Functional interrogation of Plasmodium genus metabolism 
identifies species-specific differences in nutrient essentiality and drug 
targeting 
 

3.1 Introduction 
The use of experimental model organisms, such as mice, has provided a wealth of 

knowledge about the various life cycle stage in the Plasmodium genus; however, many 

differences between rodent-, primate-, and human-infecting species remain incompletely 

understood.  

In this chapter of the dissertation, we reconstructed GEMs for four additional 

Plasmodium species (other than P. falciparum) that infect rodents, non-human and 

human primates (including P. vivax, berghei, cynomolgi, and knowlesi). We used these 

Plasmodium GEMs to investigate cross-species similarities and differences with 

particular focus on characterizing functional metabolic differences between rodent- and 

human-infecting species. Results provide key insights into differences between rodent vs. 

primate specific infections and implications for the interpretation of experimental animal 

models. 

 

Figure 3.1| The workflow for manually curated, data-driven multi-species reconstructions of a representative 
fraction of the Plasmodium genus. Step 1. The P. falciparum reconstruction was built using the genome annotation, 
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lists of biomolecules, the literature, and organism-specific databases. The reconstruction was refined through iterations 
of manual curation, hypothesis generation, validation against experimental data and incorporation of new knowledge 
(Thiele and Palsson 2010). Step 2. The reconstruction was converted into a model by specifying inputs, outputs and 
relevant parameters, and by representing the network mathematically. The model was validated against high throughput 
and physiological data. Step 3. Comparative genomics and manual curation were used to build reconstructions for 
Plasmodium species commonly used in experimental animal models to test how predicted drug targets differ from 
predictions in the human-infecting system. Multi-species metabolic models were also used to characterize pan and core 
metabolic capacities of the different species. 

3.2 Results 

3.2.1 Systems analysis of metabolism across the Plasmodium genus  
The use of experimental model organisms, such as mice, has yielded a wealth of 

knowledge about the Plasmodium genus. However, there has been relatively limited 

investigation into species-specific differences in Plasmodium metabolism (Chan, Goh et 

al. 2005, Bethke, Zilversmit et al. 2006, Dechamps, Maynadier et al. 2010). While there 

is 94% (422/448) homology among the metabolic genes of the different species (Table 

S10), it is unclear how they differ in their metabolic capabilities. Further, differences 

have been observed between rodent- and human-malaria infecting species to certain drug 

inhibitors (Chan, Wrenger et al. 2013) but no mechanistic explanation was attributed to 

these differences. Beginning with the iAM-Pf480 GEM we systematically studied the 

functional metabolic differences between 5 different Plasmodium species (Figure 3.1, 

Step 3): Plasmodium falciparum 3D7 (Pfal), Plasmodium vivax (Pviv) Sal-1 (iAM-

Pv461), Plasmodium berghei (Pber) ANKA (iAM-Pb448), Plasmodium cynomolgi  

(Pcyn) strain B (iAM-Pc455), and Plasmodium knowlesi (Pkno) strain H (iAM-Pk459). 

The core metabolic content reflects the intersection of the genes, reactions, and 

metabolites of all five reconstructions, whereas the pan metabolic content is the union of 

these entities. The core Plasmodial metabolic content is comprised of 1064 reactions and 

422 orthologous genes (Figure 3.2a) and the pan metabolic capabilities include 1083 

reactions corresponding to 448 orthologous genes (Table S10), reflecting a considerable 
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level of conservation. However, there are multiple functional differences cross the 

metabolic GEMs (Figure 3.2b, Table S9). The differences in metabolic reaction content 

across the five reconstructed species predominantly involve co-factor metabolism (4 

reactions), phospholipid metabolism (4 reactions), and purine/pyrimidine metabolism (3 

reactions) (Figure 3.2b).  

We performed in silico single gene deletion analysis for the set of 448 orthologous genes 

shared among the five species (Table S10). The deletion of 15% (67/448) of these 

orthologous genes caused a 100% reduction in growth across all species (Table S10). 

These genes spanned several metabolic subsystems with the majority involved in 

isoprenoid biosynthesis, phospholipid metabolism, as well as purine and pyrimidine 

metabolism. Interestingly, 19 genes out of this set have already been targeted by drug 

inhibitors (Table S3) while the remaining 48 orthologous genes represent overlooked 

novel druggable vulnerabilities in malaria (see Appendix A for details).  
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Figure 3.2| Species-specific models provide mechanistic explanation for differences in drug response between 
human- and rodent-infecting malaria species (a) The core and pan metabolic content of 5 malaria species was 
identified based on the respective species-specific reconstructions. The core content, illustrated by the intersection of 
the Venn diagram, is shared by all species. The pan content represents the union of the content across all of the multi-
species reconstructions. (b) 14 metabolic reactions differed in their presence across the 5 reconstructed Plasmodium 
species. (c) Thiamine pyrophosphokinase (TPK) and (d) Choline kinase (CK) were predicted by the models to be 
essential for the growth of the rodent-infecting species (P. berghei) while their deletion had no effect on the growth of 
human and non-human primate species. Differential essentiality of TPK is due to absence of phosphomethylpyrimidine 
kinase and thiamine-phosphate pyrophosphorylase the rodent-infecting species. In the case of CK, the differential 
essentiality is due to the absence of phosphoethanolamine N-methyltransferase. (See Table S1 for reactions 
abbreviations and gene-protein-reaction associations). (e) Pantothenate metabolism showed differences in essentiality 
between stage- and species-specific models. Tables indicate percentage in growth reduction compared to the WT upon 
deletion of the respective gene. ‘X’ indicates absence of a reaction from the respective reconstruction, ‘—‘ indicates no 
effect on growth upon deletion of the corresponding reaction and ‘%’ indicates the growth reduction percentage 
resulting from deletion of the corresponding gene. T: trophozoite, GII: early gametocyte stage, GV: late gametocyte 
stage, Ook: ookinete. 
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3.2.2 Variations in thiamine and choline metabolism in rodent versus non-rodent 
infecting species 

14% (61/448) of the orthologs differed in their essentiality across the 5 Plasmodium 

species. Reactions with the most striking differences in essentiality across malaria species 

were between the rodent and non-rodent species, namely: thiamine pyrophosphokinase 

(TPK), and choline kinase (Table S10). Both genes were predicted to be essential in 

P.berghei only, while their deletion had no effect on growth in any of the non-rodent 

species.  

Thiamine analogs (Chan, Wrenger et al. 2013) and choline kinase (CK) inhibitors 

(Choubey, Maity et al. 2007) have been tested as antimalarial therapeutics both in 

plasmodium species that infect human (in vitro) and rodents (in vivo); however, it is not 

clear from these studies whether an equally potent antimalarial effect is observed in both 

species. Our multi-species reconstructions revealed three key thiamine (Vitamin B1) 

biosynthesis enzymes: phosphomethylpyrimidine kinase (PMPK), 

hydroxyphosphomethylpyrimidine kinase (HMPK1), and thiamine-phosphate 

pyrophosphorylase (TMPPP) that are absent in rodent malaria, but present in non-rodent 

malarial species (Figure 3.2c). Consequently, TPK was predicted to be essential for 

rodent malaria, but non-essential in non-rodent species, which can replenish thiamine 

pyrophosphate through the HMPK1-PMPK1-TMPPP pathway (Figure 3.2c).  

In silico deletion of choline kinase (CK), the first enzyme in the Kennedy pathway (CDP-

choline pathway) for synthesis of phosphatidylcholine (PC) (Figure 3.2d), inhibited 

growth of the rodent species while causing only marginal reduction in growth (3%) in the 

primate and human species. The model simulations revealed the difference in essentiality 

of CK was the result of the lack of phosphoethanolamine N-methyltransferase (PMT) in 
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P. berghei, which in turn rendered it incapable of de novo PC synthesis from 

ethanolamine (Figure. 3.2d). Thus, efforts to perturb PC for malaria treatments will 

require different strategies in human species than in non-human-infecting species since 

decreased potency is expected when perturbing choline metabolism in the non-rodent 

relative to rodent-infecting species.  

3.2.3 Differential pantothenate dependency in human versus rodent asexual stages 
of malaria 

A comparative analysis of stage-specific models of human and rodent species (see 

Appendix A for details), based on co-sets and in silico single gene deletion experiments, 

showed that pantothenate metabolism was not essential for growth in any of the life cycle 

stages of P. berghei. In contrast, pantothenate metabolism was essential for growth 

during the asexual and early gametocyte stages of P. falciparum (Figure 3.2e, Table S11). 

In line with recent evidence (Hart, Cornillot et al. 2016), our stage- and species-specific 

models predicted that the pantothenate transporter activity was essential in human 

malaria, but was mostly dispensable in rodent parasites. Pantothenate is a precursor of the 

enzyme cofactor coenzyme A (CoA) and the capability of de novo synthesis of CoA 

distinguishes P. falciparum asexual forms from its sexual counterparts as well as from the 

rodent and avian malaria parasites, thus challenging the assumption that rodent and 

human malaria parasites utilize similar nutrient acquisition strategies (van Schaijk, 

Kumar et al. 2014).  
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3.3 Discussion 
Developing effective medications will require understanding basic biological 

mechanisms, particularly the limitations of experimental animal models that are used as 

surrogates for understanding human Plasmodium pathogenesis. 

The overall genome organization and content across Plasmodium species is highly 

conserved, with about 4000 conserved syntenic genes located within the central core 

regions of the 14 chromosomes (Hoo, Zhu et al. 2016). Subsequently, it is frequently 

assumed that findings from the animal models will directly translate to the human-

infecting species, particularly in areas of essential, core metabolism, given the high 

degree of homology across the malaria species (94%). However, our GEMs for multiple 

Plasmodium species highlight important metabolic differences. The GEM simulations 

provide a mechanistic explanation for why P. berghei would be more sensitive to 

thiamine analogs as well as to drugs interfering with PC metabolism (Chan, Wrenger et 

al. 2013) and not in human infecting parasites. Additionally, differences in pantothenate 

metabolism were revealed in stage-specific analysis of P. falciparum and P. berghei, 

further highlighting potential differences between the metabolism of human- versus 

rodent-infecting species. This finding suggests a potential use of an auxotrophic mutant 

of P. falciparum defective in the de novo biosynthesis of pantothenate for vaccination in 

analogy to Mycobacterium tuberculosis (Sambandamurthy, Wang et al. 2002).  

These multi-species GEMs have enabled us to make informed predictions about specific 

differences between rodent and non-rodent metabolic capabilities, underscoring the fact 

that the metabolic architecture and nutritional requirement of a rodent malaria species 

does not necessarily predict that of a human malaria species (van Schaijk, Kumar et al. 
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2014). By constructing GEMs that span several species of Plasmodium genus, we have 

expanded the modeling scope of the causative agent of malaria across the pathogen’s 

scale (Figure 1.1). 

3.4  Material and Methods 
The methods employed for the reconstruction, simulation, and analyses presented in this 

manuscript are briefly summarized below, with further details regarding the procedures, 

protocols, calculations, and quality control measures provided in Appendix A. All models 

are available online: https://doi.org/10.1371/journal.pcbi.1005895 will be deposited in the 

BiGG (King, Lu et al. 2016) database. Table S8-S11 are available 

online: https://doi.org/10.1371/journal.pcbi.1005895. 

Species-specific model reconstruction 

Genome-scale metabolic models were reconstructed for five Plasmodium species (P. 

falciparum ‘Pfal’, P. knowlesi ‘Pkno’, P. vivax ‘Pviv’, P. cynomolgi ‘Pcyn’, and P. 

berghei ‘Pber’). The details of the procedure for building Plasmodium multi-species 

genome-scale metabolic models are outlined in Figure A3.  

Acknowledgments 

Chapters 3 is, in part, reprint of material in Abdel-Haleem AM, Hefzi H, Mineta K, Gao 

X, Gojobori T, Palsson BO, et al. (2018) Functional interrogation of Plasmodium genus 

metabolism identifies species- and stage-specific differences in nutrient essentiality and 

drug targeting. PLoS Comput Biol. 2018 Jan 4;14(1):e1005895. The dissertation author 

was the primary author of this paper.  

 

 

https://doi.org/10.1371/journal.pcbi.1005895
https://doi.org/10.1371/journal.pcbi.1005895


82 
 

 



Chapter 4: Integrated metabolic modeling, culturing and 
transcriptomics explains enhanced virulence of V. cholerae during co-
infection with ETEC 
 

4.1 Introduction 
Many studies focus on single-species infections despite the fact that pathogens often 

cause infections as part of multi-species communities (Ibberson, Stacy et al. 2017). The 

majority of studies that aim at identifying essential genomes, for example, have largely 

depended on single cultures (Zhang, Ou et al. 2004, Gerdes, Edwards et al. 2006, Chen, 

Minguez et al. 2012, Chen, Lu et al. 2017). Such studies, thus, identify sets of 

‘conditionally-dependent essential’ genes depending on the investigated growth 

conditions. Co-infecting microorganisms alter pathogen gene essentiality during 

polymicrobial infections (Ibberson, Stacy et al. 2017). Nevertheless, a limited number of 

studies have attempted to identify variations in growth capabilities or gene essentiality of 

a pathogen in co-infection conditions.  

Many metabolic processes are critical for cellular growth and survival, and hence a 

pathogen’s anabolic and catabolic capabilities are usually tightly linked to its growth 

capabilities. There is also growing evidence that, in addition to signals from the 

environment, the metabolism of a pathogen plays a major role in its virulence as well 

(Kim, Kim et al. 2011, Bogard, Davies et al. 2012, Fouts, Matthias et al. 2016, Bartell, 

Blazier et al. 2017).  

Genome-scale metabolic network reconstructions (Lewis, Nagarajan et al. 2012, Bordbar, 

Monk et al. 2014, O'Brien, Monk et al. 2015) (GENREs) have proven to be powerful 

tools to probe the metabolic capabilities of several enteric pathogens including E. coli 

(Monk, Charusanti et al. 2013), Shigella (Monk, Charusanti et al. 2013) and Salmonella 
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(Seif, Kavvas et al. 2018). GENREs are knowledge bases describing metabolic 

capabilities and the biochemical basis for entire organisms (Lewis, Nagarajan et al. 2012, 

Bordbar, Monk et al. 2014, O'Brien, Monk et al. 2015). GENREs can be mathematically 

formalized and combined with numerical representations of biological constraints and 

objectives to create genome-scale metabolic models (GEMs) (Lewis, Nagarajan et al. 

2012, Bordbar, Monk et al. 2014, O'Brien, Monk et al. 2015). These GEMs can be used 

to predict biological outcomes (e.g. gene essentiality, growth rate) given an 

environmental context (e.g. metabolite availability (Monk, Lloyd et al. 2017, Seif, 

Kavvas et al. 2018)). Metabolic models recapitulate the biological processes of nutrient 

uptake and metabolite secretion, which can be the basis of some microbial interactions 

(Mendes-Soares, Mundy et al. 2016). Growing number of experiments illustrated the 

predictive power of metabolic-driven computational approaches to describe emergent 

behaviors of co-existing species (Stolyar, Van Dien et al. 2007, Klitgord and Segre 2010, 

Wintermute and Silver 2010, Freilich, Zarecki et al. 2011, Kreimer, Doron-Faigenboim et 

al. 2012, Ponomarova and Patil 2015). However, deploying computational models to 

predict variations in pathogens’ growth capabilities when present in single or co-infecting 

scenarios has not been investigated.  

V. cholerae is a Gram-negative bacterium that causes acute voluminous diarrhea 

representing a dramatic example of an enteropathogenic invasion. Cholera infections are 

typically caused by contaminated food and water (Sack, Sack et al. 2004, De Nisco, 

Rivera-Cancel et al. 2018). Seven cholera pandemics have been recorded in modern 

history and the latest is still ongoing (Clemens, Nair et al. 2017),(Van der Henst, 

Vanhove et al. 2018),(Cava 2017). V. cholerae life-cycle is marked by repetitive 
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transitions between aquatic environments and the host gastrointestinal tract, thus it has to 

adjust to different qualities and quantities of nutrient sources (Moisi, Lichtenegger et al. 

2013). Within the human host, a highly active metabolic program is necessary to support 

V. cholerae high growth rates (Moisi, Lichtenegger et al. 2013) where it was reported that 

cell numbers reach up to 108cells/g stool excreted by cholera patients (Sack, Sack et al. 

2004, Moisi, Lichtenegger et al. 2013). Further, several reports have suggested a role for 

central metabolism in regulating the production of virulence factors in V. cholerae 

(cholera toxin ‘CTX’, and toxin coregulated pilus ‘TCP’). For instance, TCP and CTX 

are not produced when V. cholerae is grown in M9-glycerol (Miller and Mekalanos 1988, 

Patra, Koley et al. 2012, Minato, Fassio et al. 2013). The Entner-Doudoroff pathway has 

been shown to be obligatory for gluconate utilization and plays an important role in 

regulating V. cholerae virulence (Patra, Koley et al. 2012). While most case reports focus 

on V. cholerae as the single causative agent of diarrhea in case of cholera infections, V. 

cholerae has commonly been involved in dual infections with enterotoxigenic E. coli 

(ETEC) (Qadri, Khan et al. 2005, Chowdhury, Begum et al. 2010, Salem, Leitner et al. 

2015), the second most frequent cause (~15%) of diarrheal diseases after V. cholerae. 

Notably, dual infections of V. cholerae and ETEC are associated with increased severity 

and increased healthcare costs (Chowdhury, Begum et al. 2010). Thus, there is a need to 

study the variations in growth capabilities and gene essentiality between single- and 

multi-species infections of pathogens in general, and of V. cholerae in particular.  

In this chapter of the dissertation, we built a V. cholerae genome-scale metabolic model 

and validated its single gene essentiality predictions against experimentally published 

data. We then evaluated the growth capabilities of V. cholerae in relation to other enteric 
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pathogens by simulating their growth on 656 growth conditions spanning several nutrient 

sources under aerobic and anaerobic conditions. Following, we reconstructed a co-

infection model of V. cholerae with ETEC in a shared environment and compared the 

growth capabilities of V. cholerae in single vs. co-infection settings. Co-infection model 

simulations allowed for a comprehensive assessment of variations in growth capabilities 

and single gene essentiality when V. cholerae is grown solely or in co-culture with 

ETEC. In vitro co-cultures of the two enteric pathogens as well as dual RNAseq data 

reflected corresponding variations in growth rates and gene expression levels, 

respectively. Using single and co-infection models, we predicted V. cholerae essential 

genes representing potential druggable targets that would be of broader spectrum against 

V. cholerae both single and co-infections. The present work is computationally driven 

using high quality experimentally verified in silico and in vitro models, however, the 

current analysis should be viewed as a means to prioritize potential druggable targets of 

pathogens that are known to be involved in single and multi-species infections. 

 

 



87 
 

 

Figure 4.1| The workflow for co-infection model reconstruction and validation. Our workflow involves a staging 
of computational and experimental methods to investigate the variability in metabolic capabilities and essential genome 
of a microbe in single and co-infection conditions. Step 1. The V. cholerae reconstruction was built using genome 
annotation, literature and transcriptomic data from single-cultures of V. cholerae V52. The reconstruction was then 
converted into a mathematical model and was validated against experimental data from previously published single 
gene deletion studies (Cameron, Urbach et al. 2008, Chao, Pritchard et al. 2013, Kamp, Patimalla-Dipali et al. 2013). 
Step 2.  Once validated, iAM-Vc960 model was used to simulate V. cholerae growth across diverse set of conditions to 
gain insights into its metabolic capabilities relative to other enteric pathogens. Step 3. A two-species community model 
was then reconstructed simulating the growth of V. cholerae and ETEC in a shared space (i.e. infection site). Step 4. 
Co-infection model predictions were then compared to emergent behavior of the two pathogens in vitro. Transcriptomic 
data was also generated for the single and co-cultures. Step 5.  V. cholerae single-gene essentiality predictions were 
compared between single and co-cultures to identify druggable targets that would cover a broader spectrum of V. 
cholerae infections.  
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4.2 Results 

4.2.1 Characterizing the metabolic capabilities of V. cholerae  
iAM-Vc960, a manually curated and quality-controlled GEM of V. cholerae was 

constructed (Figure 4.1, Step 1) to probe the enteric pathogen’s metabolic capabilities and 

gene essentiality in single and co-infections. We sequenced and annotated the genome of 

V. cholerae 52, an O37 serotype strain (see Appendix B and Table B1 for details). 

Transcriptomics data of V. cholerae V52 single-cultures in minimal media was also 

generated and used to further refine iAM-Vc960 (Table S2). iAM-Vc960 accounts for 

2172 reactions, 1741 metabolites across three compartments (cytosol, periplasm and 

extracellular compartments) and 960 metabolic genes. Gene-protein-reaction (GPR) 

associations could be defined for 72% of all enzymatic reactions (Figure 4.2a & Table 

S1).  iAM-Vc960 exceeds the automatically generated V. cholerae model as part of the 

Path2Models (Buchel, Rodriguez et al. 2013) project in terms of its gene, metabolite and 

reaction content. 584 (89%) of the Path2Models V. cholerae model genes were already in 

iAM-Vc960. The remaining 68 genes were mostly non-metabolic. The Path2Models V. 

cholerae model has a generic objective function where all biomass coefficients are 1. 

Thus, we could not perform a functional comparison between iAM-Vc960 and the 

previously published V. cholerae model since the later was unable to produce any 

biomass as downloaded from the biomodels repository (see Appendix B for details on 

comparison to other previously published V. cholerae GEMs (Henry, DeJongh et al. 

2010)).  

iAM-Vc960 predicted growth rate was 1.07 mmol/gDW/h, in M9 minimal medium 

supplemented with glucose, corresponding to a doubling time of 39 minutes. Previous 
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experiments (Soler-Bistue, Mondotte et al. 2015) using V. cholerae species reported 

doubling times of 38 min and 147 min for fast and slow growth, respectively. Hence, 

iAM-Vc960 predicted doubling time was within the expected range. 

 

 

Figure 4.2| Content description and performance evaluation of iAM-Vc960 (V. cholerae) a) Reaction and gene 
content of iAM-Vc960 (see details in Table S1) b) Comparison of iAM-Vc960 gene essentiality predictions (simulating 
in vitro growth conditions in rich medium, Table S3) showed 87% accuracy when compared to single gene deletion 
experiments from OGEE essential (n = 458) and non-essential (n = 758) gene datasets obtained (Chao, Pritchard et al. 
2013, Chen, Lu et al. 2017). In silico gene essentiality was graded (Abdel-Haleem, Hefzi et al. 2018) according to the 
percentage of reduction in growth rate compared to wild type (see Appendix B for details). Fisher exact test as well as 
Matthew correlation coefficient (MCC) were used to compute significance of overlapping consistent predictions for 
iAM-Vc960. We define a gene as essential when its deletion reduced growth by more than 10% of the wild-type 
growth rate. 
 

In order to further validate iAM-Vc960 predictions, we tested if iAM-Vc960 could 

correctly predict gene essentiality. Multiple attempts have been made to generate 

definitive lists of essential genes, but there are still many discrepancies between these 

studies even for a model bacterium such as E. coli strain K-12 (Goodall, Robinson et al. 

2018). We thus compiled a high confidence set of genes (n = 223, Table S2) that have 

been shown to be critical for V. cholerae growth and survival from three independent 

previously published studies (Cameron, Urbach et al. 2008, Chao, Pritchard et al. 2013, 

Kamp, Patimalla-Dipali et al. 2013). In rich medium (Luria-Bertani broth, LB), iAM-
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Vc960 correctly predicted 71% of the experimentally verified metabolic gene knock-outs 

(Table S2). In a second step, we also used gene essentiality data for V. cholerae str. 

C6706, a closely related O1 El Tor isolate, obtained from the Online GEne Essentiality 

(OGEE) database (Chen, Minguez et al. 2012, Chen, Lu et al. 2017) which contains 

information for essential (n = 458) and non-essential genes (n = 3144) (see Appendix B 

for a comment on serotype differences). The overall accuracy of iAM-Vc960 in 

reproducing OGEE essentiality (and non-essentiality) data was 87% (Figure 4.2b) (Table 

S3, see Appendix B for details). Overall, iAM-Vc960 predicted 225 and 171 genes to be 

essential for optimal V. cholerae growth in minimal and rich media, respectively.  

The agreement between the experimental and computational results in terms of growth 

rate and single gene essentiality predictions, on the whole, validates the content of the 

reconstruction, the modeling procedure and the objective function definition (Figure 4.1, 

step 1). As such, iAM-Vc960 is a high-quality manually curated genome-scale model that 

can simulate V. cholerae metabolism and thus, can be used to predict phenotypic 

behavior of V. cholerae in response to different perturbations (e.g. culture conditions, 

interaction partners, etc). This prompted us to systematically and comprehensively assess 

the metabolic capabilities of V. cholerae to study how the pathogen adapts its network 

across the different growth conditions, assess the relative metabolic capacity of V. 

cholerae in relation to other enteric pathogens, as well as how the pathogen’s growth 

capabilities and gene essentiality is impacted in presence of other co-infecting pathogens.  
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4.2.2 V. cholerae has restricted metabolic capabilities compared to E. coli and 
Shigella 

Since enteric bacterial pathogens span several genera including Escherichia, Salmonella, 

and Shigella, we thought it would be relevant to assess the metabolic capabilities of V. 

cholerae in relation to other pathogens that cause diarrhea (Figure 4.1, Step 2). Using 

iAM-Vc960, we simulated growth capabilities of V. cholerae relative to a set of 

previously published (Monk, Charusanti et al. 2013) GEMs of 55 E. coli (both 

commensal and pathogenic) and Shigella species on minimal media with 656 different 

growth-supporting carbon, nitrogen, phosphorous, and sulfur sources in aerobic and 

anaerobic conditions (Monk, Charusanti et al. 2013, Seif, Kavvas et al. 2018). iAM-

Vc960 model size was in line with the smaller genome size of V. cholerae compared to E. 

coli and Shigella (Figure 4.3a-b) where V. cholerae has 3855 ORFs while Shigella and E. 

coli each has on average 4199 and 4663 ORFs, respectively. Nevertheless, iAM-Vc960 

metabolic genes covered 25% of V. cholerae ORFs (Heidelberg, Eisen et al. 2000). 

Notably, iJO1366 (Orth, Conrad et al. 2011), the most well developed and curated 

genome-scale metabolic model covers 29% of E. coli str. K-12 substr. MG1655 ORFs. 

On average, Shigella and E. coli GEMs covered 27% and 29%, respectively of the 

corresponding species ORFs.  

We first confirmed known metabolic differences for distinguishing V. cholerae from 

other enteric pathogens. For instance, iAM-Vc960 predicted the ability of V. cholerae to 

utilize sucrose as sole carbon source (Pfeffer and Oliver 2003, Davis and Waldor 2009). 

iAM-Vc960 could not utilize arginine as sole carbon or nitrogen sources while all E. coli 

and Shigella models were able to utilize arginine under aerobic conditions (Choopun, 

Louis et al. 2002, Amaral, Dias et al. 2014) in line with the frequent usage of the absence 
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of arginine metabolism for characterizing V. cholerae (WHO 2017).  Similarly, while E. 

coli and Shigella were able to utilize myo-inositol as sole phosphorus source, iAM-

Vc960 predicted failure of V. cholerae to grow when no other phosphorus source is 

present in the medium (Amaral, Dias et al. 2014). Further, iAM-Vc960 also correctly 

predicted the ability of V. cholerae to utilize trehalose or mannitol as alternative carbon 

sources both in aerobic and anaerobic conditions (Choopun, Louis et al. 2002, WHO 

2017).  

In contrast to E. coli, V. cholerae model displayed large loss of catabolic capabilities 

across the 656 tested growth conditions (Figure 4.3c, Table S4-S5). This computational 

result implies that V. cholerae, similar to Shigella and several pathogenic E. coli (Bliven 

and Maurelli 2012), might have lost catabolic pathways for many nutrient sources. Model 

predictions showed that V. cholerae was able to grow in 51% (n = 336) of the simulated 

growth conditions, while E. coli and Shigella were able to grow, on average, in 92% (n = 

602) and 75% (n = 493) of the tested growth conditions, respectively (Figure 4.3c, Table 

S4-S5) implicating that V. cholerae has less versatile metabolic capabilities compared to 

either E. coli or Shigella. In fact, V. cholerae metabolic capabilities were more similar to 

Shigella than E. coli (Figure 4.3c).  V. cholerae model completely lost the capability to 

sustain growth on nutrient sources for which most of E. coli and Shigella models had 

growth capabilities. Some of these nutrients include D-lactate, D-fumarate, lactose, L-

alanine-glutamate, uridine,  xanthosine, thymidine, R-Glycerate, sn-Glycero-3-

phosphoethanolamine, 4-Hydroxy-L-threonine, L-Asparagine, L-proline,  L-Arabinose, 

and L-Xylulose as carbon sources as well as nitrate, nitrite (Bueno, Sit et al. 2018), 

ornithine, L-proline, agmatine, uracil, and putrescine (Beyhan, Tischler et al. 2006), as 
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nitrogen sources,  and myo-Inositol-hexakisphosphate as phosphorus sources. Further, 

most Shigella models and iAM-Vc960 were unable to sustain growth on chitobiose, D-

Malate, D-Sorbitol, L-Fucose, ethanolamine, galactitol, propionate, D-Galactonate, 

choline, allantoin as sole carbon sources as well as hypoxanthine, inosine, and urea as 

nitrogen sources, whereas almost all other E. coli models examined were able to sustain 

growth under the same conditions.  

Several tests based on nutrient utilization are routinely used to distinguish between 

pathogens that cause diarrhea. Using GEMs of enteric pathogens can aid in providing a 

comprehensive assessment of potential metabolite markers that can be used in clinical 

practice to diagnose the causative agent of diarrhea or an enteric pathogenesis in general. 
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Figure 4.3| Assessment of metabolic capabilities of V. cholerae relative to E. coli and Shigella a) Proportion of 
metabolic genes included as GPR in GEMs of E. coli, Shigella (Monk, Charusanti et al. 2013) and V. cholerae (this 
study) relative to total number of ORFs in each species. b) Comparison of iAM-Vc960 model size relative to 
previously published 55 E. coli and Shigella genome-scale metabolic models. c) Functional assessment of V. cholerae 
metabolic capabilities relative to E. coli and Shigella using unique growth-supporting conditions. Predicted metabolic 
phenotypes on the variable growth-supporting nutrient conditions composed of different carbon, nitrogen, phosphorous, 
and sulfur nutrient sources in aerobic and anaerobic conditions. Strains are clustered based on their ability to sustain 
growth in each different environment. Columns represent individual strains, and rows represent different nutrient 
conditions. All growth conditions are listed in Tables S4-S5.  

4.2.3 Predicted expanded growth capabilities of V. cholerae in co-culture with 
ETEC 

Computational approaches modelling metabolic fluxes between organisms can be used to 

provide a mechanistic understanding of interaction patterns between different microbes 

(Klitgord and Segre 2010, Ponomarova and Patil 2015, Widder, Allen et al. 2016, 

Pacheco, Moel et al. 2019). An emergent behavior in co-culture will also relate to the 

extent of overlapping resources between the component species as well as whether or not 

there will be any cross-fed substrates (Freilich, Zarecki et al. 2011). Using V. cholerae as 

our model organism, we wanted to investigate how the metabolic capabilities (as proxy of 

growth capabilities) of V. cholerae will vary if other co-infecting pathogens are involved 

(Figure 4.1, Step 3). We thus set to model co-infections of V. cholerae and ETEC. V. 

cholerae (∼25%) followed by ETEC (∼15%) are the most prevalent bacterial pathogens 

causing diarrheal diseases in the developing world (Salem, Leitner et al. 2015). These 

bacteria are representative of species found in the same environment and are both 

involved in enteric pathogenesis. In particular, the choice of these species was inspired by 

the recurrent dual infections of both species in hospitalized patients due to diarrhea 

(Qadri, Khan et al. 2005, Chowdhury, Begum et al. 2010, Salem, Leitner et al. 2015). The 

antibody titer against cholera toxin (but not against heat-stable or heat-labile toxins 

produced by ETEC) was also found to increase in case of dual infections of V. cholerae 

and ETEC relative to single V. cholerae infections (Chowdhury, Begum et al. 2010), 
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although no mechanistic explanation was attributed to these variations. V. cholerae V52 

was also observed to be virulent against several other Gram-negative species including E. 

coli although ETEC was not tested (MacIntyre, Miyata et al. 2010).  

To investigate the behavior of the individual pathogens in co-infection relative to their 

single infections, we used iAM-Vc960 and a previously reconstructed GEM of ETEC, 

iETEC1333 (Monk, Charusanti et al. 2013) to simulate the growth of V. cholerae and 

ETEC in a single shared environment (Zelezniak, Andrejev et al. 2015, Ponomarova, 

Gabrielli et al. 2017). Metabolic genes, metabolic reactions, and metabolites were 

compared across the species-specific networks. iAM-Vc960 and iETEC-1333 had 1672 

metabolites in common. This represented 96% and 85% of V. cholerae and ETEC total 

metabolites, respectively. To distinguish between shared and species-specific 

metabolites, each organism was represented as a separate compartment (Figure 4.4a) with 

a shared space representing the co-culture/infection medium. 23% (n = 380) of the 

common metabolites between the two models were amenable to exchange by being 

available in the shared extracellular space (Figure 4.4a). In total, the co-culture model, 

iCo-Culture2993, had 4550 reactions, 3335 metabolites and 2293 genes. The objective 

function was set to maximize the biomass function of each pathogen, simulating growth 

of both species at 1:1 composition (see Appendix B for details of development and 

refinement of the co-culture model).  

We then used the same set of 656 growth conditions to assess the difference in metabolic 

capabilities of V. cholerae and ETEC in single- and co-infections.  All three models 

(iAM-Vc960, iETEC1333 and iCo-Culutre2993) were able to grow in 51% (n = 333) of 

the tested growth conditions. ETEC was able to grow in 42% (n = 277) growth conditions 
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that V. cholerae was unable to utilize in single-culture. However, iCo-Culture2993 

acquired the capability to grow under the same conditions (Figure 4.4c, Table S4-S5). A 

closer look revealed that the majority of those acquired capabilities were due to ample 

cross-feeding opportunities enabled by the ETEC model. For instance, iAM-Vc960 is 

unable to grow on putrescine as sole nitrogen or carbon sources. iETEC1333 and iCo-

culture2993, however, are able to degrade putrescine into glutamate by putrescine 

transaminase (patA: ETEC_3343) or into glutamate and succinate through the gamma-

glutamyl putrescine synthetase (puuA: ETEC_1401)/oxidoreductase (puuB: ETEC_1405) 

pathway, both being absent in V. cholerae genome. Similarly, V. cholerae cannot 

catabolize uridine (and xanthine) whereas ETEC can degrade uridine, xanthine and 

xanthosine into ribose as it possesses pyrimidine-specific ribonucleoside hydrolases 

(RihA, RihB, RihC: ETEC_0680, ETEC_2297, ETEC_0030) which can potentially be 

cross-fed to V. cholerae. In addition, several D- amino acids were observed to be cross-

fed where they are degraded by ETEC into forms that can be utilised by V. cholerae, e.g. 

D-allose which is degraded by ETEC D-allose kinase (alsK: ETEC_4394) into fructose-

6-phosphate that can be cross-fed to V. cholerae. Similarly, fructoselysine is metabolised 

by ETEC fructoselysine kinase (frlD: ETEC_3624) and fructoselysine 6-phosphate 

deglycase (frlB: ETEC_3622) into glucose-6-phosphate which can be cross-fed to V. 

cholerae. None of those genes have been identified in the genome of V. cholerae to date 

(determined via searching the annotated genome of V. cholerae O1 biovar El Tor str. 

N16961 in PATRIC (Wattam, Davis et al. 2017) and Uniprot, as well as the annotated 

genome of V. cholerae V52 generated in this study and two other assemblies 
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GCF_001857545.1 and GCF_000167935.2 retrieved through PATRIC (Wattam, Davis et 

al. 2017)). 

Overall, iETEC1333, iAM-Vc960 and iCo-culture2993 were able to grow in 94% (n = 

614), 51% (n = 336) and 93% (n = 613) of the simulated growth conditions, respectively 

(Figure 4.4b). As such, we predict that V. cholerae metabolic capabilities are expanded in 

co-infections with ETEC relative to V. cholerae single-infections while ETEC metabolic 

capabilities are almost not affected where the main differences among the two species lie 

in their capability to uptake and catabolize various nutrient sources. Our modeling 

approach thus provides mechanistic insights into the observed increase in cholera 

infection severity in clinical patients who demonstrated increased antibody titers against 

cholera (and not ETEC) toxin in case of co-infections by the two enteric pathogens 

(Chowdhury, Begum et al. 2010).  
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Figure 4.4| Emergent variations in growth capabilities of V. cholerae and ETEC in co-culture relative to their 
single cultures a) Schematic of the modeling framework used to simulate growth of iAM-Vc960 and iETEC1333 in a 
shared environment, metabolite-mediated microbial interactions, 380 metabolites were made available in the shared 
extracellular space. b) Ternary plot showing +600 growth conditions to compare the metabolic capabilities of V. 
cholerae and ETEC single cultures relative to their co-culture. Values used for plotting (via ggtern (Hamilton NE 2018) 
were predicted flux rates in the biomass objective function of each model and are meant to show the ability to grow or 
not grow under the respective growth condition. c) In vitro growth cultures of V. cholerae and ETEC in single- and co-
cultures. Quantification of V. cholerae and ETEC colony-forming units (CFUs) in single cultures and co-cultures after 
7 h for the CFU (pooled technical replicates of n = 3 biological replicates) in M9 minimal media supplemented with 0.5 
% glucose, 1 mM MgSO4 and 0.1 mM CaCl2, 5uL spotted at each time point. Data shown as mean ± SD for three 
biological replicates. d) Dynamics of V. cholerae in co-culture with ETEC and in single culture. Data shown as mean ± 
SD for three biological replicates 

4.2.4 Growth rate of V. cholerae is increased when co-cultured with ETEC in vitro 
To validate our predictions, we employed single- and co-culture in vitro experiments 

(Figure 4.1, Step 4) to characterize the properties and growth kinetics of our enteric 

pathogens co-infection model (Figure 4.4c-d, Table S6). We developed a robust in vitro 

co-culture system of V. cholerae V52 and two different ETEC strains (E36 or E616) in 

M9 minimal medium supplemented with glucose (Figure 4.4c-d). Using killing assays 

(data not shown), E36 and E616 were shown to vary in their ability to grow in co-culture 

with V. cholerae V52. We determined the impact of the co-culture on each strain’s 

growth by comparing single culture abundance after 7 hours of growth to the abundance 

of each strain in co-culture at the same time (determined using CFU counting; all strains 

were in transition or stationary phase). All three strains (V52, E36 & E616) are clinical 

isolates that have been sequenced and characterized before (Pukatzki, Ma et al. 2006, von 

Mentzer, Connor et al. 2014) (see Appendix B for details on sequencing performed as 

part of the current study).  

When comparing maximal abundances, cross-feeding and competitive interactions were 

already apparent. V. cholerae V52 reached significantly higher maximal bacterial counts 

in V. cholerae V52/ETEC E36 (unpaired two-sided Wilcoxon: shift 5.8e+09, 90% 

confidence interval 3.8e+09 to 6.8e+09, p-value 0.07) and in V. cholerae V52/ETEC 
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E616 (unpaired two-sided Wilcoxon: shift 5.6e+09, 90% confidence interval 4.4e+09 to 

8.8e+09, p-value 0.1) co-cultures (Figure 4.4c-d). The maximum cell number of both 

ETEC strains tended to be lower when competing with V. cholerae V52 than when grown 

alone (unpaired two-sided Wilcoxon E36: shift -1.06e+10, 90% confidence interval -

1.14e+10 to -8.60e+09, p-value 0.07; unpaired two-sided Wilcoxon E616: shift -6e+09, 

90% confidence interval -9.4e+09 to -2.0e+09, p-value 0.1) (Figure 4.4c-d). Finally, 

according to maximal bacterial counts, E36 was more negatively affected by the presence 

of V. cholerae V52 than E616 (unpaired two-sided Wilcoxon E36: shift -6.4e+09, 90% 

confidence interval -9.4e+09 to -5.2e+09, p-value 0.1).   

Although our modeling procedure predicted and explained the increase in V. cholerae 

growth capabilities when co-cultured with ETEC, the decrease in abundance of ETEC in 

V. cholerae V52/ETEC co-cultures was not captured/predicted by our metabolic models. 

V. cholerae V52 was previously found to be highly virulent against several Gram-

negative bacteria, including E. coli and S. Typhimurium, due to type VI secretion system 

(T6SS) (MacIntyre, Miyata et al. 2010). Although ETEC was not tested for in these 

experiments, it is expected that ETEC would behave similarly to closely related 

pathogenic E. coli strains (EPEC, EHEC). Thus, the decrease in ETEC growth rate is 

very likely mediated by non-metabolic factors. We also focus on the improved growth 

rate of V. cholerae since this is of potential clinical relevance and since the decrease in 

ETEC growth rate in V. cholerae co-cultures has been investigated before. 

4.2.5 Altered gene expression in single- and multi-species co-cultures 
To assess the level of genetic perturbations due to addition of ETEC as an interaction 

partner to V. cholerae cultures, we conducted a dual RNAseq analysis (Gonzalez-Torres, 
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Pryszcz et al. 2015, Aharonovich and Sher 2016, Plichta, Juncker et al. 2016, D'Hoe, Vet 

et al. 2018) of V. cholerae co-cultures (Figure 4.1, Step 4) with each of the two ETEC 

strains (E36 or E616). We then compared the gene expression levels for each pathogen to 

its single-culture (Tables S7-S10, see methods for details). Through principal component 

analysis (PCA) (Figure B3), we found that the co-cultures expression data clustered 

independently from single-culture data indicating the genome of V. cholerae is distinct 

during co-culture compared to single-culture.  The expression of 20% of V. cholerae 

quantifiable transcriptome was significantly altered when either strains of ETEC was 

added to the culture. In particular, 15-17% of V. cholerae genome was upregulated while 

4-5% was downregulated in V. cholerae co-culture with ETEC relative to its single 

culture. V. cholerae differentially expressed genes were enriched in diverse metabolic 

processes spanning amino acid metabolism like tyrosine and L-phenylalanine (P value < 

0.01, odds ratio > 10) as well as carbohydrate metabolic processes (P value < 0.05, odds 

ratio = 2.630409) (Figure 4.5, Tables S9-S10). Upregulation of certain amino acid 

biosynthesis pathways, that can be catabolized by both species, highlights that despite 

potential cross-feeding between the two pathogens, presence of more than one infectious 

agent might eventually lead to competition (Morin, Pierce et al. 2018). Further, in support 

of non-metabolic mediated suppression in growth observed for ETEC, E36 differentially 

expressed processes were significantly enriched in taxis and chemotaxis GO terms (P 

value = 3.8e-05 and odds ratio > 20).  Also, in line with previous reports (Pukatzki, Ma et 

al. 2006, MacIntyre, Miyata et al. 2010) about T6SS expression levels, T6SS components 

were constitutively expressed in V. cholerae V52 in both single- and co-cultures (Tables 

S9-S10).  
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Figure 4.5| Dual RNAseq reveals genetic perturbation in V. cholerae single vs. co-infections with ETEC. GO 
enrichment of V. cholerae V52 differentially expressed FIGfams in co-culture with ETEC (E36: a, E616: b) relative to 
their single-cultures. Up regulation denotes that a gene set is significantly upregulated in V. cholerae V52/ETEC bi-
culture relative to V. cholerae V52 single-culture. Z-score is calculated according to Goplot (Walter, Sanchez-Cabo et 
al. 2015) (up-down/√count) where up and down are the number of assigned genes up-regulated (logFC>0) in the data 
or down- regulated (logFC<0), respectively. Overall, the GO enrichment analysis shows that metabolism-related 
processes (e.g. amino acids, carbohydrate metabolism) in V. cholerae are perturbed due to co-infection with ETEC. 
However, for ETEC, the non-metabolic processes (e.g. chemotaxis, locomotion) are perturbed.  
 
In line with predicted cross-feeding interactions between V. cholerae and ETEC, we 

found that gamma-glutamyl putrescine oxidase (puuB), putrescine utilisation regulator 

(puuR) as well as several putrescine transporters were indeed significantly upregulated in 

E616/V52 co-culture relative to E616 singleculture (logFC > 1.5, adjusted p value < 

0.05). Furthermore, neither patA nor puuB were expressed in V. cholerae V52. Similarly, 

ribose 5-phosphate isomerase B (rpiB) and transcriptional regulator of D-allose 

utilization (rpiR) were significantly upregulated in E616/V52 co-culture relative to E616 

single culture (logFC > 2, adjusted p value < 0.005) and were not expressed in V. 

cholerae V52. Lastly, transcriptional regulator of fructoselysine utilization operon (frlR), 

fructoselysine 6-kinase (frlD), fructoselysine 3-epimerase (frlC), and fructoselysine-6-

phosphate deglycase (frlB) were also significantly upregulated in E616/V52 co-culture 

relative to E616 single-culture (logFC > 1-1.5, adjusted p value < 0.05).  

Interestingly, expression levels of bacteriocins’ related genes in ETEC strains (Figure B4) 

showed that colicins’ production and tolerance genes were significantly upregulated in 

E616 co-culture with V. cholerae V52 relative to the individually grown E616 (Table 

S8). In contrast, E36, whose growth is more sensitive to co-growth with V. cholerae V52 

failed to up-regulate genes encoding colicin V production and tolerance genes (Table S7). 

Colicin V is a peptide antibiotic that members of Enterobacteriaceae commonly used to 

kill closely related bacteria in an attempt to reduce competition for essential nutrients 

(Gerard, Pradel et al. 2005). To sum up, the difference in expression level of genes 
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encoding colicins production and resistance explains why E36 growth rate was more 

severely affected when co-cultured with V. cholerae V52 relative to E616 (Figure 4.4). 

RNAseq thus confirmed that there is an emergent behavior in the co-cultures and that the 

observed changes were not just due to variations in inoculum composition or the lag 

phase (D'Hoe, Vet et al. 2018). Taken together, our integrated modeling, co-culturing and 

transcriptomics approach provided mechanistic insights into the observed increase in 

cholera infection severity in dual infections with ETEC where ETEC co-infection results 

in an increased growth rate of V. cholerae due to expanded metabolic capabilities enabled 

by ETEC. In parallel, V. cholerae suppress ETEC growth by non-metabolic factors 

resulting in an increase in cholera infection severity but not ETEC as monitored by 

antibody titer against species-specific toxins (Chowdhury, Begum et al. 2010). 

4.2.6 Evaluation of experimentally validated essential genes across single and co-
infections models of V. cholerae 

The essential genome of a large class of bacterial species has been characterized as it 

encodes potential targets for antibacterial drug development (Christen, Abeliuk et al. 

2011, Goodall, Robinson et al. 2018). Identification of essential genes is thus an 

established line for developing new therapeutics against human pathogens. Metabolic 

genes have predominated in studies of essential genomes of microbial pathogens 

(Christen, Abeliuk et al. 2011, Klein, Tenorio et al. 2012). With this in mind, we 

attempted to construct a comprehensive map of V. cholerae essential metabolic genome 

(Figure 4.1, Step 5) by projecting the list of experimentally validated essential genes onto 

our single and co-infection models’ predictions (Figure 4.6, Table S2). Selecting targets 

that are critical in both single and co-infection settings would promote the discovery of 
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novel targets or new combinations of existing antibacterials that would be effective in a 

broader spectrum of cholera infections. The color scheme of highlighted reactions (Figure 

4.6) denotes model prediction classification across single and co-infections. The red 

group in Figure 4.6 highlights reactions sensitive in both single as well as co-infections; 

this is of particular importance since the efficacy of some of the commonly used 

treatment drugs might significantly be altered in presence of more than one infecting 

agent. There are several gene deletions associated with reactions for which drugs have 

not been developed (Table S2). These highlight potential targets for new drug 

development that may aid in treating enteric pathogenesis. We also note that the green 

group identifies reactions that were missed by the models, and highlights areas for future 

model refinement.  

Out of the 80 metabolic genes that have been experimentally shown to be essential for V. 

cholerae growth and survival across several studies (Table S2), our co-culture model 

predicted 47 genes to be critical for V. cholerae growth even when a more metabolically 

versatile enteropathogen like ETEC is added to the culture irrespective of the variation in 

species composition (see methods for details).  This set of 47 genes (Figure 4.6, red 

colored) represent potential drug targets that are predicted to be effective in killing V. 

cholerae whether it is the sole cause of diarrhea or as part of polymicrobial infection. The 

majority of these enzymes were involved in cofactor biosynthesis (e.g. coenzyme A, 

tetrahydrofolate, FAD, pyridoxone-5-phosphate, pantothenate, and iron-sulfur cluster), 

isoprenoid and porphyrin metabolism as well as pyrimidine metabolism (Figure 4.6). 

Inhibitors of several of those enzymes have already been reported to have bactericidal 

effect in V. cholerae as well as in other enteric and non-enteric pathogens (Table S2). For 
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instance, phosphopantetheine adenylyltransferase and thymidylate synthase have been 

already reported as drug targets (Wattam, Davis et al. 2017) in V. cholerae and ETEC 

E616. N-acetylglucosamine transferase is a promising drug target for S. enterica while 

dephospho-CoA kinase has been shown to be an interesting drug target in ETEC E616 

and Shigella flexneri (Wattam, Davis et al. 2017). Interestingly, 12 V. cholerae genes 

were also predicted to totally lose their essentiality in dual infections with ETEC. Some 

of those were involved in de novo purine metabolism (VC1126: purB, VC2602: purA) 

and carbohydrate degradation (VC0477: pgk, VC0478: fbaA) implicating that V. cholerae 

is probably depending on ETEC to salvage these nutrients.  

ATP synthase subunits were essential for V. cholerae growth in single cultures as 

predicted by iAM-Vc960. Deletion of any of the 7 genes of F0/F1 ATP synthase locus in 

the co-culture model resulted in a species-composition dependent reduction in reduced 

optimal growth (Table S2). In models simulating high V. cholerae abundance relative to 

ETEC, ATP synthase subunits were essential for optimal co-culture growth. In contrast, 

models simulating higher ETEC abundance relative to V. cholerae were less affected 

when ATP synthase subunits were deleted (Table S2). F0/F1 ATP synthase genes have 

been shown to be essential in a variety of bacteria(Borghese, Turina et al. 1998, 

Koebmann, Nilsson et al. 2000, Ferrandiz and de la Campa 2002, Tran and Cook 2005, 

Chao, Pritchard et al. 2013) and have been recently reported as essential in V. 

cholerae(Chao, Pritchard et al. 2013). In E. coli, however, ATP synthase is not essential 

(Friedl, Hoppe et al. 1983, Jensen and Michelsen 1992, Chao, Pritchard et al. 2013). 

Thus, drug inhibitors (acting on ATP synthase subunits) that would normally kill V. 

cholerae in single-infections would have decreased efficacy in case of dual infections 
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with E. coli. This demonstrates how the comparison of essential genes between 

organisms can uncover distinct ecological and physiological requirements for each 

species (Chao, Pritchard et al. 2013). Similarly, sodium-dependent NADH 

dehydrogenase (Na+-NQR), a key component of the respiratory chain of diverse bacterial 

species, including pathogenic bacteria as well as succinate dehydrogenase subunits were 

also predicted to lose essentiality for V. cholerae growth when co-cultured with E. coli.  

 

Figure 4.6| Changes in single gene essentiality landscape of V. cholerae when co-cultured with ETEC simulating 
polymicrobial infections. Map shows 80 essential genes that have been experimentally shown to be essential for V. 
cholerae growth and survival by three independent studies. 52 genes (red) are predicted to be essential in both single 
and dual infections/cultures. (see Appendix B for a note on ATP synthase). 12 genes (yellow) are predicted to lose 
essentiality if V. cholerae is co-cultured with ETEC while being essential for V. cholerae growth in single cultures (in 
absence of an interaction partner). 16 genes (green) are predicted to be non-essential for V. cholerae growth in single 
cultures whereas experimental data showed they are essential.  
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4.3 Discussion 
We have investigated the growth phenotypes and single gene essentiality variations of a 

representative human pathogen, V. cholerae, when implicated in single or co-infections. 

We found that V. cholerae growth rate is significantly increased in co-infection scenarios 

with ETEC. Our modeling procedures explained this increase in V. cholerae growth rate 

by an expansion in its metabolic capabilities through cross-fed metabolites enabled by 

ETEC, reproducing observed behavior in patients with dual infections by the two enteric 

pathogens. We further predicted a core set of essential genes that are critical for V. 

cholerae growth whether it is implicated in single or dual infections with ETEC.  

Our modeling approach allowed us to chart possible metabolites that can be cross-fed to 

V. cholerae through ETEC (Table S5). Cross-feeding, in which one species produces 

metabolites consumed by another, has been shown more than often to be adopted by co-

existing species across diverse environments (Harcombe 2010, Wintermute and Silver 

2010, Ponomarova and Patil 2015, Pacheco, Moel et al. 2019). Questions like: whether 

the release of cross-fed metabolites or byproducts would enhance or enable the growth of 

other species or whether it will be costless or associated with reduced fitness of the 

producer, are not usually clear. Such questions become of even greater importance when 

it comes to pathogens since this will have direct impact on the dosage and spectrum of 

used antibiotics. Our integrative approach provides insights into how to arrive at primary 

answers to similar questions that should direct future experimental work. 

A large fraction of V. cholerae essential genome (36%) (see Appendix B for details) 

consists of metabolic functions spanning several processes including cell wall 

biosynthesis, lipid metabolism, and cofactor biosynthesis (Cava 2017, Clemens, Nair et 
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al. 2017, Van der Henst, Vanhove et al. 2018). The majority of essential genes for V. 

cholerae growth whether it is causing single- or co-infections were also involved in 

cofactor biosynthesis. Interestingly, cofactor-use-efficient pathways were often favored 

by organisms that depend on simple carbon sources under anaerobic conditions (Du, 

Zielinski et al. 2018) resembling growth conditions in the intestine (Fallingborg 1999, 

Bueno, Sit et al. 2018) where V. cholerae and ETEC establish their infection. The 

application of this work is of immediate relevance for the choice of antibiotics used in 

case of single- or polymicrobial infections. Strategies that depend on an increase in 

dosage of one drug or combining drugs of known efficacy against individual species 

might not necessarily work when two or more pathogens are operating together. Our 

findings indicate that the essential genome of V. cholerae is distinct during co-infection 

compared to single-infection and highlight the importance of studying pathogen gene 

essentiality in polymicrobial infections. While replacement fluids are the main treatment 

line for cholerae infections, antibiotics are frequently used to lessen the diarrheal purging, 

decrease the need for rehydration fluids and shorten the recovery time (Sack, Sack et al. 

2004). For other human pathogens however, antibiotics are the main stay and we envision 

that our workflow can be applied to other pathogens and their most frequently reported 

co-infecting partners. We believe that such an integrative approach could be routinely 

integrated as part of drug target development pipelines.  

An integral part of constraint-based modeling relies on reconciling differences that arise 

between modeling and experiments (Thiele, Hyduke et al. 2011, Lewis, Nagarajan et al. 

2012, Bordbar, Monk et al. 2014, O'Brien, Monk et al. 2015). In our case, co-infection 

models’ simulations predicted an increase in V. cholerae growth rate coupled to almost 
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no-impact on ETEC growth capabilities. This is in line with recent studies showing that 

most organisms secrete a broad distribution of metabolically useful compounds without 

cost in a variety of environmental conditions (Pacheco, Moel et al. 2019). However, our 

in vitro co-culture experiments, revealed a significant decrease in ETEC growth rate 

leading us to conclude, in light of existing literature, that the suppression in ETEC growth 

is potentially mediated by non-metabolic factors that are not captured by our GEMs.  

Although our approach is based on computational predictions and in vitro experiments 

which definitely miss out on several parameters compared to in vivo models, our growth 

phenotype matched observed behavior in patients presenting with diarrhea while being 

co-infected with both V. cholerae and ETEC showing higher antibody titers against 

cholera toxin relative to patients infected with V. cholerae only(Chowdhury, Begum et al. 

2010). Nevertheless, we realize that there are other processes that are not accounted for 

even after integrating data from various sources within the current approach. For 

instance, the fact that our metabolic model could not predict the decrease in ETEC 

growth rate implies that this effect is probably mediated by a non-metabolic factor that is 

not captured by the metabolic models as such. Future models, building upon the present 

reconstruction, can expand the modeling scope to account for synthesis and secretion of 

V. cholerae virulence factors (Kim, Kim et al. 2011, Bogard, Davies et al. 2012, Fouts, 

Matthias et al. 2016, Bartell, Blazier et al. 2017) in an attempt to investigate how the 

metabolic network of V. cholerae impacts the synthesis of its virulence factors. Co-

culture experiments create an artificial community in a controlled environment and thus 

provide ideal conditions to test ecological concepts concerning community stability and 

dynamics that cannot easily be measured in macro-ecological complex systems (Faust 
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and Raes 2012). However, most parts of the human intestine are hypoxic, vary in pH 

level (Fallingborg 1999, Bueno, Sit et al. 2018), and are inhabited by diverse sets of 

commensal microbes which are not accounted for when solely depending on in vitro 

experiments. Current predictions and experiments thus do not capture several of these 

factors including temperature, pH changes, signaling, gene regulation, serotype 

differences, and co-existing commensal microbes (which may account for the absence of 

the V. cholerae growth phenotype when using solid agar or spent media for co-infection 

modeling, see Appendix B for details).  

To our knowledge, this is the first study to investigate a synthetic enteric pathogens 

community with a combination of in vitro single- and co-cultures, mechanistic modeling 

and gene expression analysis. Constraint-based modeling approaches, which can take 

emergent metabolism into account (Orth, Thiele et al. 2010), require high-quality 

metabolic reconstructions for each community member, which take months of curation 

effort to obtain (Thiele and Palsson 2010). However, the modular nature of the modeling 

approach followed here implies that such approaches can be scaled up to simulate 

polymicrobial infections as well as co-existing commensal microbes to further prioritize 

druggable targets that would be effective in even broader range of infection conditions. 

Collectively, this work illustrates the importance of harnessing the power of integrative 

predictive modeling coupled with co-culture experiments to recognize potential 

amplification in a pathogen’s growth capabilities a priori which could contribute to 

downstream therapeutic and management options. 



112 
 

4.4  Materials and methods 
The methods employed for the reconstruction, simulation, and analyses presented in this 

manuscript are briefly summarized below, with further details regarding the procedures, 

protocols, calculations, and quality control measures provided in Appendix B.  

Bacterial strains and culture conditions 

Bacterial strains were grown in M9 (Sigma Aldrich) minimal medium supplemented with 

0.5 % glucose, 1 mM magnesium sulphate and 0.1 mM calcium chloride, unless 

otherwise specified. V. cholerae V52 (O37 serogroup) and the Enterotoxigenic E. coli 

strains (ETEC E616 and ETEC E36) were a kind gift from Prof. Sun Nyunt Wai, Umeå 

University, Sweden. V. cholerae and ETEC were grown either individually (mono-

cultures – V52, E616 and E36) or in combination (co-cultures – V52/E616 and V52/E36) 

at 37 °C at 200 rpm. Co-cultures were started with equal concentrations of each strain. 

The absorbance (OD600) was measured every 1h over a period of 7h for the growth curve 

measurements. Simultaneously, at every hour, an aliquot was taken from each culture 

flask, serially diluted and 5µL were spotted (three technical replicates) on agar plates 

containing appropriate antibiotics (100µg/mL of rifampicin or 15µg/mL of tetracycline). 

V52 mono-cultures were spotted on rifampicin plates whereas ETEC E616 and E36 

mono-cultures were spotted on tetracycline plates. All co-cultures were spotted on both 

sets of antibiotic plates. All plates were incubated for a period of 12-16h at 37 °C after 

which the colonies were counted and the cfu/mL was calculated 

DNA extraction, sequencing and genome assembly 

Genomic DNA and plasmids (in case of ETEC) were extracted from bacterial cells for 

the purpose of whole genome sequencing. V. cholerae and ETEC cells (mono-cultures) 
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were inoculated in rich LB (Sigma Aldrich) medium and grown at 37 °C at 200 rpm until 

stationary phase. Subsequently cells were harvested and lysed and the genomic DNA was 

extracted using the DNeasy® Blood & Tissue Kit (Qiagen), according to manufacturer’s 

instructions. Plasmid DNA from both the ETEC strains was additionally isolated using 

the Gene Jet Plasmid Miniprep Kit (Thermo Scientific) by following the manufacturer’s 

instructions. 

Genome sequences were assembled using SPAdes(Bankevich, Nurk et al. 2012) for V. 

cholerae V52 and SPades and plasmidSPAdes(Antipov, Hartwick et al. 2016) for ETEC 

E616 and ETEC E36. PATRIC (Wattam, Davis et al. 2017) and eggNOG mapper 

(Huerta-Cepas, Szklarczyk et al. 2016) were used for genome annotation. 

Reconstruction of V. cholerae GEM, iAM-Vc960 

A list of metabolic pathways in V. cholerae V52 was built based on the genome 

annotation generated in this study as well as those available in PATRIC and that of V. 

cholerae O1 N16961 (Table S1). Stoichiometric matrix was constructed with mass and 

charge balanced reactions in the standard fashion and flux balance analysis was used to 

assess network characteristics and perform simulations (Orth, Thiele et al. 2010). We 

used iJO1366 (Orth, Conrad et al. 2011) as a starting point for reconstruction efforts. A 

GEM is a curated structured knowledge base that contains all of the biochemical 

transformation occurring in a cell along with a mapping of the gene encoding them 

(O'Brien, Monk et al. 2015). We built an objective biomass function based on iJO1366 

and V. vulnificus (Kim, Kim et al. 2011) previously reconstructed GEM. Additional 

reaction content was added from KEGG, and BIOCYC databases. All reactions added 

were manually curated according to a published protocol (Thiele and Palsson 2010). 
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Validation of iAM-Vc960 single gene deletion essentiality predictions 

We downloaded gene essentiality data for V. cholerae O1 str. C6706 from the Online 

GEne Essentiality (OGEE) database (Chen, Minguez et al. 2012, Chen, Lu et al. 2017). In 

total, 3886 genes (total number of ORFs identified in V. cholerae) were tested for 

essentiality. 458 genes were essential, 148 were essential for fitness, 3144 were non-

essential and 136 were unknown. Out of the 458 essential genes, 145 were metabolic 

genes and were already in iAM-Vc960. iAM-Vc960 predicted 94 of those to be essential 

while the remaining 51 were falsely predicted by the model as non-essential. For the non-

essential genes, 758 of those were already in iAM-Vc960. The model could predict 693 

as non-essential while 65 were falsely predicted by the model as essential. The overall 

accuracy of the model predicted single gene essentiality was 87% (Figure 4.2c). This 

discrepancy between the model predictions and the OGEE dataset, the high confidence 

set that we used earlier and assuming low experimental error rate, indicates that the 

reconstructed V. cholerae reactome is incomplete and that there is further room for 

improvement and refinement of the iAM-Vc960 representing opportunities for new 

biological discoveries.  

Catabolic capabilities of V. cholerae, ETEC and co-infection GEMs 

Growth in 656 different growth supporting conditions was simulated for iAM-Vc960, 

iETEC1333 and iCo-Culture and then compared to identical simulation conditions for 55 

GEMs of E. coli and Shigella (Monk, Charusanti et al. 2013). Table S4 details the 

simulation conditions for the alternative nutrient sources and Table S5 shows all 

simulated growth conditions. Nutrient sources with growth rates above 0.01 were 

classified as growth supporting, whereas nutrient sources with growth rates less than 0.01 
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were classified as non-growth supporting. The binary results from the growth/no growth 

simulations were used to reconstruct the heatmap (Figure 4.3c). Ward’s agglomerative 

clustering of the matrix of correlations was used to cluster the species. The heatmap was 

visualized using the pheatmap R package. The ternary plot (Figure 4.4b) was visualized 

using the ggtern R package (Hamilton NE 2018).  

Metabolic modeling of co-infection of V. cholerae and ETEC 

To simulate co-infection, individual species models were combined into a community 

model where each species would interact with a common external metabolic environment 

through their metabolite exchange reactions (Zelezniak, Andrejev et al. 2015, 

Ponomarova, Gabrielli et al. 2017). This allowed each species to access the pool of 

media/infection site metabolites as well as metabolites that are released/uptaken by the 

other. Each species could secrete/uptake only those metabolites for which an exchange 

reaction (e.g. via transporters or free diffusion) exists in the model. The widely-employed 

FBA objective of biomass maximization (Orth, Thiele et al. 2010) was replaced with the 

maximization of a weighted sum of the biomass production fluxes for the community 

members (Zomorrodi and Segre 2016), i.e. the objective function was set to maximize the 

biomass function of each pathogen, simulating growth at 1:1 species 

composition/abundance. FBA was performed using open CORBA in Matlab 2016b, and 

the Gurobi solver v7.0. 

RNA Extraction, Sequencing and Data Analysis 

Sampling of cells for the purpose of RNA extraction was performed as follows: Bacterial 

cells (mono-cultures and co-cultures of V. cholerae and ETEC) were grown to mid 

logarithmic phase in shake flasks at 37 °C at 200 rpm. In case of the co-cultures, equal 

https://cran.r-project.org/web/packages/pheatmap/index.html
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concentrations of individual mono-cultures were inoculated into the same medium from 

the start. Once the appropriate growth phase was reached, the cells were harvested. RNA 

was extracted from the harvested cells using the RNeasy®Mini Kit (Qiagen), according to 

manufacturer’s instructions. Experiments were carried out in triplicates. The RNA 

extracted was in the range of 200 – 100 ng/µL.  

RNAseq reads from mono-cultures were directly aligned to the genome assembly of the 

corresponding species. To check for reads cross mapping, we first attempted to map V. 

cholerae reads against ETEC genome assembly and vice versa. In either case, the 

percentage of mapped reads was < 2% (Figure B2) indicating minimal cross-mapping 

between the two species. Following, we constructed an artificial genome assembly of 

both V. cholerae and ETEC combined, i.e. representing the co-culture as a single entity 

by merging the genome assemblies of the two species. PATRIC (Wattam, Davis et al. 

2017) was used for annotation of the merged genome assembly. V. cholerae and ETEC 

reads from the co-culture were then each separately aligned against the merged genome 

assembly and read counts were computed, i.e. we sequenced and annotated the genome 

sequences from the single and dual cultures using the same assembly and annotation 

pipeline to avoid differential gene calling. Although all strains used in this study (V. 

cholerae V52, ETEC E36 & E616) are clinical isolates that have been sequenced and 

characterized before (Pukatzki, Ma et al. 2006, von Mentzer, Connor et al. 2014), we 

have generated new assemblies and annotations mainly for the sake of consistency for 

gene calling where we subjected the mono- and co-culture transcriptomes to the same 

processing and annotation pipelines. Bowtie2 (Langmead and Salzberg 2012) was used 

for all genome alignment. Read counts for all genes were extracted with HTSeq-count 
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(Anders, Pyl et al. 2015), normalized and analysed using the R package DESeq2 (Anders 

and Huber 2010). In order to do differential expression analysis between the genome 

assemblies generated from the mono cultures and the co-cultures, we aggregated genes 

by their FIGfam IDs (Meyer, Overbeek et al. 2009). Members of a FIGfam, are believed 

to implement the same function, they are believed to derive from a common ancestor, and 

they can be globally aligned. We wanted to see if there are specific functions that will be 

significantly altered between the two culture conditions especially that the sequence 

identity between ETEC and V. cholerae is around 80% (Chao, Pritchard et al. 2013). 

FIGfam IDs were aggregated by keeping the FIGfam ID with the maximum value of raw 

read counts across all replicates from both the mono- and co-cultures.  Gostats (Falcon 

and Gentleman 2007) R package was used for the GO enrichment analysis and Goplot 

(Walter, Sanchez-Cabo et al. 2015) R package was used for visualization of GO 

enrichment results. The details of procedure for dual RNAseq data analysis are outlined 

in Figure B2 and in the supplementary text and code.   

Data availability 

Genome sequences and RNAseq files will be deposited in the SRA. The V. cholerae 

iAM-Vc960 model will be deposited in BiGG (Schellenberger, Park et al. 2010) and the 

co-infection model is available upon request.  All code used in this project is available 

upon request through Rmd files and can be used for reproducibility and to display results 

alongside corresponding analyses. Tables B1-B11 are available as part of supplementary 

material.  
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Chapter 5: The emerging facets of noncancerous Warburg effect 
 

5.1 Introduction 
While all cells need a source of energy to maintain homeostasis, proliferating cells 

require a substantial amount of nutrients to produce biosynthetic building blocks and 

macromolecules for the newly produced daughter cells (Lunt and Vander Heiden 2011). 

Both glycolysis and respiration through oxidative phosphorylation (OxPhos) can generate 

free energy, in the form of adenosine-5′-triphosphate (ATP) (Lunt and Vander Heiden 

2011) . Most cells metabolize glucose to pyruvate via glycolysis, and under normoxic 

conditions, the generated pyruvate is further oxidized to CO2 in the mitochondria through 

OxPhos, generating up to 36 ATP molecules per glucose molecule. When oxygen 

becomes limiting, mitochondrial OxPhos is restricted, and pyruvate is converted to 

lactate instead. However, it has been widely observed across different cell types that the 

later can predominate when oxygen is plentiful (O'Neill and Hardie 2013). A common 

feature among cells exhibiting this phenomenon of aerobic glycolysis is ‘rapid 

proliferation’. Although it seems counterintuitive, most rapidly proliferating cells seem to 

rely on aerobic glycolysis despite the fact that it yields significantly less ATP/glucose 

compared to OxPhos (Varum, Rodrigues et al. 2011, Takubo, Nagamatsu et al. 2013). 

Different proposals have been put forward to rationalize the cell’s decision to use WE, 

however, it is still unclear whether aerobic glycolysis is ‘causal’ or if it is just a 

phenotype of rapidly proliferating cells due to metabolites overflow (Zielinski, Jamshidi 

et al. 2017).  

Although aerobic glycolysis is now an established hallmark of cancer, relatively fewer 

studies have investigated WE in noncancerous cells (Figure 5.1). In this chapter of the 
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dissertation, we discuss the role of aerobic glycolysis as a ‘hallmark of rapid 

proliferation’ as part of cellular dysregulation (cancer, inflammation, autoimmune 

diseases), physiologically regulated process (T-cell activation, angiogenesis), and 

pluripotency. Beyond mammalian cells, the WE has also been central to the 

developmental stages of rapidly proliferating stages of several pathogens, such as 

Plasmodium and Toxoplasma. Furthermore, the use of aerobic glycolysis and the 

secretion of organic acids are common in most rapidly growing microbes (e.g., yeast, E. 

coli). We argue that cells adopt aerobic glycolysis in cases where a rapid transient action 

is needed while respiration tends to support long-term constitutive (more stable) 

processes. Because the span of cells exhibiting WE is wide, we propose a systems 

biology approach based on constraint-based modeling (CBM) of metabolism (Figure 5.2) 

as a means of systematic characterization of common and distinct features of WE across 

different diseases and cell types. We regard studying common metabolic features across 

different cellular domains beyond as an expansion along the ‘pathogen’ scale introduced 

in Chapter 1 to encompass a ‘system’ scale.  

 

 

Figure 5.1| Warburg effect in cancerous and noncancerous cells. The frequency of publications on the Warburg 
effect (left) in cancer cells has not witnessed a parallel surge in studies investigating the same phenomenon in 
noncancerous context. Warburg effect has been observed across a plethora of rapidly proliferating cells in both 
physiological and pathological contexts. 
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5.2 Aerobic glycolysis is widely adopted across diverse cellular domains 

5.2.1 Adaptive immunity (Effector T-helper lymphocytes) 
In order to perform their function in protecting the body against pathogens and allergens, 

naïve T-cells need to be activated. This involves rapid proliferation (clonal expansion) 

and differentiation of naïve T cells into antigen-specific T-effectors (Teff) or T-

regulatory (Treg) cells that function to mediate or suppress immune responses, 

respectively (van der Windt and Pearce 2012, Macintyre, Gerriets et al. 2014, Mahata, 

Zhang et al. 2014). T cell activation requires energy and metabolic precursors for 

macromolecular biosynthesis (Palmer, Ostrowski et al. 2015). The role of WE in T-cell 

activation has recently become more apparent, and efforts are underway to understand its 

role. 

Upon stimulation, effector T cells exhibit high levels of glucose uptake and glycolysis 

(Wang and Green 2012). In both cancer cells and activated effector T-cells, elevated 

expression of glucose transporter, particularly GLUT1 has been reported (Jacobs, 

Herman et al. 2008, Wang and Green 2012, Macintyre, Gerriets et al. 2014). However, 

it’s unclear whether upregulation of GLUT1 happens as a prerequisite or consequence of 

T-cell activation as Teff were selectively increased in transgenic mice when Glut1 was 

overexpressed (Michalek, Gerriets et al. 2011). Enhanced glucose uptake is also linked to 

increased expression and activity of glycolytic enzymes. In humans, chronically activated 

T cells in allergic asthma patients produce high levels of lactate and overexpress pyruvate 

dehydrogenase kinase (PDK1) which inhibits pyruvate dehydrogenase and thus restrict 

the entrance of pyruvate into the mitochondrial TCA (Gerriets and Rathmell 2012, 

Ostroukhova, Goplen et al. 2012). In addition to transporters and glycolytic enzymes, 
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carcinogenesis share many metabolic regulators with T cell activation, including 

phosphoinositide 3-kinase (PI(3)K)/Akt, mammalian target of rapamycin complex 

(mTORC) (Frezza and Gottlieb 2009, Wang and Green 2012, Palmer, Ostrowski et al. 

2015), Myc (Sinclair, Rolf et al. 2013, Palmer, Ostrowski et al. 2015) as well as the 

hypoxia-inducible factor–1α (HIF1α) (Gerriets and Rathmell 2012, O'Neill and Hardie 

2013). Altogether, activation of T-cells parallels carcinogenesis with respect to adopting 

glycolysis rather than OxPhos in presence of oxygen.  

It’s critical to highlight that T cell activation is not accompanied merely by a switch from 

oxidative metabolism to glycolysis, but that both pathways coordinate to support 

bioenergetic demands (Palmer, Ostrowski et al. 2015). In fact, mitochondrial activity is 

enhanced in stimulated lymphocytes compared to their resting counterparts. The same 

observation has been extensively reviewed in the field of cancer biology, which 

contradicts the initial ‘Warburg Effect’ theory that cancer cells opt for aerobic glycolysis 

due to a defective mitochondria. Hence, WE does not require a defective mitochondria to 

be the predominant metabolic program in rapidly dividing cells (Zu and Guppy 2004, 

Frezza and Gottlieb 2009, Lunt and Vander Heiden 2011). 

An important difference between glycolysis in T-cell activation and carcinogenesis is that 

carcinogenesis is a form of cellular dysregulation (Herbel, Patsoukis et al. 2016). In 

contrast, T-cell activation happens in both pathological (e.g. autoimmune diseases) and 

physiological contexts (Sakaguchi, Powrie et al. 2012, Cho and Feldman 2015). This 

further underscores that aerobic glycolysis is a feature that is tied to rapid proliferation 

independent of the context being normal or pathological state. 
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5.2.2 Innate immunity (Macrophages) 
Inflammatory cells, like activated macrophages, upregulate glycolysis (O'Neill and 

Hardie 2013) in response to tissue injury or infection to cope with increased production 

of host defense factors, enhanced phagocytosis and antigen presentation (O'Neill and 

Hardie 2013). In both activated inflammatory cells and cancer cells, glucose transporter 

GLUT1 is upregulated, lactate production is increased and oxygen consumption by the 

mitochondria is decreased as downstream events to PI(3)K-Akt1 signaling (O'Neill and 

Hardie 2013). There is also a marked switch from expression of the liver isoform of 2, 6-

phosphofructo-2-kinase/fructose-2,6-biphosphatase (encoded by PFKFB1) to the 

PFKFB3 isoform, the type also commonly found in tumour cells. This leads to 

accumulation of fructose-2,6-bisphosphate (F2,6P2), an allosteric activator of 6-

phosphofructo-1-kinase (PFK1), and therefore glycolysis (Almeida, Bolanos et al. 2010, 

De Bock, Georgiadou et al. 2013, O'Neill and Hardie 2013). In addition, hexokinase, the 

first enzyme involved in glycolysis and in the pentose phosphate pathway (PPP), is also 

upregulated in activated macrophages (Newsholme, Curi et al. 1986). 

In contrast to pro-inflammatory M1 macrophages, anti-inflammatory M2 macrophages 

have higher rates of OxPhos and lower rates of glycolysis (O'Neill and Hardie 2013). 

Further, M2 macrophages have no detectable PFKFB3, and express PFKFB1 instead 

(O'Neill and Hardie 2013). In addition, the transcription factor HIF-1α and AMP-

activated protein kinase (AMPK) play critical roles in regulating the metabolic alterations 

between inflammatory and anti-inflammatory responses (Luo, Zang et al. 2010, O'Neill 

and Hardie 2013, Li, Saud et al. 2015). Noteworthy is that both M1 and M2 macrophages 

are highly active and can proliferate, nevertheless, the pro-inflammatory M1 relies on 
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glycolysis while the anti-inflammatory and tissue-repair promoting M2 relies on OxPhos. 

We thus hypothesize that OxPhos could be more suited to long-term reparative roles (e.g. 

anti-inflammation) while aerobic glycolysis being suited for rapid, robust transient 

responses (e.g. inflammation). However, fitting this premise in the context of the 

behavior of quiescent adult stem cells that opt for glycolysis to avoid senescence due to 

increased ROS load generated by OxPhos (Takubo, Nagamatsu et al. 2013, Ito and Suda 

2014) warrants further investigation.  

Within the space of pathological states discussed here, we observe that WE is a 

phenotype of rapidly dividing cells irrespective of whether the context is triggered by an 

external or internal cue. For instance, autoimmune diseases ‘might arise from somatic 

mutations in antigen receptors according to the ‘Clonal Selection Theory’ (Cho and 

Feldman 2015). Similarly, cancer cells might arise due direct or indirect oncogenic 

mutations. In both cancer and autoimmune diseases, the trigger is an internal cue. 

However, in case of physiological T-cell activation, external signals (cytokines in this 

case) mediate the appropriate immune response (O'Neill and Hardie 2013).  

Taken together, WE is a hallmark of rapidly proliferative cells across wide spectrum of 

pathological and physiological processes that are triggered by either internal or external 

cues.  

5.2.3 Angiogenesis (Endothelial cells) 
Blood vessels deliver oxygen and nutrients to all of the tissues and organs in the body. 

The two main cellular components of blood vessels are endothelial cells (ECs) and 

vascular smooth muscle cells (VSMCs). Consequently, these cells are involved in a 
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variety of physiological processes as well as pathological dysfunctions, including 

atherosclerosis (Patsch, Challet-Meylan et al. 2015). 

Angiogenesis relies on the proliferation and migration of endothelial cells (Schoors, 

Bruning et al. 2015). Once the vessel is perfused, ECs become quiescent phalanx cells 

(De Bock, Georgiadou et al. 2013). Similar to other rapidly proliferating cells, ECs are 

exposed to sufficient oxygen for oxidative metabolism, yet they prefer aerobic glycolysis. 

By measuring the flux of metabolic pathways using radioactive tracer-labeled substrates 

in EC monolayers, glycolysis levels in ECs were largely comparable to those in tumor 

cells but much higher than in various other healthy cells (De Bock, Georgiadou et al. 

2013). Notably, glycolytic flux is >200-fold higher compared to glucose oxidation, fatty 

acid oxidation, and glutamine oxidation (De Bock, Georgiadou et al. 2013), while 

mitochondrial respiration was lower in ECs than in other oxidative cell types (De Bock, 

Georgiadou et al. 2013). Calculation of the amount of ATP showed that glycolysis 

generated up to 85% of the total cellular ATP content (De Bock, Georgiadou et al. 2013). 

In addition, loss- and gain-of-function studies highlighted that glycolysis, rather than 

respiration, regulates vessel sprouting (De Bock, Georgiadou et al. 2013). Overall, 

glycolysis is the predominant bioenergetic pathway for proliferating ECs. 

Similar to other rapidly dividing cells discussed here, PFKFB3 is critical for EC 

proliferation where PFKFB3 silencing reduced vessel sprouting (De Bock, Georgiadou et 

al. 2013) while inhibition of respiration didn’t have a significant effect. Similar findings 

have been reported in cancer cells and M1 macrophages (Clem, O'Neal et al. 2013, 

Klarer, O'Neal et al. 2014) highlighting potential conserved critical role for PFKFB3 in 

aerobic glycolysis. 
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5.2.4 Pluripotency  
In contrast to somatic cells and in analogy to rapidly proliferating cells, embryonic stem 

cells (ESCs) rely on glycolytic ATP generation regardless of oxygen availability (Chung, 

Dzeja et al. 2007, Kondoh, Lleonart et al. 2007, Folmes, Nelson et al. 2011). The reliance 

on glycolysis was suggested to be due to a low copy number of mitochondrial DNA 

(mtDNA) as well as low numbers of nascent mitochondria (Chen, Liu et al. 2008, 

Folmes, Nelson et al. 2011). Differentiation increases mtDNA abundance and promotes 

mitochondrial biogenesis to form networks of elongated and cristae-rich mitochondria in 

support of competent oxidative metabolism (St John, Ramalho-Santos et al. 2005, Cho, 

Kwon et al. 2006, Folmes, Nelson et al. 2011). High-resolution metabolomics showed 

that induced pluripotent stem cells (iPSCs) upregulate glycolytic enzymes and 

downregulate electron transport chain subunits enabling a switch that converts somatic 

oxidative metabolism into a glycolytic flux-dependent, mitochondria-independent state 

underlying pluripotency induction (Folmes, Nelson et al. 2011, Ito and Suda 2014). To 

maintain high glycolytic rates, human embryonic stem cells as well as cells of the inner 

cell mass (ICM, which becomes the embryo proper) upregulate GLUT1, GLUT3, HK 

and PFK1 (Pantaleon and Kaye 1998, Pedersen 2007, Varum, Rodrigues et al. 2011, 

Shyh-Chang, Daley et al. 2013, Ito and Suda 2014) leading to increased lactate synthesis 

(Leese and Barton 1984, Shyh-Chang, Daley et al. 2013). In iPSCs, the upregulation of 

glycolysis precedes the reactivation of pluripotency markers (Hansson, Rafiee et al. 2012, 

Shyh-Chang, Locasale et al. 2013) implicating that the glycolytic phenotype is more tied 

to rapid proliferation rather than pluripotency. Further, despite the low levels of oxygen 

consumption in undifferentiated ESCs, ATP synthesis is decoupled from oxygen 
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consumption and depends on glycolysis instead, possibly consuming oxygen through the 

mitochondrial ETC (Shyh-Chang, Daley et al. 2013). As ESCs progress towards 

differentiation, their glycolytic fluxes decrease dramatically while mitochondrial OxPhos 

fueled by glucose and fatty acids increases (Shyh-Chang, Daley et al. 2013).  

Elevated levels of PFKFB3 have been also reported in embryonically derived human 

kidney cells (HEK293) (Almeida, Bolanos et al. 2010) and cancer stem cells (CSCs). 

However, unlike CSCs and their parental cells, iPS cells exhibit a very low level of 

PFKFB3 expression (Almeida, Bolanos et al. 2010). On the other hand, expression of 

PFK1 (at both the mRNA and protein levels) in iPS cells was comparable to that in 

CSCs, which indicates that the activation of PFK1 in iPS cells may be PFKFB3-

independent (Yalcin, Clem et al. 2014). Taken together, PFKFB3 is upregulated in a wide 

spectrum of rapidly proliferating cells adopting Warburg metabolism.  

5.2.5 Malaria (Blood-infecting stages) 
All of the symptoms and pathology associated with malaria are linked to the repeated 

cycles of infection and lysis of the host red blood cells (RBCs) completed by the rapidly 

proliferating asexual blood stages of Plasmodium (Srivastava, Philip et al. 2016). A small 

fraction (< 1%) of these rapidly proliferative stages commit to sexual development and is 

responsible for transmitting infection to the mosquito vector (Josling and Llinas 2015). 

Because the malaria parasite encounters different metabolic niches across its 

developmental stages, it growth-matches its nutritional requirements by rewiring its 

metabolic network (MacRae, Dixon et al. 2013, Abdel-Haleem, Hefzi et al. 2018). 

During the intraerythrocytic developmental stages, the asexual stages of the malaria 

parasite increase their glucose uptake by more than 10-fold (Srivastava, Philip et al. 
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2016) with 93% of their glucose uptake being converted into lactate (MacRae, Dixon et 

al. 2013), consistent with a high metabolic demand imposed by parasite division. This 

percentage drops to 80% in the non-proliferative/quiescent gametocyte stages (MacRae, 

Dixon et al. 2013). Hemoglobin digestion generates ROS and increases the redox burden, 

so favoring aerobic glycolysis could be a means to minimize redox burden (compared to 

using OxPhos). Nevertheless, the asexual forms still rely on electron transport activity for 

regeneration of ubiquinone required as the electron acceptor for dihydroorotate 

dehydrogenase, an essential enzyme for pyrimidine biosynthesis (Sturm, Mollard et al. 

2015). Knocking out the mitochondrial ATP synthase β subunit gene disrupted the 

parasite transmission cycle while only marginally reducing growth of the asexual rapidly 

proliferating stages, reflecting a higher essentiality of mitochondrial function in the non-

rapidly-proliferative mosquito stages (Sturm, Mollard et al. 2015). In another study, a 

genetic investigation of TCA metabolism across the malaria life cycle (Ke, Lewis et al. 

2015) showed that knocking-out 6 of the 8 TCA cycle enzymes doesn’t affect asexual 

growth while affecting life-cycle progression in later stages.  Collectively, these studies 

(Ke, Lewis et al. 2015, Sturm, Mollard et al. 2015, Srivastava, Philip et al. 2016) show 

that the overall flux of pyruvate into the TCA cycle is low in the rapidly dividing sexual 

stages while aerobic glycolysis is more prominent. In contrast, elevated levels of TCA 

cycle activity sustained by increased catabolism of pyruvate dominates in Plasmodium 

gametocytes.  

In this context, the asexual forms of the malaria parasite converge metabolically with the 

rapidly proliferating counterparts of other cancerous and noncancerous cells discussed 

here. Malaria is an obligate intracellular parasite and has lost several of its genome 
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content leading to a reduced metabolic capacity compared to its host (Gardner, Hall et al. 

2002). The fact that the asexual rapidly proliferating forms of the parasite opt for WE 

despite their reduced metabolic capacity compared to other rapidly proliferating 

eukaryotic cells implies that the synthesis of biosynthetic precursors doesn’t necessarily 

come on top of the reasons for why cells preferentially undergo WE.  

A systems level of thinking is thus needed to identify common metabolic features 

between the physiological and pathologic states as well as within the space of pathologic 

conditions. The aim of the former could be to predict the therapeutic window within 

which targeting these common features might be of clinical benefit. The aim of the later 

could be to guide predictions for druggable targets, and refine drug development 

pipelines.   

5.3 In silico metabolic modeling can systematically elucidate common metabolic 
features across different cell types and diseases 

Constraint-based modeling (CBM) (Schellenberger, Que et al. 2011, Lewis, Nagarajan et 

al. 2012) uses genome-scale metabolic models (GEMs) as platforms for integrating and 

interpreting different levels of high through put data (Oberhardt, Yizhak et al. 2013). 

(Figure 5.2). Under the constraints of substrate availability, mass conservation limits 

reaction products and their stoichiometry, while thermodynamics constrain reaction 

directionality. This information can be obtained from genome sequences and annotation 

(e.g. human genome annotation), organism specific database 

(e.g. http://plasmodb.org/plasmo/ for malaria) along with bibliomic data that support the 

presence of each metabolic functionality before being added to the metabolic 

reconstruction. A metabolic reconstruction is then converted to a stochiometric matrix 

http://plasmodb.org/plasmo/
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(Schellenberger, Que et al. 2011, Lewis, Nagarajan et al. 2012), based on the 

stochiometric coefficients of each reaction, that is amenable to computation and 

simulations. Data-driven network boundaries (e.g. uptake and secretion products) are 

then applied. Taken together, these constraints would define the allowable ‘solutoin 

space’ to achieve a certain cellular objective (e.g. growth which can be simulated by 

biomass precursors production) (Lewis, Nagarajan et al. 2012, Bordbar, Monk et al. 

2014). Additional context-specific constraints would shrink the solution space leading to 

context-dependent predictions about the utilization of alternate pathways across the 

metabolic network.  

Methods for contextualization of genome-scale metabolic networks (Machado and 

Herrgard 2014, Opdam, Richelle et al. 2017) have evolved along the phylogeny of 

COBRA methods (Lewis, Nagarajan et al. 2012). Since certain enzymes are only active 

in specific cell types, COBRA methods can be used for tailoring a generic metabolic 

network (Figure 5.2) by integrating high throughput data to extract a cell-type or disease-

specific metabolic model from a GEM.  

We propose a workflow (Figure 5.2) that integrates different levels of data to model the 

different types of rapidly proliferating cells discussed here. Because of the abiltiy of 

CBM to predict gene essentiality by simulating single-gene knockouts (Lewis, Nagarajan 

et al. 2012, Bordbar, Monk et al. 2014), GEMs can provide a means to address the 

systematic interactions between the different biological components of WE along with 

elucidating how they influence the entire metabolic network. Further, model-predicted 

knockout phenotypes that selectively inhibit growth of rapidly proliferating cell models 

but not their quiescent counterparts can be early integrated in drug development pipelines 
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to predict druggable targets (Folger, Jerby et al. 2011, Frezza, Zheng et al. 2011, Bordbar, 

Monk et al. 2014) as well as new drug combinations. Using a metabolite essentiality 

analysis (Kim, Kim et al. 2011), instead of gene-knockout experiments, biomarkers for 

identification of cells undergoing WE can be predicted. The advantage of using 

metabolites prompt searching for structural analogues of the essential metabolites to 

inhibit enzymes that relied on them as substrates (Oberhardt, Yizhak et al. 2013). 

 

Figure 5.2| Proposed computational metabolic modeling approach to systematically identify common metabolic 
features within pathological conditions as well as across normal and disease states. Starting with a curated human 
metabolic network, high-throughput data specific for each normal tissue (e.g. proliferating endothelial cells, effector T 
lymphocytes) or disease (e.g. cancer, autoimmune diseases, inflammation) will be used to develop the corresponding 
context-specific metabolic network which is amenable to simulations under the constraint-based modeling framework 
being subject to different levels of constraints. By assigning an appropriate objective function (e.g. biomass 
production), it is possible to enumerate metabolic processes that are tightly coupled to growth and proliferation. 
Eventually, since all context-specific models are developed under a uniform integrative framework, it is legitimate to 
cross compare metabolic networks potentially identifying common metabolic features (e.g. Aerobic glycolysis). 
NEAAs: non-essential amino acid metabolism.  
 
COBRA methods have also been used to model interactions between different cell types 

(Lewis, Schramm et al. 2010), so following a similar workflow, it is possible to use 

GEMs of the cancerous and noncancerous cells in a tumor microenvironment to identify 

essential metabolites whose inhibition would disrupt the symbiotic relationship between 

cancerous cells and the noncancerous cells in their surroundings.  For instance, recent 

data have indicated that glycolysis-targeting interventions such as the depletion of 
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PFKFB3 may exert antineoplastic effects by limiting vessel sprouting (De Bock, 

Georgiadou et al. 2013), hence targeting both proliferative endothelial and cancer cells. 

Thus, outlining the common metabolic features between normal and pathological cells 

could be of potential clinical value.  

In the case of malaria, it is equally desirable to inhibit growth of both rapidly 

proliferating asexual blood stages as well as their quiescent sexual stages. Hence, 

identification of metabolic processes that are conserved across stages or that are distinct 

for each stage would entail different strategies of using single or combined drug agents, 

respectively leading to treatment of the symptoms of the malaria disease as well as 

blocking transmission to the mosquito vector, hence eradicating malaria. In relation to 

other rapidly proliferating cells, antimetabolites have been used as antimalarial so it is 

possible that identifying conserved metabolic features between the asexual stages and 

other rapidly proliferating cells may well translate into predicting other metabolic targets 

that are critical for the parasite proliferative stages.  CBM thus enables the prediction of 

numerous metabolic phenotypes, including growth rates, nutrient uptake rates, and gene-

essentiality which makes it well-suited to search for common metabolic features across 

span of pathological and physiological conditions as well as for being integrated in the 

early stages of target-based drug development pipelines.  

Overall, beyond studying human pathogens and infectious diseases, the ‘pathogen’ scale 

introduced in Figure 1.1. can be renamed to ‘systems’ scale. As such, it can account for 

multiple systems sharing metabolic subsystems.  
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5.4 Concluding remarks 
Although, Warburg Effect is one of the most extensively studied bioenergetic process 

that is being shared between cells that undergo rapid proliferation, other bioenergetic and 

anabolic processes pertain similar potential to being metabolic phenotypes of rapid 

proliferation. For instance, glutamine dependency and glutaminolysis, increased pentose 

phosphate pathway (PPP) activity, serine and glycine metabolism as well as de novo 

lipogenesis (Galluzzi, Kepp et al. 2013, Vander Heiden 2013). Likewise, several 

intermediate metabolites bear the potential of being biomarkers of rapid proliferation 

(e.g. serine, sarcosine, kyneurin). However, whether a therapeutic window for the clinical 

application of these processes exists or not remains to be determined. Noteworthy, is that 

the response of the glycolytic pathway to drug perturbations is non-linear (Galluzzi, Kepp 

et al. 2013, Vander Heiden 2013, Shestov, Liu et al. 2014). Thus, careful considerations 

will be needed to develop a biomarker that can determine the context in which it would 

be efficacious to exploit any diagnostic or therapeutic potential for WE. The clinical 

success of antimetabolites (Galluzzi, Kepp et al. 2013) lends support to the argument 

presented here that metabolic events can be therapeutically exploited while being shared 

between both normal and pathologic rapidly proliferating cells. Nevertheless, drug 

inhibitors developed against other metabolic events haven’t progressed beyond the pre-

clinical stages yet (Gazzerro, Proto et al. 2012, Hartwell, Miller et al. 2013). Taken 

together, the arguments and discussion presented here imply that grouping diseases and 

cell-types according to common metabolic phenotypes can: 1) provide mechanistic 

understanding of observed growth phenotypes in relation to the context-specific 
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repertoire of metabolic interactions as well as 2) expedite drug development process by 

suggesting potential drugs that can be repurposed. 
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Chapter 6: Final thoughts and future direction 

6.1  A new view of the tree of life 
Our view of the Tree of Life (ToL) has witnessed conceptual evolution from 

distinguishing organisms according to the presence (eukaryotes) or absence (prokaryotes) 

of nuclear membranes to the development of the current three-domain tree of life 

(Eukarya, Bacteria, Archae) (Woese, Kandler et al. 1990, Pace 2006) enabled by the 

determination of molecular sequences to relate organisms. Nevertheless, despite the 

usefulness of using gene sequences to study organismal relationships, it is widely 

accepted that no single gene is sufficient to resolve relationships throughout the ToL, 

because no single gene contains sufficient information on its own (Pace 2009). Even 

rRNA sequences, which are widely used for constructing phylogenetic tress, do not 

necessarily differentiate between closely related species (Pace 2009, Monk, Charusanti et 

al. 2013) (E. coli from Shigella, rodent- vs. human-infecting malaria species, Figure A8), 

although relying on full genome sequences for the reconstruction of phylogenetic trees 

led to views that were largely congruent with the three-domains tree (Pace 2006). While 

the current tree of life is almost complete in terms of covering named species, it does not 

fully cover the biodiversity or phylogenetic knowledge (Hinchliff, Smith et al. 2015) . An 

ultimate ToL is thus anticipated to come from an ensemble of many molecular trees 

based on several molecules (Pace 2009) and perspectives. 

Through research work presented in this thesis, we have highlighted the metabolic 

diversity of several human pathogens. We, thus, argue that genome-scale metabolic 

modeling can be used to enable a new paradigm of comparative systems biology that 

might complement and ultimately enhance our view of the ToL.  
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Genome-scale models can infer interspecies differences in terms of metabolic gene 

content, which can explain general trends in genome evolution as well as predict outcome 

of metabolic evolution (Papp, Notebaart et al. 2011).  A noteworthy example is the 

demonstrated ability of GEMs to explain the mechanistic basis of gene dispensability 

whether it is pertinent to growth conditions that are not yet investigated, or compensated 

for by a duplicated gene or re-organization of metabolic fluxes across alternative 

pathways (Papp, Notebaart et al. 2011). Another example comes from predicting 

correlated reaction sets (co-sets) which can explain physiological dependence between 

enzymes and hence, correlated loss/gain of genes. Computing optimal flux ranges can 

further give insights into range of neutral variation (gene expression divergence) as well 

as evolutionary maintenance of gene duplicates with redundant functions (Papp, 

Notebaart et al. 2011). Further, several evolutionary concepts have been formulated 

though the usage of metabolic modeling in combination with comparative genomics. A 

genome-scale model of yeast metabolism showed that gene duplicates are not there just 

to shield against harmful deleterious mutations, but are rather needed for reactions that 

require high fluxes (Papp, Pal et al. 2004). Another key study demonstrated that, in sharp 

contrast to eukaryotes where gene duplicates are the main source of evolutionary 

novelties, most changes to bacterial networks were due to horizontal gene transfer (Pal, 

Papp et al. 2005). In particular, proteins contributing to peripheral reactions (nutrient 

uptake and first metabolic step) were more likely to be horizontally transferred, whereas 

enzymes catalyzing central reactions (intermediate steps and biomass production) were 

largely invariant across species (Pal, Papp et al. 2005). Hence, the evolution of bacterial 

metabolic networks is largely driven by changing environments (leading to acquiring 
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genes involved in transport and catalysis of external nutrients) not only by changes in 

enzyme kinetics through point mutations (Pal, Papp et al. 2005). Moreover, genome-scale 

metabolic modeling has been deployed to deconvolute convergent metabolic 

specialization to their distinct metabolic trajectories (La Rosa, Johansen et al. 2018). In 

the context of pathogens, such deconvolution would be interesting to understand 

evolutionary trajectories between early vs. late stages of an infectious agent particularly 

in chronic persistent infections where the early stages are usually overlooked (Bartell, 

Sommer et al. 2019). Identification of these variations between early and persistent stages 

might enable design of drug inhibitors that would interrupt this transition to persistent 

chronic stage.  

6.2 Future prospects 
Attempting to chart the metabolic diversity across the ToL raises several questions. Can 

genome-scale metabolic models provide a new perspective of the ToL by looking at 

metabolic capabilities (in particular) and functional components (in general) rather than 

genome sequences? Will we be able to redefine phylogenies based on functional 

capabilities rather than genomic variations? How will the view of the ToL based on 

metabolic capabilities converge with that based on rRNA sequences? Will this view offer 

a better approximation of biological diversity on earth?  

Current ToL relies on gene sequence variation between different organisms as a metric 

for biological diversity. However, mutational landscapes are complex, and their 

functional consequences are not directly interpretable. As more genome-scale metabolic 

models are reconstructed and compared, it will be possible to map metabolic capabilities 

onto the rRNA-based tree and see how metabolic diversity flows through evolution. 
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Ample literature ascertain that molecular-phylogenetic identifications based on sequence 

enable a wider coverage of microbes, especially unculturable ones since they waive the 

dependence on metabolic properties for distinguishing microbes. We argue that metabolic 

properties formulate an integral complement to sequence-based phylogeny. Because 

GENREs represent biochemically and genetically structured knowledge bases, they 

enable integration of information from sequences as well as metabolic (functional) 

capabilities of the respective organism, whether it is culturable or not. It is thus expected 

that clustering GEMs based on their content might reflect evolutionary relationships 

among organisms and provide a way to assess biological diversity (Monk, Nogales et al. 

2014). However, the metabolic space of the currently published GEMs (especially those 

derived from template reconstructions) is limited to well-conserved metabolic pathways 

relative to true coverage of organism-specific metabolic capabilities (Monk, Nogales et 

al. 2014). Hence, attempting to interrogate the metabolic repertoire across organism- and 

growth-conditions scales (Figure 1.1) will expand the coverage of organism-specific 

metabolic capabilities.  

Examination of the phylogenetic distribution of existing GENREs has revealed that all 

three domains of life include unrepresented phyla (Monk, Nogales et al. 2014) providing 

an incomplete representation of the ‘metabolic capabilities on Earth (Monk, Nogales et 

al. 2014). We thus anticipate that efforts to reconstruct genome-scale metabolic networks 

of diversified organisms might provide a sharpened view of the deep branches in the 

ToL.  Nevertheless, we believe that the global current view based on rRNA sequences 

will be retained since it is assumed that rRNAs similarity implicates conservation of 

cellular machinery and core metabolic strategies (Pace 2009). We also envision a role for 
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GEM-predicted minimal cell (Hutchison, Chuang et al. 2016)  in structuring phylogenetic 

relationships and distances between organisms. Further, different phyla mean distinct cell 

environments for gene expression, regulation and protein function (Jiang, Ellabaan et al. 

2017) which can be approximated by GEM constraints (e.g. uptake and secretion rates, 

nutrient availability, etc) further promoting our understanding of host-pathogen 

relationships and symbionts.  

 

 
 



APPENDICES 
 

A Supplementary material to Chapters 2 and 3 

iAM-Pf480 Network reconstruction and refinement 

Generation of the biomass objective function. 

The biomass reaction for P. falciparum was built based on the cellular composition of L. 

major, another protozoan parasite, as organism-specific information was unavailable 

(Chavali, Whittemore et al. 2008). DNA composition was calculated from the genome 

sequence. RNA composition was calculated from the frequency of bases across all CDS 

regions and amino acid composition from the frequency of use across all protein coding 

regions. The lipid composition of the parasite membranes was calculated from a 

previously published study (Hsiao, Howard et al. 1991). The fatty acid contributions were 

calculated for those fatty acids with a > 5% contribution to the total phospholipid pool. 

Growth associated maintenance (GAM) requirements were assumed to be identical to L. 

major (Chavali, Whittemore et al. 2008). Additionally, metabolites with known roles but 

unknown percentage composition were added with a coefficient of 0.0001. This ensured 

that flux would be required through the corresponding biosynthetic pathways but not 

exert a noticeable effect on the growth rate (Jamshidi and Palsson 2007). The model 

accounts for six subcellular localizations: cytosol, mitochondria, Golgi apparatus, 

endoplasmic reticulum, food vacuole, and apicoplast, in addition to the extracellular 

compartment. Enzyme localization was determined through a combination of primary 

literature sources (Table S1) as well as computational tools such as PlasMit (Bender, van 

Dooren et al. 2003). Following completion of the draft reconstruction, manual curation of 
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the model was carried out to ensure that all biomass components could be produced 

which consisted primarily of evidence-based filling of metabolic gaps upstream of 

biomass components.  

Model naming convention 

We followed the previously established convention for naming genome-scale constraint-

based models which mirrors the one already established for plasmids (Reed, Vo et al. 

2003), i.e., "i" to denote "in silico," followed by the initials of the first author ("AM"), 

followed by the number of genes included in the model (e.g."480"). We have added the 

initials of each species (e.g. "Pf") to make it easier to differentiate the species-specific 

models.   

Refinement of iAM-Pf480.  

The resultant model was tested for accuracy in numerous ways. Briefly, the model was 

tested to ensure that it was unable to produce any biomass precursors when no external 

metabolites were provided. It was also unable to produce purine nucleotides without 

external purine sources being present since the parasite obtains these from the host. 

Lastly, the model was able to produce a full complement of biomass components when 

presented with a simulated in vitro environment (see validation of iAM-Pf480 predicted 

glycolytic flux rates). 

The process of reconstructing metabolic networks is an iterative process (Thiele and 

Palsson 2010) beginning with the initial creation of a draft metabolic network based on 

the available enzyme annotation data. Subsequent rounds of simulation and refinement 

help resolve errors and fill gaps in otherwise incomplete networks (Green and Karp 

2004). 
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Reactions that were added during subsequent rounds of refinement are identified in Table 

S1 (ADDED_DURING_REFINMENTS) to distinguish them from the initial set of 

reactions that were already included in the reconstruction prior to any evaluation or 

validation steps. Reactions that were removed or added during the refinement steps were 

enumerated since they are errors that should have been captured during the reconstruction 

process itself and not to improve model predictions. The rationale for changing these is 

detailed as follows. 

• Dihydroneopterin aldolase (DHNA) was removed since the corresponding gene is 

ostensibly missing from Plasmodium genome sequences, and this was a major 

obstacle to providing a complete description of the folate biosynthesis system. Recent 

findings discovered an alternative pathway mediated by an unusual variant of 6-

pyruvoyltetrahy-dropterin synthase (PTPS), an enzyme normally involved in BH4 

synthesis in other organisms, including humans and which was already in the initial 

reconstruction version (Muller, Hyde et al. 2010). 

• Transport of acetyl-CoA out of the apicoplast (via an unknown transport mechanism) 

is highly unlikely (Cobbold, Vaughan et al. 2013). Accordingly, the acetyl CoA 

apicoplast transporter was removed and a sink reaction was added for accoa[h] to 

retain flux in the apicoplast version of pyruvate dehydrogenase. Also, Cobbold et al. 

(Cobbold, Vaughan et al. 2013) stated that there is likely no acetyl CoA transporter 

between apicoplast and cytosol. In addition, MPMP maps were in line with (Cobbold, 

Vaughan et al. 2013), so the transporter reaction of acetyl CoA between apicoplast 

and cytosol was removed.  
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• 2-oxoglutarate dehydrogenase reaction was associated with 2-oxoglutarate 

dehydrogenase E1 component (KDH), dihydrolipoyl dehydrogenase, mitochondrial 

(LPD1) and dihydrolipoyllysine-residue succinyltransferase component of 2-

oxoglutarate dehydrogenase complex, i.e.  (PF3D7_0820700 AND PF3D7_1232200 

AND PF3D7_1320800). While the literature used to construct the gene rule points to 

other isozymes that could be involved in catalyzing the KDH reaction, this error was 

only captured through the gene-essentiality predictions where KDH should be 

dispensable while the initial model version predicted KDH to be essential for growth 

(its deletion caused a 100% growth reduction). The iTH366 model (Plata, Hsiao et al. 

2010) also had the GPR rule with the correct isozyme ‘OR’ logic rather than ‘AND’. 

Given that, we corrected the gene rule for this particular reaction and used it as is in 

the subsequent evaluation and validation steps. 

• Exchange reactions for putrescine, spermidine (Niemand, Louw et al. 2012), ornithine 

(Olszewski, Morrisey et al. 2009) and cholesterol(Lauer, VanWye et al. 2000) were 

added to the reconstruction. Initially, exchange reactions were incorporated based on 

in vitro growth media composition (RPMI1640 + Hemoglobin + Hypoxanthine). 

However, since reconstructions represent knowledge bases that should contain all 

reactions and pathways, uptake and secreted metabolites should account for all 

possible growth conditions. Hence, even though these metabolites are not present in 

standard growth conditions, exchange reactions for these metabolites were added to 

the generic iAM-Pf480 version. Upon simulating in vitro growth conditions, lower 

bounds for these metabolites were set to zero to mimic the lack of the metabolites in 

the medium (see validation of iAM-Pf480 predicted glycolytic flux rates). 
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• An exchange reaction was added for N-acetyl glucosamine to allow (GlcNAc) uptake 

used for induction of gametocytogenesis (Miao, Wang et al. 2013). Uptake of 

GlcNAc was allowed only in the gametocyte stage models (see reconstruction of life 

cycle stage specific models of P. falciparum). Subsequently, N-acetylglucosamine 

kinase (ACGAMK) and N-Acetyl-D-glucosamine transport via diffusion (ACGAtex) 

reactions were added to link GlcNAc to the metabolic network.  

• Dihydroxyacetone phosphate transport via triose-phosphate translocator (DHAPThr) 

removed, Glucose-6-phosphate isomerase (G6PI) was made irreversible to break the 

loop reaction cycles with triose-phosphate isomerase (TPI) and glucose-6-phosphate 

isomerase (PGI), respectively.  

Validation of iAM-Pf480 predicted glycolytic flux rates. 

In constraint-based modeling, a solution space is defined to be the one that contains all 

possible metabolic phenotypes after adding a series of known biologically-relevant 

governing constraints (Nam, Lewis et al. 2012). Assuming the constraints are accurate, 

the true steady state flux through the network should be within the in silico solution 

space. The range and distribution of reaction fluxes within these solution spaces are 

dependent on the constraints, such as reaction thermodynamics, metabolite uptake rates, 

etc. (Nam, Lewis et al. 2012) In this study, we tested whether iAM-Pf480-predicted flux 

rates match previously published kinetic flux data (rapid stable-isotope labeling) of 

glycolysis in wild-type (WT) and pyruvate dehydrogenase (PDH) deficient P. falciparum 

parasites cultured in vitro (Cobbold, Vaughan et al. 2013). Hence, the generic iAM-Pf480 

model was allowed to uptake metabolites available in standard in vitro growth conditions 

(Table S4). Uptake rates for glucose and hypoxanthine were obtained from literature 
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(Jensen, Conley et al. 1983, Quashie, Ranford-Cartwright et al. 2010). Uptake rates of 

other metabolites that are available in standard in vitro growth conditions were set to -1. 

In order to simulate pyruvate dehydrogenase (PDH) knock-out (KO), the apicoplast 

version of PDH (PDH: PF3D7_1124500) was deleted in silico and growth was simulated 

using identical medium conditions to those used for the wild-type (WT) model (Tables 

S4-S5).  

Since properly constrained reactions do not demonstrate uniform distributions of feasible 

steady-state fluxes, the range and distribution of feasible metabolic flux for each reaction 

is determined by using randomized sampling with the Artificial Centered Hit and Run 

Method as described by Kaufman (Kaufman and Smith 1998) and implemented in the 

COBRA Toolbox (Schellenberger, Que et al. 2011). To do this, a large number of 

feasible sets of metabolic fluxes are randomly moved within the solution space until they 

are well mixed, thereby sampling the entire solution space. This sampling process yields 

a distribution of feasible steady-state fluxes for each reaction (Schellenberger, Lewis et 

al. 2011, Nam, Lewis et al. 2012). Simulations were run and averaged sampled predicted 

flux distributions for the glycolytic reactions were compared to the experimentally 

measured flux rates (Figure 2.2c-d). There was significant agreement for the predicted 

flux rates under the tested growth conditions (both in the WT and KO models). 

Performance evaluation and validation of iAM-Pf480 gene essentiality predictions 

We compiled a curated list of experimentally-validated gene knock-outs (n = 21, Table 

S2) and phenotype resulting from targeted inhibition of enzymatic activities with drugs (n 

= 59, Table S3) in P. falciparum, based on our recently published list of targeted 

chemical compounds in MPMP (Ginsburg and Abdel-Haleem 2016). However, since the 

http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1124500&project_id=PlasmoDB
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aim of the current analysis is to evaluate the accuracy of iAM-Pf480 in reproducing 

experimental data from single gene deletion and drug inhibition studies, our list was 

restricted to data for which compelling evidence does exist i.e., in silico or suggested 

essentiality predictions were not included, only targets whose knock-out or inhibition was 

done in the context of a lab experiment (in vitro for falciparum, in vivo or in vitro for 

rodent parasite) were used to assess the performance of the model. The compiled list was 

manually curated to obtain a final set of high quality experimentally validated targets 

whose inhibition in Plasmodium falciparum or a rodent malaria caused significant 

reduction in parasitemia, was lethal, or had no effect on growth. Whenever conflicting 

reports existed about the essentiality of the target in literature, this target was not used for 

assessing accuracy. Model-predicted growth reduction of less than 10% was considered 

non-essential. (see Tables S2-S3 for a full list of reactions/genes used to evaluate iAM-

Pf480 performance along with justification for inclusion into the performance evaluation 

list).  

We estimated the performance of iAM-Pf480 under open constraints (Table S2-S3) as 

well as under standard in vitro growth conditions (iAM-Pf480 in vitro Table S2-S3) (see 

validation of iAM-Pf480-predicted glycolytic flux rates for details). The models were 

validated by true-positive and true-negative results that highlight cases where the models 

agreed with experimental results. In contrast, false-positive and false-negative cases 

indicate potential errors or gaps in the models (missing knowledge) or missing context-

specific information such as transcriptional regulation (Monk, Charusanti et al. 2013). 

Furthermore, in order to estimate the significance of the accuracy of the model’s 

predictions, we computed Fisher exact test as well as Mathew correlation coefficient 
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(MCC) for the single gene deletion experiments (Figure 2.2b). Results showed that model 

predictions for single gene deletion experiments were significantly accurate with a p-

value of 6.88e-05 (Figure 2.2b). A p-value could not be computed for the accuracy of 

model predictions for the drug inhibition experiments since the total number of true 

negative cases was zero. The results of gene essentiality analysis are summarized in 

Figure 2.2b. 

Comparison of iAM-Pf480 to previously published P. falciparum models 

Comparison to iTH366(Plata, Hsiao et al. 2010) 

Our initial assessment of iTH366 (Plata, Gottesman et al. 2010) raised some concerns 

that we felt necessitated a new reconstruction to be generated. In particular the failure of 

mass conservation in iTH366; we found that iTH366 was able to produce almost all 

amino acids even after all uptake reactions were shut off namely: [ala-L, arg-L, asn-L, 

asp-L, cys-L, gln-L, glu-L, gly-L, his-L, leu-L, lys-L, met-L, phe-L, pro-L, ser-L, thr-L, 

trp-L, tyr-L, val-L] in addition to multiple duplicated reactions (28 that were initially 

identified, e.g. NTD8pp is the same as NTD8). Given these issues we determined it 

would be more efficient to generate a new reconstruction within our own quality control 

checks procedure and pipeline rather than attempt to correct errors and update the content 

of iTH366. 

Performance assessment of our model, iAM-Pf480, using experimentally validated single 

gene deletion experiments and drug inhibitors showed that iAM-Pf480 predictions were 

more accurate than iTH366 under the same conditions (unconstrained uptake rates) 

(Figure A1). Particularly, iAM-Pf480 accuracy was 90% while that of iTH366 was 81% 

using experimentally validated single gene deletion experiments (Figure A1b). Similarly, 
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iAM-Pf480 accuracy was 51% while that of iTH366 was 39% using the experimentally 

validated drug inhibitors (Figure A1c). Further, when simulating growth under standard 

in vitro growth conditions (Tables S2-3), iAM-Pf480 accuracy was 95% and 71% for the 

single gene deletions and drug inhibitors, respectively.  

 

Figure A 1| Comparison between iAM-Pf480 and the previously published P. falciparum model iTH366 (Plata, 
Hsiao et al. 2010) a) iAM-Pf480 features in comparison to iTH366. Performance evaluation of iAM-Pf480 vs. iTH366 
under open constraints using our manually curated list of b) single gene deletion experiments and c) drug targets.  
 
Comparison to iPfa (Chiappino-Pepe, Tymoshenko et al. 2017) 

Gene content comparison. iPfa (Chiappino-Pepe, Tymoshenko et al. 2017) has 318 

genes (corresponding to 325 transcripts) and 670 metabolic reactions. At the gene content 

level, iAM-Pf480 and ipfa have in common 234 genes. iAM-Pf480 has 246 genes that are 

not in ipfa while ipfa has 85 genes that are not included in iAM-Pf480: 43 (50%) of those 

missing from iAM-Pf480 are tRNA ligases, and the rest are mostly of putative or non-

metabolic function (e.g. myosin). We already provide bibliomic evidence for inclusion of 

all gene-reaction association for iAM-Pf480 in Table S1. nearly 13% of metabolic 

reactions in ipfa don’t have gene associations (orphan). Although the size of iAM-Pf480 
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network is larger (1082 reactions), the number of orphan reactions is only 7% (Figure 

2.2a).  

Compartmentalization. iAM-Pf480 accounts for detailed compartmentalization of 

enzymes in P. falciparum. For example, the hemoglobin digestion reactions that are 

supposed to occur in the digestive vacuole are included in iPfa but are localized to the 

cytosol, the authors indicated that they have merged compartments that only involved a 

small number of enzymes (e.g. digestive vacuole and Golgi apparatus) with the cytosolic 

compartment.  

Functional comparison. In the supplementary methods (Chiappino-Pepe, Tymoshenko 

et al. 2017), the authors of the iPfa model have indicated that they integrated 

experimentally measured uptake rates for glucose, and isoleucine and constrained lactate 

secretion rate. The model as downloaded from the LCSB database has constraints only 

for isoleucine. The constraints are imposed on the transporter reaction 

(R_T_c_to_e_C00407) between the extracellular and cytosolic compartments of the 

model rather than on the uptake reaction (EXC_BOTH_C00407_e).  We applied the 

glucose uptake and lactate secretion rates constraints according to their supplementary 

material (0.62 and 0.76mmol/h-gDW) and the predicted growth rate matched that 

reported by the authors (0.16 h-1). 

We were able to reproduce the results of table SVI from the iPfa(Chiappino-Pepe, 

Tymoshenko et al. 2017) model paper and hence, used the same evaluation criteria to 

compare iPfa and iTH366 against our model (Table A1).  

Table A 1|Performance evaluation of iAM-Pf480, iPfa (Chiappino-Pepe, Tymoshenko et al. 2017) and iTH366 
(Plata, Hsiao et al. 2010) (reproduced from the supplementary material of the iPfa model paper)*assuming ‘ad hoc 
directionality’ means no evidence to support a specific reaction directionality, hence the reaction was assumed to be 
reversible. The set of 155 reactions is composed of reversible reactions for which there aren't any ‘PMID’ or ‘MPMP’ 
entry in Table S1.  

http://lcsb-databases.epfl.ch/GEMs/iPfa
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**the supplementary material from iPfa(Chiappino-Pepe, Tymoshenko et al. 2017) reports 313 (24%) 
***the supplementary material from iPfa(Chiappino-Pepe, Tymoshenko et al. 2017) reports 57 (16%) 
 iTH366 iPfa iAM-Pf480 (without in vitro 

growth constraints) 

Number of ad hoc reaction 

directionality  

590 (59%) 185 

(14%) 

155 (14%)* 

Number of blocked 

reactions 

334 (33%) 312** 

(24%) 

222 (21%) 

Number of essential genes 60*** 

(16%) 

 

55 (17%) 106 (22%) 

 

The number of blocked reactions in iAM-Pf480 was much less (21%) than iPfa 

(Chiappino-Pepe, Tymoshenko et al. 2017) (24%). Worth mentioning, when testing the 

number of essential genes in iPfa, we were able to reproduce the results of having 55 

genes as essential, however, the deletion of all 55 genes totally inhibited growth (growth 

reduction percentage = 100%), while in case if iAM-Pf480 the cutoff threshold for 

considering a gene to be essential was a growth reduction of more than 10%, i.e. 

the effect of deletion of any gene in iPfa was either a 0% or 100% reduction in growth.  

Performance assessment using our curated set of experimentally validated targets.  

Using our manually compiled single gene deletion experimentally validated set (n = 21) 

(Table S2). 

Two genes were not in iPfa (Chiappino-Pepe, Tymoshenko et al. 2017): ribonucleotide 

reductase small subunit (PF3D7_1015800) and adenylyl cyclase alpha (PF3D7_1404600) 
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although experimental evidence exists for the essentiality of the former (Chakrabarti, 

Schuster et al. 1993) and non-essentiality of the latter(Ono, Cabrita-Santos et al. 2008). 

Both genes are also present in iTH366. The overall prediction accuracy using iPfa was 

38% (cf. 95% for iAM-Pf480 (under standard in vitro growth conditions) and 81% for 

iTH366). 

Using our drug targets list (n = 59) (Table S3). 

When using our manually curated list of targets, for which drug inhibitors have been 

experimentally tested for activity in P. falciparum to evaluate iPfa performance: 

5 drug targets couldn’t be tested since the corresponding reaction (s) were missing from 

iPfa. Overall, iPfa could correctly predict the essentiality of 13 drug target (22%) out of 

the 59 tested targets (cf. 71% and 39% for iAM-Pf480 under standard in vitro conditions 

and iTH366, respectively). 

Performance assessment using iPfa-predicted essential genes.  iAM-Pf480 was able to 

predict 29/55 (52%) of the essential genes predicted by iPfa without accounting for 

thermodynamic constraints. This percentage increased to 54% (30/55) when using iAM-

Pf480 while simulating in vitro growth conditions. Interestingly, palmitoyl-CoA:L-serine 

C-palmitoyltransferase and ATP:UMP phosphotransferase were predicted as essential by 

iAM-Pf480 whereas iPfa was able to predict their essentiality only after applying the 

TFA framework and MS data. ItiIs possible that the discrepancy between the two models 

is due to the difference evaluation criterion with regards to affecting growth in case of 

iAM-Pf480 vs. affecting metabolic tasks in iPfa.  

Comparison to iPfal17 (Carey, Papin et al. 2017) 
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In comparing the single gene deletion and drug inhibition data results, it was found that 

iPfal17 correctly predicted 86% and 46%, respectively (iAM-Pf480 predicted 90% and 

47%). iPfal17 and iAM-Pf480 share 367 genes. iPfal17 is noted to be a larger model with 

109 genes that are not in iAM-Pf480, however 81% of those involve tRNA metabolism 

(which are in turn included in the biomass), but don’t have any direct role in biochemical 

transformations of the network.  

P. falciparum life cycle stage-specific model building and validation procedures. 
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Figure A 2|P. falciparum life cycle stage-specific model reconstruction and performance evaluation workflow. 
Stage- and species-specific models were generated first by using stage-specific uptake and secretion rates (see below) 
as well as using stage-specific transcriptomic data. Log2 normalized RNA-Seq reads (RPKMs) were mapped to iAM-
Pf480. RPKMs were obtained using the Cuffquant/Cuffnorm pipeline (Trapnell, Roberts et al. 2012). GIMME 
algorithm(Becker and Palsson 2008) was used for the integration step. Differential gene expression analysis was carried 
out between every two stages from the same species using DESeq2 (Love, Huber et al. 2014) and the raw read counts 
as computed by HTSeq (Anders, Pyl et al. 2015). The lists of significantly differentially expressed genes were 
compared against the list of genes associated to reactions whose predicted flux rates are significantly changed between 
the same two stages by computing the area under the ROC curve (AUROC) (Figure 2.3b-c) using the ROCR package 
(Sing, Sander et al. 2005).   
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The WT P. falciparum model (see validation of predicted glycolytic flux rates and Table 

S4) was used as the template model to generate the life-cycle stage specific models. In 

addition, the following uptake/secretion rates were imposed on the stage-specific models:  

• For the trophozoite and schizont models, lactate secretion was constrained to 93% of 

the glucose internalized by the asexual stages (MacRae, Dixon et al. 2013). The 

growth rate was constrained to a minimum of 0.045 mmol/gDW/h corresponding to 

15h doubling time where the range of doubling times reported for asexual stages 

replication was between 7-9h (Madrid, Ting et al. 2008).  

• For the early gametocyte (GII) stage model, lactate secretion was constrained to 80% 

of the glucose uptake (MacRae, Dixon et al. 2013) and N-acetylglucosamine 

(GlcNAc) uptake was allowed (Miao, Wang et al. 2013). The constrain on the lower 

bound of the growth rate was relaxed since its expected that the proliferation rate of 

the gametocyte stages is less than that of the asexual stages.  

• For the late gametocyte (GV) stage model, lactate secretion was constrained to 80% 

of the glucose uptake (Miao, Wang et al. 2013) and N-acetylglucosamine (GlcNAc) 

uptake was allowed (Miao, Wang et al. 2013). No growth was allowed and the 

objective function was set to maximize cytosolic ATP production (Plouffe, Wree et 

al. 2016).  

• For the ookinete stage model, glucose uptake was reduced to 10% of the uptake rate 

of the asexual stages to mimic a glucose-rare environment (MacRae, Dixon et al. 

2013).  

Following, applying the stage-specific uptake and secretion rates, stage-specific 

transcriptomic data was used to further constrain the stage-specific models following the 
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workflow depicted in Figure A2. P. falciparum 3D7 life cycle stage-specific RNA-Seq 

data was downloaded from SRA archive (SRP009370) (Lopez-Barragan, Lemieux et al. 

2011) SRA files were converted to fastq files using the sra-toolkit (Leinonen, Sugawara 

et al. 2011). Tophat2 (Kim, Pertea et al. 2013) was used for the alignment (--library-type 

fr-unstranded) libraries. PICARD (http://broadinstitute.github.io/picard/) and 

samtools(Li, Handsaker et al. 2009) were used for processing the aligned reads and 

HTSeq (Anders, Pyl et al. 2015) was used to produce read counts (--stranded=no). 

Performance evaluation of stage-specific models against differential gene expression 

(DEG) analysis results.  

Previous studies have demonstrated that while flux does not always correlate with gene 

expression levels, changes in flux often correlate with changes in gene expression levels 

or the abundances of active enzymes (Nam, Lewis et al. 2012, Machado and Herrgard 

2014). Thus, we wanted to assess the consistency between experimental differential gene 

expression (DEG) and changes in model-predicted flux rates. Stage-specific model 

predictions were compared against DEG following the workflow previously introduced in 

(Nam, Lewis et al. 2012) and outlined in Figure A2. Briefly, differential gene expression 

analysis was carried out between every two stages from the same species and the lists of 

significantly differentially expressed genes (DEG) (FDR < 0.05 and (> 75th or < 25th 

percentile of the log2 fold change in expression)) were later used for evaluation of stage- 

and species-specific models’ predictions. For each reaction, a distribution of feasible 

steady-state flux values was acquired from the uniformly sampled points using MCMC 

(see validation of iAM-Pf480 predicted glycolytic flux rates). The list of reactions that 

show significantly different (FDR < 0.05 and (> 75th or < 25th percentile of the log2 fold 
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change in reaction fluxes)) distribution of possible fluxes for the two stages is returned, 

along with the direction of the change in magnitude. All significantly changed fluxes are 

then decomposed into their associated genes using the gene-protein-reaction associations. 

Through this, lists of genes that are predicted to be up-regulated or down-regulated 

depending on their associated reactions are obtained and are compared to DEG lists 

(Figure A2 and Table A2). Genes that are associated both with reactions that increase and 

other reactions that decrease as well as loop reactions were removed from the analysis.  

Table A 2|Performance evaluation of the life-cycle stage specific models of P. falciparum 

  

Co-Sets predict a stage-dependent fate of glucose-6-phosphate in P. falciparum 

Interestingly, in the late gametocyte stage (GV), the non-oxidative branch was correlated 

with inositol metabolism (Figure 2.4). Glucose-6-phosphate (G6P) is a substrate of myo-

Inositol 3-phosphate synthase (MI3Ps), which produces myo-inositol 3-phosphate in the 

first step of inositol metabolism (Kusuda, Koga et al. 2015). G6P is also an intermediate 

metabolite of the glycolysis pathway (Figure 2.4). Therefore, it’s possible that inositol 
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metabolism and glycolysis compete for G6P (Kusuda, Koga et al. 2015). It’s well 

established that the asexual stages are dependent on glycolysis to support their rapid 

proliferation (Ke, Lewis et al. 2015) while the mature sexual stages are thought to be 

metabolically quiescent (Plouffe, Wree et al. 2016), (Ke, Lewis et al. 2015). A possible 

scenario then is that in the asexual stages, because glycolysis is more dominant, more 

G6P is directed to the lower branch of glycolysis for ATP generation through aerobic 

glycolysis. In contrast, during the gametocyte stage, more G6P is diverted into inositol 

metabolism, since glycolysis is less utilized in this stage (Plouffe, Wree et al. 2016). 

Inositol metabolites have been shown to be protective against abiotic stress in plants 

(Kusuda, Koga et al. 2015). In malaria, environmental stressors, such as high host 

parasitemia or drug treatment, are among the established cues for sexual commitment 

(Josling and Llinas 2015), so it is possible that more inositol is needed to protect the 

gametocytes against the various stressors. Interestingly, phosphatidylinositol 4-kinase 

(PI4K) has been shown to be an essential and druggable target that blocks development at 

multiple stages of the Plasmodium lifecycle, underscoring the importance of inositol 

metabolism across several life cycle stages of malaria (McNamara, Lee et al. 2013). 

Interestingly, a recent study (Macrae, Lopaticki et al. 2014) reports that the asexual stages 

are dependent on de novo synthesis of myo-inositol through MI3PS but its essentiality in 

sexual stages was never tested before. Additional genes that were essential only in the 

late gametocyte stage include, IMP-specific 5'-nucleotidase (PF3D7_1206100) and 

phosphoinositide-specific phospholipase C (PF3D7_1013500). 

Additionally, there are a few other observations that follow from assessment of the co-

sets (Table S7). Isoleucine is the only amino acid correlated with growth rate in the 
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proliferating stages since it is absent from adult human hemoglobin (Cobbold, Martin et 

al. 2011). Lysine degradation correlated with lipecolic acid secretion in all stages 

(Sengupta, Ghosh et al. 2011). Other amino acids were correlated with hemoglobin 

degradation and hemozoin formation. Furthermore, the trophozoite model predicted flux 

rates confirmed the hypothesized role of fumarate hydratase (FH) in purine salvage where 

FH and malate dehydrogenase (MDH, MDH6, MDH7m) were correlated with 

adenylosuccinate lyase (ADSL), aspartate transaminase (ASPTA) and adenylosuccinate 

synthetase (ADSS). FH was one of two enzymes of TCA that couldn’t be knocked out 

during IDC, although all other 6 enzymes of TCA cycle were knocked out without 

affecting asexual growth suggesting a role of FH in non-TCA related function (Bulusu, 

Jayaraman et al. 2011), (Ke, Lewis et al. 2015). The stage-specific model predictions 

showed that ADSL and ADSS, which are involved in the purine salvage pathway (Ke, 

Lewis et al. 2015), are correlated with FH. Hence, confirming the non-TCA role of FH in 

nucleotide metabolism in the asexual stages of P. falciparum.  

In silico gene deletion analysis in malaria vs. yeast 

To further validate the performance of iAM-Pf480 and to assess how the number of 

essentially-predicted genes compares to species from other domains, we evaluated the 

overlap in gene essentiality predictions between Malaria (P. falciparum) and Yeast (S. 

cerevisiae).  

Essentiality data was downloaded from Saccharomyces Genome Database (SGD), 

yielding 1019 ‘inviable’ and 4868 ‘viable’ genes specific to S288C. We then used 

OrthoMCL v5 to match genes by orthology between P. falciparum and S. cerevisiae. 
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Inviable genes were assumed to be essential for yeast growth while viable genes were 

assumed to be nonessential.  

70 inviable yeast genes were common with malaria. Of those, 27 genes (38.5%; 27 out of 

70) were predicted to be essential for P. falciparum growth. 213 viable yeast genes were 

common with malaria and of those,160 genes (75%; 160 out of 213) were predicted to be 

nonessential for P. falciparum growth. Thus, the total number of yeast genes for which 

essentiality data was available and common orthologous group IDs with P. falciparum 

was 283 (70 + 213) and matched predictions for iAM-Pf480 and yeast data were 66% (27 

+ 160). We then compared the druggable targets (from Figure 2.5) obtained from single 

gene deletion and drug inhibition studies of P. falciparum against S. cerevisiae data 

(Figure A3).  

 

 

 

Figure A 3|Evaluation of overlap in gene essentiality predictions between malaria (P. fal) and yeast (S. cer).  
 
Essential targets that were correctly predicted (expected to be essential according to 

experimental data and correctly predicted by iAM-Pf480) by iAM-Pf480 and were also 

essential for yeast viability were mainly involved in folate (e.g. bifunctional 

dihydrofolate reductase-thymidylate synthase, hydroxymethyldihydropterin 

pyrophosphokinase-dihydropteroate synthase) and fatty acid biosynthesis (e.g. 

geranylgeranyl pyrophosphate synthase, stearoyl-CoA desaturase),  as well as heme 
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synthesis (e.g. delta-aminolevulinic acid synthetase, delta-aminolevulinic acid 

dehydratase). Non-essential targets in both yeast and malaria (as predicted by iAM-

Pf480) were mostly involved in TCA.  

We have also compared the biomass precursors simulating both yeast and Malaria growth 

(Figure A4). In case of yeast, we have merged biomass precursors from 12 yeast genome-

scale metabolic models (Heavner and Price 2015). Amino acids were the major 

overlapping biomass precursors between both organisms.   

 

Figure A 4|Evaluation in the overlap in biomass precursors simulating growth requirements in genome-scale 
metabolic models of malaria and yeast.  
 
A major value of these models is that the metabolic flux and growth predictions are 

specific to the organism and growth conditions (Lewis, Nagarajan et al. 2012, Bordbar, 

Monk et al. 2014) providing useful insights into the specific metabolic functions unique 

to each organism. What is quite interesting is that we would expect major differences 

between essential genes in the plasmodium and the yeast models for a few reasons. First, 

the gene and metabolic contents of the models differ substantially, as reflected by the 

different sizes of the two models and the differences in compartmentalization. Given the 

differences in the size of the genomes and the underlying biology, we would expect 

significant differences between the two reflected in the clear differences in scale and 
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scope of the models. Thus, the required pathways to make biomass differ in 

completeness, primarily since yeast has been studied in far greater detail, with a far more 

complete genome annotation and more detailed studied biomass composition. 

Additionally, the growth conditions of plasmodium species, in human is far richer than 

the typical culture media used for yeast (both synthetic complete medium and minimal 

medium). For these reasons, essential genes from the two organisms are not expected to 

be largely congruent. 

Species-specific model building procedure 

Reconstruction of species-specific models.  

Although automated reconstruction methods exist and there are powerful tools for 

creating draft metabolic reconstructions for a wide range of species (Henry, DeJongh et 

al. 2010, Agren, Liu et al. 2013), it has been shown that starting from the highly curated 

content of a closely related organism produces a more accurate model than the currently 

available automated methods (Monk, Charusanti et al. 2013). Figure A5 outlines the 

details of the workflow followed in this study to generate the malaria multi-species 

models. Genome-scale metabolic models were reconstructed for 4 Plasmodium species 

(other than iAM-Pf480 for P. falciparum) that infect humans, non-human primates and 

rodents. These are P. vivax ‘P.viv’, P. knowlesi ‘P.kno’, P. cynomolgi ‘P.cyn’, and P. 

berghei ‘P.ber’).  

Starting from genome annotation of a target species (e.g. P. berghei), two approaches 

were followed to decide which reactions to add or remove from the original generic P. 

falciparum network. The transform by orthology tool from http://plasmodb.org/plasmo/ 

was used for generating the reciprocal orthologs across all four species for metabolic 

http://plasmodb.org/plasmo/
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genes of the iAM-Pf480. Using this tool, three groups of genes were generated: 1) 

Orthologous genes that exist in P. falciparum and target species, 2) Genes that are unique 

to P. falciparum (i.e., with an orthologs count in target species = 0) whose corresponding 

reactions were removed, and 3) genes that are unique to target species (i.e., orthologs 

count in P. falciparum = 0) whose corresponding reactions were added to the network 

following the same steps in the reconstruction of the generic P. falciparum model.  

When genes were annotated as ‘hypothetical with unknown function’, a 2-way BLAST 

was carried out and according to the percentage of sequence similarity (cutoff 50%) 

between P. falciparum and the target species’ genes as well as function prediction using 

I-TASSER (RMSD =< 5) (Zhang 2008, Roy, Kucukural et al. 2010, Yang, Yan et al. 

2015) a decision was made on whether to add or remove the corresponding reaction to 

the target species genome-scale metabolic model under reconstruction. Further, a data set 

composed of 101 one-to-one orthologs across 26 alveolate and stramenopile species 

(Woo, Ansari et al. 2015) was queried for orthologous groups discrepancies between 

Plasmodium species (P.fal, P.kno, P.viv, P.ber). All genome annotations were 

downloaded from PlasmoDB 24. In addition, KEGG-REST  was checked for all 

plasmodium species available through KEGG REST (pfa, pyo, pvx, pkn, pcb, pber and 

pcy). 

Orthologous groups were assigned to each gene in each species-specific model (Figure 

A5) where 421 orthologous groups were common across all 5 species. A few genes are 

seemingly functionally similar, so they have been assigned to the same reaction during 

the reconstruction process. However, they belong to different orthologous groups across 

the different species: 1) Copper-transporting ATPase (CuTP) for P.fal, P.kno and P.ber: 

http://plasmodb.org/plasmo/
http://plasmodb.org/plasmo/
http://rest.kegg.jp/link/pkn/pathway
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OG5_126855 while P.viv and P.cyn copper-transporting ATPase (CuTP) belong to a 

different orthologous group: OG5_168155. 2) Amino acid transporter, putative for P.kno 

belongs to OG5_188855, P.fal, P.viv and P.cyn belong to OG5_129703 and P.ber belong 

to OG5_126804. 3) N-acetylglucosaminylphosphatidylinositol deacetylase, putative for 

P.kno belong to a different orthologous group (OG5_158530) while other species N-

acetylglucosaminylphosphatidylinositol deacetylase belong to OG5_128077. 

 

 

Figure A 5|Multi-species reconstruction workflow. Details are explained in the text. 
 
The P. falciparum reconstruction was the largest among the five species, with 480 genes 

associated with 1083 reactions. P. berghei was the smallest reconstruction with 448 genes 

associated with 1067 reactions (Table A3); these findings are consistent with differences 

in genome size of rodent (~18-20MB) and non-rodent malaria (~23-24MB), respectively. 
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Table A 3|The size of each species-specific reconstruction in terms of reaction (GEM reactions) and gene content 
(GEM genes) compared to the genome size (Size) and number of annotated genes (total number of annotated 
genes obtained from Plasmodb.org Release 26. 

 

Curation notes for specific enzymes that differed across the species.  

Carbonic anhydrase (CA). The carbonic anhydrase gene is only present in P.fal and P.ber 

while the gene is not found in P.viv, P.cyn nor P.kno. Inhibition of CA-associated 

reactions caused 100% reduction of growth since it generates bicarbonate for Carbamoyl-

phosphate synthase. Further, there is ample evidence for spontaneous occurrence of the 

reaction albeit at lower rate. Hence, the reaction was kept in P.viv, P.cyn and P.kno but 

with no gene association.  

Sepiapterin reductase. Sepiapterin reductase (SPR) and 6-pyruvoyltetrahydropterin 

synthase (PTHPS) were unable to carry flux in the rodent and P.cyn models while being 

active in the human and P.kno models. The PTHPS gene encodes an unusual ortholog of 

6-pyruvoyltetrahydropterin synthase (PTPS), which in mammals is part of the 

tetrahydrobiopterin (BH4) biosynthetic pathway. P. fal has a pterin-4a-carbinomaline 

dehydrates (PCD) activity (reaction producing the cofactor BH4; PF3D7_1108300). This 

enzyme does not have any orthologs in the rodent malaria, nor in P.cyn. In general, the 

possible usage of BH4 is for amino acid hydroxylases, alkyl mono glycerol ether or NOS 

activity. AA hydroxylases and alkyl mono glycerol oxygenases are not detected in 

malaria. Since P. fal has NOS activity whilst being absent from rodent species, a possible 

http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1108300&project_id=PlasmoDB
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1108300&project_id=PlasmoDB
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hypothesis is that human malaria retains BH4 metabolism for NOS activity while rodent 

malaria does not. 

Nitric oxide synthase. In the reconstruction, we accounted for reactions whose gene 

association have not been identified nor characterized but for which there is evidence for 

their occurrence in Plasmodium. Nitric oxide synthase (NOS) activity was detectable in 

P. fal (Sana, Gordon et al. 2013) but in none of the rodent malaria species. This is 

consistent with the absence of pterin-4a-carbinolamine activity in rodent malaria (Ghigo, 

Todde et al. 1995, Hyde, Dittrich et al. 2008). Also, studies with iNOS−/− knockout mice 

found parasitemia levels similar to that of control animals (Percario, Moreira et al. 2012). 

PF3D7_1459100 (annotated as GTP-binding protein in http://plasmodb.org/plasmo/) 

associated to the orthologous group OG5_128338 whose members possess a nitric-oxide 

synthase activity (1.14.13.39). We have not associated PF3D7_1459100 to the 

corresponding reaction in our reconstruction but we have accounted for the nitric oxide 

synthase activity. Recently, Cobbold et al. (Cobbold, Llinas et al. 2015) reported that 

PF3D7_0923200 is a putative NOS. Although the reaction is already included in our non-

rodent models, we have not included the associated gene as there is no demonstration of 

nitric oxide synthase activity. Also, NOS reaction is only included in the non-rodent 

models assuming that BH4 metabolism is linked to NOS activity. 

COX1 and COX3. No orthologs were detected for COX1 and COX3 in P. cyn nor for 

cytochrome b (CYTB) (mal_mito_1, mal_mito_2 and mal_mito_3 orthologous) 

in http://plasmodb.org/plasmo/. Initially, the reaction CYOOm2 was removed from P.cyn 

reconstruction since the gene association rule for this reaction contains ‘AND’ logic. 

However, we found several studies using CYTB, COX1 or COX3 to construct 

http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1459100&project_id=PlasmoDB
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1459100&project_id=PlasmoDB
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1459100&project_id=PlasmoDB
http://plasmodb.org/plasmo/
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1459100&project_id=PlasmoDB
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PF3D7_1459100&project_id=PlasmoDB
http://plasmodb.org/plasmo/
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phylogenetic trees for plasmodium species where P. cyn was among the species that 

possess all three genes, and hence we added this reaction back to P.cyn reconstruction 

and removed it from the pan not core reactions. In fact, these genes were annotated for P. 

cyn in GenBank (accession numbers: AF069616, AB444126, AB471873). The annotation 

of these genes should be updated in http://plasmodb.org/plasmo/. 

Quinone oxidoreductase. Only one gene associated to one reaction, NADPH: quinone 

oxidoreductase (PBANKA_0708600) was in the pan Plasmodium metabolic content but 

not in P. fal reconstruction. In fact, this gene was restricted to the rodent parasites (P. 

chabaudi, P. berghei and P. yoelii) while having no ortholog in the non-rodent malaria  

(P. falciparum, P. vivax, P. cynomolgi and P. knowlesi) (Table S9). Nevertheless, the 

major contributor to the mitochondrion electron transport chain, type II 

NADH:ubiquinone oxidoreductase (NDH2) (Carbary 1991, Fry and Beesley 1991), was 

found in all species analyzed in this study. 

Host-specific hemoglobin composition 

The malaria parasite uses host erythrocyte hemoglobin as a major nutrient source 

(Goldberg, Slater et al. 1990). To further contextualize the malaria species-specific 

models, we accounted for the differences host hemoglobin composition as retrieved from 

UniProt (Table A4). The stoichiometric coefficients in the hemoglobin digestion 

equations, as well the molecular formulae for hemoglobin, alpha and beta chains were 

accounted for in each species-specific model.  

Table A 4|Host-specific hemoglobin composition 

http://plasmodb.org/plasmo/
http://plasmodb.org/plasmo/showRecord.do?name=GeneRecordClasses.GeneRecordClass&source_id=PBANKA_0708600&project_id=PlasmoDB
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Validation of the species-specific reconstruction workflow 

For validation, we assessed the performance of the rodent-infecting malaria model, iAM-

Pb448 (P. berghei) predictions for gene essentiality by comparing iAM-Pber448 

predictions to single gene deletion experiments (phenotypes) reported in the Rodent 

Malaria genetically modified Parasites DataBase (RMgmDB) (Table S10). When 

simulating standard in vitro growth conditions (similar to P. falciparum), iAM-Pber448 

correctly predicted 80% of the experimentally tested phenotypes (Table S10 and Figure 

A6). To our knowledge, this is the first rodent-infecting malaria genome-scale metabolic 

model as well as the first set of non-human malaria infecting species metabolic models.  

 

 

Figure A 6|Performance evaluation iAM-Pb448 against experimentally validated data from RMgmDB.  
 
Metabolic Similarities across Plasmodium species 
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Figure A 7|Similarities in metabolic capacities of Plasmodium species. Druggable targets (n = 67) whose deletion 
resulted in blocking of growth across the human, non-human primate and rodent malaria infecting species 
modeled in this study. The proportion of novel targets in each metabolic subsystem is indicated in blue relative to the 
experimentally validated druggable targets (Table S3) indicated in red.  
 
We discuss three of the growth-related conserved targets that are predicted by the multi-

species models to be essential for growth of malaria species: 1) Phosphomannomutase 

(PMM) is predicted by our models to be essential across all Plasmodium species. PMM is 

involved in fructose and mannose metabolism where it produces GDP-mannose (GDP-

Man), the activated form of mannose. GDP-Man is incorporated in the GPI-anchor of the 

blood stages of the parasite (Bandini, Marino et al. 2012), the major glycosylated 

molecules on the surface of the Plasmodium parasite essential for primary contact with 

the host red blood cell (Cowman and Crabb 2006), (Sanz, Lopez-Gutierrez et al. 2016). 

Hence, we hypothesize that disruption of PMM would interfere with the pathogenesis of 

malaria. 2) Mitochondrial cardiolipin synthase (CLS) is another overlooked candidate 
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target predicted by the species-specific models to be essential in all malaria species. 

Deletion of CLS results in the death of Trypanosoma brucei, the causative agent of 

human African sleeping sickness (Serricchio and Butikofer 2012). In eukaryotes, CLS is 

required for proper function of key mitochondrial enzymes and proteins involved in 

oxidative phosphorylation and certain mitochondrial transport systems. In addition, 

mitochondrial CLS associates with several respiratory complexes (Serricchio and 

Butikofer 2012). Hence, CLS inhibition is expected to compromise mitochondrial 

function in life cycle stages where oxidative phosphorylation is more active (Ke, Lewis et 

al. 2015), (Reader, Botha et al. 2015). 3) Glutamine-dependent NAD(+) synthetase was 

predicted to be equally potent in blocking growth across all malaria species to nicotinate-

nucleotide adenylyltransferase (NMNAT). Elevated NAD+ synthesis driven by the 

parasite promoted the design of inhibitors against NMNAT (O'Hara, Kerwin et al. 2014), 

(Plata, Hsiao et al. 2010), however, NADS efficiency in reducing malaria growth was not 

experimentally tested before.  

Variations in metabolic capacities between rodent- and human-infecting malaria 

species 

Reactions with the most striking differences in activity across malaria species were 

between the rodent and non-rodent species, namely: thiamine pyrophosphokinase (TPK), 

and choline kinase and a member of the holo-acid dehalogenase (HAD) superfamily 

protein. All three genes were predicted to be essential in P.berghei only, while their 

deletion had no effect on growth in any of the non-rodent species. TPK and CK are 

discussed in the main text.  
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In non-rodent malaria models, a holo-acid dehalogenase (HAD) superfamily protein 

(PF3D7_0303200) and a PAP2-like protein (PF3D7_0805600) catalyze the synthesis of 

diacylglycerol (DAG) from phosphatidic acid (Botte, Yamaryo-Botte et al. 2013). No 

rodent malaria ortholog exists for the PAP2-like protein. Hence, the deletion of the rodent 

malaria ortholog of the holo-acid dehalogenase (HAD) superfamily protein blocks 

synthesis of DAG, the precursor for the synthesis of most phospholipids and 

triacylglycerols, from phosphatidic acid, eventually, inhibiting growth of the rodent 

model. In a recent study, another closely related HAD (PfHAD1) has been shown to 

control deoxyxylulose 5-phosphate (DXOP) availability, a key metabolite in the synthesis 

of isoprenoids.  It is also possible that HAD plays a dual role in case of rodent-infecting 

species where it catalyzes the reaction for DAG generation as well as regulating 

availability of key metabolites.  

Phylogenetic analysis using TPK and CK vs. DHODH. 

Although phylogenetic trees illustrate how different/similar species are based on 

sequence similarity, they seldom give mechanistic insights into the functional impact of 

these differences/similarities. To illustrate the utility of the species-specific models in 

comparison to phylogenetic analysis, we generated three phylogenetic trees (Figure A8) 

based on thiamine pyrophosphokinase (TPK), choline kinase (CK) and dihydro-orotate 

dehydrogenase (DHODH) using pre-built workflow from Phylogeny.fr 

platform(Dereeper, Guignon et al. 2008, Dereeper, Audic et al. 2010). The workflow 

comprised the following steps. First, sequences were aligned with MUSCLE (v3.8.31) 

configured for highest accuracy (MUSCLE with default settings). Second, ambiguous 

regions (i.e. containing gaps and/or poor alignment) were removed with Gblocks (v0.91b) 
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using 10 as the minimum length of a block after gap cleaning. No gap positions were 

allowed in the final alignment, all segments with contiguous non-conserved positions 

bigger than 8 were rejected, and the minimum number of sequences for a flank position 

was 85%. Third, the phylogenetic tree was reconstructed using the neighbor joining 

method implemented in the BioNJ program, with 1000 bootstraps. Fourth, graphical 

representation and edition of the phylogenetic tree were performed with TreeDyn 

(v198.3). 

As explained in the main text, both TPK and CK are essential in rodent species but only 

minimally affect growth in non-rodent plasmodium species (while thiamine uptake is 

allowed). DHODH is an essential gene and drug target across both rodent and non-rodent 

species (Tables S2-S3). Interestingly, the three trees were identical topologically although 

the models’ predictions supported by literature evidence have demonstrated that TPK and 

CK are essential only in rodent species while being dispensable in non-rodent ones.  
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Figure A 8|Phylogenetic trees using a) TPK, b) CK and c) DHODH. CK vs DHODH phylogenetic trees show 
identical topology at the clade level. Although within the sub-clades there are some minor differences, the bootstrap 
values of these differences are Tgon: Toxoplasma gondii, Pfal: Plasmodium falciparum, Prei: Plasmodium reichenowi, 
Pkno: Plasmodium knowlesi, Pcyn: Plasmodium cynomolgi, Pber: Plasmodium berghei, Pyoe: Plasmodium yoelii  
 
Life cycle stage-specific models of P. berghei 

Following the same procedure that was used to generate the P. falciparum stage-specific 

models, we generated life-cycle stage-specific models of P. berghei. The same uptake 

and secretion rates that were imposed on iAM-Pf480 were also imposed on iAM-Pb448. 

Following, previously published P. berghei stage-specific transcriptomic data was used to 

constrain the rodent-stage-specific models. P. berghei ANKA life stages transcriptomic 

data was downloaded from SRA archive (SRA093247) (Otto, Bohme et al. 2014) and 

were processed in following the same procedures for P. falciparum (see P. falciparum life 

cycle stage-specific model building and validation procedures).  
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To allow valid comparison between the stage-specific models of P. falciparum and P. 

berghei, the raw counts for each species were merged by orthologous group (summation 

of read counts per gene) before normalization by DESeq2 (Love, Huber et al. 2014) 

(Figure A2). The sexual stages of both species clustered separately from the asexual 

stages (Figure A9), confirming that the clustering is not due to batch effect. Also, the 

distribution of the normalized counts of the raw reads of the different stages from the two 

species was comparable (Figure A9). Following, log2 normalized RNA-Seq reads 

(RPKMs) were used to generate the stage-specific P. berghei models (Figure A9).  

 

Figure A 9|Comparison of the transcriptomic data used for constraining the rodent and human infecting species. 
a) Clustering of P. berghei and P. falciparum stage specific transcriptomic data using normalized read counts. No batch 
effect was observed where sexual and asexual stages from each species co-cluster. Distribution of normalized read 
counts from b) P. berghei and c) P. falciparum stage-specific data. PCA plots based on normalized read counts for d) P. 
berghei and e) P. falciparum stage-specific data.  
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Since it was not clearly specified which gametocyte stage was used for expression 

profiling of P. berghei (Otto, Bohme et al. 2014), we have generated two gametocyte 

models using the same expression data but differing in the objective function to be 

maximized, namely the objective function of the early gametocyte model was to 

maximize biomass (growth rate) while that of the late gametocyte stage was to maximize 

ATP production. Although, this is less accurate in comparison to the P. falciparum 

models for which expression data was available for the early and late gametocyte, we 

found high overlap between the predictions made by the stage-specific models from the 

two species.   

 

B Supplementary material to Chapter 4 

Bacterial strains  

Bacterial strains were grown in M9 (Sigma Aldrich) minimal medium supplemented with 

0.5 % glucose, 1 mM magnesium sulphate and 0.1 mM calcium chloride, unless 

otherwise specified. V. cholerae V52 (O37 serogroup) and the Enterotoxigenic 

Escherichia coli strains (ETEC E616 and ETEC E36) were a kind gift from Prof. Sun 

Nyunt Wai, Umeå University, Sweden. 

Growth Curve and CFU Measurements 

V. cholerae and ETEC were grown either individually (mono-cultures – V52, E616 and 

E36) or in combination (co-cultures – V52/E616 and V52/E36) at 37 °C at 200 rpm. Co-
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cultures were started with equal concentrations of each strain. The absorbance (OD600) 

was measured every 1h over a period of 7h for the growth curve measurements. 

Simultaneously, at every hour, an aliquot was taken from each culture flask, serially 

diluted and 5µL were spotted (three technical replicates) on agar plates containing 

appropriate antibiotics (100µg/mL of rifampicin or 15µg/mL of tetracycline). V52 mono-

cultures were spotted on rifampicin plates whereas ETEC E616 and E36 mono-cultures 

were spotted on tetracycline plates. All co-cultures were spotted on both sets of antibiotic 

plates. All plates were incubated for a period of 12-16h at 37 °C after which the colonies 

were counted and the cfu/mL was calculated based on the formula: 

cfu/mL = (number of colonies/volume spotted)/dilution 

To ensure biological reproducibility, experiments were performed in triplicates. 

DNA extraction sequencing 

Genomic DNA and plasmids (in case of ETEC) were extracted from bacterial cells for 

the purpose of whole genome sequencing. V. cholerae and ETEC cells (mono-cultures) 

were inoculated in rich LB (Sigma Aldrich) medium and grown at 37 °C at 200 rpm until 

stationary phase. Subsequently cells were harvested and lysed and the genomic DNA was 

extracted using the DNeasy® Blood & Tissue Kit (Qiagen), according to manufacturer’s 

instructions. Plasmid DNA from both the ETEC strains was additionally isolated using 

the Gene Jet Plasmid Miniprep Kit (Thermo Scientific) by following the manufacturer’s 

instructions. 
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RNA extraction and sequencing 

Sampling of cells for the purpose of RNA extraction was performed as follows: Bacterial 

cells (mono-cultures and co-cultures of V. cholerae and ETEC) were grown to mid 

logarithmic phase in shake flasks at 37 °C at 200 rpm. In case of the co-cultures, equal 

concentrations of individual mono-cultures were inoculated into the same medium from 

the start. Once the appropriate growth phase was reached, the cells were harvested. RNA 

was extracted from the harvested cells using the RNeasy®Mini Kit (Qiagen), according to 

manufacturer’s instructions. Experiments were carried out in triplicates. The RNA 

extracted was in the range of 200 – 100 ng/µL.  

The RNA integrity (RNA Integrity Score ≥ 8) and quantity was determined on the 

Agilent 2100 Bioanalyzer (Agilent; Palo Alto, CA, USA). As ribosomal RNA comprises 

the vast majority of the extracted RNA population, depletion of these molecules through 

RiboZero-based rRNA depletion was used in efforts to increase the coverage of mRNA 

and to reduce rRNA reads. For this mRNA enrichment, the Illumina's 

RiboZeroTMProkaryotic kit was used according to manufacturer's instructions. Briefly, 

2µg of total RNA samples was hybridized with prokaryotic rRNA sequence-specific 5′-

biotin labeled oligonucleotide probes to selectively deplete large rRNA molecules from 

total RNA. Then, these rRNA-hybridized, biotinylated probes were removed from the 

sample with streptavidin-coated magnetic beads. The final RiboZeroTMRNA sample was 

subjected to thermal mRNA fragmentation using Elute, Prime, and fragment Mix from 

the Illumina TruSeq stranded total RNA sample preparation kit (Low-Throughput 

protocol). The fragmented mRNA samples were subjected to cDNA synthesis using the 

Illumina TruSeq stranded total RNA sample preparation kit (Low-Throughput protocol) 
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according to manufacturer's protocol. Briefly, cDNA was synthesized from enriched and 

fragmented RNA using SuperScript III Reverse Transcriptase (Invitrogen) and SRA RT 

primer (Illumina). The cDNA was further converted into double stranded DNA using the 

reagents supplied in the kit, and the resulting dsDNA was used for library preparation. To 

this end, cDNA fragments were end-repaired and phosphorylated, followed by 

adenylation of 3′ends and adapter ligation. Twelve cycles of PCR amplification were then 

performed, and the library was finally purified with AMPure beads (Beckman Coulter) as 

per the manufacturer’s instructions. 

The resulting libraries were quality-controlled on a Bioanalyser DNA1000 chip (Agilent). 

The bar-coded cDNA libraries were pooled together in equal concentrations in one pool 

before sequencing on Illumina HiSeq4000 using the TruSeq PE Cluster Generation Kit 

and TruSeq SBS Kit. Data were processed with the Illumina Pipeline Software v2.1. 

Genome sequencing, assembly and annotation 

Genome sequences were assembled using SPAdes (Bankevich, Nurk et al. 2012) for V. 

cholerae V52 and SPades and plasmidSPAdes (Antipov, Hartwick et al. 2016) for ETEC 

E616 and ETEC E36. PATRIC (Wattam, Davis et al. 2017) and eggNOG mapper 

(Huerta-Cepas, Szklarczyk et al. 2016) were used for genome annotation. Table B1 

shows the details for the genome assembly and genome annotation for each of the three 

bacterial strains used in this study.  The genome sequence for V. cholerae V52 was 

assembled using the reference V. cholerae O1 biovar El Tor str. N16991 as reference, 

since this is the closest complete genome sequence available for V. cholerae. As such, 

our reconstruction effort here is not directed towards building a serotype-specific GEM 
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but rather a GEM that accounts for all metabolic content of V. cholerae species regardless 

of the specific serotype. Future efforts will focus on delineating serotype differences and 

their functional linkage to the metabolic network like what was done for the diverse 

Salmonella serovars(Seif, Kavvas et al. 2018).   

Table B 1|Details for the genome assembly and annotation of V. cholerae V52, ETEC E36 and E616. 

 V. cholerae V52  ETEC E616  ETEC 36  

PATRIC genome ID 243277.158 316401.73 316401.72 

Contigs 178 610 444 

Genome Length 3941586 5536969 5403728 

GC Content 47.56 50.37 50.51 

PATRIC CDS 3674 6052 5793 

# unique specialty 

genes  

287  809 804 

# expressed genes in 

M9 + Glucose  

3227 4807 4615 
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Figure B 1|Number of common and unique expressed CDS in each of the bacterial pathogens sequenced in this 
study. FIGfam ID as generated by PATRIC (Wattam, Davis et al. 2017) genome annotation service was used for 
generating the numbers displayed in the Venn diagram generated by jvenn (Bardou, Mariette et al. 2014).  

Assessment of the metabolic component of V. cholerae essential genes 

We had two sets of genes which we looked at to assess the proportion of metabolic genes 

among them. The first set is the list of specialty genes as annotated by PATRIC(Wattam, 

Davis et al. 2017) for V. cholerae V52. In this set, V. cholerae had n = 287 unique 

specialty genes, 102 of those (36%) were involved in metabolic processes. The majority 

of the metabolic specialty genes were virulence factors (n = 34), while the rest were drug 

targets (n = 10), human homologs (n = 12) and involved in antibiotic resistance (n = 1). 

The second set was generated by taking the overlap of genes that are essential for V. 

cholerae growth and survival as tested by three independent studies (Cameron, Urbach et 

al. 2008, Chao, Pritchard et al. 2013, Kamp, Patimalla-Dipali et al. 2013). In this set, V. 
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cholerae essential genes were classified into metabolic and non-metabolic, and a large 

fraction of the essential genome consisted of metabolic functions (36%) (Table S2). 

Reconstruction of iAM-Vc960 network 

The starting model, iJO1366 (Orth, Conrad et al. 2011), was translated by orthology to V. 

cholerae using PATRIC (Wattam, Davis et al. 2017) genome annotation of the de novo 

genome assembly of V. cholerae V52 strain,  expression evidence from the 

transcriptomic data of V. cholerae V52 monocultures (Table S9-S10) as well as Uniprot 

‘Vibrio cholerae serotype O1 (strain ATCC 39315 / El Tor Inaba N16961)’. We realize 

that V. cholerae V52 and V. cholerae N16961 belong to different serotype groups but we 

make no distinction in relation to serotype groups in this study. We have used V. cholerae 

O1 El Tor N16961 genome assembly as it is the most complete and update genome 

annotation for V. cholerae. We have also sequenced and annotated the genome of V. 

cholerae V52 since it is more frequently co-isolated with ETEC in clinical settings 

(Chowdhury, Begum et al. 2010). Future studies will focus on assessing the linkage 

between metabolic capabilities and serotype groups as well as across the entire species.  

For the gene-protein-reaction (GPR) building, 28 genes did not have V. cholerae specific 

gene ID. If the rule was ‘AND’ and not all orthologous were found in V. cholerae 

genome or transcriptome data generated in this study or in Uniprot, we kept the gene 

symbol to indicate that this specific gene has not been annotated in V. cholerae but it’s 

potentially needed for the corresponding reaction. Also, for this set of reactions, at least 

one of the genes was expressed according to the transcriptomic data generated in this 

study. For example, AACPS1 is associated to (aas and VC2020), there is proteomic 

http://www.uniprot.org/taxonomy/243277
http://www.uniprot.org/taxonomy/243277
https://www.uniprot.org/uniprot/Q9KQH8
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evidence for VC2020 in V. cholerae according to Uniprot and it is also expressed in V52 

(Table S9-S10), however there is no evidence for aas expression and it does not have a 

designated VC- or VCA- formatted ID in Uniprot, so the gene symbol was used.  

The objective function for iAM-Vc960 was derived from that of iJO1366 (Orth, Conrad 

et al. 2011) and V. vulnificus (Kim, Kim et al. 2011). iAM-Vc960 was assessed for mass 

balance(Thiele and Palsson 2010). Metabolites charges and formulae were obtained from 

BiGG (Schellenberger, Park et al. 2010) and updated in iAM-Vc960 to mass-balance the 

respective reactions (Thiele and Palsson 2010).  

Refinement of iAM-Vc960 

If the respective GPR was annotated in V. cholerae genome, the reaction was kept but the 

gene symbol instead of V. cholerae specific gene ID (if not assigned in the standard 

format of VC- or VCA- in Uniprot) was used. aquaporinZ was not annotated in V. 

cholerae but it has been reported to be present in V. cholerae (Flach, Qadri et al. 2007). 

Glycolate dehydrogenase (EC 1.1.99.14), subunits glcD/E/F are not annotated in V. 

cholerae genome. Hence, reactions GLYCTO2, GLYCTO3, GLYCTO4 were removed. 

A sink reaction was nevertheless added for cytosolic glycolate since no literature 

evidence supported the presence of glycolate dehydrogenase in V. cholerae genome, 

however glcE was predicted to be essential for optimal growth. Similarly, Outer 

membrane porin N (ompN) was not annotated in V. cholerae genome in the data 

generated in this study but it was associated to several transporter reactions that are 

needed for model consistency, hence it was retained in the model under the gene symbol 

(ompN) to mark it from V. cholerae annotated genes that has VC- or VCA- prefixes. 

https://www.uniprot.org/uniprot/Q9KQH8
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Although, ompN is predicted to be present in V. cholerae at the protein level according to 

Uniprot but there was no experimental evidence to support its presence. Glutamate 

decarboxylase panD, associated with reaction ASP1DC according to iJO1366(Orth, 

Conrad et al. 2011), was changed to panP according to gene name annotation in V. 

cholerae.  

Validation of iAM-Vc960 singe gene essentiality predictions 

We downloaded gene essentiality data for V. cholerae O1 str. C6706 from the 

Online GEne Essentiality (OGEE)(Chen, Minguez et al. 2012, Chen, Lu et al. 2017) 

database. In total, 3886 genes (total number of ORFs identified in V. cholerae) were 

tested for essentiality. 458 genes were essential, 148 were essential for fitness, 3144 were 

non-essential and 136 were unknown. Out of the 458 essential genes, 145 were metabolic 

genes and were already in iAM-Vc960. iAM-Vc960 predicted 94 of those to be essential 

while the remaining 51 were falsely predicted by the model as non-essential. For the non-

essential genes, 758 of those were already in iAM-Vc960. The model could predict 693 

as non-essential while 65 were falsely predicted by the model as essential. The overall 

accuracy of the model predicted single gene essentiality was 87% (Figure 2c). This 

discrepancy between the model predictions and the OGEE dataset, the high confidence 

set that we used earlier and assuming low experimental error rate, indicates that the 

reconstructed V. cholerae reactome is incomplete and that there is further room for 

improvement and refinement of the iAM-Vc960 representing opportunities for new 

biological discoveries.  

https://www.uniprot.org/uniprot/A0A0H6LT34
http://bigg.ucsd.edu/models/iJO1366/genes/b0131
https://www.uniprot.org/uniprot/A0A0E4CEI8
http://ogee.medgenius.info/browse/
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Comparison to previous V. cholerae genome-scale metabolic model 

In this study, we report on a manually-curated high quality simulable metabolic model for 

V. cholerae. A previous study has published a V. cholerae metabolic model that is 

automatically reconstructed from path2models. iAM-Vc960 exceeds the previously 

published V. cholerae model which has 658 genes, 1007 metabolites and 2084 reactions. 

584 (89%) of the path2models V. cholerae model were already in iAM-Vc960. 6 

metabolic genes were added to a draft version of iAM-Vc960. The remaining 68 genes 

were non-metabolic. Moreover, the previously published model has a generic objective 

function where all biomass coefficients are 1. We could not perform a functional 

comparison between iAM-Vc960 and the previously published V.cholerae model since 

the later was unable to produce any biomass as downloaded from the biomodels 

repository.  

Two other automatically reconstructed and curated V. cholerae models also generated as 

part of ModelSEED (Henry, DeJongh et al. 2010). These models were further curated and 

evaluated against gene essentiality dataset (Cameron, Urbach et al. 2008) that was 

already accounted for as one of the three studies which we used to compile our high 

confidence list of essential genes for V. cholerae growth. However, we were not able to 

retrieve these models neither from ModelSEED nor directly by contacting the authors. 

Nevertheless, we tried to compare the performance of iAM-Vc960 against the same 

dataset the authors have used for evaluating their models. In total, the dataset from 

Cameron et al., (Cameron, Urbach et al. 2008) was composed of 789 ORFs (metabolic 

and non-metabolic) potentially essential genes for V. cholerae growth in nutrient-rich 

conditions, i.e. these ORFs were not disrupted during transposon insertion library 

https://www.ebi.ac.uk/biomodels-main/BMID000000140885
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productions. 78 of those were essential in both E. coli and V. cholerae under similar 

growth conditions. iAM-Vc960 covered 18% of the potentially essential genes (that is n 

= 145 out of 789 ORFs). Of those, iAM-Vc960 predicted 73 to be essential (50%). 

Notably, iAM-Vc960 predicted all of the 75% (n = 58) of the genes that are essential in 

both E. coli and V. cholerae.  Henry et al., (Henry, DeJongh et al. 2010) reported an 

accuracy of 75% for their V. cholerae model when tested against gene essentiality data. 

We were not able to retrieve details or parameters of their models’ gene essentiality 

predictions as to whether this reflects evaluation against the whole set of essential genes 

or only those essential in both E. coli and V. cholerae making the comparison presented 

here of limited use.  

Refinement of iETEC-1333 

Originally, iETEC1333 had 2756 reactions, 1962 metabolites and 1333 genes. For 

consistency, we removed tRNA-related reactions, metabolites and associated genes from 

iETEC1333. In addition, two reactions were duplicated in iETEC_1333: DADK and 

GTHPi. We also retained a single reaction accounting for core E. coli biomass 

‘BIOMASS_Ec_iJO1366_core_53p95M’ and removed 

‘BIOMASS_Ec_iJO1366_WT_53p95M’. Metabolite formulae for 24 metabolites were 

updated through BiGG to mass and charge balance the corresponding reactions.  

In our hands, using iETEC-1333 as downloaded from BiGG (Schellenberger, Park et al. 

2010), it could not grow on 3-phospho-D-glycerate in aerobic conditions and couldn’t 

grow on adenine, ethanol or hypoxanthine in anaerobic conditions. Also, it could not 

grow on arginine, glycine, ethanolamine, lactate and malate in anaerobic conditions 
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except if the uptake of the respective carbon source is increased to -1000 mmol/gDW (cf. 

-20 mmol/gDW which is the default used for testing). However, increasing uptake for the 

same carbon sources for iAM-Vc960 or the co-infection model did not enable their 

growth under similar conditions.    

In silico simulations of the growth of iETEC1333 and iAM-Vc960 in a shared  

environment, iCo-Culutre2993 

This analysis treated a multi-species community analogously to multi-compartment 

metabolic models of prokaryotes as previously reported for several other microbial 

community models (Stolyar, Van Dien et al. 2007, Wintermute and Silver 2010, Freilich, 

Zarecki et al. 2011, Ponomarova and Patil 2015, Bartell, Blazier et al. 2017, Ponomarova, 

Gabrielli et al. 2017). In the individual species models, multiple organelles are modeled 

by defining suitably labeled compartment-specific metabolites and reactions, and adding 

transport reactions across compartments, as dictated by the knowledge of diffusion or 

transporters. In a community-level model, members can be similarly treated as 

compartments embedded in a meta-compartment that represents the shared environment. 

Formally, the stoichiometric matrices of individual species can be combined with each 

other in a larger block matrix, to construct a community-level stoichiometric matrix. One 

subtle aspect of implementing FBA simulations for a microbial community based on this 

compartment-based stoichiometry is the identification of an appropriate objective 

function (Zomorrodi and Maranas 2012). Here, the widely-employed FBA objective of 

biomass maximization was replaced with the maximization of a weighted sum of the 

biomass production fluxes for the community members (Zomorrodi and Segre 2016), i.e. 



186 
 

the objective function was set to maximize the biomass function of each pathogen, 

simulating growth at 1:1 species composition/abundance. 

Quality control for the co-culture model iCo-Culture2993 

Quality checks for the co-culture model showed that hydrogen uptake in absence of any 

carbon source was generating non-zero biomass. A deeper investigation showed that 

shutting the upper and lower bounds of 6 related reactions [vch_VPAMTr, 

etec_PYRt2rpp, etec_INSt2pp_copy2, etec_ADNt2pp_copy2] blocked the production of 

any biomass under these conditions. Similarly, no flux was allowed in VPAMTr in iAM-

Vc960 while VALTA and ALATA_L were made irreversible.  

Testing for growth using alternate C/N/S/P sources showed that the merged model was 

unable to produce biomass in the combined objective function unless at least one of the 

individual models (prior to merging) was able to grow in the respective growth condition. 

In case of growth on urea as an alternative nitrogen source in anaerobic conditions, none 

of the individual models was able to grow in these conditions, however the merged model 

was able to produce biomass. On further curation, vch_NADHNQR was found to cause 

the leak, so it was made irreversible in the merged model. 

We tested 361 aerobic and 295 anaerobic conditions. All three models (iAM-Vc960, 

iETEC1333 and iCo-Culutre2993) were able to grow on 190 aerobic conditions (53% of 

the total number of tested aerobic conditions). ETEC was able to catabolize 150 nutrient 

sources aerobically that V. cholerae could not catabolize on its own under the same 

growth conditions. The co-culture model acquired the capability to catabolize these 

nutrients accordingly. In contrast, utilization of sucrose as sole carbon source aerobically 
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was probably contributed to the co-culture model by V. cholerae (i.e. ETEC was not able 

to utilize sucrose under the same conditions). Similarly, all three models were able to 

grow on 143 anaerobic conditions (48%). ETEC was able to anaerobically utilize 127 

nutrients that V. cholerae could not metabolize under the same conditions. V. cholerae 

was also able to utilize sucrose and octadecenoate C18:1 in absence of oxygen while 

ETEC did not have the capacity to do so.  

Prediction of all growth-supporting carbon, nitrogen, phosphorus, and sulfur 

sources 

The possible growth-supporting carbon, nitrogen, phosphorus, and sulfur sources of V. 

cholerae were identified using FBA as previously detailed (Monk, Charusanti et al. 

2013).  Briefly, to determine possible growth-supporting carbon sources, the lower bound 

of the glucose exchange reaction was constrained to zero. Then the lower bound of each 

carbon exchange reaction was set, one at a time, to −20 mmol gDW−1 h−1 (Table S4). 

Following, growth was maximized by FBA using the model-specific biomass reaction. 

The target substrate was considered growth supporting if the predicted growth rate was 

above 0.01. While identifying carbon sources, the default nitrogen, phosphorus, and 

sulfur sources were ammonium (nh4), inorganic phosphate (pi), and inorganic sulfate 

(so4), respectively. Prediction of growth-supporting sources of these other three elements 

was performed in the same manner as growth on carbon, with glucose as the default 

carbon source.  
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Dual RNAseq data analysis 

RNAseq reads from mono-cultures were directly aligned to the genome assembly of the 

corresponding species. To check for reads cross mapping, we first attempted to map V. 

cholerae reads against ETEC genome assembly and vice versa. In either case, the 

percentage of mapped reads was < 2% (Figure B2) indicating minimal cross-mapping 

between the two species. Following, we constructed an artificial genome assembly of 

both V. cholerae and ETEC combined, i.e. representing the co-culture as a single entity 

by merging the genome assemblies of the two species. Similar to the single genome 

assemblies, PATRIC (Wattam, Davis et al. 2017) and eggNOG mapper (Huerta-Cepas, 

Szklarczyk et al. 2016) were used for annotation of the merged genome assembly. V. 

cholerae and ETEC reads from the co-culture were then each separately aligned against 

the merged genome assembly and read counts were computed, i.e. we sequenced and 

annotated the genome sequences from the single and dual cultures using the same 

assembly and annotation pipeline to avoid differential gene calling. Although all strains 

used in this study (V. cholerae V52, ETEC E36 & E616) are clinical isolates that have 

been sequenced and characterized before (Pukatzki, Ma et al. 2006, von Mentzer, Connor 

et al. 2014), we have generated new assemblies and annotations to subject the mono- and 

co-culture transcriptomes to the same processing and annotation pipelines.  

For V. cholerae V52 genome assembly, 3674 unique PATRIC ID mapped to 2964 unique 

FIGfam IDs. In order to do differential expression analysis between the genome 

assemblies generated from the mono cultures and the co-cultures, we aggregated genes 

by their FIGfam IDs. Members of a FIGfam, are believed to implement the same 

function, they are believed to derive from a common ancestor, and they can be globally 
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aligned (Meyer, Overbeek et al. 2009). We wanted to see if there are specific functions 

that will be significantly altered between the two culture conditions especially that the 

sequence identity between ETEC and V. cholerae is around 80% (Chao, Pritchard et al. 

2013). FIGfam IDs were aggregated by keeping the FIGfam ID with the maximum value 

of raw read counts across all replicates from both the mono- and co-cultures. Co-culture 

transcriptomic data clustered independently from mono-cultures by PCA (Figure B3).  

V. cholerae V52 co-culture with ETEC E36: 

For the merged V. cholerae V52/ETEC E36 genome assembly, 9418 unique PATRIC ID 

mapped to 5437 FIGfam. The final count matrix had 2931 unique FIGfam IDs which 

were used for downstream analysis and differential expression analysis. Overall, 20% of 

V. cholerae quantifiable transcriptome was perturbed in response to addition of ETEC 

E36 to the co-culture. In particular, 431 FIGfams (15%, mapped to 458 genes) were 

significantly upregulated (FDR < 0.1, LogFC more than 1) in V. cholerae when co-

cultured with ETEC E36 relative to V. cholerae monoculture while 137 FIGfams (5%, 

mapped to 138 genes) were significantly downregulated (Table S10). Differentially 

expressed FIGfams were significantly enriched in diverse metabolic processes, 

particularly, amino acid metabolism e.g. tyrosine and L-phenylalanine (P value < 0.01, 

odds ratio > 10) (Figure 5A, Table S10).  

V. cholerae V52co-culture with ETEC E616: 

For the merged V. cholerae V52 and ETEC E616 genome assembly, 9679 unique 

PATRIC ID mapped to 5437 FIGfam IDs. The final count matrix had 2935 unique 

FIGfam IDs which were used for downstream analysis and differential expression 

analysis. 495 FIGfams (17%) were significantly upregulated (FDR < 0.1, logFC more 
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than 1) in V. cholerae when co-cultured with ETEC E616 relative to V. cholerae 

monoculture while 106 FIGfams (4%) were significantly downregulated (Table S9). 

Differentially expressed FIGfams were significantly enriched in diverse metabolic 

processes, carbohydrate metabolic processes (P value < 0.05, odds ratio = 2.630409) 

(Figure 4.5b, Table S9).  

ETEC E36 co-culture with V. cholerae relative to its mono-culture: 

Only 8% of ETEC E36 quantifiable transcriptome was perturbed and quantified in co-

culture with V. cholerae relative to its monoculture where 3391 FIGfam IDs had non-zero 

total read count. Probably this is related to the significantly suppressed growth of ETEC 

E36 in co-culture with V. cholerae V52. 51 FIGfam IDs (2%) were significantly 

downregulated while 247 FIGfam IDs (7%) were significantly upregulated in E36 co-

culture relative to its monoculture (Table S7). E36 differentially expressed genes were 

significantly enriched in taxis and chemotaxis in line with V. cholerae-mediated killing 

(Figure 5a). 

ETEC E616 co-culture with V. cholerae relative to its mono-culture: 

32% of ETEC E616 quantifiable transcriptome was perturbed in co-culture with V. 

cholerae relative to its monoculture where 3956 FIGfam IDs had non-zero total read 

count. 469 FIGfam IDs (12%) were significantly downregulated while 809 FIGfam IDs 

(20%) were significantly upregulated in E616 co-culture relative to its monoculture 

(Table S8, Figure 4.5b).  

GOstats (Falcon and Gentleman 2007) R package was used for the GO enrichment 

analysis and GOplot (Walter, Sanchez-Cabo et al. 2015) R package was used for 

visualization of GO enrichment results.  
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Figure B 2| Dual RNAseq analysis strategy for co-culture reads. A) Cross mapping rate for reads from mono-
cultures against V. cholerae and ETEC assembled genomes. B) Merged genome assembly of the two species against 
which the reads from the co-cultures were mapped.  
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Figure B 3|PCA plots for the distinctive gene expression profiles of the mono- and co-culture normalized read 
counts. Co-culture transcriptomic data clustered independently from mono-cultures by PCA. Rmd file is available upon 
request to reproduce the results for the differential expression analysis.  

Single gene essentiality predictions in mono- vs. co-culture models 

Flux balance analysis (Orth, Thiele et al. 2010) (FBA) predicts growth phenotypes due to 

complete or partial metabolic gene deletions. A complete gene deletion is implemented 

by constraining the corresponding flux to zero. Linear programming then provide the flux 

distribution and maximal growth yield for the new genotype (Segre, Vitkup et al. 2002). 

We have already validated iAM-Vc960 predicted gene essentiality against a dataset of 

essential genes previously identified in V. cholerae (Table S1, S3). We attempted to vary 

the species composition by varying the weights in the biomass objective function 

accounting for the growth of each of V. cholera and ETEC and we have also varied the 

media composition and investigate differences arising accordingly.  
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Variation in essential genome vs. species abundance  

We varied the species composition and tested for the essentiality of single genes from 

ETEC and V. cholerae for co-culture growth. 285 genes were essential for co-culture 

growth irrespective of the species composition while 1343 genes were non-essential. The 

essentiality of only 33 genes was dependent on the species composition mainly due to the 

10% growth reduction cutoff (Table S11). 631 genes were essential only when V. 

cholerae was 10% while ETEC was 90%.  

Difference between essentiality genes in rich vs. minimal medium (mono-cultures) -- 

adenylosuccinate lyase and adenylosuccinate synthetase were essential in minimal 

medium only. Both fructose-bisphosphate aldolase and 6-phosphofructokinase lot 

essentiality in rich medium (growth reduction by 12% in rich medium vs 21% in minimal 

medium). The difference between rich and minimal medium was more pronounced for 

ATP synthase subunits where growth was reduced by 46% upon deletion of any of the 

ATP synthase subunits in minimal media while a growth reduction of 16% was observed 

in rich medium.  

Variation in gene essentiality in mono- vs. co-cultures 

glutamate racemase, D-fructose-6-phosphate amidotransferase, UDP-2,3-

diacylglucosamine hydrolase, lipid transporter ATP-binding/permease protein, UDP-N-

acetylglucosamine acyltransferase, UDP-3-O-[3-hydroxymyristoyl] N-acetylglucosamine 

deacetylase, UDP-N-acetylmuramoyl-L-alanyl-D-glutamate synthetase, UDP-N-

acetylmuramoylalanyl-D-glutamate--2, 6-diaminopimelate ligase, Lipopolysaccharide 

export system protein LptC, NAD(P)H-dependent glycerol-3-phosphate dehydrogenase 
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lost essentiality when ETEC is added to V. cholerae culture. There was no pronounced 

difference in gene essentiality for co-cultures in minimal vs. rich media.  

To conclude, no difference in essentiality for co-culture growth in minimal or rich 

medium, however the gene essentiality for mono-culture is much more affected when 

grown in minimal vs. rich medium, i.e. the co-culture system is more resistant to gene 

essentiality changes and provide a context for selecting targets that would be effective 

across all diverse set of conditions.  

Predicted variation in essentiality between mono- and co-cultures 

Interestingly, 12 V. cholerae genes were also predicted to totally lose their essentiality in 

dual infections with ETEC. Those were involved in lipid IV(A) biosynthesis (VC1877: 

lpxK, VC2396: lpxC), cell wall biosynthesis (VC0158: murI, VC2403: murD), de novo 

purine metabolism (VC1126: purB, VC2602: purA) and carbohydrate degradation 

(VC0477: pgk, VC0478: fbaA). lpxC performs the committed step in synthesis of Lipid A 

which protects bacterial cells from the damage of external agents like antibiotics.  Since 

ETEC is not a threat for V. cholerae, on the contrary, as we have shown here, ETEC is 

boosting V. cholerae growth properties, it could be that lpxC and lpxK become 

dispensable in this setting. lpxC inhibitors have been shown to be effective against V. 

cholerae in vitro (Lee, Liang et al. 2011, Liang, Lee et al. 2013). We predict that this 

efficacy will drop if V. cholerae is interacting with other enteric pathogens like ETEC.  

Differential gene expression analysis could potentially provide some explanation for the 

variation in gene essentiality between mono- and co-culture experiments. Glutamate 

racemase lost its essentiality in V52/ETEC co-culture. Expression data shows that it is 
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significantly upregulated in E36 (logFC > 2, adjusted p value = 1.98E-6) and E616 

(logFC > 1.5, adjusted p value = 0.06) when co-cultured with V52 relative to their mono-

cultures. 

Bacteriocins result in difference in response between ETEC strains to co-growth 

with V. cholerae 

 

Figure B 4|Differential expression analysis of bacteriocin related genes in Enterotoxigenic E. coli. Colicins’ 
production and tolerance genes are significantly up- regulated in E616 co-culture with V. cholerae relative to the 
individually grown E616. In contrast, E36, whose growth is more sensitive to co-growth with VCH failed to up-
regulate bacteriocins related genes. 

In silico simulations, data and software Availability 

All raw and processed data will be deposited to SRA archive. The V. cholerae iAM-

Vc960 model will be deposited in BiGG and Biomodels repository.  All code used in this 

project is available upon request through Rmd files and can be used for reproducibility 

and to display results alongside corresponding analyses.  

Testing for metabolites exchange on solid agar 
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In order to assess if there is cross-talk or metabolic exchange happening at the molecular 

level that influences the growth of the two species under co-culture conditions, growth 

experiments in solid media were performed. Mutualistic growth patterns of V. cholerae 

V52 and ETEC (E36 and E616) in solid medium were observed by spotting both cultures 

under three different scenarios (Figure B5): 1) “Overlapping” where the colonies merge 

with each other, 2) “Touching” where the colonies are just laid next to each other, and 3) 

“Spacing” where there was a gap of 1.5 cm between the centers of the two colonies. 

Pictures were captured after (Figure B5a) 24h and (Figure B5b) 48h of growth at 30°C. 

Spotting was carried out at three different OD600 measurements to capture the effect. 

 

 

Figure B 5|Overlapping V. cholerae V52/ETEC colonies experiment. Two strains of ETEC (E36 and E616) were 
tested in co-culture with V. cholerae V52. Three experimental designs were setup: ‘Overlapping’ where colonies merge 
with each other, ‘Touching’ where colonies are just laid next to each other and ‘With gap’ where there is a gap of 1.5 
cm between the colonies. Picture was captured after (A) 24h and (B) 48h of growth at 30oC. The media used in the agar 
and liquid experiments were the same.  
 
Unfortunately, using the overlapping colonies experiments, we were unable to reproduce 

the induction in V. cholerae growth rate observed when co-culturing the two species in 

liquid medium. An explanation for this could be that V. cholerae adopts distinct 
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metabolic programs when in liquid medium (planktonic state) relative to agar (biofilm 

state).  

Spent media experiments 

Effect of metabolites, released by ETEC, on the growth of V. cholerae was assessed by 

growing ETEC cultures to logarithmic or stationary phase in liquid medium and 

harvesting them. We then tested for the effect of ETEC spent medium on V. cholerae 

growth using 100% spent medium and then using ETEC spent medium mixed with water 

at 1:1 composition, i.e. 50% ETEC spent medium. In either case, the “spent” medium 

was filtered using a 0.2 µm filter unit and V. cholerae cells were inoculated in the 

medium and grown until stationary phase. OD600 measurements were made at regular 

intervals. V. cholerae grown in fresh medium was chosen as a control for the 100% spent 

medium case while it was grown in fresh medium diluted with water (1:1) to control for 

the 50% spent medium  

 

 

Figure B 6| V. cholerae V52/ETEC growth experiments using ETEC spent media. Two strains of ETEC (E36 and 
E616) were grown to (A) log phase or (B) stationary phase, then filtered out and spent medium was used to culture V. 
cholerae V52. To control for the 100% spent medium condition, V. cholerae V52 was grown in completely fresh 
medium. To control for the 50% spent medium condition, V. cholerae V52 was grown in medium composed of 1:1 
fresh medium to water.  The media used in the agar and liquid experiments were the same.  
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The spent media experiments, as such, also failed to reproduce the induction in V. 

cholerae growth observed when both species are co-cultured and interact together, i.e. the 

spent medium from ETEC growth when grown in single culture failed to induce V. 

cholerae growth because the interaction between the two species is mutualistic and works 

only in liquid, implicating that the metabolite (s) leading to induction of V. cholerae 

growth is not released in an ETEC mono-culture.   There are several other explanations 

that are possible for why the spent media from ETEC is not inducing V. cholerae V52 

growth. For instance, it could be that the sugar concentration in the spent medium is not 

enough. In a recent paper from Tramontano (Tramontano, Andrejev et al. 2018) et al, V. 

cholerae failed to grow on 4 media (out of 19 tested media); namely M9, M15A, M15B 

and M16. The main difference between the media that supported V. cholerae growth and 

those that did not was the type and concentration of the sugar in the medium. In the 4 

media where V. cholerae failed to grow, there is either no glucose (M9, M16) or glucose 

concentration is less than 5g (0.5 g in M15B and 4g in M15A). Also, none of those four 

media has fructose, celllobiose, maltose or lactose compared to other media that 

supported maximal growth of V. cholerae. In light of this study, it is possible that the 

spent media did not have enough glucose concentration to support V. cholerae growth as 

it was already consumed by ETEC.  Another potential explanation could be that a 

specific set of metabolites, rather than a single nutrient, is needed in order to attain the 

induction of V. cholerae growth observed when the two species are grown together. It 

could also be the oxygenation or pH conditions that are different between agar and liquid 

media.   
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Overall, the overlapping colonies and spent media experiments conducted as such could 

not conclusively prove or rule out a metabolite-mediated interaction between the two 

enteric pathogens.  
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