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Abstract 

Pathogen access to host nutrients in infected tissues is fundamental for pathogen growth 

and virulence, disease progression, and infection control. However, our understanding of 

this crucial process is still rather limited because of experimental and conceptual 

challenges. Here we used proteomics, microbial genetics, competitive infections, and 

computational approaches to obtain a comprehensive overview of Salmonella nutrition 

and growth in a mouse typhoid fever model. The data revealed that Salmonella accessed 

an unexpectedly diverse set of at least 31 different host nutrients in infected tissues but 

the individual nutrients were available in only scarce amounts. Salmonella adapted to this 

situation by expressing versatile catabolic pathways to simultaneously exploit multiple 

host nutrients. A genome-scale computational model of Salmonella in vivo metabolism 

based on these data was fully consistent with independent large-scale experimental data 

on Salmonella enzyme quantities, and correctly predicted 92% of 738 reported 

experimental mutant virulence phenotypes, suggesting that our analysis provided a 

comprehensive overview of host nutrient supply, Salmonella metabolism, and Salmonella 

growth during infection. Comparison of metabolic networks of other pathogens suggested 

that complex host/pathogen nutritional interfaces are a common feature underlying many 

infectious diseases. 
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Author Summary 

Infectious diseases are a major health problem worldwide. To cause disease, pathogens 

need to acquire host nutrients for growth in infected tissues and for the expression of 

virulence factors. In this study, we investigated Salmonella nutrition and growth in a 

well-characterized mouse model of human typhoid fever. We used a panel of Salmonella 

mutants with metabolic defects to assess the importance of various nutrient utilization 

pathways for Salmonella growth. We derived from these experimental data a 

computational model that predicts nutrient uptake rates, activity of metabolic pathways, 

and the effects of Salmonella enzyme defects on in vivo growth. The vast majority of 

these predictions were in close agreement with independent experimental data suggesting 

the model provided a consistent overview of Salmonella metabolism during infection. 

The data showed that Salmonella depend on a highly complex diet with many different 

host nutrients, but each of these nutrients is available in only scarce amounts. To grow 

and cause disease, Salmonella must simultaneously exploit these various nutrients with 

versatile degradation pathways. Similar complex pathogen diets might also drive many 

other infectious diseases. 
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Introduction 

Infectious diseases are a major worldwide threat to human health [1]. The situation is 

worsening because of rapidly rising antimicrobial resistance and insufficient development 

of new antibiotics. Most infectious diseases start with a few pathogenic organisms that 

invade host tissues, but disease symptoms develop only later when pathogens exploit host 

nutrients to grow to high tissue loads. Despite this crucial role of pathogen nutrition and 

growth, only a few host nutrients that are relevant for some pathogens have been 

identified [2,3,4,5,6,7,8,9,10,11,12,13,14,15], and comprehensive quantitative data are 

lacking. The poor understanding of in vivo growth conditions can cause major 

antimicrobial drug development failures [16,17,18,19] and might compromise antibiotic 

treatment [20].  

In this study, we investigated Salmonella nutrition and growth in a mouse 

infection model mimicking human enteric fever. Enteric fever is caused by ingestion of 

food or water contaminated with Salmonella enterica serovars Typhi and Paratyphi 

(“typhoid/paratyphoid fever”) [21]. Salmonella invade intestinal tissues and disseminate 

to inner organs including spleen, liver, kidney, bone marrow, and brain, where they 

proliferate and cause tissue damages that can result in strong inflammation and organ 

failure. Enteric fever causes tremendous morbidity and mortality worldwide. Current 

control strategies become increasingly inefficient as a result of increasing antimicrobial 

resistance [22,23] and emergence of Salmonella serovars that are not covered by 

currently available safe vaccines [24,25]. 

In mice, Salmonella enterica serovars that cause human enteric fever usually do 

not cause any disease [26], in part because of expression of Toll-like receptor 11 in mice 
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but not humans [27]. However, serovar Typhimurium, which can cause human diarrhea, 

causes in mice a systemic infection with pathology and disease progression similar to 

human typhoid fever. Some mouse strains carry a functional allele Slc11a1 (also called 

NRAMP) coding for a Fe
2+

/Mn
2+

/Zn
2+

transporter, and such mice can successfully control 

systemic salmonellosis [28]. However, widely used laboratory mouse strains (i.e., 

BALB/c, C57BL/6) carry a dysfunctional Slc11a1 allele which makes them highly 

susceptible to lethal systemic Salmonella infections. Salmonella infections in these 

genetically susceptible mice thus represent an excellent model for severe human typhoid 

(and paratyphoid) fever [26]. This disease model is particularly suitable for 

comprehensive experimental and computational analysis because of facile Salmonella 

genetics, availability of genome-scale in silico metabolic reconstructions [29,30,31], 

extensive literature, and close similarities between Salmonella and the prime model 

organism E. coli.  

In this study, we used proteomics, mutant phenotyping, and computational 

approaches to investigate Salmonella nutrition and growth in this mouse typhoid fever 

model. Our data revealed an unexpectedly complex Salmonella nutritional landscape in 

infected host tissues, where many chemically diverse nutrients were available in scarce 

amounts. Salmonella adapted to this situation by simultaneously employing versatile 

nutrient utilization pathways. 
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Results 

 

Extensive Salmonella nutrient utilization capabilities during infection 

To characterize Salmonella metabolic capabilities during infection, we sorted Salmonella 

from infected mouse spleen and determined copy numbers of 477 metabolic enzymes 

(among 1182 identified proteins) using the well-established proteomics iBAQ label-free 

quantification approach [32] with 30 isotope labeled AQUA [33] peptides as internal 

standards (Table S1). This analysis extended our previous qualitative detection of 178 

Salmonella enzymes in the same disease model [34] as a consequence of improved 

sorting and proteomics technologies.  

The detected enzymes are known to catalyze 925 metabolic reactions, a 

remarkably high proportion of all known/inferred 2023 Salmonella metabolic reactions 

for which catalyzing enzymes have been annotated [31]. Interestingly, this included 102 

transporters and enzymes involved in 77 reactions in 24 pathways for utilization of 

various carbohydrates, lipids, nucleosides, and amino acids (Figure 1). It is important to 

note that these enzyme numbers likely underrepresented the entire Salmonella in vivo 

proteome as limited material availability and mass spectrometry detection thresholds 

likely prevented identification of weakly expressed enzymes. These data suggested that 

during infection, Salmonella mobilized a large part of their diverse metabolic capabilities. 

In comparison, closely related E. coli requires only 293 reactions for optimal growth in a 

minimal in vitro medium [35]. However, even under such well-defined conditions, E. coli 

expresses more than 200 apparently not required enzymes suggesting that enzyme 

expression alone is not indicative of metabolic relevance [36] (see below). 
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In addition to the qualitative identification of expressed Salmonella enzymes and 

associated metabolic reactions, our proteome data also provided quantitative data on 

Salmonella metabolic capabilities. We combined enzyme copy numbers with available 

turnover numbers to calculate maximal reaction rates for 469 reactions (Table S2). As an 

example, we detected 20’000 ± 1000 copies per Salmonella cell of glycerol kinase GlpK 

that catalyzes MgATP-dependent phosphorylation of glycerol to yield sn-glycerol 3-

phosphate. The closely related E. coli ortholog (95% amino acid identity) has vmax = 22 

µmol min
-1

 mg
-1

 [37] equivalent to a turnover number of 21 s
-1

. Based on these data, a 

single Salmonella cell would have the catalytic capacity to phosphorylate up to 420’000 

glycerol molecules s
-1

. Such results should be taken as approximate only since turnover 

numbers are usually determined for somewhat non-physiological in vitro conditions (e.g., 

glycerol kinase was assayed in low osmolarity buffer at 25°C). Moreover, these data were 

incomplete because of undetected enzymes with abundance below the proteomics 

detection threshold and missing kinetic data. Nevertheless, the data yielded an 

unprecedented large-scale overview of Salmonella catalytic capacities in an infected host 

tissue, and provided a unique quantitative basis for in-depth analysis of metabolic 

activities involved in Salmonella virulence (Figure S1; an interactive map with detailed 

descriptions is available at 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html).  

As expected [38], central carbon metabolism had particularly high catalytic power 

in contrast to biosynthesis pathways for minor biomass components such as vitamins. 

Many nutrient utilization pathways had also substantial catalytic power with especially 

high values for glycerol utilization (Figure 1). Together, these data suggested that 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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Salmonella maintained versatile catabolic capabilities for diverse nutrients during 

infection.  

 

Functional relevance of diverse host nutrients  

To determine the actual relevance of specific nutrients for supporting Salmonella host 

tissue colonization, we inactivated defined utilization pathways. We preferentially 

deleted transporters to prevent high-affinity nutrient uptake instead of inactivating 

degradation enzymes that could result in accumulation of toxic upstream metabolites 

such as phosphorylated carbohydrates, which can cause pleiotropic effects [39,40]. Some 

nutrients can permeate membranes without a dedicated transporter (glycerol, short-chain 

fatty acids, myo-inositol, ethanolamine). In these cases, we inactivated enzymes that were 

unlikely to cause toxic intermediate accumulation based on available literature 

[41,42,43,44]. 

Utilization defects have previously been used in several studies, for example to 

determine the relevance of several carbohydrates for E. coli growth in the intestinal 

lumen [2]. As a potential caveat, an excess supply of alternative nutrients may mask 

specific utilization defects. Moreover, some mutations might cause polar effects on the 

expression of downstream genes. In most of our mutants, this would only affect genes 

coding for subunits in the same transporters or enzymes involved in the same degradation 

pathways as the inactivated gene (Table S3). However, it was still possible that some 

such polar effects influenced mutant phenotypes. 

In a complementary second set of Salmonella mutants, we inactivated well-

characterized biosynthesis pathways for essential biomass components. The resulting 
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Salmonella auxotrophs were unable to grow unless the missing biomass components 

were provided externally (Table S4). Any growth of such mutants in infected spleen was, 

therefore, indicative of host supply of the respective supplement. Similar approaches 

have previously been used in various infection models.  

To measure tissue colonization capabilities of the various mutants, we used 

competitive infections with mixtures of mutant and wildtype Salmonella (Figure 2; Table 

S3). Mutant fitness was measured as competitive indices (CI = output ratio 

(mutant/wildtype) / input ratio (mutant/wildtype)). A CI value of 1 (equivalent to log2(CI) 

= 0) indicated that a mutant had equal colonization capabilities as wildtype Salmonella. 

Complementation of mutant alleles to verify mutation phenotypes was often difficult 

because most strains contained multiple mutations. However, we independently 

reconstructed the most attenuated mutant and confirmed the resulting colonization defect 

(Figure 2). In the statistical analysis we avoided the “multiple comparison problem” 

using the widely accepted Benjamini-Hochberg [45] “false discovery rate” (FDR) 

approach to identify the subset of attenuated mutants (Table S3).  

Interestingly, several Salmonella mutants with nutrient utilization defects had 

significantly diminished colonization capabilities (Figure 2; for detailed interpretation see 

Table S5). This suggested that there was no large excess of nutrients that would mask any 

utilization defects, and no single major nutrient that alone could support full Salmonella 

virulence. Instead, Salmonella colonization depended on utilization of glycerol, fatty 

acids, N-acetylglucosamine, gluconate, glucose, lactate, and arginine. Glucose was the 

only nutrient that had previously been identified to contribute to systemic Salmonella 

infection [11].  
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All seven identified nutrients can serve as a sole carbon source for Salmonella 

growth [46] and can be interconverted into each other. It was thus unlikely that any of 

these nutrients was required because it provided a unique chemical structure. Instead, the 

seven metabolites seemed to supply individual small nutritional contributions that only 

together enabled normal Salmonella in vivo growth (see below). Other utilization mutants 

had non-significant colonization phenotypes suggesting limited contributions of the 

corresponding nutrients. 

Most of our infection experiments used BALB/c mice that carry a dysfunctional 

Slc11a1 allele (see Introduction). Such mice are highly susceptible for systemic 

salmonellosis providing a useful model for severe human typhoid fever. For comparison, 

we also did some small-scale experiments in 129/Sv mice that carry a functional Slc11a1 

allele and are therefore resistant to lethal salmonellosis. Competitive infections confirmed 

the importance of glycerol (or glycerol-3-phosphate) and N-acetyl-glucosamine for 

Salmonella growth (Figure S2) suggesting similarities of Salmonella nutrition in 

susceptible and resistant mice. 

Additional evidence for nutrient availability came from the substantial 

colonization capabilities of most tested Salmonella auxotrophs (Figure 2; Tables S3, S5). 

In particular, Salmonella readily accessed sufficient quantities of several (pro-)vitamins 

and all tested amino acids (except proline). Similar colonization phenotypes were 

obtained for Salmonella mutants with utilization or biosynthesis defects in infected liver 

(Table S3) indicating that similar nutrients supported Salmonella growth in two different 

host organs. 
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 Combination of our data with previously reported additional mutant virulence 

phenotypes indicated Salmonella access to a large set of at least 31 chemically diverse 

host nutrients in infected mouse spleen (Table S5). This analysis thus revealed a highly 

complex host/Salmonella nutritional interface, which is still likely incomplete because of 

limited mutant coverage and our inability to detect small colonization defects. 

 

Salmonella virulence depends on parallel exploitation of diverse host nutrients 

Our data suggested that Salmonella exploited a wide range of diverse host metabolites. 

This was initially surprising since most microorganisms utilize only a single preferred 

nutrient such as glucose when exposed to nutrient mixtures [47]. Other nutrients and their 

utilization pathways remain irrelevant as long as this preferred nutrient is available.  

This was evidently not the case during infection, as glucose utilization only 

partially supported Salmonella growth in agreement with previous observations [11]. As 

one possible explanation, various nutrients including glucose might have been available 

in only limited amounts that together just supported Salmonella growth and tissue 

colonization. Indeed, colonization defects of Salmonella utilization mutants (Figure 2) 

suggested that Salmonella virulence depended on simultaneous effective exploitation of 

several nutrients instead of relying on only one preferred nutrient.  

To further test the hypothesis of parallel utilization of different available nutrients, 

we used a cell culture infection model where Salmonella replicated intracellularly in 

macrophage-like RAW 264.7 cells mimicking conditions during systemic salmonellosis 

[48]. In this cell culture model, extracellular metabolites can reach intracellular 

Salmonella and contribute to their nutrition [49,50,51,52]. To test the impact of nutrient 
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availability, we added external glucose or mannitol at 4 h post infection when Salmonella 

had already established their intracellular niche (Figure 3A). Interestingly, both 

extracellular nutrients accelerated subsequent intracellular Salmonella growth (Figure 

3B). This growth promoting effect was dependent on specific Salmonella glucose / 

mannitol utilization capabilities, suggesting that external glucose and mannitol directly 

contributed to Salmonella growth, whereas nutrient-induced changes in the host cell had 

negligible impact (e.g., moderate changes in osmolarity (2.7 mOsm per added nutrient, 

some 1% of the total osmolarity), glucose metabolization by host cells (mannitol cannot 

be metabolized by mammalian cells [53]), or modulation of host cell phagocytosis and 

oxidative bursting as observed at much higher mannitol doses [54]). These data indicated 

that intracellular Salmonella growth was limited by nutrient availability, and Salmonella 

exploited both a typically preferred (glucose) and a non-preferred carbon source 

(mannitol) when available thus supporting our nutrient limitation hypothesis.  

Taken together, both mutant colonization defects and cell culture experiments 

were consistent with Salmonella growth being dependent on diverse scarce nutrients 

during infection. 

 

Estimation of nutrient uptake rates 

In addition to these qualitative results on nutrient-limited Salmonella growth, we were 

interested to obtain quantitative nutrient supply rates as a basis for comprehensive 

understanding and computational modeling of Salmonella nutrition, metabolism and 

growth. Quantitative nutrient supply rates have not yet been reported for any infection 

model, but the severity of mutant colonization defects could provide some hints. As an 
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example, the strong colonization defect of Salmonella glpFK gldA glpT ugpB defective 

for glycerol utilization, compared to Salmonella manX nagE defective for GlcNAc 

utilization, could suggest that more glycerol was available as compared to GlcNAc. This 

rationale has previously been used to assess the relative relevance of various 

carbohydrates for E. coli gut colonization [2]. However, direct calculation of the 

respective nutrient supply rates from such mutant colonization defects was hampered by 

the parallel utilization of many diverse nutrients. Moreover, nutrients such as glycerol 

and GlcNAc differ in their nutritional value per molecule. 

To quantitatively assess the availability of multiple host nutrients and their 

utilization by Salmonella , we therefore used a computational approach called Flux-

Balance Analysis (FBA) [55]. This approach had been successfully applied to predict 

nutrient utilization and growth in a wide variety of organisms in excellent agreement with 

large-scale experimental data [56]. As a precondition for the application of FBA to 

Salmonella, we recently established together with more than 20 Salmonella experts an in 

silico reconstruction of the entire Salmonella metabolic network that contains all 

experimentally determined Salmonella metabolic activities, all enzymes with annotated 

metabolic activity encoded in the Salmonella genome, and their catalyzed reactions with 

all participating metabolites, stoichiometries, and information on reaction reversibility 

[31]. This consensus Salmonella metabolic reconstruction has been extensively 

documented and is continuously being updated by manual curation of newly available 

literature for Salmonella and closely related E. coli enzyme orthologs (reconstruction 

STMv1.1 with 1279 Salmonella enzymes, 1824 metabolites, 2573 reactions; Tables S6-

S8; the reconstruction is available in SBML format at 
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http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html) and in the 

Supporting Information (Model S1).  

Flux-balance analysis can be used to determine if the metabolic network is 

capable of producing all components required for Salmonella biomass generation. 

Importantly, biomass requirements can differ between growth conditions [57,58]. To 

deduce Salmonella biomass requirements during infection, we analyzed published 

informative mutant virulence phenotypes and modified the biomass function accordingly 

(for detailed descriptions see Table S8; for limitations in the in vivo biomass definition 

see Discussion). Flux-balance analysis revealed that the metabolic reconstruction could 

generate all included biomass components in the correct stoichiometry under observance 

of fundamental thermodynamic laws such as preservation of mass and charge (“flux-

balance”) [31]. In addition to biomass generation, all cells have growth-unrelated 

demands for survival and these are commonly accounted for as “maintenance 

requirements” [59]. Such demands could be especially important in pathogens during 

infection when they need resources to resist host antimicrobial defense.  

To model Salmonella nutrition and growth in infected spleen, we provided the in 

silico reconstruction with all experimentally identified nutrients and used FBA to 

compute the resulting Salmonella biomass generation (which we used as an 

approximation for growth throughout this study). We adjusted nutrient uptake rates to 

reproduce our experimental Salmonella mutant phenotypes (for a detailed description of 

our approach, see Material and Methods and Figure S3). This yielded supply rates for 31 

organic nutrients (Table S9), as well as 13 inorganic ions (Table S9). To obtain consistent 

data we needed to assume enhanced maintenance requirements (145 ± 20 % of the value 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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for axenic in vitro cultures). Such enhanced maintenance costs could reflect defense 

against hostile host environments (see Discussion).  

We also explored scenarios of excess nutrient supply (see Materials and 

Methods). The results revealed that the computation model could accommodate only 

modest nutrient excess up to 118% of the minimal nutrient supply values, and this would 

require improbably high maintenance costs for consistency with our experimental 

colonization data (Figure 3C). These data provided additional in silico support for 

nutrient-limited Salmonella growth (see above).   

It is important to note that our computational approach had several caveats (see 

Discussion). On the other hand, the resulting model provided a first comprehensive 

quantitative approximation to the host nutritional landscape and its exploitation by 

Salmonella that could serve as a basis for subsequent improvements (Figure 4; the model 

is available in SBML format at 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html) and in the 

Supporting Information (Model S1). 

 

Experimental validation of the model of Salmonella metabolism  

To assess how well the current computational model captured relevant aspects of 

Salmonella nutrition and growth during infection, we compared model predictions with 

large-scale experimental data sets on Salmonella mutant phenotypes, enzyme expression, 

and metabolic capabilities.  

To validate functional aspects of the computational model, we systematically 

predicted in vivo growth phenotypes for all 1279 model enzymes, and compared these 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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predictions to reported experimental Salmonella mutant colonization phenotypes (Table 

S10; Figure 5A; interactive maps for predicted and experimental mutant phenotypes are 

available at http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html).  

Inactivation of most enzymes had no impact on predicted growth rate. Only few, 

mostly biosynthetic, enzymes were essential for Salmonella virulence (predicted mutant 

growth rate below 60% of wildtype ), while some genes contributed to virulence 

(predicted mutant growth between 60% and 98% of wildtype), and the vast majority of 

enzymes had non-detectable effects (mutant growth rate higher than 98% of wildtype) in 

agreement with our previous experimental data [34]. Detailed analysis of 738 single 

mutants with available experimental data revealed an overall prediction accuracy of 92% 

(Figure 5A; Table S10) similar to accuracies achieved for the best computational models 

for E. coli in vitro cultures [59]. This analysis included 14 mutant phenotypes that we had 

used to deduce the biomass function (Table S8) and 69 mutation phenotypes that we had 

used to deduce nutrient supply (Table S5). Consistency of model predictions for these 

mutants and additional mutants with linked phenotypes (such as enzymes in the same 

pathways) was, therefore, unsurprising. Moreover, gene selection for mutant testing in 

our and other labs was likely influenced by previous knowledge. Mutant phenotypes thus 

did not provide truly independent validation, but they demonstrated that the model 

yielded consistent quantitative explanations for the function of hundreds of Salmonella 

genes during infection. On the other hand, there were 61 discrepancies between 

computational predictions and experimental data that could help to identify remaining 

errors and knowledge gaps (Figure 5B; for detailed analysis, see Table S10 and 

Discussion).  

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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We also compared model predictions with our protein identification data. 

Specifically, we used a recently developed approach called parsimonious enzyme usage 

FBA (pFBA) [36] to predict enzyme classes with differential functional relevance for 

efficient Salmonella biomass generation. These enzyme classes included, in order of 

decreasing relevance, (i) essential enzymes, (ii) enzymes required for optimal growth 

with minimal overall flux (“optima”), (iii) enzymatically less efficient enzymes (which 

could sustain optimal growth but would require more total flux), (iv) metabolically less 

efficient enzymes (which could sustain only suboptimal growth), and (v) genes with no 

contribution to Salmonella growth (zero flux in the associated reactions). Comparison 

with our proteome data for ex vivo sorted Salmonella revealed that there was a 

statistically highly significant relationship between relevance and the proportion and 

abundance of detected Salmonella enzymes in the various classes (Figure 5C; Figure S4), 

similar to what has been observed for computational models of well-characterized E. coli 

in vitro cultures [36]. On the other hand, we still detected only some 50% of the relevant 

enzymes (classes “essential” and “optima”). Many non-detected enzymes were associated 

with rather low predicted reaction rates (Figure S5), suggesting that these enzymes might 

have been present in small quantities below our ex vivo proteome detection threshold. 

Incomplete proteome coverage of important enzymes has also been observed for E. coli 

in vitro cultures  [36].  

On the other hand, we detected several enzymes that were predicted to mediate no 

flux, again similar to observations for in vitro cultures  [36]. Many such enzymes were 

involved in amino acid biosynthesis, nutrient utilization, gluconeogenesis, glycogen 

metabolism, and other pathways that all had experimentally non-detectable mutant 
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phenotypes, consistent with their predicted non-functionality. It is possible, however, that 

these pathways were actually active, but accounted for minor contributions to Salmonella 

virulence that were undetectable with current in vivo methods. Alternatively, Salmonella 

might have prepared themselves for subsequent environments in their life cycle where 

these pathways would offer fitness benefits. Finally, Salmonella might be unable to 

optimally regulate its enzyme expression to shut down all dispensable enzymes (as it is 

likely the case in E. coli in vitro cultures). Further research is required to test these and 

other hypotheses.   

We also compared our in vivo model with a model for Salmonella growth in 

minimal medium with glucose as sole source of carbon and energy. Interestingly, there 

was a large overlap between enzymes that were important for optimal growth of 

Salmonella under these two conditions. We detected 30 proteins that were predicted to be 

specifically required in vivo but not in vitro, providing some support for our in vivo 

model. On the other hand, we also detected 15 proteins that should be required only in the 

in vitro minimal medium but not in vivo. Interestingly, eleven of these 15 proteins were 

involved in amino acid biosynthesis suggesting that Salmonella maintained such 

biosynthetic capabilities in vivo despite access to host amino acids (see above). It is 

possible that the amino acid supply was just marginally sufficient and Salmonella 

prepared itself for future amino acid starvation. Further work is required to clarify this 

issue. 

In addition to predicting enzyme relevance, the model also provided quantitative 

predictions for fluxes through hundreds of metabolic reactions. For some reactions, a 

large range of reaction rates was possible whereas others had more restricted rates 
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(Figure 5D) as previously observed in other systems (“flux variability” [60]). We 

determined the state with the lowest overall metabolic activity corresponding to 

economical use of costly enzymes. Such states have shown to correspond well with 

experimental flux data in other systems [36,61].  

To determine the feasibility of these predicted reaction rates, we compared them 

to Salmonella catalytic capacities calculated from experimentally determined enzyme 

concentrations and turnover numbers (see above; Table S2; Figure S1; 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html). 

Interestingly, 459 out of 469 analyzed reactions had feasible predicted rates (Figure 5D). 

Three reactions had clearly infeasible reactions rates in the most economical 

computational state with lowest overall metabolic activity (>3 fold above the 

corresponding catalytic capacities; these reactions are labeled in Figure 5D: 1, 

formyltetrahydrofolate dehydrogenase; 2, phosphoserine aminotransferase; 3, glycerol 

dehydrogenase). However, all these reactions could be restrained to feasible rates without 

compromising predicted Salmonella growth or making other reactions infeasible. All 

seven other reactions had only moderate discrepancies between simulated and feasible 

rates, and four of them could again be restrained without compromising growth.  

The remaining three reactions had simulated reaction rates that remained slightly 

infeasible in all states (simulated fluxes 1.2 to 2.5 fold too high). Interestingly, all three 

reactions were aminoacyl tRNA ligations (for proline, alanine, and threonine). Possible 

causes for these discrepancies included inaccurate biomass assumptions for proline, 

alanine, and threonine protein content, experimental errors in protein quantification, 

and/or suboptimal assay conditions for tRNA ligase turnover number measurements. 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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Moreover, the computational model disregards important processes outside metabolism 

such as macromolecular expression [58], which could contribute to discrepancies 

between feasible and simulated reaction rates.  

Despite these three minor discrepancies, the overwhelming feasibility of reaction 

rates indicated that Salmonella had sufficient in vivo enzyme amounts and catalytic 

power to mediate nutrient utilization, metabolization, and biomass generation as 

predicted by the computational model.  

 Although almost all reactions had entirely plausible reaction rates in the 

computational state with lowest overall metabolic activity, the entire flux solution space 

also included many reaction fluxes that exceeded plausible rates. In a next step, we 

prevented such implausible fluxes by setting upper/lower limits according to the 

maximum experimental enzyme capacities (except for the problematic three tRNA 

ligations, see above). Interestingly, these large-scale constraints still allowed normal 

Salmonella in silico growth, but resulted in a dramatically reduced flux solution space 

(Figure 5E, F). Specifically, the vast majority (80%) of reactions had narrowly defined 

flux ranges (relative flux variability below 10%), whereas in the initial unrestrained 

model only a small minority (16%) had such narrowly defined reaction rates (Figure 5F). 

This enzyme capacity-based model might thus provide a much better defined 

approximation to the actual in vivo flux state.  

Together, these data revealed that the model predicted (i) largely correct mutant 

virulence phenotypes, (ii) predicted enzyme relevance that correlated with experimental 

protein detection, and (iii) predicted reaction rates that were biologically plausible. This 

large-scale consistency with experimental data suggested that the computational model 
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captured major aspects of Salmonella nutrition, metabolism, and growth in infected host 

tissues. 

 

A common nutritional signature for mammalian pathogens  

To investigate if Salmonella conditions during mouse typhoid fever might be generally 

representative for pathogen nutrition in infected host tissues, we compared pathogen 

metabolic networks based on genome pathway annotations [62]. We analyzed 154 

different mammalian pathogens (Table S11) for presence of 254 nutrient utilization 

pathways and 118 biosynthetic pathways (Figure 6A). Most pathogens shared the 

capability to utilize glycerol, fatty acids, various carbohydrates, nucleosides, and amino 

acids that could serve as N-sources (such as arginine), suggesting a general preference for 

nutrients that Salmonella used in the mouse typhoid fever model. Additional genome 

comparisons for 316 non-pathogenic species revealed that they might also preferentially 

utilize similar nutrients (Figure S6). 

On the other hand, many pathogens have smaller genomes compared to related 

non-pathogenic species as a result of reductive genome evolution [63] resulting in loss of 

many pathways. To identify biosynthesis pathways that were commonly lost during this 

process, we determined a “biosynthesis depletion frequency” (DF) as follows. For each 

biomass component, we determined the fractions of pathogenic (P) and non-pathogenic 

(NP) species that encoded corresponding biosynthesis pathways in their genomes. The 

“biosynthesis depletion frequency” was calculated as the difference of the respective 

frequencies DF = NP – P. As an example, 89% of environmental bacteria but only 47% 

of mammalian pathogens had an apparently functional tyrosine biosynthesis pathway 
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yielding a “depletion frequency” of 89%  - 47%  = 42%. The results revealed that many 

pathogens lost biosynthesis pathways for several amino acids, nucleosides, and 

(pro)vitamins indicating that these pathogens - like Salmonella - might obtain such 

biomass components from their respective host environments (Fig. 6B). 

Together, these genome comparisons suggested that many pathogens share with 

Salmonella access to a common large set of diverse host metabolites in infected 

mammalian tissues.  
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Discussion  

Host nutrients are essential for pathogen proliferation, disease progression, and efficacy 

of antimicrobial treatments. However, only few relevant nutrients have been identified 

and quantitative data on nutrient supply rates are lacking. In this study, we combined 

experimental enzyme abundance data, previously reported enzyme kinetic parameters, 

competitive infections with metabolic mutants, and computational modeling, to build and 

validate a comprehensive genome-scale model of Salmonella nutrition, metabolism, and 

growth in infected mouse tissues.  

Virulence phenotypes of nutrient utilization mutants and auxotrophic mutants 

revealed that Salmonella accessed a surprisingly large number of chemically diverse host 

nutrients including lipids, carbohydrates, amino acids, nucleosides, and various 

(pro)vitamins. Surprisingly, this included facile availability of all three aromatic amino 

acids based on full virulence of auxotrophic Salmonella pheA tyrA trpA. This was also 

consistent with common tryptophan auxotrophy of Salmonella enterica serovar Typhi 

clinical isolates from human typhoid fever patients [64]. On the other hand, aromatic 

amino acids were previously thought to be unavailable in infected mouse tissues based on 

strongly attenuating mutations in chorismate biosynthesis [65,66], a precursor for 

aromatic amino acids. However, such mutants are not informative for aromatic amino 

acid availability since chorismate is also a precursor for ubiquinone which is essential for 

Salmonella virulence [34]. Similar conditions might exist for intracellular Listeria [67].  

The large diversity of accessible host nutrients posed complex challenges to 

Salmonella metabolism but, in addition, also relieved Salmonella dependence on any 

particular nutrient and its corresponding utilization pathway, thus enabling Salmonella to 
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maintain high virulence even when biosynthesis pathways for important biomass 

components such as amino acids were defective. This buffering capacity of the complex 

nutritional landscape significantly contributed to the remarkable robustness of Salmonella 

metabolism against internal perturbations during infection [34]. 

Proteome analysis of Salmonella purified from infected tissues revealed in vivo 

expression of enzymes involved in degradation of the major nutrients glycerol, fatty 

acids, and N-acetylglucosamine, glucose, lactate, and arginine suggesting that Salmonella 

allocated major enzyme resources to relevant pathways in agreement with earlier 

observations [68]. Exceptions included mannose-6-phosphate isomerase (ManA) and 

UDP-glucose 4-epimerase (GalE) that can participate in degradation of mannose and 

galactose, respectively. Both enzymes were present in concentrations that would sustain 

high reaction rates (Figure 1), yet neither mannose nor galactose had a detectable 

nutritional contribution during infection (Figure 2; Table S5). However, both enzymes 

can also operate in reverse direction for biosynthesis, and corresponding mutant 

phenotypes [69,70] support this as their dominant role in Salmonella virulence. Together, 

the proteome data revealed versatile Salmonella adaptation to a complex nutritional 

landscape. 

 To deduce quantitative in vivo supply rates for the various nutrients, we used a 

genome-scale computational approach based on Salmonella mutant colonization 

phenotypes. Specifically, we updated a genome-scale reconstruction of the Salmonella 

metabolic network and established a modified in vivo biomass composition. We then 

determined which nutrient uptake rates would support Salmonella biomass production 

consistent with experimental colonization data for wildtype and mutant Salmonella. This 
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approach yielded uptake rates for 31 organic and 13 inorganic nutrients. For consistency 

with the experimental wildtype Salmonella in vivo generation time, we had to increase 

the non-growth associated ATP maintenance requirements to some 145% of their original 

value for axenic in vitro cultures [31]. Increased maintenance costs might be expected for 

hostile host environments compared to axenic in vitro cultures, but accurate experimental 

validation of maintenance requirements is generally challenging [59,71].  

It is important to note that our entire computational approach relied on several 

simplifying assumptions. (i) We disregarded nutrient utilization for purposes other than 

biomass generation or maintenance/virulence. (ii) We disregarded additional non-

metabolic functions of the various mutated Salmonella genes (“moonlighting functions” 

[72]). Such additional functions are possible although they have not yet been observed for 

any of the specific transporters / enzymes that we had inactivated. (iii) We assumed 

similar in vitro and in vivo biomass composition (except for a few components for which 

informative mutant phenotypes had been reported) disregarding well-documented effects 

of differential growth rates on biomass composition [58,73,74]. (iv) We deduced average 

nutrient supply rates but conditions might change during infection and could also differ 

between various Salmonella subpopulations. Some kinetic information could be obtained 

from competitive infection time series but this would require an extensive number of 

experimental animals.  

Because of all these caveats, the predicted nutrient supply rates and maintenance 

costs should be regarded only as rough estimates providing order-of-magnitude 

information as an approximation to the actual in vivo situation. On the other hand, the 

resulting model provided a first comprehensive quantitative approximation to the host 
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nutritional landscape and its exploitation by Salmonella that could serve as a basis for 

subsequent improvements 

 To assess how well the current stage of this model reflected Salmonella nutrition 

and metabolism during infection, we extensively validated model predictions with large-

scale experimental data. Interestingly, enzymes with predicted high relevance for optimal 

Salmonella growth were experimentally detected at higher rates compared to non-

functional enzymes. Moreover, rate predictions for hundreds of reactions were consistent 

with experimentally determined enzyme levels. This indicated that the simulated 

metabolic flux distribution was fully feasible with the amounts of enzymes that are 

actually present in Salmonella during infection.  

The model predicted hundreds of mutant virulence phenotypes with an accuracy 

of over 90% thus indicating large-scale consistency with experimental data. The few 

remaining discrepancies may provide hints for further model improvements and targeted 

research to close knowledge gaps. Detailed examination suggested various typical 

limitations of our computational approach including (i) overestimated redundancies due 

to neglected regulation of isozyme/alternative pathway expression and/or differential 

substrate affinities (e.g., possibly poor expression of the sodium transporter NhaB which 

might fail to compensate for a nhaA defect in contrast to model predictions; low affinity 

zinc uptake through YgiE, which might be insufficient to compensate a defective 

ZnuABC zinc high-affinity transporter), (ii) incomplete biomass/maintenance functions 

that neglect signaling and detoxification needs (e.g., SpoT-dependent ppGpp 

homeostasis), (iii) inappropriate treatment of biomass components that contribute to 

virulence but are not absolutely essential (e.g., enterobacterial common antigen), (iv) 
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neglect of continuous uptake of nutrients despite accumulation of toxic downstream 

intermediates (e.g., accumulation of GlcNAc-phosphate in absence of N-

acetylglucosamine-6-phosphate deacetylase NagA [75]), and (v) knowledge gaps (e.g., 

bypass of dihydropteroate synthase FolP) (Figure 5B; for detailed analysis see Table 

S10). Subsequent model versions might overcome some of these limitations to further 

improve prediction accuracy. In addition, a few experimental data might possibly be 

wrong based on inconsistencies between different studies. 

We also tested the predictive power of an enzyme capacity-restrained model that 

might more closely reproduce the wildtype flux state. Single gene deletion analysis of 

this model had very similar accuracy with three additional discrepancies (too severe 

predicted growth defects for thrB, thrC, and aceA) while resolving only one discrepancy 

(detectable growth defect of zwf) as compared to the unrestrained model. The enzyme 

capacities that we used as constraints in this model were based on protein profiles of 

wildtype Salmonella. Mutant Salmonella might have somewhat different protein profiles 

and enzyme capacities, and this might explain why the restrained model was not superior 

to the unrestrained model in predicting mutant colonization phenotypes. 

Taken together, the excellent agreement of model predictions and large-scale 

experiment data suggested that the model accurately captured major aspects of 

Salmonella nutrition, metabolism, and growth during infection in a comprehensive and 

quantitatively consistent way.  

Experimental mutant phenotypes and cell culture experiments suggested that 

despite Salmonella access to many host nutrients, these nutrients were available in only 

scarce amounts that individually would be insufficient to support full Salmonella 
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virulence. This was also supported by modeling results that were incompatible with any 

substantial nutrient excess. Salmonella thus seemed to depend on simultaneous 

exploitation of several chemically diverse host nutrients through versatile utilization 

pathways. This apparent nutrient limitation inside infected host cells was initially 

surprising, since host cells contain numerous abundant metabolites that could provide 

rich carbon, nitrogen, and energy sources for Salmonella. However, intracellular 

Salmonella are separated from the nutrient-rich host cell cytosol by a vacuolar membrane 

that might restrict nutrient access. Further studies are required to better characterize this 

membrane and to test various hypotheses on host control of nutrient supply to 

Salmonella.  

This study extends previous work on metabolic host/pathogen interactions. In 

particular, combinations of transcriptome data, mutant phenotypes, and genome-scale 

computational metabolism models have been used to analyze metabolism and growth of 

Neisseria meningitidis in serum [76], and Mycobacterium tuberculosis [57,77] and 

Listeria monocytogenes [78] in macrophages. One study even incorporated the metabolic 

networks of both Mycobacterium tuberculosis and its infected host macrophage cell in 

one integrated model that describes the entire host/pathogen metabolic interaction [57]. 

These studies identified several relevant host nutrients such as amino acids driving 

pathogen growth and provided the first genome-scale descriptions of pathogen 

metabolism as a basis for a system-level understanding of metabolic host/pathogen 

interactions.  

On the other hand, previous studies were limited to in vitro/cell culture 

conditions, included only a moderate number of host nutrients, and lacked quantitative 
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data on nutrient supply rates and absolute enzyme levels. Our integrated experimental 

and computational approach addressed some of these limitations and yielded a 

comprehensive quantitative analysis of the highly complex nutritional in vivo landscape 

for Salmonella in infected host tissues. These data enabled us to generate a genome-scale 

model that accurately predicted enzyme requirements for Salmonella virulence in an 

important animal disease model. 

However, there still remain important issues that should be addressed in future 

studies. (i) We interpreted net Salmonella colonization phenotypes always as division rate 

differences (similar to what has been done in most other studies). However, this is 

probably an oversimplification as some colonization defects might be caused by 

increased Salmonella killing by host antibacterial defenses, instead of differential 

Salmonella proliferation rates. In such cases, a simple metabolic interpretation in terms of 

diminished biomass production might be misleading. Future studies using methods such 

as Fluorescence Dilution [79] and direct detection of killed Salmonella [80] could 

provide suitable experimental data to address this issue. (ii) This and previous studies 

were based only on bulk measurements (transcriptomics, proteomics, mutant colonization 

phenotypes) that fail to account for any pathogen subpopulations. However, 

heterogeneous Salmonella subpopulations with different growth characteristics exist in 

vivo [79,81]. So far, nothing is known about possible metabolic differences among 

distinct subpopulations, and future studies should address this issue since subpopulations 

might play important roles in virulence, transmission, persistence, and treatment failures 

[82]. (iii) A complete picture should include host metabolic processes that provide 

nutrients for Salmonella. An impressive study on tuberculosis already revealed some 
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aspects of the interplay between host and pathogen metabolic networks in 

Mycobacterium tuberculosis-infected macrophages [57], and this approach might be 

extended to Salmonella as well. For Salmonella infections, analysis is complicated by the 

fact that the Salmonella-containing vacuole (SCV) communicates with late endosomes, 

from where it receives some incoming endocytosis cargo from the extracellular 

environment [51] thereby bypassing the metabolic network of the infected host cell. In 

addition, Salmonella might access some metabolites of the infected cell but additional 

experimental data will be needed to clarify the relative importance of the various nutrient 

supply routes. Another important aspect of metabolic host/Salmonella interactions is the 

question how Salmonella metabolism might influence host cell physiology. As an 

example, the capture by Salmonella of various host amino acids and nucleosides, as 

observed in this study, could modulate host cell functions that depend on these 

metabolites including antibacterial defense such as generation of nitric oxide [83]. Some 

indications for infection-induced changes in Salmonella-infected macrophages was 

already obtained in recent transcriptome and proteome studies [84,85]. Increasingly 

accurate modeling of all these aspects might ultimately provide a complete quantitative 

description of the host/Salmonella metabolic interactions that enable Salmonella growth 

and enteric fever disease progression. 

In addition to salmonellosis, the findings of this study also have some 

implications for infectious diseases in general. In particular, metabolic network 

comparisons suggested that many mammalian pathogens might share access to similar 

complex host nutrients that reflect general biochemical features of mammalian tissues. 

These results might provide a basis to establish in vitro culture conditions that closely 
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mimic relevant in vivo conditions, helping to avoid drug development failures and to 

facilitate successful development of novel control strategies.  

On the other hand, the actual relevance of individual nutrients can vary. As an 

example, ethanolamine is an important nutrient for Salmonella in inflamed intestine [13] 

but not in our systemic infections. As another example, Mycobacterium tuberculosis 

access fatty acids and proline (like Salmonella in mouse spleen), but glycerol is not a 

major nutrient, and lysine, tryptophan, and leucine are apparently available in insufficient 

amounts to meet mycobacterial biomass needs [19,86,87,88,89]. 

Interestingly, some of the commonly encountered nutrients are predominantly 

present as part of high molecular weight compounds such as glycans/glycoproteins 

(GlcNAc), proteins (most amino acids), or lipids (glycerol, fatty acids) suggesting that 

macromolecule hydrolysis might be an important aspect of pathogen nutrition in infected 

tissues. Indeed, many pathogens express hydrolases that degrade macromolecules such 

lipases, proteases, carbohydratases, etc., as part of their virulence program.  

 It might also be interesting to compare the common pathogen nutritional signature 

to the metabolism of commensal bacteria that inhabit body parts such as skin, genital 

mucosa, the oral cavity, or the intestine. Indeed, previous studies have already revealed 

commonalities among commensal gut bacteria such as the ability to digest complex 

carbohydrates [90]. Future studies might consider food components such as dietary plant 

sugars, host nutrients such as mucus, and waste products from other gut microbes. 

Moreover, such an analysis should also account for striking inter-individual differences in 

commensal microbial communities such as the recently described distinct enterotypes 

[91].  
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In conclusion, this study provided a comprehensive quantitative description of the 

Salmonella nutritional landscape during systemic salmonellosis and established a 

genome-scale model of Salmonella metabolism that explains major aspects of Salmonella 

infection biology. The results revealed an unexpectedly complex host/Salmonella 

nutritional interface that Salmonella exploited with versatile catabolic pathways. Similar 

complex host nutrients and versatile pathogen utilization pathways appear to be general 

features of many infectious diseases.  
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Material and Methods 

 

Ethics statement 

All animal experiments were approved by Kantonales Veterinäramt Basel-Stadt (license 

2239) and performed according to local guidelines (Tierschutz-Verordnung, Basel-Stadt) 

and the Swiss animal protection law (Tierschutz-Gesetz). 

 

Bacterial genetics  

Salmonella mutants were constructed by lambda red-recombinase mediated allelic 

replacement [92] followed by general transduction using phage P22 int [93]. In multiple 

mutants, usage of the same resistance cassettes was enabled by FLP recombinase-

mediated excision of the first cassette [92]. Strains were cultivated on Lennox LB 

medium containing 90 μg ml-1
 streptomycin, 50 μg ml-1

 kanamycin, 20 μg ml-1
 

chloramphenicol, and/or 100 μg ml-1
 ampicillin. All auxotrophs required supplementation 

for growth as expected (Table S4). 

 

Mouse infections 

We infected female, 8 to 12 weeks old BALB/c mice intravenously with 500-2000 CFU 

Salmonella from late exponential LB cultures. For some experiments, we used female, 8-

12 weeks old 129/Sv mice. Three to four days post-infection (or five days for 129/Sv), 

mice were sacrificed and bacterial loads in spleen and liver were determined by plating of 

tissue homogenates treated with 0.3% Triton Tx-100. In competitive infections, wildtype 

and mutant Salmonella carrying different antibiotic resistance markers were mixed before 
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administration. Individual strain tissue loads were determined by replica plating on 

selective media and competitive indices (CI=output ratio/input ratio) were calculated. 

Statistical significance was analyzed using t-test of log-transformed CI values (a 

parametric test was appropriate based on the normal distribution of such values [34]). Our 

experiments involved a large set of strains. To avoid the multiple comparison problem, 

we used the Benjamini-Hochberg false discovery rate (FDR) approach [45]. 

 

Flow Cytometry  

For Salmonella ex vivo purification, Salmonella sifB::gfp [94] were sorted from infected 

mouse spleen as described [34] using a FACSAria III sorter (BD Biosciences). We used 

optical emission filters (green fluorescence, 499-529 nm; orange fluorescence, 564-606 

nm) that optimally separated Salmonella GFP fluorescence from host cell 

autofluorescence. Proteome changes were minimized by preventing de novo synthesis 

with 170 μM chloramphenicol and delaying proteolysis by maintaining the samples at 0-

4°C. Our previous results suggested that these conditions were effective to largely 

preserve the in vivo Salmonella proteome during sorting [34]. 

 

Enzyme quantification using mass spectrometry-based proteomics 

Preparation of tryptic peptides and analysis by LC-MS/MS was done essentially as 

described [95] with some modifications. Protein LoBind tubes and pipette tips (Axygen) 

were used throughout the procedure to minimize protein loss through adsorption. Frozen 

FACS sorted Salmonella pellets were resuspended in 15µl lysis buffer (100 mM 

ammonium bicarbonate, 8 M urea, 0.1% RapiGest) and sonicated for 2x 30 seconds.  
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Released proteins were reduced and alkylated, and first digested for 4 hrs with 

sequencing grade LysC peptidase (10 ng/µl; Promega) before overnight trypsin digestion. 

The detergent was cleaved by adding 2M HCL and 5% TFA to final concentrations of 

50mM and 0.5% respectively, and incubating for 45 min at 37°C. Prior to centrifugation 

to remove the cleaved detergent (14,000Xg, 10 min, 4°C), a mixture containing 32 heavy 

labeled reference peptides were added to the samples (5x10
-5

 fmoles per Salmonella for 

expected “high” abundance proteins, 5x10
-6

 fmoles per Salmonella for expected “low” 

abundance proteins; Table S12). The recovered peptides were desalted on C18 reverse-

phase spin columns (Macrospin columns, Harvard apparatus), dried under vacuum and 

subjected to LC-MS/MS using an LTQ-Orbitrap-Velos instrument (Thermo-Fischer 

Scientific). Between 5x10
5
 and 2x10

6
 Salmonella sorted from individual mice were 

analyzed in replicate LC-MS/MS runs. In order to increase the number of Salmonella 

protein identifications, MS-sequencing was partially focused on previously identified 

Salmonella peptides using the recently developed inclusion list driven workflow [95]. 

Peptides and proteins were database searched against a decoy database consisting of the 

SL1344 genome sequence (ftp://ftp.sanger.ac.uk/pub/pathogens/Salmonella/), GFP, 204 

frequently observed contaminants, all mouse entries from SwissProt (Version 57.12), and 

all sequences in reversed order (total 42502 entries) using the Mascot search algorithm. 

The search criteria were set as follows: full tryptic specificity was required (cleavage 

after lysine or arginine residues); 2 missed cleavages were allowed; 

carbamidomethylation (C) was set as fixed modification; oxidation (M) as variable 

modification. The mass tolerance was set to 10 ppm for precursor ions and 0.5 Da for 

fragment ions. The false discovery rate was set to 1% for protein and peptide 

ftp://ftp.sanger.ac.uk/pub/pathogens/Salmonella/SL1344_plasmid3.fasta
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identifications. In addition to Salmonella proteins a substantial number of contaminating 

mouse proteins were identified in the samples as previously noted [34]. Absolute 

quantities were determined for those 18-20 “anchor” Salmonella proteins that were 

detected along with a corresponding labeled AQUA peptide (Table S12) using the Trans-

Proteomic Pipeline (TPP,V4.4.0). We then used the iBAQ method to establish absolute 

quantities of all remaining protein identifications, with a linear model error of between 47 

and 60%. Comparison of samples from four independently infected mice revealed good 

reproducibility (Table S1). The data associated with this manuscript may be downloaded 

from ProteomeCommons.org Tranche using the following hash: 

HaSHrE4Paqa3Io3NARhJsV/7XeqYsNNvHYX3tt++xYcVYOf47nChKFB9E/PCD+j+xt

5meJ1+4ytJIHVUeXx9Xb+ohBEAAAAAAAACZw== 

Enzyme abundance was combined with reported turnover numbers for the 

respective Salmonella enzymes (or closely related E. coli orthologs) to calculate maximal 

feasible reaction rates (Table S2). Data were visualized using the pathway tools package 

[96]. 

 

Macrophage-like cell culture infection 

Raw 264.7 macrophage-like cells were cultured in DMEM cell culture medium 

containing 10% serum and 0.5 g l
-1

 glucose. Cells were infected with Salmonella from 

stationary cultures at a multiplicity of infection of 30 for 30 min with an initial 5 min 

1100xg centrifugation step. Medium was exchanged against DMEM containing 0.5 g l
-1

 

glucose and 50 mg l
-1

 gentamycin. At 4 hours post infection, medium was exchanged 

with DMEM containing 0.5 g l
-1

 glucose, 1 g l
-1

 glucose, or 0.5 g l
-1

 glucose and 0.5 g l
-1
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mannitol. Cells were washed and lysed 10 h after infection, and aliquots were plated to 

determine CFU numbers. 

 

Computational modeling of Salmonella metabolism  

The consensus genome-scale metabolism reconstruction STMv1 [31] was updated to 

STMv1.1 based on recent literature (Tables S6, S7). For in vivo modeling, we modified 

biomass requirements based on published mutant virulence phenotypes in infected host 

tissues. As an example, the high virulence of Salmonella mutants rfbH, rfbJ, rfbV, rfbF, 

rfbG [97] suggested that lipopolysaccharide with O-sidechains containing the 

carbohydrate abequose was not required in vivo. In total, these biomass modifications 

accounted for 14 mutant phenotypes (for detailed descriptions of all modifications see 

Table S8). 

We generated an in vivo model using Flux-Balance Analysis (FBA) with the 

COBRA toolbox [98] in a MATLAB environment. Nutrient uptake rates were adjusted to 

yield consistent results with experimental competitive indices of Salmonella mutants and 

reported phenotypes (Tables S3, S5, S9) as well as the experimentally determined 

Salmonella wildtype in vivo generation time of 6.4 h [34] using the new MATLAB 

function nutrientUtilization() (Script S1). Specifically, uptake of each nutrient was varied 

and glucose was added to achieve the wildtype growth rate (in case of glucose as the 

nutrient of interest, we compensated with glycerol; in case of arginine that we modeled as 

a nitrogen source, we used ammonium for compensation). We then determined the 

nutrient uptake rate that matched the Competitive Index of a mutant that was unable to 

utilize this specific nutrient. After completing this procedure for each nutrient, we 
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incorporated all first round nutrient uptake rates in an updated model. We then adjusted 

the maintenance costs to ensure a normal wildtype growth rate. We repeated this 

procedure a few times until values converged. We report these as final uptake rates in 

Table S9. We determined simulation error margins by analyzing error propagation from 

the experimental data (for examples, see Fig. S3). We used the calculated median uptake 

rate for 14 amino acids to estimate uptake of amino acids alanine, asparagine, aspartate, 

glutamate, glycine, and serine, for which we lacked informative mutant data. Biomass 

requirements suggested uptake rates for additional 13 inorganic components (Table S9). 

We also explored the possibility of Salmonella access to excess nutrients using 

the new MATLAB function excess() (Script S2). Specifically, we increased the growth 

rate to higher values than experimentally observed. For these scenarios, we determined 

uptake rates for the six major carbon/energy sources and adjusted maintenance costs as 

described above. To calculate the corresponding nutrient excess, we then compared the 

total nutrient uptake for these scenarios to what would be needed for normal growth at 

the experimentally determined rate.   

We predicted flux states with “minimal total flux” at maximal rates for biomass 

generation (“objective function”) using the respective options in the optimize() function. 

We determined flux variability in alternative solutions using the fluxVariability() 

function. This flux variability analysis was performed without assuming lowest overall 

metabolic activity to obtain the full range of possible flux states compatible with optimal 

Salmonella growth. We predicted biomass generation (which we used as an 

approximation for growth throughout this study) for all single gene deletions using the 

deleteModelGenes() function. Genes were defined as essential if predicted mutant growth 
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rates were below 60% of wildtype (based on experimental growth data [34] for the 

avirulent aroA mutant [65]), contributing if mutants growth rates were between 60% and 

98%, and non-detectable if mutants had growth rates higher than 98% of wildtype. We 

performed parsimonious FBA using the pFBA() function of the COBRA toolbox. 

 To validate these predictions, we examined reported experimental Salmonella 

colonization phenotypes and classified genes again as essential (lethal dose 1000fold 

higher than wildtype, or CI after four days below 0.005), contributing (significant 

colonization defect below thresholds for essential genes), or non-detectable (no 

significant difference to wildtype). We also used large-scale mutant phenotypes from two 

recent high-throughput studies [97,99]. In these cases, we converted the reported mutant 

phenotype scores to growth rates and estimated confidence intervals based on the data 

provided (their Table S3 [97]; their Table S3 [99]) and the Salmonella in vivo generation 

time of 6.4h in susceptible mice [34]. In cases where conflicting data had been reported, 

we preferentially used data from studies with low infection dose. 

 

Metabolic network comparisons 

Metabolic Pathway predictions for 909 genomes were generated by the MetaCyc 

consortium [62] and kindly by provided Tomer Altman and Peter Karp on November 22, 

2010. We identified 287 mammalian pathogens and 367 environmental organisms in this 

data set. We merged multiple strains belonging to the same species resulting in data for 

154 pathogen species and 316 environmental species (Table S11). We then determined 

how many organisms in each group were capable to degrade a specific nutrient, or to 

synthesize a certain biomass component. 



40 

 

References 

1. Lopez AD, Mathers CD, Ezzati M, Jamison DT, Murray CJ (2006) Global and 

regional burden of disease and risk factors, 2001: systematic analysis of 

population health data. Lancet 367: 1747-1757. 

2. Chang DE, Smalley DJ, Tucker DL, Leatham MP, Norris WE, et al. (2004) Carbon 

nutrition of Escherichia coli in the mouse intestine. Proc Natl Acad Sci U S A 

101: 7427-7432. 

3. Liu J, Istvan ES, Gluzman IY, Gross J, Goldberg DE (2006) Plasmodium falciparum 

ensures its amino acid supply with multiple acquisition pathways and redundant 

proteolytic enzyme systems. Proc Natl Acad Sci U S A 103: 8840-8845. 

4. Munoz-Elias EJ, McKinney JD (2006) Carbon metabolism of intracellular bacteria. 

Cell Microbiol 8: 10-22. 

5. Hofreuter D, Novik V, Galan JE (2008) Metabolic diversity in Campylobacter jejuni 

enhances specific tissue colonization. Cell Host Microbe 4: 425-433. 

6. Olszewski KL, Morrisey JM, Wilinski D, Burns JM, Vaidya AB, et al. (2009) Host-

parasite interactions revealed by Plasmodium falciparum metabolomics. Cell Host 

Microbe 5: 191-199. 

7. Alteri CJ, Smith SN, Mobley HL (2009) Fitness of Escherichia coli during urinary 

tract infection requires gluconeogenesis and the TCA cycle. PLoS Pathog 5: 

e1000448. 

8. Eisenreich W, Dandekar T, Heesemann J, Goebel W (2010) Carbon metabolism of 

intracellular bacterial pathogens and possible links to virulence. Nat Rev 

Microbiol 8: 401-412. 

9. Polonais V, Soldati-Favre D (2010) Versatility in the acquisition of energy and carbon 

sources by the Apicomplexa. Biol Cell 102: 435-445. 

10. Marrero J, Rhee KY, Schnappinger D, Pethe K, Ehrt S (2010) Gluconeogenic carbon 

flow of tricarboxylic acid cycle intermediates is critical for Mycobacterium 

tuberculosis to establish and maintain infection. Proc Natl Acad Sci U S A 107: 

9819-9824. 

11. Bowden SD, Rowley G, Hinton JC, Thompson A (2009) Glucose and glycolysis are 

required for the successful infection of macrophages and mice by Salmonella 

enterica serovar Typhimurium. Infect Immun 77: 3117-3126. 

12. Winter SE, Thiennimitr P, Winter MG, Butler BP, Huseby DL, et al. (2010) Gut 

inflammation provides a respiratory electron acceptor for Salmonella. Nature 467: 

426-429. 

13. Thiennimitr P, Winter SE, Winter MG, Xavier MN, Tolstikov V, et al. (2011) 

Intestinal inflammation allows Salmonella to use ethanolamine to compete with 

the microbiota. Proc Natl Acad Sci U S A 108: 17480-17485. 

14. Dandekar T, Astrid F, Jasmin P, Hensel M (2012) Salmonella enterica: a surprisingly 

well-adapted intracellular lifestyle. Front Microbiol 3: 164. 

15. Fuchs TM, Eisenreich W, Heesemann J, Goebel W (2012) Metabolic adaptation of 

human pathogenic and related nonpathogenic bacteria to extra- and intracellular 

habitats. FEMS Microbiol Rev 36: 435-462. 

16. Arias CA, Murray BE (2009) Antibiotic-resistant bugs in the 21st century--a clinical 

super-challenge. N Engl J Med 360: 439-443. 



41 

 

17. Payne DJ, Gwynn MN, Holmes DJ, Pompliano DL (2007) Drugs for bad bugs: 

confronting the challenges of antibacterial discovery. Nat Rev Drug Discov 6: 29-

40. 

18. Brinster S, Lamberet G, Staels B, Trieu-Cuot P, Gruss A, et al. (2009) Type II fatty 

acid synthesis is not a suitable antibiotic target for Gram-positive pathogens. 

Nature 458: 83-86. 

19. Pethe K, Sequeira PC, Agarwalla S, Rhee K, Kuhen K, et al. (2010) A chemical 

genetic screen in Mycobacterium tuberculosis identifies carbon-source-dependent 

growth inhibitors devoid of in vivo efficacy. Nat Commun 1: 57. 

20. Nguyen D, Joshi-Datar A, Lepine F, Bauerle E, Olakanmi O, et al. (2011) Active 

starvation responses mediate antibiotic tolerance in biofilms and nutrient-limited 

bacteria. Science 334: 982-986. 

21. Anonymous (2008) Typhoid vaccines: WHO position paper. Wkly Epidemiol Rec 83: 

49-59. 

22. Alcaine SD, Warnick LD, Wiedmann M (2007) Antimicrobial resistance in 

nontyphoidal Salmonella. J Food Prot 70: 780-790. 

23. Ahmed D, D'Costa LT, Alam K, Nair GB, Hossain MA (2006) Multidrug-resistant 

Salmonella enterica serovar Typhi isolates with high-level resistance to 

ciprofloxacin in Dhaka, Bangladesh. Antimicrob Agents Chemother 50: 3516-

3517. 

24. Graham SM (2010) Nontyphoidal salmonellosis in Africa. Curr Opin Infect Dis 23: 

409-414. 

25. Podda A, Saul AJ, Arora R, Bhutta Z, Sinha A, et al. (2010) Conjugate vaccines for 

enteric fever: proceedings of a meeting organized in New Delhi, India in 2009. J 

Infect Dev Ctries 4: 404-411. 

26. Tsolis RM, Xavier MN, Santos RL, Baumler AJ (2011) How to become a top model: 

The impact of animal experimentation on human Salmonella disease research. 

Infect Immun 79: 1806-1814. 

27. Mathur R, Oh H, Zhang D, Park SG, Seo J, et al. (2012) A mouse model of 

Salmonella typhi infection. Cell 151: 590-602. 

28. Bellamy R (1999) The natural resistance-associated macrophage protein and 

susceptibility to intracellular pathogens. Microbes Infect 1: 23-27. 

29. Raghunathan A, Reed J, Shin S, Palsson B, Daefler S (2009) Constraint-based 

analysis of metabolic capacity of Salmonella typhimurium during host-pathogen 

interaction. BMC Syst Biol 3: 38. 

30. AbuOun M, Suthers PF, Jones GI, Carter BR, Saunders MP, et al. (2009) Genome 

scale reconstruction of a Salmonella metabolic model: comparison of similarity 

and differences with a commensal Escherichia coli strain. J Biol Chem 284: 

29480-29488. 

31. Thiele I, Hyduke DR, Steeb B, Fankam G, Allen DK, et al. (2011) A community 

effort towards a knowledge-base and mathematical model of the human pathogen 

Salmonella Typhimurium LT2. BMC Syst Biol 5: 8. 

32. Schwanhausser B, Busse D, Li N, Dittmar G, Schuchhardt J, et al. (2011) Global 

quantification of mammalian gene expression control. Nature 473: 337-342. 



42 

 

33. Kirkpatrick DS, Gerber SA, Gygi SP (2005) The absolute quantification strategy: a 

general procedure for the quantification of proteins and post-translational 

modifications. Methods 35: 265-273. 

34. Becker D, Selbach M, Rollenhagen C, Ballmaier M, Meyer TF, et al. (2006) Robust 

Salmonella metabolism limits possibilities for new antimicrobials. Nature 440: 

303-307. 

35. Nishikawa T, Gulbahce N, Motter AE (2008) Spontaneous reaction silencing in 

metabolic optimization. PLoS Comput Biol 4: e1000236. 

36. Lewis NE, Hixson KK, Conrad TM, Lerman JA, Charusanti P, et al. (2010) Omic 

data from evolved E. coli are consistent with computed optimal growth from 

genome-scale models. Mol Syst Biol 6: 390. 

37. Feese MD, Faber HR, Bystrom CE, Pettigrew DW, Remington SJ (1998) Glycerol 

kinase from Escherichia coli and an Ala65-->Thr mutant: the crystal structures 

reveal conformational changes with implications for allosteric regulation. 

Structure 6: 1407-1418. 

38. Almaas E, Kovacs B, Vicsek T, Oltvai ZN, Barabasi AL (2004) Global organization 

of metabolic fluxes in the bacterium Escherichia coli. Nature 427: 839-843. 

39. Yarmolinsky MB, Wiesmeyer H, Kalckar HM, Jordan E (1959) Hereditary defects in 

galactose metabolism in Escherichia coli mutants, Ii. Galactose-induced 

sensitivity. Proc Natl Acad Sci U S A 45: 1786-1791. 

40. Ferenci T, Kornberg HL (1973) The utilization of fructose by Escherichia coli. 

Properties of a mutant defective in fructose 1-phosphate kinase activity. Biochem 

J 132: 341-347. 

41. Lin EC (1976) Glycerol dissimilation and its regulation in bacteria. Annu Rev 

Microbiol 30: 535-578. 

42. Clark DP, Cronan JE (2005) Two Carbon Compounds and Fatty Acids as Carbon 

Sources. In: Curtiss RI, Kaper JB, Squires CL, Karp PD, Neidhardt FC et al., 

editors. EcoSal. Washington, DC.: ASM Press. 

43. Kroger C, Fuchs TM (2009) Characterization of the myo-inositol utilization island of 

Salmonella enterica serovar Typhimurium. J Bacteriol 191: 545-554. 

44. Garsin DA (2010) Ethanolamine utilization in bacterial pathogens: roles and 

regulation. Nat Rev Microbiol 8: 290-295. 

45. Benjamini Y, Drai D, Elmer G, Kafkafi N, Golani I (2001) Controlling the false 

discovery rate in behavior genetics research. Behav Brain Res 125: 279-284. 

46. Gutnick D, Calvo JM, Klopotowski T, Ames BN (1969) Compounds which serve as 

the sole source of carbon or nitrogen for Salmonella typhimurium LT-2. J 

Bacteriol 100: 215-219. 

47. Poncet S, Milohanic E, Maze A, Nait Abdallah J, Ake F, et al. (2009) Correlations 

between carbon metabolism and virulence in bacteria. Contrib Microbiol 16: 88-

102. 

48. Haraga A, Ohlson MB, Miller SI (2008) Salmonellae interplay with host cells. Nat 

Rev Microbiol 6: 53-66. 

49. Leung KY, Finlay BB (1991) Intracellular replication is essential for the virulence of 

Salmonella typhimurium. Proc Natl Acad Sci U S A 88: 11470-11474. 



43 

 

50. Buchmeier NA, Libby SJ (1997) Dynamics of growth and death within a Salmonella 

typhimurium population during infection of macrophages. Can J Microbiol 43: 

29-34. 

51. Drecktrah D, Knodler LA, Howe D, Steele-Mortimer O (2007) Salmonella trafficking 

is defined by continuous dynamic interactions with the endolysosomal system. 

Traffic 8: 212-225. 

52. Lober S, Jackel D, Kaiser N, Hensel M (2006) Regulation of Salmonella 

pathogenicity island 2 genes by independent environmental signals. Int J Med 

Microbiol 296: 435-447. 

53. Livesey G (2003) Health potential of polyols as sugar replacers, with emphasis on 

low glycaemic properties. Nutr Res Rev 16: 163-191. 

54. Otto NM, Schindler R, Lun A, Boenisch O, Frei U, et al. (2008) Hyperosmotic stress 

enhances cytokine production and decreases phagocytosis in vitro. Crit Care 12: 

R107. 

55. Orth JD, Thiele I, Palsson BO (2010) What is flux balance analysis? Nat Biotechnol 

28: 245-248. 

56. Feist AM, Herrgard MJ, Thiele I, Reed JL, Palsson BO (2008) Reconstruction of 

biochemical networks in microorganisms. Nat Rev Microbiol 31: 31. 

57. Bordbar A, Lewis NE, Schellenberger J, Palsson BO, Jamshidi N (2010) Insight into 

human alveolar macrophage and M. tuberculosis interactions via metabolic 

reconstructions. Mol Syst Biol 6: 422. 

58. Lerman JA, Hyduke DR, Latif H, Portnoy VA, Lewis NE, et al. (2012) In silico 

method for modelling metabolism and gene product expression at genome scale. 

Nat Commun 3: 929. 

59. Feist AM, Henry CS, Reed JL, Krummenacker M, Joyce AR, et al. (2007) A genome-

scale metabolic reconstruction for Escherichia coli K-12 MG1655 that accounts 

for 1260 ORFs and thermodynamic information. Mol Syst Biol 3: 121. 

60. Mahadevan R, Schilling CH (2003) The effects of alternate optimal solutions in 

constraint-based genome-scale metabolic models. Metab Eng 5: 264-276. 

61. Schuetz R, Zamboni N, Zampieri M, Heinemann M, Sauer U (2012) 

Multidimensional optimality of microbial metabolism. Science 336: 601-604. 

62. Caspi R, Altman T, Dale JM, Dreher K, Fulcher CA, et al. (2009) The MetaCyc 

database of metabolic pathways and enzymes and the BioCyc collection of 

pathway/genome databases. Nucleic Acids Res 38: D473-479. 

63. Casadevall A (2008) Evolution of intracellular pathogens. Annu Rev Microbiol 62: 

19-33. 

64. Virgilio R, Cordano AM (1981) Naturally occurring prototrophic strains of 

Salmonella typhi. Can J Microbiol 27: 1272-1275. 

65. Hoiseth SK, Stocker BA (1981) Aromatic-dependent Salmonella typhimurium are 

non-virulent and effective as live vaccines. Nature 291: 238-239. 

66. O'Callaghan D, Maskell D, Liew FY, Easmon CS, Dougan G (1988) Characterization 

of aromatic- and purine-dependent Salmonella typhimurium: attention, 

persistence, and ability to induce protective immunity in BALB/c mice. Infect 

Immun 56: 419-423. 



44 

 

67. Stritzker J, Janda J, Schoen C, Taupp M, Pilgrim S, et al. (2004) Growth, virulence, 

and immunogenicity of Listeria monocytogenes aro mutants. Infect Immun 72: 

5622-5629. 

68. Bumann D (2010) Pathogen proteomes during infection: a basis for infection research 

and novel control strategies. J Proteomics 73: 2267-2276. 

69. Hone D, Morona R, Attridge S, Hackett J (1987) Construction of defined galE 

mutants of Salmonella for use as vaccines. J Infect Dis 156: 167-174. 

70. Collins LV, Attridge S, Hackett J (1991) Mutations at rfc or pmi attenuate Salmonella 

typhimurium virulence for mice. Infect Immun 59: 1079-1085. 

71. Orth JD, Conrad TM, Na J, Lerman JA, Nam H, et al. (2011) A comprehensive 

genome-scale reconstruction of Escherichia coli metabolism-2011. Mol Syst Biol 

7: 535. 

72. Huberts DH, van der Klei IJ (2010) Moonlighting proteins: an intriguing mode of 

multitasking. Biochim Biophys Acta 1803: 520-525. 

73. Pramanik J, Keasling JD (1997) Stoichiometric model of Escherichia coli 

metabolism: incorporation of growth-rate dependent biomass composition and 

mechanistic energy requirements. Biotechnol Bioeng 56: 398-421. 

74. Schaechter M, Maaloe O, Kjeldgaard NO (1958) Dependency on medium and 

temperature of cell size and chemical composition during balanced grown of 

Salmonella typhimurium. J Gen Microbiol 19: 592-606. 

75. Baumler AJ, Kusters JG, Stojiljkovic I, Heffron F (1994) Salmonella typhimurium 

loci involved in survival within macrophages. Infect Immun 62: 1623-1630. 

76. Mendum TA, Newcombe J, Mannan AA, Kierzek AM, McFadden J (2011) 

Interrogation of global mutagenesis data with a genome scale model of Neisseria 

meningitidis to assess gene fitness in vitro and in sera. Genome Biol 12: R127. 

77. Bonde BK, Beste DJ, Laing E, Kierzek AM, McFadden J (2011) Differential 

producibility analysis (DPA) of transcriptomic data with metabolic networks: 

deconstructing the metabolic response of M. tuberculosis. PLoS Comput Biol 7: 

e1002060. 

78. Lobel L, Sigal N, Borovok I, Ruppin E, Herskovits AA (2012) Integrative genomic 

analysis identifies isoleucine and CodY as regulators of Listeria monocytogenes 

virulence. PLoS Genet 8: e1002887. 

79. Helaine S, Thompson JA, Watson KG, Liu M, Boyle C, et al. (2010) Dynamics of 

intracellular bacterial replication at the single cell level. Proc Natl Acad Sci U S A 

107: 3746-3751. 

80. Barat S, Willer Y, Rizos K, Claudi B, Maze A, et al. (2012) Immunity to intracellular 

Salmonella depends on surface-associated antigens. PLoS Pathog 8: e1002966. 

81. Knodler LA, Vallance BA, Celli J, Winfree S, Hansen B, et al. (2010) Dissemination 

of invasive Salmonella via bacterial-induced extrusion of mucosal epithelia. Proc 

Natl Acad Sci U S A 107: 17733-17738. 

82. Tischler AD, McKinney JD (2010) Contrasting persistence strategies in Salmonella 

and Mycobacterium. Curr Opin Microbiol 13: 93-99. 

83. Bordbar A, Mo ML, Nakayasu ES, Schrimpe-Rutledge AC, Kim YM, et al. (2012) 

Model-driven multi-omic data analysis elucidates metabolic immunomodulators 

of macrophage activation. Mol Syst Biol 8: 558. 



45 

 

84. Shi L, Chowdhury SM, Smallwood HS, Yoon H, Mottaz-Brewer HM, et al. (2009) 

Proteomic investigation of the time course responses of RAW 264.7 macrophages 

to infection with Salmonella enterica. Infect Immun 77: 3227-3233. 

85. Smallwood HS, Lopez-Ferrer D, Squier TC (2011) Aging enhances the production of 

reactive oxygen species and bactericidal activity in peritoneal macrophages by 

upregulating classical activation pathways. Biochemistry 50: 9911-9922. 

86. Hondalus MK, Bardarov S, Russell R, Chan J, Jacobs WR, Jr., et al. (2000) 

Attenuation of and protection induced by a leucine auxotroph of Mycobacterium 

tuberculosis. Infect Immun 68: 2888-2898. 

87. Smith DA, Parish T, Stoker NG, Bancroft GJ (2001) Characterization of auxotrophic 

mutants of Mycobacterium tuberculosis and their potential as vaccine candidates. 

Infect Immun 69: 1142-1150. 

88. Pavelka MS, Jr., Chen B, Kelley CL, Collins FM, Jacobs Jr WR, Jr. (2003) Vaccine 

efficacy of a lysine auxotroph of Mycobacterium tuberculosis. Infect Immun 71: 

4190-4192. 

89. Senaratne RH, Mougous JD, Reader JR, Williams SJ, Zhang T, et al. (2007) Vaccine 

efficacy of an attenuated but persistent Mycobacterium tuberculosis cysH mutant. 

J Med Microbiol 56: 454-458. 

90. Lozupone CA, Stombaugh JI, Gordon JI, Jansson JK, Knight R (2012) Diversity, 

stability and resilience of the human gut microbiota. Nature 489: 220-230. 

91. Arumugam M, Raes J, Pelletier E, Le Paslier D, Yamada T, et al. (2011) Enterotypes 

of the human gut microbiome. Nature 473: 174-180. 

92. Datsenko KA, Wanner BL (2000) One-step inactivation of chromosomal genes in 

Escherichia coli K-12 using PCR products. Proc Natl Acad Sci U S A 97: 6640-

6645. 

93. Thierauf A, Perez G, Maloy AS (2009) Generalized transduction. Methods Mol Biol 

501: 267-286. 

94. Rollenhagen C, Sorensen M, Rizos K, Hurvitz R, Bumann D (2004) Antigen 

selection based on expression levels during infection facilitates vaccine 

development for an intracellular pathogen. Proc Natl Acad Sci U S A 101: 8739-

8744. 

95. Schmidt A, Beck M, Malmstrom J, Lam H, Claassen M, et al. (2011) Absolute 

quantification of microbial proteomes at different states by directed mass 

spectrometry. Mol Syst Biol 7: 510. 

96. Keseler IM, Collado-Vides J, Santos-Zavaleta A, Peralta-Gil M, Gama-Castro S, et 

al. (2011) EcoCyc: a comprehensive database of Escherichia coli biology. 

Nucleic Acids Res 39: D583-590. 

97. Santiviago CA, Reynolds MM, Porwollik S, Choi SH, Long F, et al. (2009) Analysis 

of pools of targeted Salmonella deletion mutants identifies novel genes affecting 

fitness during competitive infection in mice. PLoS Pathog 5: e1000477. 

98. Schellenberger J, Que R, Fleming RM, Thiele I, Orth JD, et al. (2011) Quantitative 

prediction of cellular metabolism with constraint-based models: the COBRA 

Toolbox v2.0. Nat Protoc 6: 1290-1307. 

99. Chaudhuri RR, Peters SE, Pleasance SJ, Northen H, Willers C, et al. (2009) 

Comprehensive identification of Salmonella enterica serovar typhimurium genes 

required for infection of BALB/c mice. PLoS Pathog 5: e1000529. 



46 

 

Figure legends 

 

Figure 1. Nutrient utilization capabilities of Salmonella in infected mouse tissues. 

Colored names represent transporters and enzymes that were detected in Salmonella 

purified from mouse spleen (Table S1). The color shows enzyme abundance in copies per 

Salmonella cell. Grey proteins were not detected. Arrows represent metabolic reactions. 

Transport reactions are labeled with cylinders. Arrow colors show maximal catalytic 

capacities calculated from enzyme abundance and reported turnover numbers (Table S2). 

Grey arrows represent reactions, for which enzymes were not detected and/or turnover 

numbers were unavailable. Tsx is an outer membrane general nucleoside channel; NupC 

is a high affinity transporter for all nucleosides except guanosine and deoxyguanosine. 

An interactive map with detailed description of all detected metabolic capabilities is 

available at http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html. 

 

Figure 2. Mouse spleen colonization of Salmonella mutants with metabolic defects. 

The data represent competitive indices (CI) of mutants vs. wildtype Salmonella in spleen 

of individual mice at three (open symbols) or four days (filled symbols) post infection 

(Table S3). A log2(CI) value of 0 (equivalent to a CI of 1) represents full virulence. Down 

triangles represent mutants with utilization defects, up triangles represent auxotrophic 

mutants. Grey symbols represent data from a previous study [34] obtained in the same 

disease model. Red triangles represent data from an independently reconstructed glpFK 

gldA glpT ugpB mutant. The data provided evidence for access to a number of host 

nutrient which are shown in black (for detailed interpretation see Table S5). Nutrients 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html


47 

 

with apparently low availability are shown in grey. Statistical analysis was carried out 

with the Benjamini-Hochberg false discovery rate (FDR) approach for multiple 

comparisons [45] (***, FDR< 0.001; **, FDR< 0.01; *, FDR< 0.05). 

 

Figure 3. Nutrient limitation of intracellular Salmonella growth.  

A) Schematic representation of external supplementation of intracellular Salmonella (red) 

in infected macrophages (grey). B) Increasing external nutrient availability accelerates 

intracellular Salmonella growth, and this depends on specific Salmonella nutrient 

utilization capabilities (open symbols, 0.5 g l
-1

 glucose; filled black symbols, 1 g l
-1

 

glucose; filled grey symbols, 0.5 g l
-1

 glucose 0.5 g l
-1

 mannitol; circles, wildtype 

Salmonella; upward triangles, Salmonella ptsG manX galP mglB, deficient for high-

affinity glucose transport; downward triangles, Salmonella mtlAD, deficient for high-

affinity mannitol transport and degradation). Colony-forming units (CFU) at 10 h post 

infection for triplicate wells containing 300’000 RAW 264.7 cells are shown. C) Flux-

balance analysis of nutrient excess scenarios. The computational model was set to 

incorporate various amounts of excess nutrients (beyond what was needed for cell 

maintenance and growth). Model parameters were adjusted to yield predictions that were 

consistent with experimental mutant and wildtype colonization data. Simulation of up to 

18% nutrient excess was possible but required unrealistically high maintenance costs 

(shown in multiples of maintenance costs for axenic conditions). Simulated scenarios 

with nutrient excess beyond 18% were incompatible with experimental colonization data. 
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Figure 4. A quantitative genome-scale model of Salmonella nutrition, metabolism, 

and growth in infected mouse spleen.  

This schematic map shows available host nutrients, their respective uptake rates 

represented by color and font size, and their conversion to new Salmonella biomass 

through the Salmonella metabolic network (see text and Tables S6-S9 for detailed 

explanation and quantitative values). Symbols represent metabolites (squares, 

carbohydrates; pointing up triangles, amino acids; vertical ellipses, purines; horizontal 

ellipses, pyrimidines; pointing down triangles, cofactors; tees, tRNAs; circles, other 

metabolites; filled symbols, phosphorylated metabolites) and proteins (diamonds). The 

connecting lines present metabolic reactions. The brown lines represent the inner and 

outer membranes. An interactive map with detailed annotation of all reactions and the 

computational model in SBML format are available at 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html. The model is 

also available in the supporting information (Model S1).  

 

Figure 5. Large-scale experimental data are consistent with computational model 

predictions.  

A) Validation of mutant phenotype predictions. The colors show the predicted gene 

relevance for spleen colonization (red, essential; orange, contributing; blue, non-

detectable; see text for definitions). Comparison of model predictions with 738 

experimental Salmonella mutant phenotypes revealed 92% prediction accuracy (inner 

dark colors) but also 61 discrepancies (pale outer colors). Numbers (correct / total 

number of experimentally validated predictions) are also given. B) Potential reasons for 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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inaccurate phenotype predictions (redu, unrealistic redundancy; biom, incomplete 

biomass/maintenance issues; part, partially contributing functions; toxic, accumulation of 

toxic upstream metabolites; gap, missing enzyme; or exp, possibly inaccurate 

experimental data). For detailed descriptions see Table S10. C) Detection of enzymes 

with predicted differential relevance for optimal Salmonella in vivo growth. Enzyme 

relevance was classified by parsimonious enzyme usage flux-balance analysis (pFBA) 

(ess, essential enzymes; optima, enzymes predicted to be used for optimal in vivo growth; 

ELE, enzymatically less efficient enzymes that will increase flux if used; MLE, 

metabolically less efficient enzymes that will impair growth rate if used; zeroFlux, 

enzymes that can not be not used in vivo). Filled bars represent enzymes that were 

detected by Salmonella ex vivo proteomics, open bars represent enzymes that were not 

detected. Statistical significance of the relationship between enzyme classes and the 

proportion of detected proteins was determined using the Chi square trend test. D) 

Feasibility of predicted reaction rates. For each reaction, the range of flux rates 

compatible with full Salmonella growth was determined using Flux-Variability Analysis. 

The circles represent the most economical state with minimal total flux (see text). 

Predicted reaction rates are compared to corresponding catalytic capacities calculated 

form experimental enzyme abundance and turnover numbers (Table S2). The reddish area 

represents infeasible fluxes. Reactions with substantial infeasible fluxes in the most 

economic simulated state are labeled (1, formyltetrahydrofolate dehydrogenase; 2, 

phosphoserine aminotransferase; 3, glycerol dehydrogenase). E) Predicted flux ranges 

and corresponding catalytic capacities after constraining all reactions to feasible fluxes 

(except for the three aminoacyl tRNA ligations mentioned in the text). F) Relative flux 
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ranges of the initial unrestrained (straight line) and the enzyme capacity-restrained 

(dotted line) models. For each reaction, the flux range was divided by the respective flux 

value in the most economical state. Reactions that carried no flux in the most economical 

state were not considered. Statistical significance of the difference between both 

distributions was tested using the Mann-Whitney U test.  

 

Figure 6. A common nutritional pattern for mammalian pathogens.  

A) Presence of 254 nutrient utilization pathways in genomes of 153 mammalian 

pathogens (excluding all Salmonella serovars). Data were based on pathway annotations 

available in MetaCyc [62]. Degradation pathways for nutrients that support Salmonella in 

mouse spleen were highly overrepresented among pathogen genomes (P< 0.001; Mann-

Whitney U test) suggesting similar nutritional preferences (filled circles; 1, purine 

nucleosides; 2, pyrimidine nucleosides; 3, fatty acids; 4, glycerol; 5, arginine; 6, N-

Acetylglucosamine; 7, glucose; 8, gluconate). B) Depletion frequency of 118 

biosynthesis pathways in mammalian pathogens. The values represent differences in 

pathway frequency in sets of 153 pathogens and 316 environmental bacteria (see text for 

explanation). Biosynthesis pathways for biomass components that Salmonella could 

obtain from the host  were selectively depleted among pathogen genomes (P< 0.0001; 

Mann-Whitney U test) suggesting similar host supplementation patterns (filled circles; 1, 

tyrosine; 2, histidine; 3, arginine; 4, cysteine; 5, methionine; 6, tryptophan; 7, threonine; 

8, valine; 9 leucine; 10, isoleucine; 11, proline; 12, pyridoxal; 13, purine nucleosides; 14, 

pyrimidine nucleosides; 15, glutamine; 16, thiamin; 17, pantothenate). 
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Supporting Information 

 

Figure S1. 

Metabolic capabilities of Salmonella enterica serovar Typhimurium in infected mouse 

spleen. Symbols represent metabolites (squares, carbohydrates; triangles, amino acids; 

circles, other metabolites; filled symbols, phosphorylated metabolites) and proteins 

(diamonds). The connecting lines present metabolic reactions. The brown lines represent 

the inner and outer membranes. Feasible reaction rates were calculated from in vivo 

enzyme abundance data and previously reported turnover numbers. An interactive 

version of this map with detailed descriptions for all reactions is available at 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html. 

 

Figure S2. 

Salmonella mutant phenotypes in genetically resistant 129/Sv mice. Spleen colonization 

data are represented as competitive indices vs. wildtype Salmonella. A log2(CI) value of 

0 (equivalent to a CI value of 1) indicates identical colonization of mutant and wildtype. 

Significance of attenuation was tested with t-test (*, P< 0.05; **, P< 0.01). 

 

Figure S3. 

Determination of nutrient uptake rates which are consistent with corresponding mutant 

colonization phenotypes. Results for three mutants that were informative for access to 

proline, glycerol, and gluconate are shown.  

 

http://www.biozentrum.unibas.ch/personal/bumann/steeb_et_al/index.html
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Figure S4. 

Density plot of protein abundance for enzymes classified by parsimonious enzyme usage 

flux-balance analysis (pFBA) (ess, essential enzymes; optima, enzymes predicted to be 

used for optimal in vivo growth; ELE, enzymatically less efficient enzymes that will 

increase flux if used; MLE, metabolically less efficient enzymes that will impair growth 

rate if used; zeroFlux, enzymes that can not be not used in vivo). Abundance levels of 

undetected proteins were set to an arbitrary value of 10 copies per cell. Statistical 

significance of differences between essential enzymes and other classes was determined 

using the Mann-Whitney test. 

 

Figure S5. 

Simulated rates for active reactions for which we detected the catalyzing enzyme(s) or 

not. The lines represent the medians. Statistical significance was determined using the 

Mann-Whitney test. 

 

Figure S6. 

Presence of degradation pathways for various nutrients in pathogenic and non-pathogenic 

microbes. Nutrients that were shown to be utilized by Salmonella in infected mouse 

spleen are labeled with red crosses.  

 

Table S1. 

Enzyme abundance in Salmonella sorted from infected mouse spleen as determined by 

quantitative proteomics. 
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Table S2. 

Feasible metabolic reaction rates in Salmonella during infection based on enzyme 

quantities and previously reported turnover numbers. 

 

Table S3. 

Mouse spleen and liver colonization phenotypes of Salmonella mutants. 

 

Table S4. 

In vitro growth characteristics of Salmonella auxotrophic mutants in chemically defined 

minimal M9 medium with or without supplementation. 

  

Table S5. 

Evidence for Salmonella access to host nutrients based on mutant phenotypes. 

 

Table S6. 

Novel metabolites included in an updated genome-scale Salmonella metabolic network 

reconstruction.  

 

Table S7. 

Changed reactions in the Salmonella metabolic network reconstruction.  

 

Table S8. 
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Changed biomass components in the Salmonella metabolic network reconstruction.  

 

Table S9. 

Simulated nutrient uptake rates and maintenance costs. 

 

Table S10. 

Comparison of predicted and experimental mutant colonization phenotypes. 

 

Table S11. 

Lists of pathogenic and environmental organisms included in metabolic network 

comparisons.  

 

Table S12. 

Isotope labeled AQUA peptides for calibration of absolute enzyme quantities. 

 

Model S1. 

Genome-scale metabolic in silico model of Salmonella in infected mouse spleen in 

SBML (Systems Biology Markup Language) format. 

 

Script S1. 

MATLAB function for determination of nutrient uptake rates and maintenance costs from 

mutant colonization data. 

 



55 

 

Script S2. 

MATLAB function for determination of maintenance costs that are consistent with 

experimental data and nutrient excess scenarios. 
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